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Preface

This volume contains the papers presented at NLDB 2008, the 13th Interna-
tional Conference on Natural Language and Information Systems, held June
25-27, 2008. It also contains some of the best research proposals as submitted to
the NLDB 2008 doctoral symposium held on June 24, 2008. The programme also
includes three invited talks covering the main perspectives of the application of
natural language to information systems: the way humans process, communicate
and understand natural language, what are the implications and challenges to-
wards semantic search for the new Web generation, how natural language applies
to the well-established database way of querying as a means to unlock data and
information for end users.

We received 68 papers as regular papers for the main conference and 14
short papers for the doctoral symposium. Each paper for the main conference
was assigned four reviewers based on the preferences expressed by the Program
Committee members. We ensured that every paper had at least two reviewers
that expressed interest in reviewing it or indicated that they could review it. We
ensured that each paper got at least three reviews. As a result, only 10% of the
papers were reviewed by three reviewers.

The Conference Chair and the two Program Committee Co-chairs acted as
Meta-Reviewers. Each of them took roughly 1/3 of the papers (obviously respect-
ing conflicts of interest), for which s/he was responsible. This included studying
the reviews, launching discussions and asking for clarifications whenever neces-
sary, as well as studying the papers whenever a need for an informed additional
opinion arose or when the reviewers’ notes did not allow for a decision.

After the review deadline, each meta-reviewer went through the reviews of
their papers and made a preliminary assessment. To the extent possible, the
meta-reviewers tried to get the inconsistencies and discrepancies resolved. We
used a ranking list as resulted from the weighted average scores of all papers in a
scale from 1 (lowest possible) to 6 (highest possible) as computed by taking into
account the reviewer’s confidence as a weighting factor. The final acceptance
rate counting the number of full papers according to the NLDB tradition, at
least during the last three years, was 29.4%. The following decision rules were
used to make the final decisions:

— Full Papers: Papers with a weighted average score of 4.0 (weak accept) or
more were accepted as full papers. There were 17 such papers. One more
paper was subject to conditional acceptance. This gave us room for two
more papers to be accepted as full papers. We considered the papers with
a weighted average score of 3.8 or above but less than 4.0 to select the two
papers. Taking into account the reviewer feedback and the scores, we decided
to select two papers with the least number of negative (1.0, 2.0 or 3.0) scores.

— Short Papers: Papers with a weighted average score of 3.7 or above but less
than 4.0 were accepted as short papers.
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— Posters: Papers with a weighted average score of 3.0 (weak reject) or above
but less than 3.7 were accepted as posters.

— Doctoral Symposium Papers: The four-page long papers, which were invited
from the submissions to the doctoral symposium, received 4.0 (accept) as
weighted average score having both reviews as 4.0 or 5.0 in a scale of 1
(lowest possible) to 5 (highest possible)

All papers underwent proofreading, which also resulted in their classification
into the following five major thematic areas:

— Natural Language Processing and Understanding
Conceptual Modelling and Ontologies

— Information Retrieval

— Querying and Question Answering

Document Processing and Text Mining

— Software (Requirements) Engineering and Specification

In all these thematic areas, a series of challenges together with key ideas,
emerging concepts and interesting solutions were presented illustrating the state
of the art in applications of natural language as information and communication
means. In addition, a series of case studies ranging from criminal to biological and
traffic accident analysis demonstrated the wide variety of real-world problems
where application of natural language plays a key role.

Natural Language Processing and Understanding: The three full papers (pages
15-47) from this thematic area deal with elementary questions of meaningful
interpretation and knowledge representation for understanding and processing
natural language terms within a context. In particular, it is shown that word
division into morphemes is useful for automatic description of morphological
structures of languages without existing morphological models and/or morpho-
logical dictionaries.

This is important for modern information retrieval technologies, when we
are dealing with unknown languages or languages without complete description,
or, possibly, for some specific terminological areas, for example, medicine. A
global optimization technique (implemented as a genetic algorithm) to the task
of division of words into morphemes using the Spanish language as a case study is
presented, i.e., the main goal is investigating the application of the un-supervised
technique for determining morpheme structure of words.

The problem of Word Sense Disambiguation (WSD) is addressed for disam-
biguating abbreviations in Jewish Law Documents written in Hebrew, where the
excessive use of abbreviations is of paramount importance for understanding of
the Hebrew language as such. The same problem has been addressed within the
context of natural language parsing and text understanding, where a semantic
interpreter is suggested which acquires and anchors common sense knowledge
about ordinary concepts.

This goes beyond WordNet, which relates concepts only by is-a and part-
of links. The described acquisition methods link concepts by semantic relations
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expressing events, actions. etc. This also bears implications to populate WordNet
noun senses with the interpreted glosses creating a general common-sense knowl-
edge network, that could be used for all kinds of natural language understanding
tasks.

Conceptual Modelling and Ontologies: The three full and one short papers (pages
48-89) from this thematic area deal with the challenging relationship between
natural language terms and words as used in writing or cognition and the formal
conceptualizations as used for machine understanding.

In particular, the representation at a conceptual level of the meaning of spa-
tial propositions as an Interlingua for French and German topological prepo-
sitions is suggested by the first paper as the right way to deal with machine
translation of propositions in these grammatically and semantically rich natu-
ral languages. In this case, it is shown that Machine Translation can only take
place if the meaning of these propositions can be expressed in common neutral
concepts, which exemplify conceptual knowledge about object classes and re-
lations between objects. Since they become available, they are relevant for the
interpretation of the spatial expressions.

The relationship between terms and words anchored in a particular natu-
ral language and specifications of conceptualizations becomes more challenging
when ontologies need to be extracted from text as available in documents. To
this extent, a new concept of ontological profiles is introduced as a more power-
ful semantic representation of a domain than an ontology is on its own. It links
concepts with vectors of related terms from a domain vocabulary and their use
in collections of documents, together with weights showing the strength of these
relations in a particular context. This is crucial for semantic search, input of
weights and strength of relations is text mining and not as a linguistic ontology.

Furthermore, a considerable attempt to tackle the unresolved problem of
learning and extracting non-taxonomic relationships in a conceptual schema or
ontology is taken via a hybrid relationship learning approach that combines
a linguistic contextual analysis of concepts with co-occurrence patterns across
documents. Both techniques may be used separately to extract ontology relation-
ships, and they tend to select slightly different types of relationships, which, if
used in combination, end up with relationship candidates that are significantly
better than what each of the techniques can offer in isolation. This has been
implemented as part of the General Architecture for Text Engineering (GATE).

Finally, the problem of extracting semantic annotation schemes by generating
linguistic indicators from documents (crucial for the success of the Semantic
Web) is addressed by the short paper.

Information Retrieval: The impact of this interplay between natural language
and specifications of conceptualizations is illustrated by Information Retrieval
techniques as addressed by the following three full and two short papers (pages
90-137). They all target at more effective and semantically relevant retrieval of
documents and information in general.
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In particular, an improvement of search mechanisms is suggested by the first
two papers as based on more topic-oriented and -focused crawling and classifica-
tion of results, in an attempt to reduce the vast amount of hits usually returned
by search engines. Another approach based on query-reformulation and expan-
sion is addressed by the next one full and one short paper, where either the
query term independence as a dominating assumption for query terms sugges-
tions in modern information retrieval is abandoned, or suggestions are made
in conjunction with retrieved concepts from the retrieved documents. The last
short paper illustrates the relevance of natural language with the task of re-
trieving geographic information and, particularly, spatial terms as a subtask of
information retrieval.

Querying and Question Answering: The following four full and one short papers
(pages 138-191) put more the emphasis on implications of natural language on
querying databases and question answering. Given the two different approaches
between data retrieval (DR) as practised by RDBMs and information retrieval
(IR), with both suffering from drawbacks as posed by flexibility versus inflexi-
bility in query answering, these papers aspire to contribute to this merging.

In particular, the first full paper addresses a more informative way of provid-
ing answers to queries by taking into consideration not only extensional seman-
tics of retrieved entities but also intentional ones as derived by a background
knowledge base. This may increase, in particular cases, the information content
returned to the user.

The next full paper illustrates an attempt to combine the DR and IR systems
by using predefined word similarities to determine the correlation between a
keyword query (commonly used in IR) and data records stored in the inner
framework of a standard RDBMS. This could be a significant enhancement of
query processing in RDBMSs.

The following full paper presents three new techniques, which combine as-
pects of information extraction with data integration in order to better exploit
the data in applications such as crime informatics, bio-informatics, road traffic
accidents, where free text is a necessary means of representing information. Nev-
ertheless, it is believed that 80% of information stored by companies is available
as unstructured text. Therefore, since the explosion of predominantly textual in-
formation made available on the Web has led to the vision of a machine-tractable
Semantic Web, a database like functionality replacing today’s book-like Web is
emerging.

The last one full and one short paper discuss key challenges and present inter-
esting approaches for Natural Language Interfaces for Databases (NLIDBs). De-
spite the fact that such interfaces have been envisioned for the last two decades,
none of those became really operational in any of the commercially available
database management systems.

Document Processing and Text Mining: A significant challenge is also posed by
natural language as a means of information and knowledge management (pages
192-251). The four full and two short papers within this thematic area illustrate
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this challenge when text segmentation, summarization and mining techniques
are addressed and applied in order to also meet a series of real-world problems.

In particular, the first one full and two short papers discuss extraction tech-
niques of events, news and interesting topics, in general. These techniques range
from light-weight (full paper addressing global crisis monitoring) to more natural
language processing oriented ones: (a) one short paper addressing descriptions of
affairs or accidents in documents, e.g., murders in Tokyo and Kyoto, as based on
sequences of words rather than frequencies classification techniques, (b) one short
paper addressing the problem of segmenting the television news in self-contained
fragments in order to identify the points in which there is a significant change
in the topic of discussion. The latter is particularly useful as a cable-based tele-
vision model, where there is, apparently, an emerging requirement for random
access capabilities according to the RAI Centre for Research and Technological
Innovation.

The following two full papers deal with the problem of reducing the amount
of text or documents available by applying either text summarization or abstract
extraction techniques, or by applying un-supervised (non-parametric) methods,
which can be defined as the process of grouping similar documents without
requiring a priori either the number of document categories or a careful initial-
ization of the process from a human user. The latter is particularly useful for
clustering of large amounts of documents, where ensemble clustering methods
are being introduced as a potential solution.

The last full paper studies the answer to the question to which extent a
language modelling approach could offer solutions to contribute to the problem
of pattern recognition and extraction such as extracting the characteristics of
offenders from the crime or offence style and profile and, therefore, circumscribe
the potential, and still unknown, offenders of a crime scene.

Software (Requirements) Engineering and Specification: The last thematic area
(pages 252-299), with three full and two short papers, addresses the need to
design user-friendly interfaces and as correct and re-usable as possible informa-
tion systems, where natural language processing techniques are brought to the
desktop as a common application.

In particular, an essential hope is offered by the first full paper to make the
development of human—computer interaction components easier and less error-
prone by using descriptions of the components, functionality, and behavior of
these interfaces that capture the semantics of the communication involved. An
important impact of such a specification technique lies in avoiding the need for
technical expertise.

The need to communicate the specification of information systems require-
ments with non-technical people is also illustrated by the following paper. It dis-
cusses automated assistance for the detection and elicitation of non-functional
requirements (NFR) in natural language text at a very early stage of software
requirements specification (SRS). It has the potential to bring about signifi-
cant industrial savings in cost and aggravation, as well as to prevent very costly
misinterpretation. This has been a response to empirical reports consistently
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indicating that neglecting NFRs in the requirements elicitation and analysis
phase leads to project failures, or at least to considerable delays, and, conse-
quently, an escalation in the cost of software development.

In a similar context, the following paper presents a system addressing the
problem of extracting semantic business vocabulary and rules (SBVR) and their
formal expression in Semantic Web Rule Language (SWRL) from free text de-
scriptions of financial products or services, with an application in the banking
industry. It is especially useful in environments where specifications are changing
everyday as a reaction to market evolutions (financial, insurance industry).

The following short paper takes a similar approach by introducing an au-
tomatic translation from UML-based conceptual schemas to SBVR, where the
initial UML schemas are complemented with textual expressions in OCL (Object
Constraint Language). The obtained SBVR representation can be presented to
the customers as a list of self-explaining natural language expressions using the
predefined alternative notations to express SBVR concepts by means of English
statements, either in the SBVR Structured English style or using the RuleSpeak
approach as included in the SBVR standard.

The last short paper in this thematic area discusses an open service-oriented
architecture (SOA) based on established standards and software engineering prac-
tices, such as W3C Web services with WSDL descriptions, SOAP client/server
connections, and OWL ontologies for service meta-data, which together facilitate
an easy, flexible, and extensible integration of any kind of language service into
any desktop client. It illustrates an important approach to bringing NLP to desk-
top client applications such as e-mail clients and word processors. In contrast with
the GATE, UIMA approaches, it provides a service-oriented architecture to broker
any kind of language analysis service in a network-transparent way.

Last but not least, this volume also contains the invited research proposals
as solicited from the doctoral symposium as well as the papers accepted for and
presented at the poster session. They all fall into one or more of the thematic
areas as stated above and give interesting perspectives to emerging research
projects, work in progress, framework architectures and interesting case studies
and applications. Some characteristic examples are:

— A DARPA-funded project that applies rules to extract features from natural
language text and tries to identify tasks within e-mails. Particularly useful
for busy e-mail users.

— Detection of protein—protein interaction at a sentence level, which is con-
sidered as a crucial factor that could contribute to improving coverage of
interaction relation detection in biosciences.

— A feature-driven opinion summarization method for customer reviews on
the Web based on identifying general features (characteristics) describing
any product, product specification features and feature attributes (adjectives
grading the characteristics).

— A semantic and syntactic distance-based method in topic text segmentation,
where topic variations from French political discourses are used as a case
study.
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— A framework combining information retrieval with machine learning and
(pre-)processing for named entity recognition in order to extract events from
a large document collection. As a case study, the public collection of minutes
of plenary sessions of the German parliament and of petitions to the German
parliament is being used.

— Methodology and approach to deal with natural language interfaces (NLI)
to databases where the named entity recognition and disambiguation is pri-
marily the problem and focus (test bed: a huge database with movies in
Portuguese).

— A method to automatically generate a conceptual model from the system’s
textual descriptions of the use case scenarios in the Spanish language. Tech-
niques of natural language processing (NLP) and conceptual graphs are used
as the basis of the method. Especially useful when large systems are developed.

— Definition and implementation of a model for knowledge representation us-
ing a conceptualization as much as possible close to the way in which the
concepts are organized and expressed in human language. It is being used
in order to improve the knowledge representation accuracy for document
analysis.

— An ontology-based focused crawler for restricting potential search results on
the Web.

— Tackling the problem of data integration by applying word sense disambigua-
tion techniques.

— Mapping natural language into SQL.

The conference organizers are indebted to the reviewers for their engagement
in a vigorous submission evaluation process. We would also like to thank cor-
dially the members of the conference and the doctoral symposium Organizing
Committees for their work and involvement in making NLDB 2008 a successful
conference. Our special thanks are also given to the Pro—Vice Chancellor of the
University of Westminster, Myszka Guzkowska, who kindly supported this event
by hosting NLDB 2008.

June 2008 Epaminondas Kapetanios
Vijayan Sugumaran
Myra Spiliopoulous
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Sentence and Text Comprehension: Evidence
from Human Language Processing

Edward Gibson

Department of Brain and Cognitive Sciences
Massachusetts Institute of Technology (MIT), USA

1 Introduction

In this presentation, I will survey research that is aimed at discovering how
people process sentences and texts in natural language. In particular, I will
survey evidence for the existence of several kinds of information constraints
in language processing, including lexical, syntactic, world-knowledge, discourse
coherence, referential and intonational information.

I will also discuss evidence relevant to the architecture of the language pro-
cessing system that combines these information sources in real-time language
processing, as constrained by the available working memory. I will focus on re-
cent work in discourse coherence, which aims to discover the structure underlying
texts, similar to the syntactic structure underlying sentences.

The methods that we use include (a) reading methods (self-paced reading and
eye-tracking) in which reading time is the dependent measure (b) event-related
potentials, in which voltage changes are measured on the scalp corresponding,
corresponding to cognitive events such as language processing; (c) the visual do-
main method, in which eye-gaze is tracked to objects in the visual context while
auditory language is processed; (d) corpus analyses; and (e) sentence production.
These methods apply cross-linguistically.
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Abstract. Semantic search seems to be an elusive and fuzzy target to
many researchers. One of the reasons is that the task lies in between
several areas of specialization. In this extended abstract we review some
of the ideas we have been investigating while approaching this problem.
First, we present how we understand semantic search, the Web and the
current challenges. Second, how to use shallow semantics to improve Web
search. Third, how the usage of search engines can capture the implicit
semantics encoded in the queries and actions of people. To conclude, we
discuss how these ideas can create virtuous feedback circuit for machine
learning and, ultimately, better search.

1 Introduction

From the early days of Information Retrieval (IR), researchers have tried to take
into account the richness of natural language when interpreting search queries.
Early work on natural language processing (NLP) concentrated on tokenisation
and normalisation of terms (detection of phrases, stemming, lemmatisation, etc)
and was quite successful [TI]. Sense disambiguation (needed to differentiate be-
tween the different meanings of the same token) and synonym expansion (needed
to take into account the different tokens that express the same meaning) seemed
the obvious next frontier to be tackled by researchers in IR. There were a number
of tools available that made the task seem easy. These tools came in many forms,
from statistical methods to analyse distributional patterns, to expert ontologies
such as WordNet. However, despite furious interest in this topic, few advances
were made for many years, and slowly the IR field moved away: concepts like
synonymy were no longer discussed and topics such as term disambiguation for
search were mostly abandoned [5]. In lack of solid failure analysis data we can
only hypothesize why this happened and we try to do so later.

Semantic search is difficult because language, its structure and its relation to
the world and human activities, is complex and only partially understood. Em-
bedding a semantic model, the implementation of some more or less principled
model of both linguistic content and background knowledge, in massive appli-
cations is further complicated by the dynamic nature of the process, involving
millions of people and transactions. Deep approaches to model meaning have
failed repeatedly, and clearly the scale of the Web does not make things easier.
In [6] we argue that semantic search has not occurred for three main reasons.
First, this integration is an extremely hard scientific problem. Second, the Web
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imposes hard scalability and performance restrictions. Third, there is a cultural
divide between the Semantic Web (SW) and IR disciplines. Our research aims
at addressing these three issues.

Arguably, part of the reason the Web and search technologies have been so
successful is because the underlying language model is extremely simple, and
people expected relatively little from it. Although search engines are impressive
pieces of engineering they address a basic task: given a query return a ranked list
of documents from an existing collection. In retrospect, the challenges that search
engines have overcome, mostly have to do with scalability and speed of service,
while the ranking model which has supported the explosion of search technology
in the past decade is quite straightforward and has not produced major break-
throughs since the formulation of the classic retrieval models [4] and the discovery
of features based on links and usage. Interestingly, however, the Web has cre-
ated an ecosystem where both content and queries have adapted. For example,
people have generated structured encyclopedic knowledge (e.g., Wikipedia) and
sites dedicated to multimedia content (e.g., Flickr and YouTube). At the same
time users started developing novel strategies for accessing this information; such
as appropriate query formulation techniques (“mammals Wikipedia” instead of
just “mammals”), or invented “tags” and annotated multimedia content other-
wise almost inaccessible (videos, pictures, etc.) in the classic retrieval framework
because of the sparsity of the associated textual information.

Clearly the current state of affairs is not optimal. One of our lines of research,
semantic search, addresses these problems. To present our vision and our early
findings, we first detail the complexity of semantic search and its current context.
Second, we survey some of our initial results on this problem. Finally, we mention
how we can use Web mining to create a virtuous feedback circle to help our quest.

2 Problem Complexity and Its Context

Search engines are hindered by their limited understanding of user queries and
the content of the Web, and therefore limited in their ways of matching the
two. While search engines do a generally good job on large classes of queries
(e.g. navigational queries), there are a number of important query types that
are undeserved by keyword-based approach. Ambiguous queries are the most
often cited examples. In face of ambiguity, search engines manage to mask their
confusion, by (1) explicitly providing diversity (in other words, letting the user
choose) and (2) relying on some notion of popularity (e.g. PageRank), hoping
that the user is interested in the most common interpretation of the query. As
an example of where this fails, consider searching for George Bush, the beer
brewer. The capabilities of computational advertising, which is largely also an
information retrieval problem (i.e. the retrieval of the matching advertisements
from a fixed inventory), are clearly impacted due to the relative sparsity of the
search space. Without understanding the object of the query, search engines are
also unable to perform queries on descriptions of objects, where no key exists. A
typical, and important example of this category is product search. For example,
search engines are unable to look for “music players with at least 4GB of RAM”
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without understanding what a music player is, what its characteristics are, etc.
Current search technology is also unable to satisfy any complex queries requiring
information integration such as analysis, prediction, scheduling, etc. An example
of such integration-based tasks is opinion mining regarding products or services.
While there have been some successes in opinion mining with pure sentiment
analysis, it is often the case that one would like to know what specific aspects
of a product or service are being described in positive or negative terms. How-
ever, information integration is not possible without structured representations
of content, a point which is central in research on the Semantic Web, which has
focused on ways of overcoming current limitations of Web technology.

The Semantic Web is about exposing structured information on the Web in a
way that its semantics is grounded in ontologies, that is, agreed-upon vocabular-
ies. Contrary to its popular image, the SW effort is agnostic to where the data
will come from, and in fact large amounts of structured data have been put on-
line by porting databases to the Semantic Web (like DBpedia, US Census data,
Eurostat data, biomedical databases, etc.), known as the Linking Open Data
movement]. This is an appealing vision in the sense that it brings the Deep Web
within reach of search engines, which they could not touch up until now. Bringing
the content of databases to the Web, however, is just one part of the Semantic
Web vision: while many websites on the Web are automatically generated from
relational databases, much of the content that matters to users (because it has
been written by other users...) is still in the form of text. (Consider for example
social media in blogging, wikis and other forms of user-generated content.) The
vision of what we may call the Annotated Web is to encode the semantics of
textual content using the same technology that is used to make the content of
databases interoperable. Again, the vision of the Annotated Web is agnostic as to
where the annotations would come from, that is, whether they are produced by a
human or a machine. Off-the-shelf NLP technologies have been successfully ap-
plied in the Semantic Web community. Further, with the success of microformats,
and the recent standardization of RDFa by the W3C, efforts toward manual an-
notation seem to be slowly breaking the chicken-and-egg problem that tainted
the overall Semantic Web effort (that is, whether the community should aim to
develop interesting applications that would compel users to annotate their web
pages or focus on creating data that will attract interesting applications). Today,
metadata embedded in HTML pages using microformats or RDFa seems easy
enough for users to author and compelling applications are starting to emerge.
One example is Yahoo’s SearchMonkey, where embedded metadata is used to
enrich the search result presentation. As mentioned above, the challenge lies in
the integration of the existing results in NLP with the data riches and infer-
ential power of the Semantic Web. There are important benefits to be gained
on both sides. For the field of NLP, the success of the Annotated Web promises
large-scale training data sets by observing how users apply annotations in a wide
range of situations and in broad domains. In turn, the Semantic Web will benefit
from ever improving support for automated or semi-automated annotation.

! Linking Data: http://en.wikipedia.org/wiki/Linked_Data
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However, embellishing the search interface with metadata should only be the
first step. In order to move toward the situation where the machine has a satisfac-
tory understanding of the users’ need in terms of the Web’s content (see [8]), the
interface of the search engine will likely to incur more radical transformations.
In terms of input, the users will likely spend more time building Web queries in
order to better convey their intent in terms of the Web’s content, which will be
processed at a semantic level (by relying on both automated methods to extract
metadata and exploiting human made metadata where available). They will be
guided in the process by constant interpretation of their query and feedback
regarding the understanding of their intent. In return, the search presentation
will adapt not only to the user’s immediate retrieval need, but also to the task
context, helping users to perform complex tasks with machine support at every
step of the process. In that sense, we believe in personalizing the task at hand
and not the user. This has two additional advantages: first, there is more data
per task than per user, being then able to personalize more searches; and second,
we move away of privacy issues as we do not need to know the user.

3 Tackling the Problem

Using NLP-based semantics to improve search is an old dream. Why do we
think we can advance the state of the art in this area? Why now? We believe
that although there has been extensive work in this problem, it has not been
studied at the depth and scale that is required to achieve real improvement. In
addition, important changes that occurred in the last ten years, makes this study
today completely different. Why at Yahoo!? Partly because we have created a
multidisciplinary team spanning from IR to NLP, machine learning (ML) and
the semantic Web (SW).
In our view, we think three components are crucial for this:

1. Machine learning: we need more complex models. Often, researchers have
tried to improve traditional search models with one or two NLP-derived
features in simple combination schemes. We hope that by using much more
complex models, including many types of NLP and semantic features, we can
learn the appropriate features in each context. Machine learning techniques
are now off-the-shelf, but were not in the past.

2. Data: we need to study cases where large amounts of annotated or semi-
annotated data are available; otherwise we cannot use machine learning
techniques effectively. In the past this volume of data was not available,
with the Web 2.0, it exists now.

3. Tasks: we need to design the right tasks. Too easy and NLP is only a burden;
too hard and the necessary inferences are beyond current NLP techniques.
Finding the right difficulty is crucial to evaluate our improvement, and this
element is the only one that has not really changed.
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In Barcelona we have driven our research from the three points above. This
means that setting up the problem is as hard as developing solutions for it. In
fact we have tried and failed several times before finding a small number of tasks
on which to concentrate our research. Today, some of these are complex question
answering, algorithmic advertising and entity retrieval. In each of these areas we
have tried to make use of a large number of techniques from NLP, IR and ML
to find potentially interesting interactions.

Crucially, the realization that in the Web content changes and users adapt,
highlights the importance of learning, which brings new conceptual elements to
this scenario. In the last few years machine learning, together with an increased
focus for on empirical experimentation typical of hard science, has re-shaped the
landscape of several disciplines including information retrieval and natural lan-
guage processing. As far as the former is concerned, learning has revolutionized
the way ranking models are built. Within a learning framework ranking func-
tions can be built including hundreds of complex features, rather than around
hand-tuned functions based on small sets of features such as TF-IDF or PageR-
ank. Notice that empirical optimization of ranking models can make a crucial
difference in sensitive aspects of search technology such as Web advertising, par-
ticularly with respect to learning frameworks that can make immediate use of
users-feedback in the form of clicks [I0]). This kind of approach has the potential
to impact semantic technologies directly because of the massive feedback loop
involved.

Our initial efforts to improve search are based on shallow semantics. Ciaramita
and Attardi [9] have shown that it is advantageous to combine syntactic parsing
and semantic tagging in state-of-the-art frameworks. In fact, as a sub-product of
this research, we have shared a semantically tagged version of the Wikipedia [3].
The next step is to rank information units of varying complexity and structure;
e.g., entities [I7] or answers [I5], based on semantic annotations.

An example of this is our research in complex (“how”) questions [I5]. Stan-
dard Q&A concentrates on factoid questions (e.g. “when was Picasso born”)
where we can hope to create query templates and retrieve the exact answer. One
would hope that the type of NLP technology that can effectively answers factoid
questions could be used to improve answering broader questions, and ultimately
improve search systems, but this has not been the case until now. In order to
study this problem, we concentrated on “how” questions (e.g. “how does a heli-
copter fly?”) because they are close to being broad questions, while at the same
time they form a linguistically coherent set. By using the Yahoo! Answers social
Q&A service, we were able to collect hundreds of thousands of question and an-
swer pairs. This effectively gave us an annotated collection of questions on which
to study many NLP features using ML techniques. In particular, we could use si-
multaneously unsupervised (parametrised similarity functions), class-conditional
learning (translation models) and discriminant models (Perceptrons) on a wide
range of features: from bag of words and part-of speech tags to WordNet senses,
named entities, dependency parsing and semantic-role labelling [15].
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The quality of user-generated content varies drastically from excellent to abuse
and spam. As the availability of such content increases, the task of identifying
high-quality content in social media sites becomes increasingly important. In [1]
methods for exploiting such community feedback to automatically identify high
quality content are investigated. In particular they focus on Yahoo! Answers,
a large community question/answering portal that is particularly rich in the
amount and types of content and social interactions available in it. They show
that it is possible to separate high-quality items from the rest with an accuracy
close to that of humans. In the case of the Flickr folksonomy, Sigurbjornsson
and van Zwol [I4] have shown how to use collective knowledge to enhance image
tags, they also prove that almost 80% of the tags can be semantically classified
by using WordNet and Wikipedia [I3]. This effectively improves image search.

As shown by the examples above, machine learning in prediction, ranking
and recommendation, has provided a framework for deploying new semantic
representations based directly on users feedback. Proposed components can be
evaluated and, if useful, added to the ranking model, although only temporarily,
until something better emerges, in a natural selective loop. Several aspects of this
framework need to be further investigated and better understood. One above all:
the role of people and how this technology impacts their lives and satisfies their
needs. Search technology and the Web have opened new channels of commu-
nication between people and between people and machines. The integration of
massive people feedback and learning could lead to evolving ”semantic models”,
which, hopefully, would not only improve applications but our understanding of
communication and intelligence as well.

4 Capturing Implicit Semantics

We can distinguish two different types of semantic sources in the Web: explicit
and implicit. In the previous section we have mentioned how we have used ex-
plicit sources of semantic information that are well categorized (e.g. Wikipedia)
or that use folksonomies (e.g. Flickr). Implicit sources of semantic are raw Web
content, and structure, as well as human interaction in the Web (what is called
nowadays the Wisdom of Crowds [16]).

The main usage source are queries and the actions following their formulation.
In [7] we present a first step to infer semantic relations from query logs by defining
equivalent, more specific, and related queries, which may represent an implicit
folksonomy. To evaluate the quality of the results we used the Open Directory
Project, showing that equivalence or specificity had precision of over 70% and
60%, respectively. For the cases that were not found in the ODP, a manually
verified sample showed that the real precision was close to 100%. What happened
was that the ODP was not specific enough to contain those relations. So one
main challenge is how to prove the quality of semantic resources if what we can
generate is larger than any other available semantic resource and every day the
problem gets worse as we have more data. This shows the real power of the
wisdom of crowds, as queries involve almost all Internet users.
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With respect to content, the amount of implicit semantic information available
is only bounded by our ability to understand natural language and its relation to
knowledge. Currently, search technology is moving slowly from tokens to words
and to entities of different types (person names, companies, products, locations,
date...). Such simple information already poses a challenge, as we have seen in
the previous sections. This is only the beginning, and we hope that many of
the richer semantic structures studied by NLP can be brought to help search.
For example, we foresee applications in sentiment analysis, subjectivity analysis,
genre classification, etc., to have an impact in search. Another implicit source of
semantic information with potential impact in search is that of linguistic time
expressions [2].

5 Conclusions

As we have seen, taxonomies as well as explicit and implicit folksonomies can be
used to do supervised machine learning without the need of manual intervention
(or at least by drastically reducing it) to improve automatic semantic annotation.
In particular, SearchMonkeyE is a strong initiative by Yahoo! to help this process
by allowing people to mash up based on result metadata. Microsearch [12] is an
early example of this: you can see the metadata in the search and therefore you
are encouraged to add to it B

By being able to generate semantic meta-information automatically, even with
noise, and coupling it with the open semantic resources as we have described,
we plan to create a virtuous feedback circuit. In fact, one might take all the
examples already given as one stage of the circuit. Afterwards, one could feedback
the results on itself, and repeat the process. Using the right conditions, every
iteration should improve the output, or at least keep it adaptively up-to-date
with respect to the users needs, generating a virtuous cycle, and ultimately,
better semantic search, our final goal.
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Abstract. There has been much work in the past that combines the
fields of Databases and Natural Language Processing. Almost all efforts,
however, have gone in one direction: given unstructured, natural-
language elements (requests, text excerpts, etc.), one creates structured,
database elements (queries, records, etc.). The other direction has been
mostly ignored, although it is very rich in application opportunities as
well as in research problems. This short paper outlines several aspects
of this other direction, identifying some relevant technical challenges as
well as corresponding real applications.

Keywords: Databases, natural language processing, text synthesis.

1 Introduction

Any information systems environment, including one that involves database sys-
tems, may be abstracted as having three layers: its users, its functionality (re-
alized through some form of a management system), and its content. Natural
language may play some important role in the system functionality that is re-
lated to the two end layers: in the front-end, user interactions may be expressible
in natural language; in the back-end, the original database content itself may
actually be in natural language. Clearly, natural language is only one alternative
available for each layer: in the front-end, user interactions may be (and usually
are) performed using query languages, graphical or form-based user interfaces,
and other dialog modes; likewise, in the back-end, content is usually structured
or semi-structured, and is stored as relational or object-relational tables, XML
or RDF documents, or some other form of objects.

In the past, there has been much research work on the interplay between
natural languages and the other alternatives in each case above. Most of this work
is on transforming natural language queries into some formal, structured query
language, such as SQL. From very early on, researchers became excited about

* Partially supported by the European Commission under contract FP7-ICT-215874
“PAPYRUS: Cultural and Historical Digital Libraries Dynamically Mined from
News Archives”.
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this problem, and this has continued until today; there are numerous papers
that address various aspects of the problem and several systems that have been
developed to perform exactly such translations. Other user interactions, beyond
queries (e.g., updates or constraints), have also been investigated in the past in
the same way, although much more rarely.

More recently, there has been some significant activity on the content side
as well. In particular, information extraction from natural-language text has
been identified as an important area, and several efforts have been devoted into
obtaining partial understanding of free text and generating database records,
ontology relationships, or other (semi-)structured information that can be stored
and manipulated by a database.

As one may easily observe from the above, most efforts of the past that com-
bine the fields of databases and natural language processing have gone in one
direction: given unstructured, natural-language items (requests, stored text doc-
uments, etc.), one creates structured, database items (SQL queries, relational
records, etc.). The other direction has been mostly ignored, although it is very
rich in application opportunities as well as in research problems. The two sections
below motivate why the other direction is interesting as well. They describe some
real applications, identify some relevant research problems, and outline some
possible solutions. The first section deals with user interactions in the front-end,
while the second section deals with the database contents, whether primary data
inserted by users or metadata of various forms.

2 User Interaction Elements

Consider a schema with two tables:
EMP (eid,sal,age,did) and DEPT(did,dname,mgr),

where primary keys are underlined and foreign keys are in italics. Consider some-
one posing the following SQL query:

select el.name from EMP el, EMP e2, DPT d
where el.did = d.did and d.mgr = e2.eid and el.sal > e2.sal

There are several reasons why having the system provide a natural language
interpretation of the query may be useful. Before the query is sent for execution,
it may be nice for the user to see it expressed in a way that is most familiar,
as verification that the query captures correctly the intended meaning. Seeing
something like “Find the names of employees who make more than their man-
agers” for the above query will be very helpful in making sure that this was
indeed the user’s original intention. The more complicated the query, the more
important such feedback is.

In general, any situation where explanation of queries is warranted, such
natural-language interpretation may be very useful and effective. For example,
when a query returns an empty answer, it is nice to know the parts of the query
that are responsible for the failure. Similarly, when a query is expected to return
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a very large number of answers, it is useful to know the reasons, in case a rewrite
would reduce the number significantly and would serve the user better.

Clearly, the same can be said about all other commands a user may give
to a database system. Insertions, deletions, and updates, especially those with
complicated qualifications or nested constructs, will benefit from a translation
into natural language. Likewise for view definitions and integrity constraints,
which borrow most of their syntax from queries. Also, although the example
above was in SQL, similar arguments can be made about Relational Algebra
queries, RDF queries in SPARQL or RQL, even Datalog programs, and others.
One can claim that novice users may benefit by natural-language specification
of even queries posed by filling out a form. Especially for large forms, where a
user is likely to not know the underlying semantic connections among the fields
presented in the form, a textual explanation may come in handy.

Needless to say, offering the functionality described above is not trivial for
complicated queries and other commands. Part of the complexity lies with the
fact that there are several alternative expressions of a query in a formal language
that are equivalent, based on associativity, commutativity, and other algebraic
properties of the query constructs. Capturing the query elements in the right
order so that the corresponding textual expression is natural and meaningful
independent of the way the user has expressed the query is not straightforward.
Similarly, expressing queries with complex embeddings or aggregations is hard.
For example, for the same schema above, consider the following two queries:

select dname from EMP e, DEPT d where e.did=d.did groupby did
having count(distinct sal)=1 and count(distinct age)=1

select e.name from EMP e where e.sal < all
(select sal from EMP where did = e.did)

For a system to recognize that a good way to express the meaning of these, rela-
tively simple queries is with phrases like “Find the names of departments whose
employees all have the same salary and the same age” and “Find the names of
employees with the lowest salary in their department” is nontrivial. Identifying
the correct use of pronouns is one source of difficulties. Another one is related
to whether or not the natural-language expression will be declarative (as in the
above two examples) or procedural, i.e., whether it will just specify what the
query answer should satisfy or also the actions that need to be performed for
the answer to be generated. The former is always desirable, but for complicated
queries, the latter may be the only reasonable approach. Identifying the com-
plexity point where this becomes the case, however, is far from understood, and
work must be done on this.

3 Database Contents

Similar issues arise in the back-end, when database contents are considered for
translation into natural language. For example, consider a database that follows
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the small schema presented earlier and suppose that one wants to have a textual
description of its contents. If the database is large, it would make sense to create
a textual summary of it, otherwise, a description of its full contents. There are
several situations where such translation into natural language may be useful and
desirable. Creating a short company description for a business plan or a bank-
loan application or collateral material for marketing are some instances. Given
other appropriate schemas, one can imagine textual descriptions in several other
practical cases: a short description of a museum’s exhibits, possibly customized
to a visitor’s particular interests; a brief history of a patient’s medical conditions;
the highlights of a collection in a digital library, with a few sentences on the main
authors in the collection; a summary of a theater play in an information portal;
and others.

Whatever holds for whole databases, of course, holds for query answers as well,
especially those with some nontrivial structure, i.e., entire relational databases,
complex objects, etc. Textual answers are often preferred by users, whether ex-
perienced or not, as they convey the essence of the entire query answer in an
immediately understandable way. Moreover, they are critical for visually im-
paired or similarly disabled users, as they can be read to the user through a
speech recognizer.

Clearly, the idea of translating data into natural language can be extended
to all other forms of primary or derived data that a database may contain.
Database samples, histograms, data distribution approximations are all, in some
sense, small databases and can be summarized textually as above. Describing
the schema itself, its basic entities, relationships, and other conceptual primitives
offered by the model it is based on, is just a special case of a database descrip-
tion. User profiles maintained by the system for offering personalized answers,
browsing indexes, and other forms of metadata are amenable to and may benefit
from natural-language translation.

As with queries and other user-interaction elements, translating database con-
tents to natural language is far from trivial. On one hand, it is simpler from
translating queries, as the extent of alternative equivalent expressions of schemas
and data is much narrower than that of queries. On the other hand, it is much
more complicated than translating queries, as one has to choose the appropri-
ate schema elements and data items that need to be captured in the textual
summary. Furthermore, identifying the right linguistic constructs, introducing
pronouns where appropriate, and synthesizing everything to produce a natural
end result is equally complex. Although there has been some recent investigation
of the topic, much more work is needed to devise an approach that is compre-
hensive, efficient, and effective at the same time.

4 Conclusions

In this short paper, we have looked into the intersection of the Database and
Natural Language Processing areas and have outlined several interesting prob-
lems that arise when one attempts to translate database elements into natural
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language elements, i.e., going in the opposite direction than usual. We have of-
fered example applications that indicate the practical usefulness of the problem,
have identified several categories of database elements whose translation into
text would be useful, and have briefly described some of the technical challenges
that need to be addressed in the future. We hope that researchers will take up
this type of problems and help to push this interesting area forward.
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Abstract. We discuss an unsupervised technique for determining morpheme
structure of words in an inflective language, with Spanish as a case study. For this,
we use a global optimization (implemented with a genetic algorithm), while most
of the previous works are based on heuristics calculated using conditional prob-
abilities of word parts. Thus, we deal with complete space of solutions and do not
reduce it with the risk to eliminate some correct solutions beforehand. Also, we
are working at the derivative level as contrasted with the more traditional gram-
matical level interested only in flexions. The algorithm works as follows. The in-
put data is a wordlist built on the base of a large dictionary or corpus in the given
language and the output data is the same wordlist with each word divided into
morphemes. First, we build a redundant list of all strings that might possibly be
prefixes, suffixes, and stems of the words in the wordlist. Then, we detect possible
paradigms in this set and filter out all items from the lists of possible prefixes and
suffixes (though not stems) that do not participate in such paradigms. Finally, a
subset of those lists of possible prefixes, stems, and suffixes is chosen using the
genetic algorithm. The fitness function is based on the ideas of minimum length
description, i.e. we choose the minimum number of elements that are necessary
for covering all the words. The obtained subset is used for dividing the words
from the wordlist. Algorithm parameters are presented. Preliminary evaluation of
the experimental results for a dictionary of Spanish is given.

1 Introduction

We present an application of a global optimization technique (implemented as a
genetic algorithm) to the task of division of words into morphemes using Spanish
language as a case study, i.e., our main goal is investigating the application of the
unsupervised technique for determining morpheme structure of words.

Word division into morphemes is useful for automatic description of morphological
structures of languages without existing morphological models and/or morphological

* Work done under partial support of Mexican Government (CONACYT, SNI) and National
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dictionaries. It is important for modern information retrieval technologies, when we are
dealing with unknown languages or languages without complete description [5], or,
possibly, for some specific terminological areas, say, medicine.

The prevalent approach is presented in [3] and it is implemented in Linguistica sys-
tem. Variations of this method are described in [4], [7], and [1]. The main idea of this
approach is to use heuristics for reduction of the algorithm search space. There are
two principal heuristics. The first heuristics is related to the construction of the initial
set of potential morphemes, which is based on their conditional probabilities. This
procedure is iterative. For each word, one division with maximum weight is selected
from all possible divisions. For calculation of these weights, the conditional probabili-
ties are used under certain empirical assumptions that are not theoretically justified,
for example, the assumption of Boltzmann distribution of probabilities is assumed.
The procedure is repeated until the maximum weights are achieved. Then the mini-
mum description length (MDL) technique is applied as a second heuristics to the set
of possible signatures (potential paradigms) for their improvement and debugging.

There were two competitions of automatic division into morphemes. In 2005 [9],
the abovementioned methods were applied to division of words in various languages
(English, Finnish, Turkish); though Spanish was not considered. In 2007 [8], the task
was changed to finding the aspects of morpheme meaning.

The idea of detection of repetitive sets of non-stem morphemes (potential para-
digms) is vital for all methods. Its’ result is also called signature, we still prefer more
linguistic term paradigm; in our case, it is derivational paradigm. These terms refer to
the fact that stems can be concatenated with sets of morphemes, and these sets are
repeated across the vocabulary, for example, high, highly, highness and bright,
brightly, brightness share the set {J, -ly, -ness}. It is really surprising that usage of
these sets greatly reduces the search space for all types of algorithms.

The idea of our approach is avoid using heuristics and apply a search of the global
optimum in the space of all possible solutions. In our case, we implement it as a genetic
algorithm. Thus, we deal with complete space of solutions and do not reduce it with the
risk to eliminate some correct solutions beforehand. On the other hand, we are working
at the derivative level, as contrasted with the more traditional grammatical level, where
the interest is centered on flexions only. Spanish language has rather simple morpho-
logical structure, so no more than three possible word parts are considered.

There were attempts to apply genetic algorithm to this problem [2], [6]. Still, the
results were not very promising because none of these methods took into account
possible repetition of sets of morphemes (paradigms). In this paper, we modify the
method adding this possibility.

The rest of the paper has the following structure. First, we describe the algorithm,
then its’ parameters and preliminary experimental results are presented, finally, con-
clusions are drawn and future work is discussed.

2 Algorithm

In this section we present description of the algorithm and discuss its’ parameters
used in the experiments.
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2.1 Algorithm Description

The general scheme of the algorithm is presented in Fig. 1.
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Fig. 1. Algorithm scheme

Detailed description of algorithm is as follows:

1.

For each word, we detect all possible prefixes including the empty string &,
starting from the first letter and finishing at the penultimate letter. The strings
are added to the list of possible prefixes without repetitions along with their
frequencies.
We prepare the list of possible stems, starting from the first letter to the last let-
ter. The stem list contains unique elements with their corresponding frequencies
and does not include the empty string &.
The list of possible suffixes is prepares taking the substrings starting from the
last letter till the second letter from the beginning. This list contains the empty
string & and also does not permit repetitions. It also includes frequencies of
suffixes.
All possible paradigms are detected for stems, i.e., the sets of morphemes that
are repeated several times for various stems. For example, some paradigms are
{NULL, -ism, -iz, -idad}, {NULL, -ant, -acion}. We filter out all non-stem sub-
strings (potential morphemes) that are not part of some stem paradigm that con-
tains more than one element (these sets can be considered also as the paradigms
with only one element, but they are not really a paradigm, but a unique combi-
nation). Also, we filter out morphemes that belong only to paradigms with low
frequency. In our case, we used values of frequencies of two and three.
Chromosomes (individuals) are formed according to the following rules:

a. They are binary in a sense that their genes are represented as “0” and

“1”, thus, the chromosome is a sequence of genes.
b. Each gene (binary position in chromosome) corresponds to a string from
one of the lists,
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c. Thus, the length of the chromosome is the sum of the number of ele-
ments in the three lists.

d. In the chromosome, value “1” means that the corresponding string of the
corresponding list is part of the solution, while value “0” means that it
does not participate in word formation for this solution.

6. Initial population consisting of several chromosomes is generated in a random
way.

7. Genetic algorithm is applied with various parameters (see below). Note that if
mutation or crossover generates a chromosome that is not “valid”, i.e. it contains
stems that do not participate in division of any valid word then the chromosome
is “improved” by adding in a random way some affixes that correct this problem.

This is the necessary step since we cannot rely only on selection, because the
evaluation is performed for the whole chromosome (solution), and, thus, some
incorrect divisions can stay until the final stage because they can be compen-
sated by other high valued genes.

8. Fitness function of each chromosome is calculated in the following way:

a. The number of the genes used in the solution (non-zero genes) is as
small as possible;

b. The combination of substrings used in the solution from all three lists
covers major number of words from the initial vocabulary. All possible
combinations of prefixes, suffixes and stems presented in the given
chromosome are verified.

9. When the algorithm finishes, the best solution is used to divide words from the
initial vocabulary into morphemes.

Traditional parameters of the genetic algorithm that should be mentioned are:

1. Selection procedures. Genetic operator of selection is executed using the tourna-
ment scheme, namely, for two randomly chosen individuals their fitness is
compared and the best individual wins. This guarantees that the individuals are
competing and that the better ones survive.

2. Crossover. This genetic operator is implemented using as its’ parameter a number
of blocks on the basis of which the chromosomes exchange their genetic informa-
tion for creation of new individuals. The places for crossover are chosen
randomly.

3. Replacement of individuals by the created ones. We used the elitist replacement
scheme, when the best individuals are always conserved in the population.

4. Mutation. This genetic operator is important because it allows for creation of the
new possibilities in the space of solutions. It changes values of the randomly cho-
sen genes with certain probability.

2.2 Algorithm Parameters

We conducted several experiments with genetic algorithm and compared their results.
We found out that the best results are obtained using three different sets of parameters
consequently in three passes of the algorithm. Application of several passes is a
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common way of usage of genetic algorithms, when at each pass a specific purpose
should be achieved.
We experimented within the following ranges of parameters, see Table 1.

Table 1. Ranges of parameters for the genetic algorithm

Minimal values Maximal values
Population size 50 5,000
Replacement 20% 100%
Starting from 20%, Starting from 90%,
Mutation reducing according to number of  reducing according to number of
generations generations

Crossover 1 20

Generations 50 10,000

The following sets of parameters for the genetic algorithm give the best results ap-
plyed in the consecutive manner (three passes) for population of 200 individuals; see
Tables 2, 3 and 4.

Table 2. Parameters for first pass

Replacement 60%

Mutation 30%, reducing according to number of generations
Crossover 5

Generations 10,000

Table 3. Parameters for second pass

Replacement 80%
Mutation 80%, reducing according to number of generations
Crossover 20

Generations 7,000
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Table 4. Parameters for third pass

Replacement 40%

Mutation 20%, reducing according to number of generations
Crossover 4

Generations 6,000

The purpose of each pass is different. At the first pass, the population is prepared
and regularized. At the second pass, the population is shaken at the maximum grade.
Finally, at the third pass, the populations should stabilize, for example, mutation rate
is significantly reduced.

3 Experimental Results

We used as input data a Spanish dictionary that contained more than 20,000 head
words. We ignored auxiliary words and adverbs, thus, working only with nouns, verbs
and adjectives. Since we are interested in derivative morphology, we cut off their
flexions, for example, trabajar — trabaj- (to work), rojo — roj- (red), etc. Also, we
treated the stressed vowels indistinctly to the non-stressed vowels because they have
purely orthographic function in Spanish. The final input list contained 16,849 unique
non-flexional words.

For the moment, for being able to perform a comparison with Linguistica system
(J. Goldsmith, [3]), we made the experiments for suffixes only, though the algorithms
permits simultaneous treatment of suffixes and prefixes.

The following results were obtained while preparing the lists of initial strings for
the algorithm. We found 7,747 derivational paradigms, from which 6,472 contained
more than one element. Thus, the paradigms that contained exactly one element were
ignored. It is worth mentioning that of these 6,472: 1,852 paradigms contained zero
string. Also we used a threshold for paradigm repetition, namely, we ignored para-
digms that repeated less than three times, i.e., they exist for three words or less. There
were 5,535 paradigms with frequency equal to 1; 404 with frequency equal to 2; and
171 with frequency equal to 3, etc. Finally, only 372 paradigms left for processing in
the algorithm. They were used for filtering, i.e., only suffixes and stems that partici-
pated in them are used for representation of chromosomes. Finally, the algorithm
worked with 17,085 stems and 136 suffixes. It is a really important reduction taking
into account that initial number of stems was more than 44,000 and the same number
of suffixes was more than 15,000.

We compared our results with the output produced by Linguistica system, giving it
the same input. Unfortunately, we do not have the golden standard of our data for
automatic evaluation. Manual evaluation of results shows that our system produced
comparable division of words during the evaluation procedure described below.

The version of Linguistica that we have, accepts only 5,000 words as input. So we
gave to both systems the same input: first 5,000 words from our dictionary. This number
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should be large enough because both systems use unsupervised learning. Then we
evaluate manually the obtained divisions of the first hundred words. Linguistica has
87% of precision, while our system produces 84%. The systems have errors in different
words. For example, Linguistica did not find the suffix —mient(o) that was rather fre-
quent in the list and was detected by our system. Obviously, these values of precision
correspond only to a preliminary estimation. These values may seem too high because
the baseline of the existing systems is around 60%, but let us remember that we are
dealing with derivative morphology and we are working with the dictionary, not with
the corpus. The exact evaluation remains as a task for future work.

4 Conclusions and Future Work

We described an application of an optimization technique, namely, genetic algorithm,
to the problem of division of word into morphemes. Our primary concern was deriva-
tive morphology and we made our experiments for Spanish language as a case study.

In the algorithm, the chromosome is constructed from a set of all possible sub-
strings for stems and affixes filtered in a special way. The genes in the chromosomes
are binary, when “1” means the presence of the element (stem or affix), and “0” cor-
responds to its’ absence. We used as the filter the presence of a substring in paradigm
with frequency greater than three. Also we ignored the paradigms that consisted of
only one element.

Traditional genetic algorithm operators are applied to processing of chromosomes
(=individuals) in populations.

Our results are comparable with more traditional techniques based on heuristics
with calculations of conditional probabilities, but our method uses all space of solu-
tions and do not filter out some possibly correct solutions beforehand.

For the moment, we are filtering out all non-stem substrings (potential morphemes)
that are not part of some stem paradigm. In future, we would like to try different
treatment of these paradigms, namely, including the paradigms in evaluation of fitness
function or including them somehow directly in chromosomes. Also, we plan trying
simultaneous treatment of suffixes and prefixes as parts of paradigms.

The future work is also related with performing the exact evaluation, though we are
not aware of the golden standard for Spanish derivational morphology. We plan to
develop this standard and use it for automatic evaluation.
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Abstract. Abbreviations are very common and are widely used in both written
and spoken language. However, they are not always explicitly defined and in
many cases they are ambiguous. In this research, we present a process that at-
tempts to solve the problem of abbreviation ambiguity. Various features have
been explored, including context-related methods and statistical methods. The
application domain is Jewish Law documents written in Hebrew, which are
known to be rich in ambiguous abbreviations. Various variants of the one sense
per discourse hypothesis (by varying the scope of discourse) have been imple-
mented. Several common machine learning methods have been tested to find a
successful integration of these variants. The best results have been achieved by
SVM, with 96.09% accuracy.

1 Introduction

One of the attractive research sub-domains in natural language processing (NLP) is the
word sense disambiguation (WSD) problem [13]. Word sense disambiguation is the task
of assigning to each occurrence of an ambiguous word in a text one of its possible
senses. A sub-domain of WSD is resolution of ambiguous abbreviations.

Abbreviations are widely used either in writing or talking in many languages. At
times, disambiguation of an abbreviation is critical to the understanding of the sen-
tence where it appears [14]. Abbreviation is a letter or sequence of letters, which is a
shortened form of a word or a sequence of words. The word or sequence of words is
called a long form of an abbreviation. Abbreviation disambiguation means to choose
the correct long form (sense) while depending on its context. In general, the process
of abbreviation disambiguation is composed of two steps: finding all possible relevant
senses and selecting the most correct sense. The various researches attempted to cre-
ate human-like computational and decision processes for specific datasets.

In NLP systems, research usually focuses on either creating or using grammatical
tools (e.g.: tokenizer and tagger), which detect different parts of sentences and the
grammatical function and usage of different words from the immediate context in the
text. These systems are built uniquely for a specific language or datasets.

Jewish Law documents written in Hebrew are known to be rich in ambiguous abbre-
viations. Therefore, these documents can serve as an excellent test-bed for development
of models for disambiguation of ambiguous abbreviations. In addition, Hebrew is the
mother tongue of the authors of this paper.

E. Kapetanios, V. Sugumaran, M. Spiliopoulou (Eds.): NLDB 2008, LNCS 5039, pp. 27 2008.
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As opposed to the documents investigated in previous systems, Jewish Law docu-
ments usually do not contain the long form of abbreviations in the same discourse.
That is, the relevant possible senses are not found in the text. They are manually en-
tered to a dictionary built in the pre-processing stage.

Therefore, the abbreviations are regarded as more difficult to disambiguate. To de-
termine the accuracy of the system, all the instances of the ambiguous abbreviations
were solved beforehand. Some of them were based partially on published solutions
and some of them were manually solved by experienced readers.

In this research, it is assumed that all abbreviations are correct. The main goal is to
ease the understanding of passages in the text, by correctly and accurately solving the
long form of contained abbreviations, thus shifting the focus to the text and not to the
abbreviations. The secondary goal, in case the main goal is not achieved, is to propose
areduced set of long forms for the abbreviations, based on several grading methods.

Various kinds of people (e.g.: people who learn Hebrew in general, immigrants,
children and people who need to read and learn documents related to a specific pro-
fessional domain) need help to disambiguate abbreviations correctly. They experience
great difficulty understanding the meaning of the running text. Many times they do
not know what the possible extensions are or part of them and/or they cannot find the
most correct extension.

This research defines features, as well as experiments with different implementations of
the one sense per discourse hypothesis (by varying the scope of discourse). The developed
process considers other languages and does not define pre-execution assumptions. The
only limitation is the input itself: the languages of the different text documents and the
man-made solution database inputted during the learning process, limit the datasets of
documents that may be solved by the resulting disambiguation system.

Characterization of contextual and statistical attributes of abbreviations and ex-
perimentation with learning methods on these characteristics was performed. Exploi-
tation of connections between the attributes may be used to significantly improve the
performances of a disambiguation system.

The system designed in this research, preserves its portability between languages
and domains because it does not use any NLP sub-system (e.g.: tokenizer and tagger).
In this matter, the system is not limited to any specific language or dataset. The sys-
tem is only limited by the different inputs used during the system’s learning stage and
the set of abbreviations defined.

This paper is organized as follows: Section 2 gives background concerning abbrevia-
tions in general, abbreviations in Hebrew, abbreviation disambiguation and previous
systems dealing with automatic disambiguation of abbreviations. Section 3 describes the
features for disambiguation of Hebrew abbreviations. Section 4 presents the various im-
plementations of the one sense per discourse hypothesis (by varying the scope of dis-
course). Section 5 describes the supervised machine learning experiments that have been
carried out. Section 6 concludes, summarizes and proposes future directions for research.

2 Background

Abbreviations are very common and are widely used in both written and spoken lan-
guage. However, they are not always explicitly defined and in many cases they are



Abbreviation Disambiguation: Experiments with Various Variants 29

ambiguous. Abbreviation disambiguation means to choose the correct long form de-
pending on its context. Disambiguation of abbreviations is critical for correct under-
standing of not only abbreviations themselves but also of the entire text.

An automatic abbreviation dictionary, called S-RAD, has been created automati-
cally for biomedicine by Adar [2]. Liu et al. [15] made statistical studies concerning
three-letter abbreviations in MEDLINE' abstracts. They conclude that these abbrevia-
tions are highly ambiguous and automatic disambiguation can be achieved for abbre-
viations that occur frequently with their definitions.

Other statistics-based implementations were built by Okazaki and Ananiadou. In
[17] they build an abbreviation dictionary using a term recognition approach, achiev-
ing 99% precision and 82-95% recall on a corpus that emulates MEDLINE. In [18]
they presented a method for clustering long forms in biomedical text for disambigua-
tion of acronyms.

2.1 Abbreviations in Hebrew

Hebrew in general is very rich in its vocabulary of abbreviations. Almost all of the
abbreviations in Hebrew are easy to discover by the occurrence of a double-quote
character in a token. The number of Hebrew abbreviations is about 17,000 [3] not
including unique professional abbreviations, relatively high comparing to 40,000 lexi-
cal entries in the Hebrew language. About 35% of them are ambiguous, that is, about
6000 abbreviations have more than one possible long form. Moreover, Jewish Law
articles written in Hebrew-Aramaic include a high rate of abbreviations.

The causes for the use of abbreviations in the Hebrew language vary. Some may be
attributed to historical and religious origins: poverty, religious principle of short reci-
tation to pupils, religious restriction of erasing complete quotes from the bible, short-
hand and mnemonic devices.

Two examples of sentences in Hebrew that include ambiguous abbreviations are
presented below (Hebrew is read from right to left). Their translation to English
(based on [11]) is also presented where X presents the discussed abbreviation. The
explanation for the correct sense of these abbreviations is also given.

(1) "2"3 wITR 12 PR 127985 1022 WA YRR T DA L,
which means in English: "... However, if someone established a place for studying
Torah in his home for his own use, it does not have X holiness."

2"> (X) has 3 different senses within the checked Jewish Law articles. The correct
sense is "so much". This sense can be found according to the word "However" which
indicates that the sense of the abbreviation is not as holy as a public place for such
studies, which is mentioned at the beginning of the sentence.

(2) "nr1a ok °2 X2 MR KRR,
which means in English: "X the songs rapidly, but at leisure".

R"R (X) has 8 different senses within the checked Jewish Law articles. The correct
sense is "One should not say". This sense can be found according to the words "but
at", which indicate that the sense of X is something negative.

! MEDLINE is a bibliographical database with references to journal articles in medicine, nurs-
ing and dentistry.
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2.2 Abbreviation Disambiguation

The one sense per collocation hypothesis was introduced by Yarowsky [28]. This hy-
pothesis states that natural languages tend to use consistent spoken and written styles.
Based on this hypothesis, many terms repeat themselves with the same meaning in all
their occurrences. Within the context of solving the long form of abbreviations, it may
be assumed that authors tend to use the same words in the vicinity of a specific long
form of an abbreviation. The words may be reused as indicators of the proper solution
of an additional unknown abbreviation with the same words in its vicinity. This is the
basis for all contextual features defined in this research.

The one sense per discourse hypothesis was introduced by Gale et al. [7]. This
hypothesis assumes that in natural languages, there is a tendency of an author to be
consistent in the same discourse or article. Based on this hypothesis, if in a specific
discourse, an otherwise ambiguous phrase or term has a specific meaning, any other
subsequent instance of this phrase or term will have the same specific meaning.
Within the context of solving the long form of abbreviations, it may be assumed that
authors tend to use an abbreviation with a specific long form throughout a discourse.
However, this hypothesis does not always apply to all domains.

Pustejovsky et al. [24] developed an abbreviation disambiguation system named
ACROMED, using a weight scheme called ATC used as the standard in the SMART
database [26]. The dataset used for this system, contained 10 medical abstracts from
MEDLINE. The dataset contained additional 42 abstracts, used to validate the
system's accuracy. This second set, did not contain any possible long form of the ab-
breviation. The system solved a single abbreviation, SRF, which had 10 different
solutions in the dataset. The system achieved 97.62% accuracy.

Pakhomov [21] developed an automatic abbreviation disambiguation system for
medical abstracts, using the Maximum Entropy machine learning (ML) method. The
dataset contained about 10,000 medical abstracts, from the Miu Medical Institute da-
tabase. The system solved 2 sets of abbreviations: (1) 6 ambiguous abbreviations, by
setting a single solution for each article. These abbreviations had an average of 9 dif-
ferent senses in the dataset and (2) a set of 69 abbreviations in the dataset. Each ab-
breviation in this set had between 100 and 1,000 instances in the dataset.

This system was implemented based on 2 methods - "context of 2 words before
and after the abbreviation" as well as "context of paragraph containing the abbrevia-
tion". For the first set of abbreviations, the system achieved 89.14% and 89.66% accu-
racy for each method. For the second set, the system achieved 89.12% and 89.02%
accuracy for each method.

Yu et al. [30] developed an automatic abbreviation disambiguation system for
medical abstracts, using LIBSVM [5]. The system was implemented based on the
method “context of 2 words before and after the abbreviation”. In addition, this sys-
tem used the one sense per discourse hypothesis. The system achieved about 84% and
87% accuracy, in two separate datasets. This was an improvement of 2%, compared to
the system results without relying on the above hypothesis.

Gaudan et al. [8] developed an automatic abbreviation disambiguation system for
human gene symbols in biological literature, using SVM. The dataset contained the
entire MEDLINE abstracts database (August 2004). The system solved a set of 1851
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ambiguous abbreviations. These abbreviations had an average of 3.4 different senses
in the dataset.

Their system was implemented based on the method “most similar article context”.
The contextual terms used for the disambiguation were extracted using the C-value
algorithm [6], a method combining linguistical (adjective—noun patterns) and statisti-
cal features. Each article contained a single sense for each abbreviation, relying on the
one sense per discourse hypothesis. The system achieved 98.5% accuracy. However,
the researched abbreviations were only those that have been defined more than 40
times in the whole of MEDLINE.

HaCohen-Kerner et al. [12] developed an automatic abbreviation disambiguation
system for Jewish Law documents written in Hebrew, without the use of any ML
method. The system combined six different methods. The first three methods focused
on unique characteristics of each abbreviation, e.g.: common words, prefixes and suf-
fixes. The following two methods were statistical methods based on general grammar
and literary knowledge of Hebrew. The final method was a Hebrew specific method
that used of the numerical value (explanation in [12]) of the abbreviation. The system
solved 50 abbreviations with an average of 2.3 different senses in the dataset. The
system achieved about 60% accuracy.

Pakhomov et al. [22] developed an automatic abbreviation disambiguation system
for medical abstracts, using C5.0 and Maximum Entropy. The dataset contained about
1.7 million medical notes, from the Miu Medical Institute database, search results
from the internet and abstracts from MEDLINE. The system solved 8 ambiguous ab-
breviations. These abbreviations had an average of 9 different senses in the dataset.

The system was implemented in two parts: (1) only medical notes from the Miu
data, (2) combinations of the different subsets of the dataset. The first part was im-
plemented based on the “bag-of-words” method. The system achieved 93.90% and
95.80% accuracy, with the C5.0 and Maximum Entropy methods, accordingly.

The second part was implemented based on the “bag-of-words” method for the +-
20 word vicinity of the abbreviation and the “bag-of-words” method for all the text in
the snippets of the internet search results. The system achieved 62.14% and 67.82%
accuracy using the C5.0 and Context Vector method [23].

3 Features for Abbreviation Disambiguation

Ambiguous abbreviations have several senses, but within a specific context, such as a
sentence, abbreviations usually have only one specific sense. To find the correct sense
of any abbreviation, 18 different features were defined. Each feature is described as a
rule and implemented as a baseline method in the developed system. These methods
are divided into 3 distinct groups: Statistical attributes (2 methods), Hebrew specific
attributes (1 method) and Contextual relationship attributes (15 methods). The third
group is distinguished from the others, as it aspires to understand the underlying
meaning of the abbreviation in its context. Methods in this group tried to answer ques-
tions like: Does the abbreviation prefix help understand the abbreviation? Does a spe-
cific word appear in the context of a specific abbreviation solution?
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Statistical attributes

1. Writer Common Rule (WC): The most common solution used for the specific
abbreviation by the writer [29].

2. Dataset Common Rule (DC): The most common solution used for the specific
abbreviation in the entire dataset.

Hebrew specific attributes

3. Gimatria Rule (GM): The numerical sum of the numerical values attributed to
the Hebrew letters forming the abbreviation. This is known as the Gimatria of a word,
as part of the field of word Numerology. It is important to state that authors tend to
use abbreviations, numbers and letters as reference to chapters, pages and other
resources.

Contextual relationship attributes

In all the following rules, all words and attributes of a sentence (including grammati-
cal symbols such as period, comma, etc.) are used to determine the context of the spe-
cific abbreviation. The rules also take count of the attribute instances within the learn-
ing dataset, as a weighted decision node for the deduction process.

4. Prefix Counted Rule (PRC): The selected sense is the most commonly
appended sense by the prefix.

5-8. Before K (1,2,3,4)> Words Counted Rule (BKWC): The selected sense is the
most commonly preceded sense by the K words in the sentence of the abbreviation.
9-12. After K (1,2,3,4) Words Counted Rule (AKWC): The selected sense is the
most commonly succeeded sense by the K words in the sentence of the abbreviation.
13. Before Sentence Counted Rule (BSC): The selected sense is the most
commonly preceded sense by all words in the sentence of the abbreviation.

14. After Sentence Counted Rule (ASC): The selected sense is the most
commonly succeeded sense by all words in the sentence of the specific abbreviation
instance.

15. All Sentence Counted Rule (AIISC): The selected sense is the most commonly
surrounded sense by all words in the sentence of the specific abbreviation instance.
16. Before Article Counted Rule (BAC): The selected sense is the most commonly
preceded sense by all words in the article of the specific abbreviation instance.

17. After Article Counted Rule (AAC): The selected sense is the most commonly
succeeded sense by all words in the article of the specific abbreviation instance.

18. All Article Counted Rule (AIIAC): The selected sense is the most commonly
surrounded sense by all words in the article of the specific abbreviation instance.

4 Implementing the One Sense per Discourse Hypothesis

As mentioned above, the basic assumption of the one sense per discourse hypothesis
is that there exists at least one solvable abbreviation in the discourse and that the
sense of that abbreviation is the same for all the instances of this abbreviation in the

% The value of k has been set at 4 to relate to 4 words before the abbreviation and 4 words after
it. This is because 9 is accepted as the number of items that the average person is able to re-
member without apparent effort, according to the cognitive rule “7+2" [16].
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discourse. The correctness of any feature was investigated based on this hypothesis
for several variants of "One Sense" (OS) based on the discussed discourse: none, a
sentence, an article or the entire dataset.

1. Individual correctness (No OS) — this is the “normal” case in which the sense of
each abbreviation instance is deduced based on the feature alone (i.e.: without use
of "one sense").

2. Sentence correctness (0sS) — the sense deduced for one instance of an abbreviation
is used for all instances of the abbreviation in the sentence.

3. Article correctness (0sA) — the sense deduced for one instance of an abbreviation is
used for all instances of the abbreviation in the article.

4. Writer correctness (osW) — the sense deduced for one instance of an abbreviation is
used for all instances of the abbreviation, used by the writer in all his articles.

In this research, the OS hypothesis was implemented in two forms. The “pure”
form (with the suffix S/A/W without C) uses the sense found by the majority voting
method for an abbreviation in the discourse and applies it “blindly” to all other in-
stances.

The “combined” form (with the suffix C) tries to find the sense of the abbreviation
using the discussed feature only. If the feature is unsuccessful, then we use the rele-
vant OS variant using the majority voting method. The use of the OS hypothesis, in
both forms, is only relevant for context based methods, since the solutions by other
methods are static and identical from one instance to another.

Therefore, for each of the 15 context based methods, six variants of the hypothesis
were implemented. This produces 90 variants, which together with the 18 features in
their normal form, results in a total of 108 variants. In addition, the ML methods were
experimented together with the OS per discourse hypothesis. Of the 108 possible vari-
ants, for the 18 features, the best variant for each feature was chosen. In each experiment,
the next best variant is added, starting from the 2 best variants up until all 18 variants.

5 Experiments

5.1 Data Sets

The examined dataset includes texts that were written by two Jewish scholars: Rabbi
Yisrael Meir HaCohen [10] and Rabbi Ovadia Yosef [19, 20]. All documents belong
to the same domain: Jewish Law Documents.

The entire dataset includes 564,554 words where 114,814 of them are abbrevia-
tions instances, and 42,687 of them are ambiguous. That is, about 7.5% of the words
are ambiguous abbreviations. These ambiguous abbreviations are instances of a set of
135 different abbreviations. The average number of senses for each abbreviation is
3.27. Each one of the abbreviations has between 2 to 8 relevant possible senses.

As mentioned before, the relevant possible senses usually are not found in the text.
They are manually entered to a dictionary built in the pre-processing stage. Most of
the correct senses of the ambiguous abbreviations in the texts written by Rabbi Yis-
rael Meir HaCohen are found already in [10]. The correct senses of the ambiguous
abbreviations in the other texts were determined by experienced readers.
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5.2 Results of the Variants of “One Sense per Discourse” Hypothesis

The results of the all OS variants, for all the features (Section 3) are presented in Ta-
ble 1. These results are obtained without using any ML methods.

Table 1. The results of the OS per discourse hypothesis for all the features

# of Method Accuracy percentage % for various applications of OS
method No OS osS 0sSC 0sA osAC osW osWC

1 PRC 33.67 3441 3452 5277 5454 66.66 71.04
2 B1WC 56.05 5641 56.61 6774 7184 7293 82.51
3 B2WC 55.72 56.23  56.35 69 7234  74.85 82.84
4 B3WC 60.54 60.89  61.01 72.67 7548 7544 82.86
5 B4WC 64.49 64.72  64.85 74.29 76.5 75.52 822
6 BSC 75.21 75.18 7524 7685 78.15 7492 78.52
7 BAC 76 76 76 76.01 76 75.39 76
8 AIWC 78.79 79.01 7921 7872 83.81 7632 87.75
9 A2WC 71.57 78.07 7826  79.15 8343 7854 87.62
10 A3WC 78.64 79.11 7928  79.61 83 78.19 85.8
11 A4WC 75.44 79.28 79.5 7941 8242  78.01 84.99
12 ASC 78.59 78.61  78.62 7825 7894 7737 79.04
13 AAC 75.44 7544 7544 7534 7544 7728 75.44
14 AlISC 71.97 7197 7197 77.9 78.02 7722 78.04
15 AlIAC 74.12 74.12 7412 7412 7412 7693 74.12
16 GM 46.82 46.82 46.82 46.82 46.82 46.82 46.82
17 WC 82.84 82.84 8284 82.84 82.84 8284 82.84
18 DC 78.34 7834 7834 7834 7834 7834 78.34

On the one hand, the two best pure features were WC (most common solution in
the dataset) with 82.84% accuracy and AIWC (the most commonly succeeded
sense by the word that comes after the abbreviation instance) with 78.79% accuracy.
The first finding shows that about 83% of the abbreviations have the same sense in
the whole dataset. The second finding shows that about 79% of the abbreviations can
be solved by the first word that comes after the abbreviation.

On the other hand, the PRC (abbreviation prefix) and GM (numerical value) fea-
tures achieved the worst results, with 33.67% accuracy and 46.82% accuracy, accord-
ingly. The analysis of these results revealed that for most cases these two methods did
not produce any solution and only the minority of the solutions was actually wrong.
By reviewing the abbreviation instances for which the methods do not produce a solu-
tion, it is apparent that this is simply because the instances did not have a prefix or
that the instance was not properly formed, based on the rules of numerology in the
Hebrew Language. This proves that these attributes of the abbreviations are not suffi-
cient properly solve ambiguous abbreviations, but may improve the results of the
other methods defined by the system.

Furthermore, the results of the GM feature prove that almost 50% of all abbreviation
instances represent a numerical value, not a sequence of words. It may be necessary to
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augment the text domain to properly deduce clearer conclusions concerning the attrib-
utes of abbreviations in the Hebrew Language.

From the results of the contextual relationship attributes, it is clear that the fea-
tures, based on the context that comes after the abbreviation instance, i.e. AIWC,
A2WC, A3BWC, A4WC (1-4 words immediately after the abbreviation), ASC (all the
words after the abbreviation in the sentence) and AAC (all the words after the abbre-
viation in the text), achieve considerably better results than their counterparts, based
on the context that comes before the abbreviation context. Furthermore, the results for
both sets of methods do not fall below 75% accuracy. It may be deduced that there is
a strong relationship between the different solutions, for each abbreviation, and the
surrounding words, forming a related context for each instance. These results suggest
that each abbreviation has a stronger relationship to the words after a specific in-
stance, than to all other combinations of words.

The merging of the features, as implemented by the AlISC and AIIAC methods, did
not contribute to the system results, but actually reduced the accuracy rates achieved
by each individual methods set. This may imply that the relationship to the words
before or after each specific abbreviation instance is stronger than the relationship to
the combined word context of the same instance.

Finally, an improvement within the set of methods, concerning words before the
abbreviation is visible. This improvement is achieved by adding the number of words
included in the contextual relationship consideration. On the other hand, no such im-
provement or reduction in accuracy levels is apparent for the set of methods, concern-
ing words after the abbreviation. This may imply that the strong relationship between
a specific abbreviation instance and the words after it is only relevant for the first
word after the instance. This may further imply that the relationship between the ab-
breviation instance and the words before the instance strengthens as a result of in-
creasing the contextual relationship range.

As for the use of the OS hypothesis, the AlTWC_osWC method variant achieves the
best result with 87.75% accuracy. Many feature variants did not achieve substantially
better results than the results achieved by the normal form of the features. This may
be attributed to the fact that many abbreviation instances may be unique to the differ-
ent discourses, therefore not able to benefit from the use of OS, in both of its forms.

Almost every feature has at least one variant that achieves a substantial improve-
ment in results compared the results achieved by the method in its normal form. The
average relative improvement is about 18%.

For all features, except for BAC, the best variant uses the OS implementation with
the discourse defined as the entire dataset. This may be attributed to the similarity of
the different articles defined in the dataset. This is supported by the fact that the best
feature, in its normal form, is the WC method.

In addition, for all but three methods (BAC, AAC, AIIAC), the best variant used the
combined form of the OS implementation. This is intuitively understandable, since
“blindly”” overwriting probably erases many successes of the feature in its normal form.

5.3 The Results of the Supervised ML Methods

Several well-known supervised ML methods have been selected: artificial neural net-
works (ANN) [1], Naive Bayes (NB) [9], Support Vector Machines (SVM) [4] and
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J48 (an improved variant of the C4.5 decision tree induction [25]). These methods
have been applied with default values and no feature normalization mainly using
Weka® [27]. Tuning is left for future research. To test the accuracy of the models, 10-
fold cross-validation was used. The results of these supervised ML methods, combin-
ing the best 18 feature variants (Table 1) incrementally, as explained above, are
shown in Table 2.

Table 2. The results while using the best variant for each feature, incrementally

ML method
# of Feature
variants variants ANN NB SVM J48
2 A1WC_osWC 91.56 91.40 94.29 91.94
+ A2WC_osWC

3 + A3WC_osWC 91.72 91.42 94.43 92.20
4 + A4WC_osWC 91.75 91.51 94.43 92.34
5 + B3WC_osWC 92.68 92.11 95.33 93.33
6 + WC 92.95 92.16 95.71 93.54
7 + B2WC_osWC 92.81 91.79 95.67 93.59
8 + BIWC_osWC 9291 91.06 95.68 93.56
9 + B4WC_osWC 92.83 91.15 95.62 93.55
10 + ASC_osWC 92.83 91.10 95.60 93.52
11 + BSC_osWC 92.95 91.17 95.65 93.58
12 +DC 92.98 91.17 95.63 93.58
13 + AIISC_osWC 92.82 91.50 95.63 93.58
14 + AAC_osW 92.84 91.42 95.59 93.58
15 + AIIAC_osW 93.10 91.43 95.77 93.58
16 + BAC_osA 93.09 91.28 95.79 93.70
17 + PRC_osWC 93.25 91.50 96.09 93.71
18 + GM 93.28 91.52 96.02 93.93

From the above results it apparent that the SVM method is the most successful,
with the best result of 96.09% accuracy, and a worst result of 94.29% accuracy which
is better than the best result for any of the other ML methods. On the other hand, the
NB method achieved the worst results, with a best result of 93.28% accuracy. None-
theless, the use of any of the ML methods achieves better results than any one of the
feature variants. The best improvement, by use of ML methods, is about 13%, from
82.84% accuracy for the best variant of any feature to 96.02% accuracy for the best
variant for SVM.

The comparison of the SVM results to the results of previous systems, described in
Section 2.2, shows that our system achieves relatively high accuracy percentages.
However, most other developed systems researched ambiguous abbreviations in the
English language, as well as different abbreviations and texts.

3 Weka is a collection of machine learning algorithms programmed in Java for data mining
tasks, such as: classification, regression, clustering, association rules, and visualization.
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Notwithstanding, in this research, the number of abbreviations and their instances,
are considerably higher than most of the other systems developed. This system is the
only one that applies many variants of the OS per discourse hypothesis. In addition,
we performed a comparison between the achievements of different ML methods, to
the goal of achieving the best results, as opposed to the other systems that only fo-
cused on one ML method, each.

6 Conclusions, Summary and Future Work

The comparison to other system shows that our system achieves relatively high accu-
racy percentages. However, this comparison has several reservations: (1) Almost all
the other developed systems researched ambiguous abbreviations in the English Lan-
guage, as opposed to our system that researched abbreviations in the Hebrew Lan-
guage. (2) The other developed systems researched a different set of abbreviations
and texts. It is understandable that the average number of instances and average num-
ber of solutions, for each abbreviation, varies between the different systems. (3) It is
not clear if the experiments will have similar results in other languages. In particular,
the Gimatria rule (GM) is exclusive to Hebrew.

Notwithstanding, in our system, the number of abbreviations and their instances,
are considerably higher than most of the other systems developed. In addition, we
performed a comparison between the achievements of different ML methods, to the
goal of achieving the best results, as opposed to the other systems that only focused
on one method, each. In addition, most of the systems, which achieved very close
results to the developed system, researched a small number of abbreviations. The sys-
tem developed by Gaudan et al. [8] researches a considerable number of abbrevia-
tions, as well as achieves a high accuracy percentage, although their system uses
NLP-based methods which are not language independent. Moreover, the system con-
tains the long form of the abbreviations in the same discourse, in contrast to the pro-
posed system.

Therefore, it is not possible to clearly deduce that the developed system in this re-
search is better than the other developed systems and it is further not possible to de-
duce that the ambiguous abbreviation problem in the Hebrew Language is easier to
solve than in other languages.

On the other hand, this cannot downsize, on any scale, the high accuracy percent-
ages achieved by the developed system in this research. In addition, the system
achieves about 96% accuracy, which is an improvement of about 36% compared to
the basic system developed by us [12].

In summary, this is the first system for disambiguation of abbreviations in Hebrew,
specifically in Jewish Law documents, that uses the OS per discourse hypothesis and
ML methods.

The developed system researched a large set of abbreviations (135), more than
most of the previously developed systems.

High accuracy percentages were achieved, with improvement ascribed to the use of
OS hypothesis and variant combining with ML methods. These results were achieved
without the use of NLP methods and are not bound to any of them. Therefore, these
methods are not limited to any single language.
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The developed system is adjustable to any specific type of texts, simply by chang-
ing the database of texts and abbreviations.

18 features were defined, augmented by 90 variants created by use of OS, as well
as 4 different ML methods were used and compared.

Extending the implementation of the OS hypothesis to several types of discourses,
as well as use of both the pure form and the combined form of the hypothesis, consid-
erably improves the achievements of the system.

An improvement of 13% was achieved due to the use of OS and the SVM method,
a greater improvement that the one presented in an additional abbreviation disam-
biguation system in English for medical abstracts.

Future research directions are: comparison between individual assessments of the
two examined authors, i.e. training at one author and testing at the other, definition and
implementation of NLP-based features and use of these methods interlaced with the
already defined methods, applying additional ML methods, such as Boosting and
Maximum Entropy, as well as use of additional transform kernels defined in SVM,
augmenting the databases with articles from additional datasets in the Hebrew Language
and in other languages, tuning the parameters of the ML methods, applying unsuper-
vised learning algorithms, where manual solutions are not available as well as develop-
ing algorithms for detection and correction of faulty or erroneous abbreviations.
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Abstract. This paper shows how the knowledge of a semantic inter-
preter can be bootstrapped for other semantic interpretation tasks.
Methods are described for automatically acquiring common sense knowl-
edge and for applying this knowledge to noun sense disambiguation. Or-
dinary concepts are described by several plain English sentences that are
parsed and semantically interpreted. The semantic interpreted sentences
are stored under these concepts to be used for semantic interpretation
tasks. This paper explains the description of the concepts, the interpreta-
tion of the sentences and two algorithms for noun sense disambiguation
that use the acquired knowledge.

1 Introduction

In [2], a method for defining verb predicates and an implemented algorithm [4]
that resolves the verb predicate, its semantic roles and adjuncts is explained. The
approach has proceeded first by defining verb predicates for WordNet verb classes
[1], and then by defining verb predicates for individual verbs with a high degree
of polysemy. The semantic roles of the predicates are linked to the selectional
restrictions (categories in WordNet ontology for nouns) and to the grammati-
cal relations that realize them. The selectional restrictions of the predicates are
grounded on the WordNet ontology for nouns [10], whose upper level ontology
has been modified and rearranged [3] by using the feedback obtained by testing
the predicate definitions. The resulting work is immense: over 3000 verb predi-
cates have been built. A corpus of over 3000 semantically interpreted sentences
has been automatically created with the semantic interpreter. We have used the
semantic interpreter in order to extend it in several important ways. There are
several semantic tasks that the interpreter does not solve or solves them par-
tially. One of them is noun sense disambiguation (NSD). In many cases, the
selectional restrictions of the verb predicates cannot resolve the noun senses of
the semantic roles, although it may narrow them down to a small set of possible
senses. For instance, in a sentence such as “The batter dropped the bat” the se-
lectional restrictions for the predicate of drop-something-physical select the first
sense of “batter.” They also rule out the third sense of “bat,” (a turn batting
in baseball), which has activity as its hypernym. But, the semantic interpreter
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cannot decide between the other five senses of “bat,” which are all physical
things, because physical-thing is the selectional restriction for the theme of drop-
something-physical. The output of the semantic interpreter for that sentence is
depicted in Figure 1. The interpreter groups the noun senses by ontological cat-
egory: batl is baseball bat, and batb is a cricket bat, which have equipment
as their upper-level ontological category. The noun senses are WordNet senses.
Concepts without number senses correspond to Gomez’s WordNet upper-level
ontology.

((SUBJ ((DFART THE) (NOUN BATTER)) ((BALLPLAYER1 BATTER1)) (AGENT))
(VERB DROPPED ((MAIN-VERB DROP DROPPED)) DROP-SOMETHING-PHYSICAL
(DROP1 DROP2) SUPPORTED BY 2 SRS)
(0BJ ((DFART THE) (NOUN BAT)) ((EQUIPMENT BAT1 BAT5) (PLACENTAL1 BAT2)
(INSTRUMENTALITY BAT4 BAT6)) (THEME)))

Fig. 1. Output for “The batter dropped the bat”

In the sentences, “Farmers like plants,” “The doctor removed the appendix
in an operation,” “Several demonstrators were injured in the demonstration,”
none of the senses of “plant,” “doctor” “appendix,” and “operation” can be
ruled out on the basis of selectional restrictions, or by similarity in the WordNet
taxonomy. However, most humans will tell us that, in those sentences, “plant”
is a life form, and not a industrial plant, or an actor, etc., and that “appendix”
is not the appendix of a book, but an animal body part, that “doctor” refers
to a physician and not to a theologian, that “operation” is a surgical operation,
and not a military operation or a business operation, etc. Humans determine
these senses using commonsense knowledge which is as basic as that used in the
selectional restrictions of verb predicates. The aforementioned examples do not
provide much context, but sufficient to establish the senses of the nouns. The
aim of this research is to let the semantic interpreter acquire this knowledge by
being told and use it for NSD, prepositional attachment, discourse, etc.

The glosses in dictionaries have been used for noun sense disambiguation [6].
There have been also efforts to produce some kind of logic form transformation
of WordNet glosses [T1]. However, many of the glosses in WordNet and in dic-
tionaries do not lend themselves to having knowledge extracted from them by a
program, except in a superficial manner, because they require much knowledge
to be understood. We understand many of the dictionary glosses because we
already know a lot about the concepts expressed in them. A serious problem
with the glosses is that lexicographers approach them as succinct definitions of
concepts intended to capture their essential aspects. As a result of this, in many
instances the language of glosses contains many intensional terms [I3] that do
not indicate how the words are used [I5] in ordinary language. For instance,
the WordNet gloss for cell2 is “the basic structural and functional unit of all
organisms.” The meaning of the terms “basic structural unit” and “basic func-
tional unit” do not lend themselves to be easily acquired by a program because
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of their abstract content: two abstract adjectives predicated of an abstract noun,
“unit.” It is unlikely that a child will be introduced to the concept of cell2 that
way. However, a sentence such as “All living things are made of cells” provides a
better introduction to the concept of cell2 because the concept “living thing,” as
well as that of cell2 have well established denotations to physical objects. Hence,
it becomes easy to understand sentences such as “Trees are made of cells,” or
compound nouns such as “plant cells” by subsumption between the concepts in
the new sentences and the concepts in the defining sentence, or gloss. Of course,
we will need other defining sentences, or glosses, to provide the basic aspects of
the concept of cell2. Likewise, the WordNet gloss for demonstration3, “a public
display of group feelings,” is very good if one already knows the meaning of
demonstration3. But, the gloss is not very helpful if one is acquiring the con-
cept for the first time. Instead of that definition, we prefer glosses that indicate
the events normally associated with demonstration3 e.g., “In a demonstration,
humans gather in streets or plazas to protest,” “Sometimes in a demonstration,
people may be hurt, or physical objects damaged,” “A riot may commence dur-
ing a demonstration” etc. In summary, stay away from intensional terms and do
not try to convey many aspects of a concept in one single sentence and assume
that you are conveying these concepts to someone who does not know anything
about them except their ontological classification as provided by WordNet. In
this paper, we show how to provide glosses for WordNet word senses, how to
parse and semantically interpret them and, then, use them for noun sense dis-
ambiguation. In the next section, we explain the definition of the glosses and
their semantic interpretation. In sections 3, we deal with the relation of verb
selectional restrictions and noun senses. In sections 4, and 5, we explain the
algorithms for noun sense disambiguation. Sections 6 provides the testing of
the algorithms, and sections 7 and 8 explain related research and conclusions,
respectively.

2 Acquiring Common Sense Knowledge about Ordinary
Concepts

There is no difference between a noun sense and a concept. Ambiguous words
stand for various concepts, or noun senses. Thus, learning about a new sense is
not different from learning about concepts. What we are describing in this paper
is the acquisition of basic knowledge about concepts, and its application to an
aspect of semantic interpretation, namely noun sense disambiguation. But, this
knowledge can be used for other aspects of semantic interpretation, or for other
applications. We have used the word “glosses” to refer to the sentences describing
some of the main aspects of a concept, or noun sense. The acquisition is as simple
as typing some sentences. Suppose that one wants the system to acquire some
basic knowledge about pot4, “a container in which plants are cultivated.” One
types (acquire potd) to lock the senses of “pot” to pot4, and one starts typing
some sentences, one at a time. For instance, one may type: “People cultivate
plants in a pot,” “Soil is put in pots,” “People plant plant parts and plants in a
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pot,” etc. In those cases in which the system is unable to determine the senses
of some of the nouns in the gloss (henceforth, GL), the user may tell the system
the correct senses by typing (refer-to senseq, senses...sense;). One line fixes all
senses at once. But in most cases, the system is able to determine the senses
of the nouns in the glosses. For instance, out of the three glosses for pot4, the
system only fails to determine the sense of “soil.” For some concepts, three or
four sentences are sufficient for providing the main aspects of that concept, while
other concepts may need more sentences. The system parses and interprets most
sentences in one or two seconds. Next, one provides glosses for the other senses of
“pot.” Glosses for concepts which do not denote physical objects are provided in
the same way. For instance these are some of the glosses for operation7 (a surgical
operation). “Doctors performed operations,” “In an operation, doctors operate
on humans or animals,” “In an operation, some body parts are removed, or
replaced,” “Some diseases may be only cured by means of an operation,” “Some
patients may die as a result of an operation,” “Most operations take place in
hospitals or clinics.” This set of glosses provides a frame-like or script-like type
of knowledge.

3 Verb Selectional Restrictions and Noun Senses

If one enters the sentence “She ate the dates with a fork,” our interpreter will
select (edible-fruitl date8), and (cutlery2 forkl). The verb predicate, the noun
senses and the semantic role are all solved. But, there are many sentences for
which the semantic interpreter cannot solve the noun senses based on the selec-
tional restrictions for the semantic roles. In a framework in which the semantic
interpreter is activated first to determine verb meaning (verb predicate) and
semantic roles, the following cases caused by noun polysemy may occur:

— (a) The semantic interpreter resolves the verb predicate and the semantic
roles, but it cannot decide on some noun senses.

— (b) The semantic interpreter is unable to narrow the verb predicates to one.

— (c¢) The interpreter comes up with more than one semantic role for the same
grammatical relation.

The sentence, “He put the batter in the refrigerator,” is a good example of
case (a). The verb predicate and semantic roles are solved, but the semantic
interpreter cannot decide between the two senses of “batter,” a baseball player
or a flour mixture. That would not be the case for the sentence, “The batter
cleaned/fixed the refrigerator.”

[to-loc(xor natural_elevationl peak5 physical-thing) (obj)
(conveyance3) ((prep aboard))
(xor natural_elevationl peakb5 physical-thing) ((prep up to))
(physical-thing) ((prep onto into))]

Fig. 2. A definition of the role to-loc for one of the predicates of “climb”
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An example of case (b) is the sentence, “The runners are raised in a nursery for
one growing season.” The interpreter comes up with the following verb predicates
for “raise” in order of preference: RAISE-FARM (farm plants and/or animals),
BRING-UP (to educate somebody), RAISE-SOMETHING (to lift something).
The semantic roles for these verb predicates are all the same, namely, theme, at-
loc, and duration. The noun senses selected for the theme of RAISE-FARM are
runner8 (a fish) and runnerb (a stolon, a plant part). The noun senses selected for
the theme of BRING-UP are runnerl, runner2, runner3, runner4 runner6, all of
which have person as their hypernym. The noun senses selected for the theme of
RAISE-SOMETHING are all the 8 senses of “runner.” The noun senses selected
for the roles at-loc and duration are the same for all the verb predicates. The
sense for “nursery” (a room for a baby, and a place to cultivate plants) cannot be
resolved by the semantic interpreter in any of the predicates. “Growing season”
is not ambiguous.

For an example of case (c) consider the sentence “A swell lurched the cata-
maran towards the reef.” For this sentence, the semantic interpreter resolves the
verb predicate for “lurch,” but it cannot decide between the roles, agent and
inanimate-cause (a causal agent other than a human, a social group, or an ani-
mal). For the agent, the interpreter selects the sense swell4 (a dandy, a person)
and for the inanimate-cause the senses swelll (a wave) and swell2 (a natural
elevationl).

One of the difficulties in defining selectional restrictions for semantic roles
is staying away from over-generalization and over-specification of the ontologi-
cal categories in the selectional restrictions. Over-specification results in failing
to identify some semantic roles, or over-narrowing the noun senses; while over-
generalization results in not selecting between different noun senses and/or not
distinguishing between verb senses, or verb predicates. Figure 2 depicts the def-
inition of the role to-loc for one of the predicates of the verb “climb” when it
means traveling upwards. The syntax for the roles is:

(role (slr) (grs) (slr) (grs) ... (slr) (grs))

Where slr stands for any number of selectional restrictions, and grs for any
number of grammatical relations. When the semantic role is realized by prepo-
sitions, the prepositions are put in a list preceded by the word “prep.” If there
is more than one selectional restriction, the list must be preceded by “xor” or
“xand”. These entries indicate how the items in the list should be matched. In
Figure 2, the first sublist contains the selectional restrictions (WordNet ontologi-
cal categories) for the grammatical relation, direct object. Selectional restrictions
are always matched from left to right. The entry “xor” in the sublist means that
as soon as an ontological category in the sublist is matched to the head noun of
the grammatical relation, the others ontological categories are not tried. Thus,
for the sentence, “She climbed the hill,” the system will select hilll, a natural el-
evation, for the theme. The entry “xand”in the sublist means that all ontological
categories in the sublist are matched, but the senses are preferred in the order in
which they are matched. Thus, if the role to-loc were defined using “xand,” the
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senses selected for “hill” in “She climbed a hill” would be hilll, hill2 (mound4)
and hill3 (mound1).

The definitions for the semantic roles aim at striking a balance between over-
specification and over-generalization. In constructing the selectional restrictions
for a semantic role using an “xor” entry, one needs to be very careful with those
words whose senses range over several ontological categories in the list. Consider
the sentence, “She climbed the table,” and the to-loc role defined with an “xor.”
The system will select the sense table4 (“flat tableland with steep edges”) which
is natural elevation in WN, and will exclude the other senses of “table,” which
may not be correct. Suppose that one writes the following ontological categories
for the instrument of “kill” when it means cause-to-die:

(instrument(zor weaponryl external-body-partl physical-thing) ((prep with)))

Assume that the sentence to be interpreted is “Samson killed the lion with
the arms.” That definition will select the sense of arm3 (a weapon) for “arm”
and exclude its other senses.

Now, consider the sentence, “The dish is made of chicken.” Humans have no
trouble in determining that “dish” is not dishl (a piece of dishware) or dishb
(an antenna etc.), but dish2 (an item of prepared food). The distinction between
dish1 and dish2 is a difficult one because we put food in dish1 or dish2. Similarity
in the WN taxonomy does not help. Solving this problem by using selectional
restrictions will require a very specific predicate, made-of-food. However, we can
tell the system that “Dishes (dish2) are made of food,” then parse and interpret
the sentence, and use the interpreted sentence for deciding between the senses
of “dish.” The interpreted sentence can be inherited by all hyponyms of dish2.
Consider the sentence “The bowl contains punch.” No selectional restrictions or
similarity in the WN taxonomy will help in this sentence either. However, the
simple gloss “Dishes (dishl) contain food,” will solve the senses of “bowl” and
“punch” because glosses are inherited by all hyponyms of the synset where they
are stored. Consequently, that gloss will also handle many other sentences such
as “The plate contains punch,” etc. Other pertinent sentences for “dish1” are
“People serve food on dishes,” “Dishes are made of metal, plastic, or ceramic
ware,” “People put dishes in dishwashers to clean them,” etc. All those sentences
take about a minute to teach to the system.

4 Algorithm for Determining Noun Senses by
Subsumption of Verb Predicates and Semantic Roles

We have designed and implemented several algorithms to resolve noun senses
based on the interpreted glosses. Some of the algorithms base their decisions
only on the noun senses in the interpreted glosses, while others determine the
noun senses of new sentences by using the verb predicate and the semantic roles
of the interpreted glosses. For space limitations, we concentrate only on the latter
algorithms.
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Suppose that we have defined the following gloss for refrigeratorl, a monose-
mous word, “People put food in refrigerators.” Then, the system encounters the
sentence, “He put the batter in the refrigerator.” Let us refer to the sentence
being interpreted as IS. As explained, the selectional restrictions for putl cannot
determine the sense of “batter” in the IS. The interpreter’s output for the theme
of the IS (the sentence being interpreted) is : (obj ((dfart the) (noun batter))
((ballplayer1 batterl) (concoctionl batter2)) (theme)). The theme of the gloss is:
(obj ((noun food)) ((food foodl)) (theme)). The interpreter cannot decide be-
tween the two senses of “batter,” and for that reason it prints both senses. The
algorithm for noun sense disambiguation obtains all glosses for all noun senses
in the IS (the sentence being interpreted). Then, the algorithm (see Figure 3)
implemented in Lisp performs the following steps for each GL (gloss). The al-
gorithm will establish the sense of “batter” as batter2, by verifying first that
the verb predicate of a GL (gloss) subsumes the verb predicate of the IS (the
sentence being interpreted) or that the verb predicate of the IS (the sentence
being interpreted) and the verb predicate of the GL (gloss) belong to the same
verb predicate hierarchy (a relaxed criterion).

Let LNOUNS-IS be a list containing all noun senses in the IS (the sentence being
interpreted). Let L-GL be the list of all interpreted glosses for each of the noun senses
in LNOUNS-IS. Let IS-VERB-PRED be the verb predicate of the IS (the sentence
being interpreted).

While (L-GL is not empty) do:

Let FIRST-GL be the first gloss in L-GL. If the verb predicate of FIRST-GL subsumes
the IS-VERB-PRED or they belong to the same hierarchy, append the output of Role-
Subsumption (FIRST-GL, IS) to ANSWER. Delete FIRST-GL from L-GL.

End While.

Compute FINAL-ANSWER: Obtain the Longest-Sublist in ANSWER, (the one with
the greatest number of roles). If there is more than one list with the same number of
roles in Longest-Sublist, return all noun senses in each role as the answer.

Function Role-Subsumption (FIRST-GL, IS).

Let TEP1, TEP2, TEP3, CORRESP-IS-ROLE, ANSWER, be temporary variables.
Let IS-ROLES be a list containing the roles of the IS (the sentence being interpreted).
Let ROLES-FIRST-GL be a list containing the roles of the FIRST-GL.

‘While (ROLES-FIRST-GL is not empty) do:

Let ROLE-GL be the first role in ROLES-FIRST-GL. Search for GL-ROLE in IS-
ROLES and if it is found assign it to the variable CORRESP-IS-ROLE. If it is not
found, assign NIL to CORRESP-IS-ROLE.

Assign to TEP1 the noun sense of ROLE-GL. Assign to TEP2 the noun senses of
CORRESP-IS-ROLE.

Assign to TEP3 all noun senses in TEP2 subsumed by the noun sense in TEP1. Append
TEP3 to ANSWER. Delete the first role from ROLES-FIRST-GL. Set TEP3 to NIL.
End While

Return ANSWER End Function Role-Subsumption

Fig. 3. Algorithml - Determining Noun Senses by Subsumption of Verb Predicates
and Semantic Roles
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If that is not the case, the algorithm discards that GL (gloss) and gets the
next GL (gloss) if any. In this example, the predicate of the GL (gloss) subsumes
the predicate of the IS (the sentence being interpreted).

Then, the algorithm checks if the noun sense in the semantic roles of the GL
(gloss) subsumes the noun sense, or senses, in the semantic roles of the IS (the
sentence being interpreted). The comparison is done agent of the GL (gloss)
against agent of the IS (the sentence being interpreted), theme of GL (gloss)
against theme of the IS (the sentence being interpreted), and so on and so forth.
There is only a noun sense in the roles of the GL (gloss), because the noun
senses of the glosses are resolved, while the roles of the IS (the sentence being
interpreted) may have one or more noun senses.

Thus, for the aforementioned example we can verify that: 1) the noun sense of
the agent of the GL (gloss) subsumes the noun sense of the agent of the IS (the
sentence being interpreted), 2) the noun sense of the theme of the GL (gloss),
namely foodl, subsumes one of the noun senses of “batter,” namely batter2, in
the theme of the IS (the sentence being interpreted), and 3) the noun sense of
the goal of the GL (gloss) subsumes the noun sense of the goal in the IS (the
sentence being interpreted).

As a result, the algorithm returns the following: (refrigerator! put (agent
she) (theme batter2) (goal refrigerator1)). Had the sentence been “He put the
bass/shrimp in the refrigerator,” the algorithm would perform likewise for
“bass,” and “shrimp” (the first sense of “shrimp” in WordNet 1.6 is small per-
son). However, in the case of “bass” the algorithm will output two senses for
“bass,” bass4 (sea bass) and bassh (freshwater bass) because both senses have
food as their hypernym in WN. The algorithm outputs all the roles in the IS
(the sentence being interpreted) subsumed by the roles in each GL (gloss).

Simple glosses such as “People put food in a refrigeratorl/ovenl/potl/dishl
.7 go a long way in covering many noun senses for which no gloss has been
defined. Consider the sentence “In the operation, the appendix was removed.”
Even if there is no gloss for appendix2 (a body part), the following gloss for op-
eration7 “In an operation, some body parts are removed” will resolve not only
the sense of “operation” as operation? (surgical operation) but also the sense of
“appendix” as appendix2. Likewise, the gloss “Sometimes in a demonstration,
demonstrators may be hurt,” will solve the sense of “demonstrator” as demon-
stratord and “demonstration” as demonstration3. The gloss for cell2, “All living
things are made of cells,” will resolve not only the sense of “cell” as cell2 in
“Plants are made of cells,” but also that of “plant” as plant2. The gloss under
plant2, “Plant parts become plants,” will solve the sense of “plant” as plant2
and “runner” as runnerd in “The runner became a new plant.” The examples
can be easily multiplied.

Algorithm1-B

This algorithm is a relaxation of algorithml. In the cases in which the verb
predicate of the GL (gloss) and the IS (the sentence being interpreted) do not
belong to the same predicate hierarchy, algorithm1-B finds subsumptions only
between the semantic roles of the GL (gloss) and the IS (the sentence being
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Let Head-Noun-NP be the head noun of the NP and Head-Noun-PP be the head noun
of the object of the PP in [NP PP].

Collect all glosses for the noun senses of Head-Noun-PP having a goal role, and put
them in the variable GLS-GOAL.

While GLS-GOAL do

Let FIRST-GL be the first gloss in GLS-GOAL

If the head noun of the theme in FIRST-GL subsumes any of the senses of Head-
Noun-NP and the head noun of the goal in FIRST-GL subsumes any of the senses
of Head-Noun-PP, put all senses subsumed into the variable TEP1. Insert TEP1 into
ANSWER. Set TEP1 to NIL.

Delete the first GL (gloss) from GLS-GOAL.

end While Return ANSWER.

Fig. 4. Algorithm2 - Resolving Noun Senses in [NP PP] segments by Reasoning with
Theme and Goal Roles

interpreted). Its results are taken in account if at least two semantic roles in the
IS (the sentence being interpreted) are subsumed.

5 Algorithm for Resolving Noun Senses in [NP PP]
Segments by Reasoning with Theme, Goal and At-Loc
Roles

This section explains how to use the interpreted glosses for resolving the senses
of the head nouns of prepositional phrases modifying noun phrases. Consider the
sentence, “The plants in the pot vanished,” or “The batter in the refrigerator
vanished.” The algorithm explained in the previous section cannot help to deter-
mine the sense of “plant,” or “batter” in these examples. However, the semantic
roles in some of the glosses for pot4 and refrigeratorl can be used to solve the
senses of “plant,” “pot” and “batter” in a very decisive manner. The algorithm
(see Figure 4) works as follows. Suppose that the [NP PP] to be interpreted is
“The batter in the refrigerator,” and that we have a gloss stored under refrig-
eratorl that says, “People put food in refrigerators.” When a preposition that
may stand for the semantic role goal (e.g., “into,” “onto,” “in,” “on”) follows
a NP, the glosses for the noun senses of the head noun of the PP are searched
and all those that have a goal role are collected. In our example, all glosses for
“refrigerator” are searched, and those with a goal role are collected. Then for
each GL (gloss) with a goal role, the algorithm verifies: a) if the head noun of
the theme of the GL (gloss) subsumes any of the senses of the head noun of the
NP in the [NP PP] segment (“batter” in our example) and b) if the goal of the
GL (gloss) subsumes any of the senses of the head noun of the object of the PP
(“refrigerator” in the example). If both a) and b) are true, the algorithm returns
all noun senses subsumed by the theme and goal of the gloss. For this example,
the output is (ALGORITHM2= (BATTER2 REFRIGERATOR1)).

Another version of this algorithm reasons with theme and at-loc roles. This
algorithm is activated when the preposition in the [NP PP] segment may stand
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for an at-loc role, namely the prepositions “in” “on” and “at,” “near,” “along,”
“outside,” etc. Suppose that we want to determine the sense of “bay” in “The
ship in the bay.” Let us further assume that we have stored the gloss “Vessels
are found in bays” under bayl (a body of water). This algorithm collects all
glosses for the senses of “bay” that have an at-loc role, and is identical to the
one in Figure 4 if one replaces goal with at-loc. This algorithm will be able to
clearly determine the different senses of “bay” in “the ship in the bay” and “the
bay (compartment) in the ship,” given a gloss for bay4 (a ship compartment).

MW

6 Testing

We have tested the algorithms (algorithml, algorithml-b, algorithm?2) in sen-
tences most of them taken from the (The World Book Encyclopedia, World Book,
Inc. Chicago) and some from the BNC corpus. First, we looked into the Senseval-
2 dataset which contains 29 words. Unfortunately, this data set contains few ex-
amples of cases to which the algorithms explained in this paper apply. However,
many of the examples in the Senseval-2 dataset can be solved by other algo-
rithms based on our methods, and explained in a forthcoming paper. In that
paper, we show how the sense of “conductor” in the sentence “But in the twen-
tieth century, conductors have replaced composers as the most influential people
in musical life” (BNC corpus) can be solved by using only the noun senses in the
interpreted glosses. The reason why the sense of “conductor” in that sentence
cannot be solved by these algorithms is because the verb predicate for “replace”
does not determine the sense of “conductor.” The same applies to the sentence
“The conductor fired the violinist.” However, the situation is very different if
the verb is “direct.”

The purpose of this test has been to show that the algorithms explained in
this paper solve noun senses which will be very hard to solve by other algorithms.
We have defined and semantically interpreted 1235 glosses for 706 noun senses,
or concepts. We have chosen 34 words (conductor, striker, operation, arm, nail,
table, rally, plant, chair, cell, beam, blow, dish, spring, pot, bed, ball, colony,
sign, bat demonstrator, plot, crane, port, pen, star, paddle, mast, article, dam
pocket, coat, bay, cabin), and searched for sentences with those words. Some of
the sentences were formed by students while we were testing the system. The
sentences were parsed and semantically interpreted, and, then, the algorithms
were applied. The algorithms were tested in 120 relevant sentences, identifying
correctly the target noun sense in 87%. The algorithms were unable to identify
the noun sense correctly, or they came up with more than one sense for the
target noun in 13% of the 120 sentences. Most of the failures can be corrected
by adding some basic glosses to some noun senses. Other problems are due to the
semantic interpreter, or implementation. We have built a small fild] containing
100 sentences for which the algorithms found the correct sense for the target
noun. All 34 words are represented in the file. First we list the target word
followed by colon, and, then, the test sentence for that word, followed by the

! www.cs.ucf.edu/~gomez/nounsenses-disambiguation
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output of the algorithms. The file also contains some comments explaining the
output. These are two sample sentences for the word “port”:

(p "they make port in Portugal from grapes")

(ALGORITHM1=

((PORT2 MAKE-OR-CREATE-SOMETHING (THEME PORT2) (OF-STUFF GRAPE1) )))
Comment: port2 is inheriting glosses from winel. No glosses have been
provided for port2.

(p "they brought the grapes to the port in a boat")
(ALGORITHM1= ((PORT1 BRING-THINGS (THEME GRAPE2 GRAPE1) (GOAL PORT1)
(INSTRUMENT BOAT1) )))

7 Related Work and Discussion

This work falls within the knowledge-based approaches to NSD [8]. Most work
on NDS has been based on semantic similarity in the WordNet ontological tax-
onomy [I419]. A major distinctive aspect of our work is that the algorithms use
interpreted sentences in which verb senses and noun senses are solved. Another
differential aspect is that the task of NSD is linked to the overall task of se-
mantic interpretation. The circularity between NSD and selectional restrictions
is overcome by giving priority to the verb selectional restrictions, which nar-
row the noun senses. Then, the NSD algorithms are used to resolve the final
senses. Thus, it becomes critical that the verb selectional restrictions do not
select incorrect senses, or over-narrow them. As a result, the NSD algorithms
are casting light on the task of defining the selectional restrictions for the verb
predicates. A work that also uses semantic interpretation for acquisition is [5].
The authors present algorithms for the acquisition of linguistic knowledge and
domain knowledge from texts. The learning is realized by a classifier in a ter-
minological representation system. In contrast, in our research the acquisition
occurs by being told and aims at acquiring commonsense knowledge that will
permit further understanding.

The other aspect of this work is the acquisition of common sense knowledge
by being told. Wordnet is a partial realization of Quillian’s dream [12] of build-
ing a general semantic network of common sense concepts, because it relates
concepts only by is-a and part-of links. The acquisition methods described in
this paper link concepts by semantic relations expressing events, actions. etc. A
good interface providing some validation of the definitions will allow students or
volunteers to populate WordNet noun senses with the interpreted glosses creat-
ing a general common sense knowledge network, that could be used for all kinds
of natural language understanding tasks. A major difference between this work
and ConceptNet [7] is that the sentences entered in our system are parsed and
semantically interpreted by determining their semantic roles and verb predicate.
The semantic structures built from the user’s sentences are fully disambiguated,
with the main concepts linked to WordNet noun ontology, and our ontology
of verb predicates. This rich knowledge structure is what permits the semantic
interpreter to bootstrap its knowledge in order to deal with other semantic tasks.
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Conclusions

We have explained methods to bootstrap the knowledge of a semantic interpreter.
The semantic interpreter acquires knowledge about ordinary concepts by being
told, and applies this knowledge to noun sense disambiguation. In order to show
the relevance of the knowledge acquired, we have designed and tested three
algorithms for noun sense disambiguation.
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Abstract. The present study focuses on the definition of an Interlingua for the
French topological prepositions “dans(in)”, “sur(on)”, “a(at)” and their
equivalent in German “in”, “auf”, “an” with a view to their use in French-
German machine translation and second language acquisition systems. Both
languages have a concept of preposition but with a different lexical use. In the
same spatial situation, not always equivalent prepositions are used. The French
and German prepositions can cover the description of a certain spatial situation,
although its meanings can overlap themselves only partially. The choice of the
appropriate preposition in a target language depends on the meaning of the
topological preposition. With the second language acquisition of spatial prepo-
sitions mistakes frequently occur, because one preposition in French does not
correspond necessarily to a same basic meaning of a preposition in German.
Regarding the machine translation of spatial prepositions, their meanings in a
target language can not be defined in the same lexical way. Therefore the ma-
chine translation and the second language acquisition of spatial expressions
must be occur not directly on a language dependent, i.e. linguistic, but on a lan-
guage independent level, i.e. conceptual level. The definition of an Interlingua
assumes that the meaning of French and German topological prepositions can
be expressed in common neutral concepts.

Keywords: Interlingua, Spatial Expression, Topological Preposition, Spatial
Preposition, Spatial Representation.

1 Introduction

Our aptitude for communicating and reasoning about space is key to our abilities to
navigate, give directions, and to reason analogically about other subjects [16]. One
way that we describe spatial scenes is through the use of spatial prepositions. Spatial
prepositions expressing spatial relations are of two kinds: local and directional. Local
prepositions appear with verbs describing states or conditions, especially the verb “fo
be”. However, directional prepositions appear with verbs of motion. From the differ-
ent uses of the spatial expressions we will make topological prepositions the subject
of this work. We present an Interlingua for French topological prepositions
“dans(in)”, “sur(on)”, “a(at)” and their equivalent in German “in”, “auf” and “an”
with a view to use it in French-German machine translation and second language
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© Springer-Verlag Berlin Heidelberg 2008
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acquisition systems. Expressions involving spatial prepositions in French and German
convey to a hearer where one object (located object noted LO) is located in relation to
another object (reference object noted RO). For example, in the water is in the glass,
the water is understood to be located with reference to the glass in the region denoted
by the preposition in. Consider the sentences below:

1. a. La voiture est dans la rue = das Auto ist >l<1i_n/ﬂf der Stasse (the car is on the street)
b. Les nuages sont dans le ciel = die Wolken sind *@2/@3 Himmel
(the clouds are in the sky)
c. L’image est sur le mur = das Bild ist *auf/an der Wand (the picture is on the wall)
d. L’homme est 2 I’ombre = der Mann ist *am/im Schatten (the man is in the shade)

The examples shown above demonstrate that in the same spatial situation not always
equivalent prepositions are used and the description of the same spatial situation can
be lexicalized differently in French and German. Therefore the word by word direct
translation of the French expressions in (1) lead to a wrong use of the German prepo-
sitions: in (la) “in” instead of “auf”, in (1b) “in” instead of “an”, in (1c) “auf”
instead “an” and in (1d) “an” instead of “in”. The choice of the appropriate preposi-
tion in a target language depends on the meaning of the topological prepositions and
the relationship between LO and RO. With the second language acquisition of spatial
prepositions mistakes frequently occur, because one preposition in French does not
correspond necessarily to the same basic meaning of a preposition in German. Re-
garding the machine translation of spatial prepositions, their meanings in a target
language can not be defined in the same lexical way. Therefore the machine transla-
tion and the second language acquisition of spatial expressions must occur not on a
language dependent, i.e. linguistic, but on a language independent level, i.e. concep-
tual level. The definition of an Interlingua for French and German topological prepo-
sitions can only take place if their meaning can be expressed in common neutral
concepts. On the conceptual level, conceptual knowledge’s about object classes and
relations between objects are available and these are relevant for the interpretation of
the spatial expressions.

The issue of how language and space interact has had a long history in cognitive sci-
ence research. Early theories of spatial preposition use claimed that people assigned
spatial prepositions based on the geometry of a visual scene. However, more recent
work has shown that the use of spatial prepositions is influenced by a variety of fac-
tors; factors such as context ([11]; [19]), functional relationships between the objects
([71; [10]; [15]; [39]), topological [9], spatial and situational ([28]; [29]) also influ-
ence how we use prepositions in everyday language [12]. We take into consideration
these factors and we examine the meaning of French and German topological preposi-
tions in the face of (i) the topology of RO, (ii) the spatial characteristics of the RO,
(iii) the functional role of the RO and (iv) the functional role of LO.

The remaining of the paper is organised as follows. In section 2 we analyse the use
conditions of the French topological prepositions versus their equivalent in German.

. ..
“*#” denotes the wrong use of the preposition.
2 “im” is a contraction of “in dem”: the German preposition “in” and the article “dem”.

3« e

am”* is a contraction of “an dem”: the German preposition “an” and the article “dem”.



Interlingua for French and German Topological Prepositions 57

Next we describe and classify objects according to their functional, topological, spa-
tial and situational characteristics in order to interpret the French and German topo-
logical prepositions. The section 4 defines a representation of a meaning of French
and German topological prepositions. The last section closed this work.

2 French Versus German Topological Prepositions

In this section we present the use conditions of the French topological prepositions
and their equivalent in German.

2.1 “dans” Versus “in”, “auf”, “an”

The French preposition “dans” and German “in” have a same basic meaning and
allow the allocation of LO to the interior of RO. They assign the place of the LO to the
interior of the RO, as the LO place is contained totally or partly in the interior of RO
or is part of RO. Which configurations between LO and RO are possible, can be taken
from the knowledge of this objects and their usual interaction forms. For instance the
different configurations of French “dans” and German “in” in (2) evoke different
relationships between LO and RO.

<

2. a.L’eau est dans le vase = das Wasser ist in der Vase (the water is in the vase)
b. Les fleurs sont dans le vase = die Blumen sind in der Vase (the flowers are in the vase)
c. La fissure est dans le vase = der Sprung ist in der Vase (the fissure is in the vase)

The circumstances in (2) differ by the fact that a vase allowed two kinds of conceptu-
alizations: on the one hand vase as a container with his intrinsic situation to contain
water or/and flowers and on the other hand vase as a material body to contain a fis-
sure. In addition the relationships to the vase can be totally-, partially-inclusion or
part-of relation.

In some spatial situations, different prepositions can be used in French and German
(see example (1a)). In Contrast to French, where street is noticed as a container, it is
conceptualized in German as surface and is combined with the preposition “auf”.
Both conceptualizations are compatible with a view of streets either as two-
dimensional roadways or as a kind of U-shaped container that includes the buildings
on both sides (see also [17]). We have the same situation for the concept sky: in
French we use the preposition “dans” with the conceptualization of sky as a three
dimensional containers but in German we use the proposition “an” with the concep-
tualization of a sky as surface (see example (1b)). This kind of expressions is
understood as idiomatical use, whereby it should be decided for a certain RO concep-
tualization in each spatial situation.

2.2 “sur” versus “auf” and “an”

Where French use “sur” to express the contact of LO to all possible surfaces of RO
(examples in (3a-b)) German makes a two-fold distinction between “auf” and “an”,
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where “auf” is used for a top surface (3a) whereas “an” is used for a vertical and
bottom surface (3b-c).

3. a. le vase est sur la table = die Vase ist auf dem Tisch (the vase is on the table)
b. le tableau est sur le mur =das Gemdélde ist _an der Wand (the painting is on the wall)
c. la mouche est sur le plafond = die Fliege ist an der Decke (the fly is on the ceiling)
d. le lustre est @4 plafond = die Lampe ist an der Decke (the lustre is on the ceiling)

The spatial perception of the horizontal surface is therefore closely connected with the
functional perception of the supporting surface. In contrast to the horizontal surface, a
vertical or a bottom surface appear then only as supporting surface, if any kind of
attachment is available. Vandaloise [38] speaks of the activity and/or passivity of
support. The relationship between the LO and RO is considered as active if the func-
tional relationship is guaranteed alone by the entity involved (3c) and as passive if the
relationship is materialized only by using a fixation (3d).

2.3 “a” versus “an” and “in”

el [

The French preposition “a” corresponds to the German “an” or “in”: In contrast to
the German preposition “an”, which expresses a purely spatial relation, i.e. an alloca-

tion of LO to the proximal contact external region of RO, the French preposition “a
can express either a spatial relation as in (4a-e) or a functional relation as in (4f-g).

4. a. le touriste est a la plage = Der Tourist ist am Strand (the tourist is at the beach)
b. la voiture est au croisement = das Auto is an der Kreuzung (the car is at the crossroads)
c. Claudia est a Paris = Claudia ist in Paris (Claudia is in Paris)
d. Pépé est au Canada = Opa ist in Kanada (grandpa is in Canada)
e. Le vieillard est a I’ombre = der alte Mann ist im Schatten (the old man is in the shade)
f. Mémé est a I’église = Oma ist in der Kirche (grandma is in the church)
g. Christin est a I’'université = Christin ist an der Universitét (Christin is at the university)

The expression in (4f-g) can be interpreted in such a way that the person worship
respectively studies or teaches at the university. In this case the preposition is re-
garded more functionally than spatially. There are also different conventions for the
use conditions of the preposition “a” with names of locations like in (4d) defined in
[1], which can be denoted in German only by the preposition “in”. In the example
presented in (3d), the fixation of the lustre in the ceiling implicates a passive relation-

N

ship and so the use of the preposition “a”.

3 Object Characteristics and Object Classifications

As aforementioned, the spatial, situational, topological and functional characteristics
of objects play a decisive role in the interpretation of the spatial expressions. In this
section, we describe and classify objects according to these characteristics.

4 . . N .. N .
“au” is a contraction of “a le”: the preposition “a” and the article “le”.
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3.1 Topological Characteristics of Objects

The spatial relations expressed by topological prepositions are primarily a relation
between units of space. Each object possesses an inside, a surface and an external
region adjacent to this object [31]. The proximal external region of an object x is the
region, which is affected by its influence. According to [20] the proximal region
(noted Prox(x)) called also region of interation by Miller/Johnson-Laird [32] consists
on one hand of the space occupied by x (Place(x)) and the perceptual relevant surfaces
of x (Surf(x)) and on the other hand of the external region of x (Ex#(x)). For two di-
mensional objects Surf{x) is identical with Place(x). Ext(x) is the proximal contact to
the external region of x and allows the contact to the surfaces of x and constitutes the
external region of x. The following relation schemas are defined:

5. a. Place(x) < Prox(x) where "C" is the spatial part-of-relation.
b. Ext(x) = Prox(x) — Place(x) where “—* is the difference between the regions.

c. Surf(x) = Ext‘(x) - Exi(x)

The proximal region of an Object x is not an object but a distal concept [35]. Fur-
thermore, only the place occupied by an object x, his dimension and his perceptual
surfaces are relevant for the topological classification of objects. We differentiate
between objects with a material occupied space (Place(x, MAT)) and an empty space
(Place(x, EMPTY)) and objects with both concepts (Place(x, MAT_EMPTY)) (see also
[6]). The first group consists of three and/or two-dimensional objects and designates
massive objects (Obj(x, MASSIVE), e.g. wall) and/or surface objects (Obj(x, AREA),
e.g. ceiling). The most of solid objects have top, bottom and sides surfaces
(Surf(x,TOP), Surf(x, BOTTOM) and Surf(x, VERT), e.g. desks, computers). Some
surfaces can not be perceptually relevant, e.g. the sky is perceived only from his bot-
tom surface. The second and the last group refer respectively to cavities (Hollow(x,
Space), e.g. the tunnel) and hollow bodies (Hollow(x, BODY), e.g. the wastebasket),
which can be closed (Closed(x)) and/or open (Open(x)). The cavities can be also
bounded or unbounded. The characteristic "bounded" is particularly relevant for the
determination of the use conditions of the French preposition “a” and German “an”.
Generally, it must be differentiated between interior and external "bounded". The
characteristic of the interior "bounded" applies only to cavities, whose existence is
fixed within a materially occupied space. The cavities are either bounded (Bounded|(x,
INT) - “INT” for Interior) like a tunnel, vaguely bounded (Vague-Bounded(x, INT))
like a valley or unbounded (Unbounded(x, INT)) like a galaxy, which presents itself to
us only from the inside. All other spatial entities, which are not cavities, are externally
bounded (Bounded(x, EXT) - “EXT” for exterior).

3.2 Spatial and Situational Characteristics of Objects

The shape and the size of an object define its spatial characteristics. According to [42]
the perception of the shape occurs on the object parts such as surfaces, edges and
corners. The surface of three-dimensional objects is structured (with exception of
spherical objects) into individual surfaces limited by edges. Two-dimensional objects
have logically only one surface. One dimensional object is defined as line. According
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to [41], the search procedure of the LO is facilitated, if the RO is bigger than the LO,
whereby the size is measured according to the fast and successfully search. Li [30]
assumes that an object is qualified as RO if it is comparatively bigger then LO. Ac-
cording to [1], the choice of the RO is not only influenced by its size (Dim(x,1),
Dim(x,2) or Dim(x,3) for 1, 2 or 3 dimension of an object x) but also by his prominent
and salient characteristics. An object x is prominent (Prominent(x) e.g. the town-hall),
if it dominates visually by its form and visibility or also by its function. An object x is
salient (Salient(x) e.g. the bus-stop), if it represents a particularly distinguished point
of reference. In addition to the spatial characteristics the situational characteristics of
objects are also implicated in the description of the object, since top-, bottom-, and
adjacent-regions as well as top, bottom and side surfaces of objects are always estab-
lished relatively to their position in the space. An object can have a fixed position
(Fixed(x)) e.g. the traffic light) and it is immobile or a canonical situation (Canoni-
cal(x) e.g. the car), which is coupled with mobility, or a flexible position (Flexible(x)
e.g. the stone) without any fixed orientation or finally a dependent position (Depend-
ent(x) e.g. the upper-arm), which is associated with a part-of relation to another
object.

3.3 Functional Characteristics of Objects

The knowledge about the shape of objects is closely connected with the knowledge about
their functions. A table serves to support objects and therefore has a top surface. And
because it has this shape, the support function can be assigned to it. Objects like a bowl
and a tray can have a similar shape, but an apple is always in the bowl and on the tray.
This is to be attributed to the fact that a bowl is a container object and a tray a support
object. Thus, container objects are predestinated to allocate the interior space and support
objects the surface. Hollow bodies with closed or sidewise opened delimitation have a
prototypical interior. This type of object is represented for example by building, rooms,
means of transport, bags, bottles, glasses, vases, etc... In addition, an interior can be
formed by a horizontal spatial entity, if the surface exhibits a clear delimitation. This is
the case of locations like urban districts, settlements or larger geopolitical units. Those
are things, which are permanently parts of objects such as ceiling. Vandaloise [38] hold a
view, that some spatial expressions define a purely functional relation between the in-
volved objects. He assumes that the French preposition “dans” expresses a “con-
tainer/contained” (Contained(x,y) i.e. x is contained in y, this contenance can be partial or
total) and the French preposition “sur” a “supporter/supported” (Supported(x,y): x is
supported by y) relation. There is however examples for the use of “dans” and “sur”,
which can not be interpreted functionally (6).

6. a.l’avion est dans le nuage = das Flugzeug ist in den Wolken (the airplane is in the clouds)
b. le village est sur la frontiere = das Dorf ist an der Grenze (the village is at the border)

This means that spatial expressions can not be determined purely functionally but
with the combination of functional, topological and spatial factors. Consequently the
type of the object affects the selection of the spatial preposition. Our classification of
objects is dominated primarily by functional, biological or physicochemical character-
istics of objects, which implicate specific spatial characteristics. Regarding the
spatially relevant sorts, we based this classification on that of [6], who organized the
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entities in four object classes: locations, discrete objects, dependent-objects and sub-
stances. As presented above certain locations can only be used with a combination of
specific topological prepositions. Alone on the basis of the knowledge about the af-
filiation of the designated location to the class of the lakes, rivers, mountains, island,
etc., permits us to use a preposition in (7), without knowing their spatial characteris-
tics. The Locations are divided into regions (Loc-Region(x): e.g. school, settlement,
province), surfaces (Loc-Surface(x): e.g. continent, way), cavities of larger extent,
which are related to locations (Loc-Hollow(x): e.g. valley, tunnel), waters (Loc-
Water(x): e.g. Baltic Sea, pond) as well as geographical objects (Loc-Geo-Obj(x): e.g.
mountain).

7. a. Peter est sur I’fle=Peter ist auf der Insel (Peter is on the island)
b. Christin est sur le continent=Christin ist auf dem Kontinent (Christin is on the continent)
c. Mémé est a Paris=Oma ist in Paris (grandma is in Paris)
d. La voiture est dans le tunnel= das Auto ist im Tunnel (the car is in the tunnel)
e. Pépé est @5 France = Opa ist in Frankreich (grandpa is in France)

The lexical connection between the preposition and the RO involves an idiomatical
use of certain objects with certain prepositions, i.e. Obj(x, IDIOMAT_USE, dans),
Obj(x, IDIOMAT _USE, sur), Obj(x, IDIOMAT_USE, a), Obj(x, IDIOMAT_USE, in),
Obj(x, IDIOMAT_USE, auf) and Obj(x, IDIOMAT_USE, an) defines the idiomatical
use of an object for the specified preposition.

Discrete objects are divided into natural entities and artefacts (see [14] and [5]).
Natural entities are concrete objects of natural origin, like humans (Human(x)), ani-
mals (Animal(x)) or plants (Plant(x)). Whereas artefacts concern concrete objects
manufactured by humans, e.g. containers (Container(x): e.g. bottles, glasses), build-
ings (Building(x): e.g. schools, churches), means of transport (Transport-Obj(x): e.g.
buses, airplanes), articles of clothing (Cloth(x): e.g. coats, towels), food (Food(x): e.g.
bread, cheese, cake), etc...

Dependent objects are objects, which are bound to other objects, i.e. they occur
only depending on another object. Those are things, which are permanently parts of
objects (Part-Of{x): e.g. ceilings, legs), all kinds of cavities, which are bound to a
materially occupied object area (Hollow(x,BODY): e.g. hole, tear), as well as entities
of the class of illustrations ({llustration(x): e.g. blotch, drawing). Thereby, the spatial
characterisation of such objects is always relational to the RO and can never take
place independently from the RO.

Substances like liquid (Liguid(x) e.g. water), gaseous (Gaseous(x) e.g. spray), granular
(Granular(x) e.g. sugar) assume the shape of the containers, in which they are contained.
In this sense the space component of substances is to be understood as a relational size.

Referring to the object characteristics and the object classifications presented
above result conceptualizations of a ceiling, street and sky in (8). When we assume
that street is conceptualize as a surface and sky as a container, so the use of street with
the French preposition “dans” and sky with the German preposition “an” are to be
considered as an idiomatical use.

> The French preposition “en” is considered as a topological preposition. It appears particularly
for the description of specific LO-RO constellations. It corresponds to nearly one of the mean-
ings of the preposition “in”. It is not considered in this work.
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8. a. Conceptualization(ceiling)=0bj(ceiling, Area) A Surf(ceiling, Bottom) A
Ext(ceiling, Bottom) A Dim(ceiling,2) A
Fixed(ceiling) A Bounded(ceiling, Ext) A Part-Of{(ceiling).
b. Conceptualization(street)=Dim(street,2) A Surf(street, TOP) A
Bounded(street, TOP-EXT) A Fixed(street) A
Obj(street, IDIOMATICAL_USE, “dans”)
c. Conceptualization(sky)=Dim(sky,3) A Loc-Hollow(sky) A Surf(sky, BOTTOM) A
Open(sky) A Unbounded(sky, INT) ) A
Obj(sky, IDIOMATICAL_USE, “an”)

4 Representation of a Meaning of the Spatial Prepositions

Prepositions have been studied from a variety of perspectives: geometrically oriented
[3], [8] and [43], linguistically: [26], [37], [19], [36] and [21] logically based: [13],
[2], [32], [34], [18], [27], [23], [24], [41], [4], [30], [22] and [33]. All authors agree
on the fact that spatial prepositions do not denote like nouns an object, but rather
express a relation between objects. Disagreement prevails however in the question of
which nature is this relation and how it should be defined. For a geometrical approach
a preposition has to be understood as geometrical relation. Clark [8] defines the prepo-
sition “at”, “on” and “in” as one, two and three-dimensional relations. According to
[8] the preposition “at” determines relations between points and/or lines, “on”, rela-
tions between points, lines, and/or surfaces and “in” relations between points, lines,
surfaces, and/or volumes. Vandeloise [40] and Herskovits [19] examined the linguis-
tic descriptions of the spatial relations. Vandeloise [40] uses the concept family re-
semblance features in the description of the linguistic representation of spatial
relationships. Herskovits [19] refers in his theory to the work of [36] and [25] and
uses a notion of ideal meaning in order to associate with each spatial preposition a
categorisation. In this case prototypes or ideal meanings are geometrical relations
between LO and RO. For the logical approach the relation expressed by the spatial
prepositions is primarily a relation between spaces.

This study refers to the logical approach, in particularly to the work of [41] based
on the two-level semantics theory which tries to purge lexical entries of all details
which can be inferred from general conceptual principles.

We agree with Wunderlich/Herweg [41] that the meaning of spatial prepositions is a
localization relation between LO and a specific region concerning RO. This relation is
defined in the language of predicate logic with A-abstraction AyAxLoc(x, PREP*(y)).
Loc(x, p) means that the place occupied from x is contained in the region p [20]. The
core of the meaning of the preposition is a neighbourhood function PREP*, which has
to be specified for each preposition. The specification of this function takes place on
the conceptual level, in which conceptual knowledge about object classes and rela-
tions between objects is used.

4.1 Formalism

French and German topological prepositions are used to describe proximal spatial
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relationships. The meaning of the French topological prepositions “dans”, “sur”, “a
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and their equivalent in German “in”, “auf”’, “an” would be specified as a two place
predicate in (9).

9. a. [dans] = Loc(LO,Place(RO)) A Conceptualization(LO) A Conceptualization(RO)
b.  [sur] = Loc(LO, Ext(RO)) A Conceptualization(LO) A Conceptualization(RO)
c [a] = Loc(LO,Prox(RO A Conceptualization(LO) A Conceptualization(RO)
d. [in] = Loc(LO, Place(RO)) A Conceptualization(LO) A Conceptualization(RO)
e. [auf] = Loc(LO, Ext‘(RO, VERT)) A Conceptualization(LO) A Conceptualization(RO)
f [an] = Loc(LO, Ext‘(RO)) A Conceptualization(LO) A Conceptualization(RO)

- Place(RO) =Place(RO,EMPTY) v Place(RO,MAT_EMPTY) v Place(RO,MAT)
- Ext“(RO) = Ext(RO, TOP) v Ext(RO, BOTTOM) v Ext(RO, VERT)
- Prox(RO) = Ext(RO,VERT) v Place(RO, EMPTY)

The formalism in (9) is affected by the topology of RO and it say “LO is located in
the DANS*-, SUR*-, A*-, IN*-, AUF*- or AN*-region with respect to the reference
object RO”. The DANS*- and IN*-region in (9a, 9d) has to be equated with the place
of RO. The SUR*- and AN*-region in (9b, 9f) are defined by Ext°(RO) as a proximal
contact to the external region of RO. The proximal region of RO - Prox(RO) comes
into consideration for the specification of neighbourhood function A* in (9c) because
it does not take an allocation to a specific topological subspace of RO. The AUF*-
region in (9e) results from the AN*-region with the restriction on a vertical region of
RO. Furthermore, the meaning of these prepositions is concretized with the conceptu-
alisation of LO and RO.

4.2 Algorithm

In order to interpret the meaning of French and German spatial expressions the fol-
lowing steps are necessary:

1) Monolingual processing of the spatial expressions according to the topology
of RO.

2) Comparison of French and German spatial expressions according to the topol-
ogy of RO. Basically all pairs of French and German spatial expressions,
whose reference regions overlap one another totally or partially, can be corre-
spond to the other.

3) Monolingual processing of the spatial expressions according to the spatial
characteristics and functional roles of LO and RO.

4) Comparison of French and German spatial expressions according to the spatial
characteristics and functional roles of LO and RO.

In order to explain this algorithm, we consider the examples in (10):

10. a. French: La mouche est sur le plafond (the fly is on the ceiling)
b. German: Die Fliege ist *auf der Decke
c. German: Die Fliege ist an der Decke (the fly is on the ceiling)

Due to substantial similarity in the use of the German preposition “an” and “auf’, the
French expression in (10a) can be translated into German with (10b) or (10c). The
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meaning of these expressions can be expressed in (11) related to the meaning repre-
sentations in (9) and conceptualizations in (8a).

11. a. Loc(LO:fly,Ext°(RO:ceiling, BOTTOM)) A Conceptualization(LO:fly) A
. Conceptualization(RO:ceiling)
b. Loc(LO:fly,Ext‘(RO:ceiling, VERT)) A Conceptualization(LO:fly) A
. Conceptualization(RO:ceiling)
¢. Loc(LO:fly,Ext‘(RO:ceiling, BOTTOM) A Conceptualization(LO:fly) A
. Conceptualization(RO:ceiling)
with Conceptualization (fly)=Animal(fly) A Active(fly)

Because the ceiling has only a bottom but not a vertical surface, the translation of the
French expression with (10b) violates the topology of the German “auf’. Thus the use of
the German preposition “auf’ is inconsistent with a conceptualisation of the ceiling.
Only the representation in (11c) meet conditions defined in the algorithm and can be
considered as the correct translation of the French expression. In addition to the topo-
logical mapping the conceptualisations of fIy and ceiling verify in both languages the
functional factors to use the French preposition “sur”” and German preposition “an’.

Consider now the examples in (la-b), which involve an idiomatical use of the
French preposition “dans” with street and an idiomatical use of German preposition
“an” with sky. The idiomatical definitions of street and sky in (8b-c) alone constrain
us to choose the adequate prepositions to be use. Therefore, idiomatical spatial ex-
pressions must be learned in the way that one learns other vocabulary.

5 Conclusion

In the present study, the definition of an Interlingua for the meaning representations
of the French and German topological prepositions has been presented with reference
to their use in machine translation and second language acquisition systems. In the
interpretation of topological prepositions, two kinds of knowledge were necessary: the
spatial knowledge (structuring of the space into subspaces) and the object knowledge
(object shape, object function). As was shown, certain subspaces are associated with
specific object characteristics. An entity must satisfy certain conditions, so that it can
be assigned to a subspace. For instance, the interior is bound to the combination of
shape characteristics and container function, the surface to the support aptitude and
the proximal region to the size of the reference object. The essential differences in the
interpretation of topological prepositions are to be attributed to the fact that German
and French do not structure the space on the same way.
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Abstract. Ontologies are conceptualizations of some domain, defining
its concepts and their relationships. An interesting question is how do we
relate the ontological concepts to the general vocabulary of the domain?
In this paper we present the concept of ontological profiles, what they
are, how they are constructed, and how they may be used. We propose
that the ontological profile is a link between the vocabulary of the do-
main and its conceptual specification given by the ontology. This means
that the ontological profile can be tailored to a specific document col-
lection, reflecting the vocabulary actually used. Finally we demonstrate
how the ontological profile may be utilized for ontology-driven search.

Keywords: ontological profiles, ontology-driven information retrieval,
query reformulation.

1 Introduction

Ontologies are now used in a wide range of applications and have been instru-
mental in many interoperability projects. They help applications work together
by providing common vocabularies that describe all important domain concepts
without being tied to particular applications in the domains.

Used as part of semantic search applications, however, the ontologies have so
far had only limited success. Early semantic search engines tried to use ontology
concepts and structures as controlled search vocabularies, but this was unpracti-
cal both functionally and from a usability perspective. Ontologies for query dis-
ambiguation or reformulation seem more promising, though there is a fundamen-
tal problem with comparing ontology concepts with query or document terms.
Concepts are abstract notions that are not necessarily linked to a particular term.
Sometimes there may be a number of terms that refer to the same concepts, and
sometimes a specific term may be realizations of different concepts depending
on the context. Using conceptual structures to index or retrieve document text
requires that there is something bridging the conceptual and real world.

Another issue is the tailoring of ontologies to the retrieval task. Research
indicates that ontologies are of little use if they are not aligned with the docu-
ments indexed by the search application. The granularity of the ontology needs
to match the granularity of the document collection. While there is no need
to have an elaborated ontology for a sub domain with very few documents, it

E. Kapetanios, V. Sugumaran, M. Spiliopoulou (Eds.): NLDB 2008, LNCS 5039, pp. 67 2008.
© Springer-Verlag Berlin Heidelberg 2008



68 G. Solskinnsbakk and J.A. Gulla

is often necessary to expand ontologies in areas that are well covered by the
document collection.

This paper presents an ontology enrichment approach that both bridges the con-
ceptual and real world and ensures that the ontology is well adapted to the doc-
uments at hand. The idea is to provide contextual concept characterizations that
reveal how the concepts are referred to semantically in the document collection.
The characterizations come in the form of weighted terms that are all - to some
extent - related to the concept itself. The ontology together with the concept char-
acterizations are referred to as an ontological profile of the document collection.

The approach has already been used for ontology alignment, and we are now
experimenting with these profiles in search and ontology learning. Our initial
search prototypes display a significant improvement of search relevance, provided
that the quality of the characterizations are sufficient.

The structure of the paper is as follows: Section 2 gives a short overview of
related work, while Section 3 deals with defining ontological profiles. Section
4 describes how such profiles are constructed, and Section 5 shows how the
ontological profile may be used as a tool for enhancing information retrieval.
Finally Section 6 concludes the paper.

2 Related Work

In the last years there have been many research projects concerned with se-
mantic search, and we will here focus on applications that employ query ex-
pansion/reformulation techniques. [I] uses WordNet to expand the user query
in the geographical domain. The query is expanded by POS tagging the query
and expanding proper nouns with related words (synonymy and meronymy in
WordNet). [2] describes a system that employs conceptual indexing (based on
WordNet) and uses a variant of LSA to add conceptually similar words to the
query. [3] describes a system that represents documents as a combination of
concept instances and bag-of-words. The ontology is used at query time to dis-
ambiguate the query by presenting instances to the user. In [4] a system that
employs conceptual query expansion is presented. Concepts are generated based
on the top ranked document from a two-word (manually generated) query. A
combination of words (represented as concepts) are added to the original query.
[5] presents a ontology based search for portals. The system uses ontologies to
contextualize and expand the user query with related words from the ontology.
The new query is entered to Google through the Google API. The system that
is most similar to the one we are developing is presented in [§]. This system is
also based on building concept vectors, and the main difference lies in how these
are constructed together with how they are used in the query expansion process.

3 Ontological Profiles

An ontological profile is an extension of a domain ontology. The ontology is
extended with semantically related terms. These terms are added as vectors for
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each of the concepts of the ontology. This means that in the ontological profile
each concept is associated with a vector of semantically related terms (concept
vector). The terms are given weights to reflect the importance of the semantic
relation between the concept and the terms.

Definition of concept vector. The definition given here is adapted from [6].
Let T be the set of n terms in the document collection used for construction
of the ontological profile. ¢; € T" denotes term i in the set of terms. Then the
concept vector for concept j is defined as the vector C; = [wy,wa,...,w,_1]
where each w; denotes the semantic relatedness weight for each term ¢; with
respect to concept C}.

We assume that the ontological profile is constructed on the basis of a docu-
ment collection that covers the same domain as the ontology. By applying text
mining techniques to the document collection we add terms that are semanti-
cally linked to the concepts of the ontology. Thus, each concept of the ontology
is associated with one vector containing terms and weights that are specific to
the concept. On an abstract level we may say that building an ontological profile
is in fact building a weighted semantic dictionary, in which the concept vectors
for each concept gives a list of terms and their weights that give an extended
semantic characterization of the concept with respect to the document collec-
tion used as basis. We argue that the ontological profile, due to the construction
based on a domain collection, gives a representation of the concept and its se-
mantically linked terms that reflects how the concept is used in the language
of the documents. This is an important point, since authors may have prob-
lems using a vocabulary consistent over a large domain. The concept vectors
will typically contain terms that are synonymous to the concept and that are
more indirect references to the concept or the use of it. One may argue that
the use of thesaurus or WordNet may give much of the same information, but
with one important difference. The information found in such formal sources
are more general, and possibly not applicable to very specific concepts in large
ontologies. Therefore we argue that the ontological profile possibly is better
suited, since it is adapted to the document collection and the vocabulary used
in it.

We argue that when applied to information retrieval (see Section[H]) ontological
profiles are generic to the search process. By this we mean that an information
retrieval system that is built to utilize such profiles may be adapted to different
document collections or even domains by exchanging the document collection
and/or the ontology used. This is illustrated by Figure[[l We see that two dif-
ferent document collections are used to build two different ontological profiles
for the ontology. By substituting the ontological profile the system can search
more focused in a different document collection. We might also imagine that an
enterprise through the years have collected a large amount of documents, and
the use of the vocabulary might have changed over time. Thus by building on-
tological profiles for certain time spans, these ontological profiles may provide
bridging between the vocabulary used at different points in time.
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Fig. 1. The concept of ontological profiles

Terms in the concept vectors are weighted in the range [0,1] where 0 means
that there is no relation between the term and the concept, while 1 designates
the term as being highly related to or even synonymous with the concept.

The terms contained in the concept vectors are semantic extensions of the
concept. It could possibly be argued that the terms could be added as concepts
to the ontology, further specializing the ontology. However, this is not necessarily
desirable. First of all, the terms are very specialized, tailored towards the vocab-
ulary of the underlying document collection, suggesting that they are not generic
to the domain, and thus would only clutter the further use of the ontology with
respect to other document collections. Secondly, the purpose of constructing the
ontological profile is to do a more deep semantic analysis of the document col-
lection, finding relations that are found in the documents, but that need not be
generic to the domain. The terms are not generic enough, and are to fine-grained
to be used as concepts in the ontology.

The construction of these ontological profiles is based on three different as-
pects of the content of the documents used. The first is that we apply statistical
techniques, counting the frequency of the terms in the documents. Terms that
co-occur with a concept more frequent are hypothesized to be more relevant for
a concept than terms that do not co-occur as frequently. The second is that
we apply linguistic techniques, i.e. stemming, to collapse certain terms into a
single form. The third aspect is that we use a proximity analysis of the text.
The assumption that lies behind the proximity analysis is that the closer terms
are found in the text, the more semantically related they are. These three as-
pects of the underlying document collection are the basis for the construction of
ontological profiles that we suggest in Section [4

Finally we will in this section show an example of a concept vector. We will
be using the concept Christmas Tree from the IIP ontology [12]. The setup of
the experiment can be found in Section B3l A christmas tree (see Figure[2) is by
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the ISO 15926 standard used in the petroleum industry defined as “an artefact
that is an assembly of pipes and piping parts, with valves and associated control
equipment that is connected to the top of a wellhead and is intended for control
of fluid from a well.” The top 10 terms for the concept vector are shown below:

Cehristmastree = [christmag.71,treeg.¢o, valveg.13, masterg 11, wingo.i1,
bopo.os, locatedy os, stackg.o7, chokeg o7, wellheady og]

Note that we have applied stemming, resulting in christmas being stemmed
to christma. The first two terms in the vector are the constituents of the con-
cept name, and have also received the highest relevance score. The terms valve,
and wellhead are clearly related to the concept (as we may note from both the
definition and Figure [). Master is also contained in the vector, and looking
at Figure [2] we see that several valves are referred to as “master” valves. Bop
(an abbreviation for blowout prevention) is certainly relevant, although it is not
mentioned in the definition. This term demonstrates in a good way that terms
are picked up in the process of building the ontological profile based on semantic
relations. A point that is worth mentioning (although more a implementational
issue) is that the vector does not contain any phrases (for instance the concept
name is split into two separate terms). Adding phrases to the vectors would add
even more semantics to the concept vector, and is an issue that will be addressed
in the next stage of research.

4 Construction

The ontological profile is constructed on the basis of a domain relevant document
collection. This assures that the connection we want between the vocabulary of
the domain (at least the vocabulary in the document collection used) and the
concepts of the domain is found, letting the ontological profile be a semantic
characterization of the domain. A detailed description of the approach we have
used for the construction of the ontological profile is found in [7], and is based on
a method described by [6]. [8] describes another approach for the construction
of ontological profiles (referred to as feature vectors).

The overall process of constructing the ontological profile is shown in Figure[3l
The first step is to preprocess the documents used during the construction phase.
During this process we remove all stop words, and stem the terms lightly (re-
moving plural s), using the conversion s — () for all terms not terminated with
ss. A light stemming algorithm is chosen to reduce the effect of decreased pre-
cision which is a problem with stronger stemming algorithms (e.g. the Porter
stemming algorithm) [9].

Next, we build three separate indexes of the relevant documents, reflecting
three different semantic views of the documents. In the first case, the whole
document is viewed as a set of semantically related terms. The second case
splits the documents into paragraphs, where each paragraph is considered a
semantic entity in which the terms are closer related semantically than in the
document. We have chosen to split the paragraphs at the boundary of two or
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Fig. 2. Schematic view of a christmas tree [12]

more consecutive line breaks. The last case is where the document is split into
sentences, and each sentence is considered a semantic entity. Terms found in a
single sentence are considered to be even closer semantically related than in the
paragraph. We have used punctuations as the boundaries between the sentences
(“7,4”, and “?”). Thus we have formed a hierarchy of increasing semantics
over the text. Once the documents have been split according to our schema we
construct three separate indexes, one for whole documents, one for paragraphs
and one for sentences. The indexes are constructed based on Apache Lucen
and the vector space model.

The next step in the construction of the ontological profile is to assign to each
of the concepts in the ontology the set of relevant documents (whole documents,
paragraph documents, and sentence documents). We use the concept name as
a phrase query into the three indexes, and all documents containing the phrase
are assigned to the concept as relevant. Of course, using the concept name as
a phrase query into the three indexes imposes a challenge; some of the concept
names are artificial in their construction or are not used in the form given in
the concept. This means that many of the concepts are not found during the
assignment of documents to the concepts. We have not researched how to handle
this, so this is a matter that needs further research.

The final step in the construction of the ontological profile is to calculate the
weights for the terms assigned to the concepts. Recall that the previous step
assigned all documents found to be relevant (i.e. contains the concept name as
a phrase) to the concept. This means that all terms found in the relevant doc-
uments are also assigned to the concept. Having the text partitioned into three
different views, we use this partitioning to boost terms that are found closer to
the concept in the text. In effect this means that we give the highest weight

! http://lucene.apache.org/
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to terms that are found in the same sentence as the concept name phrase (the
highest semantic coherence), terms found in the same paragraph as the concept
are given lower weight than sentence - terms, and higher than document terms.
The basis for the weight calculation is the term frequency for each term found
in the relevant documents. Equation [Il shows the calculation, where vf; ; is the
term frequency for term ¢ in concept vector j, f; is the term frequency for
term ¢ in document vector k, D, P, and S are the possibly empty sets of rele-
vant documents, paragraph documents and sentence documents assigned to j,
and a = 0.1, B = 1.0, and v = 10.0 are the constant modifiers for documents,
paragraph documents, and sentence documents, respectively. The modifiers (a,
0, and ) simply reflect the relative importance of terms found in whole docu-
ments, paragraph documents, and sentence documents. Although the absolute
numerical value for these have not been researched extensively, we have found
that the set of modifiers shown perform quite well.

”fi,j:a'Zfi,d+ﬁ'Zfi,p+7'Zfi,s (1)

deD peP ses

The vectors resulting after the calculations in Equation [I] are what we refer
to as the basic vectors. Applying the familiar tf*idf [I0] score to the frequen-
cies we get closer to the final representation of the vectors. The idf factor gives
more importance to terms that are found in few documents across the document
collection, and is used in an analogue way here. The only difference is that we
now use the basic vectors as our documents, meaning that the idf factor gives
higher weight to terms that are found in few concept vectors. The calculations
are shown in Equation [ where ¢ fidf; ; is the tfidf score for term ¢ in concept
vector 7, vf; ; is the term frequency for term 7 in concept vector j, maz(vf ;) is
the frequency of the most frequent occurring term [ in concept vector j, N is the
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number of concept vectors, and n; is the number of concept vectors containing
term 7. ! N
. UJi,j
tfidf; ; = maz(ofiy) -log o (2)

The ontological profile is now complete, although we may apply some final
normalization, such as normalizing the vectors to unit length to ensure that
prominence within the vectors is reflected when comparing several vectors with
the same term. The last step is to index the vectors so that the vectors may
be searched both by concept name and by terms (resulting in a ranked list of
concepts).

In [TI] we also introduced the notion of negative concept vectors, which are
built in the same way but contain only terms that are not relevant for the
domain. The documents used to build these negative concept vectors are strictly
non-relevant to the domain.

5 Ontological Profiles in Search

This section will give a description of how the ontological profile may be used
in a search application. Our approach to using the ontological profile in search,
is to use it as a tool for semantic reformulation of queries on top of a standard
vector space based search engine (we use Lucene), using the reformulated query
as a query into the index. This approach lets the system hide from the user the
fact that an ontology is used, and the user is only faced with entering familiar
keyword queries.

The query reformulation process is based on two steps. The first is to interpret
the user query, in effect this means that we map the user query on to a set of one
or more concepts in the ontology. The second step is to expand the query with
semantically related terms, i.e. we use the concepts from the first step. These
steps will be described in the following.

5.1 Query Interpretation

The goal of the query interpretation is to map the user query (keywords supplied
by the user) on to a set of one or more concepts of the ontology. In this mapping
process we use the ontological profile as a measure of the coherence between the
concepts and the users query terms. We have suggested four such query interpre-
tation techniques which produce a ranked list of concepts to choose from during
the query expansion. Recall that the ontological profile contains for each concept
a list of terms and their weights showing their importance for the concept. In
effect we try to find the set of concepts that maximize the semantic coherence
between the query and the concepts.

Simple query interpretation. The simple query interpretation is the most
basic schema, mapping each query term to a single concept. For each query term
we find the concept which has the highest tf*idf score for that term in its vector.
The concept with the highest tf*idf score is subsequently picked as the semantic
representation of the query term and picked for expansion in the next step.
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Best match query interpretation. In the simple interpretation scheme we do
not consider any relations between the user entered query terms. The best match
approach assumes that there is in fact a relation between the user entered query
terms, and tries to recognize this relationship by attempting to map the user
query terms on to a single concept which has a good representation of the query
terms collectively. This is done by requiring the candidate concepts to contain all
query terms. The concept which maximizes the score given in Equation Bl (ccore..
is the score for concept ¢, t; . is the tf*idf score for query term 7 in concept c) is
picked for subsequent expansion.

score. =toe+tie+ ... +tno1,c (3)

Cosine similarity query interpretation. The last two interpretation
schemas are attempts at disambiguating the user query. This is done by at-
tempting to recognize relations between the query terms and the concepts they
map to. There could possibly be a relation between the first concept for term 1
and the third concept for term 2, which is not recognized by the simple inter-
pretation. In the cosine similarity approach we use the cosine similarity between
concept vectors as a measure of the relationship between the concepts. The first
part of the interpretation is in fact similar to the simple approach, in which for
each query term we generate a ranked list of the 15 most related concepts. For
each pair of concepts we calculate a score (Equation[d] cin is the concept ranked
as n with respect to query term ¢) which takes into account both the score for
each term and the relationship between the concept vectors. The pair of concepts
with the highest score will be picked as the semantic representation of the query
and used for subsequent expansion.

SCOT€cin,cjm = tin * tjm * cos_sim(cin, cjm) (4)

Due to complexity we have only implemented and tested the last two ap-
proaches for two query terms.

Ontology structure query interpretation. This query interpretation ap-
proach is similar to the cosine similarity interpretation, but uses a different mea-
sure for the similarity between the concepts. The similarity measure is based on
the structure of the ontology, where we use the distance between the concepts
as a measure of the similarity. We rely on the assumption that concepts that
are close in the ontology have a higher semantic coherence than concepts that
are further apart. We generate a graph structure representation of the ontology
in which the concepts are nodes and the relations are edges. This graph is then
traversed to find the distance for each of the concept pairs. As for the cosine sim-
ilarity based approach, we generate a ranked list of the 15 most related concepts
for each of the query terms. The score for each pair of concepts is calculated as
shown in Equation Bl where the path function gives the distance between the con-
cept pairs. The pair of concepts with the highest score is picked as the semantic
representation of the query and used in the subsequent expansion process.

1
path(cin, cjm)

(5)

8COT€cin,cjm = Lin * Ljm *
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5.2 Query Expansion

The query expansion process reformulates the original query by adding semanti-
cally related terms to the query. This is done by adding the top 15 terms to the
original query with their weights. This means that the final query is a weighted
query, and the original query terms are boosted to signal that these are the most
important terms in the query. In addition we use the negative concept vectors
to add for each concept the top 15 negative terms to the query. These terms
are added as NOT terms, signaling that any documents containing these terms
should not be included in the result set. This takes care of removing some of
the noise introduced by the increased set of query terms. Finally the weighted
query is fired against a vector space search engine (Lucene) and the result set is
returned to the user.

5.3 Results

There are two main approaches to evaluating the usefulness of ontological pro-
files. The first is to evaluate it in an information retrieval system, and the second
is to evaluate the concept vectors with respect to reflecting the quality of the
concept vectors. First we give a short description of the evaluation of the on-
tological profile used in information retrieval (based on the approach described
in Section [l). We have used the IIP [I2] core ontology, which contains 18,675
concepts, covering the domain of oil production and drilling in subsea condi-
tions. For the construction of the ontological profile we used the Schlumberger
Oilfield Glossary and successfully created concept vectors for 2,195 concepts.
Our evaluation, which consisted of 7 queries and 5 test subjects, revealed that
all four of our reformulation strategies performed significantly better than pure
keyword search (see Figure [ left). One surprising result was that all four of
the strategies performed very equally, none of them stood out in any way with
respect to query type. This suggests that the structure of the ontology is not
as important as we first thought. Although the evaluation is not statistically
significant, it gives an impression of the performance of our strategy. For a more
thorough description of the evaluation, see [I3].

As we introduce new terms to the query, we hypothesize that the reformulated
queries enhance the recall of the system, as a broadened set of query terms will
retrieve more documents. We have however not investigated how precision is
affected by the proposed search strategy. The quality of the vectors is of critical
importance for the system to perform well, as is also indicated by [§]. Further
work includes tweaking of parameters and giving the system a more thorough
evaluation.

The second evaluation considers the quality of the vectors. We did an evalu-
ation (in the project management domain) in which we evaluated the quality of
the relationships found by calculating the cosine similarity between the concept
vectors. With relationships we mean not necessarily the relationships found in

2 http://www.glossary.oilfield.slb.com
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Fig. 4. Left: Evaluation of ontological profiles in search [13] Right: Evaluation of con-
cept relations [14]

the ontology, but the relationships found among the concepts based on the con-
cept vectors. The right part of Figure @l show that the relationships found were
generally of higher quality than those found by other means [I4].

6 Conclusion

We have in this paper presented the concept of ontological profiles, and how they
are constructed. We argue that they are more powerful semantic representations
of a domain than an ontology is on its own. Text mining techniques are employed
to extend the ontological concepts with terms that are semantically linked to
the concepts, and weights showing the strength of these relations. Finally we
showed how a search system based on ontological profiles may be constructed.
The evaluation of the search prototype showed promising results, and we will
continue research on ontological profiles for search applications.
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Abstract. Most ontology learning tools concentrate on extracting concepts and
instances from text corpora. There are some recent tools that employ linguistics
or data mining to uncover concept relationships, but the results are mixed. Since
relationships are semantically complex notions, it seems interesting to combine
approaches that address different aspects of concept relationships. In this paper
we present a hybrid approach that combines the co-occurrence principle from
association rules with contextual similarities from linguistics. The technique has
been tested in an ontology engineering project, and the results show significant
improvements over traditional techniques.

1 Introduction

Ontology engineering is a tedious and labor-intensive process that requires a wide range of
skills and experiences. Except for the challenges of dealing with very complex and formal
representations, the modelers need to manage and coordinate the contributions from vari-
ous types of domain experts. Moreover, there are strategic issues that tend to interfer with
the process and increase the costs of constructing and maintaining ontologies.

While ontologies are expensive to develop, they provide the common vocabulary
that many applications need to interoperate. In spite of the costs and time needed,
many projects resort to traditional ontology modeling approaches that emphasize the
systematic manual assessment of the domain and gradual elaboration of model
descriptions (e.g. [5, 7]).

Ontology learning tools promise to automate parts of the ontology engineering
process (e.g. [11, 14, 16]). These tools process textual domain descriptions and try to
come up with ontological structures with no or limited human intervention. The as-
sumption is that the domain text reflects the terminology that should go into the on-
tology, and that appropriate linguistic and statistical methods may automatically
extract suitable concept candidates and their relationships.

Already current ontology learning tools allow ontologies to be generated faster and
with less costs than traditional modeling environments. However, manual verification
and correction of the generated structures are still needed, as there are many aspects that
are hard to address with automatic techniques. The best results so far are for the learning
of prominent phrases, synonyms and concepts. Extracting relationships between con-
cepts is an inherently complex task that requires a thorough understanding of how rela-
tionships are perceived. The relationships range from generalization hierarchies and
part-of structures to vague and undefinable associations between concepts. Even though
there are some ontology learning tools that offer relationship learning facilities, the

E. Kapetanios, V. Sugumaran, M. Spiliopoulou (Eds.): NLDB 2008, LNCS 5039, pp. 79 2008.
© Springer-Verlag Berlin Heidelberg 2008
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accuracy of the relationships extracted is questionable and there has only been limited
work on comparing the various approaches to relationship learning. This is unfortunate,
as there are indications that several approaches may be successfully combined in multi-
perspective relationship learning approaches.

In this paper we present a hybrid relationship learning approach that combines a
linguistic contextual analysis of concepts with co-occurrence patterns across docu-
ments. Both techniques may be used separately to extract ontology relationships, and
they tend to select slightly different types of relationships. Used in combination,
though, we end up with relationship candidates that are significantly better than what
each of the techniques can offer in isolation.

The paper is structured as follows. Section 2 discusses the nature of relationships in
ontologies and explains why it may be useful to adopt a multi-perspective approach.
Section 3 introduces association rules, and Section 4 presents a new learning approach
that uses concept profiles to extract relationships. Whereas Section 5 outlines the
implementation of our hybrid approach, the main conclusions of the evaluation are
discussed in Section 5. The conclusions are found in Section 6.

2 Ontology Relationships

Ontology relationships provide logical links or dependencies between concepts or
instances in ontologies. Whereas some form taxonomic hierarchies, there are others
like synonyms and antonyms that relate concepts or terms horizontally across hierar-
chies. For ontologies used in enterprise applications, we tend to need at least the fol-
lowing types of relationships:

¢ Hyperonymy (is_a relationships). These are taxonomic relationships that establish
abstraction hierarchies, specifying for example that project managers and project
members are both company employees.

¢ Meronymy (part_of relationships). These relationships indicate that several concepts
together make up another concept, and it includes both the notion of aggregation and
composition from UML. Examples from the project management domain are the
elements of a project charter, or the people forming a project organization.

¢ Associations. These are non-taxonomic relationships that say that one concept is
logically related to another. Examples are sponsors financing projects or ordinary
project members reporting to their managers.

Relationships are of fundamental importance to many Semantic Web applications.
Whereas constraints and rules are sometimes used to provide accurate concept defini-
tions, it is often the relationships that help applications relate concepts and give users
and applications the flexibility they need to retrieve and exchange information.

This work addresses the learning of mostly non-taxonomic relationships. As op-
posed to taxonomic relationships, for which it is often possible to take advantage of
external linguistic resources or the internal structure of terms to uncover hierarchical
structures, non-taxonomic relationships tend to be domain-dependent and can only be
understood in the context of the documentation available in the domain. There are
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basically two overall approaches to learning non-taxonomic relationships, the co-
occurrence approach and the definitional approach:

¢ Co-occurrence approach. Concepts may be considered related if they consistently
show up in the same context. If two concepts occur frequently in the same docu-
ments — compared to any other pair of concepts — we may assume that they se-
mantically deal with related issues and there may be a relationship between them.
The approach does not attempt to expose any semantic aspects of the concepts,
and the quality depends heavily on the availability of statistical data.

¢ Definitional approach. Another approach is to use textual data available to
characterize concepts semantically. Having generated formal semantic charac-
terizations of all concepts, one can compute the semantic similarities of any two
pair of concepts. The hypothesis is that there is a relationship between two con-
cepts if their semantic similarity is above a certain threshold. This approach
needs less statistical data and tends to capture more low-level relationships like
synonyms and predicate-argument structures.

Our hybrid approach to ontology learning makes use of both a co-occurrence approach
and a definitional approach, and the final results are found by intersecting the part re-
sults of the two techniques. We are using a well-known co-occurrence approach, asso-
ciation rules, to learn general high-level relationships between concepts. The technique
is well understood and has proven efficient in many other ontology learning tools. For
the definitional approach, we have developed an entirely new technique using concept
profiles and cosine similarities. This technique addresses more subtle semantic issues
and has been useful in generating low-level relationships between specialized domain
concepts. The details of both methods are explained in the following.

3 Association Rules for Ontology Learning

Association rules come from data mining and is a technique identifying data or text
elements that co-occur frequently within a dataset. They were first introduced in [1]
as a technique for market basket analysis, where it was used to predict the purchasing
behavior of customers. An example of such an association rule is the statement that
790% of the transactions that purchased bread and butter also purchased milk.”

The problem in association rules mining can be formally stated as follows:

Let I be a set of literals, called items. Let D be a set of transactions, where each
transaction 7T is a set of items such that 7 < I . A transaction T contains X, a set of

some itemsin 7, if X T .

An association rule is an implication of the form

XV, where X c LY I, XNY =0

A rule X = Y holds in the transaction set D with confidence c if c% of the
transactions in D that contain X also contain Y. The rule X = Y has support s in
the transaction set D if s% of the transactions in D contain X UY .




82 J.A. Gulla and T. Brasethvik

The approach is to generate all association rules that have support and confidence
greater than user-specified minimum support and confidence levels. Implementation-
ally, the most common algorithm for the generation of association rules is the Apriori
algorithm, introduced originally in [2]. The algorithm detects all sets of items that
have support greater than the minimum support. These sets are called frequent item
sets. For every itemset / in the frequent itemset, L, it finds subsets of size k-1. For
every subset X, it generates a rule X = Y, where Y = / — X. The rule is stored if the
confidence

support (X W Y)/ support (X)

is greater than or equal to the minimum confidence.

In a text mining context, association rules are used to indicate high-level relation-
ships between concepts. Let us assume that an item set is a set of one or more con-
cepts. If the rule X = Y has been generated and stored, we can conclude that there is
a relationship between the concepts in X and the concepts in Y. With item sets of size
1, we have rules that indicate relationships between two concepts.

In order to run association rule mining on text, we need to structure the text to mirror
the setup in data mining. Following [6, 10], we consider documents — rather than sen-
tences or paragraphs — to correspond to transactions in data mining. Since we are only
interested in extracting relationships between potential concepts, we also restrict the
analysis to noun phrases only. We reduce the noun phrases to their base forms, so that
project plans and project plan count as the same term and only include noun phrases
that have a certain prominence in the document set. We then have documents as item
sets and lemmatized prominent noun phrases as items and can run a standard association
rules analysis to suggest relationships between the prominent noun phrases.

4 Concept Profiles for Ontology Learning

Concept profiles are semantic characterizations of concepts in terms of words and
phrases used to refer to the concept in a particular domain. They share similarities
with synsets in WordNet, though the profiles are larger and include also words that
are more distantly related to the concept. Weights are used to indicate to what extent a
profile’s word is central to the semantics of the corresponding concept. The concept
profile for a project manager may include terms like [manager; o, leader;, lead)g,
charge, s, management, 4, report 3, etc]. It does not only include noun phrases, but any
term that is used to address semantic issues related to the concept.

Technically, the profiles are vectors of weighted terms related to the concept. The
weights are calculated on the basis of a proximity analysis of sentences, paragraphs
and documents in the domain. The idea is that terms used in direct proximity of a
concept should be semantically closer to the concept than terms used farther away.
Terms that are consistently used in the same phrases as a specific concept should
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semantically capture parts of the concept’s meaning itself. The computation of
concept vectors is done as follows:

Let j be a concept and V i be concept j’s profile. The term frequency for term i in the

concept profile V ; of concept j is calculated as

vfij=a- Z fia+8- Z fip+- Zfi,.s

deD peEP ses

where D is the possibly empty set of relevant documents including j
P is the possibly empty set of relevant paragraphs including j
S is the possibly empty set of relevant sentences including j
f; 4 is the frequency of term i in document d
fip is the frequency of term i in paragraph p
f; s is the frequency of term i in sentence s
o < B < v (values used in experiment: a=0.1 , =1.0,v=10.0)

The concept profile of concept j is a vector ‘7.1‘ = [Wy..., wi;], where w;; is the weight
of term i and is equal to the following tf.icf score:

) '7- . N
tficfi; = vfij

LAY B P

maz(vfi ;) ©n;

where fficf;; is the weight of term i in the concept profile vector of concept j
max(vf;;) is the frequency of the most frequently occuring term / in vector V j

N is the number of concept profiles
n; is the number of concept profiles containing term i

When all concepts are described in terms of concept profiles, we may calculate the
relatedness between concepts using the cosine formula

n
DT
B e i=1
cos(Z,y) = = =
PN DI
=1 =1

where X and y are concept profiles and x; is the weight of the i™ term of profile X . If

the cosine similarity is above a certain threshold, we conclude that there is a relation-
ship between the concepts. The set of all cosine similarities above this threshold for
all concepts pairs in the ontology is the system’s suggested list of relationships in the
domain. More details about this method are found in [17].

5 Learning a Project Management Ontology

Our ontology learning approach requires two separate chains of analysis.
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The association rules chain is built as an extension to the GATE environment from
the University of Sheffield' [8]. General Architecture for Text Engineering (GATE) is
an open source Java framework for text mining. It contains an architecture and a de-
velopment environment that allows new components to be added and integrated with
existing ones. An analysis with GATE typically consists of a chain of components
that one by one goes through the text and annotates it with information that will be
used by later components. With our own components for association rules added, we
built the analysis chain shown in the lower part of Figure 1. The analysis is run on a
repository of documents representative to the project management domain. Tokeniza-
tion, sentence splitting, parts-of-speech tagging, lemmatization and noun phrase ex-
traction are all carried out with standard GATE components. Whereas the GATE
components work on individual documents, we developed our own modules for asso-
ciation rules that pulled the individual files together, extracted prominent noun
phrases as keywords, and suggested relationships between these phrases.

The noun phrase extractor from GATE identifies noun phrases in the text of the
form Noun (Noun)*, i.e. phrases that consist of consecutive nouns. This means that a
phrase like very large databases will not be recognized, since very is an adverb and
large is an adjective, whereas project cost plan is a perfectly recognized phrase. Not
all recognized noun phrases are suitable concepts, though. Our noun phrase indexer
removes stopwords and extracts and counts the frequencies of noun phrases in the
document set. A normalized term-frequency score (tf score) is used to select those
prominent noun phrases that are most likely to be concepts in the domain. These are
carried over to the association rules component that produces association rules be-
tween the prominent noun phrases (concepts) found by the previous component.

. Concept profiles T
/ Lucene
» Document
/ indexer
I /
Light Lucene | Concept Concept

»| Paragraph
indexer

—

profile
builder

similarity

stemmer .
calculation

Lucene
» Sentence
indexer

S

GATE GATE GATE GATE Noun Association
Sentence Tagger Lemmatizer oun phras: phrase rules
splitter extractor indexer miner
v

Association rules

Tokenizer Relationship|

merger

Fig. 1. Process for extraction relationships using concept profiles and association rules

The second chain of analysis is based on concept profiles and is shown in the upper
part of the figure. After removing any trailing ”s” in the stemming part, the Lucene
search platform is used to construct indices at the level of documents, paragraphs, and

"http://gate.ac.uk/
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sentences. Components in Java are then used to compute concept profiles for concepts
extracted with tf.idf scores from the document collection, and then to calculate simi-
larities between concepts using the cosine similarity formula.

Both chains of analysis produce sets of ranked concept relationships. The relation-
ship merger at the end of the analysis simply selects those relationships that are sug-
gested by both techniques.

The relationship learning approach was tested on the project management discipline
PMI in Statoil, Norway’s biggest petroleum company. The domain is documented by a
project management manual, the PMBOK?, which contains about 50.600 words (to-
kens) divided into 12 chapter. In total, a 76 document large collection was uploaded and
used for the generation of relationship candidates.

6 Evaluation

Evaluating ontology relationships learning systems is notoriously difficult, as there are
potential relationships between all concepts and only subjective judgment can tell the

Related concepts only Related concepts only Related concepts
from association rules from cosine similarity from both methods
project management team R cost management HR | activity R
management team R cost baseline HR | assumption NR
organization R actual cost HR | control R
product HR | schedule R cost estimate HR
information R project schedule R performance R
tool R earn value R process R
project team R staff R project HR
application area R project staff R project management R
risk analysis R milestone NR | project objective R
result R plan value R project plan R
risk R stakeholder HR | quality R
resource R project deliverable R scope R
consequence R ev NR | scope statement R
estimate R earn value management R
phase NR | management R
probability R scope definition NR
action R scope management R
analysis R customer R
seller HR HR | sponsor R

project management IS R

constraint R

project manager R

project plan development R

procurement management NR

project plan execution NR

quality management R

work breakdown structure R

Fig. 2. Relationships suggested for the concept Cost. The average scores are NR (not related),
R (related) or HR (highly related).

% Project Management Institute. A Guide to the Project: Management Body of Knowledge
(PMBOK), 2000.
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important ones from the others. More interesting is perhaps the comparative evaluation
of the two different approaches, as well as the comparison with the hybrid approach.

The two approaches did not assume the same set of concepts, as they used slightly
different techniques for extracting concept candidates. The tf.idf-based approach with
concept profiles produced 196 concepts, while the tf-based approach with association
rules gave us 142 concepts. 111 concepts, or 56.7 % of the 196, are shared by the two
approaches. Of the relationships generated by the two approaches, slightly more than
50% were confirmed by both.

A group of 4 people with strong project management skills were asked individually
and independently to rate the relationships only suggested by the association rule ap-
proach, the relationships only suggested by the concept profile approach, and the rela-
tionships suggested by both approaches. Each person rated each relationship as not
related (these two concepts are not related), related (there is probably a relationship
between the two concepts) or highly related (there is definitely a relationship between
these two concepts). An average score for each relationship was afterwards calculated
on the basis of the individual scores. Figure 2 shows the related concepts suggested for
the ontology concept Cost for the three groups, as well as their average scores.

Adding the results for all concepts together, we can compare the quality of rela-
tionships for the three groups. As shown in Figure 3, association rules and concept
profiles tend to produce the same share of good relationships (score Related and
Highly related added together). The two methods suggested 82% and 86% good rela-
tionships, respectively, which is a fairly good result for such a small document collec-
tion. It should be noted, though, that this does not mean that they necessarily suggest
the same relationships. The share of very good relationships is worth a closer inspec-
tion. Whereas the association rules method only generated 7% very good relation-
ships, the concept profile method reached an impressive 24%.

A possible explanation for this difference lies in the mechanics of association rules
and cosine similarity. For an association rule to be generated, the corresponding con-
cepts need to occur is a wide range of documents. This will typically be the case for
very general concepts and their rather general relationships. The cosine similarity
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Fig. 3. Evaluation results for three categories of relationships
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method, on the other hand, makes use of tf.idf to characterize concepts by their differ-
ences to other concepts, and the relationships based on cosine similarities will be
based on these discriminating concept vectors. The relationships get more specialized
and precise and are easier to recognize as very good relationships. This may also
explain why the association rule method had a larger share of normally good relation-
ships (75%) than the cosine similarity method (65%).

The hybrid approach is worth a closer inspection. The individual methods carry
significant noise, but our results indicate that this noise is dramatically reduced when
we only keep the results that are common to both methods. In total, 97% of the rela-
tionships suggested by the hybrid method were rated as good relationships by the test
group (right columns in Figure 3). 30% were considered very good relationships. This
suggests that the two subapproaches — although comparable in quality — are funda-
mentally different with their own weaknesses and strengths. As far as association
rules and concept profiles are concerned, our research indicates that the hybrid ap-
proach displays substantially better results than each individual approach.

7 Related Work

There are today several ontology learning environments that include facilities for
relationship learning (see Figure 4). Association rules are already in use in some of
these systems [4].

Systems Terms Synonyms  Concepts Hierarchy  Relations Other
Text20nto X clusters X X X X
HASTI X X X X
OntoBasis clusters clusters

OntoLT/ X X X

RelExt

CBC/DIRT clusters clusters

DOOBLE X X

ASIUM clusters clusters X X

OntoLearn X X X X X

ATRACT X clusters clusters

Fig. 4. Relationships learning in current systems

Our approach to association rules is similar to what can be found in other ontology
learning tools. The accuracy of ontology relationship learning is still not satisfactory
and suffers from both overgeneration and uncertainty. So far, the techniques have also
failed in coming up with good labels for these relationships. Text2Onto uses an in-
termediate structure, the Probabilistic Ontology Model (POM), that allows them to
incrementally learn concepts and relationships [3].

Our approach with association rules draws on many of the ideas advocated by
Haddad et al. [10]. In their work they also use documents as transactions and focus on
noun phrases as the carriers or meanings and the objects of analysis. A similar
approach is taken in [15].



88 J.A. Gulla and T. Brasethvik

Another interesting application of association rules is presented in Delgado et al.
[6]. Their idea is to use association rules to refine vague queries to search engine
applications. After the search engine has processed the initial query, their system
weights the words in the retrieved documents with tf.idf and extracts an initial set of
prominent keywords. Stopwords are removed and the remaining keywords are
stemmed. Representing the stemmed keywords of each document as a transaction,
their system is able to derive association rules that relate the initial query terms with
other terms that can be added as a refined query.

Association rules have also been applied in web news monitoring systems. Ing-
valdsen et al. [12] incorporate association rules and latent semantic analysis in a sys-
tem that extracts the most popular news from RSS feeds and identifies important
relationships between companies, products and people.

The concept profile approach is not used by any other existing ontology learning
tool. A variant of the method has however been used in mapping concepts from one
ontology to another [18]. The calculation of concept profiles does not take proximity
into account in that system, but its similarity measures are slightly more complex with
additional input from WordNet.

Our research is now focused on the integration of different relationship learning
approaches. The combination of association rules and concept profiles is promising,
and the results are significantly better than for each individual technique. To our
knowledge, there are no tools available today that successfully combine co-
occurrence approaches with definitional approaches in concept relationship learning.

8 Conclusions

This paper presented a hybrid ontology relationship learning approach that makes use of
association rules and concept profiles to identify relationships between concepts. The
approach is implemented as a text mining analysis system that makes use of both GATE
components and the Lucene indexing system. New components can easily be added to
this architecture, as the approach is gradually refined with additional techniques.

Association rules provide a powerful and straight-forward method for extracting
possible ontology relationships from domain text. The relationships extracted may be
both taxonomic and non-taxonomic, though it is difficult to use the analysis alone to
decide on the nature of the relationships. Of the relationships extracted for the project
management domain, about 82% were considered valid relationships by a test group
with previous experience in project management.

However, association rules do not perform better than methods based on concept
profiles and cosine similarity calculations. In fact, the concept profile approach seems
to generate more precise relationships than association rules. The methods are how-
ever complementary of nature, since association rules tend to focus on general rela-
tionships between high-level concepts and cosine similarity approaches focus on
specialized relationships among low-level concepts.

The hybrid ontology relationship learning approach indicates that it may be useful to
combine approaches that address different aspects of ontology relationships. This leads
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to a substantial reduction of noise, and we can single out more very good relationships.
We are now investigating to what extent several relationship learning strategies can be
combined in an incremental learning strategy. An extension of the POM structure from
Text20nto may be useful in this respect, though we need to carry over more than just
probability measures when these techniques are applied sequentially. The whole set of
uncertainties, possibly supported by evidence in terms of vectors or raw calculation,
need to come together in such a comprehensive ontology learning framework.
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Abstract. In order to generate semantic annotations for a collection
of documents, one needs an annotation schema consisting of a semantic
model (a.k.a. ontology) along with lists of linguistic indicators (keywords
and patterns) for each concept in the ontology. The focus of this paper is
the automatic generation of the linguistic indicators for a given semantic
model and a corpus of documents. Our approach needs a small number of
user-defined seeds and bootstraps itself by exploiting a novel clustering
technique. The baseline for this work is the Cerno project [8] and the
clustering algorithm LIMBO [2]. We also present results that compare
the output of the clustering algorithm with linguistic indicators created
manually for two case studies.

1 Introduction

Semantic annotation is commonly recognized as the one of the cornerstones
of the Semantic Web. To generate domain-dependent metadata a semantic an-
notation system utilizes a semantic model, a.k.a. ontology along with sets of
linguistic indicators (keywords and patterns, usually constructed manually by a
domain expert) that determine what text fragments are to be annotated. This
work was conducted in the context of the Cerno [§] project to explore the ap-
plicability of some of the main ingredients of a supervised categorical clustering
algorithm LIMBO [2] for producing linguistic indicators for a given semantic
model. LIMBO was originally proposed for clustering structural information of
database tuples in relational databases. The main motivation for applying this
method is that it requires a limited amounts of training data to bootstrap the
learning algorithm and of human intervention at the initial stage. Moreover, the
distance measure employed in LIMBO works with categorical data (i.e. data that
do not have an inherent order) unlike most clustering techniques. Our primary
goal in this work is to verify whether such a lightweight approach can facilitate

* This work has been partially funded by the EU Commission through the SERENITY
and WEE-NET projects and by Provincia Autonoma di Trento through the STAMPS
project.
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the construction of an annotation schema, given a semantic model and a training
set of documents. The focus of this paper is the automation of the generation
of an annotation schema as a component of domain dependent annotation tools
using a clustering approach. We evaluate the performance of the method on
two different data sets and the related annotation schemas manually developed
for the previous applications of Cerno. This paper is structured as follows. The
baseline of the present work in sketched in Section 2l It introduces the seman-
tic annotation framework Cerno and LIMBO, the clustering technique adopted.
Section [ describes how the baseline technologies were extended and shows the
tool built on top of the LIMBO. Section [ presents the setup and evaluation
of two experimental case studies and summarizes the lessons learned. Section
recalls the related work. Finally, conclusions are drawn in Section [Gl

2 Research Baseline

2.1 Cerno Semantic Annotation Framework

Cerno is a lightweight semantic annotation framework that exploits fast and
scalable techniques from the software reverse engineering area. To annotate in-
put documents, Cerno uses context-free grammars, generates a parse tree, and
applies transformation rules to generate output in a target format [8]. The reader
can find a detailed description of the architecture and the performance of the
system in [§]. Normally, adapting Cerno to a new application domain requires
a couple of weeks, because its domain dependent components have to be tuned
for a given type of documents and a specific semantic model. In this work we
explore the possibilities to automate the generation of such indicators for specific
semantic domain. Having a set of examples, one can try to identify a set of con-
textual keywords describing relevant concepts using well-established statistical
methods that have been proven effective in many areas. To this end, we have
been experimenting with a scalable hierarchical categorical clustering algorithm
called LIMBO [2].

2.2 Data Clustering with LIMBO

Data clustering [7] is a common technique for statistical data analysis and is
widely used in many fields. Our approach is based on LIMBO [2], a scalable
hierarchical categorical clustering algorithm that builds on the Information Bot-
tleneck (IB) [II] framework for quantifying the relevant information preserved
when clustering. The algorithm proceeds in three phases: Phase 1 constructs
a cluster representative for the initial data set for efficiency purposes, Phase 2
performs the clustering on the representative and Phase 3 labels the initial input
with the appropriate cluster information.

In our work we assume that apart from the initial data set, we give the al-
gorithm as input an initial clustering. This clustering corresponds to the set of
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input records that contain the keywords a user indicated as seeds for the under-
lying semantic domain. As a consequence, we process the data in a hierarchical
fashion, starting with the initial clustering of the documents and proceeding
until all relevant text fragments have been identified.

The method proceeds as follows: (1) Given a clustering C, group the set of
input fragments 7" into the corresponding clusters S;; (2) Merge all fragments of
S into a representative Ry; (3) Find the fragments of S\.S; that are closest to the
representative Ry; (4) Analyze the fragments found in step 3 for new semantic
annotations of the domain and add them to Si; (5) Repeat from step 2 until
stopping criteria are satisfied.

3 Generation of the Annotation Schema

To provide a user assistance in generating linguistic indicators for Cerno’s seman-
tic annotation process the LIMBO algorithm was integrated in a user-friendly
tool. Having such a support will allow to quickly adapt the framework to new
application domains in terms of both different annotation schemas and types
of documents. This tool has a graphical user interface (GUI) developed in Java.
The input to LIMBO includes: the initial data set that is then transformed into a
cluster representative by the clustering algorithm and a set of documents which
are used for training. The graphic interface provides a step-by-step wizard that
allows the user to configure the experiment, then separates the input file into
clusters, repeatedly runs the algorithm and provides the results of each run. To
initialize LIMBO, on the first step of the wizard the user specifies the following
input files and parameters:

— The input document is the original unannotated input document.

— The clusters file is the text file that contains the clustering information.

— The stopping criterion specifies the way of terminating the algorithm.

— The parsing mode defines how the clusters will be generated from the in-
put document. In our case, we take n words starting at the 1% word of the
sentence, then n words starting at the 2"¢ word, and so forth. Thus, the
n-grams parsing mode generates the largest number of clusters and conse-
quently requires longer processing times.

— The analyzer is the module responsible for extracting the keywords out of the
input document. Currently, the prototype contains two standard analyzers
for English language with and without stemming that normalize the input
text.

The tool parses the input file and separates the clusters using the specified
parsing mode. Then, for each concept, it marks the clusters that contain any of
the keywords of the category and runs the algorithm as many times as specified
in the stopping criterion. When ran a fixed number of times, the k nearest
neighbors are marked at each run. When finished, the prototype shows for each
concept the most relevant words in each run of the algorithm.
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4 Experimental Case Studies

To verify the feasibility of the proposed approach, we applied the LIMBO-based
tool on two different experiments. The stopping criterion for the clustering al-
gorithm was set to 10 iterations with the addition of the 2 nearest-neighbors.
We selected 10 as the number of iterations empirically, given that the output
of the clustering algorithm remained almost unchanged after a number of itera-
tions greater than 10. The tool was run with 8 different parsing configurations
per each experiment, half of them with stemming and half without, varying the
parsing mode: sentences, all punctuation marks, 3-grams and 7-grams. Number
3 for n-grams mode was chosen to account for commonly used word collocations,
such as for instance “information system” or “health care cleaninghouse”, and
number 7 was defined as the highest upper bound for a possible number of words
in collocations.

We evaluated the performance by comparing automated results to a Gold
model, i.e. the list of indicators drawn manually by the experts, and calculating
recall and precision quality measures [12].

The HIPA A experiment. In the past a Cerno adaptation to the text of the
Health Insurance Portability and Accountability Act (HIPAA) was generated by
manual analysis of the document [3], annotating document fragments describing
rights, anti-rights, obligations, anti-obligations, and related constraints. Thus,
the purpose of this experiment was to evaluate how many of these indicators
can be extracted by the clustering technique. We used as input four semantic
categories and several corresponding keyword-seeds. Overall, in this experiment
the tool has demonstrated low recall (from 0.13 to 0.38), except for the Condition
concept (0.75). Better results were obtained for the runs with the stemming
analyzer. Among the unstemmed results, the best average score is delivered by
the 3-grams parsing mode. The processing times changes depending on parsing
mode. In particular, n-grams mode causes generation of a larger number of
clusters from the input document, compared to other two modes, thus increasing
processing times of the algorithm (average 25.5 min against 3.75 min for non
n-grams runs).

The accommodation ads experiment. In our previous work [9], to anno-
tate advertisements for accommodation in Rome drawn from an on-line news-
paper, we used the annotation schema which represented the information needs
of a tourist and included the concepts: Accommodation Type, Contact, Facility,
Term (of availability), Location, and Price. The lists with linguistic indicators
were constructed by hand from a set of examples. This experiment utilized the
same input documents and categories from an earlier experiment using accom-
modation ads retrieved from tourism websites. Selected randomly, one third of
the keywords found through the manual extraction process performed previously
were included in the clusters file. This experiment has shown results of higher
quality in respect to both recall and precision values (many runs above 0.6).
The runs with the stemming option turned off have demonstrated higher scores.



Automating the Generation of Semantic Annotation Tools 95

Either with or without stemming, the best average scores were obtained for the
3-grams parsing mode.

Discussion of results. The evaluation results suggest that it is most effective
to use the 3-grams parsing mode, to obtain the output of the best quality ei-
ther for stemmed or non-stemmed processing. 3-grams parsing mode generates
the largest number of clusters from the input text, thus essentially increasing
processing times of the LIMBO algorithm.

The legal documents turned out to be more difficult for automated generation
of linguistic indicators. This shortcoming is caused by the nature of the concepts
of interest. Right, obligation, condition, and exception are very abstract entities
and normally span relatively large text fragments, which makes it difficult to
apply clustering techniques to identify appropriate contextual keywords. While
short ads documents written in a very precise language and having similar struc-
ture provide a better learning environment for the LIMBO method.

Although it may seem that the Limbo-based technique does not achieve de-
sired high recall values, some keywords found do not appear in the hand-crafted
list (and thus were not counted as true positives), but were found relevant by
a human judge. Therefore, we believe that LIMBO can provide a more com-
plete approach to populate annotation schema with domain-specific indicators.
Results produced by LIMBO can be a good starting point for a human expert
when working with a new semantic domain. Using clustering techniques we are
better able to support the generation of new annotation schemas in a systematic
way. To further improve the LIMBO-based tool, we plan to provide a better
guidance to the user thtough the underlying process.

5 Related Work

There are several proposals for weakly supervised methods intended to populate
an ontology, a task similar to the generation of linguistic indicators. One of
these is the Class-Ezample method [I0] that exploits lexico-syntactic features to
learn a classification rule from a seed set of terms. In contrast, the Class-Pattern
approach [0] relies on using a set of patterns that indicate the presence of certain
relationships, such as “is-a”. Class-Word technique [5] uses contextual features
to extract features in which a concept occurs.

Among the systems that use statistical techniques for populating semantic
models is Ontosophie [4]. The system is based on machine learning natural lan-
guage processing techniques to learn extraction rules for the concepts of a given
ontology combining a shallow parsing tool called Marmot and a conceptual dic-
tionary induction system called Crystal. The OntoPop [I] methodology strives
for documents annotation and ontology population under a unified framework.
In addition, it adopts two other tools: Intelligent Topic Manager for representing
and managing the domain model and Insight Discoverer Extractor for extracting
information from texts.
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6 Conclusions and Future Work

In this work, we explore the problem of generating linguistic indicators for se-
mantic annotation tools. The contribution of this paper consists of utilizing
novel statistical clustering techniques and in particular is inspired by LIMBO
[2] in order to automatically generate these indicators. Moreover, in order to
allow experimenting with clustering techniques and facilitate the user’s work, a
tool implementing the LIMBO algorithm was developed in Java. We verified the
effectiveness of the proposed technique in two different case studies.

Our future work includes further experimentation with different configurations
of the clustering technique in order to improve the quality of results produced.
As well, we propose to actually run semantic annotation experiments using the
linguistic indicators generated by the LIMBO tool, in order to better assess their
effectiveness.
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Abstract. Focused web crawling traverses the Web to collect documents
on a specific topic. This is not an easy task, since focused crawlers need to
identify the next most promising link to follow based on the topic and the
content and links of previously crawled pages. In this paper, we present
a framework based on Maximum Entropy Markov Models(MEMMs) for
an enhanced focused web crawler to take advantage of richer representa-
tions of multiple features extracted from Web pages, such as anchor text
and the keywords embedded in the link URL, to represent useful context.
The key idea of our approach is to treat the focused web crawling prob-
lem as a sequential task and use a combination of content analysis and
link structure to capture sequential patterns leading to targets. The ex-
perimental results showed that focused crawling using MEMMs is a very
competitive crawler in general over Best-First crawling on Web Data in
terms of two metrics: Precision and Maximum Average Similarity.

Keywords: Focused Crawling, Web Search, Feature Selection, MEMMs.

1 Introduction

General search engines are not always sufficient to satisfy all needs. To address
specialized search needs, general search engines and crawlers are being evolved,
leading to personalization of search engines, for example, MyAsk, Google Per-
sonalized Search, My Yahoo Search; localization of search engines, for example,
Google Local, Yahoo Local, Citysearch; topic-specific search engines and por-
tals, for example, Kosmix, IMDB, Scirus, Citeseer. The success of topic-specific
search tools depends on the ability to locate topic-specific pages on the Web
while using limited storage and network resources. This can be achieved if the
Web is explored by means of a focused crawler. A focused crawler is a crawler
that is designed to traverse a subset of the Web for gathering only documents on
a specific topic, instead of searching the whole Web exhaustively. The challenge
in designing a focused crawler is to predict which links lead to target pages. Fo-
cused crawler can only use information gleaned from previously crawled pages
to estimate the relevance of a newly seen URL, therefore, the effectiveness of the
focused crawler depends on the accuracy of this estimation process.
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A variety of methods for focused crawling have been developed and focused
crawling algorithms can be roughly categorized along two different dimensions:
local-feature based and path based. The underlying paradigm of local-feature
algorithms is to train a learner with only local features collected about rel-
evant nodes alone(i.e., the parent pages and sibling pages). These works in-
clude Fish-Search, Shark-Search, URL Ordering[I], focused crawler[2], intelligent
crawling[3], InfoSpiders[4], generic programming[5], ontology approachl], and
classification[7I8l[9]. Path based algorithms include reinforcement learning[I0]
and Context Graph algorithm|[I1]. Both methods capture longer path informa-
tion leading to targets rather than relevant nodes alone, as was the case with the
local-feature based crawler. In [10], crawlers are modeled as autonomous agents
to learn to choose optimal actions to achieve their goal. The Context Graph
method[IT] uses the text of page u to estimate the link distance from u to some
target pages. Documents classified into layers closer to the target are crawled
first. However, two issues remain to be addressed. One is that the assumption
that all pages in a certain layer centered at a target document belong to the
same topic described by a set of terms does not always hold. Second, there is
no discrimination among different links on a page. Since only a fraction of out-
links from a page are worth following, offering additional guidance to the crawler
based on local features in the page to rule out some unimportant links can be
helpful.

Our approach is to model focused crawling as a sequential task, over an under-
lying chain of hidden states, defined by hop distance from targets, from which
the actual documents are observed. In this paper, we extend our work[I2] to
exploit multiple overlapping features, such as title, anchor text, and URL token,
with Maximum Entropy Markov Models(MEMMSs) to represent useful context
including not only text content, but also linkage relations.

2 MEMDMs

Maximum Entropy Markov Models(MEMMSs)[13] are probabilistic sequence
models that define conditional probabilities of state sequences given observation
sequences. Formally, let 0 and s be random variables ranging over observation
sequences and their corresponding state (label) sequences respectively. We use
s = 81,82,...,8, and 0 = 01,09, ..., 0, for the hidden state sequence and obser-
vation sequence respectively, where s and o have the same length n. State s;
depends on observations o; and previous state s;_1. MEMMSs are discriminative
models that define the conditional probability of a hidden state sequence s given
an observation sequence o, p(s|o).

Let n be the length of the input sequence, m be the number of features.
MEMMSs make a first-order Markov independence assumption among states,
that is, the current state depends only on the previous state and not on any
earlier states, so p(s|o) can be written as:

n

p(slo) = [T p(silsi—1,01) (1)

t=1
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where t ranges over input positions 1..n. Applying the maximum entropy prin-
ciple, we can rewrite p(s¢|si—1,0:) as the following:

p(selse_t, or) = % exp(Y_ Aiilsi-1,50,00)) 2)
z(o) = Z expz)\ifi(st—hS/,Ot) (3)

s'elS i=1

where, s; is the state at position ¢, o; is the observation at position ¢, the f; are
arbitrary features, \; is the weight of the feature f;, and S indicates a set of all
possible states. z(o;) is called the per-state normalizing factor.

The use of feature functions allows arbitrary, non-independent features in the
observation sequence o. The weights A are the parameters of the model. Training
an MEMM involves maximizing the conditional probability, p(s|o), to find the
best set of feature weights A = {A\1, Ao, ..., A }-

3 Proposed Approach

We model focused crawling as a sequential task and learn the sequential link-
age patterns along paths leading to relevant pages by using a combination of
content analysis and link structure of such paths. To capture such sequential
patterns, we propose to apply MEMM, where the hidden states are based on
hop distance from the target and observations consist of the values of a set of
pre-defined feature values of observed pages, such as anchor text, URLs, and
keywords extracted from the pages.

3.1 Structure of MEMMs for Focused Crawling

Let k£ be the number of hidden states. The key quantities associated with MEMM
are the hidden states, observations(features), and the parameters(\). Fig. [
shows the structure of MEMM for focused crawling.

— Hidden states: S = {Tk—1,Tk—2,...,T1,To}. The focused crawler is assumed
to be in state T; if the current page is ¢ hops away from a target. The state
Ty_1 represents “k — 1”7 or more hops to a target page.

— Observations: Collections of feature values of page sequences O = {pages,
pages, pages, ...}. Observable page sequences represented by a sequence of
values for a set of predefined feature functions f = {f1, f2, ..., fm}. m is the
number of feature functions.

— Set of parameters A = {1, A2, ... , A }, where )\; is associated with feature
function f;.

3.2 Training MEMMs

MEMMs have parameters A = {\1, A, ..., A, } which are the weights for each
feature function f1, fo, ..., f;. Training means estimating these parameters from
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St+1
S
text
title
ancho keywords
keywords text title
URL token 0]
Ot-1 Ot Ot+1
page_t-1 page_t page_t+1

Fig. 1. Dependency structure of MEMMs on modeling a sequence of Web pages. Di-
rected graphical model, arrow shows dependency (cause).

the training data. Given the training data D consisting of N state-observation
sequences, D = {S, O} = {(s7,07)}}, (we use superscript j to represent train-
ing instances), where each o/ = {0, 0}, ..., 0/} is a sequence of observations with
length n, and each s/ = {5{, 5%, ..., 8)} is the corresponding sequence of states.
The task of training MEMMs is to choose values of parameters {\;} which max-
imize the log-likelihood, L, = logp(S|O), of the training data. We use (s’,07)
to represent the j* state-observation sequence from the training data set, s}, o]
to indicate the state and observation at position ¢ of the j** state-observation
sequence respectively. The objective function can be written as:

L) =logp(S|0) = Zlogp s7)o7)
j=1

N m
:Z<ZZ>‘JZ St 178t70t > ZlOgHZeXpZA fi( st 1,8, Ot)
j=1

t=1 i=1 t=14¢c9

To perform the optimization of L) with respect to A, we consider the gradient
of the log-likelihood L and set it to zero. Parameter estimation in MEMMs
uses the Limited Memory Quasi-Newton Method (L-BFGS)[I4/15] to iteratively
estimate the model parameters \.

3.3 Training Data Collection

Collecting training data consists of two extraction processes: Local web graph
extraction and Page sequence extraction.

Selection of Target Pages on Topics. We collect three kinds of data about
the topics: keywords, descriptions and target pages. Keywords are formed by
concatenating the words appearing in the different levels along the topical hi-
erarchy directory from the top. For example, “Home, Gardening, Plants, House
Plants” are extracted keywords for the topic. We also further extract impor-
tant words embedded in the target pages themselves, including words from title
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and headers(<title>...</title>, <hl>...</h1> etc.) and keywords and
descriptions from meta data(<meta>...</meta>). Descriptions are generated
using the descriptive text and the anchor text in the page of the topic in the
Open Directory Project(ODPﬂ. We select topics from an existing hierarchical
concept index such as the ODP, and pick topics which are neither too general
nor too specific. Our criteria for selecting topics is to pick the topics under 4 or
5 level of ODP topic hierarchy. An example of such a topic is House Plants, to
be found under the ODP topic hierarchy Home - Gardening - Plants - House
Plants.

Extraction of the Local Web Graph. In order to capture the page sequences
leading to targets for training, first we construct a local Web graph to represent
the content and linkage structure associated with the known targets. The process
of Local Web graph extraction takes specified target pages as input, and builds
the local Web graph by following the inlinks to target pages using an inlink
retrieval service (as offered by the Yahoo! or Google search engines).

To construct a local Web graph, each Web page is represented by a node, and
all hyperlinks between pages are added as edges between the nodes. When a new
Web page is found and added to the existing graph, a new node will be created
and all the hyperlinks between it and existing nodes will be added into the Web
graph as edges. The local Web graph is created layer-by-layer starting from one
or more user-specified target pages. Note that we only use ODP to select initial
target pages on the topic, rather than using the ODP hierarchy for training. We
use the inlink service from Yahoo Web AP]E, which retrieves Web pages that
have links to the specified Web page. Starting from layer 0 corresponding to
user-specified target page(s), the graph is created layer by layer, up to layer 4.

Extraction of Page Sequences and State Sequences. Page sequences are
extracted directly from the constructed local Web graph. We extract sequences
in a random manner: the process starts with a randomly-picked node in layer
4, randomly selects one of its children for the next node, and repeats until a
randomly-generated sequence length between 2 and 10 is reached. The following
rules are considered for the page sequence extraction:

— Only extract pages from higher layers to lower layers or from the same layer,
without reversing the layer order in the sequences.
— Avoiding loops in the sequence.

The complete training data includes page sequences and their corresponding
layer sequences. Page sequences are referred to as observation sequences or ob-
servable input sequences, and layer sequences are referred to as hidden state
sequences or state sequences. The hidden state for a page in our system is its
lowest layer number.

! http://www.dmoz.org
2 http://developer.yahoo.com/search /siteexplorer/V1/inlinkData.html
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3.4 Focused Crawling

After the learning phase, the system is ready to start focused crawling on the
real Web to find relevant pages based on learned parameters. The crawler utilizes
a queue, which is initialized with the starting URL of the crawl, and keeps all
candidate URLs ordered by their visit priority value. The crawling respects the
Robot Exclusion Protocol and distributes the load over remote Web servers.
The crawler downloads the page pointed to by the URL at the head of the
queue, extracts all the outlinks and performs feature extraction. The predicted
state for each child URL is calculated based on the current observable features
and corresponding weight parameters, and the visit priority values are computed
accordingly. The start page are picked randomly from the 4¢" level of Web graph
created using backlink service for training, arranging from 2 to 6.

Efficient Inference. We now discuss two kinds of inference we are going to use
in Focused Crawling stage. When the crawler sees a new page, the task of the
inference is to estimate the probability that the page is in a given state s based
on the values of all observed pages already visited before. We are using two
major approaches to compute the probabilities in our experiments: marginal
probability and the Viterbi algorithm, and they can be performed efficiently
using dynamic programming.

Marginal Probability— The marginal probability of states at each position
t in the sequence is defined as the probability of states given the observation
sequence up to position ¢. Specifically, the forward probability, a(s,t) is defined
as the probability of being in state s at position ¢ given the observation sequence
up to position t. The recursive steps are:

als,t) = Y als' st — 1) p(sls', o) (4)

s/

Hidden states are denoted as T}, j = 0.k — 1, the values a(Tj,t) in our focused
crawling system are calculated as:

1
a(ijt) = Z OZ(/I}‘/,t - 1) Z(Ot) QXP(Z Aifi(/l—jjvTj/vot))
7'=0 i=1
k—1

2(0) = D exp > NifilTy, Ty, 00)
i=1

=

The Viterbi Algorithm - the goal is to compute the most likely hidden state
sequence given the data:
s* = argmax p(s|o) (5)
S

6(s,t) is defined as the best score (i.e. the score with the highest probability)
over all possible configurations of the state sequence ending in state s at position
t given the observations up to position ¢t. That is

6(s,t) = IIE/LX(S(S/,t —1) p(s]s’, 01) (6)
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This is the same recursive formulate as the forward values (EquationH]), except
we replace sum with max.

Features and Feature Functions. Each feature function f(s,o0,t) is defined
as a factored representation:

f(s,0,t) = L(st—1, 8¢, t) x O(o,t) (7)

where L(s¢_1, s¢,t) are transition feature functions, and O(o,t) are observation
feature functions.

1. Edge Features: Transition feature functions L(s;_1,s:,t) can have two
forms: L1 and Ly. We use Edge feature Li(s;—1, s¢,t) to capture the possible
transitions from states s;—1 to s, and La(s;—1, st,t) to capture the possible
states at position t.

Formally, for all ¢,7 = 0,1,...,k —1 so that specified T;,7; € § =
{Ti-1,Tk—2,..., T1, To }, we can have feature functions of the following form:

(i,5) _ J1ifsy_y =T; and s, = T} is an allowed transition;
L™ (se-1,80,) = {0 otherwise.
1if s, = T; exists;
0 otherwise.

Lg) (stflu Sty t) = {

2. Text Feature: Maximal cosine similarity value between the content of a
given candidate page and the set of targets. We define it as O1(o, t).

3. Description Feature: Cosine similarity value between the page description
of a given candidate page and the target description. We define it as Oz (o, t).

4. Word Feature: Word feature O, (o, t) identifies the keywords appearing in
the page text, as described in sec.

Ou(0,t) = 1 if word w appears in the current page at position ¢;
WA 0 otherwise.

We may also use the count of word w as the value of this feature, instead of
the binary value.

5. URL Token Feature: There are two possible kinds of URLs related to the
current observed page: one is the URL of the current page itself, and another
one is the URL the current page is pointing to. We define two token feature
functions O3(o, t) and Oy (o, t) to identify if the keywords appear in the URLs.

1 if any of URLs in the current page at position ¢ contains
Os(o,t) = at least one keyword;
0 otherwise.

1 if the URL of the current page at position ¢(contained in
O4(o,t) = the parent page) contains at least one target keyword,;
0 otherwise.
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6. Anchor Text Feature: We capture word w in the anchor surrounding text
by defining two anchor features. At least 4 words are chosen from text around
<a>..</a>.

1 if word w appears in the anchor text of the link in
Os.4(0,t) = the parent page linking to current page at position ¢;
0 otherwise.

1 if word w appears in the anchor text in the current
Og.w(0,t) = page at position ¢ pointing to the page at position ¢ + 1 ;
0 otherwise.

4 Experiments

In this section, we conduct experiments to test our MEMM-based focused crawl-
ing approach empirically. The topics are chosen from the ODP categories, and
the target pages are chosen based on the listed URLs under each category. The
following table shows some information about the 10 topics for the experiments.

Topic # of Target Pages|# of training sequences|Start Urls
Linux 19 11394 6
Biking 17 9790 2
Butterfly 17 12172 2
Hearthealthy 8 12928 2
Hockey 19 4368 2
Fitnessyoga 7 11680 3
Balletdance 7 12317 3
Skymaps 16 12073 3
Callforpapers 11 9632 3
Internetlaw 18 12210 4

4.1 Evaluation Methods

The precision is the percentage of the Web pages crawled that are relevant
to the topic. The relevance assessment of a page p we are using is based on
maximal cosine similarity to the set of target pages T' compared with a confidence
threshold . That is, if maxger cos(p,d) > v then p is considered as relevant.
Some topics may be sensitive to the threshold, therefore we choose the threshold
values between 0.5-0.8 for general comparisons. Too high or too low threshold
may result in too few or too many relevant pages based on the target pages and
the start URLs, which does not provide sufficient information for comparison
and for figure presentations.

The ability of the crawler to remain focused on the topical Web pages dur-
ing crawling can also be measured by the average relevance of the downloaded
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documents[I6IT7IT8]. In our system, since there are multiple pre-specified target
pages, we used the Mazximum Average Similarity o.

Zpes cos(p, d)
T ®

where T is the set of target pages, S is the set of pages crawled, |S| is the number
of targets.

4.2 Results

We have conducted two experiments. One is to compare MEMM-based method
with different inference algorithms against Best-First Search(BFS) crawl. BFS
crawl assigns priorities to all children of the current page using standard lexical
cosine similarity between the content of the current page and target pages. The
URL with the best score will be crawled first. Another one is to test the impact
of the choice features on performance.

Comparison with Different Inference Algorithms: Viterbi Algorithm
and Marginal Mode. First we compare our MEMM-based methods with all
the features against BFS crawl. We find that our MEMM-based crawl signifi-
cantly outperforms BFS crawl on 8 out of 10 topics. The performance of three
different crawling methods, BFS crawl, MEMM-marginal crawl, and MEMM-
Viterbi crawl, on the topic Fitnessyoga is shown in Fig.[2 (a). All three methods
give very good results on this topic, however, two MEMM-based crawls still work
better than BFS crawl on the number of relevant pages returned, which also is
confirmed on the Mazimum Average Similarity metric, as shown in Fig. 2] (b).

Topic Fitnessyoga-0.7 Topic Fitnessyoga

- - BFS

—— memm-marginal
08f | = = =memm-viterbi

= = =memm-viterbi

8000|

7000|

5000|

# of relevant pages
]

4000 [ 2

a000) PRy

Average Maximum Similarity

ooo ;e
fooor oy

.
T N T Y G 2
[a] # of downloaded pages <ot [b] # of downloaded pages <ot

Fig. 2. Topic Fitnessyoga: (a) the number of relevant pages with threshold 0.7, (b) the
Maximum Average Similarity

The results on topic Linuz are shown in Fig.[Bl(a). Both MEMM-marginal crawl
and MEMM-Viterbi crawl also outperform BFS crawl. MEMM with marginal
mode shows significant improvement over BFS crawl, while MEMM with Viterbi
algorithm shows slight improvement on the number of the relevant pages. How-
ever, MEMM-Viterbi crawl gives a very close performance to MEMM-marginal
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Topic Linux-0.8 Topic Linux

oS — ]
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2000]
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[a] # of downloaded pages ot [b] # of downloaded pages <ot

Fig. 3. Topic Linuz: (a) the number of relevant pages with threshold 0.8, (b) the
Maximum Average Similarity

crawl on the Mazimum Average Similarity, which significantly outperforms BFS
crawl as shown in Fig. Bl (b). This shows that two MEMM-based methods stay
on the topic, whereas BFS method crawls away from the topic resulting in poor
performance.

Compared to the results only based on MEMM-marginal and MEMM-Viterbi
crawls, we found that the marginal mode outperforms the Viterbi algorithm on 7
topics out of 10. In the focused crawling problem, finding the distribution for each
individual hidden state at a particular instant is more important than finding
the best “string” of hidden states of each Web page along the sequence, since
there may be many very unlikely paths that lead to large marginal probability.
To be more specific, let us see an example. If we have

“aaa” 30% probability
“abb” 20% probability
“bab” 25% probability
“bbb” 25% probability

In this example, “aaa” is the most likely sequence, ‘a’ is the most likely first
character, ‘a’ is the most likely second character, ‘b’ is the most likely third
character, but the string “aab” has 0 probability. Therefore, as we expected,
MEMM-marginal crawl shows better performance than MEMM-Viterbi crawl in
most of the cases in our experiments.

Comparison with Different Features. In this section, we test the impact
of the selected features on the performance. The last section demonstrated that
MEMM-marginal crawl is better than MEMMS-Viterbi crawl, so in this experi-
ment, we choose to compare MEMM-marginal crawl with different features: with
all features, with word feature only, and with the following features: Text feature,
Description feature, URL token feature and Anchor text feature (See all features
in Section B4)). We denote them as MEMM-marginal, MEMM-marginal-word,
and MEMM-marginal-sim-meta-T in the figures, respectively.

As the results show, MEMM-marginal crawl with all features performs con-
sistently better than with Word feature only and with sim-meta-T features on
almost all topics, except topic Hearthealthy, in which MEMM-marginal-word
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Fig. 4. Topic Butterfly, Balletdance, Linuzr and Fitnessyoga: Comparisons of different
methods: with Word feature only, simmetaT feature only and the all features combi-
nation on the number of relevant pages within the set of downloaded pages

shows the best performance, and topic Callforpapers, in which MEMM-marginal-
sim-meta-T shows the best. Fig. 4] shows some of the results. This confirms our
approach that by using all the features, even if only some of them are present,
relevant paths can be effectively identified.

5 Conclusion

Our approach is unique that we model the process of crawling by a walk along
an underlying chain of hidden states, defined by hop distance from target pages,
from which the actual topics of the documents are observed. When a new doc-
ument is seen, prediction amounts to estimating the distance of this document
from a target. In this way, good performance depends on powerful modeling of
context as well as the current observations. The advantages and flexibility of
MEMMs fit our approach well and are able to represent useful context. With
Maximum Entropy Markov Models (MEMMs), we exploit multiple overlapping
and correlated features, such as anchor text, to represent useful context and form
a chain of local classifier models. We have studied the impact of different com-
bination strategies, and the results showed that using marginal mode performs
better than using Viterbi algorithm, and the crawler using the combination of
all features performs consistently better than the crawler that depends on just
one or some of them.
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Abstract. In this paper we examine the performance of both ranked-
listed and categorized results in the context of known-item search (target
testing). Performance of known-item search is easy to quantify based on
the number of examined documents and class descriptions. Results are
reported on a subset of the Open Directory classification hierarchy, which
enable us to control the error rate and investigate how performance de-
grades with error. Three types of simulated user model are identified
together with the two operating scenarios of correct and incorrect clas-
sification. Extensive empirical testing reveals that in the ideal scenario,
i.e. perfect classification by both human and machine, a category-based
system significantly outperforms a ranked list for all but the best queries,
i.e. queries for which the target document was initially retrieved in the
top-5. When either human or machine error occurs, and the user performs
a search strategy that is exclusively category based, then performance is
much worse than for a ranked list. However, most interestingly, if the user
follows a hybrid strategy of first looking in the expected category and
then reverting to a ranked list if the target is absent, then performance
can remain significantly better than for a ranked list, even with misclassi-
fication rates as high as 30%. We also observe that this hybrid strategy re-
sults in performance degradations that degrade gracefully with error rate.

1 Introduction

Search engines play a crucial role in information retrieval on the web. Given
a query, search engines, such as Google, Yahoo! and Windows Live, return a
ranked list of results, referred to as the result set. For many queries, the result
set includes documents on a variety of topics, rather than a single topic. This
variation is often due to ambiguous queries. For example, the query “Jaguar”
will often return documents referring to both the car and the animal. While the
user is only interested in one topic, it is not possible for the search engine to
know which topic is relevant based on the query alone. Moreover, the standard
ranking of the documents in the result set is independent of the topic. Thus, the
rank-ordered result set has an arbitrary topic ordering. Referring to the “Jaguar”
example, this means that a user must scroll through a ranked list in which many
documents are not relevant.

E. Kapetanios, V. Sugumaran, M. Spiliopoulou (Eds.): NLDB 2008, LNCS 5039, pp. 111 2008.
© Springer-Verlag Berlin Heidelberg 2008
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There have been several proposals [T}, 2 [3] to assist the user by organising the
documents in the result set into groups, all documents within a group referring
to a common topic. Thus, for the query “Jaguar”, a user might be shown two
distinct groups of documents, one referring to the animal and the other referring
to the car. A user can immediately ignore the non-relevant topic and focus his
attention only on the relevant topic. For this simple example, this grouping may,
on average, halve the number of documents the user must examine.

Intuitively, we would expect grouping to substantially reduce search time[d],
where search time is measured by the number of documents a user must examine
before finding the desired document. Although previous researchers have evalu-
ated their prototype systems, there has been no attempt, to our knowledge, of
formulating a generic user interaction model for a retrieval system, which allows
the benefits of grouping to be quantified in comparison to a standard retrieval
system which does not group its results.

In this paper, we attempt to quantify the benefits of grouping documents
based on classification, where for demonstration and ground-truth purposes we
make use of the Open Directory (dmoz7 a large and comprehensive human-
edited directory on the web. However, we note that our experimental approach
may be applied to any method of grouping documents.

The remainder of the paper is organised as follows. Section [ reviews re-
lated work. Section [B] then describes the architecture and ranking method of
the classification-based information retrieval (IR) system that have investigated.
Section M describes the experimental methodology used to evaluate the system
and Section [l describes the experimental results. Finally, Section [f] provides a
summary and discussion.

2 Related Work

This concept of grouping search results has been discussed in Hearst and Peder-
sen [I], where it was shown that relevant documents tend to be more similar to
each other than to non-relevant documents, indicating that relevant documents
can be grouped into one category. The two main methods of grouping results
are clustering and classification.

Clustering methods typically extracts key phrases from the search results for
grouping purposes and attach to each group a candidate cluster label [5] [3]. The
search results are treated as a bag of words/phrases, which are ranked according
to the statistical features that have been found.

Classification uses predefined category labels that are more meaningful to
users than generated labels. Chen and Dumais [2] suggest that category search
based on classification can improve search time in comparison to the tradi-
tional list-based search, where documents within a category are ranked accord-
ing to their relative ranking in the original search engine results list. A user
study comparing the two interfaces demonstrated the potential superiority of a

! http://www.dmoz.org
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classification-based user interface that can assist the user in quickly focusing in
on task-relevant information, this evaluation method is more or less similar to
Krishna’s work[4].

Previous research in this area has focused on evaluating the grouping of search
results versus the traditional list-based method and has not considered a hybrid
model; even when a hybrid model is implementecﬂ, there has not been, to our
knowledge, a quantitive analysis of the model as considered here, where users
may use either interface to optimise their search performance. Further, the effect
of the error rate that can occur when grouping results on users’ performance has
not previously been given much attention.

3 Classification-Based Information Retrieval

We describe the architecture and ranking method of a classification-based IR
system that we have been developing in this section. We assume the existence of a
standard retrieval system that, given a query, returns a ranked list of documents
as the result set. Web search engines such as Google, Windows Live and Yahoo!
satisfy this assumption.

Given a ranked set of documents, it is necessary in our system to classify the
documents into their respective classes. Figure [I] provides a conceptual view of
the classification-based information retrieval system we are developing. Figure[Th
depicts the ranked set of documents provided by a standard IR system. Our
system classifies these documents into a number of classes, ranks the classes and
then displays a ranked list of classes to the user, as depicted in Figure [b. When
a user clicks on a particular class, the ranked set of documents in this class is
then displayed to the user, as shown in Figure [Ik.

Database
Class B

Class B description
ClassB
-

(a) Standard IR model  (b) Classification-  (c) Results in
based IR model class B

[T

Fig. 1. Conceptual framework of a classification-based IR system

We now provide a more formal framework for our system. We assume that
there are | D| documents in the original result set, D, and we denote the standard
IR rank of document, di, € D as s(dj); we refer to this rank as the scroll rank

% http://demo.carrot2.org/demo-stable/main
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(SR). For convenience of presentation we assume that the documents are ordered
such that document dj has scroll rank s(dg) = k. According to the eye tracking
experimen‘cﬁ and [], the position in the list can be approximated by the time to
find a result.

3.1 Class Rank

After performing classification on the original result set returned by the standard
IR system, the documents are grouped into |C| top-level classes. Each class, ¢;,
consists of a set of documents, d; j, where 1 < j < |¢;|, and |¢;| denotes the
number of documents in class, ¢;.

Each class, ¢;, consists of a set of documents, d; ;, where 1 < j < |¢;|, and |¢;|
denotes the number of documents in class, ¢;.

Given the set of classes, C', a rank ordering of the classes is necessary. For
a document, d; ;, let ¢(4,j) = k denote the corresponding index of the same
document in the initial result set as output by the standard IR system. Thus,
the score associated with document d; ; is s(dy(; ;) = s(di.) = k. Then, the score
of class, ¢; is given by

P(ci) = —min(s(dy,j)) for 1 <7 <le,

where ¢(c;) outputs the score for each class. In our case scores of each class based
on the scroll rank of the document within the class. For notational convenience,
we assume the classes to be ordered such that class ¢; has rank i.

We believe that this simple method of ranking classes is novel and, more
importantly, minimizes the affects of the ranking method on the performance of
the classification-based system. Conversely, if we had developed a sophisticated
ranking system for classes and documents within classes (see Section B.2)), then
it becomes increasingly difficult to determine whether differences in performance
compared with a standard IR system are due to classification or the new ranking
algorithm.

3.2 Document Rank

Having ranked each class, it is now necessary to rank the documents, d; ;, within
each class, ¢;. To do so, we assume the existence of a function, ¢(d;;), that
outputs a score for each document. Here we adopt one of the popular method,
the scroll ranks of the documents, s(dy), as output by the standard IR system,
as a score for each document and rank the documents accordingly. Thus, the
score for document, d; ;, in class, ¢; is given by ¢(d; ;) = —s(dy,j))-
Documents within the class are then ranked according to their scores, the
highest score being ranked first, as before. For notational convenience, we assume
the documents to be ordered such that document d; ; has rank j in class c;.

3 http://www.useit.com/alertbox /reading_pattern.html
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3.3 In-Class Rank(ICR)

When a user selects a class, ¢;, the in-class rank measures the number of class
labels and documents that the user examines, when the target document, dx =
d; j is in class, ¢;. The in-class rank is

r(dij) =i+ 7, (1)

since the user must look at the first i-ranked class descriptions and then the first
j-ranked documents within the known class.

However, a classification-based IR system introduces a small overhead. If the
target document is ranked high, then this overhead may be noticeable.

3.4 Scrolled-Classification Rank(SCR)

As we shall see shortly, it is often useful to talk about the scrolled classification
rank, denoted by s(d; ;), which we define as the total number of classes and
documents a user must examine to find document d; ; by sequentially scrolling
through each class and its associated documents in rank order.

In this case, the user will look at i classes, and all of the documents in the
previous i-1 classes together with the first j documents of the last class. Thus,
the scrolled classification rank of document, d; ; is given by

i—1
S(di,j) =1+ Z |Ck| —|—j (2)
k=1

3.5 Out-Class/Scroll-Class Rank(OSCR) and Out-Class/Revert
Rank(ORR)

If the target document is not within the selected class, then the user must per-
form additional work.Upon failing to find the target document in the chosen
class, the user may choose to

(i) scroll through the classes and the documents in each class in rank order,
or

(ii) revert to the standard IR display and sequentially scroll through the ranked
result set.

The out-class/scroll-class rank and out-class/revert rank are, respectively, the
number of documents the user must then examine in order to find the target in
case (i) and (ii) above. We now formalise these notions.

The out-class/scroll-class rank, p(d; ;), is the total number of class labels and
documents that a user must examine in order to find the document for case (i),
where the users chooses to scroll through the classes and documents in rank
order, after not finding the target in the selected class. Let ¢, denote the class
the user erroneously selects. Then the out-class/scroll-class rank is given by

(e+ ee|) + s(dij) ife>1,
d; ;) = ’ 3
p( 7]) {€+S(di’j) if e < 1. ( )
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The out-class/revert rank, q(d; ;), is the total number of class labels and doc-
uments that a user must examine in order to find the document for case (ii),
where the user reverts to the standard result set, i.e. no classification is used in
the second phase of the search. The out-class/revert rank is given by

q(dij) = (e +lce|) + s(dy(ij) = (e + [ee|) + s(d) = (e + [ee]) + &, (4)

where ¥(i,j) = k. Note that the out-class/revert rank is a hybrid search strat-
egy that begins with a classification-based strategy and reverts to a ranked-list
strategy if the document is not present in the first class selected. This hybrid
strategy is different from the presentation in cluster-based search engines, where
the user is presented with the ranked listing in a main window and the clusters
in another.

3.6 Classification

We have, until now, ignored how classification is performed. In the experiments
of Section Bl we assume two cases.

In the first case we assume we have an oracle based on 16 top level cate-
gories of the Open Directory that correctly classifies the documents. Of course,
in practice, this is not possible. However, analysis of this case provides us with
valuable information regarding the best-case performance of the system. Any
other system in which classification errors occur will perform worse. In the sec-
ond case, we assume classification is performed based on a k-nearest neighbour
(KNN) classifier [6]. That is, given a document, d;, we find its k& most similar
documents in a database of pre-classified documents.

4 Experimental Methodology

Target Testing. The experimental methodology simulates a user performing
a known-item search, also referred to as target testing.

In our context we make use of target testing to evaluate the performance
of a classification-based retrieval system. The motivation is that target testing
allows us to evaluate the system automatically without users, and is a precursor
to user testing. Additionally, target testing allows us to evaluate the system on
numerous queries at a minimal cost in comparison to user testing. However target
testing has some shortcoming in that the queries generated for target testing do
not necessarily simulate “real” user queries. Moreover, good performance of the
system for target testing does not guarantee similar performance when testing
the system with “real” users.

Automatic Query Generation. For a given document repository, in our case
extracted from the Open Directory, we randomly select target documents. For
each target document, a user query is automatically generated by selecting a
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Table 1. Summary of the operating conditions and the number of classes and docu-
ments examined in each case

simulated user /target|correctly classified misclassified

knows class ICR (C1) OSCR (C4a) or ORR (C4b)
does not know class |SCR (C2a) or SR (C2b) SCR (Cba) or SR (C5b)
thinks knows class  |OSCR (C3a) or ORR (C3b)|OSCR (C6a) or ORR (C6b)

number of words from the target document. This can be performed in a variety
of ways (cf. [7], [8]). However, the exact procedure is not important. We only
require that queries can be generated such that the target document appears
within a designated range of scroll rank. In this way we can simulate a range of
good (high ranking) to poor (low ranking) queries.

User/Machine Models. Table [T] summarises the models and corresponding
user strategies we described in section Bl The three user models are (i) the user
knows class (case 1 and 4); (ii) the user does not know class (case 2 and 5) and,
(iii) the user think he knows (case 3 and 6). Note for each user model, there
are two cases associated with it because there are two machine models (cor-
rect /incorrect classification of the target document). In the Table [[l we assume
that the user employs the search strategies we introduced in Section

5 Experiment

The dataset used in our experiments is derived from the Open Directory Project.
We have chosen the following 12 top level classes to construct our testset: Arts,
Business, Computers, Games, Health, Kids and Teens, Society, Science, Shop-
ping, Home, Sports and Recreation.

We crawled and downloaded all the documents from these 12 top-level classes
during September 2006. After removing the noisy data, we divided the remaining
792,030 documents into training set (500,430 documents) and test set (291,600
documents). The training set was used for classification with the k-nearest neigh-
bour classifier.

We randomly selected 600 target documents from the test set, and for each
target document we generated 10 queries. The queries were designed so that the
scroll rank of the target document output by the standard IR system fell into
intervals counting 5 ranks from 1 to 50.Thus, for each target document, we used
a set of 10 queries that ranged from “very good” (scroll rank between 1-5) to
“very poor” (scroll rank 36-50). The experimental results were averaged over all
600 target documents.

The underlying IR system is based on the open-source search software,
Lucend]. For stemming we make use of the open-source stemmer, Snowball B.
The default document ranking algorithm from Lucene was used.

* http://lucene.apache.org
® http://snowball.tartarus.org
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5.1 Experimental Results

We performed three sets of experiments. In the first set we used the domz di-
rectory as an oracle to classify the result set, the second set used a k-nearest
neighbour classifier trained on a subset of the Open Directory to classify the
result set, and the last set used our classifier in a more realistic scenario.

Classification Based on an Oracle. Each of the 600 documents has been
manually classified into one of 12 classes. Thus, dmoz provides us with an oracle
with which to classify all documents in the original result set. This allows us
to first examine the best-case performance of our classification-based IR system,
i.e. when there are no machine classification errors and the simulated user knows
the correct class (case C1 in Table [I]).

We can also introduce and control error rates for both the user and the ma-
chine classifier. Note that, from Table [T user errors and machine classification
errors both result in the same search length (cases C3, C4, and C6). Moreover,
the two cases where the user is aware that they do not know the class (cases
C2 and C5) are unaffected by the machine misclassification. Thus, when we re-
port error rates, we do not distinguish between human and machine error rates.
Rather, the error rate represents the combination of the two.

Figure Zh summarises the results for these cases. It shows the cumulative
probability of finding the target document as a function of the rank of the target
document. We note that for the standard IR system, the rank corresponds to the
scroll rank (SR). For the error-free case, the rank corresponds to the in-class rank
(ICR). For non-zero error rates, the rank corresponds to the ranks summarised
in Table [Tl

For the standard IR system, the scroll rank (SR) is a straight line, since the
scroll rank is evenly distributed within the 10 intervals described above. We see
that for the error-free case (ICR), the classification-based IR system performs
significantly better than the standard IR system (SR). In particular, we observe
that approximately 60% of all target documents can be found with a rank of 10
or less. That is, for an ideal user and no machine misclassification (case C1), the

cumulative distribution

——ICR+ORR 15%
—— ICR+ORR 20%
—4—ICR+ORR 25%
—>— ICR+ORR 30%

UESNENESS (s feem ] 4
nwt%i“si”g%g;?isg?'élg'gg' o

£ E3 W 3 E) E o B o 5 2 25 E3 B w© 0 E
rank scroll rank

(a) cumulative distribution (b) Median search length of query results

Fig. 2. Results using dmoz oracle classifier
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user must look at no more than 10 classes and documents in order to locate the
target document.

The oracle also allows us to control the misclassification rate. And the rates
we describe can best be thought of as the combined user and machine error rates.
We introduced an error rate of 2% as follows: for 2% of the 600 queries, the user
randomly selects a class that does not contain the target document, and then
uses the out-class/revert (ORR) ranking strategy to locate the document. For the
remaining (100 —z)% of queries, the user chooses the correct class and the target
document is found using the in-class ranking (ICR) strategy. Thus, the curves for
non-zero error rates represent a combination of two strategies, ICR and ORR.

For an overall error rate of 15%, we observe a decline in performance, as
expected. However, at this error rate, the classification-based IR system still
performs significantly better than the standard system. For example, over 50% of
all target documents are found with a rank of 10 or less. As the overall error rate
increases, the performance degrades. However, this degradation is rather smooth
and even with an error rate of 30%, the performance remains significantly better
than that of the standard IR system.

Finally, for completeness, Figure Bh also shows the cumulative distribution
for the scrolled classification rank (SCR). This curve is significantly worse than
the scroll rank of the standard IR system. Figure Zh shows that in cases C2 and
C5, when the user does not know the class, he is best advised to abandon the
classification-based IR system and immediately return to the standard system,
i.e. follow the second strategy of scroll-rank (SR) in Table Il Moreover, in cases
C3, C4 and C6, where we have either a user or machine error, then if the user
does not find the target in the class he knows or thinks is the correct class,
the advice is the same, i.e., revert to the standard system following the second
strategy of out-class/revert (ORR) in Table [l That is, a hybrid-based search
strategy performs better than either a category-based or ranked-listing alone.

It is important to recognize that the cumulative distribution does not present
the full story. FigureZb plots the median search length as a function of the scroll
rank. Note that here we use the median search length distribution since the
search length is highly biased by a small number of outliers, while the median
is more robust to this bias. It is clear that for target documents with a low
scroll rank (less than 5), the median search length using a classification-based
system is slightly longer, on average, due to the overhead of inspecting the class
description or when an error occurs. Thus, for very good queries, a classification
based system actually increases the search length slightly. Conversely, for poorer
queries,the median rank of the target document in the classification-based system
is always shorter, on average. Interestingly, both the standard IR system and the
classification-based system have regions of superior performance. Only when the
initial query is poorer, i.e. the scroll rank is below a certain threshold, does
the classification-based system offer superior performance.

Figure Bb also shows, as expected, that this threshold increases as the mis-
classification rate increases and it is more evident for poor queries. Thus, for
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example, for a misclassification rate of 25%, the scroll rank must be greater than
7 before a classification-based system is superior.

It is also worth noting that in Figure Bb the quality of the initial queries is
uniformly distributed, by design. Thus, 20% of queries have an initial scroll rank
between 1-5, another 20% between 6-10, and so on. In practice, the distribution
of queries is a function of (i) the user, (i) the distribution of documents in
the database, and (iii) the document scoring function [§]. Thus the benefits
of a classification-based system will depend strongly on the distribution of the
queries. It is interesting to note that a number of studies such as [9] [I0] have
reported poor correlations between user judgments of document rankings and
those produced by search engines, suggesting that classification-based systems
may be useful in practice.

K-Nearest Neighbour Classification. The experiments of the previous sec-
tion show that very good performance can be expected from a classification-based
system, especially for poorer queries. The definition of “poorer queries”, i.e.
queries for which the scroll rank is larger than a given threshold, varies with the
misclassification rate. Simulated misclassification rates of 15-30% suggest that (i)
performance degrades gracefully as the error rate increases, and (ii) that useful
performance improvements can still be obtained with relatively large error rates.

To investigate what misclassification rate we could expect from a classifier,
we implemented a simple non-disjoint k-nearest neighbour (KNN) classifier. The
repository of documents remains the same, permitting us to measure the misclas-
sification rate at 16%. Figures Bk and Bb show the cumulative distribution and
median search length, respectively, in this case. Clearly, even at this error rate,
significant improvements can be obtained, depending on the query distribution.

mulative distribul
median search length

——SsR

—=—SCR
——ICR+ORR 16%

% 3 W0
rank

(a) cumulative distribution (b) Median search length of query results

Fig. 3. Results for the KNN classifier with non-disjoint classes

K-Nearest Neighbour Classification in a More Realistic Scenario. To
investigate what misclassification rate expected from a classifier in a realistic
scenario, we implemented a k-nearest neighbor classifier over a real search engine.
Due to the absence of an oracle for retrieved results, we adopt the classifier’s
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—&—ICR+ORR (NN snippet 27.2%)

—=—ICR+ORR (NN text 29.2%)
——SR

(a) cumulative distribution (b) Median search length of query results

Fig. 4. Results for the KNN classifier in real case

accuracy on the target document as a measure of the classifier’s performance.
It may not fully reflect the performance of our classifier, but we can use this
measure to approximate our system’s performance.

Compared to the previous results shown in Figure Bh, Figure @h shows the
misclassification rate of the k-nearest neighbor is about 30%, which is worse than
the previous results. However, we still can see that these results are consistent
with the previous conclusions. Moreover, for this more realistic case the classifier
trained from dmoz snippets reduces the misclassification rate to about 28%,
which is slight better than that trained on the full text of web pages.

Figure @b shows that for poor queries, the combined class rank will achieve
a better performance than scroll rank. However the trend in the curve is not as
clear out as the previous curve in Figure [3b. It can also be seen that the curve
has high variance. However, our general conclusion that the hybrid-based search
strategy performs better than a category-based or ranked-list alone, is still valid.

6 Concluding Remarks

In this paper we have examined how a hybrid model of an IR system might
benefit a user. Our study was based on several novel ideas/assumptions.

In order to investigate the best-case performance, we constructed a system
using a subset of the Open Directory. All documents in this subset have been
manually classified and therefore provide “ground truth” for comparison. The
advantage of our approach to rank the class is two-fold. It is simple, however,
more importantly, this ranking closely approximates the scroll rank, thus allow-
ing comparison between the class rank and scroll rank. In addition, we identified
three classes of simulated users and rational user search strategies. By basing
our evaluation on known-item search, we are able to simulate a very large num-
ber of user searches and therefore provide statistically significant experimental
results. We acknowledge that real users may perform differently and future work
is needed to determine the correlation between our simulations, which provide
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an empirical upper bound on performance for real users, and the behavior of
real users.

Our experimental results not only demonstrate the advantage when the user
correctly identifies the class and there is no machine error, but also suggest the
strategy the user should take to achieve the optimal performance when the user
does not know the class or when there are user and machine errors.

Using the Open Directory, we were also able to control the error rates of
both the user and the machine classification. Simulation results showed that
the performance degrades gracefully as the error rate increases, and that even
for error rates as high as 30%, significant reductions in search time can still be
achieved. However, these reductions only occur when the query results in the
target document having an initial scroll rank above a minimum rank, and this
minimum rank increases with the error rate.

This may imply that a classification-based system may be more beneficial for
informational queries [I1], where the user will probably inspect several search
results, rather than for navigational queries [I1], which are similar to known-
item queries that target a single web page. Such a system could also be useful
for novice users who are more likely to generate poor queries.

References

[1] Hearst, M.A., Pedersen, J.O.: Reexamining the cluster hypothesis: Scatter/gather
on retrieval results. In: Proceedings of the 19th Annual International ACM SIGIR
Conference on Research and Development in Information Retrieval, pp. 76-84.

[2] Chen, H., Dumais, S.: Bring order to the web: Automatically categorizing search
results. In: CHI 2000: Proceedings of the SIGCHI conference on Human factors
in computing systems, pp. 145-152. ACM Press, New York (2000)

[3] Zeng, H.J., He, Q.C., Chen, Z., Ma, W.Y., Ma, J.W.: Learning to cluster web
search results. In: SIGIR 2004: Proceedings of the 27th annual international ACM
SIGIR conference on Research and development in information retrieval, pp. 210—
217. ACM Press, New York (2004)

[4] Kummamuru, K., Lotlikar, R., Roy, S., Singal, K., Krishnapuram, R.: A hierarchi-
cal monothetic document clustering algorithm for summarization and browsing
search results. In: Proceedings of the 13th International Conference on World
Wide Web, pp. 658-665 (2004)

[5] Osinski, S., Weiss, D.: Carrot 2: Design of a flexible and efficient web informa-
tion retrieval framework. In: Proceedings of the third International Atlantic Web
Intelligence Conference, Berlin. LNCS, pp. 439-444. Springer, Heidelberg (2005)

[6] Duda, R.O., Hart, P.E., Stork, D.G.: Pattern Classification. 2nd edn. Wiley-
Interscience, New York (2000)

[7] Azzopardi, L., Rijke, M.D.: Automatic construction of known-item finding test
beds. In: Proceedings of the 29th Annual International ACM SIGIR Conference
on Research and Development in Information Retrieval, pp. 603—604. ACM Press,
New York (2006)

[8] Vinay, V., Cox, L.J., Milic-Frayling, N., Wood, K.: Evaluating relevance feedback
algorithms for searching on small displays. In: 27th European Conference on IR
Research. ECIR (2005)



Ranked-Listed or Categorized Results in IR: 2 Is Better Than 1 123

[9] Bar-Tlan, J., Keenoy, K., Yaari, E., Levene, M.: User rankings of search engine
results. J. American Society for Information Science and Technology 58(9), 1254
1266 (2007)

[10] Su, L.T.: A comprehensive and systematic model of user evaluation of web search
engines: Ii. an evaluation by undergraduates. J. American Society for Information
Science and Technology 54(13), 1193-1223 (2003)

[11] Broder, A.: A taxonomy of web search. SIGIR Forum 36(2), 3-10 (2002)



Exploiting Morphological Query Structure Using
Genetic Optimisation*

Jose R. Pérez-Agiiera, Hugo Zaragoza, and Lourdes Araujo

Dpto de Ingenierfa del Software e Inteligencia Artificial, UCM
jose.aguera@fdi.ucm.es
Yahoo! Research Barcelona
hugoz@yahoo-inc.com
Dpto. de Lenguajes y Sistemas Informaticos, UNED
lurdes@lsi.uned.es

Abstract. In this paper we deal with two issues. First, we discuss the
negative effects of term correlation in query expansion algorithms, and
we propose a novel and simple method (query clauses) to represent ex-
panded queries which may alleviate some of these negative effects. Sec-
ond, we discuss a method to optimise local query expansion methods
using genetic algorithms, and we apply this method to improve stem-
ming. We evaluate this method with the novel query representation
method and show very significant improvements for the problem of
optimising stemming.

1 Introduction

There is an underlying common background in many of the works done in query
reformulation, namely the appropriate selection of a subset of search terms
among a list of candidate terms. The number of possible subsets grows expo-
nentially with the size of the candidate set. Furthermore, we cannot evaluate
a priori the quality of a subset with respect to another one: this depends on
the (unknown) relevance of the documents in the collection. For these reasons,
standard optimisation techniques cannot be applied to this problem. Instead,
we must resort to heuristic optimisation algorithms, such as genetic algorithms,
that sample the space of possible subsets and predicts their quality in some
unsupervised manner.

Before considering any query reformulation process is very important to take
into account that modern Information Retrieval ranking functions apply the term
independence assumption. This assumption takes on many forms, but loosely it
implies that the effect of each query term on document relevance can be evaluated
independently of the other query terms. This has the effect of rendering all queries
flat, whithout structure.

However, there are many cases in which queries have some known linguistic
structure, such as degree of synonymy between terms, term cooccurrence or cor-
relation information with respect to the query or to specific query terms, etc.

* Supported by projects TIN2007-67581-C02-01 and TIN2007-68083-C02-01.

E. Kapetanios, V. Sugumaran, M. Spiliopoulou (Eds.): NLDB 2008, LNCS 5039, pp. 124 2008.
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This is typical of queries constructed by a query-expansion method, of stemming
or normalizing terms, of taking into account multi-terms or phrases, etc. Sur-
prisingly, almost all ranking functions (and experiments) ignore this structural
information: after expansion, selection and re-weighting of terms, a flat query (a
set of weighted terms) is given to the ranking function which assumes terms are
independent and scores documents accordingly.

Specifically, we want to investigate two issues: the selection of adequate terms
for query reformulation and term independence assumption, to propose a new
method that solve the classical problems associated to these issues. The morpho-
logical query structure of the query has been chosen to show how our approach
is capable to improve state-of-art approaches like Porter’s stemmer.

In Section 2 we propose a novel way to represent expanded queries that en-
codes information about the term correlation using clauses like set of related
terms. The proposed representations greatly increase the expressivity power of
queries, but at the expense of introducing parameters (weights) which may be
hard to set. Section 3 shows one experiment where our clauses representation
model is adapted to the problem of morphological query expansion. In section 4
we apply it to the problem of optimising the expansion of a term with respect to
its stem. We show that we can significantly improve the performance of Porter
stemming by adapting the expansion to every query. Section 5 draw the main
conclusions and describe the future lines of work.

2 Ranking Independent Clauses of Dependent Terms

One of the reasons of the high performance of modern ad-hoc retrieval systems
is their use of document term frequency. It is well known[I2] that i) probability
of relevance of a document increases as the term frequency of a query term
increases, and ii) this increase is non-linear. For this reason most modern ranking
functions use an increasing saturating function to weight document terms that
are in the query. An example of this is the term saturating function used as part
as BM25[12):
__ tf(d,?)

widt) = T K (1)
where ¢f(d,t) is the term frequency of term ¢ in document d, and K1 is a con-
stant. Similar nonlinear term frequency functions are found in most IR ranking
models such modern variants of the vector space model, the language model,
divergence from randomness models, etc. Besides, all these ranking functions
assume that the relevance information of different query terms is independent
and therefore the relevance information gained by seeing query terms can be
computed separately and added linearly (or log-linearly), for example, in BM25:

score(d) := Z w(d,t) - idf (t) (2)

This independence assumption is usually reasonable for short queries (i.e.
“Italian restaurant in Cambridge”), since users use each term to represent a



126 J.R. Pérez-Agiiera, H. Zaragoza, and L. Araujo

different aspect of the query. However, such assumption breaks down for queries
that are sufficiently complex to contain terms with sufficiently close meaning.
Consider for example the query “Italian restaurant cafeteria bistro Barcelona”.
Having seen the term restaurant twice in a document, which term is more in-
formative: Barcelona or cafeteria? Loosely speaking, if a group of terms carries
the same meaning, the amount of relevance information gained by their presence
should diminish as we see other terms in this group, very much like in equation
(@) does for term frequency, and unlike (2J).

This situation arises very often in modern IR tasks and systems, in particular
in the following areas:

— morphological expansion (e.g. stemming, spelling, abbreviations, capitaliza-
tion),

— extracting multi-terms from the query

— query term expansion (e.g. user feedback, co-occurrence based expansion),

— lexical semantic expansion (e.g. using WordNet),

— using taxonomies and ontologies to improve search,

— user modeling, personalization,

— query disambiguation (where terms are added to clarify the correct semantic
context),

— finding similar documents (where the query is an entire document),

— document classification (where the query is a set of documents),

— structured queries (such as TREC structured topics).

We propose to consider two levels of representation: terms and term clauses.
Clauses are sets of weighted terms that are intended to represent a particular
aspect of the query. The weights w represent their relative importance within
the clause (in particular, the strength of the dependence with relevance). Thus,
a query can be thought of as a bag of bags of (weighted) terms:

c:= {(to, wo) 5 (b1, w1) ooy (t|c|, w|c|)}
q = {01,62, ...,C|q|}

Boolean retrieval models and the Inquery[3] retrieval model have used query
representations even more general than this. Here we restrict ourselves to this
representation with two levels to give clear semantics to each level: term and
clause. We are going to consider terms within a clause as if they were greatly
dependent with respect to relevance; in fact we will consider them as if they
were virtually the same term. Second, we consider terms across clauses as being
independent with respect relevance, as is usually done across terms.

Conceptually, what we propose is a projection from the space of terms to
the space of clauses. Formally, we represent a document as the vector d =
(tf1,...tfi,...,tfyy) where V if the size of the vocabulary. We represent a query
having n clauses as a nxV matrix of weights: C' = (¢;;) where ¢;;is the weight of
jth term in 4th clause. The projected document is then d|c :=d x CT .
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Consider this example. Imagine that we are given a corpus with four terms

IEIIEJ

AD: | % 1
da 0 1 1 1
2

ds |1]2|0

Now consider the query with two clauses:

q:={{(4,1.0), (B,0.0)}, {(C,1.0)} }

This query can also be represented by the matrix:

1.700
¢= {0010}

In the projection d|¢ := d x CT the original query terms are removed from the
collection and replaced with new pseudo-terms representing the clauses; other
terms are removed because all terms are included in the clauses. The term fre-
quency of the clause pseudo-term will be equal to the weighted sum of term
frequencies of the terms in the clause. In our example:

| Transformed Doc|Clausel|Clause2]

dilg 2.7 0
dalq 0.7 1
dslq 2.4 0

This projection will be different for every clause, so it cannot be done as a
pre-processing step: it must be done online. In practice one can carry out this
transformation very efficiently since the projection is performed only on the
few terms contained in the query, and document vectors are very sparse. Most
important, the information needed for this projection is contained in the postings
of the query terms. This means that one can compute the needed term statistics
on the fly after postings are returned from the inverted index. This will incur
the cost of a few extra flops per document score, but without any extra disk or
mMemory access.

The length of the document is not modified by the projection, nor the av-
erage document length. The clause term frequencies (ctf) and clause collection
frequencies (ccf) can be computed as:

ctf(d,e):= > w-tf(dt)

(t,w)ec
cef(d,c) Z th (d, 1)
(tyw)ec
— th(d, c)
paleid) = ctf(d,c) + g tf(d,1)
pmL(c|Col) = cef(d, c)

cef(d,c) + 324 ¢ tf(d,1)
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The most problematic statistic is the inverse clause frequency (icf), since this
is not clearly defined in the weighted case. One possible choice is the number
of postings containing at least one term in the clause; we refer this as icfor(c),
and we note that it can be computed directly from the size of the clause result
set (documents with non-zero ctf). However, this number may be unfairly large
for clauses with lowly weighted common terms. Furthermore, in some settings
this number may not even be available (for example if we only score the query
term AND set or if we drop from the computation documents unlikely to be
highly scored). Another possibility is to use the ezpected idf for a clause term in
a document:

cfe(d ) = ——— 3" w-tf(d,0)-idf (1) (3)
icfe(d.c ctf(d, c)( ’

t,w)Ec

In our empirical evaluation we found this is better than using the min or the
max clause idf, and better than using the mean idf.

With these statistics at hand we can compute the relevance score of a docu-
ment with respect to a query with clauses for a number of retrieval systems[2];
we display several in Table [Il

Table 1. Implementing query clauses in several standard ranking models

| MODEL | WEIGHTING |
BM25 i -icf
VSN T 1t
lg
DFR (PL2) cszT (ctf-logy L + (X —ctf) -log, e + 0.5 - log, (2 - ctf))
LM (KL) Psmoothed (C\Q) log (psmoothed (C|d))

3 Query Clause Experiments

We have performed experiments to demonstrate the dangers of the term inde-
pendence assumption for queries with strongly correlated terms, and to test the
proposed query-clauses ranking idea applied to the stemming problem. Evalu-
ation has been carried out on the Spanish EFE94 corpus which is part of the
CLEF collection [10] (approximately 215K documents of 330 average word length
and 352K unique index terms) and the 2001 Spanish topic set, with 49 topics of
which we only used the title (of 3.3 average word length). All runs employ the
standard (equation 1) and the query clause version of BM25 Table [1l

3.1 Stemming

One can view stemming as a form of global query expansion: we expand a term
in the query with every term in the dictionary sharing the same stem. However,
doing this directly on the query greatly hurts performance (Table 2] rows 1 and
2) . One may think that this loss of performance is due to the noise introduced
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by the stemming algorithm, but this is not the case: if we replace terms by their
stemmed version in the collection and in the query, performance will most often
increase and rarely decrease (Tablelrow 3 ). This is another case of performance
being degraded by adding information to the query. In our opinion, this is due
to the strong violation of the term independence hypothesis produced by adding
so many strongly correlated terms to the query.

A natural way to expand a query by stemming is to construct a set of sets
of terms, or a set of clauses, where each clause represents all the forms of a
stem, possibly weighted (since we may want to weight more strongly the original
term typed by the user). The resulting query is a set of sets of clauses which
can be ranked with our proposed method. Its performance, using as idf the
clause’s (icfor) is exactly equivalent to stemming the collection since in both
cases term frequencies of stems are collapsed (this is also seen empirically in
Table 2 last row)

Table 2. Stemming Performance

| Method: ||Avg.Prec|Prec10|
No Stemming 37 AT
Stem Expansion (Standard) .20 .28
Stemming .43 .52
Stem Expansion (Clauses) .43 .52

3.2 Owur Genetic Algorithm

Because we need to perform the selection of a particular set of terms among
a huge amount of possible combinations of candidate query terms, the com-
putational complexity of exhaustive search methods is non-viable and we have
resorted to a heuristic method such as a genetic algorithm.

Genetic algorithms [7] have been shown to be practical optimization meth-
ods in very different areas [9]. Evolutionary algorithms mimic the principles of
natural evolution: heredity and survival of the most fit individuals.

A genetic algorithm maintains a population of potential solutions, and is pro-
vided with some selection process based on fitness of individuals. The population
is renewed by replacing individuals with those obtained by applying “genetic”
operators to selected individuals. The usual “genetic” operators are crossover
and mutation. Crossover obtains new individuals by mixing, in some problem
dependent way, two individuals, called parents. Mutation gives a new individual
by performing some kind of change on an individual. The production of new
generations continues until resources are exhausted or until some individual in
the population is fit enough. Figure[Ilshows the structure of a genetic algorithm.
The algorithm works with a collection of individuals {z;, - - -, z,}, called popula-
tion. Each individual represents a potential solution to the problem considered,
implemented as some data structure, which depends on the problem. The evalu-
ation of each solution gives a measure of its fitness. At a new generation step, a
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new population is formed by selecting the more fit individuals. Some members of
the new population suffer transformations as a consequence of applying genetic
operator to form new solutions. After a number of generations, the program is
expected to converge, and it is hoped that then, the best individual represents
a solution close to the optimum.

evolution program
begin
generation = 0
P = initialize_population
F = evaluation(P)
while not required_fitness(F) and
not termination_condition do
begin
generation = generation + 1
I = individuals_selection(P, F) %for genetic operators
P = new_generation (P, I)
F = evaluation(P)
end
end

Fig. 1. Structure of a genetic algorithm

Chromosomes of our GA are fix-length binary strings where each position
corresponds to a candidate query term. A position with value one indicates that
the corresponding term is present in the query. Because some preliminary ex-
periments we have performed have shown that, in most cases, the elimination of
the original query terms degrades the retrieval performance, we force to main-
tain them among the selected terms of every individual. The set of candidate
terms is composed of the original query terms, along with related terms pro-
vided by the applied thesaurus. Each term of the original query is grouped with
the expanded terms related to it, and this set (term_set) [11] is submitted as
an individual query. The weights assigned to the documents retrieved with each
term_set are used to sort the total set of retrieved documents.

The applied selection mechanism has been roulette wheel. In roulette wheel
selection, the chances of an individual to be chosen for reproduction are pro-
portional to its fitness. We apply the one-point crossover operator and random
mutation [G[7J9]. In one-point crossover a single crossover point is chosen on
both parents strings. The parts of the parent strings divided by the crossover
point are swapped to generate two children, containing a part of each parent.
The random mutation operator simply flips the value of a randomly chosen bit
(0 goes to 1 and 1 goes to 0). We also apply elitism, the technique of retaining
in the population the best individuals found so far. The fitness function used
is some measure of the degree of similarity between a document belonging to
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the system and the submitted query. We will discuss this further in the different
experiments.

4 Experimental Results

The system has been implemented in Java, using the JGAP libraryEl, that pro-
vides a generic implementation of a genetic algorithm, on a Pentium 4 processor.

We have carried out experiments to evaluate the fitness functions considered.
We have investigated the best range of the GA parameters. Finally, we provide
global measures for the whole set of queries that we have considered.

4.1 Selecting the Fitness Function

In the begining, we would like to use Average precision as the fitness function.
However, this is not known at query time. Instead, it has been suggested in
previous work to use the document scores as the fitness[8]. While this may not
be intuitive, it turns out that variations of these scores after expansion are
correlated with relevance[I]. One intuitive explanation would be that adding an
unrelated term to a query will not bring in new document with high scores, since
it is unlikely that it will retrieve new documents; on the other hand adding a
term that is strongly related to the query will bring new documents that also
contain the rest of the terms of the query and therefore it will obtain high scores.

2,5

12
cos X
cos X

2
~~cos X

L L | L | L L
0 20 40 60 30 100
Generation

Fig. 2. Fitness functions comparison for the best_query, the one for which the greatest
precision improvement is achieved

We have considered three alternative fitness functions, v/cos 6, cos # and cos? 6.
To select the fitness function to be used in the remaining experiments, we have
studied the fitness evolution for different queries of our test set. Figure [2] com-
pares the fitness evolution for the query which reaches the greatest improvement

! http://jgap.sourceforge.net/
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(best_query). The three functions converge to different numerical values that cor-
respond to the same precision value (.68). We can observe that the square-root
cosine function if the first one to converge. A similar behavior is observed in
other queries. Accordingly, the square-root cosine has been the fitness function
used in the remaining experiments.

4.2 Tuning the GA Parameters

The next step has been tuning the parameters of the GA. Figure B shows the
fitness evolution using different crossover (a) and mutation (b) rates for the
best query. Results show that we can reach a quickly convergence with values of
the crossover rate around 25%. Mutation rates values around 1% are enough to
produce a quick convergence.

Fitness

/ L | L | L | L L L L | L | L L
06 20 40 60 80 100 0 20 40 60 80 100
Generation Generation

Fig. 3. Studying the best crossover (a) and mutation (b) rates for the best_query

Figure @l show the fitness evolution for the best (a) and the worst (b) queries,
with different population sizes. The plots indicate that small population sizes,
such as one of 100 individuals, are enough to reach convergence very quickly.

4.3 Overall Performance

Table 3 (Stem Expansion (Clauses)) shows the results obtained using stemming
as query expansion but building a clause for every term. As expected, the results
are exactly those obtained in traditionally stemming by collapsing terms to their
stems.

In order to show the improvement of our approach, we have compared the
genetic algorithm performance with the results of the original user query (Base-
line) and with the results obtained expanding with the stems provided by the
Porter stemming ( Porter Stemming). We can observe in Table 3 (Genetic Expan-
sion (Clauses)) that the combination of clauses and genetic algorithm achieved
an improvement of the performance, greater than the one achieved with other
stemming methods traditionally used in the stemming process, such as Porter.
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Fig. 4. Studying the population size for the best_query (a) and the worst one (b)

Table 3. Stemming Performance

| Method: [AvgPrec[Prec10] Rel.A |
No Stemming .37 A7 1-13.9%
Stemming (Baseline) .43 .52 0*
Stem Expansion .20 .28 |-53.5%
Stem Expansion (Clauses) .43 .52 0
Genetic Expansion .39 49 1-9.4%
Genetic Expansion (Clauses) .45 .53 |+4.4%

5 Related Works

In most query expansion literature terms are selected (globally from the entire
corpus or locally from the top retrieved documents), weighted with respect to
their potential relevance and then passed on to a standard retrieval system,
which is considered a black box. Here we are concerned only with this black box
and not with the expansion process; for this reason we will not review the query
expansion literature (an up to date overview can be found in [5]). Some work
on user and pseudo-feedback has tackled the issue of term re-weighting, from
early Rochio algorithms to more modern probabilistic approaches of relevance
feedback. While these works discuss the ranking function, to our knowledge
they all assume Query Term Independence and concentrate on the re-weighting
formula. Again, we are not concerned here on the re-weighting of terms (this
is left unspecified in our work), and therefore we do not review this literature
further (see for example [4]).

A few papers have dealt with the issue of term correlation and its effect on
retrieval. In [T4] the problem of correlation is discussed in depth. They remark
that term correlation is only an abstract concept and can be understood in a
number of ways. They measure term correlation in terms of term co-occurrence.
Furthermore they propose to represent documents not in the space of terms but
in the space of minterms which are sets of highly correlated terms. This has the
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effect of decorrelating the terms in the query with respect to hypothetical con-
cepts (formally defined as minterms). Instead of computing all term correlations,
[13] proposes to mine association rules to compute the most significant term cor-
relations and the rotates the term vectors to reflect the extracted correlations;
this yields a more selective term de-correlation. [I1] also proposes mining associ-
ation rules to find term sets of correlated terms. However, the ranking function
adjustment proposed is based on the same idea of this paper: collapsing term
frequencies within a clause. In fact, if we disregard relative weights, we use the
VSM model, and we construct query clauses using association rules in [IT], the
ranking function here is exactly the same as in [I1]. However our work differs
from the previously cited papers in that it is not tied to an extraction method
or a ranking model, it does not specify the form of the term correlations and
furthermore it assumes that term correlations will be query-dependant.

6 Conclusions and Future Work

In this paper we try to show the importance of term dependence issues, how they
show up unexpectedly in simple experiments and how they can have a strong
adverse effect in performance. Furthermore we propose a method to represent
and take into account a simple form of dependence between terms.

On the other hand, we have shown how the clauses can be combined with an
evolutionary algorithm to help to reformulate a user query to improve the results
of the corresponding search. Our method does not require any user supervision.
Specifically, we have obtained the candidate terms to reformulate the query
from a morphological thesaurus, with provides, after applying stemming, the
different forms (plural and grammatical declinations) that a word can adopt. The
evolutionary algorithm is in charge of selecting the appropriate combination of
terms for the new claused query. To do this, the algorithm uses as fitness function
a measure of the proximity between the query terms selected in the considered
individual and the top ranked documents retrieved with these terms.

We have investigated different proximity measures as fitness functions without
user supervision, such as cosine, square cosine, and square-root cosine. We have
also studied the GA parameters, and see that small values such as a population
size of 100 individuals, a crossover rate of 25% and a mutation rate of 1%, are
enough to reach convergence. Measures on the whole test set of queries have
revealed a clear improvement of the performance, both over the baseline, and
over other stemming expansion methods.

A study of the queries resulting after the reformulation has shown that in
many cases the GA is able to add terms which improve the system performance,
and in some cases in which the query expansion worsen the results, the GA is
able to recover the original query.

For the future, we plan to investigate the use of other sources of candidate
terms to generate the claused queries applying different query expansion ap-
proaches like co-occurrence measures or methods based in Information Theory.



Exploiting Morphological Query Structure Using Genetic Optimisation 135

References

10.

11.

12.

13.

14.

. Araujo, L., Pérez-Agiiera, J.R.: Improving Query Expansion with Stemming Terms:

A New Genetic Algorithm Approach. In: Eighth European Conference on Evolu-
tionary Computation in Combinatorial Optimisation (2008)

Baeza-Yates, R.A., Ribeiro-Neto, B.A.: Modern Information Retrieval. ACM Press
/ Addison-Wesley (1999)

Callan, J.P., Croft, W.B., Harding, S.M.: The INQUERY Retrieval System. In:
DEXA, pp. 7883 (1992)

Carpineto, C., de Mori, R., Romano, G., Bigi, B.: An Information-theoretic Ap-
proach to Automatic Query Expansion. ACM Trans. Inf. Syst. 19(1), 1-27 (2001)
Chang, Y., Ounis, I., Kim, M.: Query Reformulation Using Automatically Gener-
ated Query Concepts from a Document Space. Inf. Process. Manage. 42(2), 453-468
(2006)

Goldberg, D.E.: Genetic Algorithms in Search, Optimization and Machine Learn-
ing. Addison Wesley, Reading (1989)

Holland, J.J.: Adaptation in Natural and Artificial Systems. University of Michigan
Press (1975)

Lopez-Pujalte, C., Bote, V.P.G., de Moya Anegén, F.: A Test of Genetic Algorithms
in Relevance Feedback. Inf. Process. Manage. 38(6), 793-805 (2002)

Michalewicz, Z.: Genetic Algorithms + Data Structures = Evolution programs.
2nd edn. Springer, Heidelberg (1994)

Peters, C., Braschler, M.: European Research Letter: Cross-Language System Eval-
uation: The CLEF Campaigns. JASIST 52(12), 1067-1072 (2001)

Possas, B., Ziviani, N., Wagner Meira, J., Ribeiro-Neto, B.: Set-based Vector
Model: An Efficient Approach for Correlation-based Ranking. ACM Trans. Inf.
Syst. 23(4), 397-429 (2005)

Robertson, S.E., Walker, S.: Some Simple Effective Approximations to the 2-
Poisson Model for Probabilistic Weighted Retrieval. In: ACM SIGIR 1994: Pro-
ceedings of the 17th annual international ACM SIGIR, pp. 232-241. Springer,
New York (1994)

Silva, I.R., Souza, J.N., Santos, K.S.: Dependence Among Terms in Vector Space
Model. In: IDEAS 2004: Proceedings of the International Database Engineering
and Applications Symposium (IDEAS 2004), Washington, DC, USA, pp. 97-102.
IEEE Computer Society, Los Alamitos (2004)

Wong, S.K.M., Ziarko, W., Raghavan, V.V., Wong, P.C.N.: On Modeling of In-
formation Retrieval Concepts in Vector Space. ACM Trans. Database Syst. 12(2),
299-321 (1987)



Generation of Query-Biased Concepts Using Content and
Structure for Query Reformulation

Youjin Chang, Jun Wang, and Mounia Lalmas

Queen Mary, University of London,
London, E1 4NS, UK
{youjinchang,wangjun,mounia}@dcs.gmul.ac.uk

Abstract. This paper proposes an approach for query reformulation based on
the generation of appropriate query-biased concepts. Query-biased concepts are
generated from retrieved documents using their content and structure. In this
paper, we focus on three aspects of the concept generation; the selection of
query-biased concepts from retrieved documents, the effect of the structure, and
the number of retrieved documents used for generating the concepts.

Keywords: query reformulation, feature extraction, concept generation,
structure, relevance feedback.

1 Motivation

A main issue in information retrieval (IR) is for users to define queries, i.e. the query
terms, that properly express their information needs. If we assume that IR engines
successfully find all the relevant documents using the terms contained in the initial
query, the remaining problem is how to properly formulate the query. In IR, users
often need to reformulate their initial queries more than once to obtain better results.
There has been wide interest in the selection of terms to reformulate the query [1,4,5].
There are three main approaches: approaches based on relevance feedback
information from the user, approaches based on information derived from the set of
documents initially retrieved, and approaches based on global information derived
from the document collection. The first approach, query reformulation from relevance
feedback, has been shown effective if appropriate feedback (i.e. explicit - this
document is/is not relevant; or implicit — through click-through data) is given by the
user. This paper is concerned with the first type of approach. In this paper, we
propose a query reformulation process based on so-called query-biased concepts
(QBC). This process is performed as one of the relevance feedback task. We try to
enhance the initial query with query-biased concepts generated from the analysis of
the content and structural information of documents retrieved by the initial query.

We assume that the retrieved documents have several topics or themes that can be
expressed by a set of terms. For example, let us consider an article about ‘speech
recognition’. The article may discuss the definition of speech recognition, the history
of speech recognition, a speech recognition case study, etc. It is necessary to select the
themes of the article so that the article can be effectively represented. Furthermore, it
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© Springer-Verlag Berlin Heidelberg 2008
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is also necessary to find “overall” concepts by joining those themes that are related.
Since there may be similar documents or paragraphs about a ‘speech recognition case
study’ in other documents, we need to integrate those themes across the documents
globally. Through these local and global analyses, we aim to construct the concepts
that identify the main themes of retrieved documents. The framework for constructing
the query-biased concepts is illustrated in Figure 1.

RETRIEVED DOCUMENTS
TOP 5, 10,15, 20

___________________________________ Y

LOGAL ANALYSIS:
SELECTING SIGNIFICANT PARAGRAPHS

TERM QUERY
FREQUENCY TERMS

i ————— T 5
i S —— kY

| TITLE ‘ | LOCATION ‘ | | ‘ FONT |

L o\~

| WITHOUT STURUCTURAL INFO | ‘ WITHSTURUCTURAL INFO |
L] |

* QBC_BEST EXPANDEDQUERY
QUERY REFORMULATION

Fig. 1. The procedure of experiments to construct the query-biased concepts

In the local analysis, we select significant characteristics from each (retrieved and
relevant) document and name them ‘features’. This is done by selecting the significant
paragraphs and partitioning those paragraphs. We use the following criteria for
scoring each paragraph according to its significance: 1) the ratio of significant terms
in a paragraph: the terms that frequently occur in a document are arranged in a
significance term list; 2) the location of paragraph; 3) the presence of a title of the
document within the paragraph; 4) the presence of query terms within the paragraph;
5) the presence of bold or italic term within the paragraph. The top ranked k
paragraphs are chosen as the significant paragraphs. We then partition the selected
paragraphs. Through partitioning, the features of each document are generated. It is
important to make the selected significant characteristics orthogonal to each other
within a document, because orthogonal features are able to represent the main themes
of a document separately. In this paper, we extend the framework to deal with
structured documents.

Nowadays, with the increased number of documents formatted in the eXtensible
Markup Language (XML), it makes sense to investigate whether the structure, as
captured by XML, can also be used to generate useful query-biased concepts. We
suggest using the structural relations between paragraphs for partitioning. The
paragraphs belonging to the same section or subsection can be partitioned. Through
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this restriction, we can reduce the non-desirable unification caused by common terms
and/or specific terms like title terms or query terms within one document. Depending
on the level of partitioning, the number of features in a document can be increased or
decreased. The results with different levels of partitioning are presented in section 3.

After a local analysis, it is necessary to integrate these features across all the
documents to build the concepts. We adopt a single pass method based in early work
on clustering analysis [2]. The main purpose of this step, the global analysis, is to
prevent the duplication of similar features. The clustering makes it possible to
generate the primitive concepts that are approximately orthogonal. Analyzing a set of
documents locally and globally has been used in previous studies [1, 4]. The final
stage of constructing the query-biased concepts is to combine the generated concepts
with the initial query. We compute the similarity of between the initial query and
concepts. The concept that has the maximum similarity with the initial query is
selected as the best query-biased concepts (QBC,.). For a new query, the original
query terms are expanded with those associated terms in QBC.. Finally, the new
query is resubmitted to the retrieval system.

2 Experimental Set Up

We use the test collection developed at INEX 2005 [3], which consists of a set of
XML documents, topics and relevance assessments. The document collection is made
up of the full-texts, marked up in XML, of 16,819 articles of the IEEE Computer
Society's publications. Generally, one article consists of a front matter (<fm>), body
(<bdy>) and back matter (<bm>). The opening and closing tags enclose the main
content, which is structured into sections (<sec>), subsections (<ssl>) and sub-
subsections (<ss2>, <ss3>). Each of these logical units starts with a title followed by a
number of paragraphs (<p>). We use the 23 content-only topics provided by INEX, as
we are focusing on document retrieval. The <title> part of the topic is used as an
initial query. Although the relevance assessment in INEX is done at element level, we
can derive the assessment at document level. Any document that has any relevant
content for a query is set as relevant to that query.

All experiments are performed using the HySpirit [7] retrieval system. We carry
out a number of query reformulation experiments in the context of a relevance
feedback scenario. First, the documents are retrieved using the initial query. To
examine the impact of sampling a subset of the top ranked documents, we restrict the
set of returned documents to the top 5, 10, 15, and 20 documents, respectively (as this
reflects more realistic scenarios). Then we assess the relevance of retrieved
documents. Practically, the user’s relevance judgment is the most accurate but we use
the relevance assessments provided by INEX 2005 to simulate the feedback process.
With the selected documents (the retrieved and relevant documents), we construct the
query-biased concepts with various approaches. The QBC_CO approach constructs
the query-biased concepts with content information only. Neither the font information
nor the structural information is used. The QBC_CS approach applies all the
techniques with structural information to construct the concepts. Finally, the query-
biased concepts from both approaches are combined with the initial query.



Generation of Query-Biased Concepts Using Content and Structure 139

We examine four different types of results: one baseline, one pseudo-relevance
feedback (PRF), one classis relevance feedback (RF), and various QBC approach
(QBC_CO and QBC_CS). For the baseline, we use a traditional #f*idf ranking. For
PRF and RF, we use Rocchio's formula [6], where we use the top 5, 10, 15, and 20
retrieved documents of the baseline. For PRF, we use all such documents, whereas for
RF, we use those that are relevant. We only use a positive feedback strategy (we only
consider relevance), and choose the top 20 terms to expand the query. QBC_CO and
QBC_CS are also performed with the top 5, 10, 15, and 20 retrieved documents of the
baseline. For QBC_CS, we considered a hierarchical relation between paragraphs
such as sections and subsections in the partitioning step. We partition the paragraphs
belonging to the same section (QBC_CS_SEC), subsection (QBC_CS_SS1), or sub-
subsection (QBC_CS_SS2). We also choose the top 20 terms to form the new query.
Finally, we evaluate the results with the full freezing method [8]. There, the rank
positions of the top n documents (n = 5, 10, 15, and 20), the ones used to modify the
query, are frozen. The remaining documents are re-ranked.

3 Results and Analysis

For space reason, we only compare the results using mean average precision (MAP)
over the whole ranking, which we calculate using trec_eval. Table 1 shows all the
results. The results of PRF are inferior to the baseline. Since PRF assumes that all top
n-ranked documents (n = 5, 10, 15, 20) are relevant, this indicates that we need to use
relevance information to find appropriate terms for expanding the query. Although the
results of RF are higher than the PRF, they are still lower than the baseline. This
indicates that we need better techniques to extract appropriate terms. We can see that
QBC_CO and QBC_CS outperform the baseline, PRF, and RF. In the QBC_CO
approaches, using both local and global analysis such as summarization, partitioning,
and clustering shows the best result. In the QBC_CS approaches, the cases without
global analysis (i.e., clustering) show the best result. Here, we only report the best
results of QBC_CS where we partition the paragraphs belonging to the same section
and do not apply any clustering. We discuss the other results in Table 3.

Table 1. Mean average precision (MAP) of baseline, PRF, RF, and QBC runs. TOPS, TOP10,
TOP15, and TOP20 represent the number of retrieved documents

Baseline PRF RF QBC_CO QBC_CS

0.2073 TOP5 0.1793 0.2056 0.2369 0.2325
TOP10 0.1793 0.2049 0.2354 0.2211
TOP15 0.1815 0.2057 0.2380 0.2190
TOP20 0.1717 0.2045 0.2376 0.2193

It is known that the success of a query reformulation process depends on how the
initial query performs. We thus classify the 23 topics into two groups: poor (P), and
good (G) performing queries. We investigate whether the QBC approaches are
particularly effective in the case of the poorly performing queries. The good/poor
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decision is based on the MAP achieved by our baseline. If the MAP of the query is
above 0.2073, we consider the query to be good. 14 queries with the MAP under
0.2073 are identified to be poor. For simplicity, we only compare the results of RF
and QBC approaches with respect to the baseline in Table 2. Due to space limitation,
we choose the same results of QBC_CO and QBC_CS approaches with TOPS in
Table 1 again to compare the retrieval performance for the two types of queries.

Table 2. Retrieval performance of QBC_CO and QBC_CS runs in poor(P) and good(G)
performing queries. There are 14 poorly performing queries and 9 good performing queries.

Baseline RF QBC_CO QBC_CS
P(14) G(9) P(14) G(9) P(14) G(9) P(14) G(9)
MAP 0.1061 03647 0.1132 0.3493 0.1599 0.3566 0.1399  0.3767
Y%chg +6.2 -4.4 +33.6 2.3 +24.2 +3.2
R-precision 0.1581 0.3934 0.1903 0.3981 0.1985 0.3828 0.1694  0.4125
Jochg +16.9 +1.2 +20.4 -2.8 +6.7 +4.6

The MAP of QBC_CO is improved by 33.6% and that of QBC_CS_SEC is also
improved by 24.2% in poorly performing queries over the baseline. This indicates that
expanding terms by query-biased concepts has a positive effect in the case of poorly
performing queries.

Then, we investigate the effect of structural information by comparing the results
of various QBC_CS approaches in Table 3. QBC_CS_SEC, QBC_CS_SSI1, and
QBC_CS_SS2 represent different kinds of partitioning. The cases of QBC_CS_SEC
with non-clustering (NONCL) show the best result. Generally, the results of SS1 and
SS2 are lower than those of SEC. In QBC_CS approaches, a global analysis does not
affect the improved performance for generating query-biased concepts.

Table 3. MAP of QBC_CS runs in different levels of partitioning. CL denotes a clustering and
NONCL denotes a non-clustering.

QBC_CS_SEC QBC_CS_SS1 QBC_CS_SS2
CL NONCL CL NONCL CL NONCL
TOPS 0.2035 0.2325 0.2028 0.2290 0.2304 0.2290
TOP10 0.2043 0.2211 0.2036 0.1900 0.1930 0.1900
TOP15 0.2079 0.2190 0.2072 0.2037 0.2090 0.2037
TOP20 0.2079 0.2193 0.2072 0.2041 0.2090 0.2041

Finally, we examine the effect of the number of retrieved documents used for
generating concepts. In Table 1, using 15 documents with QBC_CO leads to the best
result. In Table 3, using 5 documents with QBC_CS_SEC (NONCL) leads to the best
result. This indicates that the number of retrieved documents does not directly affect the
performance. This is because we did not use all the retrieved documents but only used
those retrieved documents that were relevant. As long as some relevant documents are
highly ranked, we are able to generate appropriate concepts for query expansion.
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4 Conclusions

In this paper, we proposed an approach for constructing query-biased concepts from
retrieved and relevant documents. The generated query-biased concepts were used to
expand the queries in a relevance feedback (RF) process. The experimental results
showed the improvement of retrieval performance with our various approaches.
Particularly, we found an increase of performance when QBC was applied to the
poorly performing queries. We also investigated the effect of structural information to
construct the query-biased concepts and the number of retrieved documents used for
generating the concepts. The use of structural information in a local analysis was
effective to select the significant features of documents. But the use of clustering for a
global analysis was not beneficial for query reformulation. In QBC_CS approaches,
those which generated the query-biased concepts with the content and structural
information (without a global analysis) led to the best performance. The retrieval
performance of QBC approaches does not seem to rely on the number of retrieved
documents. This is because we only used the relevance information of retrieved
documents. It is not necessary to have a large number of relevant documents for
generating appropriate query-biased concepts. However, it is essential to have them
highly ranked for generating appropriate query-biased concepts.
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Abstract. This paper presents a comparison between three different In-
formation Retrieval (IR) systems employed in a particular Geographical
Information Retrieval (GIR) system, the GeoUJA IR, a GIR architecture
developed by the SINAT research group. It could be interesting and useful
for determining which of the most used IR systems works better in GIR
task. In the experiments, we have used the Lemur, Terrier and Lucene
search engines using mono and bilingual queries. We present baseline
cases, without applying any external processes, such as query expansion
or filtering. In addition, we have used the default settings of each IR sys-
tem. Results show that Lemur works better using monolingual queries
and Terrier works better using the bilingual ones.

1 Introduction

Geographic Information Retrieval (GIR) is related to a specialized branch of
traditional Information Retrieval (IR). GIR concerns the retrieval of informa-
tion involving some kind of spatial awareness. Existing evaluation campaigns
as GeoCLEFL whose aim is to provide the necessary framework in which to
evaluate GIR systems for search tasks, involving both spatial and multilingual
aspects. GeoCLEF is a cross-language geographic retrieval track included in the
Cross-Language Evaluation Forunf] (CLEF) campaign. The selection of a good
IR system is essential in this task. The main contribution of this paper is to
compare three different textual IR systems for the GIR task.

1.1 The Geographical Information Retrieval Task

We can define GIR as the retrieval of geographically and thematically relevant
documents in response to a query of the form <theme, location>, where the
spatial relationship may either implicitly imply containment, or explicitly be
selected from a set of possible topological, proximity and directional options

! http://ir.shef.ac.uk/geoclef/
% http://www.clef-campaign.org/
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(e.g. inside, near, north of)[I]. The original queries used in the experiments
carried out in this work have not explicitly identified the spatial information,
so it has been necessary to extract this geo-information (named locations and
spatial relationships) from them.

There is a wide variety of approaches to resolve the GIR task ranging from
basic IR approaches with no attempts at geographic indexing, to deep natural
language processing to extract places and topological information from the texts
and queries. Therefore, the main requirement which a GIR system should have
with respect to an simple IR system is the recognition and the extraction of
entities locations and spatial relations in the document collection and the queries.
Another interesting feature would be to have a external geographic knowledge
base as a gazetteer.

Section 2 introduces the system description and discusses the information
retrieval systems employed in the experiments performed in this work; Section
3 presents the resources used in this empirical comparison and the experimental
results; and Section 4 shows the main conclusions of this work.

2 System Overview

The core of a basic GIR system is based on an index-search engine. In general,
other preprocessing modules are also used in any GIR system, such as a entity
recognizer, a spatial relationship extractor or a geographic disambiguator. Our
system has several subsystems that we introduce in the next section. The Figure
[M describes the basic architecture of our GIR system. A detailed description of
the SINAIF GIR system is written in [2].

The modules or subsystems of our system are:

— Translator subsystem. We have used the SINTRAM[ translator[3]. This
subsystem translates the queries from several languages into English.

— Named Entity Recognizer (NER) subsystem. We have worked with
the NER module of the GATH? toolkit.

— Geo-Relation Finder subsystem. This subsystem is used to find the
spatial relations in the geographic queries.

— Filtering subsystem. Its main goal is to filter what documents among the
recovered ones by the IR subsystem are valid and to make a new ranking
with them.

— Information Retrieval subsystem. We have worked with several IR sys-
tems such as Luceneﬁ7 Terried] and Lemuif.

3 http://sinai.ujaen.es

4 SINai TRAnslation Module

® http://gate.ac.uk/

5 http://lucene.apache.org

" http://ir.dcs.gla.ac.uk/terrier
8 http://www.lemurproject.org
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Fig. 1. Basic architecture of the SINAI GIR system

3 Experiments Description and Results

The experiments carried out consist in applying Lucene, Terrier and Lemur se-
parately as textual IR system for the GeoCLEF search task, without considering
any additional module. In order to obtain the R-Precision and the Mean Ave-
rage Precision (MAP) of each experiment, we have used the English relevance
assessments defined for GeoCLEF 2007 and the TREC evaluation method.

3.1 Resources

The English collection contains stories covering international and national news
events, therefore representing a wide variety of geographical regions and places.
It consists of 169,477 documents and was composed of stories from the British
newspaper The Glasgow Herald (1995) and the American newspaper The Los
Angeles Times (1994). The document collections were not geographically tagged
and contained no semantic location-specific information[4].

A total of 25 topics were generated for GeoCLEF 2007 and they have been
used in the experiments. The format of a query consists in three major labels or
fields: title, description and narrative. These labels contain the text of the query.

3.2 Lucene Experiments

Lucene comes with several implementations of analyzers for input filtering. We
have tried with the Standard and the Snowball analyzers. Another important
feature of Lucene is its scoring function. It is a mixture of TF-IDF and boolean
retrieval schemas. In our experiments, we have only tested this default scoring
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function. We have run experiments considering all the text labels from queries
and we have worked with queries in German, Portuguese and Spanish. The
results using Lucene are shown in the Table [l

Table 1. Results using Lucene as textual IR system

Query Language | Analyzer | R-Precision MAP
English Standard 0.1573 0.1479
Snowball 0.2210 0.2207

German Standard 0.0669 0.0543
Snowball 0.0527 0.0410

Portuguese Standard 0.0848 0.0904
Snowball 0.1068 0.1095

Spanish Standard 0.1415 0.1257
Snowball 0.1751 0.1598

In general, the use of the Snowball analyzer improves the results obtained with
the Standard analyzer. As we expected, the bilingual experiments produce a loss
of precision. The translation module works better with the Spanish queries.

3.3 Terrier Experiments

One of the advantages of Terrier is that it comes with many document weighting
models, such as Okapi BM25 or simple TF-IDF. For our experiments, we have
only used the simple TF-IDF and the Okapi BM25. Same as Lucene experiments,
we have also used all the text labels from the topics and multilingual queries.
The results using Terrier are shown in the Table

Table 2. Results using Terrier as textual IR system

Query Language | Weighting Function | R-Precision MAP
English TF-IDF 0.2567 0.2548
Okapi BM25 0.2562 0.2570

German TF-IDF 0.0986 0.0888
Okapi BM25 0.0972 0.0898

Portuguese TF-IDF 0.1794 0.1834
Okapi BM25 0.1949 0.1864

Spanish TF-IDF 0.2469 0.2466
Okapi BM25 0.2516 0.2488

Analyzing the results, we can see that the use of the Okapi BM25 as weighting
model improves the results obtained with TF-IDF. Same as Lucene results, the
bilingual experiments return worse MAP values. The translation module works
good with the Spanish queries.
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3.4 Lemur Experiments

As parameters we have worked with two weighting functions (Okapi or TF-IDF)
and the use or not of Pseudo-Relevant Feedback (PRF)[5]. All the text labels
from the topics and multilingual queries have been used. The results using Lemur
are shown in the Table [3

Table 3. Results using Lemur as textual IR system

Query Language | Weighting Function | R-Precision MAP
TF-IDF simple 0.1925 0.1789

English Okapi simple 0.2497 0.2430
TF-IDF feedback 0.1738 0.1675

Okapi feedback 0.2578 0.2619

German TF-IDF feedback 0.0661 0.0637
Okapi feedback 0.0666 0.0652

Portuguese TF-IDF feedback 0.1397 0.1274
Okapi feedback 0.1682 0.1695

Spanish TF-IDF feedback 0.1533 0.1512
Okapi feedback 0.2200 0.2361

The results show that the Okapi weighting function works better than TF-IDF.
In addition, the use of PRF combined with Okapi or TF-IDF improves the results
obtained with simple Okapi or TF-IDF. In some cases, the improvement with
PRF is quite important (around 8% for Okapi using the English queries).

A summary of the best overall results, comparing the three IR systems ana-
lyzed in this paper, are shown in the Table [l

Table 4. Summary of best overall results

Query Language | IR System | Weighting Function MAP
Lucene TF-IDF + Boolean 0.2207

English Terrier Okapi BM25 0.2570
Lemur Okapi Feedback 0.2619

Lucene TF-IDF + Boolean 0.0543

German Terrier Okapi BM25 0.0898
Lemur Okapi Feedback 0.0652

Lucene TF-IDF + Boolean 0.1095

Portuguese Terrier Okapi BM25 0.1864
Lemur Okapi Feedback 0.1695

Lucene TF-IDF + Boolean 0.1598

Spanish Terrier Okapi BM25 0.2488
Lemur Okapi Feedback 0.2361
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4 Conclusions

After the analysis of the overall results, and using the default configuration of
each IR system, Lemur works better with the English monolingual queries, but
the difference is not important. With the multilingual queries, Terrier works
better than Lucene and Lemur. Specifically, Terrier obtains around a 38% and
65% of improvement with respect to Lemur and Lucene using German queries.
Using Portuguese and Spanish queries, Terrier also improves the results.

Another conclusion is that the simple Okapi weighting function works better
than simple TF-IDF. In addition, the use of PRF combined with Okapi or
TF-IDF in Lemur improves the results obtained with simple Okapi or TF-IDF.

These conclusions have been obtained using the default configuration of each
IR System. As future work, it would be interesting to test several weighting
models and the simple TF-IDF, Okapi or PRF schemas in Lucene and Terrier
for comparison them with the results obtained using the same weighting models
in Lemur.
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Abstract. We present an approach for computing intensional answers
given a set of extensional answers returned as a result of a user query
to an information system. Intensional answers are considered as descrip-
tions of the actual answers in terms of properties they share and which
can enhance a user’s understanding of the answer itself but also of the un-
derlying knowledge base. In our approach, an intensional answer is repre-
sented by a clause and computed based on Inductive Logic Programming
(ILP) techniques, in particular bottom-up clause generalization. The ap-
proach is evaluated in terms of usefulness and time performance, and its
potential for helping to detect flaws in the knowledge base is discussed.
While the approach is used in the context of a natural language question
answering system in our setting, it clearly has applications beyond.

1 Introduction

Question answering systems for unstructured ([I]) or structured ([2]) informa-
tion have been a focus of research since a few decades now. They are a crucial
component towards providing intuitive access for users to the vast amount of in-
formation available world wide offered by information sources as heterogeneous
as web sites, databases, RSS feeds, blogs, wikis etc. However, most of the preva-
lent work has concentrated on providing extensional answers to questions. In
essence, what we mean with an extensional answer here is a list of those facts
which fulfill the query. For example, a question like: Which states have a capital?,
when asked to a knowledge base about Germany would deliver an (extensional)
answer consisting of the 16 federal states (“Bundesléander”): Baden- Wiirttembery,
Bayern, Rheinland-Pfalz, Saarland, Hessen, Nordrhein- Westfalen, Niedersach-
sen, Bremen, Hamburg, Sachsen, Brandenburg, Sachsen-Anhalt, Mecklenburg-
Vorpommern, Schleswig-Holstein, Berlin, and Thiringen. While this is definitely
a correct answer, it is not maximally informative.

A more informative answer would, beyond a mere listing of the matching
instances, also describe the answers in terms of relationships which can help a
user to better understand the answer space. To a question “Which states have
a capital?” a system could, besides delivering the full extension, also return
an answer such as “All states (have a capital).”, thus informing a user about
characteristics that all the elements in the answer set share. We will refer to such
descriptions which go beyond mere enumeration of the answers as intensional
answers (IAs). The intension is thus a description of the elements in the answer

E. Kapetanios, V. Sugumaran, M. Spiliopoulou (Eds.): NLDB 2008, LNCS 5039, pp. 151 2008.
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set in terms of features common to all of them. In the above case, the common
property of the answers is that they represent exactly the set of all federal states
in the knowledge base.

We could certainly argue that this is over-answering the question. However,
in many cases a listing of facts does not help the user to actually understand
the answer. First, the extension might be simply too large for a user to make
sense of it. In this case, a compact representation of the answer in terms of
an intensional description might be useful. In other cases, the user can be dis-
satisfied with the answer because he simply doesn’t know why the elements in
the extension actually answer the query. In the above example, the user doesn’t
learn from the extensional answer that all German federal states have a capital
if he doesn’t know that the answer consists exactly of all the federal states in
Germany. Finally, we will see in the remainder of this paper how intensional
answers can enhance the understanding about relations in the knowledge base
and can also help in discovering modeling errors.

In this paper, we thus present an approach for computing “intensions” of
queries given their extensions and a particular knowledge base. Our research has
been performed in the context of the natural language interface ORAKEL (see
[2]) and the aim has been to integrate the component for providing intensional
answers into the system.We discuss the approach in more detail in Section
In Section Bl we describe the empirical evaluation of our approach, which has
been carried out based on the dataset previously used in the evaluation of the
ORAKEL system (see [2]). We analyze in detail to what extent the intensional
answers produced by the system are “useful” and also discuss how the intensional
answers can help in detecting errors in the knowledge base. We discuss related
work and conclude in Section [l

2 Approach

2.1 Architecture

The aim of the work described in this paper has been to extend the ORAKEL
natural language interface with capabilities for delivering intensional answers.
ORAKEL is a natural language interface which translates wh-questions into logi-
cal queries and evaluates them with respect to a given knowledge base. ORAKEL
implements a compositional semantics approach in order to compute the mean-
ing of a wh-question in terms of a logical query. It is able to deal with arbitrary
knowledge representation languages and paradigms (see [2]). However in this
work, the implementation is based on F-Logic [3] and Ontobroker [4] is used as
the underlying inference engine. For more details about the ORAKEL system,
the interested reader is referred to [2]. The workflow of the system is depicted in
Figure[ll When the user asks a natural language question referring to the knowl-
edge base, it is processed by the ORAKEL system that computes a logical query
which can then be evaluated by the inference engine with respect to the KB
and ontology. While the extensional answers are displayed to the user, they are
also forwarded to the component which generates intensional answers (named
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Bottom-up Generalization in the figure). This component provides a hypothesis
(in the form of a clause) based on the extensional answers by means of an ILP-
algorithm. This hypothesis is the intensional answer and is displayed in addition
to the extensional answers. Note that in this paper we are not concerned with
the problem of generating an adequate answer in natural language, but rather
with the previous step, i.e. the computation of a clause which represents the
intensional answer. Obviously, natural language generation techniques can then
be applied to generate an answer in natural language. However, this is not the
focus of the present paper, but an obvious issue for future work. We assume
that even in the case of a useful hypothesis, the user is interested in the direct
answers as well, such that we do not forego their presentation. The displaying
of the direct answers goes in parallel to the generation of their intensional de-
scription, such that the user does not have to wait for them until an intensional
answer is possibly generated.

In this article we present an approach for computing intensions of queries
given their extensions and a particular knowledge base. Our approach builds on
Inductive Logic Programming (ILP) [5] as an inductive learning approach to
learn descriptions of examples (our answers) in the form of clauses. In partic-
ular, it is based on bottom-up clause generalization, which computes a clause
subsuming the extension of an answer and thus representing an “intensional”
answer in the sense that it describes it in terms of features which all elements in
the extension share. In particular, the system iteratively calculates least general
generalizations (LGGs) ([5], pp. 36) for the answers by adding one answer at a
time and generalizing the clause computed so far. According to our formulation
as an ILP problem, the intensional description of the answers is regarded as a
hypothesis which covers all the positive answers and is to be found in a search
space of program clauses. This search space of program clauses is structured by a
relation called §-subsumption which orders the hypotheses (clauses) in a lattice,
thus allowing to effectively navigate the search space (compare [5], pp. 33-37).

We make sure that the resulting clause is consistent by evaluating it with
respect to the knowledge base, relying on the inference engine in order to check
that it does not cover other examples than the extensional answers. In fact,
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INTENSIONALANSWERCLAUSE(Set Answers, KnowledgeBase K B)
1 a = Answers.getNext();

2 ¢ = constructClause(a, K B);
3 while not all answers have been processed
4 do
5 a' = Answers.get Next();
6 ¢ = constructClause(a’, K B);
7 c= LGG(c,c);
8 Answers’ = evaluateQuery(query(c), K B);
9 if ¢ is inconsistent (i.e.Answers N Answers’ C Answers')
10 then
11 return () ( no consistent clause can be found )
12
13 ¢’ = reduceClause(c, K B, Answers)
14 if ¢’ covers all answers
15 then
16 return c’;
17

18 return reduceClause(c, K B, Answers);

Fig. 2. Generalization Algorithm (calculating a reduced clause after each LGG com-
putation)

the resulting clause can be straightforwardly translated into a corresponding
query to the knowledge base. Our learning algorithm is thus similar to the FindS
algorithm described in [6] in the sense that it aims at finding one single hypothesis
which covers all positive examples and ignores negative examples during learning.
If the resulting hypothesis which covers all positive examples is consistent in the
sense that it does not cover negative examples, then an appropriate clause has
been found. Otherwise, there is no clause which covers the positive examples
without overgeneralizing. We explain this procedure more formally in the next
section.

2.2 Generalization Algorithm

The generalization algorithm is given in Figure 2l The algorithm takes as input
the set of (extensional) answers (Answers) as well as the knowledge base. The
alm is to generate a hypothesis which exactly covers the extensional answers.
A hypothesis in our approach is actually a clause of literals that constitutes a
non-recursive definite program clause. For the hypothesis generation, the ILP-
learner first constructs a specialized clause based on the first positive example.
As head of this clause we use an artificial predicate answer. This is done by the
constructClause procedure, which returns a clause for a certain individual in
the knowledge base consisting of all the factual information that can be retrieved
for it from the knowledge base. If there is only one answer, then the constructed
clause is exactly the intensional answer we are searching for. In such a case, the
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user thus yields additional information about the entity in terms of the concepts
it belongs to as well as other entities it is related to.

In case there are more answers, we loop over these and compute the LGG
of the clause ¢ constructed so far and the clause ¢’ constructed on the basis
of the next answer a’. The resulting clause is sent as query to the inference
engine, which returns the extension of the clause ¢ on the basis of the given
knowledge base. If the clause is inconsistent, i.e. it covers more answers than
the required ones (this is the case if AnswersN Answers’ C Answers’) then no
consistent clause can be constructed and the algorithm returns the empty clause
(). Note that the clause computed as the LGG can grow exponentially in the
size of the original clauses. However, the clauses representing the LGG can also
be reduced. In case the clause ¢ is consistent, it is reduced as described below
and we test if this reduced clause covers exactly the original answers. If this is
the case we return the reduced clause ¢”” and are done. Otherwise, we proceed
to consider the next answer and compute the next least general generalization
between the last unreduced clause ¢ and the clause ¢’ generated by the next
answer a’. This algorithm returns a clause in case it covers exactly the set of
extensional answers. The LGG is essentially computed as described in [5], pp.
40 with the only exception that we do not allow functions as terms.

Clause Reduction. The following algorithm performs the reduction of the
clause:

REDUCECLAUSE( Clause ¢, KnowledgeBase KB, Set Answers)
1 List literals = orderLiterals(c);
2 fori=1 to |literals|
3 do
4 ¢ = remove(c,l;);
5 Answers’ = evaluateQuery(query(c’), K B);
6 if ¢’ is consistent with respect to Answers
7 then
8 c=c
9
10 return c;

where evaluateQuery essentially evaluates a clause formulated as query with
respect to the existing knowledge base; orderLiterals orders the literals in a
clause by an order that fulfills:

— L; < Ljif L; is an atom of higher arity than L;
— L; < Lj if Ly and L; have the same arity and less variables in L; appear in
the remaining literals of the clause.

In fact, we have implemented two different procedures for the elimination of
irrelevant literals. These procedures differ with respect to whether the clause
is reduced after the computation of each LGG (as sketched in the algorithm
depicted in Figure[2]) or only at the end. Reduction at the end is unproblematic as
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the clause covers exactly the positive examples and the reduction does not affect
the coverage. In case the reduction is performed after each LGG-computation,
this can affect the computation of the further LGGs. Therefore, in the version
of our approach in which we compute a reduced clause after each iteration, the
reduced clause is only used as output in case it consistently covers all answers.
Otherwise, the unreduced clause is used in the next iteration. It is important
to mention that the reduction after each iteration is not strictly necessary as
it finally yields the same intensional answer. However, our experiments show
that by applying the reduction procedure after each iteration we can reduce the
number of iterations and speed up our algorithm in most cases.

2.3 A Worked Example

Let’s consider our running example, the question: “Which states have a capital?”.
ORAKEL translates this question into the following logical query: FORALL X
— EXISTSY X : state A X|[capital — Y. orderedby X. The answer of the
ORAKEL system can be represented as follows in clause notation:

answer( “Saarland”) answer ( “Mecklenburg-Vorpommern”)
answer( “Rheinland-Pfalz”) answer(“Hamburg (Bundesland)”)
answer( “Schleswig-Holstein”) answer(“Thueringen”)

answer( “Sachsen-Anhalt”) answer(“Sachsen”)

answer(“Bremen (Bundesland)”) answer ( “Niedersachsen”)

answer( “Brandenburg (Bundesland)”) answer(“Berlin (Bundesland)”)
answer ( “Baden-Wuerttemberg”) answer(“Hessen”)

answer(“Bayern”) answer( “Nordrhein-Westfalen”)

Now the goal of our approach is to find a clause describing the answer-
predicate intensionally. The number of positive examples is 16, while there are
no explicit negative examples given. Nevertheless, a clause is inconsistent if,
evaluated with respect to the knowledge base by the inference engine, it returns
answers which are not in the set of positive examples. This is verified by the
condition Answers N Answers’ C Answers’ in the algorithm from Fig.

In what follows, we illustrate our algorithm using the version which reduces the
learned clause after each iteration. The first example considered is “Saarland”.
The algorithm is initialized with the following clause representing all the facts
about “Saarland” in the knowledge base:

answer(“Saarland”) « state(“Saarland”), location(“Saarland”),
inhabitants(“Saarland”,1062754.0), borders(“Saarland”, “Rheinland-Pfalz”),
borders(“Saarland”, “France”), borders(“Saarland”, “Luxembourg”),
borders(“Rheinland-Pfalz”, “Saarland”), location(“Saarbruecken”, “Saarland”),
capital_of(“Saarbruecken”, “Saarland”), borders(“France”, “Saarland”),
borders(“Luxembourg”, “Saarland” ), flows_through(“Saar”,“Saarland”)

The above is the specialized clause produced by constructClause(“Saarland”)
with the artificial predicate answer as head. As there are more examples, the
next example “Mecklenburg- Vorpommern” is considered, which is represented by
the following clause:

answer( “Mecklenburg-Vorpommern”) « state(“Mecklenburg-Vorpommern”),
location(“Mecklenburg-Vorpommern”),
inhabitants(“Mecklenburg-Vorpommern”,1735000.0),
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borders(“Mecklenburg-Vorpommern”, “Brandenburg”),
borders(“Mecklenburg-Vorpommern”, “Niedersachsen”),
borders(“Mecklenburg-Vorpommern”, “Sachsen-Anhalt”),
borders(“Mecklenburg-Vorpommern”, “Schlesw.-Holstein” ),
borders(“Brandenburg”, “Mecklenburg-Vorpommern™)
borders(“Niedersachsen”, “Mecklenburg-Vorpommern”),
borders(“Sachsen-Anhalt”, “Mecklenburg-Vorpommern”),
borders(“Schlesw.-Holstein”, “Mecklenburg-Vorpommern”),
location(“Rostock”, “Mecklenburg-Vorpommern”),
location(“Schwerin”, “Mecklenburg-Vorpommern”),

” o«

capital_of(“Schwerin”, “Mecklenburg-Vorpommern”)

Now, computing the LGG of these two clauses yields the clause:

answer(X) « state(X), location(X), inhabitants(X,Y),
borders(X,Z),..., borders(X,0), (12 redundant border(X,-)-predicates)
borders(Z,X),..., borders(O,X), (12 redundant border(-,X)-predicates)
location(P,X), location(Q,X), capital_of(Q,X)

This clause can then be reduced to the following by removing redundant

literalsﬂ

answer(X) « state(X), location(X), inhabitants(X,Y), borders(X,Z)
borders(Z,X), location(P,X), capital-of(Q,X)

Finally, irrelevant literals can be removed, resulting in a clause which does
not increase the number of negative examples, but possibly increases the num-
ber of positives ones, thus resulting in the clause answer(X) « state(X) for
our example. This clause then covers exactly the original answers and no others.
While this is not part of our current implementation of the system, an appro-
priate natural language answer could be generated from this clause, thus having
“All states (have a capital)” as final intensional answer.

Thus, reducing the clause after each step has the effect that a correct clause
can be derived in one step for our example. In case the clause is not reduced
after each step (by removing irrelevant literals), the algorithm needs to make
7 iterations, considering the examples: Mecklenburg-Vorpommern, Rheinland-
Pfalz, Hamburg, Schleswig-Holstein, Thiiringen, Sachsen-Anhalt, and Bremen.
Due to space limitations, we do not describe this procedure in more detail.

3 Evaluation

The empirical evaluation of the system has been carried out with respect to a
dataset used previously for the evaluation of the ORAKEL natural language
interface (see [2]). We analyze in detail to what extent the intensional answers
produced by the system are “useful” and also discuss how the intensional answers
can help in detecting errors in the knowledge base. Thus, we first describe the
used dataset in more detail, then we discuss the usefulness of the generated
intensional answers. After that, we show how intensional answers can be used
to detect flaws (incomplete statements) in the knowledge base and also present
some observations with respect to the time performance of our algorithm.

! Note that this is another kind of reduction than the one presented in Section
As opposed to the “empirical” reduction described there, the removal of redundant
literals yields a clause which is logically (and not just extensionally) equivalent to
the original one.
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3.1 Dataset

The dataset previously used for the evaluation of the ORAKEL natural language
interface consists of 463 wh-questions about German geography. These questions
correspond to real queries by users involved in the experimental evaluation of the
ORAKEL system (see [2]). The currently available system is able to generate an
F-Logic query for 245 of these, thus amounting to a recall of 53%. For 205 of these
queries, OntoBroker delivers a non-empty set as answer. Obviously, it makes
sense to evaluate our approach to the generation of intensional answers only on
the set of queries which result in a non-empty extension, i.e. the 205 queries
mentioned before. Of these, the ILP-based approach is able to generate a clause
for 169 of the queries. Roughly, we are thus able to generate intensional answers
for about 83% of the relevant questions in our dataset. Here, only those questions
are regarded as relevant which are translated by ORAKEL into an appropriate
F-Logic query and for which OntoBroker delivers a non-empty extension. In
general, there are two cases in which our ILP-based approach is not able to find
a clause (in 36 out of 205 cases):

— The concept underlying the answers is simply not learnable with one single
clause (about 67% of the cases).

— The answer to the query is the result of counting (about 33% of the cases),
e.g. “How many cities are in Baden- Wiirttemberg?”.

Given this dataset, we first proceeded to analyze the usefulness of the inten-
sional answers. For this purpose, we examined all the answers and determined
whether the user learns something new from the answer or it merely constitutes
a rephrasing of the question itself.

3.2 Analysis of Intensional Answers

For the 169 queries for which our approach is able to generate an intensional
answer, it turned out that in 140 cases the intensional answer could be actually
regarded as useful, i.e. as not merely rephrasing the question and thus giving
new information to the user. For example, to the question: “Which rivers do
you know?”, the intensional answer “All rivers” does not give any additional
knowledge, but merely rephrases the question. Of the above mentioned 140 useful
answers, 97 are intensional answers describing additional properties of a single
answer. Thus, for only 43 of the 140 useful answers the bottom-up generalization
algorithm was actually used.

In order to further analyze the properties of intensional answers, we deter-
mined a set of 54 questions which, given our observations above, could be suitable
for presenting intensional answers. For the new 54 queries, we received as results
49 useful intensional answers and 1 answer considered as not useful. For the
other 4 questions, no consistent clause could be found. Together with the above
mentioned 140 queries the overall number of useful intensional answers for the
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actual knowledge base is 189. The queries which provided useful answers can be
classified into the following three types:

— Questions asking for all instances with a special property which turn out to
coincide exactly with the extension of some atomic concept in the ontology
(about 28% of the cases). The user learns from such an answer that all the
instances of the class in question share the property he is querying for. An
example is the question: “Which states have a capital?”, which produces the
answer answer(x) < state(x) or in natural language simply “All states”.

— Questions asking for the relation with a specific entity which is paraphrased
(possibly because the user doesn’t know or remember it) (16% of the cases)
Examples of such questions are: “Which cities are in a state that borders Aus-
tria?” or “Which capitals are passed by a highway which passes Flensburg?”.
In the first case, the state in question which borders Austria is “Bayern”
and the intensional answer is correctly: “All the cities which are located in
Bayern.” In the second case, the highway which passes Flensburg is the A7,
so the intensional answer is “All the capitals located at the A7”.

— Questions about properties of entities which lead to the description of addi-
tional properties shared by the answer set as intensional answer (about 5%
of the cases). For example, the question “Which states do three rivers flow
through?” produces the intensional answer “All the states which border Bay-
ern and which border Rheinland-Pfalz”, i.e. Hessen and Baden- Wiirttemberg.
Another example is the question: “Which rivers flow through more than 5
cities?”, yielding the intensional answer: “All the rivers which flow through
Duisburg”. A further interesting example is the question “Which cities are
bigger than Minchen?” with the intensional answer: “All the cities located at
highway A24 and which a river flows through”. These are the cities of Berlin
and Hamburg.

— Questions which yield a single answer as a result and for which the inten-
sional answer describes additional properties. An example would be: “What
is the capital of Baden Wiirttemberg?”, where the extensional answer would
be “Stuttgart” and the intensional answer (paraphrased in natural language)
“Stuttgart is located at the highways A8, A81 and A85 and A831. Stuttgart
has 565.000 inhabitants and is the capital of Baden Wiirttemberg. The
Neckar flows through Stuttgart.”

3.3 Debugging the Knowledge Base

In addition to providing further information about the answer space, a key ben-
efit of intensional answers is that they allow to detect errors in the knowledge
base. We found that in some cases the intensional answer produced was not the
expected one, which hints at the fact that something is wrong with the knowledge
base in question. We give a few examples to illustrate this idea:

— For example, for the question “Which cities have more than 9 inhabitants?”,
we would expect the intensional answer “All cities”. However, our approach
yields the answer answer(x) <« Jy city(z) A inhabitants(x,y), i.e. “all the
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Table 1. Performance measurements for our testsuite

Reduction

Time (in sec.) |# Iterations

® |min| max | @ |min[max
after each LGG computation|0.528(0.08| 13.61 |0.621| 0 | 5
at the end 0.652(0.07(33.027|1.702| 0 | 73

cities for which the number of inhabitants is specified”. This hints at the
fact that the number of inhabitants is not defined for all declared cities
in the knowledge base. A closer inspection of the knowledge base revealed
that some Swiss cities are mentioned in the knowledge base because some
German rivers have their origin in Switzerland, but no number of inhabitants
is specified for these cities.

— The question “Which cities are located in a state?” yields no intensional
answer at all, while we would expect the answer “all cities”. However, as
mentioned above, there are cities in Switzerland for which a corresponding
state is missing.

— The query “Which river has an origin?” yields as intension: answer(z) «—
Jy river(x) Alength(x,y) ( “All rivers which have a length”) instead of “All
rivers”. This is due to the fact that there is one instance of river for which
neither a length nor an origin is specified. This instance is the river Isar.

This shows that intensional answers can be useful to detect where the infor-
mation in the knowledge base is not complete.

3.4 Performance Analysis

Finally, we have also carried out a performance analysis of the component for in-
ducing intensional answers. Table[Ilshows the average time and iterations needed
to compute an intensional answer. In particular, we tested two configurations of
our system: one corresponding to a version in which the clause is reduced after
each LGG computation and one in which the clause is only reduced at the end. A
first analysis of the time performance reveals that our approach can be used effi-
ciently, taking on average about half a second to compute an intensional answer.
As we see extensional and intensional answers as equally important and assume
that both are shown to the user, we can even assume that first the extensional
answer is computed and shown already to the user while the intensional answer
is still computed. While the results differ considerably with respect to the max-
imum for the different configurations of the system, it is interesting to see that
they hardly differ in the average case. In fact, when the reduction is performed
after each LGG computation, the average time is only very slightly under the
average time for the version in which the clause is reduced only at the end.

4 Related Work and Conclusion

We have presented an approach for computing intensional answers to a query for-
mulated in natural language with respect to a given knowledge base. The
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approach relies on Inductive Logic Programming techniques, in particular bottom-
up clause generalization, to compute a clause subsuming the extensional answer as
returned by the inference engine, which evaluates queries to the knowledge base.
This clause represents the intensional answer to the question and could be trans-
formed back into natural language. The latter step is not part of our present contri-
bution and thus remains for future work. The idea of delivering intensional answers
to queries is relatively straightforward and has been researched in the context of
knowledge discovery from databases (see e.g. [7], [8], [9]), but also logic programs
(see e.g. [10]).

Intensional query answering (IQA) emerged as a subject in the research of
cooperative response generation, which has been a topic in many works related
to natural language interfaces (compare [II] and [I2]). The approach closest
to ours is the one of Benamara [I2] who also presents an approach to induce
intensional answers given the extension of the answer. Instead of using ILP,
Benamara relies on a rather ad-hoc approach in which parts of the answer are
replaced by some generalized description on the basis of the given knowledge
base. This generalization is guided by a “wariable depth intensional calculus”
which relies on a metric measuring the distance between two concepts as the
number of arcs and the inverse proportion of shared properties. On the one
hand, the mechanism for generating intensional answers seems quite adhoc in
comparison to ours, but, on the other hand, the WEBCOOP system of Benamara
is able to generate natural language answers using a template-based approach.

While the idea of delivering intensional answers is certainly appealing and
intuitive, and we have further shown that they can be computed in a reasonable
amount of time, we have also argued that their benefit is not always obvious.
While our approach is able to generate intensional answers for about 83% of the
questions which can be translated by ORAKEL to a logical query and actually
have an extension according to the inference engine, we have shown that in some
cases the answer is actually §-equivalent and thus also logically and extensionally
equivalent to the question. In these cases the intensional answer is not delivering
additional information to the user. However, this case could be easily ruled out
by checking 6-equivalence between the query and the clause returned as inten-
sional answer. In these cases, the intensional answer can then be omitted. In the
remaining cases, the intensional answers seem to indeed be delivering additional
and useful information about the knowledge base to a user (in some cases in a
quite oracle-like fashion arguably). The most obvious avenues for future work
are the following. First, the bottom-up rule induction approach should explore
"larger environments” of the (extensional) answers for clause construction by
not only considering properties of the entity in the answer set but further prop-
erties of the entities to which it is related. Second, instead of only computing one
single clause, we should also consider computing (disjunctive) sets of conjunctive
descriptions, thus hopefully increasing the coverage of the approach. However, it
could turn out that the disjunctions of intensional descriptions are much harder
to grasp by users. Finally, the task of generating natural language descriptions of
the intensional answers seems the most pressing issue. On a more general note,
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we hope that our paper contributes to stimulating discussion on a research issue
which has not been on the foremost research frontier lately, but seems crucial
towards achieving more natural interactions with information systems.
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Augmenting Data Retrieval with Information Retrieval
Techniques by Using Word Similarity
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Abstract. Data retrieval (DR) and information retrieval (IR) have traditionally
occupied two distinct niches in the world of information systems. DR systems
effectively store and query structured data, but lack the flexibility of IR, i.e., the
ability to retrieve results which only partially match a given query. IR, on the
other hand, is quite useful for retrieving partial matches, but lacks the completed
query specification on semantically unambiguous data of DR systems. Due to
these drawbacks, we propose an approach to combine the two systems using pre-
defined word similarities to determine the correlation between a keyword query
(commonly used in IR) and data records stored in the inner framework of a stan-
dard RDBMS. Our integrated approach is flexible, context-free, and can be used
on a wide variety of RDBs. Experimental results show that RDBMSs using our
word-similarity matching approach achieve high mean average precision in re-
trieving relevant answers, besides exact matches, to a keyword query, which is a
significant enhancement of query processing in RDBMSs.

1 Introduction

Information retrieval (IR) and data retrieval (DR) are often viewed as two mutually ex-
clusive means to perform different tasks—IR being used for finding relevant documents
among a collection of unstructured/semi-structured documents, and DR being used for
finding exact matches using stringent queries on structured data, often in a Relational
Database Management System (RDBMS). Both IR and DR have specific advantages.
IR is used for assessing human interests, i.e., IR selects and ranks documents based
on the likelihood of relevance to the user’s needs. DR is different—answers to users’
queries are exact matches which do not impose any ranking; however, DR has many
advantages—modern RDBMSs are efficient in processing users’ queries, which are op-
timized and evaluated using the optimal disk storage structure and memory allocation.

When using an RDBMS, documents, each of which can be represented as a se-
quence of words in a data record, can be (indirectly) retrieved by using Boolean queries,
which is simple; however, as mentioned earlier, the retrieved results only include ex-
act matches and lack relevance ranking. In order to further enhance existing IR/DR
approaches, we propose an integrated system which can be fully implemented within
standard RDBMSs and can perform IR queries by using the word similarity between a
set of document keywords, which represents the content of the document (as shown in
a data record), and query keywords to determine their degree of relevance. Hence, at
query execution time, keywords in a query () are evaluated against (similar) words in a
data record D. To determine the degree of relevance between () and D, each keyword

E. Kapetanios, V. Sugumaran, M. Spiliopoulou (Eds.): NLDB 2008, LNCS 5039, pp. 163}-174,[2008.
(© Springer-Verlag Berlin Heidelberg 2008
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in @ is assigned a weight based on its similarity to the keywords in D, which has been
verified to yield accurate query results (see detail in Section ). The uniqueness and
novelty of our integrated approach is on the benefit of being context free, i.e., indepen-
dent of data sets; it can be used on small or large databases without any “training,” and
its applicability on a wide variety of (unstructured) text data.

We present our integrated system as follows. In Section [2) we discuss related work
in query processing in IR and/or DR systems. In Section[3] we introduce our integrated
approach using the word-similarity measure. In Section[d] we verify the accuracy of our
integrated system using the experimental results. In Section[3] we give a conclusion.

2 Related Work

A number of approaches have been taken to combine the principles of both IR and
DR systems—][4]] present an integrating method for searching XML documents using
a DR system, while additionally providing relevance rankings on retrieved results. The
design of this approach, however, is limited to semi-structured XML data. [9]] expand
SQL queries with terms extracted from Web search results. Since this approach relies on
an external source for expansion of individual queries, it is neither self-contained nor
context-free. [3] create top-k selection queries in relational databases. Unfortunately,
[3] pay little attention to how similarity between two items is calculated.

[12] consider user feedback to expand queries at the expense of additional (user)
time and input. Other Works have also been done regarding query expansion by word-
similarity matching, but rarely in the context of combining IR and DR as our proposed
integrated system. [3]] use context-free word similarity to expand query terms in an
explicitly IR system, with good results. These works have already shown that word-
similarity matching within IR systems leads to relatively accurate retrieved results. [10]]
provide a number of steps in retrieving information using SQL statements, which in-
clude a query relation that contains query terms and an index relation that indicates
which terms appear in which document. Query terms in [[10], however, must be matched
exactly with the terms stored in the database as oppose to our similarity (partial) match-
ing approach between query and document terms. also introduce an IR ranking
which ranks higher documents that contain all the words in the query with moderately
weight. We have gone further than that by considering document terms which have high
similarity with some, not necessary all, query terms.

[7] use IR indexing methods and the probabilistic database logic to represent the or-
dered set of tuples as answers to a user’s query. [[7], like us, consider stemmed document
terms; however, their term-similarity measures are calculated using TF-IDF, whereas we
use word-correlation factors, which are more sophisticated. [[6] develop an information-
theoretic query expansion approach based on the Rocchio’s framework for ranking rel-
evant documents in a collection using a term-scoring function, which is different from
ours, since our query evaluation approach is not attached to any particular framework
but still achieves high efficiency in query evaluation. [8]], which suggest implement-
ing query expansion using semantic term matching to improve the retrieval accuracy,
only consider the k£ most similar terms to perform the search, whereas we consider the
similarity between every keyword in a document and each keyword in a user’s query.
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3 Our Word-Similarity Matching Approach

We present an approach that searches for documents relevant to a given query in the
standard IR context by using word-similarity matching (WSM), which is effective in
determining document relevance. Our approach, which is fully implemented within
an RDBMS and thus takes advantages of the powerful and efficient query evaluation
systems embedded into RDBMSs, stores similarity values between words within a ta-
ble in an RDBMS, which is then used for matching words. When a Web user sub-
mits a keyword query requesting data records (i.e., their corresponding documents)
from the database, both data records which contain keywords exactly matching the
query keywords, as well as those data records which contain words most similar to
the query keywords, are retrieved. Our WSM approach can be used with any RDBMS,
and is designed to search data records stored in tables—specifically, it searches non-
stop, stemmed word extracted from documents and stored in data records. Our
word-matching approach works with keyword queries, which are currently the most-
commonly-used queries on the Internet. Using a front-end interface, the user submits a
keyword query, which is automatically transformed into an SQL query.

3.1 Word-Similarity Table

The values in the original word-similarity table 7" used in our WSM approach provide
a means to determine the degree of similarity between any two words. The set of all
non-stop, stemmed words in 7" was gathered from a collection of roughly 880,000 doc-
uments covering numerous topics published on Wikipedia (en.wikipedia.org/wiki/Wiki
pedia:Database_download) and appears in a number of online English dictionaries:
12dicts-4.0, Ispell, RandomDict, and Bigdict. Due to the volume and variety of this
Wikipedia document set .S, the words extracted from S cover significant portions of
the English language. Prior to detecting any similar documents, we pre-computed 7'
as the metric cluster matrix (referred to as MCM) and its correlation factors (i.e., the
degrees of similarity between any two words) as defined in [2]]. MCM (i) is based on the
frequency of co-occurrences and proximity of each word’s occurrences in S and (ii) pro-
vides fewer false positives and false negativesﬁ than other comparable cluster matrices
in [2]. MCM is represented as an n x n structure of floats in the range [0, 1], where n is
the total number of unique words extracted from S, and each value in the matrix repre-
sents the similarity between the two corresponding words. When using 57,908 words as
in the word-similarity matrix, MCM is large, exceeding 6GB of data. However, MCM
can be reduced in size, consequently decreasing the processing time and memory re-
quirement. We have constructed the 13%-reduced word-similarity matrix for our WSM
approach by selecting the top 13% (i.e., 7,300) most frequently-occurring wordfl in the
original MCM, along with their corresponding similarity values.

' A stop word is any word that is used very frequently (e.g., “him,” “with,” “a,” etc.) and is
typically not useful for analyzing informational content, whereas a stemmed word is the lexical
root of other words (e.g., “driven” and “drove” can be reduced to the stemmed word “drive”).

2 Fualse positives (False negatives, respectively) refer to sentences (documents) that are different
(the same, respectively) but are treated as the same (different, respectively).

3 Word frequency is determined by the word occurrences in the set of Wikipedia documents.
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A potential issue with the reduction of the MCM is the consequent loss of words
which could be considered in answering users’ queries. However, the ratio of the oc-
currences of the top 13% most frequently-occurring words to all word occurrences in
the Wikipedia document set is approximately 90%. We will discuss how the remaining
87% of words are also included, but only as exact matches (i.e., not having similarity
values stored for these words). This hybrid approach preserves the lower memory re-
quirement of the 13%-reduced matrix, while allowing matching on less-frequent words.

The Reduced Word-Similarity Table. We first represent the 13%-reduced MCM in an
RDBMS by converting it to a simple 3-column table, where each tuple <wy, wa, Sim-
Val> contains two stemmed, non-stop words w; and ws, and their respective similarity
value Sim-Val. We refer to this table as the 13%-reduced word-similarity table, or
13%-W ST. Exact-match tuples (e.g., <“rubric”, “rubric”, 1>) are also added for each
of the 87% least common words excluded from the original 13%-reduced matrix. While
the exclusion of Sim-Val values for 87% of the words used in the original matrix
reduces the total number of Sim-Val values from 3.3 billion to about 50 million—
more than a 98% reduction—the resulting 13%-WST is still quite large, but can be
further reduced to decrease run-time and memory requirements for processing keyword
queries and allow feasible implementation in real-world RDBMSs.

The basis for this further reduction lies in the distribution of Sim-V al values in the
13%-WST. As shown in Figure[I(a)] besides the exact-match word pairs with similarity
values of 1, all word pairs have a Sim-Val on the order of 1 x107% to 1 x107?, with
lower values (e.g., around 1 x 10~®) being exponentially more common than higher
values (e.g., around 1 x 10~% or 1 x 107°), i.e., there are relatively few highly similar
word pairs, and exponentially more word pairs with little or no similarity. Thus, to per-
form further reduction, we select and retain word pairs with high similarity, which are
more useful in determining the relevance of (the keywords in) a data record R to (the
keywords in) a user query (), and exclude those with lower similarity, as they are less
useful (in determining the degree of relevance between R and (), and are far more nu-
merous. By eliminating low-similarity word pairs, two further-reduced, high-similarity
tables are constructed for use in our WSM approach: (i) a smaller table containing only
high-similarity word pairs, used for efficiently narrowing down the set of documents for
analysis, and (ii) a larger and more detailed table, used in measuring query-data record
similarity. Both of these reduced tables are built by collecting all <w;, wa, Sim-Val>
tuples from the 13%-WST with Sim-Val values above a given threshold as follows:

INSERT INTO RTable (SELECT * from WSTable WHERE Sim-Val > threshold);

where RTable is a reduced, high-similarity table, WSTable is the previously discussed
13%-W ST, and threshold is a threshold value.

Determining Word-Similarity Threshold Values. We realize that in reducing the
13%-WST, a lower threshold value creates a larger reduced table, which results in more
computation and a slower implementation, but may also result in more accuracy of
data-record retrieval. A higher threshold value, on the other hand, creates a smaller
reduced table, which is more suited for quickly identifying only those few words in
a record most similar to a given keyword in a query. Steps 1 and 2, as presented in
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Section[3.2] function most efficiently by using reduced tables of two different sizes. We
chose two threshold values for these reduced tables to optimize execution time without
significantly affecting the accuracy of data-record retrieval. Ideal threshold values have
been determined experimentally to be 3 x 107% and 5 x 10~7, which yield two tables
containing 0.18% and 1.3% of the word-similarity values contained in the 13%-W ST,
referred as the 107%-13%-W ST and 10~"-13%-WW ST, respectively. The size of each
similarity matrix and table is displayed in Figure[I(b) and Table[Il Before we can ap-
ply WSM to search documents using the 10~6- and 10~7-13%-W ST, data records and
their corresponding schemes in an RDBMS must first be extracted from the source data.

Document Representation. We use “document” to represent a Web page, which can
be an academic paper, a sports news article, etc. We assume that each document is
represented by the (non-stop, stemmed) keywords in its “abstract,” which can be a title,
a brief description, or a short summary of the content of the respective document. Before
we search the abstract of a document, it must first be formatted as a data record with
non-repeated, non-stop, stemmed keywords in the K eywordAbstract table in where
each tuple <Keyword, Doc-ID> contains a keyword and a reference to the (abstract of
the) corresponding document record in which it is contained. This essentially creates a
word index for searching the occurrences of keywords among all the abstracts quickly.

3.2 Calculating Query-Record Similarity

In this section, we describe the steps used to calculate query-data record similarity,
which is significantly different from existing methods. In [[T1] an IR-style, keyword-
search method is introduced that can be implemented on RDBMSs with indexing on
text, which like ours, allows partial ranking (i.e., not all the terms in a query @ are
required to appear in the tuples to be treated as answers to (). Since present the
top-k matches in order to reduce computational times, relevant documents that are po-
sitioned lower in the ranking might be excluded, which is unlike our similarity rank-
ing approach that retrieves all documents of various degrees of relevance with little
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Table 1. Information on the size and contents of each word-similarity matrix and table

Matrices | Tables
Original| 13%—WST| 13%—WST| 10*7| 107°
Number of Words 57,908 7,300 57,908| 57,908(57,908
Number of Words with Sim-Vals|| 57,908 7,300 7,300| 7,300{ 7,300
Number of Sim-V al 3.35GB| 53.34M|| 53.34M|699,994|95,536
Size in Memory 6GB| 100MB 1.9GB| 25MB|3.4MB
Average (Sim-V als/Word) 57,908 7,300 7,300 89 6.2

computational time. In phrases are used for retrieving (relevant) documents, which
like ours allows inexact matching. However, in since the sense of the words in a
query is determined by using WordNet, which includes synonyms, hyponyms, and com-
pound words for possible additions to the query, the approach is different from ours.

In performing similarity matching between a user’s query () and a set of data records,
we introduce three relatively simple and intuitive steps. In order to shorten running time,
the first step quickly filters out data records with little or no similarity to (). Since key-
word queries typically contain more than one keyword, in the second step we calculate
the similarity between each query keyword to the keywords in each of the data records
retained after the first step. The third and final step “combines” these query keyword-
data record similarities to form a single query-data record similarity value, which is
used to rank and retrieve relevant data records.

Subset Selection (Step 1). Users typically looks for answers which are at least fairly
relevant to a query and disregards those with less relevance. It has been shown that
users are typically only interested in the top 10 retrieved results [16]]. Thus, our subset-
selection step can quickly eliminate most of the irrelevant or relatively dissimilar
records.

This subset-selection step is performed by choosing records which contain at least a
keyword k; such that there exists at least a query keyword ko, for which k; and k5 have a
similarity value above a certain threshold value. This can easily be performed by using
the 1075-13%-W ST, which has a relatively high threshold value and includes only
about the top 0.18% most similar word pairs in the 13%-W ST. The 10~5-13%-W ST
is optimal, since it excludes very few relevant data records, while selecting a relatively
small, mostly relevant portion of data records to be ranked and retrieved, which allows
for accuracy and short running time in answering a keyword query.

Often the length of a keyword query is very short, only 2.35 words on average [16].
Certainly queries with 4-5 words, or even more, are also made; however, this subset-
selection step requires only one query keyword to have the highest similarity, that is at
least 3 x 1079, to any keywords in a data record in question and is only a pre-processing
step which quickly reduces the total number of data records to be considered.

Calculating Keyword-Document Similarity (Step 2). In computing the similarity be-
tween a query keyword ¢; (¢ > 1) and a data record D (represented by the keywords in
the abstract of D), we consider the fact that g; is likely to be similar to D if D contains
more than one keyword which is highly similar to ¢;. Hence, we calculate the similarity
of ¢; and D by summing the similarities between ¢; and each keyword k; in D as
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n
SumSim(q;, D) = ZSim(qi,kj) , (D)
j=1

where n is the number of keywords in D and Sim(g;, k;) is the similarity between g;
and k;, determined by the 10~7-13%-W ST. We use the 10~ "-13%-W ST, as opposed
to the 1076-13%-W ST used in step 1, in order to obtain a more accurate calculation
for similarity between ¢; and D.

Statistically, longer abstracts will have slightly higher similarities to g; than shorter
abstracts. However, due to the distribution of Sim-Val values, any data record which
contains only one or two words which are highly similar to ¢; will still be significantly
more similar to ¢; than data records containing hundreds or thousands of dissimilar
words. Also, in order to not weigh any single query keyword too heavily, repeats of
the same keywords in an abstract are not counted, e.g., “document queries” and “docu-
menting document queries” are treated as identical.

Calculating Query-Document Similarity (Step 3). After the similarity values between
each ¢; (in a query Q) and a data record D have been calculated, these values can be
used to calculate a single similarity value for ) and D. We consider two methods which
perform such a calculation. The first method, called AddSim(Q, D), involves summing
up SumSim(g;, D) values (1 < i < |Q|) and is effective at detecting a data record D
which contain keywords with high degrees of similarity to at least some query keyword
¢;. The second method, MultSim(Q), D), calculates query-data record similarity by
multiplying together all the SumSim(q;, D) values, where ¢; € Q, 1 < i < |Q)|.

L. Calculating Similarity by Addition. Given a query ) and a data record D, the
similarity of ) and D can be computed by summing the degrees of similarity of each
query keyword ¢; (1 < i < m = |Q|) to D. Thus, the similarity of @) and D is
computed as

AddSim(Q, D) = SumSim(q;, D) . 2)

i=1

Note that in the distribution of Sim-V al values, exact word matches (having a sim-
ilarity value of 1) are weighted much more heavily than all other word pairs (which
have similarities ranging from 1 x 10=* to 5 x 10~7 in the 10~7-13%-W ST). Thus,
AddSim(Q, D) will always equal N plus some small fraction, where N (> 0) is
the number of exact word matches between ) and D. This effectively means that
AddSim(Q, D) will rank any data record D containing N query keywords higher than
others containing N-1 query keywords, regardless of other similar content.

AddSim has been shown to effectively identify data records with high similarity to
at least some query keywords; however, in some cases, this results in a false positive,
i.e., data records dissimilar to () are treated as similar. For example, consider the query
“network security.” If there exist two data records D; and Ds, such that D; = “Con-
necting to Nodes on Distributed Networks,” and Dy = “Authentication over Networks,”
AddSim would rate D; higher than Dy due to multiple keywords in D; having high
similarity to “network” (i.e., “network,” “connecting,” and “nodes”), even though none
of them bear much similarity to “security.” This is demonstrated in Figure 2
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Fig. 2. Computing query-data record similarity using various WSM methods and the query, “net-
work security.” Sim-Vals are labeled on edges.

We consider data records that are heavily weighted to only some query keywords
by limiting the similarity of each keyword in a query to a data record to 1, which is
the similarity value for identical words, as shown in Equation 3l This approach has
the advantage of assigning a higher ranking to data records with more “variety”, i.e.,
records that contain words relevant to the “majority of”” query keywords, as opposed to
records containing multiple words relevant to only a single (or a few) query keyword(s).

AddLimitedSim(Q, D) = Min(SumSim(q;, D), 1) . 3)
i=1

AddLimitedSim would rank Ds as more relevant to () than D1, i.e., both data
records would have a similarity of 1 to “network”, but D2 would have a higher similarity
to “security” than D1 due to the keyword “Authentication,” as shown in Figure 2

While AddSim does have a disadvantage in some cases to Add LimitedSim, which
prefers high similarity from more keywords, AddLimitedSim has shortcomings as
well, i.e., in the limited granularity of the calculated query-data record similarity values.
Since there is a limit of 1 imposed upon the similarity between each query keyword and
D, and all exact word matches yield a similarity of 1, then any data records which
contain all query keywords will have the same ranking value (i.e., an integer k > 1, for
a query with k keywords), with no differentiation. Conversely, AddSim does not have
this problem, i.e., it attributes higher similarity values for data records which contain
multiple keywords similar to a single keyword, even above and beyond an exact match.

The question remains, then - Is there some measure that can be used that avoids
both the problem of weighing a single query keyword too heavily (as in the AddSim
method), and the problem of reduced granularity (as in the AddLimitedSim method)?
We create such a measure by introducing an alternative method, i.e., multiplication.

II. Calculating Similarity by Multiplication. The set of SumSim(g;, D) values for
a given data record D and each query keyword ¢; in Q) can be viewed as separate evi-
dences, or probabilities, that D is similar to ). Using this basis, we apply the Dempster-
Shafer’s theory of evidence [[13], which combines the probabilities of separate events
for the calculation of a single evidence (i.e., the similarity between keywords in () and
D). Using this rule, the evidence for a single event, i.e., the similarity of () and D,
is calculated by multiplying together its constituent evidences, combining probabilities
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essentially in an AND operation [13]. However, we do not entirely exclude relevant
documents which do not have any similarity to some given query keyword, especially
if they have high similarity to other query keywords. Thus, we assign a minimal bound
to query keyword-data record similarity values, i.e., 1 x 10~7, which is less than the
minimum value in the 10~7-13%-W ST . Hence, we define MultSim(Q, D) as

MultSim(Q, D) = H Max(SumSim(q;, D),1077) . 4)

i=1

Note that in MultSim, SumSim is not limited to 1 as it is in AddLimitedSim,
which is advantageous in that doing so yields relatively higher similarity values for data
records which have some similarity to a greater number of keywords. Using multiplica-
tion, overestimating similarities for data records weighted to only a few query keywords
is not an issue, since the similarity of a query @ to a data record D suffers severely only
if the degree of similarity of D to any keyword ¢; in @ is low.

Some sample query-data record similarity calculations are shown in Figure[2l Notice
the larger gap in the ranking of M ultSim in comparison to the other two methods.

4 Experimental Results

We analyze the experimental results of our WSM approach over different sets of docu-
ments selected from the ACM SIGMOD Anthology (www.informatik.uni-trier.de/ley/
db/indices/query.html), ACM for short, and Craigslist (http://www.craigslist.org). The
document sets, which include classified ads for books and furniture from Craigslist
and bibliographic data for published articles from ACM, were parsed into tables in a
MySQL server. These data sets contain text representing semantic information, which
is the only requirement for our WSM approach. Furthermore, Craigslist regional sites at
355 different cities and countries worldwide were used to extract 10,124 classified ad-
vertisements for the books database and 21,368 for the furniture database. For the third
database, 14,394 different bibliographic entries were extracted from 9 different confer-
ences and journals in ACM. The DBs we have created by extracting more than 40,000
records from the data available are sufficiently large and varied in content to be taken
as representative of the more complete DBs available online. In our empirical study,
we compared AddSim, AddLimited-Sim, and MwultSim on a number of queries and
data records, against a simple Boolean keyword search, which is common in RDBMSs.

4.1 Structured Query Construction

MySQL queries were formed by progressively nesting the steps presented in Section[3.2]
as subqueries, i.e., the subset of data records selected in Step 1 is processed and used as
a subquery to calculate query keyword-data record similarity in Step 2, which is then
processed as another subquery to calculate query-data record similarity in Step 3.
Consider the sample query @, “foreign languages”, which are reduced to their stems,
“foreign” and “languag.” These query keywords can be used to process the subset se-
lection (i.e., Step 1), which selects all data records that contain at least one word with
the similarity to any one of the two keywords in ( that exceeds 3 x 107 as follows:
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SELECT DISTINCT id FROM keywordabstract k, similarity3enb c
WHERE (c.word = “foreign” OR c.word = “languag”)
AND c.simword = k.keyword ORDER BY id; (* Subquery for Step 1 *)

where ¢d is the ID number for a given data record, stmilarity3en6 is the 1076-13%-
W ST, which contains only word pairs with a similarity above 3 x 10~%, and c.word and
c.simword are the words in each word pair in 10~6-13%-W ST This subset selection
subquery can then be used to compute guery keyword-data record similarity (Step 2) as

SELECT hitwords.id, SUM(sim) as s FROM
(SELECT hits.id, a.keyword FROM abstractkeyword a, (<Step 1 Subquery>) as hits
WHERE hits.id = a.id ORDER BY d) as hitwords, similaritySen7 ¢

WHERE “foreign” = c.word AND hitwords.keyword = c.simword

GROUP BY id; (* Subquery for Step 2 *)

where sim is the similarity between two words in the similarity5en7 (a.k.a. 1077-
13%-W ST) table, and abstractkeyword is identical to the keywordabstract table,
but indexed on id instead of keyword. This subquery will calculate the similarity be-
tween any given query keyword (in this case, “foreign,” and this subquery can similarly
be created for “languag”) and each data record in the subset selected in Step 1.

The manner in which the subquery for Step 2 is used for processing query-data record
similarity varies slightly between the AddSim, AddLimitedSim and MultSim
methods—we will provide here an example for Add.Sim, which will sum the similarity
values for “foreign” and “languag” on each data record:

SELECT IDsums.id, sum(s) as sums FROM
(<Step 2 Subquery using “foreign”> UNION <Step 2 Subquery using “languag”>)
as IDsums GROUP BY ID ORDER BY sums; (* Query for Step 3 *)

where s is query keyword-data record similarity computed in Step 2. For AddLimited
Sim and MultSim, any values of s in Step 2 outside of the predefined range, such as
s> 1(and s < 1077, respectively) would be changed accordingly (i.e., to 1 or 10~7),
and for MultSim, the product of s would be computed, as opposed to the sum. This
query for Step 3, which provides an ordered list of query-data record similarity val-
ues (i.e., sums or products) and the corresponding id values for the data records which
they pertain to, can be used as a subquery and joined to a table containing more detailed
information on the data set and returned to the user with the assigned relevance ranking.

4.2 Analysis of the Retrieved Results

Considerations were taken to determine what measure could effectively illustrate the
relative usefulness of each of the three similarity methods. Considering that users are
typically most interested in only the few top-ranked query results [[16], we desire a
measure that conveys information regarding the top results across many queries. We
adopt the Mean Average Precision, M AP(r) = é X 23:1 Ty in [1], which is the
ratio of relevant data records retrieved to all those retrieved at each retrieved data record,
where r is the number of relevant records to retrieve, () is the total number of queries,
and t(p) is the number of records retrieved at the " relevant record on the p*" query.
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Fig. 3. Charts plotting M AP for various 2-, 3- and 4-word queries and the overall performance

M AP is effective on a set of relatively few (retrieved) data records, as opposed to recall
[2], which requires a thorough analysis of the entire data set that is not available for
our empirical study. Also, M AP provides information primarily concerning the results
retrieved (as opposed to excluded data records), which is precisely what we need.

In Figure B we plot the average M AP for the top-ranked retrieved data records,
using each of the three methods for calculating query-data record similarity in our WSM
approach, as well as the simple Boolean AND-based keyword search. In this manner, it
can easily be seen how effective each method is within the first 5, 20, or 100 results, etc.
Queries which returned many exact matches or with few or no results were less useful,
since they differed little from those retrieved by a standard DB query. Thus, we created
and selected queries which gave fair number of results, an appreciable number of them
being inexact matches. These results were manually verified for relevance.

Across the 2-, 3-, and 4-word queries that we created, each of the three methods
implemented by our WSM approach outperforms the Boolean AND-based keyword
search, which is expected. Also, for any query for which a Boolean keyword search re-
turns m results, each of the three WSM methods returns the same m results first (though
in order of ranking, whereas the Boolean search imposes no ranking), followed by addi-
tional, similar matches. For higher n (n being the number of ranked data records read),
each method outperforms the keyword search K .S (especially for 2-keyword queries),
due to the additional relevant data records retrieved that do not contain all query key-
words, which are not retrieved by K.S. This shows that not only are additional rele-
vant records retrieved by inexact word-matching, but that the ranking imposed by both
AddLimitedSim and MultSim (i) is consistently more accurate than the random
ranking imposed by the Boolean keyword search at low n (i.e., for records containing
all query keywords) and (ii) outperform AddSim, especially for shorter queries.



174 N. Gustafson and Y.-K. Ng

5 Conclusions

We have presented an information retrieval (IR) technique designed to be implemented
within a standard RDBMS, using the efficient and stable architecture of data retrieval
(DR) systems, in order to augment DR with ranked and inexact matching. Our inte-
grated technique works by measuring word similarity between queries and data records
and performing the labor-intensive computational operations imposed on IR using the
efficient query processing technique developed in RDBMSs. Our IR+DR technique has
the benefit of being fairly flexible in that it is context free, i.e., independent of data to
be evaluated; it can be used on small or large and information-rich databases, can be
implemented on a wide variety of (unstructured) text data, and has been shown to give
significantly higher mean average precision than an AND-based query search.
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Abstract. A class of applications exists where the information to be stored is par-
tially structured: that is, it consists partly of some structured data sources each
conforming to a schema and partly of information left as free text. While investi-
gating the requirements for querying partially structured data, we have encoun-
tered several limitations in the currently available approaches and we describe
here three new techniques which combine aspects of Information Extraction with
data integration in order to better exploit the data in these applications.

Keywords: Information Extraction, Data Integration, Partially Structured Data.

1 Introduction

Despite the phenomenal growth in the use of databases in the last 30 years, 80% of
the information stored by companies is believed to be unstructured text [1]. Beyond
the workplace, the explosion of predominantly textual information made available on
the web has led to the vision of a “machine tractable” Semantic Web, with database-
like functionality replacing today’s book-like web [2]. In particular, a class of applica-
tions exists where the information to be stored consists partly of some structured data
conforming to a schema and partly of information left as free text. This kind of data is
termed partially structured data in [3]. Examples of applications that generate and
query partially structured data include: UK Road Traffic Accident reports, where
standard format data is combined with free text accounts in a formalised subset of
English; crime investigation operational intelligence gathering, where textual observa-
tions are associated with structured data about people and places; and Bioinformatics,
where structured databases such as SWISS-PROT [4] include comment fields con-
taining related unstructured information.

From our investigation of these applications, we have identified two main reasons
for information being stored as text in addition to the information that is stored as
structured data: i) It may not be possible in advance to know all of the queries that
will be required in the future, and the text captured represents an attempt to provide
all the information that could possibly be relevant for future query requirements. ii)
Data is captured as text due to the limitations of supporting dynamically evolving
schemas in conventional databases — simply changing the size of a column in an
existing table can be a major task in production relational database systems.

E. Kapetanios, V. Sugumaran, M. Spiliopoulou (Eds.): NLDB 2008, LNCS 5039, pp. 175 2008.
© Springer-Verlag Berlin Heidelberg 2008
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We believe that combining techniques from data integration and Information Ex-
traction (IE) offers potential for addressing the information management needs of
these applications. We have previously described ESTEST [5], a prototype system
which makes use of the virtual global schema arising from a data integration process
over the available structured data sources in order to assist in configuring a subse-
quent IE process over the available text, and to automatically integrate the extracted
information into the global schema, thus supporting new queries encompassing the
new data. Experiments with ESTEST in the Road Traffic Accident Informatics do-
main have shown that this approach is well-suited to meeting the information needs of
the users of such data, being able to make use of both the structured and the textual
part of their data in order to support new queries as they arise over time.

However, our experiences of using ESTEST in this domain, and our subsequent
investigation of the requirements for supporting partially structured data in the Crime
Informatics domain, made us aware of several limitations that have led to further re-
search, which we report in this paper. We begin the paper with a brief overview of the
initial ESTEST system. We then describe, in Section 3, three limitations with current
approaches, including our own initial ESTEST system, each of which can benefit
from appropriate combination of techniques from IE and data integration. Our ap-
proach to addressing each of these limitations is described in Sections 3.1-3.3, illus-
trated with an example drawn from the Crime domain. We give our concluding re-
marks and identify directions of further work in Section 4.

2 Overview of ESTEST

In general, IE is used as a step in a sequence, normally to produce a dataset for further
analysis. Our goal, in contrast, is to make the information extracted from text avail-
able for subsequent query processing, in conjunction with the structured data, through
an integrated virtual schema. Also, over time requirements for new queries may arise
and new structured data resources may become available. Therefore, for this class of
application, it must be possible to handle incremental growth of the integrated
schema, and to repeatedly apply the IE and data integration functionality.

Our ESTEST system supports such an evolutionary approach, allowing the user to it-
erate through a series of steps as new information sources and new query requirements
arise. The steps are illustrated in Figure 1, and comprise: i) integration of the structured
data sources via a virtual global schema, ii) semi-automatic configuration of an IE proc-
ess, iii) running the IE process over the available text, iv) integrating the resulting ex-
tracted information with the pre-existing structured information, under the virtual global
schema, vi) supporting queries posed on the global schema, that will encompass the
extended structured data, and finally vii) optionally enhancing the schema by allowing
new data sources to be included before starting a new iteration of steps ii)-vi).

Each step of the ESTEST process may need to be repeated following amendment
of the system configuration by the user. The overall process may also need to be re-
started from any point. ESTEST makes use of the facilities of the AutoMed hetero-
geneous data integration toolkit [6] for data integration aspects (steps i, vi and vii),
and of the GATE IE System [7] for the IE aspects (step iii). We refer the reader to [5]
for further details of the design and implementation of the initial version of ESTEST.
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Fig. 1. ESTEST Steps

3 Supporting Partially Structured Data

Since the results reported in [5], we have analysed several real crime databases made
available by police forces in the UK. A common feature of the Crime Informatics
domain its use of text: for example, applications such as operational intelligence gath-
ering make use of text reports containing observations of police officers on patrol;
scene-of-crime applications include textual descriptions of the conditions found at the
scene; and serious crime investigations make use of witness statements. In these ap-
plications the queries required will only become known over time, for example when
looking for patterns between current and earlier incidents.

Our experiences of using ESTEST in practice in the Road Traffic Accident (RTA)
domain, and our subsequent investigation of the requirements for supporting partially
structured data in the Crime Informatics domain, made us aware of limitations in
three areas that are not inadequately supported either by the solutions used by practi-
tioners to date nor by the initial version of our ESTEST system:

i) For domains such as Crime Informatics, where the number and variety of struc-
tured data sources is richer than those of the RTA domain, schema matching and the
creation of a single global schema covering even just the structured data sources re-
mains a problem. We therefore investigated the possibility of using IE on textual
schema metadata to assist in this task, as described in Section 3.1.

ii) The problem of deciding if a reference to an entity extracted from free text
refers to a new instance or to one already known in the structured part of the data,
became apparent as an issue in both the RTA and Crime Informatics domains. We
have investigated combining co-reference resolution techniques from IE with data-
base duplication detection techniques, as described in Section 3.2.

iii) IE systems do not provide general-purpose facilities for storing the annotations
found, and developing methods of relating annotations to the instance of the schema
element they refer to, and not just the type of the element, may be necessary. In
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particular the value associated with an annotation i.e. the text it covers, may not be a
suitable identifier for an instance of an entity. In Section 3.3 we describe extending
our template creation method from ii) with pattern processing in order to provide a
general method of storing extracted information.

Below we describe our approaches to meeting the above three requirements, illus-
trating our techniques by means of an example drawn from the Crime Informatics
domain. For reasons of space we cannot provide the full output from this example, but
refer the reader to [8] for full details of the techniques described in this paper and a
complete listing of the example. In our running example, we assume three data
sources are available: OpIntel, a relational database containing textual reports of
operation intelligence gathered by police officers on patrol; CarsDB, a relational
database holding information on cars known to the police, with attributes such as the
registration, colour, manufacturer and model; and CrimeOnt, an RDF / RDFS on-
tology which states amongst other things that vehicles and public houses are attributes
of operational intelligence reports.

3.1 Using Information Extraction for Schema Matching

Schema matching is a long-standing problem in data integration research. The central
issue is, given a number of schemas to be integrated, find semantic relationships be-
tween the elements of these schemas. A comprehensive survey of approaches to
automatic schema matching is [9] where the linguistic approaches are divided into
name-based and description matching techniques. The survey also considers the use
of synonyms, hyponyms, user-provided name matches and other similarity measures
such as edit distance. The possibility of using natural language understanding tech-
nology to exploit the schema descriptions is mentioned but this is the only category
where no prior work is explicitly cited and we are similarly unaware of any previous
system which makes use of description metadata for schema matching.

A feature of the class of applications that we target is that new structured data
sources may become available over time, and they can be integrated into the virtual
global schema and used to assist in IE. Therefore, we have developed an /E-based
schema matcher which uses IE to process the available schema names and any textual
metadata information, and uses the extracted word forms in order to identify corre-
spondences between schema elements across different data sources. Our IE-based
schema matcher undertakes the following steps within the overall ESTEST process:

1) For all the available data sources, the available schema metadata is extracted, in-
cluding the textual names and description metadata for all the elements of the schema.
In ESTEST, wrappers are able to extract metadata for data sources organised according
to the model they represent including relevant textual description metadata e.g. the rela-
tional wrapper retrieves JDBC remarks data, which allows for a free text description of
a column or a table, while the ontology wrapper retrieves XML comments.

2) We have developed a SchemaNameTokeniser component to process these
schema names and extract word forms from them, to be associated with their schema
elements in the virtual global schema. Our schemaNameTokeniser is an extensible
component which detects the use of common naming conventions in schema element
names and descriptions. It is able to transform names into word forms, making use of
abbreviations. For example, “AccountNum”, “accNum”, and ”ACCOUNT-NUMBER”
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can all be transformed into the word form “account number”. Whereas the GATE Eng-
lishTokeniser splits sentences into annotations representing words and punctua-
tion, our SchemaNameTokeniser produces annotations representing the words
extracted from the schema names. Our component makes use of regular expressions to
identify naming conventions; these cover the commonly used conventions and can be
easily extended.

3) A GATE pipeline is constructed to process the textual description metadata.
This pipeline performs named entity recognition on the schema element descriptions,
identifying references to schema elements by matching the word forms extracted from
the schema names. The pipeline is created automatically by constructing an instance
of our SchemaGazetteer which treats each element in the schema as a named
entity source using the word forms extracted from schema element names and links
annotations found in the text back to the associated schema element.

4) Where a match is found between a schema element acting as a named entity
source and a description of a schema element from a different data source, then a pos-
sible correspondence between these schema elements is inferred.

We now show how this process takes place in the example from the crime domain.
The match that should be found is between the car table in the CarsDB data source
and the vehicle RDFS class in the CrimeOnt data source. The Postgres DDL for
the CarsDB database includes the following comment on the car table: comment
on table car is 'VEHICLE SEEN DURING OPERATIONAL INTELLI-
GENCE GATHERING'.

The first step is for ESTEST to process the schema element names using the Sche-
maNameTokeniser component. This happens and the word forms “car” and “vehi-
cle” are extracted from the respective schemas and are stored. Next, the GATE pipeline
for processing description metadata is created. Now each description is processed, and
no matches are found from the other descriptions. However, when the description of the
car table is processed, a match is found with the vehicle class and the schema id and
schema element id are displayed to identify the elements involved in the match:

Document to be processed by IE : 'VEHICLE SEEN DURING
OPERATIONAL INTELLIGENCE GATHERING'

Match between the textual metadata of schema element
84/62, and the schema element 85/104

We note that in ESTEST schema elements are identified by a combination of their
schema and element number, for example schema element 84/62 refers to element
number 62 in schema number 84. Once processing is complete, this remains the only
match identified and it is used by ESTEST in creating the global schema.

3.2 Combining Duplicate Detection and Coreference Resolution

In both database and natural language processing there is often a requirement to detect
duplicate references to the same real-world entity. We have developed a duplicate
detection component for partially structured data which, as far as we are aware, com-
bines for the first time techniques from IE and data integration in order to achieve
better results than would be obtainable using each independently.
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Deciding if two instances in a database in fact refer to the same real-world entity is
a long-standing problem in database research. Attempting to solve the problem across
a range of application domains has led to a variety of terms being used in the litera-
ture for different flavours of the same fundamental task. The statistics community has
undertaken over five decades of research into record-linkage, particularly in the con-
text of census results. [10] gives an overview the current state of record linkage re-
search and of related topics such as error rate estimation and string comparison met-
rics. In database integration, the term merge / purge [11] is used to describe ap-
proaches such as sorting the data and traversing it considering a ‘window’ of records
for possible merging. Data cleansing [12] concentrates on finding anomalies in large
datasets, and cleansing the dataset by using these anomalies to decide on merging
duplicates and on deriving missing values. Duplicate elimination [13] refers to varia-
tions on merge-sort algorithms and hash functions for detecting duplicates. We are not
aware of any attempt to make use of NLP techniques in finding duplicates in data-
bases, beyond character-based similarity metrics such as edit distance.

In IE the term coreference annotation [14] has come to be used to describe the task
of identifying where two noun phrases refer to the same real-world entity and in-
volves finding chains of references to the same entity throughout the processed text.
There are a number of types of coreference, including pronominal coreference, proper
names coreference, through to more complicated linguistic references such as demon-
strative coreference. [15] shows that a small number of types of coreference account
for most of the occurrences in real text: they find that proper names account for 28%
of all instances, pronouns 21% but demonstrative phrases only 2%. It is expected
therefore that reasonable coreference annotation results can be achieved by effectively
handling these main categories of coreference.

The GATE system provides support for these two main categories of coreference,
by providing an OrthoMatcher component which performs proper names corefer-
ence annotation and a JAPE' grammar which when executed performs pronominal
coreference annotation. The OrthoMatcher is executed in a GATE pipeline fol-
lowing the named entity recognition step. No new named entities will be found as a
result of finding matches, but types may be assigned to previously unclassified proper
names which have previously typed matches. The input to the OrthoMatcher compo-
nent is a list of sets of aliases for named entities. Also input are a list of exceptions
that might otherwise be matched incorrectly. As well as these string comparison rules
that apply to any annotation type, there are some specific rules for the core MUC IE
types i.e. person, organisation, location and date.

We argue that coreference annotation in NLP is essentially the same task as dupli-
cate detection in databases. The difference is not in the task to be performed but rather

' GATE’s Java Annotation Patterns Engine (JAPE) provides finite state transduction
over annotations based on regular expressions. The left-hand-side of JAPE rules
consist of an annotation pattern that may contain regular expression operators. The
right-hand-side consists of annotation manipulation statements, typically by creating
an annotation over the matched text which describes its type. JAPE rules are
grouped into a grammar for processing as a discrete step in an IE pipeline, and for
each grammar one of a number of alternative control styles is specified to determine
the order rules should fire, and from where in the text processing should resume.
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in the structure of the data to be processed, free text in the case of NLP and structured
data for databases. We have therefore developed a new duplicate detection component
for our ESTEST system, comprising three parts: i) a coreference module, ii) a tem-
plate constructor module, and iii) a duplicate detection module. The coreference mod-
ule may find new structured data which in turn will be useful for the duplicate detec-
tion module, and vice versa. These modules use state-of-the-art techniques, but as
there is much active research in both areas they are designed to be extensible and
modular. Our research contribution here is not in coreference resolution research nor
in database duplication detection as such, but in combining the two approaches.
Our duplicate detection component works as follows:

1) The standard GATE OrthoMatcher component is added to a pipeline. The con-
figuration for this component is automatically created from data in the virtual global
schema. When building an IE application using GATE alone, this component would
have to be configured by hand for the domain of interest, and the default configura-
tion file provided contains only a handful of examples to show the format of the en-
tries. In contrast, we use the abbreviations and alternative word forms previously col-
lected during the integration of the data sources to automatically create the configura-
tion for the OrthoMatcher component.

2) The standard JAPE grammar for pronominal coreference is then executed over
the text.

3) Template instances are automatically constructed for the annotations that match
schema elements.

4) Our duplicate detection component then extracts the coreference chains from the
annotations and uses these to merge templates. Each co-reference chain is examined
in turn and its attributes examined and compared pair-wise to decide if they should be
merged. This process removes duplicates from within the free text.

5) The resulting set of templates are now compared to the instances already known
from the structured data. A decision is made whether to store each template found in
the free text as a new instance, or whether to merge it with an existing instance.

6) Any annotations which refer to schema elements but which are not part of any
template are stored as before.

The same process is used for both the decision on whether to merge templates
found in the free text, and whether to store templates as a new instance or to merge
with an existing instance. The available evidence is compared using the size of the
extent of each attribute as a straightforward method of weighting the evidence of dif-
ferent attributes in a template. For example, in a template with attributes name and
gender, name would be weighted more highly as it is more discriminating as a search
argument. In contrast, if the amount of conflicting evidence exceeded a confidence
threshold, then the separate instances would be left unmerged and the coreference
chain ignored. If there is some contradictory evidence, falling between these two con-
fidence thresholds, then the coreference chain is highlighted for the user to decide
whether to merge, together with the conflicting attributes and the confidence level
based on the weighting of these attributes.

To decide the confidence level the attributes of each pair of possible matches in
the chain are compared. Where there is no value for an attribute for one or both of the
concepts then no positive or negative evidence is assumed. If both concepts have the
same value for the attribute then that is considered as positive evidence weighted
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according to the selectivity of the attribute. If they have different values then similarly
weighted negative evidence is added to the confidence total.

We made use of the crime example to experiment with our approach. The first step
described above is to make use of GATE’s OrthoMatcher component by auto-
matically creating an input file based on the word forms associated with the schema
elements in the virtual global schema. As mentioned, this component is used to pro-
vide alternative names for the same instance of an entity. In the crime example, the
following matches are found: {OP, INTEL, OP INTEL}, {ID, REPORT, REPORT
ID}, and {CAR, VEHICLE}. Using this component, it became clear that with such
general matches the co-reference chains were not producing any value, and in fact
every annotation of the same type matched.

It may be that there are uses for this approach in particular domains, and for anno-
tations referring to people there is value in exploiting the extra evidence available in
natural language. However we decided instead to look for coreference matches by
constructing templates and attempting to merge these where there are no conflicting
attributes. It would also be possible to restrict merges to templates found in close
proximity in the text.

Annotations found in the text are placed in templates which the duplicate detection
module creates automatically from the attribute edges in the virtual global schema. To
place appropriate weight on the attributes the size of the extents is used. For example,
there are 142 car registrations known to CarsDB, but only 11 models, so registrations
are more useful evidence. Next, the annotations of interest to be considered in creat-
ing templates are extracted. An operational intelligence report processed in the exam-
ple is “GEORGE BUSH HAS A NEW YELLOW CAR REGISTRATION LO78
HYS. IT IS A FORD MONDEOQO”. From this text, two templates are found, one for
each reference to a car in the text:

Template: 1 -- <<car>>, Instance ID: estestInstancel
Attribute: <<car_reg>>, Instance ID: LO78 HYS
Attribute: <<colour>>, Instance ID: YELLOW

Template: 2 -- <<car>>, Instance ID: estestInstance2
Attribute: <<manufacturer>>, Instance ID: FORD
Attribute: <<model>>, Instance ID: MONDEO

These contain no conflicting attributes and so it is assumed that they refer to the
same entity (this assumption replaces the alternative co-reference chain approach),
and the templates are merged. The resulting merged template contains all the avail-
able attributes of the car, and uses the car registration number as the identifier for the
car (we explain in Section 3.3 how the identifier determined):

Template: 3 -- <<car>>, Instance ID: LO78 HYS
Attribute: <<car_reg>>, Instance ID: L0O78 HYS
Attribute: <<colour>>, Instance ID: YELLOW
Attribute: <<manufacturer>>, Instance ID: FORD
Attribute: <<model>>, Instance ID: MONDEO

The merged template is now compared to the instances already contained in the
structured data and the size of the attributes’ extents is used to weight the attributes.
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For example, having the same registration mark is more credible evidence that the car
in the text is a reference to one already known than would be the fact that they were
both the same colour. The system finds the correct match with ‘LO78 HYS’. The de-
tails from the template are then stored, including the new fact that this car is yellow.
This is the only fact that actually needs to be stored in the ESTEST data store as the
others already exist in the CarsDB data source. However there is no disadvantage in
duplicating known facts as distinct result sets are returned from queries and in this
way there is a useful record of the totality of facts found in the text. Being able to
combine the structured and text information has proved advantageous: without doing
so queries on the structured database would not include the fact that this car is yellow;
just relying on the text would not reveal the manufacturer or model.

3.3 Automatic Extraction of Values from Text

A central task in IE is named entity recognition which at its simplest involves identi-
fying proper names in text by matching against lists of known entity values, although
patterns can also be defined to recognise entities. In GATE lookup named entity rec-
ognition is performed by gazetteer components, while pattern matching named entity
recognition is performed by JAPE However, the facilities offered by IE systems, such
as GATE, are restrictive when it comes to automatic further processing of extracted
annotations in order to store them: the string the annotation covers will usually not be
the string that should be used as the entity identifier; in many cases, the annotation
will contain that value as a substring, and the substring may also be associated with
another annotation type. This restriction arises from IE systems typically being used
in isolation, without consideration for how their results can be automatically proc-
essed beyond displaying the annotated text, other than by code specifically written for
each application.

We have therefore developed a pattern processor: patterns are linked to schema
element and these patterns are used to automatically create JAPE rules. These rules
have been extended in that the annotations produced contain features which identify
the schema element that the annotation relates to schema elements also act as sources
of named entities for lookup named entity recognition and the patterns are similarly
used to automatically configure a gazetteer, with word forms provided from metadata
relating to the schema element, or from their extent, and resulting matches linked
back to the schema element. An annotation post-processor then automatically identi-
fies annotations of interest from either lookup or pattern-matching named entity rec-
ognition, and stores these results automatically in the ESTEST repository, extending
the extents of the corresponding elements of the virtual global schema.

These new facilities have been provided for as follows:

1) It has been necessary to develop a new control style to automatically process
annotations. Our pattern processor needs to be able to find all matching annotation
types in order to find values to use as identifiers. JAPE’s all style does find the
complete set of matches but when there are rules with optional parts, then these result
in the rule firing twice. To overcome this limitation, we have developed a new style:
the JAPE grammars use the all style, however our pattern processor removes anno-
tations covering substrings of the text covered by other annotations of the same type;
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for example, in the example above “car” would be deleted leaving the longest match
“red car”.

2) In order to correctly assign identifiers to instances of schema elements found in
the text, the pattern relating to the schema element can optionally specify the name of
another schema element to use as their identifier; for example, it is possible to store
the car registration number as the identifier of a car by specifying the name of the
car_reg schema element in the pattern definition. The JAPE rule generated from
this pattern will now include an idAnnotationType feature indicating that the
pattern processor should find the value of the car_reg annotation within the string
covered by the car annotation.

3) The idAannotationType feature above enables schema elements that are
sources for named entity recognition to be used as identifiers; for example, if a car
with a registration mark that is already known was mentioned in the text, the rule
would fire. But in order to be able to identify cars not already known it is necessary to
be able to specify a text pattern to match, and to associate this pattern with a schema
element. For this purpose, an additional new pattern type, value_def, allows a se-
quence of characters, numerals and punctuation to be specified e.g. to define car reg-
istration marks. Now when a pattern such as “AA1l AAA” is found in the text, this
will create an annotation linked to the car_reg schema element. Combining this
with the car rule will result in new cars being found by the pattern matching named
entity recognition and stored identified by their registration marks..

4 Conclusions and Future Work

In this paper we have described three novel techniques for better supporting the re-
quirements of partially structured data, motivated in particular by the requirements
arising in the RTA and crime informatics domains. We stress though that our tech-
niques are more generally applicable to a variety of other domains where PSD arises
(some examples, discussed in more detail in [8], include Bioinformatics, homeless-
ness resource information systems, scuba-diving accident reporting, and investment
banking). The three novel contributions of this paper are as follows:

1) As well as making use of schema elements names in schema matching, we make
use of textual metadata, such as JDBC remarks and comments in XML, to suggest
correspondences between schema elements in different source schemas. We are aware
of no other data integration system that is able to exploit such textual metadata.

2) We perform coreference resolution by merging templates matching the text. We
then compare these with the known structured data to decide if they are new instances
or if they represent new attributes about existing instances. To our knowledge, this is
the first time that approaches for resolving duplicate references in both text and
structured data have been combined. While our use of GATE’s OrthoMatcher
component proved ineffective, we believe that there is potential for making use of
pronominal coreference resolution for annotations types that refer to people.

3) We extract values from the text strings covered by annotations, for example
storing car registration marks to represent instances of cars. When combined with
the template merging extension of 2), this provides a method of automatically storing
the results of the IE process. Other than the KIM system [16], which relies on an
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ontology of everything, we are aware of no other IE system which provides general
facilities for further processing of the annotations produced.

As future work we plan to develop a workbench for end-users and to make use of
this to conduct a full evaluation of our approach. In [5] we presented an evaluation of
the initial version of ESTEST which showed that in terms of recall and precision it
performed as well as a standard IE system, but in addition was able to support queries
combining structured and textual information which would not be possible either us-
ing a vanilla IE system or a data integration system. However, the development of an
end-user workbench is a prerequisite for a full evaluation of the ESTEST approach as
discussions with a number of domain experts have shown that a variety of manual
workarounds are currently required to fulfill their information needs rather than any
system. An appropriate evaluation will therefore require a comparison by an end-user
over time of using ESTEST compared with whichever workaround is currently em-
ployed when new query or data requirements arise. With our envisaged end-user
workbench, it would be possible to develop a real-world application, with the aim of
supporting the end-user in undertaking this comparison.

We believe that further possibilities of synergy between data integration and IE are
likely to arise as a result of the evaluation phase and our prototype ESTEST system,
extended as described in this paper, will be well placed to investigate these possibili-
ties. In particular, our approach to combining text and structured duplication detection
techniques can be further developed by experimenting with the effectiveness of using
proximity and more elaborate merging algorithms. Also, our end-to-end method of
associating patterns with schema elements, using these to automatically perform the
later steps of configuring and processing text by IE with the results being stored
automatically, provides new opportunities for end-user IE tools without requiring
programmers or linguists to configure the systems. Finally, as more comprehensive
models for specifying annotations are emerging, it should be possible to produce rep-
resentations that are capable of describing entities both as elements in a virtual global
schema and as they appear within free text.
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Abstract. We seek to give everyday technical teams the capability to
build robust natural language interfaces to their databases, for subse-
quent use by casual users. We present an approach to the problem which
integrates and streamlines earlier work based on light annotation and
authoring tools. We model queries in a higher-order version of Codd’s
tuple calculus and we use synchronous grammars extended with lambda
functions to represent semantic grammars. The results of configuration
can be applied directly to SQL based databases with general n-ary re-
lations. We have fully implemented our approach and we present initial
empirical results for the GEOQUERY 250 corpus.

1 Introduction

One factor that has blocked the uptake of natural language interfaces (NLIs) to
databases has been the economics of configuring such systems [25]. Typically
configuration requires high levels of knowledge and long time commitments. The
typical work environment has neither of these in great supply and thus when
presented with the choice of building a common forms based interface versus an
NLI, organizations typically opt for forms. Our work seeks to make NLIs a more
attractive option by reducing the time and expertise requirement necessary to
build them.

Given the limited linguistic knowledge possessed by most technical teams,
modern approaches to configuring NLIs to standard databases come down to
one of three approaches:

1. Let authors only lightly name database elements (e.g. relations, attributes,
join paths, etc.) and reduce query interpretation to graph match[3\14].

2. Offer a GUI based authoring interface where one grunts out a semantic gram-
mar that interprets user queries over their database. Such approaches are
common in industrial products such as Microsoft’s ENGLISHQUERY, Progress
Software’s EASYASK, Elfsoft’s ELF, etc.

3. Use machine learning to induce a semantic grammar from a corpus of natural
language query/correct logical interpretation pairs [TOSIGIT7IIS].

E. Kapetanios, V. Sugumaran, M. Spiliopoulou (Eds.): NLDB 2008, LNCS 5039, pp. 1874198| 2008.
© Springer-Verlag Berlin Heidelberg 2008
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Since the ultimate goal of our project is the delivery of a high impact NLI to
database tool, it should not be surprising that we primarily adopt an author-
ing approach. The contribution of the present paper is to present our formally
rooted name-tailor-define authoring approach and to show that it may be effec-
tively employed by normal technical personnel. That said, aspects of the first
approach are deeply integrated into our work and we have laid the ground for an
integration of machine learning techniques to help achieve highly robust NLIs
‘in the limit’ after experiencing large volumes of user queries.

1.1 Organization of This Paper

Section 2 lays the foundation of concepts necessary to understanding our ap-
proach. Section 3 presents our formal approach to analyzing noun phrases, what
we consider to be the primary challenge of NLIs to databases. Section 4 presents
our GUI-based administration tool in which one populates the system with the
formal elements described in sections 2 and 3. Section 5 presents an initial ex-
periment that shows that reasonably skilled subjects can effectively use our au-
thoring tool. Section 6 compares our approach with other approaches to building
NLIs to databases. Section 7 concludes.

2 Foundations

2.1 Database Elements, Namings and the Dictionary

While database design may initially involve UML or ER modeling, most on-
going work is at the representational level with the underlying relations, views,
attributes, tuples and values of the working database. Assume the set of rela-
tions REL (e.g. CITY), attributes ATT (e.g. CITY.NAME) and data values VAL
(e.g. ’Chicago’). An additional element class that we include here are join con-
ditions JOIN. These specify conditions commonly appearing in queries (e.g.
CITY.STATE = STATE.NAME). Collectively the set of elements ELEMENTS =
RELUATTU VAL U JOIN.

In figure [ we see these elements being named with various phrases. If we
consider the set of all alphanumeric strings to be X*, this may be captured by

Wlth
"in'! X.name = y. state bordenng
eity" —
d x.state ¥.name X.name = border statel AND
"state"' Y.name = border.state2
=
City (name, state, population) ‘State (name, capital, population, area) ‘ ‘Border (statel, state2) ‘
Chicago Illinois 3,005,172 Migchigan, Lansing, 9.3 million, 60k sq. km) M'fh“gd“ I‘ll".‘o“
Detroit Michigan 1,203,339 llindis, Springfld, 11.4 million, 56k sq. km) Illinois Michigan

"'the windy city" ""the great lakes state'"

Fig. 1. A fragment of the GEO250 schema with some namings
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a naming relation NAMING C ELEMENTS x X* (e.g. (CITY, “city”) €
NAMING). The population of the naming relation may be accomplished by a
mix of automated and manual methods, but a substantial amount of it is simply
materialized from the underlying database (e.g. “Chicago” is a name for the
database value ’Chicago’.).

2.2 Queries in an Extended Tuple Calculus

Because of the formal difficulties of working directly with SQL expressions, we
represent queries as expressions in Codd’s Tuple Calculus. The tuple calculus is
a widely known syntactic sugar developed over standard first order logic where
variables range over tuples within database relations, not over the individual
places in n-ary relations. For example the query that expresses the cities in the
states with more than 10 million people is {z|City (x) A (3y)(State(y) Ax.state =
y.name A\y.population > 10,000, 000)}. Tuple calculus is covered in the majority
of introductory database textbooks and may be directly mapped to standard
SQL queries or expressions in first-order logic.

To handle various ranking and aggregation capabilities of SQL, we extend
the tuple calculus with several higher-order capabilities. For example to support
ranking and thus superlatives, we use higher-order predicates.

Ezample 1. (“cities of over 100,000 people in the largest area mid-western state”)

{z|City(z) N x.population > 100000A
(Jy)(State(y) A x.state = y.nameA
LargestByArea(y, State(y) A y.name € {'Indiana/, ...,"Wisconsin’})}

The two place predicate LargestByArea is true for the tuple y that has the
greatest area that satisfies the supplied formula, State(y) Ay.name € {'Indiana’,
..., "Wisconsin’} in the case here. We assume a set of built-in predicates to express
superlative conditions over the various relations and numerical attributes (e.g.
There is a higher order predicate LargestByHeight(y, ¢(y)) which is true for that
value of y with the largest height that satisfies ¢(y). Naturally this predicate is
only meaningful for mountain tuples.) These expressions have straightforward
mappings to SQL for database systems that robustly support sub-selects.

Ezample 2. (Example 1 translated to SQL for PostgreSQL)

SELECT *

FROM City AS x

WHERE x.population > 100000 AND

EXISTS (SELECT * FROM
(SELECT * FROM State AS z
WHERE z.name = ’Indiana’ OR ... OR z.name = ’Wisconsin’
ORDER BY area DESC LIMIT 1) AS y
where x.state = y.name);
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2.3 Semantic Grammars in A\-SCFG

Following [I7], we model our semantic grammars as synchronous context-free
grammars [I] augmented with lambda calculus expressions (A-SCFG). Our A-
SCFG rules define two ‘synchronous’ trees derived from the same start symbol
S. The yield of the first tree is natural language, and the yield of the second tree
is a formal language expressing the semantics of the natural language yield of
the first tree. The requirement of having variables within the semantic formulas
necessitates the use of \ expressions and in turn (slightly) complicates the notion
of what a yield is for the second tree — yields are calculated bottom up and
involve the well known alpha conversion and beta reduction operations of lambda
calculus.
Formally, each A-SCFG rule has the form:

A— <Ol,>\1'1,...,)\(bk,6> (1)

where A is a single non-terminal symbol and « is a sequence of terminal and non-
terminal symbols where the terminals are words or word sequences in natural
language. § consists of a sequence of terminals, non-terminals and formal argu-
ment terms which compose arguments z1, ..., z;. We say compose here, because
in contrast to [I7], we shall at times pass lambda functions in as arguments. In
such case we shall use the symbol f; in the place of x;. The terminals within
[ consist of raw material used to build up formal expressions. Each use of a
non-terminal symbol in « is paired with the use of the same symbol in 5 (and
vice versa). In cases that there are multiple uses of the same non-terminal in «,
one must include index terms to specify which non-terminal in « corresponds
to which in 3. The paper [I7] gives a more complete characterization of how
such \-SCFG rules are used to translate a natural language input to a formal
semantic expression.

3 Focusing on Noun Phrases

Through earlier and ongoing work [T0IT2], we posit that the main analysis task
for natural language interfaces to databases is the analysis of noun phrases, often
with relative clauses. In fact more experienced users often type just noun phrases
to describe the information they would like retrieved. In addition our experience
tells us that we can model noun phrases as coordinated pre-modifiers and post-
modifiers around head nouns. In the notation of A-SCFG some of the general
rules that guide this process are:

QUERY — (“list the” - NP, answer({z|NP(z)}))
NP — (PRE - NP, PRE(NP))

NP — (NP1, NPI)

NP1 — (NP1 - POST, POST(NP1))

NP1 — (HEAD, HEAD)
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QUERY

, POST
"list the" NP ; |
] 5 "in the" NP
PRE NP 3 " T

‘ : PRE

NP
NPI ‘
"big" . /‘
: "largest"
: PRE NP
NP1 k :

‘ B : "mid-western" NP1
HEAD ‘
HEAL
"cities" "state”

-- is used simply to save space in this diagram

Fig. 2. An example parse of “list the big cities in the largest mid-western state”

The first rule expresses what we call a sentence pattern, of which there are
many variants. This particular rule enables users to type “list the X” where X
is a noun phrase. There are many other sentence patterns that let the user type
things like “give me the NP” or “what are the NP?”, etc. In total the system
has around 75 manually defined sentence patterns and rarely do we find users
typing expressions not covered by these basic patterns. Of course as we discover
new ones, we, as system designers, simply add them in. The last four rules above
are more interesting and enable noun phrases such as those in figure

The authoring process provides the lexical entries that define pre-modifiers,
heads and post-modifiers of noun phrases for the given database. Assume the
following entries are built over our specific geography database:

HEAD — (“cities”, Az.City(z))
HEAD — (“state”, Az.State(x))
PRE — (“big”, Af.Az.f(x) A City(x) A xz.population > 100, 000)
POST — (“in the” - NP,
M Az f(x) A z.City(x) A (3y)(State(y) A x.state = y.name A NP(y))
PRE — (“largest”,
Af Az .LargestByPop(x, f(x) A State(x)))
PRE — (“largest”,
Af-Az.LargestByArea(z, f(z) A State(x)))
PRE — (“mid-western”, A\f.\x.
f(x) A State(x) A z.name € {'Indiana’, ...,"Wisconsin'})

The reader may wish to verify that “list the big cities in the largest mid-
western state” parses to the tree in figure @, which evaluates to the expression
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answer(Q)) where @ is the expression in example 1, which in turn is automati-
cally translated to the SQL of example 2.

4 Our GUI-Based Authoring Tool

Our AJAX based administrator tool gives an integrated GUI through which one
may import a schema from any ODBC accessible database and commence what
we term the name-tailor-define cycle of authoring an NLI.

Naming actions provide simple text names for the relations, attributes and
join paths of the database schema as well as operations to provide additional
names to values materialized from the underlying database. In short one popu-
lates the NAMING relation of section 2.1. Figure B shows the schema browser
in our tool where the user has the option of exploring and naming the various
database elements. Note the option here of naming the attribute
MOUNTAIN.STATE. Note also that in this image the foreign key joins may be
clicked on to name join elements. Naming actions trigger the definition of de-
fault head, pre-modifier and post-modifier lexical rules. These default rules are
formed by coupling logical expressions over the join graph of the database, with
associated terms in the NAMING relation. The default glosses of these ele-
mentary logical expression include function words (e.g. ‘of’,‘and’ etc.) from the
underlying language, English in our case.

To manage comprehensibility and navigation, default rules are gathered into a
collection of entries that couple a single elementary conceptual expression with
a set of m-patterns. Under the hood this expresses m lexical rules, but to the
user of the author there is one entry with m patterns. Using a theorem prover

Server: Online

C atChPhrase ( 1 . 0 0 bem) Current file: geo.cphrase

Alter Mode: OFF

SChema Update Mode:

Definitions Mode: ON

File Options | Schema | Phrasal lexicon | Global Substitutions | Word maps | NL Operations |

Relations

SRR Operations
X Delete Aftribute
o RoADPAsSESTHROUGH ( nams sz | MIOUNTAIN.STATE : STRING *&n
ROAD +
numezr &= N
RIVERFLOWSTHROUGH §
5 RIVER + Change Attribut
e Make Primary Key: I~ Apply
E MOUNTAIN + Make Foreign Key: |sTaTE | Apply
§ikiE o
NAME + G

HEIGHT*

B Low:
s & N @
POINT G
ELevaron + ¢ N

LAKEINSTATE
B LARE +
name+ Co N
AREA
HIGH +
CITY +
BORDER
+ Add Relation

Fig. 3. Naming database elements over the schema
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Server: Online

CatchPhrase (1 -00 heta) Current file: geo.cphrase

Alter Mode: OFF

a Update Mode:
Phrasal lexicon Definitions Mode; ON

File| | Options| |Schema| |Phrasallexicon| |Global Substitutions| | Word maps| | NL Operations|

X | STATE(X)} TOP | | [sTaTe =] |[popuLaTion - || BOTTOM {X | STATE(X) and X.POPULATION >
$C1 and X.POPULATION < $C2}
{X | STATE(X) and X.POPULATION < $C1} X

" :postx 5 o

silent) X £ @

silent) X & @
+ Add New Pattern
Add Pattern =
Pattern:
[containing fewer that $C1 people]
Type Features
¢ pre I silent
¢ head I~ singular
& post I plural
 answer
Add Pattern
Fig. 4. Tailoring entries
Server: Online
Current file: geo.cphrase
CatchPhrase (1.00 beta) Current flle: geo
NL Operations Update Mode:

Definitions Mode: ON

File Options Schema Phrasal lexicon Global Substitutions ‘Word maps NL Operations

|deﬁne a "major" state as a state with more than 1 million people|

clear | [~ Auto clear

Ok a major is a state with greater than 1000000 population

Fig. 5. Defining additional concepts via natural language

these entries are sorted into a subsumption hierarchy for ease of navigation. See
[I0/12] for a detailed description of this process.

During Tuiloring one works with patterns that are associated with parameter-
ized concepts expressed in tuple calculus. For example in figure [ the currently
selected entry corresponds to the concept of a state under a certain population.
Note that in this case an additional linguistic pattern is being associated with
this concept, for a total of seven patterns. Note also that the patterns may be
used in the reverse direction to paraphrase queries to clarify to users that the
system understood (or misunderstood) their questions. See [II] for an in-depth
discussion of this paraphrase generation process.

Once a fair bit of structure has been built up, definition actions may be per-
formed in which the author creates conceptually more specific entries. Figure
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shows an example of an action in which a new concept that corresponds to states
with a population over 10 million is defined. One continues with the name-tailor-
define process over the lifetime of the interface. Our administrator tool includes
special viewers and editors that assist in analyzing the logs of casual user inter-
actions and to patch leaks in the configuration on an on-going basis.

5 Experiments

The experiments we present here are based on the GEOQUERY 250 test cor-
pus provided by Raymond Mooney’s group at the University of Texas, Austin.
The corpus is based on a series of questions gathered from undergraduate stu-
dents over an example US geography database originally shipped with a Borland
product. In addition to the raw geography data, the corpus consists of natural
language queries and equivalent logical formulas in Prolog for 250 queries.

Although we have informally verified that our authoring interface is usable for
normal technical users, unfortunately we have only run our full experiment with
two subjects. The subjects were two under-graduate computer science students
that had recently taken an introductory relational database course. The subjects
were instructed to read the user’s manual of our administration tool and were
trained on its use. The training examples were over several mocked up canonical
examples and were in no way related to the GEOQUERY 250 corpus.

After being trained on the system, subjects were presented with a random
‘training set’ of 100 of the 250 GEOQUERY 250 queries. Subjects were told that
they needed to author the system to cover such queries. Of the remaining 150
queries in the corpus, 33 queries were selected to be in our test set. For these 33
queries correct logical queries were manually constructed in our extended tuple
calculus representation. As a side note, this process took slightly over 1 hour,
thus our first finding is that on a corpus of the complexity of the GEOQUERY 250
corpus, a skilled worker will take approximately 2 minutes per natural language
query to write and test the equivalent logical query.

As our subjects worked to cover the 100 queries of the training set, their con-
figurations were saved off at intervals for future analysis. This continued for a two
hour time span. Afterwards we automatically tested the resulting sequences of con-
figuration files against the 33 queries of the test set. Exploiting our capability to
determine logical query equivalence, queries were marked as correct if their parse to
logical form was equivalent to the manually constructed correct result. In the rare
case of ambiguity (e.g. “largest state”) the answer was marked correct if one of its
results was equivalent to the manually constructed correct result. Each configura-
tion file evaluation yielded a measure of precision, recalll and accuracy where:

1 We adopt the definition of recall presented in [14]. Unfortunately terms have not been
consistently used across the literature on NLI to database evaluation. For example
our measure of accuracy corresponds to recall as defined in the UT group’s results. We
adopt the definition of terms in [I4], because they are reminiscent of the trade offs in
standard information retrieval between recall and precision. In any case as we compare
our results to others, we shall present their results in our terms.
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# of correct queries _ # of parsed queries

recision = - call - 2
P # of parsed queries’ # of queries 2)
# of correct queries 3)
accuracy = -
Y # of queries
- _— + - .
g S~S— o P
L L
Training time {min) Training time {min)
(a) Precision (b) Recall

Fig. 6. Precision and Recall measures for our initial two trials

Figure 6 shows the resulting precision and recall measures through time.

6 Related Work

Due to the public availability of GEOQUERY 250 corpus, we can compare our
initial results to several machine learning approaches [T6IRIGITTITE], an approach
based on light annotation [I4] and an authoring approach over Microsoft’s En-
glishQuery product (described in [14]).

In comparing our results with machine learning approaches, we focus on re-
sults obtained after 120 minutes of effort. Since our informal finding of 2 minutes
preparation time for each query in the training set, we thus focus on results with
training sets of size 60. The results for such small training sets are not very
strong. For example the accuracy of A-WASP, the latest and currently best per-
forming system developed by the group at the University of Texas, appears to be
slightly under 50% with 60 queries in the test set (precision was slightly under
80%, thus in our terminology recall was approximately 60%). In our experiments
subjects average slightly under 80% correctness after 120 minutes of authoring
with an average precision of 86%. Also of interest is to look at asymptotic results
when training samples grow to essentially unbounded size. In these cases, ma-
chine learning results are much stronger. The asymptotic precision of A-WASP
appears to be approximately 91.95% with an accuracy of 86.59%, yielding, in
our terminology a recall of 94%. Another machine learning experiment over a
relaxed-CCG approach obtained similar results [I§].

Our comparisons with machine learning approaches highlight a bootstrapping
weakness that if overcome would probably make machine learning approaches
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dominant. The weakness is of course the cost of obtaining the corpus of natural
language/logical expression pairs. Mooney talks briefly about an approach to
this problem for simulated environments where descriptions in natural language
are paired with formal representations of objects and events retained from the
simulation [I3]. He suggests simulated RoboCup where a commentator describes
game events as an interesting test-bed. Our proposed approach, focussed as it is
on just NLIs to databases, envisions authors making equality statements between
natural language queries. For example one may assert that “What are the states
through which the Longest river runs” means “states with the longest river”. If
the system is able to obtain a correct parse of the second query, it can associate
that with the earlier natural language question and use this as a basis to induce
extra lexical rules that make the NLI more robust. Although our approach always
requires some initial bootstrapping before such machine learning can engage,
this paper has shown that the labor involved in such bootstrapping can be of
reasonable cost. The thesis is that in the long run this will lead to systems
approach 100% precision and recall for the queries that are issued to the syste

PRECISE[T4] is a system based on light annotation of the database schema
that was tested over the GEOQUERY 250 corpus. PRECISE reduces seman-
tic analysis to a graph matching problem after the schema elements have been
named. Interestingly the system leverages a domain independent grammar to ex-
tract attachment relationships between tokens in the user’s requests. The PRE-
CISE work identifies a class of so called semantically tractable queries. Although
the group did not publish the actual configuration times, they presumably cor-
responded to the naming phase and thus were rather short durations. We will
forgo a discussion of the so called semantically tractable queries class and take at
face value the claim that they achieved 100% precision and 77.5% recall, yielding
a correctness of 77.5%. For such little configuration this is an impressive result
and over very simple databases with a stream of very simple queries this may
be adequate. However experience tells us that users do actually ask somewhat
complex queries at times and they will be frustrated if told that their queries
are not semantically tractable and must be rephrased or abandoned.

The PRECISE group reported a side experiment in which a student took
over 15 hours to build a GEOQUERY 250 NLI using Microsoft’s EnglishQuery
tool. The resulting system achieved rather poor results for such an expensive
effort — approximately 80% precision and 55% recall, yielding a correctness of
approximately 45%. Our limited experience with the Microsoft English query
tool was rather frustrating as well, but it would be interesting to repeat this ex-
periment and also see how other commercial systems such as Progress Software’s
EasyAsk and Elfsoft’s ELF fare.

It should be noted that historically, transportable systems (e.g.,[7]) arose as a
proposed solution to the high configuration costs of NLIs to databases. The idea
is to use large scale domain-independent grammars, developed in the linguistics
community, to map user requests to intermediate logical form. Using translation

2 This does not address larger issues such as the limitations of the underlying formal
language nor users querying for information outside the scope of the database.
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knowledge, the logical form is then translated to a logical query expressed in
the vocabulary of the relations of the actual database. Hence building an in-
terface over a new database requires supplying a set of domain-specific lexical
entries and the specification of translation knowledge, but does not require new
linguistic syntax rules to be defined. A serious problem with the transportable
approach however, is that it requires a deep understanding of the particular
logical form employed to specify working and robust translation knowledge to
the actual database tables in use. Considering the knowledge and tastes of the
average technical worker, one wonders how well this can be supported. This said,
some very interesting work has recently taken up the transportable approach for
authoring NLIs over OWL and F-logic knowledge-bases [4]. Like this work, that
work assumes very little computational linguistics knowledge on the part of the
person who builds the natural language interface.

The system DUDE[J] presents an easy to use authoring interface to build
dialogue systems. The back-end database is essentially a universal relation with
relatively simple slot filling queries, but the authoring method is elegantly direct
and results are sufficient for many practical applications.

7 Conclusions

This paper has presented a state-of-the-art authoring system for natural lan-
guage interfaces to relational databases. Internally the system uses semantic
grammars encoded in \-SCFG to map typed user requests to an extended vari-
ant of Codd’s tuple calculus which in turn is automatically mapped to SQL.
The author builds the semantic grammar through a series of naming, tailoring
and defining operations within a web-based GUI. The author is shielded from
the formal complexity of the underlying grammar and as an added benefit, the
given grammar rules may be used in the reverse direction to achieve paraphrases
of logical queries (see [11]).

Using the GEOQUERY 250 corpus, our results are compared with contempo-
rary machine learning results and approaches based on light annotation. Our
initial experimental evidence shows quick bootstrapping of the initial interface
can be achieved. Future work will focus on more complete evaluation and exper-
imentation with more comprehensive grammatical frameworks (e.g. CCG [15]),
especially under regimes that enable enhanced robustness [I8]. Future work will
also explore hybrid approaches using initial authoring to bootstrap NLIs, fol-
lowed by interactive machine learning that, applied in the limit, will edge such
NLIs toward 100% precision and recall.
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Abstract. This paper presents the results of a feasibility study for a
bootstrapping natural language database query interface which uses nat-
ural language generation (NLG) technology to address the interpretation
problem faced by existing NLIDB systems. In particular we assess the
feasibility of automatically acquiring the requisite semantic and linguis-
tic resources for the NLG component using the database metadata and
data content, a domain-specific ontology and a corpus of associated text
documents, such as end-user manuals, for example.

1 Introduction

This paper presents the results of a feasibility study for bootstrapping a natural
language database query interface which uses natural language generation (NLG)
technology to address the interpretation problem faced by existing NLIDB sys-
tems. The query system presents the user with an interactive natural language
text which can be extended and amended using context sensitive menus driven
by Conceptual Authoring. Using NLG to allow the user to develop the query
ensures accuracy and clarity. When the user submits the query the semantic
representation is transformed into a valid SQL statement. A detailed discussion
of the technology and an evaluation which showed the system to be a reliable
and effective means for domain experts to pose complex queries to a relational
database is presented by Hallett et al. [T].

While this approach delivers clear benefits, they come at a cost; domain ex-
pertise is required to construct the semantic resources, linguistic expertise is
required to map this domain knowledge onto the language resources, and knowl-
edge of the database structure is needed to map it onto a valid query structure.
Our proposed solution is for the system to infer the resources and mappings
required from a domain ontology, the database metadata and data content and
a corpus of domain-specific texts. The feasibility study reported in this paper
demonstrated that we can, in principle, infer the required resources from a sim-
ple, highly normalised database with well-formed lexical descriptors such as MS
Northwind or Petstore. However, it also highlighted the need to couple metadata
mining with analysis of external sources of information.

1.1 Related Work

Providing user-friendly query interfaces for casual and non-specialist users, which
alleviate the need for programmatic knowledge is a central problem for the data
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querying community. Whether these interfaces are form-based, visual, or natural
language-based, knowledge about the data source structure and content is es-
sential to the construction of intuitive interfaces. Traditionally, natural language
interfaces to databases (henceforth, NLIDB) work in two steps:

— query interpretation: a natural language query entered by the user is parsed
into a logical representation

— query translation: the logical representation of a query is mapped to a
database querying language

It is evident that the query interpretation process requires both extensive linguis-
tic resources for understanding the query, whilst the query translation step re-
quires semantic resources for mapping query terms to database entities. In early
NLIDBs, these resources (such as semantic grammars and lexicons) were created
through an extensive manual process, resulting in heavily database-dependent
systems.

The issue of interface portability was first highlighted in the early 1980’s, and
the fact that database schemas could be used to acquire domain knowledge has
been exploited in systems such as co-0OpP [2] and INTELLECT [3]. These systems
also demonstrated that a modular architecture might allow query interfaces to
be ported without code changes. Although these systems made some use of the
database schema to map query terms to database entities, porting the interface
to a new database still required extensive reworking of the lexicon, although the
introduction of generic linguistic front-ends, in which the query interpretation
stage is independent of the underlying database (see [4]), reduced the impact.
Current NLIDB systems employ a variety of machine learning techniques in order
to infer semantic parsers automatically [Bl6] or to improve syntactic parsers with
domain specific information [7]. However, these systems require large sets of
annotated SQL queries for training purposes. The PRECISE system [§] employs a
semantic model in order to correct and enhance the performance of a statistical
parser, and so requires far less training data. Customization of the semantic
model remains an issue, and the system is restricted to a set of semantically
tractable queries, which impairs coverage.

1.2 Query Interfaces Based on Conceptual Authoring

Conceptual Authoring (CA) using NLG [9] has been employed as an alternative to
natural language input in order to remove the query interpretation step [IJI0].
In querying systems based on CA, the query is constructed incrementally by
the user, through successive interactions with a natural language text (termed
feedback text). Changes to the feedback text directly reflect underlying changes
to the semantic content of the query; so whilst the user is always presented with
a natural language text, the query is always encoded in a structured internal
representation. CA has been used successfully in building query interfaces [TJ10]
with evaluation showing positive user feedback and a clear preference over using

sqQL [T].
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The feedback text shown in Figure 1 represents a simple SELECT query against
the Orders table of the MS Northwind database, expressed by the SQL query in
Figure 2. The words in square brackets are anchors and represent sites where the
user can reconfigure the query; for example by changing a literal value, setting
an aggregate function, removing a selection criterion or adding further criteria
or ordering conditions.

List orders which

- were processed by [any employee]

- conisted of [total freight]

- were shipped between [1/4/97] and [3/31/98]
- [further criteria] ordered by [total freight]

Fig. 1. A sample feedback text query

SELECT Orders.EmployeelD, Sum(Orders.Freight) AS Shipping
FROM Orders

WHERE Orders.ShippedDate Between #4/1/1997# And #3/31/1998#
GROUP BY Orders.EmployeelD

ORDER BY Sum(Orders.Freight) DESC;

Fig. 2. The sqQL produced by the query represented in Figure 1

2 Feasibility Study

In a previous attempt [11]], we investigated the possibility of inferring some basic
resources automatically, however this attempt did not reach far enough and it
also resulted in relatively clumsy natural language queries. In this section we pro-
vide a high level summary of a recent feasibility study undertaken by the authors;
a more complete discussion is presented in an auxiliary technical report [12].

The feasibility study focused on a prototype which is a modified version of a
previous CA-based query interface [I]. We leave the task of inferring the domain
ontology to others [I3], and focus on the inferencing of the resources required
by the NLG system. The prototype receives as input a model of the database
semantics and a domain ontology, and it automatically generates some of the
components and resources that in previous Conceptual Authoring querying sys-
tems were constructed manually, along with a module which translates the user-
composed query into SQL . The resulting query system provides a user interface
based on a feedback text (see Section [[2) which is generated by the query sys-
tem from a semantic graph. User interaction with the feedback text results in
changes to the underlying semantic representation and a new feedback text is
generated to update the display. When the query is run the underlying repre-
sentation is converted to SQL using the model of the database semantics from
which the query interface system was inferred.
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Table 1. Evaluation results

Petstore Northwind
Actual|ldentified |Accuracy|Actual|Identified|Accuracy
Entities 28 28 100% 49 49 100%
Relations 30 28 93.3% 61 61 100%
Entity lexical desc |28 22 78.5% 49 49 100%
Relation lexical desc |30 20 5% 61 33 54%
Entity part-of-speech|30 30 100% 49 49 100%
subcat frames 30 20 5% 61 33 54%

Although the system is supplied with a domain ontology it still needs to
analyse the structure of the database to support the mapping from the seman-
tic model to syntactic and lexical resources. The metadata analysis focused on
the following elements as described in the SQL-92 Information Schema: Domain
Descriptors (§4.7), Column Descriptors (§4.8), Table Descriptors (§4.9), and Ta-
ble and Domain Integrity Constraints (§4.10). Since both sample databases are
highly normalised a simplistic approach in which tables are identified as kernel
entities and their columns are represented as properties was productive, and
foreign key definitions sufficed to infer associations between kernel entities. In
commercial databases, in the authors’ experience, the system would need to lo-
cate inner associative entities, and although Query Expression metadata from
derived tables and view definitions would aid this process it would be unlikely
to prove sufficient. We propose to address this problem by looking at related
metadata such as ERDs and ORM mappings.

The system also requires linguistic resources in order to represent the query as
text. Some linguistic resources, such as the grammar and lexicon, are reusable,
but the mappings from the ontology to the linguistic resources must be inferred.
For example, the system needs to choose an appropriate lexicalization for each
entity, and an appropriate syntactic frame and lexicalization for each association.
It also requires domain-specific semantic and linguistic resources to manage lit-
eral values, spatial and temporal modifiers and sub-language jargon. In the case
of the prototype, the identification of the lexical descriptors was made easier
due to the fact that both databases use clear and reliable column naming con-
ventions, a feature which could not be relied upon in a commercial database.
In future versions of the system we intend to use related corpora, such as user
manuals or domain-specific technical documentation, to support the inferencing
of semantic and linguistic resources and the generation of mappings between the
concepts in the domain ontology and the syntactic subcategorisations and lexical
anchors required to express them.

We evaluated the prototype using two sample databases, MS Northwind and
Petstore. The generated system had a coverage of 71.6% — 179 of 250 ques-
tions which could be asked of the database were supported by the interface. We
assessed the system’s ability to infer resources automatically by comparing the
resources constructed by the generator with a manually constructed NLIDB sys-
tem for each sample database. The results of this comparison are presented in
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Table[I and show that whilst resources that rely on database metadata can be
identified quite accurately, linguistic resources which are identified using heuris-
tics over textual metadata are less reliable.

3 Conclusions

Although the prototype made several simplifying assumptions about the nature
of the database, it serves as a proof of concept showing that simple inferenc-
ing techniques can achieve results, and highlights the areas where more complex
techniques are required (in particular, the identification of linguistic descriptions
for relations). However, it is not the case that automatic inferencing will always
be possible, and the limiting factors set out below may entail supervision, or
may even mean that no resources can be inferenced at all. Our future research
plans include extending the scope of our metadata analysis to include additional
sources of information, as discussed above, to address these limitations.

Structure and Normalisation

Codd [14] proposes an extension to the relational model (RM/T) to align it with
predicate logic. In this context he introduces the notion of ”property integrity”,
under which each entity is represented by a single-valued E-relation and its de-
pendent properties (or characteristics) are grouped into subsidiary P-relations.
Inferring semantic dependencies from a database normalised to this extent (to
4ANF') would be trivial; conversely, a data warehousing database with a flat struc-
ture and a large number of columns per relation might prove intractable.

Atomicity

Our task is made much easier if the entities within the database are represented
atomically; of course in practice this will seldom be the case as the entities
modelled by the database will have feature-based values which will be decom-
posed into column tuples. Whether or not the system can recognise these tuples
will depend on a variety of incidental database-specific factors. There are various
heuristics which we can throw at the problem, for example: using a domain ontol-
ogy; scanning query expressions in derived tables or cached queries for common
projections; analysing data content, and so on.

Nonetheless any relational database will almost certainly contain many non-
atomic characteristic entities and, unless it is in 4NF, it is highly unlikely that
they can all be recovered automatically. This is therefore an area where the sys-
tem will require supervision if it is to function effectively.

Lexicalisation and Symbolic Values

The process of mapping entities onto concepts in the domain ontology will often
involve string matching, either as part of the process of attempting to infer a
semantic class or as a fallback strategy. In some instances the column names will
be meaningful strings and there will also be string descriptions, in others there
may be little lexical information available at all. Similarly, the data values may
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be more or less tractable to the system; in particular if the data consists only of
symbolic values or field codes then we can infer very little about its meaning.

Metadata Quality

In practice we cannot rely on the quality of metadata in the field. For example,
we may encounter databases where foreign key information is not defined in
the metadata, it is simply known to developers, where columns are mislabelled,
for example due to merging of legacy data sets, where default values, unique
constraints and referential constraints are not formally encoded, and so on. In
such instances the system will be unable to infer the information required to
build the query engine.
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Abstract. This paper presents a real-time news event extraction system
developed by the Joint Research Centre of the European Commission.
It is capable of accurately and efficiently extracting violent and disaster
events from online news without using much linguistic sophistication. In
particular, in our linguistically relatively lightweight approach to event
extraction, clustered news have been heavily exploited at various stages
of processing. The paper describes the system’s architecture, news geo-
tagging, automatic pattern learning, pattern specification language, in-
formation aggregation, the issues of integrating event information in a
global crisis monitoring system and new experimental evaluation.

Keywords: information extraction, event extraction, processing mas-
sive datasets, machine learning, finite-state technology.

1 Introduction

In the last decade, we have witnessed an ever-growing trend of utilizing NLP
technologies, which go beyond the simple keyword look-up, for automatic knowl-
edge discovery from massive amount of textual data available on the Internet.

This paper reports on the fully operational event-extraction system developed
at the Joint Research Center of the Furopean Commission for extracting violent
event information and detection of natural and man-made disasters from on-
line news. The news articles are collected through the Internet with the Europe
Media Monitor (EMM) [I], a web based news aggregation system that collects
40000 news articles from 1400 news sources in 35 languages each day. Gathering
information about violent and disaster events is an important task for better un-
derstanding conflicts and for developing global monitoring systems for automatic
detection of precursors for threats in the fields of conflict and health.

Formally, the task of event extraction is to automatically identify events in
free text and to derive detailed information about them, ideally identifying Who
did what to whom, when, with what methods (instruments), where and possibly
why. Automatically extracting events is a higher-level information extraction
(IE) task which is not trivial due to the complexity of natural language and due
to the fact that in news articles a full event description is usually scattered over
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several sentences and documents. Further, event extraction relies on identifying
named entities and relations holding among them. Since the latter tasks can be
achieved with an accuracy varying from 80 to 90% [2], obtaining precision/recall
figures oscillating around 60% for event extraction (usually involving several
entities and relations) is considered to be a good result. Although a considerable
amount of work on automatic extraction of events has been reportecﬂ , it still
appears to be a lesser studied area in comparison to the somewhat easier tasks
of named-entity and relation extraction. Two comprehensive examples of the
current functionality and capabilities of event extraction technology dealing with
identification of disease outbreaks and conflict incidents are given in [3] and [4]
respectively. The most recent trends in this area are reported in [5].

In order to be capable of processing vast amount of textual data in real time
(as in the case of EMM) we follow a linguistically lightweight approach and ex-
ploit clustered news at various stages of processing ranging from pattern learning
to information fusion. Consequently, only a tiny fraction of each text is analyzed.
In a nutshell, our system deploys simple 1 and 2-slot extraction patterns on a
stream of geo-tagged and clustered news articles for identifying event-relevant en-
tities. These patterns are semi-automatically acquired in a bootstrapping manner
via utilization of clustered news data. Next, information about events scattered
over different documents is aggregated. Since efficient processing is a prerequisite
for being able to extract event information in real time, we have developed our
own pattern matching engine. The results of the core event extraction system
has been integrated into a real-world global media monitoring system. An evalu-
ation revealed acceptable accuracy and a strong application potential. Although
our applications center on the security domain, the techniques deployed in our
system can be applied in other domains, e.g., tracking business-related events
for risk assessment, humanitarian emergency prediction.

The rest of this paper is organized as follows. First, in Section 2 the architec-
ture of our live event extraction processing chain is described. Section Bladdresses
the issues of geo-tagging the news. The pattern acquisition technique and the
pattern matching engine are presented in Section Fl Next, Section [l elaborates
on information fusion. Section [6] addresses integration of the event extraction
in a global monitoring system. Some evaluation figures are given in Section [1
Finally, we give a summary and future directions in Section

2 Real-Time Event Extraction Process

This section briefly describes the real-time event extraction processing chain,
which is depicted in Figure [l First, before the proper event extraction process
can proceed, news articles are gathered by dedicated software for electronic me-
dia monitoring, namely the EMM system [I], which regularly checks for updates
of news articles across multiple sites. Secondly, the input data is geo-tagged,

! The research in this area was pushed forward by the Message Understanding Confer-
ences (http://www.itl.nist.gov/iaui/894.02/related /projects/muc) and by the ACE
(Automatic Content Extraction) program (http://projects.ldc.upenn.edu/ace).
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categorized and grouped into news clusters, ideally including documents on one
topic. For each such cluster the system tries to detect and extract only the main
event, analyzing all documents in the cluster.

EMM
NEXUS

Geo- . Text Pattern
|| tagging d‘ ‘QCIustenngi) Processinglz> Matching

iy

Information =
Aggregation

Fig. 1. Real-time event extraction processing chain

Next, each cluster is processed by NExUS (News cluster Event eXtraction
Using language Structures), our core event extraction engine, which for each de-
tected violent event produces a frame, whose main slots are: date and location,
number of killed and injured, kidnapped people, actors, and type of event. In an
initial step, each document in the cluster is linguistically preprocessed in order to
produce a more abstract representation of the texts. This encompasses the follow-
ing steps: fine-grained tokenization, sentence splitting, named-entity recognition
(e.g., people, numbers, locations), simple chunking, labeling of key terms like
action words (e.g. kill, shoot) and unnamed person groups (e.g. five civilians).
The aforementioned tasks are accomplished by CORLEONE (Core Linguistic
Entity Online Extraction), our in-house core linguistic engine [6], which is an
integral part of NEXUS.

Once texts are grouped into clusters and linguistically preprocessed, the pat-
tern engine applies a cascade of extraction grammars on each document within
a cluster. Noteworthy, the extraction patterns are matched against the first sen-
tence and the title of each article. By processing only the top sentence and the
title, the system is more likely to capture facts about the most important event in
the cluster. For creating extraction patterns we apply a blend of machine learn-
ing and knowledge-based techniques. Contrary to other approaches, the learning
phase exploits clustered news, which intuitively guarantees better precision.

Finally, since information about events is scattered over different articles, the
last step consists of cross-document cluster-level information fusion, i.e., we ag-
gregate and validate information extracted locally from each single article in the
same cluster via utilization of various information aggregation techniques. In
particular, victim counting, semantic role disambiguation and event type classi-
fication are performed at this stage of the processing.

The output of NEXUS constitutes input for a global monitoring system. The
core event-extraction engine is triggered every 10 minutes on a clustering system
that has a 4 hour sliding window in order to keep up-to-date with most recent
events. The more thorough description of the geo-tagging, pattern acquisition,
our pattern engine, and information fusion follows in the subsequent sections.
The data gathering and clustering is addressed in [IJ.
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3 Geo-Tagging and Clustering

Homographs pose a well-known problem in the process of geo-tagging news ar-
ticles [7]. In particular, words referring to place names may: (a) occur as person
names (e.g., Tony and Blair are towns in USA and Malawi resp.), (b) occur
as common words (e.g., This is a village in France), and (c) refer to different
locations (e.g., there are 12 places named Paris). Additional complicacies are
caused by inflection and names referring to reporting location.

First, the problem in (a) is solved via removing from the text names of known
people and organisations. Next, a multi-lingual gazetteer of place, province, re-
gion and country names is used to geo-match a list of candidate locations in the
news articles. In order to disambiguate homographs that are common words and
place names (see (b) and (c)), the traditional approach is to use language depen-
dent stop word lists. We use a different approach based on two characteristics
maintained in our gazetteer. The first characteristic classifies locations based
on their perceived size, such that capital cities and major cities have a higher
class than small villages. The second characteristic maintains the hierarchical
relation of place in its administrative located hierarchy (i.e., town, in province,
in region, in country). The disambiguation algorithm lets high class locations
pass through as well as locations that have a containment relation with other
candidate locations (e.g., Paris, Texas, USA).

In order to handle name inflection, names are maintained with their variants
encoded as a regular expression which is interpreted at match detection time.
Only matches, for which the language of the name and the article are compatible,
are maintained in the candidate location list. Next, a Newswire location filtering
is applied, where the word position of the candidate location is used to promote
locations occurring after an initial location since the Newswire location generally
appears earlier in the article. All the processing up to this point works on a single
news article where, depending on the reporting style, a number of candidate
locations could be produced. The final location is then selected by scoring all
the occurrences of all locations in the articles that compose the cluster.

4 Pattern Learning and Matching

4.1 Pattern Acquisition

While in the past IE systems used patterns created by human experts, state-
of-the-art approaches use machine learning (ML) algorithms for their acqui-
sition [8l9]. However, ML approaches are never 100% accurate, therefore we
manually filter out implausible patterns and add hand-crafted ones, where it is
appropriate.

Our pattern acquisition approach involves multiple consecutive iterations of
ML followed by manual validation. Learning patterns for each event-specific
semantic role (e.g. killed or kidnapped) requires a separate cycle of learning iter-
ations. The method uses clusters of news articles produced by EMM [I]. Each
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cluster includes articles from different sources about the same news story. There-
fore, we assume that each entity appears in the same semantic role (actor, victim,
injured) in the context of one cluster. The core steps of the pattern acquisition
algorithm are depicted in Figure 2

1. Annotate a small corpus with event-specific information, e.g., date, place, actors, affected
dead, etc. As an example consider the following two sentences:
a. <actor>Hezbollah< /actor>claimed the responsibility for the kidnapping of the
Israeli corporal.

b. <actor>Al Qaida < /actor>claimed the responsibility for the bombing which killed
<affected_dead> five people< /affected_dead>.

2. Learn automatically single-slot extraction patterns (see [I0]), e.g., the pattern
[ORGANIZATION] "claimed the responsibility" could be learned from both sentences,
where the entity filling the slot [ORGANIZATION] is assigned the role actor(perpetrator)

3. Manually check, modify and filter out low quality patterns. Eventually add new patterns.
If the size of the pattern set exceeds certain threshold (the desired coverage is reached)-
terminate.

4. Match the patterns against the full corpus or part of it. Next, entities which fill the
pattern slots and comply to the semantic constraints of the slot are taken as anchor
entities. If an anchor entity A (e.g., five people) is assigned a role R (e.g., affected_dead)
in the news cluster C, we assume with high confidence that in the cluster C entity
A appears mostly in the same role R. Consequently, annotate automatically all the
occurrences of A in C with the label R, e.g., in our example all the occurrences of
five people in the cluster from which the second sentence originate will be labeled as
affected_dead.

5. Go to step 2.

Fig. 2. Pattern learning algorithm

This algorithm was run separately for killed, wounded, kidnapped and the other
semantic roles. The algorithm was run for no more than three iterations, since its
accuracy constantly degrades. An automatic procedure for syntactic expansion
complements the learning. This procedure accepts a manually provided list of
words which have identical (or nearly identical) syntactic model of use (e.g.
killed, assassinated, murdered, etc.) and then it generates new patterns from the
old ones by substituting for each other the words in the list. For example, if the
patterns X have been killed and X was murdered were learned, the syntactic
expansion procedure will generate X have been murdered and X was killed.
After single-slot patterns are automatically acquired , we use some of them
to manually create 2-slot patterns like X shot down Y. A more comprehensive
presentation of the learning algorithm is given in [10].

4.2 Pattern Matching Engine

In order to guarantee that massive amounts of textual data can be digested in
real time, we have developed ExXPRESS (Extraction Pattern Engine and Spec-
ification Suite), a highly efficient extraction pattern engine [T1], which is capable
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of matching thousands of patterns against MB-sized texts within seconds. The
specification language for creating extraction patterns in ExXPRESS is a blend of
two previously introduced IE-oriented grammar formalisms, namely JAPE (Java
Annotation Pattern Engine) used in the widely-known GATE platform [12] and
XTDL, a significantly more declarative and linguistically elegant formalism used
in a lesser known SPROUT platform [13].

An EXPRESS grammar consists of pattern-action rules. The left-hand side
(LHS) of a rule (the recognition part) is a regular expression over flat feature
structures (FFS), i.e., non-recursive typed feature structures (TFSE without
structure sharing, where features are string-valued and unlike in XTDL types
are not ordered in a hierarchy. The right-hand side (RHS) of a rule (action part)
constitutes a list of FFS, which will be returned in case LHS pattern is matched.

On the LHS of a rule variables can be tailored to the string-valued attributes
in order to facilitate information transport into the RHS, etc. Further, like in
XTDL, functional operators (FO) are allowed on the RHSs for forming slot
values and for establishing contact with the ‘outer world’. The predefined set
of FOs can be extended through implementing an appropriate programming
interface. FOs can also be deployed as boolean-valued predicates. These two
features make EXPRESS more amenable than JAPE since writing 'native code’
on the RHS of rules (common practice in JAPE) has been eliminated. Finally,
we adapted the JAPES feature of associating patterns with multiple actions, i.e.,
producing multiple annotations (eventually nested) for a given text fragment.
Noteworthy, grammars can be cascaded. The following pattern for matching
events, where one person is killed by another, illustrates the syntax.

killing-event :> ((person & [FULL-NAME: #namell]):killed
key-phrase & [METHOD: #method, FORM: "passive"]
(person & [FULL-NAME: #name2]):killer):event
-> killed: victim & [NAME: #namel],
killer: actor & [NAME: #name2],
event: violence & [TYPE: "killing", METHOD: #method, ACTOR: #name2,
VICTIM: #namel, ACTOR_IN_EVENTS: inHowManyEvents (#name2)]

The pattern matches a sequence consisting of: a structure of type person
representing a person or group of persons who is (are) the victim, followed by a
key phrase in passive form, which triggers a killing event, and another structure
of type person representing the actor. The symbol & links a name of the FFS’s
type with a list of constraints (in form of attribute-value pairs) which have to
be fulfilled. The variables #namel and #name2 establish bindings to the names of
both humans involved in the event. Analogously, the variable #method establishes
binding to the method of killing delivered by the key-phrase structure. Further,
there are three labels on the LHS (killed, killer, and event) which specify the
start /end position of the annotation actions specified on the RHS. The first two
actions (triggered by the labels killed and killer) on the RHS produce FFS
of type victim and actor resp., where the value of the NAME slot is created via
accessing the variables #namel and #name?2. Finally, the third action produces an

2 TFSs are widely used as a data structure for NLP. Their formalizations include
multiple inheritance and subtyping, which allow for terser descriptions.
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FFS of type violence. The value of the ACTOR_IN_EVENTS attribute is computed
via a call to a FO inHowManyEvents () which contacts some external knowledge
base to retrieve the number of events the current actor was involved in the past
(such information might be useful in the context of global monitoring systems).

We have compared the run-time behaviour of EXPRESS against the other
two pattern engines mentioned earlier. For instance, matching the violent-event
extraction grammar (consisting of ca. 3100 extraction patterns) against various
news collection of over 200 MBs can be executed from 12 to 25 times faster than
the corresponding X TDL grammar, which has been optimized for speed. A more
thorough overview of the techniques for compiling and processing grammars as
well as the entire EXPRESS engine is given in [T1].

5 Information Aggregation

Our event extraction system firstly deploys linear patterns in order to detect
entities and their semantic roles in each news cluster. Next, the single pieces of
an information are merged into event descriptions via application of information
aggregation algorithm. This algorithm assumes that each cluster reports at most
one main event of interest. Three main aggregation steps can be distinguished:

Semantic Role Disambiguation: If one and the same entity has two roles
assigned, a preference is given to the role assigned by the most reliable group
of patterns, e.g., 2-slot patterns like X shot down Y are considered the most
reliable. Regarding the 1-slot patterns, the ones for detection of killed, wounded,
and kidnapped are considered as more reliable than the patterns for extraction
of the actor (perpetrator), the latter one being more generic.

Victim counting: An important part of the information aggregation algorithm
is counting the victims involved in an event. It is subdivided into two stages:
(a) calculating the estimates for the numbers of killed, wounded and kidnapped
locally for each single news article, and (b) using the estimates calculated in (a)
computing the corresponding cluster-level estimates.

Article-Level victim number estimation: One article may refer to different
noun phrases (NP) from which the number of the victims could be derived, e.g.,
in: ‘Two civilians died in the clashes and one policeman died later in the hospi-
tal.” there are two NPs which refer to victims (two civilians and one policeman).
The numbers to which these NPs refer (one and two) has to be added in order
to obtain the total number of the victims. In other cases, an inclusion relation
between entities might exist, e.g., ‘Two women were killed; four civilians lost
their lives in total (two women are part of four civilians). Consequently, the
number in the NP, which refers to a more generic concept is chosen. To make
such a reasoning feasible, we created a small taxonomy of NPs which refer to
people and which frequently occur in the news articles when violent events and
disasters are reported. The victim counting algorithm is depicted in Figure
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1. Extract from a news article a set of NPs E = {Ey, Ea, ..., E,}, which refer to individuals
or groups with definite number of people and which have certain semantic role.

2. Map each E; to a concept from the ontology using a list of keyword-taxonomy mappings
(we denote it as conc(E;)). As an example consider the text One journalist was beaten
to death and two soldiers died in the clashes in which four civilians lost their lives
in total. Three NPs referring to killed people would be extracted: one journalist,
two soldiers and four civilians, and mapped to the taxonomy categories journalist,
serviceman, civilian.

3. Delete each E; from E, if there exist E; € E such that conc(E;) is-a conc(E;), i.e.,
conc(E;) is a direct or indirect successor of conc(Ej) in the taxonomy. In this manner
only the most generic NPs are left in E. In our example we may identify one such
relation, namely, journalist is a civilian, therefore we delete the NP one journalist from E.

4. Sum up the numbers reported from the NPs in E. In our example we have to sum up the
numbers from the phrases four civilians and two soldiers (four and two).

Fig. 3. Aricle-level victim counting algorithm

Cluster-level victim number estimation: Finding this number is not al-
ways straightforward, since different news sources might report on contradictory
information about the number of killed, wounded and kidnapped. We use an
ad-hoc technique for computing the most probable estimation for these num-
bers. It finds the largest group of numbers which are close to each other and
subsequently finds the number closest to their average. After this estimation
is computed, the system discards from each news cluster all the articles whose
reported victim numbers significantly differ from the estimated numbers for the
whole cluster.

Event type classification: Whenever possible, we assign a class label to the
detected violent event or disaster. Some of the most used event classes are Terror-
st Attack, Bombing, Shooting, Air Attack, ManMadeDisaster, Floods, etc. The
classification is based on a blend of keyword matching, taxonomy and domain
specific rules. The classification algorithm is depicted in figure @l

In order to clarify the step 2 of the algorithm consider a text in which the
words: blast, explosion and bombing appear. The first two will give a score of
two for the type Fzplosion and the third one will give a score of 1 for the
type Bombing. Since Bombing is a kind of FExplosion and the text does not
refer to other sub-types of Ezplosion the score for Bombing will be boosted
by adding the score for Fzplosion. Consequently, Bombing would obtain the
highest score (3). As an example of a domain-specific rule, consider the following
one: if the event description includes named entities, which are assigned the
semantic role kidnapped, as well as entities which are assigned the semantic role
released, then the type of the event is Hostage Release, rather than Kidnapping
even if the later type got a higher keyword-based score. If the event refers to
kidnapped people and at the same time the news articles contain words like video
or videotape, then the event type is Hostage Video Release. The latter rule has a
higher priority, therefore it impedes the Hostage Release rule to fire erroneously,
when release of hostage video is reported. Another rule is that if more than half of
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the news articles in a cluster contain constructions like arrested PERSON, nabbed
PERSON, etc., then the type of the event is Arrest, even if another event type
obtains higher keyword score. This rule comes into play, when the arrest of some
criminal or terrorist is reported together with the crimes for which he or she is
arrested. The reference to the crime in such cases may erroneously trigger violent
event type which refer to the specificity of the crime, for example Shooting,
Robbery, TerroristAttack, etc. This rule prevents such erroneous classifications
and correctly classifies the event as Arrest.

1. For all types in T' = {T1,T>,...,Tx} compute a rank (rank(T)) based on a number of
occurrence of keywords related to that type. For each event type a dictionary of specific
keywords have been created semi-automatically.

2. Boost the the rank of type T4 if the following holds: rank(Ty) > 0 and there exists T> with:
(a) rank(T2) > 0, (b) T} is-a T> and (c) there is no other type T; which does not subsume
T1 and T; is-a T». If the condition holds, then set rank(Ty) = rank(Ty) + rank(T2) (the
score of the more generic type is added to the score of the more specific one). The logic
behind this step is that when some event takes place, it can be referred to at different
levels of abstraction and the most specific reference should be preferred, since it is the
most informative.

3. Select the type T; for which rank(T;) > rank(T;) for all other T; unless a domain-specific
event type classification rule can be applied. These rules have higher precedence over the
ranking and were introduced based on empirical observations.

Fig. 4. Event type classification

The information aggregation algorithm has some limitations. In particular, it
considers only one main event per news cluster, ignoring events of lower impor-
tance or incidents subsumed by the main event. In the security related domain
it is often necessary to detect links between events, e.g., a kidnapping typically
includes capturing a hostage, a statement and a video release by the kidnappers,
in which they declare what they want to liberate the abducted person, police
action to liberate the hostage, and finally his/her liberation. Currently, these
events are detected separately and they are not merged into one complex event.

6 Support to Global Crisis Monitoring

The general end user requirements for Global Monitoring emerge from two differ-
ent contexts, namely situation rooms and actors in the field. The former generally
require large graphical displays showing geographical and related territorial in-
formation, alerting functionality like audio alarms, zooming to new events, fast
indication of the gravity and typology of the event. Actors in the field also have
the similar functional requirements, in addition, they might require the possibil-
ity to have universal access without the need to download or install dedicated
client software applications. A third but nonetheless important end user is a web
service that consumes the event data for further integration.
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Real Time violent Event Clusters
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Fig. 5. Event visualization in Google Earth (To see open Google Earth with KML:
http://press.jrc.it/geo?type=event&format=kml&language=en)

Table 1. Event Extraction Performance

Detection task Accuracy (%)|Detection task Accuracy (%)
Dead counting 70|Geo-tagging (country) 90
Injured counting 57|Geo-tagging (place name) 61
Event classification 80

There are two emerging standards for integrating and transmitting geo-located
data to Web-based clients: Geographical Simple Syndication (GeoSS) (http://
www.georss.org) supported by a number of map based visualization clients (e.g.,
GoogleMaps and GoogleEarth), an a proprietary format Keyhole Markup Lan-
guage (KML) (http://code.google.com/apis/kml) supported directly by
GoogleMaps and GoogleEarth. KML allows style information to be included
in the markup of the information transmitted. We support both standards.

A major issue to address is the handling of multiple events occurring at the
same location. We decided that we create geo-clusters where the single events
are combined into the detail of the cluster as a list ordered by individual event
gravity, which is calculated as the sum of victims prioritized by deaths then
injuries and finally kidnappings. The magnitude of the geo-cluster can be cal-
culated analogously. The content of the RSS/KML follows as much as possible
each standard, e.g., the title is the location, the description has 2 main parts,
one is textual — the location hierarchy (location, province, region, country) and
the other is an embedded description of all the events in the geo-cluster as a list.

We developed two applications in order to support Global Crisis Monitoring.
One is a dedicated Web Page using the Google Maps API, which is accessible
at (http://press.jrc.it/geo?type=event&format=html&language=en). The sec-
ond uses the Google Earth desktop application (see Fig. []). Both applications
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support: event zooming, event type and gravity indication, showing related ter-
ritorial information, whereas audio alarms are only supported by the first one.

7 Evaluation

An evaluation of the event extraction performance has been carried out on 94
English-language news clusters based on news articles downloaded on 1st and
7th of April 2008. 30 violent events and disasters were described in these clus-
ters. Our system detected 23 out of these 30 violent event descriptions (77%
coverage). In some cases several clusters referred to the same event. We con-
sider that an event is detected by the system, if at least one cluster referring
to it was captured. Our system detected 31 news clusters as referring to vio-
lent events and disasters. 23 out of these 31 detected events were violent events
and disasters (74% precision). Table [l shows the accuracy of the performance
of the victim counting, classification and geo-tagging. For each single task, the
fraction of the news clusters is given, for which a correct result was returned.
The evaluation shows that event classification and country-level geo-tagging have
relatively high performance. Victim counting and place-level geo-tagging need
further improvement. Currently, coordinate phrases like two civilians and a sol-
dier are not captured. Therefore in some cases the number of the victims can
be underestimated. An important issue is the situation in which two different
incidents are reported as a part of one event. For example, a terrorist attack
might include bombing and shooting. In such cases our system will assign one
label to the whole event, where two labels are relevant.

8 Conclusions and Future Directions

We have presented real time event extraction from on-line news for global crisis
monitoring, which has been fully operational 24/7 since the December 2007H
In particular, we introduced NEXUS — which performs cluster-level information
fusion in order to merge partial information into fully-fledged event descriptions.
The results of the evaluation on violent event extraction show that NEXUS can
be used for real time global crisis monitoring. All the text core processing tools,
which we use, are based on finite-state technology in order to fulfill the require-
ments of a real-time text processing scenario.

In order to improve the quality of the extracted event descriptions, several
system extensions are envisaged. Firstly, some improvement of the event clas-
sification is planned, i.e., we are working towards fine grained classification of
natural and man made disasters. We also plan to improve the classification ac-
curacy for the violent events. Secondly, we aim at multilingual event extraction
and crisis monitoring (Romance and Slavonic languages). This is feasible, since

3 We are indebted to our colleagues without whom the presented work could not have
been be possible. In particular, we thank Erik van der Goot, Ralf Steinberger, Bruno
Pouliquen, Clive Best, Jenya Belyaeva and other colleagues.
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our algorithms and grammars are mostly language independent. Finally, a long-
term goal is to automatically discover structure of events and relations between
them, i.e., discovering sub-events or related events of the main one.
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Abstract. In this paper, we propose a sophisticated technique for topic
identification of documents based on event sequences using co-occurrence
words. Here we consider each document as an event sequence, each event
as a verb and some words correlated with the verb. We propose a new
method for topic classification of documents by using Markov stochastic
model. We show some experimental results to examine the method.

Keywords: Topic Classification, Markov stochastic model.

1 DMotivation

Recently there have been a lot of knowledge-based approaches for documents,
and much attention have been paid on classification techniques of documents.
Generally in the classification we assume each document is translated into a
vector and compared cosine-based similarity with each other based on vector-
space model.

However, document contents depend heavily on temporal aspects, such as
accidents or affairs in news papers, and we can’t identify them directly by vector-
space modeling approach. This is because that we construct vectors by using set
of words but not by sequences of words. It seems desirable to model documents
based on sequences to classify them for these contents. In this investigation, we
consider a sequence of news articles about a particular affair as one document.
Our main purpose is targeted for topic classification of these affairs in documents.

Certainly one of the typical approach to tackle with the problem is Topic
Detection and TrackingiTDTj[1]. In TDT, a topic is characterized as a sequence
of events. By an event we mean an individual fact that can be identified in a
spatio-temporal manner. Event tracking tasks in TDT contain classification of
documents describing events. In this investigation, we consider sequence of event
as one affair, and classify them based on event transition.

Here we propose a new and sophisticated technique for the classification of
event sequence in documents by using Markov stochastic process. We have dis-
cussed HMM approach over a collection of news articles so far[5]. Generally, in
each sentence in Japanese, the last verb can be seen as a predicate of the sen-
tence. Using this property we can believe a fact that in the first paragraph in
each news article, the last verb provides with a summary of the article. And
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we consider the verb as an output symbol in Hidden Markov Model (HMM). We
have shown HMM plays as an excellent classifier to the documents. On the other
hand, sometimes this causes oversimplified situation to describe events. In this
investigation, we put our attention on co-occurrence words with verbs and con-
sider them as characteristic features of events to classify news documents more
precisely.

In Barzilay[2], they discuss how to model documents using stochastic process
approach. They estimate structure of documents by HMM with 2-gram syntax
as an output. Compared to the approach, we put our focus on estimating topic
structure and there is no direct relationship. In another approach [4], they ex-
amine what’s going on in specific documents (transcription of cooking courses
on TV program) based on HMM. However they focus on single topic (cooking
single cuisine) and no general discussion on concurrent multiple topics.

In this work, we discuss classification issue of topics based on event sequences
in section 2. In section 3 we review Markov stochastic model and we develop
the classification technique using the stochastic model in section 4. Section 5
contains experimental results. We conclude our discussion in section 6.

2 Identifying Event Sequences

First of all, let us describe how we classify event sequences (considered as affairs).

In this investigation, we define two topics are similar if two sequences of
events are similar. For example, given two different murder cases in Tokyo and
Kyoto, we can say they are similar although they occurred in distinct cities, at
different times, by distinct offenders. This is because there happen similar event
sequences, such as ”someone was killed’, ” suspecious person was wanted’ and
" police arrested offender”.

Let us illustrate our approach in a figure [l We give a series of news articles
describing a case of murder, and they are arranged in a temporal order. In
the right side of the figure [Il, we show a sequence of events in this affair. By
going through the articles, we see an event that some guy was found dead. Then
police examines and finds some hints about one suspicious person, and finally the
person is arrested. These are all the events that constitute a topic of this murder.

A ease of Murder topic A case of Suicide topic
On July 25, Mr. XX student in university was

found dead in his home.

About the death of Mr. XX, it turned out that the
missing acquaintance had borrowed money from BMr
XX

About the death of Mr. EX, on July 25, police have
arrested r. TY with the suspicion of the murder.

Investigation by Folice

Person Arrested

Document Sequence of Event

Fig. 1. Identifying Topics from Documents
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Clearly the event sequence depends on the characteristics of murder story. For
instance, in a case of a suicidal act, we might have a different sequence: some
guy was found dead but considered as a suicide, and the person is traced to the
origin. In a case of suicide, the suspicious might commit suicide, but it is not
common as a suicidal act since some other guy had been found dead. We can
say that the two sequences are not similar with each other, and that a murder
case carries its own pattern of an event sequence (or sequences).

Because every topic carries own pattern of event sequences, we believe we can
estimate topics in documents and identify them.

3 Markov Stochastic Model

In this section we introduce Markov stochastic model to identify topics. A
stochastic automaton is nothing but an automaton with output where both the
state transition and the symbol output are defined in a probabilistic manner.
This framework is similar to Hidden Markov Model, but in this investigation
states are not hidden. We consider the states as verb, and the output symbols
as co-occurrence words of verb in documents. For instance, looking at a sen-
tence police started a search, we extract the verb start as a state, and the
symbols police and search as output symbols.
Our stochastic model consists of (Q, X, A, B, 7) defined below:

(1) @ ={q1, - -,qn} is a finite set of states

(2) ¥ = {01, -+,0nm} is a family of output symbols where each o, means a
subset of V, i.e., ¥ C 2V,

(8) A={a;j,i,j =1,..., N} is a state transion matrix of state transition where
each a;; means a probability of the transition at ¢; to ¢;. Note a;1 +...+ain =
1.0.

(4) B = {bi(or),t = 1,...,N,t = 1,..., M} is a probability of outputs where
bi(o;) means a probability of an output o, at a state ¢; and b;(01) + ... +
bi(onr) = 1.0. Since o; consists of co-occurrence words and a verb may appear
with some words as co-occurrence, we should examine how to define b; (o).
That is, when oy = {04,1,0¢,2,- -+, 0|4 }, We define b;({04,1,0¢,2,- -+, 044 }) =
1, bi(os,x) for simplicity.

(5) m = {m;} is an initial probability where m; means a probability of initial
state g;.

Let us note that the probability matrix A shows the transition probability
within a framework of simple Markov model, witch means a next verb, say
arrest, arises in a probabilistic manner depending only on the current one,
start for instance. Similarly the output symbols police, search appear de-
pending only on the current verb start.

When we obtain models, we should obtain the transition probability matrix
A, the output probability B and the initial probability =. In this approach, we
assume training data for each topic and we take supervised learning to calculate
the model M. First, we extract sequence of states and output symbols from
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training data of the topic, then we count their frequencies and consider the
relative values as the probabilities.

Given Markov stochastic model M, we can calculate the probability of any
sequence. Formally, given a test document consisting of a verb sequence ¢ =
(q1,q2,- -+, qr) with the sequence of output symbols o = (01,09, -,0r), then a
Markov model M generates likelihood, i.e., the probability p(q,o|M) defined as
follows:

T—1
p(q,O\./\/l) = 7Tq1b111(01) t=1 O’QtQt+1th+l(0t+1)'

4 Estimating Topics

In this section let us develop our theory to estimate topics in documents using
Markov stochastic model. Basically we take a Principle of Likelihood (POL).
That is, given a test sequence and Markov models My, ..., M according to
topics respectively, we calculate the likelihoods and estimate a topic m of the
maximum one. Here we describe the procedures for the estimation in detail.

Here we consider a document as a sequence of news articles concerning one
topic. Generally it is said that every news article contains the most important
and summarized content in its first paragraph. Thus we extract all the first
paragraphs and put them together into one document in temporal order. We
extract sequences of last verbs and the co-occurrence words (nouns) related to
the verb as event sequences from documents as shown in figure

But in Japanese, unfortunately, the relevant noun phrases can appear in any
position prior to the verb. In this work, we examine the co-occurrence words by
using specialized EDR Japanase Dictionary[3] where each item describe corre-
lationship among words with POS tags and the semantics collected from many
corpus. We have extracted only relationship between nouns and verbs. Figure
contains some example of the dictionary content in the right side.

Given a document D, let g be a function to generate < q1g2 - - - Gn, 0102 - - 0y, >
to D where g;,0; mean an i-th state and a set of the co-occurrence words to g;
respectively. Let us see how we construct such a function g. To each sentence
delimited by a punctuation mark such as a period, we obtain a sequence of words

Document

MNoun Werh
On July 26, Mr. XX student in university was affender arrest
found dead in his home. Police think of murder, and / suspicion arrest
they initiated the mvestigation. e . DJ|.ICE . !n!t}ate
investigation| initiate
Ahout the death of Mr. XX on July 25, police hawe ; man find
arrested Mr. ¥Y wiﬂlﬂ]esuspiﬁmufﬂlemurder.( hint fird
park find
—\—I_L,— by run
| wverb | find initigte arrest I pa!n fn
- — — engine run
|co—ocourence words| investigation | suspicion rurder |

Sequence of Verb and Go—0Occurrence Words Co-Occurrence Dictionary

Fig. 2. Extracting Verbs and Co-Occurrence Words
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by ”Chasen”, a morphological analysis. Then we remove all the sentences not
in past tense in a document and extract the final verb v, from each sentence
remained as a statdl]. We skip sentences that are not in past tense because they
don’t capture change of circumstances but very often they have some forecast
or perspective.

After obtaining a verb vy, we extract all the co-occurrence words o; with v;.
To do that, we extract the all the noun phrases prior to v, within the sentence
containing v;, and we examine the last noun in each noun phrase to the EDR
dictionary to see whether the noun can be really the co-occurrence word of vy
or not. If it is, we add all the nouns in the phrase to a set o; of words as shown
in figure 2l We apply ¢ to all the sentences in D and we obtain a function
g(D) =< (q1,92," - ,qr,EOS), (01,02, --,0p, NONE) > where EOS means
”End-Of-Sequence”, NONFE a null set.

In the final step, we learn model parameters and discuss how to estimate
topics. Given a topic ¢, we construct a Markov stochastic model M, by using a
set D, of training documents of the topic. To each document D in D., we obtain
g(D) described in the previous section. Then we count the total frequencies of
the transitions of the states (the verbs), the co-occurrence words to estimate the
probabilities.

To estimate a topic of a test document D, we apply POL to D. First, we
obtain g(D) = < ¢, 0 >. To each topic ¢, we obtain the likelihood p(q, o|M..) as
described in the previous section. Then, to estimate the most likely class ¢q4, we
apply Principle Of Likelihood (POL) as ¢q = argmax.P(q, 0|M.).

5 Experiments

5.1 Preliminaries

As a test corpus for our experiments, we examine all the articles in both Mainichi
Newspaper 2001 and 2002 in Japanese and select 3 kinds of news topics, one-
man crime (crimes by single or a few person such as murder and robbery),
organizational crime (crimes by organization such as companies) and corruption
scandal. We have extracted 256 documents in total by hands shown in a table[Il
We have divided each of them into two groups, one for training and another
for test.

As we said, we apply ”Chasen” for morphological analysis to documents in
Japanese. Also we take EDR Japanese dictionary of Co-Occurrence words[3].

5.2 Results

Let us show the results. First we show the structures of Markov stochastic models
we have constructed and examine whether we can interpret them suitably or not.

We illustrate the topology of a topic One-man Crime and Corruption Scandal
in a figure [f] where a circle means a state (verb) and an directed arrow between

! In Japanese, we can determine ”past tense” easily by examining auziliary verbs.
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Werb Co-occumence Words Werh Co-occurence Yords
receive emergency, call initiate investigation, house, search, suspicion
find dead, room, road raid house, special, investigation, prosecutor
setup Investigation, headgquarter, police prosecute incident, prosecutor, suspect, court, crime
want suspicion, murder, robber, assault terminate disciplinary, action, incident
turn aut investigation, confession, suspicion turn out investigation, witness, confession, suspicion
arrest suspicion, murder, abandon, police, robber arrest suspicion, bribery, fraud, breach, obstruct
One—man Crime Model Corruption Scandal Model

Fig. 3. Model Structure

two states means the transition with the probability. There are output symbols
(co-occurrence words) in tables with the probabilities.

In One-man Crime model, we see the high probability from arrest to FO.S,
i.e., one-man crimes are solved by the arrests of criminals. It is possible to say
that this situations are distinctive of this topic. In Corruption Scandal model,
we have characteristic words of co-occurrence to each state compared to other
topics. For example, at the state arrest, we have co-occurrence words bribery,
fraud and treach. In Organizational Crime model, we see the high probability
of the path from arrest to itself. This is because there are more than one persons
arrested very often in this topic.

Let us show all the results of classification in a table I Here we get the
correctness ratio 64.3% in total.

Then let us discuss how we can think about our experimental results. First
of all, we get the better result to One-man Crime case. In these documents, the
cases are generally solved with the arrestment since there is only one criminal.
This is the main characteristic of one-man crime and we see why we get the good
classification ratio.

We have discussed a topic of Corruption Scandal so far[5] where we have
examined only verbs and we got 45.5% of the classification ratio, while we have
improved the classification 63.6% in this work. This comes mainly from a fact

Table 1. Test Corpus

Topic Training Documents Test Documents Correct Answers Correctness ratio (%)
One-man Crime 91 45 32 71.1
Organizational Crime 35 17 8 47.1
Corruption Scandal 46 22 14 63.6

(total) 256 84 54 64.3
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that we have examined co-occurrence words. In fact, Corruption Scandal topic
has many characteristic words of co-occurrence compared to other topics.

We see the lowest classification ratio of a topic of Organizational Crime. This
is because a set of the states and a set of the co-occurrence words are similar
to One-man Crime but there exist a wide variety patterns of state transitions.
However, we get the classification ratio 47.1%. Although this is not good, the
algorithm doesn’t depend on co-occurrence words and is completely different
from the conventional ones.

6 Conclusion

In this investigation, we have proposed a new approach to classify sequences
of news articles in Japanese by using Markov stochastic model. We have also
proposed how to examine nouns as well as verbs for the classification. And
we have shown how well the approach works to sequences of news articles by
experimental results.
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Abstract. With the advent of the cable based television model, there is an emerg-
ing requirement for random access capabilities, from a variety of media channels,
such as smart terminals and Internet. Random access to the information within a
newscast program requires appropriate segmentation of the news. We present text
analysis based techniques on the transcript of the news, to refine the automatic
audio-visual segmentation. We present the effectiveness of applying the text seg-
mentation algorithm CUTS to the news segmentation domain. We propose two
extensions to the algorithm, and show their impacts through an initial evaluation.

1 Introduction and Related Work

For television program repurposing applications, it is important to be able to combine
and reuse fragments of existing programs. In order to identify and combine fragments of
interest, the editing author needs instruments to query, and efficiently retrieve relevant
fragments. Text analysis techniques can support and refine the segmentation results
returned by the audio/visual processing methods. Video segmentation has been a hot
research topic since many years [4]]. The common goal of most technical approaches is
to define automatic techniques able to detect the editorial parts of a content item, i.e.
modal-temporal segments of the object representing a semantic consistent part from the
perspective of its author [8]. Very recent approaches achieve this goal with interesting
results [3]]. Significant results in the area of Digital Libraries have been achieved by the
partners of the Delos European project [].

In this paper, we address the problem of segmenting the television news in self con-
tained fragments, to identify the points in which there is a significant change in the topic
of discussion. Different units will be indexed for efficient query retrieval and reuse of
the digital material. We experiment our method on data available in the archives of RAI
CRIT (Center for Research and Technological Innovation) in Torino. In particular, we
analyze the transcript of the news, with the goal of combining the resulting text-based
segments with the ones extracted by algorithms based on the visual features of the news
programs.

In the next sections we first describe the text segmentation algorithm, CUTS (CUrva-
ture based development pattern analysis and segmentation blogs and other Text Streams)
[7], which focusses on the segmentation of texts of different nature (originally, blog files)
with the guidance of the information about how the addressed topics evolve along time.

E. Kapetanios, V. Sugumaran, M. Spiliopoulou (Eds.): NLDB 2008, LNCS 5039, pp. 226232, p008.
(© Springer-Verlag Berlin Heidelberg 2008
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Our choice of CUTS, as opposed to text-tiling [3]], or to the approaches based on the
detection of minima in text similarity curves is based on the specific application
domain we are dealing with. We apply CUTS on the spoken text, as it is extracted by
an Automatic Speech Recognition engine. We then extend the original CUTS method
to take into account multi-dimensional curves, and the actual temporal duration of the
entries. We discuss our initial experimental results, which show that the extended ver-
sions improve on the precision of the segmentation technique within the context of news
transcript segmentation.

2 Background: CUTS Algorithm

In [[7]], authors propose CUTS, curvature based development pattern analysis and seg-
mentation for blogs and other text streams. Given a sequences of ordered blog entries,
CUTS captures the topic development patterns in the sequence, and identifies coherent
segments as opposed to sequences in which the discussion is smoothly drifting from
one topic to another, or a main subject is interrupted. There are three main phases in
CUTS algorithm.

(i) First, the sequence of entries is analyzed, and a representative surrogate (a
keyword vector) is generated for each entry. The IV text entries are represented in
the standard TF/IDF form. As usual, the surrogate generation includes a preliminary
phase of stop word elimination and stemming. Each vector component, wy, ; represents
the weight of the j — th term in the vocabulary w.r.t the k — th entry. Weights are at the
basis of the entry-similarity evaluation:

n
Sij = § Wi k- Wy ke
k=1

The topic evolution is actually computed by referring to the dissimilarity among
the entries. Pairwise entries dissimilarity is stored in a dissimilarity matrix, D, whose
elements D; ; = 1 — s; ;, represent the degree of dissimilarity between the ¢ — th and
the 5 — th entries.

(ii) The sequence of entries is then mapped onto a curve, which highlights the de-
velopment patterns in terms of the (dis)similarity between adjacent entries. CUTS
maps the initial data in a new, 1-dimensional space by applying multidimensional scal-
ing algorithm [9]]. The mapping preserves to the best the distances between the points.
A second dimension plays the role of a temporal dimensior[]. In the resulting space,
the consecutive entries form a curve (referred to as the CUTS-curve). By analyzing this
curve, in [[7] the authors identify different development patterns, illustrated in figure [Tl
Dominated segments are characterized by a sort of “stability” of the topic, which in
the CUTS curve, corresponds to an almost horizontal segment. In Drifting patterns a
smooth transition from a topic to another is observed. As the CUTS curve reflects the
differences between consecutive entries, this topic development reflects in a slope in a

! In section 32 we will show how the final segmentation can benefit from a different dimensional
choice.
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Fig. 1. Example of (a) dominated curve segment (b) drifting curve segment (c) interrupted domi-
nated curve segment and (d) interrupted drifting curve segment

sloping the curve. The slop of the curve measures how fast one topic evolves in the fol-
lowing one. Interrupted patterns are detected when a sudden, significant change occurs.
An interruption is seen as a new topic, which is addressed for a very short amount of time
(w.r.t. the duration of the other topics). Interruptions may occur both within dominated
and within drifting segments. In audio-segmented text, due to low quality of segmenta-
tion, interrupts are common and need to be recognized as such for effective news topic
identification. This is one of the reasons we chose CUTS over other schemes.

(iii) The pattern development curve is then analyzed, and the topic segments, as
reflected by the changes in the slopes of the curves, are identified. The algorithm
introduces an iterative method to represent the curve with a series of straight line seg-
ments, each denoted by a 4 — tuple g; = (ki, 04, (Ts,Ys)i, (Te, Ye)i), where (i) k; is
the slope of the segment, and reflects the speed of the topic change in the segment; (ii)
o; measures the concentration of the entries around the dominant development pattern,
and reflects how well the segment approximates the original curve. Good approximation
reflects in a small value for o;, which is the average of the distances from the original
points to the line segment; (iii) (x5, ys )i, and (ze, ye ); denote the first and the last points
of the segment, respectively.

The decision on whether two consecutive topic segments should be combined in
the same topic segment is based on the comparison of their corresponding curve pa-
rameters, to measure how homogeneous the segments are in terms of their slope and
concentration. Two segments are considered homogeneous (and thus combinable) if

| ki —ki+1 ‘< /\drifting and | O; — Oiy1 |< (Ui + O'Z‘+1)/2

The new parameter \g;fting is @ threshold to determine when two different topic
evolution speed can be considered as homogeneous. It is described in terms of the dif-
ference of slopes of the curve segments. After two curve segments are combined, the %
and o values of the resulting segment are calculated. Then the combination process is
iteratively repeated.

The annotation process associates each base topic segment with a label characteriz-
ing its topic development pattern as dominated, drifting, or interrupted.

3 Extending CUTS for News Segmentation

Using a naive application of CUTS to the domain of the news we had misalignment in
terms of information loss due to the choice of (i) the dimensionality reduction, scaling
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the initial multidimensional domain to a monodimensional one, and (ii) the uniform
treatment of the duration of the entries.

To address these issues, we propose two extensions to the original CUTS algorithm.
The first one (Section B.I) extends the method to the 3-dimensional case, in which
the first two dimensions are returned by the multidimensional scaling method, and the
third one is - as in the original method - the positional temporal dimension. The second
extension (Section[3.2)) takes into account the actual duration of the entries.Finally, we
discuss the impact of the combination of the two extensions, returning a 3-dimensional,
temporal approach.

3.1 Multi-dimensional CUTS

In our first extension, the sequence of news entries is represented by curves in a 3-
dimensional space. The z-axis will be associated with the temporal dimension (map-
ping consecutive entries to consecutive unit time instants). The y and z axes are asso-
ciated to the dimensions returned by the 2-dimensional scaling. While the main idea
of the CUTS algorithm remains unchanged, the extension affects the way distances,
breakpoints, drifting, and all the parameters (segments slopes, segment composition
conditions) needed to analyze the 3-dimensional curves, are defined.

In the original CUTS method [[7]], the choice of the break points to identify segments
is based on the distance between pairs of points and lines, both of them in the two
dimensional space. A similar strategy is adopted in the 3-dimensional space, of course
by referring to the appropriate methods to evaluate the distances between a point and a
segment in the 3-dimensional space.

Generalization of curve model to n-dimensional space. The drifting condition can
be expressed as a condition on the difference between two consecutive entries of Jg(y),
i.e. the finite difference of the Jacobian vector of the multidimensional curve.

| Adsy |I°< A° (1)

being A the discriminating threshold. Under the hypothesis of unit duration associated
to the entries, the intervals of duration of two consecutive entries are [¢,7 + 1], and
[i + 1,7+ 2], respectively, and their duration is, by hypothesis, exactly 1. Thus

n

| Adsy IIP= > [(di(i +2) = di(i + 1)) = (di(i + 1) — di(0)))?

=0

In general, a possible way to estimate the value for the parameter A, when dealing
with two dimensions, is to compute the global variation of the similarity along the two
corresponding axes. For any dimension d;, we will have \; = ai%, where dd; is the
excursion of d;, dt is the corresponding excursion of ¢, and «; is the weight of the
variation along the i — th direction. The above condition () is thus rewritten as

| Adsy [IP< A7
1=0
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Table 1. Automatic monodimensional and two-dimensional temporal CUTS based annotation

Seg|Base S.| Sec. |Ann|Seg| Base S. Sec. |Ann| |Seg|BaseS. Sec.  |Ann
1| 03 0-34 |drif || 12| 60-62 | 892-921 |dom 1 0-3 0-34 | drif
2 | 34 | 34-61 |drif|| 13| 62-63 | 921-937 |dom 2 34 34-61 |drif
3 | 4-26 | 61-383 |dom|| 14 | 63-73 | 937-1064 |dom 3| 4-53 61-773 |dom
4 | 26-28 |383—415|dom|| 15 | 73-86 [1064—1269|dom 4 | 53-59 | 773-872 |inter
5 | 28-37 |415-502| drif || 16 | 86-98 |1269-1469|dom 5 |59-108 | 872-1595 |dom
6 | 37-38 |502-517|{dom|| 17 | 98-100 |1469—1503|dom 6 |[108-109|1595-1614| drif
7 | 38-52 |517-755|dom|| 18 [100-103|1503-1535|dom 7 |109-110{1614-1632| drif
8 | 52-53 |755-773|dom|| 19 [103-112|1535-1669|dom 8 |110-120]|1632-1806|{dom
9 | 53-54 |773-780| drif || 20 |112-119|1669-1794|dom
10 | 54-59 |780-872| drif || 21 |119-120{1794—1806|dom
11 | 59-60 |872-892|dom

Notice that this is a general formulation of the drifting condition, which, in the case
n = 1, and entries of duration 1, reduces to the condition applied by the original CUTS,

[(di(i+2) —di(i+1)) — (di(i + 1) — dy(i))]* < addy

that is,
| kiv1 — ki |< Aarifting

3.2 Extensions to the Temporal Dimension

Our input text fragments also contain information about their actual temporal duration
within the news programme.

Technically, taking into account the temporal dimension only requires the actual in-
stantiations of the time intervals appearing in the general definition of the function
| AJs@ || in Section B} In fact, in Section (1] we introduced simplified expres-
sions for the function, reflecting the fact that all the entries were associated to a time
unit duration. In this case, denoting with [st;, et;] and [st;11, et;11] the time intervals
associated to the ¢ — th and the (¢ + 1) — th entries respectivelyt, the corresponding
expression for || AJé(t) | becomes

” AJA ||2: Xn: di(etH_l) — di(StH_l) _ d7(€tl) — dl(sf,) 2
s elit1 — Stit1 et; — st;

i=0
Table [ reports the results of the segmentation and annotation methods discussed in
the previous sections, extended with the temporal dimension.
We notice that in both cases we see that extensions improve the qualities of the
results, giving a closer approximation of the human domain expert classification.

4 Analysis of Results

To evaluate the methods, we measure the coherence of the automatically detected topic
segment boundaries (.S7) wrt, the segment boundaries in the ground truth (5), i.e., a

% In this specific application it holds that et; = st; ;.
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segmentation given by a human domain expert. We define precision as the ratio of
entry numbers from the automatically extracted sequence which are common boarder
list (Prec = (entry(S1) Nentry(S))/(entry(S1))), and recall as the ratio of entries
which delimit topic segments in the ground truth, and are also returned by the automatic
system (Rec = (entry(S1) N entry(S))/(entry(S)). We also notice that the above
measure penalizes the cases in which the disagreement between the ground truth and
the returned sequence of topic segments is small (for example, the cases in which there
is a one entry displacement between the automatically detected topics and the ground
truth). To take into account the displacement, we define an embedding procedure which
aligns the two topic sequences to be compared, and we compute the alignment cost as
follows: Align_cost = d+3_.((s; — 1)+ (s; X da;)), where, d is the summation of the
differences between the i-th element, e1; of the shorter sequence and the closer element,
e2; appearing in the other sequence of entries, s; is the number of segments between
between e2; and e2;_1, i.e., the number of segments in the second sequence that all
together correspond to a single segment in the first one, and da; captures the highest
disagreement in the annotation between the ¢ — th segment in the first sequence and
any of the corresponding s; segments, computed by measuring the positional distance
between the annotations, wrt.the ordering dominated < drifting < interrupted.
Table Pl shows the results on the example presented in the previous sections.

Table 2. Statistical evalutation of results

2MDS [2MDS + Time| 1IMDS (1IMDS + Time
Precision  |0.681818| 0.709415 [0.271916| 0.295726
Recall 0.616666 0.645833 |0.205349| 0.270398
Alignment cost| 28 17 67 56

5 Conclusions and Future Work

We have presented a text analysis based technique on the transcript of the news, to
refine the automatic audio-visual segmentation. In particular, we have discussed and
evaluated the effectiveness of applying the text segmentation algorithm CUTS [[7], and
our two extensions of it, to the news segmentation domain. The initial evaluation results
are consistent with our expectations. We are now conducting intensive user studies to
evaluate the methods on different data and users samples. We are also working on the
integration of the text based segmentation results with the segments extracted through
audio-visual methods.
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Abstract. Summarization is the process of condensing a source text
into a shorter version preserving its information content ([2]). This paper
presents some original methods for text summarization by extraction of
a single source document based on a particular intuition which is not
explored till now: the logical structure of a text. The summarization relies
on an original linear segmentation algorithm which we denote logical
segmentation (LTT) because the score of a sentence is the number of
sentences of the text which are entailed by it.

The summary is obtained by three methods: selecting the first sen-
tence(s) from a segment, selecting the best scored sentence(s) from a
segment and selecting the most informative sentence(s) (relative to the
previously selected) from a segment. Moreover, our methods permit dy-
namically adjusting the derived summary size, independently of the num-
ber of segments.

Alternatively, a Dynamic Programming (DP) method, based on the
continuity principle and applied to the sentences logically scored as above
is proposed. This method proceeds by obtaining the summary firstly and
then determining the segments.

Our methods of segmentation are applied and evaluated against the
segmentation of the text “I spent the first 19 years” of Morris and Hirst
([I7]). The original text is reproduced at [26]. Some statistics about the
informativeness of the summaries with different lengths and obtained
with the above methods relatively to the original (summarized) text
are given. These statistics prove that the segmentation preceding the
summarization could improve the quality of obtained summaries.

1 Introduction

Text summarization has become the subject of an intense research in last years
and it is still an emerging field. The research is done in the extracts and abstracts
areas. The extracts are the summaries created by reusing portion of the input
verbatim, while the abstracts are created by regenerating the extracted content
([13]). However, there does not exist a theory of construction of a good summary.

E. Kapetanios, V. Sugumaran, M. Spiliopoulou (Eds.): NLDB 2008, LNCS 5039, pp. 233 2008.
© Springer-Verlag Berlin Heidelberg 2008
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The most important task of summarization is to identify the most informative
(salient) parts of a text comparatively with the rest. Usually the salient parts are
determined on the following assumptions [16]: they contain words that are used
frequently; they contain words that are used in the title and headings; they are
located at the beginning or end of sections; they use key phrases which emphasize
the importance in text; they are the most highly connected with the other parts
of text. If the first four characteristics are easy to achieve and verify, the last one
is more difficult to establish. For example, the connectedness may be measured
by the number of shared words, synonyms, anaphora [18],[20]. On the other
hand, if the last assumption is fulfilled, the cohesion of the resulting summary
is expected to be higher than if this one is missing. In this respect, our methods
assure a high cohesion for the obtained summary while the connectedness is
measured by the number of logic entailments between sentences.

Another idea which our work proposes is that a process of logical segmentation
before the summarization could be benefic for the quality of summaries. This
feature is a new one comparing with [23].

We propose here a method of text segmentation with a high precision and
recall (as compared with the human performance). The method is called logical
segmentation because the score of a sentence is the number of sentences of the
text which are entailed by it. The scores form a structure which indicates how
the most important sentences alternate with ones less important and organizes
the text according to its logical content. Due to some similarities with TextTiling
algorithm for topic shifts detection of Hearst ([I2I11]) we call this method Logical
TextTiling (LTT). The drawback of LTT is that the number of the segments is
fixed for a given text and it results from its logical structure. In this respect
we present in this work a method to dynamically correlate the number of the
logical segments obtained by LTT with the required length of the summary.
The method is applied to the Morris and Hirst’s text in [I7] and the results are
compared with their structure obtained by the Lexical Chains.

The methods presented in this paper are fully implemented in Java and C++.
We used our own systems of Text Entailment verification, LTT segmentation,
summarization with Sum; and AL methods. For DP algorithm we used a part
of OpenNLP ([2524]) tools to identify the sentences and the tokens in the text.
OpenNLP defines a set of Java interfaces and implements some basic infrastruc-
ture for NLP components. The DP algorithm verifies the continuity principle by
verifying that the set of common words between two sentences is not empty.

The paper is structured as follows: in Section 2, some notions about textual
entailment and logical segmentation of discourse by Logical TextTilling method
are discussed. Summarization by logical segmentation with an arbitrarily length
of the summary (algorithm AL) is the topic of Section 3. An original DP method
for summarization and segmentation is presented in Section 4. The application
of all the above methods to the text from [I7] and some statistics of the results
are presented in Section 5. We finish the article with conclusions and possible
further work directions.
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2 Segmentation by Logical TextTiling

2.1 Text Entailment

Text entailment is an autonomous field of Natural Language Processing and it
represents the subject of some recent Pascal Challenges ([7]). As we established
in an earlier paper ([22]), a text T entails a hypothesis H, denoted by T — H,
iff H is less informative than 7. A method to prove T' — H is presented in
([22]) and consists in the verification of the relation: sim(T, H)r < sim(T, H) .
Here sim(T, H)r and sim(T, H)p are text-to-text similarities introduced in [6].
Another method in [22] calculates the similarity between T and H by cosine and
verify that cos(T, H)r < cos(T, H) i . Our system of text entailment verification
used in this paper relies on this second method for text entailment verification
as a directional relation. The reason is that it provides the best results compared
with the other methods in [22].

2.2 Logical Segmentation

A segment is a contiguous piece of text (a sequence of sentences) that is linked
internally but disconnected from the adjacent text. The local cohesion of a logical
segment is assured by the move of relevance information from the less important
to the most important and again to the less important. Similarly with the topic
segmentation ([IOJI2/TT]), in logic segmentation we concentrate on describing
what is a shift in relevance information of the discourse. Simply, a valley (a
local minim) in the obtained logical structure is a boundary between two logical
segments (see Section 5, Fig.1). This is an accordance with the definition of a
boundary as a perceptible discontinuity in the text structure ([4]), in our case a
perceptible discontinuity in the connectedness between sentences.

The main differences between TextTiling (TT) and our Logical TextTiling
(LTT) method are presented in [23]. The most important consist in the way of
scoring and grouping the sentences.

As in [I7] is stated, cohesion relations are relations among elements in a text
(references, conjunctions, lexical cohesion) and coherence relations are relations
between clauses and sentences. From this point of view, the logical segmentation
is an indicator of the coherence of a text.

The algorithm LTT of segmentation has the following function:

INPUT: A list of sentences S, ..., Sy, and alist of scores score(S1), ... score(Sy,)
OUTPUT: A list of segments Segs,...Segn (see Section 5)

The obtained logical segments could be used effectively in summarization.
In this respect, the method of summarization falls in the discourse-based cate-
gory. In contrast with other theories about discourse segmentation, as Rhetorical
Structure Theory (RST) of Mann and Thompson (1988), attentional / inten-
tional structure of Grosz and Sidner (1986) or parsed RST tree of Daniel Marcu
(1996), our Logical TextTiling method (and also TextTiling method [I0]) sup-
poses a linear segmentation (versus hierarchic segmentation) which results in an
advantage from a computational viewpoint.
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3 Summarization by Segmentation

3.1 Scoring the Segments

Given a set of N segments we need a criterion to select those sentences from
a segment which will be introduced in the summary. Thus, after the score of
a sentence is calculated, we calculate a score of a segment. The final score,
Scorefinal, of a sentence is weighted by the score of the segment which con-
tains it. The summary is generated by selecting from each segment a number
of sentences proportional with the score of the segment. The method has some
advantages when a desired level of granularity of summarization is imposed.
The denotations for this calculus are:

— Score(S;) =the number of sentences implied by S;
5;€5eq; Score(Si)

— Score(Seg;) = Ser]
— Scorefina(S;) = Score(S;) x Score(Seg;) where S; € Seg;
— Score(Text) = Z;\f:l Score(Seg;)

Weight of a segment : Cj = %%70 <C;j<1
N=the number of segments obtained by LTT algorithm
X = the desired length of the summary

— NSenSeg; =the number of sentences selected from the segment Seg;

The summarization algorithm with Arbitrarily Length of the summary (AL)
is the following:

INPUT: The segments Segi, ...Segn, the length of summary X (as parameter),
Scorefina(S;) for each sentence S; ;

OUTPUT: A summary SUM of length X, where from each segment Seg; are
selected N SenSeg; sentences. The method of selecting the sentences is given by
definitions Suml, Sum2, Sum3 (section 3.2).

Calculate the weights of segments (C}), rank them in an decreased order, rank
the segments Seg; accordingly.

Calculate NSenSeg;: while the number of selected sentences does not equal
X, calculate NSenSeg; = min(| Segment; |, Integer(X x C;)), if Integer(X x
C;)) > 1 or NSenSeg; = 1 if Integer(X x Cj) < 1.

Reorder again the selected sentences as in initial text.

Remarks: A number of segments Seg; may have NSenSeg; > 1. If X < N
then a number of segments Seg; must have NSenSeg; = 0

3.2 Strategies for Summary Calculus

The method of extracting sentences from the segments is decisive for quality
of the summary. The deletion of an arbitrary amount of source material be-
tween two sentences which are adjacent in the summary has the potential of
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losing essential information. We propose and compare some simple strategies for
efficiently including sentences in the summary.

Our first strategy is to include in the summary the first sentence from each
segment, as this is of special importance for this segment. The corresponding
method is:

Definition 1
Given a segmentation of initial text, T = {Segy,---,Segn} the summary is
calculated as:

Sumy = {S],---,S%}

where, for each segment Seg;,i = 1,---, N, first NSenSeg; sentences are se-
lected.

The second way is that for each segment the sentence(s) which imply a maximal
number of other sentences are considered the most important for this segment, and
hence they are included in the summary. The corresponding method is:

Definition 2
Given a segmentation of initial text, T = {Segi,---,Segn} the summary is
calculated as:

Sumsy = {S7,--+,S%}

where S}, = argmaz;{score(S;) | Sj € Seg;}. For each segment Seg; a number
of NSenSey; of different sentences S}, are selected.

The third way of reasoning is that from each segment the most informative
sentence(s) (the least similar) relative to the previously selected sentences are
picked up. The corresponding method is:

Definition 3
Given a segmentation of initial text, T = {Segi,---,Segn} the summary is
calculated as:

Sumsz = {S1,---,S%}

where S = argmin;{sim(S;,Seg;—1) | S; € Seg;}. Again, for each segment
Seg; a number of NSenSeg; of different sentences Sj, are selected. The value
sim(S;, Segi—1) represents the similarity between S; and the last sentence se-
lected in Seg; 1. The similarity between two sentences S, S’ is calculated in this
work by cos(S,S5").

4 Dynamic Programming Algorithm

4.1 Summarization by Dynamic Programming

In order to meet the coherence of the summary our method selects the chain
of sentences with the property that two consecutive sentences have at least one
common word. This corresponds to the continuity principle in the centering the-
ory which requires that two consecutive units of discourse have at least one entity
in common ([18]) . We make the assumption that each sentence is associated with



238 D. Tatar, A.D. Mihis, and D. Lupsa

a score that reflects how representative is that sentence. In these experiments
the scores are the logical scores as used in the previous sections. The score of
a selected summary is the sum of individual scores of contained sentences. The
summary will be selected such that its score is maximum.

The idea of the Dynamic Programming Algorithm for summarization is the
following: let us consider that 6¥ is the score of the best summary with length &
that begins with the sentence .S;. This score will be calculated as:

score(S;) + (6;“_1 ) if S;,.S; have common words

&k = (i< '
i = MaTj (i<j) {penalty # (score(S;) + (857")) otherwise

When running the algorithm we used a penalty with value equal to 1/10.

INPUT:

- the text to be summarized, that is a sequence of sentences 51, ..., Sp;
- score(S;), the scores associated to each sentence;

- the length X of the summary.

OUTPUT: A summary SUM of length X

A detailed version of this algorithm for summarization occurred in [23].

4.2 Segmentation by Dynamic Programming

A sentence is chosen in the summary if its score is high and satisfy the continuity
principle. On the contrary, segment boundaries are sentences that have minimal
scores. More exactly, the algorithm considers as boundary sentences of a seg-
ment those that have minimal scores and are situated between two consecutive
sentences chosen for summary. Consequently, the text will have a number of seg-
ments correlated with the length X of the summary. This is not a constraint for
the number of segments because the length of a summary is an input parameter
of the summarization method. The algorithm of segmentation is:

INPUT:

-the text to be segmented, that is a sequence of sentences S1, ..., S, and their
scores.

-the set of sentences in a Summary by their positions in text: Pi,..., Px,
where X is the length of the summary.

OUTPUT: Seg = Segi, ..., Segnrseg - the list of segments

nrseg =1
begpoz =1
fori=1to X —1do
endpoz = argmin; jep, p,,,—1} score(S;)
*Segnrseq is from the position begpoz to the position endpoz
nrseg = nrseg + 1
begpoz = endpoz + 1
endfor

An improvement of the segmentation method is the idea that an important seg-
ment in a document can contain a chain of consecutive sentences chosen for the
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summary. Similar as before, the boundaries of a segment are sentences that have
minimal scores and are situated between two consecutive sentences chosen for sum-
mary, with the supplementary condition that they are not consecutive in text.

5 Experiments

This section offers a framework for lighting the question about the relation-
ship between segmentation and summarization. As the experiment proves, the
segmentation brings benefits to the summarization (see Section 5.3).

We have applied our algorithms of segmentation and summarization to the
narrative literary text from [I7] reproduced at [26]. Let us remark that the
text in [I7] and the text considered in our experiment differ by three sentences,
eliminated by us because they are too short (five words or less). These are the
sentences 24, 38, 39. The remained 41 sentences are renumbered.

The structure of logically scored sentences for the above text is presented in
Fig.1.

Logical structure of text

o+—/——F— T T T T T T T T T T T T T T T T T T T T T

13 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41
Positions of sentences

Fig. 1. The logical structure of the text

5.1 Evaluation of Segmentation

There are several ways to evaluate a segmentation algorithm. These include
comparing the segments against that of some human judges, comparing the
segments against other automated segmentation strategies and, finally, studying
how well the results improve a computational task [I8]. We will use all these
ways of evaluation, including the study how our segmentation method effect the
outcome of summarization.

Regarding the comparison with the human judge, the method is evaluated ac-
cording to the precision and the recall: precision is the percentage of the bound-
aries identified by the algorithm that are indeed true boundaries, the recall is
the percentage of the true boundaries that are identified by the algorithm ([19]).

A problem with the precision and the recall is that they are not sensitive to
“near misses” ([I1]): if two algorithms fail to match any boundary precisely, but
one is close to correct, whereas another is entirely off, both algorithms would
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receive scores 0 for precision and recall. This is the reason we introduce a modified
version for precision and recall. Namely, we count:

— how many of the same (or very close) boundaries with the human judge the
method selects out of the total selected (precision);

— how many true (or very close) boundaries are found out of the total possible
(recall)

In Table 1 the result of LTT segmentation with 11 segments and the results of
DP segmentation with 9 and 12 segments are presented. Also the Lexical Chains
structure (12 segments) and the Intentional structure (9 segments) given in [17]
are reproduced. Let us remark that the hierarchical structure discovered by the
authors in [I7] is transformed in a linear structure by considering the smallest
intervals.

Table 1. The result of LTT segmentation and the results of DP segmentation with 9
and 12 segments against Manual Lexical Chains and Manual Intentional variants

Manual Manual Method Method Method
Chains Intention LLT DP (9) DP (12)
Segm [Sentences|Segm |Sentences| Segm |Sentences|Segm |Sentences| Segm |Sentences
Seg.l| 1—3 |Seg.l| 1—-7 |Seg.l1| 1—-7 |Seg.ll] 1—6 |Seg.l| 1—2
Seg.2| 4—6 |Seg.2| 8—12 |Seg2| 8—9 |Seqg.2| 7T—9 |Seg2| 3-3
Seg.3| 7—8 |Seg.3| 13—16 | Seg.3| 10 — 13 |Seqg.3| 10 —13 | Seg.3| 4—6
Segd| 9—12 |Seg.d| 17—22 | Segd| 14 —16 |Seg.d| 14 —15 | Segd| 7—9
Seg.5| 13 —15 |Seg.5| 23 —24 | Seg.5| 17— 18 |Seg.5| 16 — 18 | Seg.5| 10 — 13
Seg.6| 16 — 18 |Seg.6| 25 —29 | Seg.6 | 19 —24 |Seg.6| 19 —20 | Seg.6 | 14 — 15
Seg.7| 19— 20 |Seg.7| 30 — 32 | Seq.7| 25— 26 |Seq.7| 21 — 24 | Seg.7| 16 — 18
Seg.8| 21 —23 |Seg.8| 33 —36 | Seg.8 | 27 — 33 |Seg.8| 25 —38 | Seg.8 | 19 — 20
Seg.9| 24 —29 |Seg.9| 37 —41 | Seg.9| 34 — 36 |Seg.9| 39 —41 | Seqg.9| 21 — 24

Seg.10| 30 — 32 Seg.10| 37 — 38 Seg.10| 25 — 30
Seg.11| 33 — 36 Seg.11| 39 — 41 Seg.11| 31 — 38
Seg.12| 37 — 41 Seg.12| 39 — 41

The evaluation of our segmentation methods against Manual segmentations
(Manual = Chain, Intention) is made with the following measures:

Number of correct gaps
Number of gapsof Method

P""eCiSionMethod,Manual =

Number of correct gaps

Recall =
€At Method, Manual Number of gaps of Manual

Here Number of correct gaps is the numbers of begins of segments found by
Method which differ with -1,0,4-1 to the begins of segments found by Manual.
This definition for Number of correct gaps increases the sensitivity of the pre-
cision and the recall to “false negatives” and “false positives” when they are
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near-miss. Moreover, our definition for the precision and the recall is more in-
tuitive than Py measure ([3]), because they directly reflect the competence of
algorithms.

The comparison between the Precision and the Recall of different methods
presented in this paper reported to Chain and Intention manual segmentation is
given in the Fig.2.

0.8 1
0.6 HRecall
% O Precision
0.4 4 mF
0.2
O p

LTT vs. Manual LTT vs. Manual DP(12) vs. Manual  DP(9) vs. Manual
Chains Intention Chains Intention

Fig. 2. Precision and Recall for LTT segmentation and DP segmentation

5.2 FEvaluation of the Summarization

There is no an unique formal method to evaluate the quality of a summary. In this
paper we use as a measure of quality of a summary, the similarity (calculated
as cosine) between the original (summarized) text (J26]) and the summaries
obtained with different methods.

For example, the summaries determined from the segments obtained by LTT
method (and then AL algorithm) with 9 segments are formed by the following
sentences:

Sumy = {1,8,14,17,25,27, 34,37, 39}.
Sumy = {2,8,14,17,25, 28, 34, 35, 39}
Sums = {1,7,9,16,18, 33,35, 36,41}.

The summary obtained with DP for all lengths are:
DP(4)={3,7,35,41}

DP(6)={3,7,10,14,35,41}

DP(8)= {3,7,10,14,17,19,35,41}

DP(9) ={3,7,10,14,17,19,23,35,41}

DP(11)= {2,3,7,10,14,17,19,23,28 35,41}

DP(12) = {2,3,4,7,10,14,17,19,23,28,35,41}

DP(18) ={2,3,4,5,7,8,10,11,12,14,15,16,17,19,23,28,35,41}
DP(20)={2,3,4,5,7,8,10,11,12,14,15,16,17,19,23,25,27,28 35,41 }
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The informativeness of the different types of summaries Sumi, Sums, Sums
(see section 3.2) of different lengths (including the above 9 length summaries)
is presented in Fig.3. The better results for Sum; method are explained by the
fact that the first sentence in a segment usually contents the decisive information
about it. Moreover, these results validate the quality of our segmentation. Also,
for Sumgs method, each sentence in the summary adds new information as much
as it is possible, thus the good results obtained with this method.

Let us remark that for obtaining summaries with different lengths, after a first
segmentation with LTT method in 11 segments, the algorithm AL from section
3.1 is applied.

Number of
Informativeness of Summaries gruped by the type of summarization sentences:

04
H6
o8
o9
m11
o12
o18
W20

0.75

0.5

0.25

Sum1 Sum2 Sum3 Dynamic Programming

Fig. 3. Evaluation of summaries with different lengths, calculated with Sumi, Sumsa,
Sums and DP methods

5.3 Segmentation Effects on Summarization

Some views from Fig.3. are detailed in Table 2, emphasizing the better results for
first segmentation and then summarization (SEG + SUM) with Sumy, Sumsa,
Sums methods compared with directly summarization (SUM ) with DP method.

In 5 from 6 cases of SEG + SUM methods (for the lengths 9 and 12) the
results are better than SUM method. Let us observe that for extreme lengths

Table 2. The informativeness of SUM and SEG + SUM summaries

SUM SEG+ SUM

Length| DP Sumi | Suma | Sums
9 0.5182 | 0.5693 | 0.5336 | 0.5631
12 0.5951 | 0.6292 | 0.5951 | 0.6143
4 0.3938 | 0.4025 | 0.3600 | 0.3819
6 0.4739 | 0.4907 | 0.4167 | 0.4665
8 0.5182 | 0.5590 | 0.5226 | 0.5379
11 0.5794 | 0.6199 | 0.5853 | 0.5971
18 0.7469 | 0.7312 | 0.7360 | 0.7312
20 0.7728 | 0.7683 | 0.7713 | 0.7607
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(4, 6, 18, 20) the influence of the segmentation is not so benefic. Namely, only
for 13 cases from 24 cases SEG + SUM results are better than SU M method.

6 Conclusion and Further Work

As the abstraction is harder to be developed in summarization systems, the effort
in the extraction should be done with a view to increasingly coherent summaries.
This paper shows that the discourse segmentation by text entailment relation
between sentences is a good basis for obtaining highly accurate summaries. Also,
scoring the sentences on a logical base can give good results with a method such
as Dynamic Programming, when the segmentation is not required before the
summarization.

The algorithms described here are fully implemented and use text entailment
between sentences without requiring thesaural relations or knowledge bases. The
evaluation indices acceptable performance when compared against human judge-
ment of segmentation and when the informativeness of summaries are considered.
However, our method for computing the logical score of a sentence has the poten-
tial to be improved. We intend to improve our text entailment verification tool
and to study how the calculation of logical score of a sentence (considering only
neighbors of a target sentence, or considering also the number of sentences which
imply the target sentence, etc) effects the segmentation and the summarization.

A drawback of our method is the following: extracted sentences contain
anaphora links to the rest of the text. The wild used heuristic, to include together
with the extracted sentence the one immediately preceding it, is not applicable
for Suml method, when we select the first sentence of a segment. However, we
intend to apply for Sumso and Sumg this heuristic.

Our method was tested only on narrative texts. We intend to extend the
evaluation using other types including the newspaper corpus provided by DUC
conferences.
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Abstract. The biases of individual algorithms for non-parametric doc-
ument clustering can lead to non-optimal solutions. Ensemble clustering
methods may overcome this limitation, but have not been applied to
document collections. This paper presents a comparison of strategies for
non-parametric document ensemble clustering.

1 Introduction

As the availability of large amounts of textual information is unlimited in prac-
tice, supervised processes for mining these data can become highly expensive
for human experts. For this reason, unsupervised methods are a central topic of
research on tasks related to text mining. One of these tasks is document clus-
tering. Most of the work in this area deals with parametric approaches @, E], in
which the number of clusters has to be provided a priori.

On the contrary, non-parametric document clustering can be defined as the
process of grouping similar documents without requiring a priorieither the number
of document categories or a careful initialization of the process from a human user.
Some approaches to this task consist in repeatedly applying an iterative cluster-
ing algorithm (e.g., k-Means) to obtain a set of clusterings with a different number
of clusters and starting conditions each one, and then selecting the best cluster-
ing using some model criterion B] Some others estimate the number of clusters a
priori considering mathematical properties of the input documents, and then ap-
ply an iterative clustering algorithm M] Other approaches are based on the use
of a hierarchical clustering algorithm (e.g., Hierarchical Agglomerative Clustering
(HAC)) and a criterion function to select the best number of clusters in the den-
drogram [@] Recently, hybrid methods have been experimented, using the output
generated from one clustering algorithm to initialize another one ﬂa,ﬁ}

However, each proposed approach implements some algorithm, which has an
intrinsic and particular bias; uses a certain document representation; and de-
pends on a different document similarity measure. All these assumptions lead
the clustering process to a particular solution that may not be the optimal doc-
ument clustering. In order to overcome this limitation, ensemble methods can
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be used. From a general point of view, given multiple clusterings, these methods
aim at finding a combined clustering with better quality B]

Most work in ensemble document clustering has focused on parametric ap-
proaches NQ, m, |ﬁ|] However, non-parametric ensemble approaches for generic
clustering have appeared recently, such as ﬂﬂ]

We believe that two questions remain hence unanswered in the state of the
art with respect to the use of ensemble methods for document clustering:

— How well do ensemble methods perform for non-parametric doc-
ument clustering? Non-parametric methods have not been tested thor-
oughly on document collections so far.

— How well do different individual clustering strategies perform in
the context of non-parametric ensemble document clustering? The
influence of the strategy used to find individual clusterings to be later com-
bined has often been overlooked. Different strategies need to be compared.

This paper deals with both questions. It evaluates non-parametric clustering
algorithms on document collections; and it presents an empirical comparison of
the effectiveness of two different strategies for the generation of clustering en-
sembles: one relying on massive randomization of a single algorithm, and another
relying on few but heterogeneous different algorithms.

The rest of the paper is organized as follows: Section ] settles the problem
of non-parametric document ensemble clustering. Sections 3] and Ml describe the
two considered generation strategies for the clustering ensembles. Section [B] then
gives an overview of the experiments performed and their results. Last, Section
draws conclusions of our work.

2 Non-parametric Document Ensemble Clustering

Having D = {dy...d,} a set of documents, a clustering, IT, of this set is a
partition of D into a set, {m ... 7}, of k disjoint clusters, 7;. The clustering, IT,
can also be viewed as a function mapping documents, d;, onto labels {1...k}
corresponding to clusters {m ...}, where II(d;) =i < d; € m;.

Bearing this in mind, the aim of clustering combination is to find a clustering,
II, which is the consensus of r clusterings, {II; ... II,}, by means of a consensus
function I

Two settings are classically considered for this problem, according to whether
the consensus function accesses or not the original representation of the data.
It is usual to refer to the case when the original data are not accessed as clus-
ter ensemble ﬂg] This setting allows combination of clusterings obtained using
different document representations. We stick to it in this paper, as it is a more
general framework than the former and, in addition, it is widely used by the
machine learning research community B, , ]

For our experiments, we have focused on the non-parametric ensemble clus-
tering approach of ﬂﬁ], which includes methods for the determination of the
number of clusters. Among the methods proposed in the paper, we have chosen
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Algorithm 1. Major ensemble strategy

Parameter: D a document collection
Parameter: r a natural number

Parameter: k... a natural number
Parameter: ¢ a supervised clustering algorithm

1: for j=1...r do
2:  Select a number of clusters at random
kj € {2. . .k‘maz}
3:  Select k; documents at random as starting centroids
4: Apply ¢ to D to obtain clustering I7;
5: end for
6: Return ensemble {II;...II,}

the AGGLOMERATIVE algorithm, enhanced with LOCALSEARCH. This combina-
tion was found in preliminary experiments to outperform the rest of the proposed
approaches on the evaluation data collectiond].

3 Major Ensemble Strategy

There has been recent interest in research on ensemble clusterings from repeated
runs of randomly initialized algorithms B, . In these works, the results ob-
tained were competitive to other proposed approaches for a variety of classical
clustering problems in machine learning.

For this reason, as a first strategy we have considered repeatedly applying
a single individual clustering method a high number of times, with different
starting conditions selected at random. The main properties of this strategy are
the following:

— The resulting clusterings share the same data representation.

— The algorithm is unique, hence, the implicit bias introduced by the clustering
process is always the same.

— The size of the ensemble can be high.

The procedure is detailed in Algorithm[Il First, a number of clusters k from 2
to kmas 18 selected at random. Then, k documents are selected at random from
the collection, and are given as starting centroids to a clustering algorithm, .
This process is repeated a number of times r, and the r resulting clusterings are
combined using the ensemble clustering function.

The parametric clustering algorithm, ¢, is a parameter of the method. For
our experiments, we have used the EM-based clustering algorithm of M] This
algorithm has obtained competitive results for text classification, and has already
been used for document clustering ﬂ] Other parameters that need to be chosen
are the number of individual clusterings, r, and the maximum number of clusters,

! Further details about these algorithms can be found on the original paper.
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kmaz- For the considered document collections, the best results among the set
of explored parameter values were obtained with » = 50 and k4, = 10.
We will refer to this method as Major.

4 Minor Ensemble Strategy

Whereas the Major combination strategy we have described in the previous
section is based on the repetition of a randomly initialized single clustering
algorithm, the second strategy we have considered, Minor, is based on the use
of a small number of heterogeneous, unsupervised and deterministic clustering
algorithms. As in this case there is no randomization, it is crucial to the method
that the biases provided by the algorithms be substantially different from each
other. For this reason we have selected the following unsupervised clustering
methods:

— A classical method, consisting of a hierarchical algorithm and a clustering
criterion function.

— A hierarchical-iterative hybrid method. Specifically, the hybrid method of ﬂ],
which has been shown to give good performance for unsupervised document
clustering of different real-world collections.

— A new version of the previous hybrid method, based on information theory,
which we have devised specially for this purpose.

A description of each one of them follows.

4.1 Hierarchical Method

In order to generate a dendrogram, the Agglomerative Information Bottleneck
algorithm (alIB) is used. HE] applies the algorithm to a variety of standard su-
pervised clustering problems. Particularly, aIB showed good performance for the
task of supervised document clustering.

After the dendrogram is built, the Calinski and Harabasz C score ﬂﬂ] is used
to determine the level of the dendrogram at which the best clustering occurs.
This score has been compared to other similar criteria to determine the number of
clusters in a collection, and shown to be the most efficient one E] Its value is the
normalized ratio of the inter-cluster distances (between documents of different
clusters) against intra-cluster distances (within documents of the same cluster).
The level at which this value is highest is selected as the best estimation of the
number of clusters.

We will refer to this method as Hi.

4.2 Geometric Hybrid Method

The method presented in ﬂ] tries to find a good initial clustering for an iterative
refinement algorithm. Iterative refinement algorithms are known to be efficient
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and give good performance, but nevertheless are sensitive to the choice of the
initial model, and require the number of clusters to be provided. In particular, a
good estimation of the number of clusters is mandatory for a good initial model,
even if this model does not cover all documents in the collection.

An outline of the procedure follows:

. A hierarchical algorithm is used to find a dendrogram.

. The inner nodes in the dendrogram are scored according to different heuris-
tics, based in minimizing the distances within documents covered by the
node, and maximizing distances to the rest of the documentsZ.

. The nodes the best scored according to the heuristics are chosen as clusters
for an initial clustering candidate. A different candidate is built for each
heuristic.

. These candidates are scored using a global quality function, and the best
scored candidate is selected.

. This candidate is used as initial model for an iterative refinement algorithm,
to produce a final clustering solution.

In its original implementation, the method is specified using a geometric point

of view:

— Documents are represented as tf - idf vectors of words.

The distance metric is cosine distance.

The hierarchical algorithm used is HAC with group average distance as dis-
tance between clusters, which was pointed as the most suitable distance in
HAC context by published evaluations of the algorithm ﬂ]

— The global quality function is Calinski and Harabasz C score.

The iterative refinement algorithm applied is the EM-based algorithm of HE]

We will refer to this method as Geo.

4.3 Information Theoretical Hybrid Method

Even if geometric clustering methods remain the state of the art, there has been
a recent interest in applying information theoretical measures to the task of

document clustering HE, @] Following this general direction of research, and to

find a view of the data different from that of Geo, we have made a new version
of the aforementioned hybrid method using information theoretical concepts:

— Documents are represented as conditional probability distributions of words.
— The distance metric is Jensen-Shannon divergence. There are other measures
coming from information theory that could be useful to define a document
distance, such as Kullback-Leibler divergence or mutual information. How-
ever, on the contrary of Jensen-Shannon divergence, they are not symmetric
or require absolute continuity.

2 For simplicity, the details about these heuristics have been elided in this paper.
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— The hierarchical algorithm used is alB.

— The global quality function used is a specially devised Message Length Cri-
terion, described below in Section F3l

— The iterative refinement algorithm applied is Divisive Information Theoret-
ical Clustering (DITC) ﬂﬁg] This algorithm includes devices to deal with
sparseness and high dimensionality of data, and was shown to give good
performance on document collections.

We will refer to this method as IT.

Message Length Criterion. Classical information theoretical selection crite-
ria, such as Minimum Description Length or Minimum Message Length, require
a probability distribution, which cannot be directly derived from the dendro-
gram. However, we have devised a criterion to select the best clustering in the
same spirit, based in coding, messages and lengths.

The idea is to use the information in a clustering I7 to send a collection of
documents D as a message. We first send the send the centroid of each cluster
using a code based on the meta-centroid of the collection (a first message of
length L(I7)), and then send the distribution of words in each document using
a code based of the centroid of the cluster to which it belongs (a second message
of length Lp(IT)). Using formulae from Information Theory, the total length of
this message, L(IT), is roughly:

L(IT) ~ Lo(IT) + Lp(IT)

Lo(IT) = = ) p(wle;) - log p(w|me)
Il
Lp(Il) ~ - Z p(wldy) - log p(wlc;)

eIl
diET;
w

where w are words, ¢; are the cluster centroids and mc is the meta-centroid.

We expect better clusterings (i.e. more suited to the data) to allow better
compression of the data and hence, shorter messages. Therefore, we select the
clustering I7 which has the lowest L(IT), expecting it to be the best.

This formula was the one to give the best results in preliminary experiments,
compared to a version of the C score using Jensen-Shannon divergence.

Moreover, this formula was appealing to us because it includes an implicit
measure of the goodness of the number of clusters (more clusters imply largest
Lc(IT) but smallest Lp(IT), and vice versa).

5 Experiments

In order to evaluate and compare the performance of the two proposed ensem-
ble strategies, Major and Minor, between them and to individual clustering
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approaches (of which Geo can be considered a baseline in the state of the art),
we have carried out a series of experiments. The following sections explain the
experimental framework, and present their results.

5.1 Evaluation Data

Six different real-world English document collections have been used in our ex-
periments:

APW. The Associated Press (year 1999) subset of the AQUAINT collection.
Due to memory limitations in our test machines, the collection was reduced
to the first 5000 documents.

EFE. A collection of news-wire documents from year 2000 provided by the EFE
news agency.

LAT The Los Angeles Times subset of the TREC-5 collection. For the same
reason as in APW| again only the first 5000 documents were selected.

REU. A subset of the Reuters-21578 text categorization collection, which in-
cludes only the ten most frequent categories. Similarly to previous work, we
use the ModApte split ﬂ, ], but, since our algorithms are unsupervised,
we use the test partition directly.

SMT. A collection previously developed and used for the evaluation of the
SMART information retrieval system.

SWB. A subset of the Switchboard conversational speech corpus, which con-
tains the 22 topics which were treated in more than fifty conversations. Each
side of the conversation was considered a separate document.

Following other research work E, B], the documents were pre-processed by
discarding stop words and numbers, converting all words to lower case, and
removing terms occurring in a single document. Table [T lists relevant collection
characteristics after pre-processing (number of documents, categories and terms).

Table 1. Evaluation data sets

Collection|Docs|Cats| Terms
APW 5000 | 11 | 27366
EFE 1979 6 10334
LAT 5000 | & | 31960
REU 2545 | 10 | 6734
SMT 5467 | 4 11950
SWB 2682 | 22 | 11565

5.2 FEvaluation Metrics

The quality of the clustering solutions is measured using the metrics of purity,
inverse purity and Fj. These metrics have been widely used to evaluate the
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performance of document clustering algorithms @], and are based in comparing
the clustering to a partition which is considered true.

If we have a partition of the documents in D into a set of disjoint categories
considered true, these metrics can be defined as:

Pur. Purity evaluates the degree to which each cluster contains documents from
a single category. The purity of a cluster is the fraction of the documents
in the cluster that belong to its majoritarian category. The overall purity is
the average of all cluster purities, weighted by cluster size.

IPur. Inverse purity evaluates the degree to which the documents in a category
are grouped in a single cluster. The inverse purity of a category is the fraction
of the documents in the category that are assigned to its majoritarian cluster.
The overall inverse purity is the average of all category inverse purities,
weighted by category size.

F,. F is a global performance score, and is calculated as the harmonic mean
of purity and inverse purity.

5.3 Experimental Setup

Each collection was clustered using each of the proposed methods. For the Geo,
Hi, IT and Minor methods, a single run was performed, as these methods are
deterministic.

For the Major method, we performed five runs and the results presented
are the average of all the runs. As mentioned in Section B the results are those
obtained with » = 50 and k4, = 10, which were the parameter values to provide
the best F} scores in average across all collections.

5.4 Results

Tables 2 Bl and @ show the results obtained by each method in each collection.
For each collection, the best results are highlighted.

In addition, Table [ shows the number of clusters k estimated by each method
in each collection. We include two numbers for each method, the total number
of clusters (All), and the number of relevant clusters (Rel). The reason for
this is that we have found that the AGGLOMERATIVE algorithm tends to find a
high number of clusters, but many of them are small, possibly corresponding to
outliers among the data.

Given that these small clusters are not relevant to the evaluation (and their
detection as outliers is, in fact, an advantageous byproduct of the method), to
obtain a more useful measure we have filtered those clusters smaller than a fourth
of the average category size in the collection. The remaining ones are considered
relevant, and their number is the figure appearing in the table. The number of
categories (Cats) in each collection is also included in the table.

Following sections discuss the obtained results.

Overall Comparison. It can be seen how the Major approach outperforms
the rest of the approaches in almost all collections in terms of £}, and is also the
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Table 2. I} values for all methods and collections

Geo| Hi | IT |Major|Minor
APW|0.75|0.74]0.63| 0.75 | 0.72
EFE|0.61|0.61|0.58| 0.62 | 0.60
LAT|0.67|0.67|0.67| 0.75 | 0.67
REU|0.88(0.79|0.76| 0.88 | 0.88
SMT|0.85/0.82(0.71| 0.93 | 0.91
SWB|0.79]0.26{0.53| 0.44 | 0.66

Table 3. Purity values for all methods and collections

Geo| Hi | IT |Major|Minor
APW|0.78(0.63|0.72| 0.80 | 0.74
EFE|0.73|0.60{0.64| 0.75 | 0.70
LAT|0.78]0.66|0.75| 0.73 | 0.79
REU|0.84(0.73|0.77| 0.86 | 0.85
SMT|0.92{0.71]0.89| 0.93 | 0.93
SWB|0.69(0.15]0.38| 0.29 | 0.53

Table 4. Inverse purity values for all methods and collections

Geo| Hi | IT |Major|Minor
APW|0.73|0.88(0.56| 0.70 | 0.70
EFE|0.52|0.63|0.53| 0.53 | 0.53
LAT|0.59]|0.68({0.61| 0.79 | 0.59
REU 0.92/0.86|0.76| 0.90 | 0.89
SMT|0.80{0.97(0.58| 0.92 | 0.90
SWB|0.94/0.92{0.91| 0.97 | 0.89

Table 5. Number of clusters k for all methods and collections

Geo Hi 1T Major | Minor
Cats|All|Rel|All|Rel| All|Rel| All |Rel|All{Rel
APW| 11 (10| 9 |3 | 3 | 8| 8 [60.6/7.0{19| 7
EFE| 6 (12| 7 |4|4|5]| 5 (69.016.2|14| 7
LAT| 8 (14| 9 |6 | 6 | 7| 7 |27.2|4.8|40| 7
REU 10 [6 |6 |44 |6 | 6 |182(5.2|13| 6
SMT| 4 |65 33|97 (206/4.0(18] 4
SWB| 22 (15|15 3| 3 | 8 | 8 [10.4|5.8[22]| 12

best approach in terms of purity in four of the six collections. Its performance
in terms of inverse purity is not always the best, but it is always comparable to
that of the rest of the methods.

The performance of Minor and Geo is quite similar in terms of purity, but
Minor suffers from lower inverse purity, so overall its F} is also lower. The Hi
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method usually gives solutions with a high inverse purity but a low purity, so
in many cases the global F} scores are lower than other approaches. Lastly, the
results of IT do not stand out in any aspect, and its utility outside the Minor
combination seems limited, at least at the light of these results.

Nevertheless, we have applied a Friedman test, followed by pairwise Nemenyi
tests, to account for statistical significance of these differences HE] We only
found that Hi is worse than Major, Minor and Geo in terms of purity; and
that IT is worse than Major in terms of F}. No other significant differences
were found. This is relevant, because it means there is no empirical evidence
supporting the rejection of any of the Geo, Major or Minor methods as less
suitable to the task than the others, in terms of purity, inverse purity or Fj score.

Estimation of the Number of Clusters. Concerning the estimated number
of clusters, we can see how the ensemble-based approaches greatly overestimate
the total number of clusters (All). As explained in Section B4 this is caused by
the presence of a large number of small clusters, and the figures for the number
of relevant clusters (Rel) are much closer to the actual number of categories
(Cats).

However, it can be seen that the estimation of the total number of clusters
by Minor is more accurate than that by Major in all but the LAT collection.
Major shows a bias for purity, and shows a slightly displeasing tendency to
disgregation.

Regarding the individual methods, whereas the estimation by Geo and IT
is fairly accurate; Hi shows a tendency to underestimation, which explains its
high inverse purity values and low purity values. The individual methods do not
present such a large number of small clusters, which on the one hand means
there is not such a risk of disgregation, but on the other one can mean a more
limited capability to detect outliers.

Minor Method. As mentioned before, the performance of Minor method is
only significantly better than that of Hi in terms of purity. Nevertheless, the
results of the combination seem comparable to those of Geo, and better than
those of IT.

Overall, Minor offers a greater stability across document collections than its
components Hi and IT. Moreover, the fact that neither Hi nor IT do not per-
form competitively on document collections (particularly on SWB) suggests that
using some other algorithm more suitable for this kind of data the performance
of Minor could be boosted, and more competitive results could be obtained.

For this reason, together with the facts that its performance is not significantly
worse than that of Major; that it gives a better estimation of the number of
clusters; and that it has no parameters needing to be tuned, whereas Major
requires the values of k., and r have to be determined (see Section [)); we
believe that the Minor method remains an attractive approach, and that more
research should be carried on the topic of small ensembles of heterogeneous
clusterings.
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SWB Collection. The main exception to the general behaviour seems to be
the SWB collection. Almost all methods experiment a considerable decrease
in purity when applied to this data set. We believe this comes from the fact
that, the size of all categories in SWB is quite similar, whereas for the rest of
collections a few large categories cover most of the documents. This makes the
SWB collection harder than the rest, and specially sensitive to underestimation
of the number of clusters.

The fact that all the considered methods do underestimate the number of
clusters (as can be seen in the Rel columns of Table [), causes low values of
purity (in some causes dramatically low, e.g. Hi), and hence of F;. Only Geo
and, to a lesser extent, Minor seem able to find a reasonable (even if still
underestimated) number of relevant clusters (column Rel) in this collection.

6 Conclusions

We have studied the application of a non-parametric ensemble clustering ap-
proach to document collections, and considered two different strategies for the
generation of the clustering ensembles. Lastly, we have carried a set of experi-
ments with real-world data.

At the light of the results, we can conclude that non-parametric ensemble
methods do perform competitively for clustering of document collections. Re-
garding the two considered strategies, whereas the Major approach gives better
figures of purity and F; score, the differences with Minor are not statistically
significant, its estimation of the number of clusters is worse, and it has a number
of parameters to be tuned.

For these reasons, and because there is further room for improvement of the
individual components of Minor, we believe that the results of this heteroge-
neous approach can be boosted, and that it remains an attractive approach for
the task.
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Abstract. The ability to infer the characteristics of offenders from their
criminal behaviour (‘offender profiling’) has only been partially successful
since it has relied on subjective judgments based on limited data. Words and
structured data used in crime descriptions recorded by the police relate to
behavioural features. Thus Language Modelling was applied to an existing
police archive to link behavioural features with significant characteristics of
offenders. Both multinomial and multiple Bernoulli models were used.
Although categories selected are gender and age group, in principle this can be
applied to any characteristic recorded. Results indicate that statistically
significant relationships exist between both age and sex in certain types of
crime. Both types of language model perform with similar effectiveness. It is
also possible to identify automatically specific terms which when taken together
give insight into the style of offending related to a particular group.

Keywords: Text Data Mining, Language Models, Crime Data, Investigative
Psychology, Offender Profiling.

1 Introduction

Since the earliest criminological studies it has been clear that broadly speaking
criminals have characteristics that distinguish them from the general population.
There have also been attempts to demonstrate that certain classes of crime are
typically committed by people who have similar characteristics. It has also been
claimed that what may be called the ‘style’ of the crime or the pattern of behaviour,
typical of any set of crimes, relates directly to subsets of characteristics of offenders.
This process of making inferences about significant features of an offender on the
basis of the kinds of people who commit crimes in that style has often been called
‘offender profiling’. In general such ‘profiles’ are drawn from the subjective
judgement and experience of putative experts with little empirical basis for their
claims. In a few studies, most notably Canter and Fritzon’s study of arson [1], it has
been demonstrated that there are empirically sound relationships between, inter alia,
the age, psychiatric background and personal relationships of offenders and dominant
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features of the crime, such as the nature of the target and whether there was more than
one linked incident.

However, the few empirical studies that have been carried out to develop models
relating offence style to offender characteristics have relied on intensive content
analysis procedures that derive categories from open-ended police and related data
sources. The labour intensity of the work as well as problems of access has meant that
only limited archives have been examined. Furthermore the procedure of deriving
content categories and assigning cases to those categories requires a high level of
expertise and even with extensive training the content analysis can suffer from the
unreliability inherent in subjective judgments. Although the application of data
mining to criminal data is not new [2], the use of generative probabilistic models to
unstructured data presented here departs significantly from typical data mining
techniques.

Information Retrieval (IR) techniques and in particular Language Modelling have
been used to link solved crimes to unsolved crimes with the purpose of prioritising
suspects from a list of known offenders that have committed crimes of the same type
[3]. Such techniques rely on the words and structured data used in the descriptions
relating to features of the offenders’ behaviour. In this study, we wished to determine
whether Language Modelling could identify the group to which an unknown offender
belonged from analysing common patterns of behaviour and thus relate offender
characteristics to criminal style. Although the mathematical approach is similar, from
a psychological point of view it is quite a different problem. We therefore looked at
two crucial characteristics of an offender, age and gender, to determine if automated
analysis of free text could identify differences between the terms used to describe
crimes committed by offenders in different groups. Of course, in principle, this
approach can be extended to any other characteristics of an offender that may be of
interest, such as ethnic group, known usage of drugs, how far the offender has
traveled to the crime site, a history of committing crimes of a different type (e.g. sex
offenders with or without a history of property crime), marital status, sexual
orientation or even personality characteristics. The limitation on such possible studies
is a function of the availability of the criterion data about the characteristics of an
offender, which must be derived from solved crimes where such information is
recorded.

Age and gender are readily available in a reasonably (although it must be admitted
not totally) reliable form in all police records and are of great theoretical and tactical
interest and were thus a useful starting point for exploring the applicability of
Language Models to the ‘offender profiling’ problem. There were four purposes of
the investigation. Firstly, we wanted to see whether differences existed between
groups defined by age and sex. Secondly we wished to show which type of language
model would perform better for this data since there are two types that may be applied
to this kind of data: multinomial and multiple Bernoulli (explained below). Thirdly, it
would be useful to determine if the language models could give us insight as to what
the differences in style between the groups were. Fourthly, a possible use of this
approach is attempting to predict the age and sex of an offender from the description
of an unsolved crime. Although eye-witness descriptions of offenders can be
unreliable they are unlikely to mistake sex or very broad age group. However, there
are areas where such a predictive model would be useful, for example where no
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witnesses were present such as certain burglaries, thefts and acts of criminal damage.
We wished to establish if the models had any predictive power.

The rest of the paper is organised as follows: Section 2 describes the nature of the
police digital archives and of the data to be analysed. In Section 3 we show how
Language Modelling may be used to characterise criminal behaviour and provide a
novel justification for its use. We also explain the two types of language model used
here. Section 4 describes how the crime descriptions, recorded as a mixture of
structured data and free text, are indexed for the purposes of analysis. In Section 5 we
apply the models to 8 datasets representing different crimes types and show that there
is a statistically significant difference between groups defined by age and sex. Section
6 looks more specifically at the features associated with each sex and age group; this
takes us beyond a traditional classification problem. In Section 7, we offer some
conclusions.

2 Criminal Data Used for Analysis

The data used in this study were extracted from a police distributed digital archive
containing crimes committed over a four-year period in an inner city district. The
three fields which gave information about the offenders’ behaviour were:

e  Free text describing the method employed by the offender in an informal note
form, typically consisting of 20 words;

e Zero or more feature codes (typically 1 or 2) where each code represents the
presence of a specific aspect of behaviour from a predefined list;

e A single allegation code describing the type or sub type of offence.

Henceforth we shall consider this information to be a single document.

Crimes were grouped according to allegation code with similar offences placed in
the same set. For example, there are 8 possible allegation codes which describe
different sub-types of burglary and these offences were grouped as burglaries. Only
solved crimes were considered for the study and then only offences with a single
offender were used. For each crime therefore there was an offender with an age (as of
when offence was committed) and a gender. Note that although it is the eventual
intention to apply the data to actual unsolved crimes, for the purpose of analysis some
solved crimes are treated as ‘unsolved’ to test the models proposed here.

3 Language Models of Behaviour

The rationale for being able to distinguish sex or age of offenders from their actions
rests on there being significant behavioural differences between these groups and
these differences being revealed in the vocabulary used to record the crime within the
criminal records. We argue in the rest of this section that Language Modelling
provides a theoretically principled way of relating a document describing an offence
to the group most likely to contain the culprit.
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3.1 Features and Terms

From a crime description it is possible for researchers to identify salient features
relating to aspects of the offenders behaviour. In previous studies [4, 5], features have
been identified by means of content analysis of the text. Such a procedure necessarily
requires human analysis of each crime description and is both time consuming and
requires a degree of expertise by the indexer. An alternative approach, employed here,
is to perform automatic indexing of the descriptions using standard Information
Retrieval techniques. Thus each document is reduced to a number of tokens (words,
phrases or codes) and these are counted to yield a vector of terms.

Many words used to describe the crime will reveal features of that offence. For
example words such as punch, argument and drunk will reveal the behaviour of the
offender when committing an assault. However, the relationship between
automatically derived terms and behavioural features that would be identified by
humans is complex and still not fully understood. There is certainly no one-to-one
correspondence. Many terms in the document give no information about the
offenders’ behaviour and thus do not relate to any identifiable feature, e.g. suspect,
unlawfully, address. There will also be sets of terms which may all relate to the same
feature since identical behaviour can be recorded in different words. For example,
where an assault has the feature of being racist in nature the terms racist, racial,
racially or indeed quoted terms of racist abuse would all indicate the presence of this
feature. Nevertheless, by using a Language Modelling approach the underlying
relationship between terms and behavioural features can be exploited. This was
demonstrated by linking individual offenders to unsolved crimes from past offending
history [3] and provides evidence that vectors of terms contain feature information.
Indeed, if there were not some identifiable relationship between the language used to
describe actions and those actions then language would have little utility. The task,
though, is to demonstrate that specific, automatable Language Modelling approaches
do actually generate fruitful and reliable distinctions.

3.2 Document Generation

The (unintended) consequence of an offender committing a crime is that, if reported
to the police, a document will be created to describe it. Such a document will be the
result of some investigation and will describe features of the offender’s behaviour.
We therefore argue that the offender’s behaviour generates a document even though
the putative author is actually a police officer. In fact the police officer is only
partially free in the description s/he gives. Training will have limited the language on
which the police officer can draw as will the particular data management system that
s/he will be required to use. The police officer is thus an ‘author’ in a very restricted
sense, but the document is definitely initiated and its content greatly influenced by
what the offender does.

A language model [6, 7] is a process which randomly emits terms (e.g. words)
drawn from a predefined vocabulary. Each model will emit terms with differing
frequencies and indeed a language model can be wholly characterised by the
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probability assigned to each term in the vocabulary. We argue that an offender
generates behavioral features when committing an offence. Thus we can model an
individual offender as having probabilities associated with each feature. Categories of
offenders too will have probabilities associated with them although differences may
be less pronounced. This will then be reflected in the probability of occurrence of
terms in the documents generated by criminal activity.

Assigning crime reports to offender categories is a form of document classification.
Researchers [8,9, 10] have previously used language models for document
classification and such an approach was essentially Bayesian. We too adopt a
Bayesian approach but, in common with most IR applications, apply models that are
unigram in that they consider each term independently and do not take account of the
preceding tokens. The fact that we are using a mixture of terms derived from free text
and structured data means that n-gram models which consider preceding terms would
not be appropriate. Furthermore n-gram models require considerable training data
both in terms of number and length of the documents which is not the case here.

The language model is thus a stochastic process which creates some vector of
terms which corresponds to that created by automatic indexing. Strictly speaking,
therefore, we should say that the language model generates the index of the document,
but for brevity we shall say that we are generating the document. For each category of
offender we will have one language model and for an unsolved crime we calculate
which of these models was most likely to have generated it.

There are two types of unigram language model: multinomial and multiple
Bernoulli. The former considers the number of occurrences each term has in a
document and produces a non-negative integer-valued vector. We can consider
multinomial model to be like drawing balls from an urn with replacement where many
balls may have the same term written on them. The Bernoulli considers only whether
a term is present of absent and so yields a Boolean vector where entries are O or 1. It
can be modelled as someone systematically running through each term in the
vocabulary and throwing dice to determine if it should be present or not where the
dice score to trigger inclusion will vary for each term. The original application of
Language Modelling to Information Retrieval applied the Bernoulli model [6]
although multinomial models have become more frequently used in IR [7]. There are
a number of reasons for believing a priori that Bernoulli models more closely match
the properties of these data.

1. Terms derived from codes are either present or absent.

2. Terms from free text rarely appear more than once except stopwords (e.g. the,
by, and) which were removed from the analysis anyhow.

3. Losada [11] shows that for question answering (QA), Bernoulli models work
better. QA deals with very small sub-documents of a size not unlike the ones
which are the subject of this analysis.

However, McCallum and Nigam [12] show that multinomial models start to
outperform Bernoulli in document classification where the vocabulary is over 1000.
The vocabulary sizes vary between datasets (see Table 1) some being greater and
others less than 1000. Therefore we applied both types of model for the purposes of
comparison.
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3.3 Probability of Generation

Without loss of generality we consider categorisation by gender. Thus we will have
two language models: male (m) and female (f). For multinomial models, the
probability of a given document, d, being created given the male model is:
d|m Hpt\ (M) (1)
where p(t|m) is the probability that the male model will emit term ¢ and <t.9) is the
count of occurrences of 7 in document d. For multiple Bernoulli models
d\m Hptlmxl_[ t\m )
ted ted

We actually want to calculate the probability that an offender is male given we have
seen the description of that crime, so we use Bayes’ theorem.

plm|a)= 2L P1m)

p(d)

where p(m) is the prior probability that the offender is male. For most crime types,
males are much more likely to offend than females. So, this can be estimated from the
solved crimes as simply the proportion of offences committed by males. The
denominator p(d) is the probability that the document could have been generated at
all. It can be eliminated by requiring that the sum of all probabilities is unity.

The solved crimes are used to calibrate the language models. We can estimate the
probability that a language model (say the male one) will emit a given term ¢ from the
frequency with which it was emitted when generating all the solved male crimes.
Thus for a multinomial model we have:

dz:‘{c(t,d)
p(l‘\m)= E’Z‘d‘ “)

deM

3)

where M is the set of offences known to have been committed by males and I is the
size of document d. For a Bernoulli model

S|
pleim)= " )
[M]
where S, c M is the subset of documents containing the term 7. These formulae define
the unsmoothed language models, which if used to calibrate the language models, will
result in poor performance because of the Zero Propagatability Problem (ZPP) as now
explained.

3.4 Smoothing

The ZPP was identified as a problem in the application of Language Models [6, 13] to
Information Retrieval. It refers to the problem of any term not appearing in the
training data for a given category. The unsmoothed model will calculate the
probability of any such term being emitted to be zero, and thus assign a probability of
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zero to any document containing it. For language models of behaviour, this has a clear
interpretation.

A fundamental assumption of Investigative Psychology is that behaviour observed
in the past is more likely to be observed in the future. But, if it has not been observed
in the past, it cannot be assumed that it will never occur in the future — it is just less
likely. The unfortunate consequence of an unsmoothed model is that it forbids novel
behaviour. Furthermore, given the imprecise relationship between terms and features,
the same behavioural feature might be described differently with new terms and this
would mean a language model would also have a zero probability of generating it.

The standard solution to this problem is smoothing. This means adjusting the
language model so that no term has a zero probability. There are numerous smoothing
strategies. Jelinek-Mercer [14] smoothing was shown previously to work well with
crime data [3] and this also has a natural interpretation. We define one extra language
model - a universal model which models the behaviour of every offender. This is
calibrated using the entire dataset, including both solved and unsolved crimes. Thus
the probability of any term being emitted will, by definition, never be zero. So, by
mixing the past behaviour of male offenders with those of the universal offender we
create a model which implies any future behaviour is possible, although past male
behaviour is more likely. This can be expressed as:

Psmoothed (t ‘ m) = (l - X)p (t ‘ m)+ AP niversal (t ) (6)

where A is the smoothing parameter set to 0.5.

4 Automatic Indexing

In order to calibrate the language models, we require that each document is reduced to
a vector of terms. A (context free) lemmatiser was used rather than a stemmer so that
words would be more readable and not have the ends mutilated. This was built using
WordNet [15]. Stopwords from a standard list were also removed from the text.

The structured data (feature and allegation codes) appears in the police archive as
two letter codes. These were mapped to meaningful hyphenated phrases and preceded
by a non-alphabetic character ($) so that they could be identified from terms which
originated from the free text e.g. $victim-harassed.

There was also a problem of gender and age specific vocabulary used in the
description. In many cases the age and sex of the offender would be known when the
document was created, e.g. if the offender was caught while committing the offence
or a clear description was given by an eye witness. If there were words in the text
which identified the age or sex of the offender, the language models would pick up on
this so that would seriously bias the model. Therefore, sex and age specific
vocabulary were either removed or converted to gender and age neutral proxies e.g.,
girlfriend and boyfriend became partner.

S Experimental Procedure and Results

The approach described here will work for any finite number of categories. Clearly
when using gender as a characteristic, there will only be 2. For age there could, in
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principle be any number although to create one for each year of age would spread the
training data too thinly but 3 or 4 categories would be sensible. Nevertheless it was
decided that for the purposes of the experiment there would be just 2, above and
below the median age henceforth known as older and younger.

Within each crime set there were a number of serial crimes — two or more crimes
by the same offender. Including these in the analysis would create a possible source of
bias. If, for example, a prolific female offender committed a number of crimes with a
distinct Modus Operandi, this might be seen as defining female features when in fact
it was just the behaviour of one female. We term this the serial crime problem.

An adaptation of the Leave-One-Out (LOO) method was adopted to validate the
models. Usually, this would involve removing each data point in turn and using all
others to train the models, simulating a scenario where there was already an archive of
solved crimes and one new unsolved crime. However, to avoid the serial crime
problem, we remove all the crime committed by each offender in turn and use all
crimes not committed by that offender to train the models. Table 1 shows the size of
the 8 data sets with categorisation of the crimes. Because there were so few female
offenders for some datasets it was not possible to validate the gender model in these
cases.

Table 1. Numbers of Crimes, Offenders, Vocabulary Size etc

Crime Type Number Male | Female | Number of Median Vocabulary

of Crimes | Crimes | Offenders Age Size
Crimes

Theft from 248 244 4 159 26 367

Vehicles

Other Theft 326 260 66 284 25 736

Shoplifting 2060 1399 661 1618 29 968

Assault 2073 1691 382 1881 31 1507

Criminal Damage 849 725 124 724 26 1114

Damage to 220 193 27 207 27 438

Vehicles

Burglary 1126 1060 66 556 27 1136

Robbery 263 252 11 210 18 544

———ROCCurve  seeseesee 45 degree line ———ROCCurve  seeseesee 45 degree line

Sensivity
Sensivity

Specificity Specificity

Fig. 1. ROC Curve for Age Model (left) and Sex (right) Applied to Criminal Damage
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5.1 ROC Analysis

This form of analysis is applicable for any continuous variable being used to predict
an item belonging to one of two groups. Here, we have the estimated probability that
the offender for a given crime is either male or adult respectively. By setting some
cut-off point, the offences can be partitioned into two sets: upper and lower. For each
possible cut-off point between 0 and 1, we expect more males (respectively older) to
be in upper set. A ROC graph shows the sensitivity of the model, the proportion of
males (older) in the upper set, against the specificity, the proportion of females
(younger) in the lower set. A straight line implies that the model has no predictive
power and is no better than random. A curve bowed above the 45° line implies that
the model does have predictive power. A measure of the bowedness of this curve is
AUC (Area Under the Curve) and values above 0.5 imply some predictive power.
Figure 1 shows the ROC curves for criminal damage for the age and sex models
respectively using the Bernoulli formulation (The multinomial version would appear
very similar). It demonstrates that whereas there are distinct behavioural differences
based on age, these are weaker when considering male and female offenders. Table 2
and 3 shows AUC for both models applied to the 8 datasets. For 2 data sets there were
not enough crimes committed by females to make analysis meaningful. Note that all
models except damage to vehicles by sex show AUC at greater than 0.5 showing
measurable differences in behaviour between age and sex categories. Note also that if
the results were purely random, we would expect AUC to be below 0.5 as often as
above it. Applying the Wilcoxon Ranked Sign Test to the age and sex models allows
us to conclude a relationship with age to 1% significance and with sex to 5%
significance. There are no striking differences between the performance of both types
of models. However, if we use AUC as a measure of the performance of each model
then we can use the two-sided Ranked Sign Test to determine if there were significant
differences in performance of the models. We can conclude with 5% significance that
Bernoulli models work better than multinomial ones.

5.2 Statistical Significance of Predictions

We attempted to use the model to perform actual classification by choosing the
optimal category — this being the one which maximises the posterior probabilities.
Given that the models estimate the probability that the offender will be in one of two
categories, we can set the cut off point at 0.5. So if a crime shows a probability of

Table 2. Results of ROC Analysis and Chi-squared Test for Sex Model

Crime ROC Analysis - AUC Chi-Squared Test - significance
Multinomial | Bernoulli Multinomial Bernoulli
Other Theft 0.558 0.564 0.483 0.269
Shoplifting 0.653 0.655 <0.001 <0.001
Assault 0.697 0.705 <0.001 <0.001
Criminal Damage 0.557 0.558 0.219 0.455
Damage to Vehicles 0.453 0.474 0.141 0.199
Burglary 0.584 0.588 <0.001 <0.001
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Table 3. Results of ROC Analysis and Chi-squared Test for Age Model

Crime ROC Analysis - AUC Chi-Squared Test - significance
Multinomial | Bernoulli | Multinomial Bernoulli

Theft from Vehicles 0.638 0.623 0.015 0.002
Other Theft 0.569 0.574 0.046 0.022
Shoplifting 0.586 0.587 <0.001 <0.001
Assault 0.564 0.561 <0.001 <0.001
Criminal Damage 0.586 0.609 <0.001 <0.001
Damage to Vehicles 0.586 0.610 0.006 0.002
Burglary 0.527 0.525 0.155 0.081
Robbery 0.677 0.690 <0.001 <0.001

more than 0.5 of being a male we assume the model predicts it to be a male.
Otherwise we assume that we are predicting a female. A similar technique may be
used for the age models. We can compare the predictions with the known category by
using the chi-squared test. Tables 2 and 3 show the level of significance with bold
indicating significance at 5% for a one sided Chi-squared test.

We can see that shoplifting and assault show significance differences for both sex
and age. Criminal damage and other theft show significance for age but not sex.
Robbery and theft from vehicles, which are overwhelmingly male crimes, also show
significance for age. Burglary shows significance for sex but not age. The fact that
some datasets do not show significance has two possible explanations. It may be that
there was insufficient data and a larger dataset would pick up a (probably weak)
correlation. However it may also be that there are no observable behavioural
differences between the groups in the first place. Note that again that multinomial and
Bernoulli models perform similarly.

6 Analysis of Vocabulary

For each term in the vocabulary, we can determine to what extent it is associated with
each category. Terms with a behavioural significance can be used to signify features
more commonly associated with particular characteristics of offenders. So, we can
define a measure of the maleness of a term as

ple|m)-ple] f)

where these are the probabilities of a given term being emitted from the unsmoothed
language models of either type. A measure of maturity can be defined similarly using
the younger and older models. We can then rank the terms by this measure and
identify the terms most associated with male or female offenders (younger and older
offenders respectively). Table 4 shows the top ten terms associated with offender
characteristics for assault and criminal damage using here the multinomial models.
Each model type will rank vocabulary slightly differently but the results are broadly
similar. Note that some terms are proxies to avoid gender-specific terms. Examples
are parent, partner and spouse. Note also that terms beginning with a $ sign are
feature or allegation codes. All others come from the free text.

(M
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Table 4. Most Common Terms Associated with Each Language Model

Ran Assault Criminal Damage
k Most Male-related Most Female-related Most Older-related Most Younger-related
Terms Terms Terms Terms
1 punch $common-assault door stone
2 $victim-punched parent victim $criminal-damage-not-
high-value
3 $actual-bodily-harm | slap smash cause
4 suspect victim front $graffiti
5 assault S$attack arrest graffito
6 head accuse entry property
7 partner scratch make spray
8 $victim-pushed hit spouse break
9 $victim-threatened face drive wall
10 $assault-section- injury suspect accuse
eighteen

Inspection of the terms alone shows some distinct patterns. A typical style of
assault by a male will involve punching and injury to the head as well as pushing and
threatening, whereas females scratch and slap. Males are more likely to assault a
girlfriend (partner) whereas for females the violence is inter-generational. It is not
clear from the terms whether the assaults are of parents or by parents although further
inspection of the actual text reveals the latter is actually more likely. Male assaults
appear to be more serious — section 18 assault and actual bodily harm are more
serious allegations than common assault. For criminal damage, typical younger
behaviour appears to be throwing stones and spraying walls with graffiti. Adults are
more likely to smash windows and kick in doors. The damage appears to be directed
at a specific victim. Smashing up a bus shelter is not a crime directed at an individual.
However, criminal damage can be directed at a particular person and this appears to
be a feature of older offenders. The presence of spouse implies that these are often
domestic incidents. Clearly a more detailed analysis of all the terms, of which there
are several hundred, over all the datasets would reveal further patterns. For example,
older male shoplifters are more likely to steal spirits evidenced by words such as
bottle, whisky and vodka. Also this is, of course, only one dataset from one locality
and does not mean that these patterns are universal.

7 Conclusions

The results show that Language Models are capable of identifying differences in
criminal styles between males and females and between older and younger offenders.
It thus shows the power of an approach that could be applied more widely to other
categories. Bernoulli models outperform multinomial models although the difference
in performance is not great. For offences where there may be no eye-witnesses such
as criminal damage, burglary and damage to vehicles the approach can indicate the
likely age or sex of the offender. Furthermore the models can be used to characterise
styles of behaviour. The analysis of the most dominant terms in each language model
does reveal interesting characterisations of behavioural styles. This takes the use of
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language models beyond mere classification in that it can shed light on the material
differences in behaviours between categories of offender.
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Abstract. Designing interfaces for human-computer interaction components is
time-consuming, error-prone, and requires substantial programming skills.
Therefore, a variety of models for designing interfaces on a more abstract and
intuitive level have been proposed, a few of them being based on ingredients of
human discourse processing techniques. In this paper, we compare and contrast
two of these approaches, and we develop essentials of a joint model which
profits from their complementary advantages. Essential factors in this model are
an adequate distribution of labor between the design made by the user and the
operationalization capabilities of the system, suitable elements for the design
language available to the user, and techniques that allow the specification of
effective interaction sequences. The model is intended as the basis for an
interaction design tool that allows the specification of graphical user interfaces
as well as multi-modal interaction with a robot in a restricted real-world
environment.

1 Introduction

Designing interfaces for human-computer interaction (HCI) components tends to
require increasing resources in developing software systems. Moreover, existing tools
do not well support the designer in avoiding errors, and developing interfaces requires
substantial programming skills. The last two factors are also characteristic for the
development of the proper interaction part in natural language dialog systems.
Because of this bottleneck in software engineering, a variety of models for supporting
the design of human-computer interaction components on a symbolic level have been
proposed, and the results are ultimately compiled into the proper interface software.
However, only a few of these appraoches operate on a more abstract and intuitive
level in terms of the semantics of the underlying communication rather than the
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syntax of widgets. Among these, only two [3,7] are based on ingredients of human
discourse processing techniques, so that also communication in natural language is
supported, which makes them highly interesting for our purposes.

In this paper, we compare and contrast these two approaches. The first one is
based on concepts of rhetorical relations and communcative acts, and it comes with a
graphical model development tool and operationalizations in terms of finite-state
machines. The second one is based on concepts of information state-based techniques
for modeling the effects of natural language discourse, applied to human-computer
communication situations; it is only a theoretical model. On that basis, we develop
essentials of a joint model which profits from their complementary advantages.
Essential factors in this model are an adequate distribution of labor between the
design made by the user and the operationalization capabilities of the system, suitable
elements for the design language available to the user, and techniques that allow the
specification of effective interaction sequences.

This paper is organized as follows. We first motivate our approach. Then we
describe the two complementary models, and we compare and contrast them. We
follow with stating and justifying desiderata for a joint model. Next, we describe and
explain some central concepts in a joint model that meets these desiderata, and we
discuss some examples. Finally, we describe the intended application of the joint
model and discuss some future extensions that strongly increase its usefulness.

2 Motivation

In the introduction, we have stated that designing interfaces for human-computer
interaction components is time-consuming, error-prone, and requires substantial
programming skills. In our view, a fundamental reason for this unsatisfactory
situation lies in the way the development process is organized, which widely works
on a syntactic level in terms of sets of widgets, rather than on a semantic level
capturing the task-relevant flow of information. Thus, we believe that specifying
interfaces on a more abstract level is easier and more intuitive for developers and it
can be done faster, since it discharges them from the burden of manipulating low-
level technicalities. Consequently, it allows one to concentrate on conceptual issues of
the interface development.

An essential hope to make the development of human-computer interaction
components easier and less error-prone lies in using descriptions of components,
functionality, and behavior of these interfaces that capture the semantics of the
communication involved. An important impact of such a specification technique lies
in avoiding the need for technical expertise. This would make the interface
development process accessible to the domain experts as well, which is beneficial
since these people have a better understanding of the required system functionality.
Opening up the task of interface development to a larger segment of potential users is
the essential social and organizational motivation for the approaches addressed in this
paper,

Besides increasing the ease of development and its comprehensibility, there are
also a number of technical motivations that have impact on how interfaces can be
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designed, tested, maintained, and even applied in varying contexts. Some of these
issues are related to the correctness aspect:

e Consistency
In principle, abstract models have the potential of supporting a developer signifi-
cantly in this respect, when generalities can be expressed at an appropriate place.
For example, navigation options can be specified once for an application fragment
so that they are percolated systematically to all relevant places. Another factor are
requirements of being conform to norms or conventions, some of which can only
be checked at an abstract description level. Handling such requirements effectively
is also considered an advantage of natural language generation systems.

e Completeness
The development of a human-computer interaction component may turn out to be
problematic when applications get larger and taking into account all possible
constellations gets increasingly harder for the designer. Consequently, it may
easily happen that some situation is forgotten, which is very expensive to uncover
by extensive testing.

Further advantages concern the development over time and its usage in divergent
environments:

e [Extendability
This issue essentially addresses the first two items above, from the perspective of
incremental development. Hence, every support mentioned there is likely to pertain
to supporting extendability as well. Specifically, the use of an abstract level of
design pays off in cases where the additional properties are a simple adds-on in
conceptual terms, but require considerable recasting in the appearance of the
interaction elements. Moreover, incremental development with inspection facilities
of the state of completion are even beneficial for a first-shot development.

e Adaptivity
The demand of using an application program under varying devices is best met by
a separation into abstract and physical description levels of an interface, which is
typically underlying linguistic approaches [1, 9]. Such a separation essentially
corresponds to factoring out device-independent issues from those which at least
potentially depend on given presentation facilities.

In the following descriptions, we will refer to some of these motivations.

3 Two Methods for Interface Design

In this section, we describe the two methods that model human-computer interaction
on a more abstract semantic level, and we compare and contrast them in terms of their
contribution and potential cross-fertilization. These models are (1) an operationalized
system mostly based on communicative acts and rhetorical relations [2,3] that comes
with a modeling tool (subsection 3.1), and (2) a theoretical development [7] that is
based on the technique of representing and processing “information states”
(subsection 3.2). The comparative assessment is made in the last subsection (3.3.).
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3.1 The Model Based on Communicative Acts and Rhetorical Relations

The model described in this subsection is based on results from Speech act theory
[141], Rhetorical Structure Theory (RST) [12], and Conversation analysis [11], and it
is used for modeling interaction design. From Speech act theory, this model borrows
communicative acts that express intentions in the sense of desired effects of the
environment. Communicative acts are generalizations of speech acts in the sense that
they abstract from the form in which the information associated is transmitted, where
they refer to elements of the domain of discourse. This may not only be done in
natural language, but also by some other medium, such as some kind of widgets in a
Graphical User Interface (GUI), or even some conventionally interpretable gesture.
Some of the communicative acts used are Question, Answer, Offer, Accept, Reject,
Request, and Confirm. Rhetorical Structure Theory which is a linguistic theory
focusing on the function of text and widely applied to natural language generation,
provides internal relationships among text portions and associated constraints
and effects. These relations are used to put together related portions of information in
the interaction model, and the associated constraints and effects are exploited in the
operationalization, for example, to motivate decisions about how to organize the
presentation of semantically related information in the later applied rendering process.
Rhetorical relations used comprise a subset of the ideational subcategory (essentially
relations that express a semantic view), including JOINT, CONDITION,
ELABORATION, and BACKGROUND. Conversation analysis, finally, provides
evidence about sequences of naturally occurring talk “turns”, which constitute
patterns regarded familiar to humans. Some of the simpler patterns are used for
modeling interaction design, such as “adjacency pairs” (e.g., an Offer and an Accept),
and “inserted sequence”.

In structural terms, the model combines communicative acts into adjacency pairs
so that the communicative acts form meaningful patterns. To account to some extent
for the diversity of possible reactions in a discourse, alternatives are allowed for the
second component of such a pair, such as Accept and Reject going together with an
Offer. These adjacency pairs (sometimes also two related adjacency pairs sharing the
first component) form the leaf nodes in a tree which is composed by rhetorical
relations. Thus, rhetorical relations recursively build a discourse tree, as in Rhetorical
Structure Theory, but the leaf nodes are populated by small interaction patterns in the
form of adjacency pairs instead of text portions. In that sense, the model presents a
combination of dialogic elements with rhetorical relations that are typically used to
describe internal relations in monologic discourse. A graphical tool has been
implemented that allows the user to incrementally design a task-oriented interaction
model. Thereby, the user is suitably guided in his actions insofar as he is only allowed
to build models that conform to the underlying definitions — for example, he is forced
to obey to the arity of rhetorical relations, and he can only put together
communicative acts that form an adjacency pair. Figure 1 shows a fragment of a
discourse tree for this approach. Rhetorical relations are enclosed in rectangles,
joining their nuclues (N) and satellite (S). Communicative acts appear in ovals, with
the category of the communicative act on top, and content specifications below. The
small triangles link together adjacency pairs. The diagram models a simplified flight
booking dialog: the system asks the user about date, departure and arrival localions,
connected by JOINT relations. Provided this worked out successfully (according to the
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FlightDate

OpenQuestion

NG/ AN

Fig. 1. A fragment of an interaction design based on the model based on rhetorical relations

rhetorical relation CONDITION), the system offers the user a set of flights that meet
these specifications, so that the user can finally accept this offer by picking one of
these flights.

The interaction design built this way can be conceived as design rationale for the
interface. This tree represents a kind of typical interaction, strictly speaking one
straightforward example of a conversation where no extra or repetitive turns of
interaction occur. Since this is both unrealistic and inflexible, some reasonable form
of “extended” interpretation is implicitly assumed, such as repeating a question until
answered satisfactorily. Consequently, a rhetorical tree in the discourse model
somehow represents a set of discourses where each member is conform to one of the
options implicitly contained in the rhetorical tree specifications. So far, a member of
this set differs from other members only in terms of user answers (acceptable or
inacceptable ones), which may or may not lead to the repetitions of a subdialog in
dependency of the answer category.

Based on a number of tutorials and a few experiments, there is evidence that
moderately trained people are able to specify reasonable interaction models by using the
tool. Fully specified models can be operationalized in terms of an abstract user interface
model [4], which is further transformed into a concrete interface with suitably rendered
widgets. For this transformation step, techniques have been developed to adapt the
interface to the situational context, such as device constraints [5].

3.2 The Model Based on the Information State Approach

Before describing the model based on the information state approach, we give some
background information about this technique. According to Traum and Larsson [10,
15], the purpose of dialog modeling with information states includes the following
functionalities:

e updating the dialog context on the basis of interpreted utterances
e providing context-dependent expectations for interpreting observed signals
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e interfacing with task processing, to coordinate dialog and non-dialog behavior and
reasoning
e deciding what content to express next and when to express it

When it comes down to more details, there are not many standards about the
information state, and its use for acting as a system in a conversation needs to be
elaborated. Approaches pursued typically address certain text sorts or phenomena
such as some classes of speech acts, in abstract semantics. Elaborations have been
made for typical situations in information-seeking and task-oriented dialogs,
including grounding and obligations [8, 13].

Table 1. Some ingredients of an interaction design based on the information state-based model

Rule trigger Force of the rule and some preconditions
ask(S,U,x) introduces a user obligation to answer the question eventually
answer(U,S,x) requires an obligation for conveying x, adds new information to the
common ground, and propagates constraints
inform(S,U ,x) effects are not modeled; used for error messages
accept(U ,x) requires an active user obligation regarding an offer with regard to x,
drops the obligation, and activates x
accept(S,x) retracts all user obligations within the scope of x, pops previous user

communicative acts from the stack, and also preceeding system
communicative act, unless corrections of specifications are permitted

reject(S,x) retracts preceeding common ground update, pops previous user
communicative act from the stack

The model based on the information state approach is built around four central
concepts: 1) communicative acts, 2) the discourse history, 3) discourse objects, and 4)
system functionalities. These concepts are quite standard except to the system
functionalities, which are the concept particular to this model. Communicative acts
are widely in accordance with the other model described in this section, with
categories chosen/elaborated according to the needs of HCI. The discourse history
constitutes a representation of the active part of the course of interaction, as far as it is
relevant for references to discourse objects and reasoning about communicative acts,
organized in terms of focus spaces in the sense of Grosz and Sidner [6]. Discourse
objects represent abstractions of domain objects, in terms of partial descriptions of the
properties of domain objects. They play the role of binding several pieces of
information that are possibly communicated at different times. Hence, these objects
are incrementally made more precise over the course of communication. System
functionalities represent purely functional views of subcomponents of the application
system such that these functionalities are accessible by appropriate procedures.
The system functionalities are conceived as a set of actions performed by the
application system, reduced to their input/output behavior. The input is defined in
terms of a set of discourse objects. The output expresses changes imposed on
discourse objects or the creation of new ones, accompanied by the state of the action
performed. In addition, dependencies on system functionalities are expressed, which
is used for determining the state of a task on the basis of the state of those tasks it is
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depending on. This way, task completion is checked, which enables adequate
bookkeeping in the discourse history.

On the basis of these four concepts, information state-based update rules are
defined. These rules encapsulate the effect of communicative acts, and they are
invoked to determine a reaction when it is the system's turn. Obligations and
commitments carried by communicative acts are put on the stack that represents the
discourse history. Simultaneously, the state of discourse objects is maintained; once
specified to a sufficient degree, access conditions of system functionalities may be
accomplished, so that they are invoked by update rules. The results of system
functionalities, in turn, are typically such that some of the obligations and
commitments are retracted again as a consequence of the corresponding rules. Table 1
shows descriptions of the effects of some communicative acts on the information
state. In Figure 2, a fragment of interaction sequences for this approach is shown,
elaborated for the task of flight booking. It widely covers the same task as Figure 1
does for the other model. In Figure 2, system functionalities are enclosed in triangles,
and a rectangles is used to put together the set of communicative acts that the user can
address during the flight specification, which can be considered the abstract
counterpart to some portion of a form that allows users to specify their demands in a
GUI. The system functionality Check Inform takes care of verifying the correctness of
individual user specifications, which may be influenced by the information state — for
example, the specification of the second airport location must be such that a
connection exists from the first location. The system functionality Perform Action
searches the database for the given specifications and delivers the results in terms of a
list of flights.

Answer(U,S,...) \

Accept(S,U,...) <—
Ask(S,U,?FromAirport) / Reject(S.U,...) g—"
Ask(S,U,?ToAirport) </Inform(S,U,...)
Ask(S,U,?FlightDate) _
Offer(S,U,?ListOfFlights) Reject(S,U,...)
- InformS,U,..)

Accept(S,U,...)

Accept(U,S,0Offer(S,U...)) —P™

Fig. 2. A fragment of an interaction design based on the information state-based model

3.3 Comparing and Constrasting the Two Models

The preceeding two subsections have illustrated that the two models have a widely
comparable functionality, as far as the abstract perspective of the models is
concerned. Obvious commonalities are in some sense the “observables”, that is, the
communicative acts and the role of the domain model. Compared to the system
functionalities, the incorporation of the domain model elements is specified in the
model based on rhetorical relations in a less formal manner. Another commonality is
the primary effect that both models achieve: they regulate the sensible composition of
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communicative acts, both in terms of sequences that are possible in principle, as well
as with regard to the development of the discourse in dependency of the content of
communicative acts, although the model based on rhetorical relations does this in an
implicit form — repeating a communicative act until some condition is met. However,
the techniques to regulate compositions are quite different.

There is one component in each model which has no counterpart in the other one:
rhetorical relations in the model presented first, and obligations and commitments in
the other model. Each of these components has a specific benefit. Rhetorical relations
do not only indicate constraints for the course of the conversation, such as a
CONDITION, which requires the subdialog rooted under its satellite to provide
suitably instantiated domain model elements (such as flight data in Figure 1), in order
to process its nucleus (such as the list of flights matching these specifications in
Figure 1). Moreover, rhetorical relations carry information about how components of
closely related subtrees, such as some connected information-seeking adjacency pairs,
are semantically related. In Figure 1, for instance, the two subdialogs about the from-
and to-airport built one substructure, which is then connected to a subdialog about the
flight date; in Figure 2, the questions associated with these items appear in a simple
list, together with the offer to list suitable flights. In the model based on rhetorical
relations, this information is exploited by the subsequent rendering process to support
a cognitively adequate grouping of the associated communicative acts. The role of
obligations and commitments lies more on a meta-level. They constitute explicit
representations of open issues in a discourse, which in the model based on rhetorical
relations resides implicitly in the composition of subdialog structures. Consequently,
the model based on information state allows for reasoning about open obligations and
commitments, which can be incorporated in update rules that determine the next
system action. However, in the elaborations made so far, this is done in a quite
straightforward manner, essentially following the order in which obligations and
commitments have been established in a reverse, stack-oriented manner. Thus,
rhetorical relations clearly have their merits, and it seems not too difficult to integrate
them into the information state model, imposing some sort of structure on sets of
related communicative acts. An explicit representation of commitments and
obligations also has its merits, but it appears to be an overshot when modeling HCI.
Hence, it is not too bad if these representations are not integrated in the model based
on rhetorical relations.

Table 2. A comparison between the two models

Model based on Rhetorical relations Information state
control over correctness high, especially in the form in general low
flexibility in specifications relatively low relatively high
coverage so far basic medium
ease to build specifications reasonably good requires rule building skills

A crucial difference between the models are the methods by which results are
achieved. In the model based on rhetorical relations, a combination of structural and
functional elements captured in the composition of rhetorical relations, communicative
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acts, and the interpretation of alternatives and repetitions due to still unmet constraints
are the driving forces for the operationalization of the model. In the model based on
information state, the operationalization lies entirely in the update rules and their
coordination. The structural backbone of the model based on rhetorical relations gives
the designer much control, but the repertoire of the defined structural compositions
somehow limits the flexibility in modeling. In contrast, the set of update rules in the
information state-based model gives the designer much flexibility, but it also leaves him
with the burdon of controling the effects of the defined set of rules.

Further differences concern the coverage achieved so far, and the ease to build
specifications. At present, the coverage of the information state-based model seems to
be higher insofar as typical patterns of subdialogs are handled, such as explicit
rejection and associated information, and repeated options of making additional
specifications or changing already given ones. The specification of these patterns can
also be done quicker than in the model based on rhetorical relations, but it requires
familiarity with formulating updates rules and coordinating them with the existing set
of rules. As mentioned earlier, there is evidence for the ease and intuitiveness in
modeling with rhetorical relations and communicative acts, which enables users to
produce something meaningful after a short introduction. For the information state-
based model, developing a rule-based system is the task to be accomplished, which
requires some sort of programming skill. Hence, the two models can in some sense be
contrasted on a spectrum ranging from good control which is increasingly compen-
sated by flexibility along this scale. A similar contrast appears between coverage,
which is in some sense associated with quick development facilities, and ease of
handling and understanding the modeling facilities. The compensative effects are
listed in Table 2.

Consequently, when aiming for a joint model there is a crucial choice whether
to put the emphasis on control or on development flexibility. Depending on what
the preference among these choices is, the model favored should form the basis in the
joint model, and extra components of the other model should be re-interpreted in the
scope of the model that forms the basis. When referring back to the motivations for
building HCI specifications on the lines of a model for human interaction, one of the
major arguments was the goal of having domain experts design the interface in a way
that is intuitive and does not require any kind of programming skills. Therefore, the
option of using the information state-based model as the major starting components
appears less suitable, since it requires familiarity with developing rule-based systems.
Moreover, it is far from clear how the support for correctness of compositions, which
resides in the GUI of the tool associated with the model based on rhetorical relations,
can be rebuilt in a rule-based system which puts little restrictions other than
accordance with domain ontology on how precisely the rules are formed. Hence, we
suggest that the model based on rhetorical relations forms the basis for a joint model.
The model based on information states constitutes then some sort of platform for
exploring communication situations suitable for HCI, thereby formulating the
underlying constraints and effects.

4 Desiderata for a Joint Model

Following the considerations raised in the previous section, we formulate desiderata
for a joint model, which amounts to suitably extending the system based on rhetorical
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relations to incorporate functionalities of the information state-based model, and
probably more than that. These extensions concern two perspectives: the coverage
achieved by the functionalities of the model (1-3), and the proper interaction design in
terms the kind of specification tasks that the user has to perform (4):

1. Clarification, confirmation and correction subdialogs
Dealing with situations where the communication medium is associated with
some kind of uncertainties, such as speech input, raises the need for checking the
content of messages to reduce the risk of misunderstandings. Another more
advanced and content-related motivation for checking operations is present if
there is some doubt on the plausibility of specifications made by the user.
Moreover, allowing the user to correct his specifications in the context of such
subdialogs is likely to contribute to increasing the effectiveness of the interaction.

2. Communication to jointly perform composed tasks
In moderately complex application domains, the accomplishment of some tasks
may be achievable by the accomplishment of a set of related tasks which the
original one is composed of. In communicating about these tasks, addressing all
related concepts, specifically those coming from embedding tasks in addition to
those joined with the subtask at hand significantly contributes to the flexibility of
the overall conversation.

3. Flexibly navigating between tasks
If the system's domain comprises a number of tasks, some of which can be carried
out alternatively or where the order of the tasks can be freely interchanged, the
user should be given considerable degree of freedom in the order in which these
tasks are accomplished; hence, some task might be interrupted, interleaved with
another one, and resumed again later.

4. Accordance between what the user must specify and what he is able to do
There are a couple of properties of the application which the user must specify in
some way in order to contribute to the extended functionalities as stated above.
The means to achieve this desideratum essentially lies in letting the user make his
specifications in a declarative manner, referring to rhetorical relations,
communicative acts, and elements of the domain ontology.

5 Essential Concepts in a Joint Model

In order to meet these desiderata, we introduce some new concepts in the interaction
specification:

* Discourse variables
In the model based on rhetorical relations, the user can only refer to elements of the
domain model when specifying the content of communicative acts. Beyond that,
there are no expressive means that concern their effects, which is quite restricted
compared to the general information state-based approach. In order to express the
effects of some interaction properly, discourse variables are introduced, which
change their values according to specifications attached to communicative acts.
Among others, this concept may be used to regulate the sequence of interactions
within clarification/confirmation subdialogs. For example, the information
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conveyed through some communicative act, typically an answer or a request, may
be associated with some degree of uncertainty, especially for speech. To express this
assessment, the information conveyed is associated with a discourse variable, which
gets assigned a value that expresses the state of this assessment, for example
“uncertain”. Another example of a discourse variable is shown in Figure 3, with a
property of the “current action” being referred to as ‘“ambiguous”. Through
additionally associating constraints that access such discourse variables with
optional parts or alternatives in the interaction specifications, the circumstances
under which specific interactions are pursued are made explicit, for example,
whether or not a clarification subdialog is invoked

Prop(Current_action) =

Prop(Current_action) = p
N ELABORATION| g Sequence ambiguous not ambiguous

SEQUENCE

Alternative

Prop(Current_action) =
ambiguous

OpenQuestion
Qo x)/ \  ReSxn)

Do(S,x) (Accept(U,S) \
\ DoSx) /

Answer

\_ Do(Sx) / \_ Do(Sx) /

Fig. 3. An alternation and a compact expression (left side) and the expansion of the latter (right
side)

(see also Figure 3), or a confirmation is asked for. In addition, effects manifest
themselves in changes of the discourse variables involved, such as changing the
state from “uncertain” to “certain”, and later on to “confirmed”. Another category
of situations where discourse variables are beneficial, concerns iterative
repetitions of interactions. Examples again include clarification subdialogs, which
may be repeated until the assessment of the state of the associated information
changes, as well as sequences of tasks, through making a new offer to the user
once the current task is finished. Through making the primary effect of the
response accessible (e.g., the user wants to stop) the condition for exiting this
iteration is fulfilled. In some sense, the discourse variables used in this way
represent a limited and formally constrained version of the information state.
*  Compactified representations of discourse subtrees

There are a number of discourse patterns which obey a quite regular structure but
cannot easily be visualized in a compact and intuitively comprehensible form.
One of these patterns concerns the kind of iterations discussed in the previous
paragraph. In terms of rhetorical relations, such a pattern amounts to an arbitrary
number of chained SEQUENCE relations, where each of the subtrees rooted in
individual SEQUENCE relations has the same generic specifications — see Figure 3
for the repeated performance of a clarification subdialog until the need for
clarification is eliminated. Thus, it seems desirable to abstract from the whole
sequence in the context of the user specification, and restricting the notation to the
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subtree common to all chained elements in the sequence. In order to do this
properly, this tree should be encapsulated to make it referable as a unit, a
“sequence” marker should be attached to it, and a constraint over relevant
discourse variables should be formulated which regulates continuation and
termination of the iterating process. Figure 3 shows an example (the SEQUENCE
part on the left), with an expanded version of this fragment on the right: an
arbitrary number of elements of the sequence associated with the entry condition,
and a final element associated with the negated condition. Another category of
situations where encapsulating compositions of rhetorical relations is beneficial
concerns alternations for achieving identical effects. An example are situations
with mixed initiative, e.g., an offer made by the system and a request by the user
referring to the same content, that is a task that the system can perform — on the
left of Figure 3, this constellation is represented. Including confirmations, such
sequences have identical effects in terms of task specifications and could be
encapsulated and referred to compactly from the place where they are specified.
e An interaction strategy for interrupting and resuming tasks

A typical property of simply structured dialogs is that they strictly insist on a
chronological order of processing, including the completion of all embedded
subdialogs prior to shifting the topic. This is also true for the model based on
rhetorical relations. In order to make the interaction more effective, we propose to
give the user means to specify where continuations alternative to the adjacent
communcative act or following the connected rhetorical relation are meaningful.
The set of candidate continuation points amounts to the path of embeddings from
the root of the discourse tree to the currently modeled subdialog — new subdialogs
may be started at any of these levels: for instance, a flight booking task may be
interrupted to start a subdialog about train booking, or a new dialog may be
started at the entry point of the whole application. In addition, embedding of
a subdialog in the current position can be made if the newly started one does
not interfer with the present one (e.g., activating the help function), so that
the previous task can be resumed when the newly started one is finished (see the
categories in Table 3). The user's task essentially lies in putting restrictions on the
set of possible continuation points, such as choosing from task lists offered or
specifying constraints on feasible continuation points. For example, the user may
disallow going back over some compound task in the discourse tree, so that
canceling this task within the interaction requires an explicit communicative act
that signals this cancelation.

Table 3. Handling user options for specifying dialog interruption and continuation points

Category of interruption and Specifcation made by user Examples
continuation point

Goes back to an embedding task restrictions on levels or tasks  restarting at the introduction
Task parrallel to the present one selection from the set of tasks switching from flights to trains

Dialog about an embedded task selecting tasks from offered list  activating the help function
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These concepts are tailored in such a way that the user can specify the associated
information in a declarative manner. Consequently, the system has to perform a
number of additional functionalities to provide operationalizations for the extended
specifications. They comprise percolating the state of discourse variables across
subdialogs as context settings, expanding compactified subtree notations into its
components joined by the associated constraints (as shown in Figure 3), and handling
interruption and continuation policies for subdialogs. The last point comprises:

*  Making use of domain task definitions
In order to offer choices for continuation points, the system must be acquainted
with relations among domain tasks, such as decomposition and dependency. On
the basis of that, lists for being offered to the user are computed (e.g., embedding
tasks according to task compositions).

e Handling the structure of subdialogs
This task essentially is the administration of a stack, with some of the discourse
variables duplicated for each new pile on the stack — for example, the state of the
local goal specification. In dependency of chosen continuation points, potentially
unfinished subdialogs must be closed and new subdialogs must be opened at the
right level of embedding the discourse structure.

e Taking the interaction mode into account
The interruption and continuation handling is slightly different when the interation
is made via a GUI, as opposed to interaction in natural language. For a GUI,
interruption must be made possible by providing facilities to access predefined
continuation points. They are ultimately converted into widgets which announce,
for example, “start” or “train booking”. In the context of NL interaction,
communicative acts unsuitable for a specified subdialog must be tested as to
whether they could be interpreted as possible interruption and continuation
messages. Hence, such a communicative act opens a subdialog consistent with a
possible continuation point, it is interpreted in this manner; otherwise the
contextually improper contribution is refused.

6 Future Developments

The model discussed in the previous section will be applied within a real-world
environment where the communication platform to be developed is supposed to
regulate the interaction between a robot and a user (EU project CommRob). The
application situation is a supermarket environment where the robot has the form of a
trolley. The trolley supports the user in navigating through the shopping area, and it
helps the user in processing a list of items which he intends to inspect and potentially
buy. For this activity, multi-modal interaction is foreseen, including a traditional GUI,
a restricted speech interaction, and even some form of gesture interpretation. The
interface component presented here abstracts from these forms of interaction, but it
takes into account the varying degrees of uncertainty associated with the information
conveyed in dependency of the medium used (for example, GUI versus speech),
which influences the need for clarification and confirmation subdialogs. In addition,
the application environment is complex enough so that extended functionalites as
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described in the preceeding sections are needed: a compound task, implicitly specified
in terms of a shopping list is interpreted in terms of a set of embedded navigation
tasks, and carrying out these subtasks may be interrupted or changed by further user
specifications, such as stopping for some time or performing another navigation task
in between, or corrections in the shopping list. In order to achieve such a behavior
with the robot, the communication must enable flexible task interaction, which is in
accordance between speech and the GUI, that is the user may utter a command to start
a new task interleaving with a still running one, and the GUI must also foresee the
possibility of such an interruption and embedding.

In the future, we envision further extensions of the model by a couple of advanced
capabilities. They should enable the user to work with the system more effectively,
help him to reduce sources of errors, and support him to increase the quality and
effectiveness of the ultimately resulting interface. The following quite challenging
capabilities contribute to this goal:

*  Making use of a catalog of reusable subdialogs
A number of interaction patterns in HCI recur across domains and applications,
with adaptations to specific situations. Examples are clarification and correction
subdialogs, which follow stereotype sequences of communicative acts, in
dependency of the number of items and the type of information to be conveyed
and the associated degree of uncertainty. Abstracting such a pattern into a unit
where the user only has to specify the ingredients, and their structural interplay is
then determined by the tool would greatly improve design effectiveness.

e Checking the discourse model in terms of completeness
When building interface specifications, especially with the extended
expressiveness obtained by discourse variables, it can always be the case that
some constellation in terms of a set of values assigned to discourse variables is not
handled or mistreated in some other way. Checking the completeness in terms of
the presence of situational specifications for each value that a discourse variable is
assigned through one or another component of the interface specifications would
enable one to discover such unaddressed situations. However, developing a
method that is able to perform such an analysis is quite challenging.

* Critiqueing a discourse model in terms of potential communicative weaknesses
Another candidate for an automated analysis of interface specifications lies in
reasoning about the resulting flow of control, by integrating changes in the values
of discourse variables and updates in the information that constitutes the common
ground. By comparing the effect of the interactions specified with existing
building blocks and their functionality, proposals about a possibly more direct or
otherwise preferable interaction composition can be made.

The last item, as opposed to the other two, has the potential of going beyond a
mere abstract model of communication. In addition, issues of rendering may be
considered in the selection among competing alternatives of communicative patterns.
Some of these issues may be device-dependent to a certain extent, but not all — for
instance, guidelines about suitable numbers of menu items.
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7 Conclusion

In this paper, we have compared and contrasted two approaches to building interface
specifications, motivated by models of human communication that can be operation-
alized for building HCI components. We have argued in favor of essential parts and
further extensions in a joint model which profits from the complementary advantages of
these two models. Essential factors in this model are an adequate distribution of labor
between the design made by the user and the operationalization capabilities of the
system, suitable elements for the design language available to the user, and techniques
that allow the specification of effective interaction sequences. The model to be
developed will form the basis for an interaction design tool that allows the specification
of graphical user interfaces as well as multi-modal interaction, and it will be applied in
the restricted real-world environment of the project CommRob to allow a user to
communicate with a robot.
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Abstract. Non-functional Requirements (NFRs) such as software quality attrib-
utes, software design constraints and software interface requirements hold
crucial information about the constraints on the software system under devel-
opment and its behavior. NFRs are subjective in nature and have a broad impact
on the system as a whole. Being distinct from Functional Requirements (FR),
NFRs are dealt with special attention, as they play an integral role during soft-
ware modeling and development. However, since Software Requirements
Specification (SRS) documents, in practice, are written in natural language,
solely holding the perspectives of the clients, the documents often end up with
FR and NFR statements mixed together in the same paragraphs. It is, therefore,
left upon the software analysts to classify and separate them manually. The re-
search, presented in this paper, aims to automate the process of detecting NFR
sentences by using a text classifier equipped with a part-of-speech (POS) tag-
ger. The results reported in this paper outperform the recent work in the field,
and achieved a higher accuracy of 98.56% using 10-folds-cross-validation over
the same data used in the literature. The research reported in this paper is part of
a larger project aimed at applying Natural Language Processing techniques in
Software Requirements Engineering.

1 Introduction

Software systems are characterized both by their functionality (what the system does)
and by their non-functionality (how the system behaves with respect to some observ-
able attributes like reliability, reusability, maintainability, etc.), captured in a Software
Requirements Specification (SRS) document [10]. Software nonfunctional require-
ments (NFRs) are defined as requirements that constrain the design of software, but
do not describe a service the software is to provide [11]. The functional requirements
(FRs), on the other hand, are defined as a subset of the user requirements which repre-
sent the user practices and procedures that the software must perform to fulfill the
users’ needs; they exclude NFRs such as quality requirements and any technical re-
quirements [11]. Consider the following example: “The System shall allow generation
of Inventory Quantity Adjustment documents on demand. The System shall not
require additional third party licenses resulting in royalty fees.” [6] Here, the first
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sentence describes the behavior of a system, and therefore, is a functional require-
ment. In contrast, the second sentence explains a required quality of the system, and
therefore, is a non-functional requirement.

Both FRs and NFRs are relevant to software development. However, non-
functional issues have received little attention relative to functional ones for the rea-
son that such requirements are difficult to address in many projects, since the NFRs
for each system typically interact with one another, have a broad impact on the sys-
tem, and may be subjective. Moreover, one of the software engineering problems
faced in building SRS documentation is the inability to detect NFRs in user require-
ments written in natural language. Empirical reports consistently indicate that neglect-
ing NFRs in the requirements elicitation and analysis phase leads to project failures,
or at least to considerable delays, and, consequently, an escalation in the cost of soft-
ware development [2,4]. The ability to detect NFRs in NL text at a very early stage of
requirements elicitation has the potential to bring about significant industrial savings
in cost and aggravation, as well as to prevent very costly misinterpretation.

The research reported in this paper addresses the problem of providing automated
assistance to the elicitation of the NFRs from the user requirements text and is aimed
at applying Natural Language Processing (NLP) techniques to Requirements Engi-
neering (RE). We present our approach towards an effective method for automatic
classification of textual requirements into two categories, namely FRs and NFRs, by
means of a text classifier equipped with a part-of-speech (POS) tagger. Since the
characteristics of FR and NFR remain within the scope of sentences, the classifier
works only at the sentence-level.

The remainder of this paper is organized as follows: section 2 presents the related
work. The methodology for automatic assessment of NFRs is introduced in section 3.
Section 4 presents a discussion of the results and observations. Finally, our conclu-
sions and directions for future work are outlined in section 5.

2 Related Work

The current processes to extract NFRs from SRS documents mostly rely on manual
inspection, where an analyst reads the texts to identify a sentence manually as FR or
NFR following different approaches (e.g. [5,7,8]). Research in this field to automate
the process of extracting NFRs from SRS documents has been scarce.

A recent study by Cleland-Huang et al. [6] explored the use of text classification as
an attempt to classify requirements statements into FR and NFR. As reported in their
paper, their work attained a recall measure of 0.767 and a precision measure of 0.248
with their corpus. The authors used a stemmer to stem the words of the documents,
and then selected keywords based on their high probability of occurrences in NFR
statements. Their system then classified a statement as NFR, if the density of those se-
lected keywords in that statement exceeds a particular threshold, else, otherwise.

The research work presented in this paper used the same corpus that was used by
[6] and compares the performance of the resultant classifier with that of theirs. The
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results reported in this work outperform the recent work in this field [6], and attain a
higher accuracy of 98.56% using 10-folds-cross-validation over the data used by [6].

3 Methodology

Ideally, classifying the requirements as FR or NFR should be performed, or at least
assisted, automatically. This section introduces our methodology aimed at improving
the NFRs detection in requirements documents.

3.1 The Corpus

The corpus used by [6] was made freely available for download via [1]. It contains 15
SRS problem statements, all from different domains, with a total of 765 sentences:
495 (65%) of them were annotated as “NFR”, while 270 (35%) of them as “FR”.
These will be referred to as CorpusN and CorpusF, respectively.

According to [6], all these statements were manually annotated by fifteen graduate
students of DePaul University (who also work in the software industry as profession-
als). The same corpus is used in this project to train our classifier and also for testing
its performance.

3.2 Syntactic Features

By definition of NFR, it can be realized that some categories of words are better indi-
cators of NFR by their occurrences in the sentences. For example, NFR sentences
often explain quality attributes of a component or the system as a whole, and such
sentences are likely to contain adjectives and adverbs. Again, NFR sentences that ex-
plain constraints of the system are likely to contain cardinals or numeric figures. Fol-
lowing these characteristics of NFR, as described in [4], we were motivated to choose
a list of syntactic features as candidates and test their probabilities of occurrence in
our collection NFR sentences (CorpusN), and thus, validate them to the most repre-
sentative list of syntactic features.

We used the Stanford Parser [12] (equipped with Brill’s POS tagger [3] and a mor-
phological stemmer) to morphologically stem' the words and extract five syntactic fea-
tures from each of the training instances (sentences) of the corpus. These features are:

e Number of Adjectives

(e.g. “good”, “bad”, “efficient” etc.)
e Number of Adverbs

(e.g. “very”, “well”, “properly” etc.)
e Number of Adverbs that modify Verbs

» o«

(e.g. “well”, “efficiently”, “perfectly” etc.)

! The morphological stemmer comes built-in with the Stanford parser [12]. It stems with the
prior knowledge of the morphology of a word, and stems only to the point at which it retains
its original POS class.
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e Number of Cardinals
(e.g. “1.567, “800x600”, “twelve”, “11” etc.)
e Number of Degree Adjectives/Adverbs

» o« » o« » o«

(e.g. “better”, “worse”, “best”, “more”, “most” etc.)

We only identified these features as candidates that can have some influence in the
process of classifying a statement as NFR. Among these features, the ones that are
valid for detecting NFR were to be selected automatically based on their ranks of the
higher probabilities of their occurrences in NFR sentences of the training dataset. This
probability measure for a candidate feature f; is computed as follows:

Frequency of f, in CorpusN

Pr(f) = (D)

(Frequency of f; in CorpusN + Frequency of f, in CorpusF)

Note that this probability is not normalized, while 61% of the total number words

in both the corpora belonged to CorpusN. The probability values of all the syntactic
features are shown in Table 1.

Table 1. Probability Ranking of Syntactic Features (the numbers, computed by formula (1),
indicates the probability of a feature to appear in Non-functional Requirements (i.e. CorpusN)

Feature Probability
Cardinals 0.8762
Degree Adjectives/Adverbs 0.8571
Adverbs that modify Verbs 0.8571
Cutoff Threshold = 0.8
Adverbs 0.7387
Adjectives 0.6193

Here, we manually selected a cutoff threshold (>0.8, in this case), and all the
features exceeding the cutoff threshold were selected as valid (or most discriminating)
features.

3.3 Keyword Features

Previous work of [6,14] has shown that NFR statements are mostly identifiable by the
use of specific keywords that belong to different part-of-speech categories. The work
of [6] also identified specific keywords, but with no regards to their parts-of-speech
group. This allowed many words of unwanted parts-of-speech group to be included in
their final list.

Analyzing the types of most probable words used in NFR, as described in [4], we
have considered keywords of 9 different parts-of-speech groups separately— the fre-
quencies of each becoming a feature in our final feature list. These 9 part-of-speech
based keyword groups are:

— Adjective-keywords (coded as: JJ_kw)
— Adverb-keywords (coded as: RB_kw)
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— Modal-keywords (coded as: MD_kw)

— Determiner-keywords (coded as: DT_kw)

— Verb-keywords (coded as: VB_kw)

— Preposition-keywords (coded as: IN_kw)

— Common Noun-keywords that appeared in singular form (coded as: NN_kw)
— Common Noun-keywords that appeared in plural form (coded as: NNS_kw)

Similarly to ranking the features, two different probability measures have been
considered for ranking the keywords in each of the groups: (a) Unsmoothed Probabil-
ity Measure, and (b) Smoothed Probability Measure.

3.3.1 Unsmoothed Probability Measure (UPM)
Unlike [6], we considered taking the probability measure of a keyword occurring in a
particular parts-of-speech (POS) category.

Frequency of < Word, POS >in CorpusN )
(Frequency of < Word, POS >in CorpusN + Frequency of < Word, POS >in CorpusF) ( )

Pr (Word, POS) =

Keywords of a POS category were then ranked according to the higher values of
unsmoothed probability measure. A high cutoff threshold is individually set for each
group to select the most discriminating keywords that attain a higher value than the
threshold,

3.3.2 Smoothed Probability Measure (SPM)

While examining the values of the Unsmoothed Probability Measure, we found that
some keywords, simply by chance, appeared only a few times in CorpusN, but never
in CorpusF. This led them to have the highest probability value of 1 ranked on the
top. On the other hand, some very discriminating keywords appeared in CorpusN
many times, and also, by chance, appeared only a few times in CorpusF. UPM
method ranks these keywords below the earlier ones, since they attain a probability
value less than 1.

Also, with UPM, the keyword that appear, for example, once in CorpusN and
never in CorpusF, and the keyword that appear, for example, 10 times in CorpusN,
and never in CorpusF — both attain the same probability value of 1, and therefore,
ranked together in the same place. But, clearly the second keyword is more discrimi-
nating than the first one.

To address these issues, we used a second measure that adds a small smoothing
factor to all values of UPM. This factor takes into consideration how many more
times the keyword in a particular POS group actually appears in CorpusN, than that of
CorpusF. That is,

Frequency of < Word, POS > in CorpusN 3
(Frequency of < Word, POS >in CorpusF+ )Xo 3)

Smoothed Pr (Word, POS)= Pr (Word, POS)+

Here, the constant a determines how much scaling one would like to add to the UPM
value (the smaller the value of a, the higher the scaling). In our experiments, we used
a=10.

Like UPM, keywords are also ranked according to their values of SPM, and a cut-
off threshold is chosen to select the most discriminating keywords.
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We used both UPM and SPM values to rank the keywords in their respective POS
groups. Thus, we had the options, not only to manipulate the cutoff thresholds, but
also to choose the best probability measures for each of the keyword groups. Table 2
illustrates the benefit of using SPM by showing an example from our corpora set.

Table 2. Choosing between UPM and SPM (here, ranking of keywords are based on SPM)

Frequenc Frequenc
Keyword POS SPM UPM in C((l)rpus§ in C((l)rpusi‘
“every” DT 1.741 0.941 16 1
“no” DT 1.482 0.882 30 4
Cutoff threshold set on SPM = 1.3
“this” DT 1.225 0.875 7 1
“these” DT 1.100 1.000 1 0

Table 2 shows the frequency values of the words “every” and “no”, indicating that
they are the most discriminating words in this category. It can also be guessed by un-
derstanding the nature of NFRs, which are most likely to contain descriptions of con-
straints that usually have determiner words, e.g. “every” and “no”, as quantifiers. On
the other hand, determiners like “this” and “these” simply appeared more in NFRs by
chance. We find that, in this case, SPM successfully isolates the two most discrimi-
nating keywords of POS group DT?, while UPM failed to create a proper ranking by
setting its highest value (1.0) for the keyword “these”. Therefore, here, we chose to
rank the keywords by SPM values and set a cutoff threshold on them to select the
most discriminating keywords. Thus, while training the system, for each of the key-
word groups, either SPM or UPM can be chosen, along with the cut-off threshold to
fine-tune the results. A slice of the list of the keywords selected in this way is shown
in Table 3.

Table 3. Some of the keywords of different POS group, selected automatically by the keyword
extractor program using both SPM and UPM set with different cut-off thesholds

JI_kw RB_kw MD_kw DT_kw VB_kw IN_kw NN_kw NNS_kw
acceptable only should every accommodate within abuse answer
active prior may no accomplish than accordance aspect
ad-hoc adequately might achieve between animation attack
additional appropriately activate during appearance audience
adjacent approximately adhere about attention button
african currently agree alongside auditor calculation
appealing especially appeal per avoidance condition

% The Penn-tree bank tags are used for the keyword groups. DT signifies Determiners.
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3.4 Feature Extraction and Classification

Our final list of features, therefore, is as follows:

Number of Cardinals

Number of Degree Adjectives/Adverbs

Number of Adverbs that modify Verbs

Adjective-keywords (coded as: JJ_kw)

Adverb-keywords (coded as: RB_kw)

Modal-keywords (coded as: MD_kw)

Determiner-keywords (coded as: DT_kw)

Verb-keywords (coded as: VB_kw)

Preposition-keywords (coded as: IN_kw)

Common Noun-keywords that appeared in singular form (coded as: NN_kw)
Common Noun-keywords that appeared in plural form (coded as: NNS_kw)

To classify the sentences, we developed a Java-based feature extraction program
that parses the sentences from the corpora, and extracts the values of all the features
mentioned above, and uses Weka [15] to train C4.5 decision tree learning algorithm
[13]. We used the implementation of C4.5 (revision 8) that comes with Weka (as J48),
setting its parameter for the minimum number of instances allowed in a leaf to 6 to
counter possible chances of over-fitting. The results are discussed in the next section.

4 Results and Analysis

The results came out to be exceptionally well when using the whole dataset for train-
ing and testing. Since the dataset was not very large, we also used 10-fold-
crossvalidation, and the results were very good as well. Table 4 shows the summary
of the results.

Table 4. Summary of the results

Correctly Incorrectly
Scheme Classified Classified Kappa Comment
Sentences Sentences
Training + 760 5 greg isb Iof
i Testing on o o 0.9856 esirable
gg?gj;ﬁ,”g“"" of same get (99.35%) (7.63%) characteristics,
CorpusF not sparse, and
(Size = Cross- also not flat.
475+270=765) | validation | 754 (98.56%) 3 0geg2 | Noneofthe
(10 Folds) (1.44%) branches are
wrongly directed.

The resultant decision tree after training on the complete dataset also came out
well-formed. The tree is shown in Figure 3.
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Fig. 1. The resultant C4.5 decision tree after training with the complete dataset

Detailed results of using 10-fold-crossvalidation with the final confusion matrix
and standard deviation on all measures are shown in Table 5 and 6 respectively.

Table 5. Confusion matrix when using 10-fold-crossvalidation

Classified as

FR NFR
FR 259 11
NFR 0 495

Table 5 shows that the classifier retrieved all NFRs successfully (100% recall),
without showing any sign of false negatives. Table 6, on the other hand, shows very
low standard deviation over all the measurements taken during the iterations of
crossvalidation (0.02 for precision and O for recall). This indicates that the results are
likely to be robust.

Figures 2 and 3 show similar phenomena, where the curves hardly experienced any
drastic change.

Table 7 compares our results of precision and recall using 10-fold-crossvalidation
to the results obtained by the previous work [6]. Here, we have further broken down
our results into steps of improvement, i.e. firstly using syntactic features only, and
then using keyword features only, and then using both types of features, as docu-
mented previously.
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Fig. 2. Classifier’s Accuracy/Error curve during 10-fold-crossvalidation
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Fig. 3. Classifier’s Precision/Recall/F-Measure curve for detecting NFR, during 10-fold-
crossvalidation

Table 7. Comparison of our results to that of the previous work [6]

Results
Precision Recall
Work of Cleland-Huang et al. [6]
- classification by density of keywords in 0.248 0.767
the text
using Syntactic
Our work: features Only 0.950 1.0
- classification by C4.5 | using Keyword 0.974 10
decision tree learnner | features Only ' )
(10-fold- using both
crossvalidation) Syntactic and 0.978 1.0
Keyword features
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The results of Table 7 show significant improvement over the most recent work [6]
in the field. The classifier yielded high accuracy in performance, demonstrating re-
sults with 98.56% accuracy in the critical conditions of using 10-fold-crossvalidation.
The precision and recall achieved by the classifier with 10-fold-cross-validation are
0.978 and 1.0 respectively, outperforming the work of [6] which attained the precision
and recall as low as 0.248 and 0.767 respectively. Also, by using the syntactic fea-
tures exclusively, and also by using our keyword features (that we selected based on
their part-of-speech category) exclusively, yelled results which also surpass the per-
formance of the work of [6] by a large margin.

5 Conclusions and Future Work

In this paper, a methodology for automatic classification of requirements by means of
using a text classifier was presented. Our work extends the idea of [6] of using of In-
formation Retrieval for classifying NFRs, and proved that using linguistic knowledge
can help perform very well in this classification task. Ours research aimed at assisting
the software analysts in highlighting the NFRs in the users’ textual SRS documents to
avoid their further oversight in the development process, which can lead to poor qual-
ity of the final product and eventually to project failure.

The research reported in this paper is a part of a larger NLP-driven Requirements
Engineering project which intends at using Natural Language Processing techniques
in Requirements Engineering [9]. The goal of the work presented here was to increase
the quality of the requirements text by deriving a module for the aforesaid project that
would explicitly flag the requirements statements into FR and NFR for further proc-
essing. The module presented here can also be run exclusively as a standalone pro-
gram to perform the classification task on requirements text.

Our future work includes introducing more training and testing data, implementing
a full-fledged prototype to demonstrate its use and a complete integration in our NLP-
driven Requirements Engineering project.
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Abstract. This paper addresses the problem of extracting formal statements, in
the form of business rules, from free text descriptions of financial products or
services. This automatic process is integrated in the banking software factory,
permitting business analysts the formal specification, direct implementation and
fast deployment of new products. This system is fully integrated with the
typical software methodologies and architectures used in the banking industry
for conventional development of backoffice or online applications.

Keywords: Business rules, banking industry, natural language processing,
financial ontologies.

1 Introduction

Current trends in software development are paying special attention to Business Rules
Systems (BRS), especially useful in environments where specifications are changing
everyday as a reaction to market evolutions. A Business Rule can be defined as a
statement constraining some aspect of the business, and a BRS is the system in charge
of verifying the correct application of these Business Rules.

One of the market sectors where needs and requirements are suffering continuous
changes is the financial and insurance industry. The ITECBAN (Architecture for Core
Banking Information Systems) project is an initiative funded by the Spanish Ministry
of Industry (INGENIO 2010 initiative, CENIT programme). The aim of this project is
to develop a new core banking distributed platform.
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In order to make it easy the integration of Business Rules in nowadays Information
Technology infrastructures, BRS not only include inference engines to verify the
compliance with a Business Rule but also different tools to manage the creation,
maintenance and sharing of these rules. One of the major weaknesses of these BRSs is
the need of specific technical knowledge to be able to define and develop Business
Rules. Usually, software developers are in charge of creating and maintaining
Business Rules, attending requirements of business analysts. There has been a lot of
interest in developing tools to remove this technical dependence, including the ability
for business analysts to use natural language expressions to define Business Rules. As
already mentioned, the development of these rules must be integrated in the overall
software development cycle implemented in the target organization.

The process of extracting Business Rules from free text is part of a software tool
called K-Site® Rules, whose aim is to support the development of Business Rules.
The tool pursues three main goals: make any information system independent from
the specific rule engine used to implement Business Rules; facilitate integration of
Business Rules development process into the whole software development process of
the organization or company; and allow business analysts to develop and deploy
Business Rules without the support of software developers.

K-Site Rules is developed under a Model Driven Architecture (MDA) [7] to make
it easier the integration with the other services and software components constituting
the ITECBAN platform. MDA considers a computational independent model (CIM)
where domain specifics must be described and business logic is covered. Under this
level, there is a platform independent model (PIM) where a software system to
support the CIM is described using one or more platform independent models (in our
case described through the Unified Modeling Language, UML, the Semantic Web
Rules Language, SWRL, to describe rules, Web Ontology Language, OWL, to define
the domain and the JSR-94 standard [10] for the interaction with the rule engine).
Finally, several platform specific models (PSM) must be specified to support the PIM
level; at this level, concrete products, rule engine vendors in our case, are considered.
Fig. 1 depicts the languages and tools selected to define the corresponding models
according to the MDA architecture.

This paper focuses on the first level, the computationally independent model, more
specifically, on the process to obtain expressions in the Semantics of Business
Vocabulary and Rules (SBVR) language from unrestricted text. After this, SBVR
sentences must be transformed into SWRL expressions. This later step will constitute
the transformation between the CIM model and the PIM model used to describe
business rules to be implemented by the system. The next section describes the
method designed to identify Business Rules from text, including details about
standards and technologies applied. The third section includes a description of the
architecture designed for the system, identifying main elements and software
components used. The following section is centered on the linguistic processing
integrated as part of the system, included in the STILUS linguistic software platform.
The fifth section covers the semantic modules introduced to reduce the
aforementioned ambiguity and to relate each input text with a desired interpretation.
Finally, some preliminary results are shown and some conclusions are depicted.
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Fig. 1. Languages, standards and tools selected to build each level of the model driven
architecture for K-Site Rules

2 Extracting Business Rules from Text

The process of extracting Business Rules from unrestricted text is supported by the
SBVR standard and by the OWL language. The SBVR standard defined by the OMG
group provides a way to document the semantics of business vocabulary, business
facts and business rules. One part of this standard is devoted to the construction of
several vocabularies, according to a hierarchical structure to be identified for the
specific domain considered, to store concepts and relations among them. In the
approach covered in this work, these vocabularies are going to be substituted by
ontologies, either pre-existing (for example, the SUMO Finance ontology [8]) or
specifically defined for the working domain. This representation will be later easily
referenced by a SWRL expression of the Business Rule, which will also be expressed
using OWL. On the other hand, tools to manage ontologies, like Protégé [6], can be
used to maintain the vocabulary up to date. Although the notation provided by SBVR
is not going to be directly applied, some clues provided by this standard will be
applied to detect the presence of possible Business Rules in free text sentences.

2.1 Semantic Business Vocabulary and Rules, SBVR

This specification adopted by the OMG and defined by the Business Rules Group,
BRG', tries to include semantics in the definition of the business and its governing

! http://www.businessrulesgroup.org
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rules. For this purpose, SBVR provides two different vocabularies, one of them to
describe business vocabulary, i.e., terms and their meanings apart from the ones
appearing in the Business Rules, and the other one to make explicit the meaning
related to a Business Rule, based on the business vocabulary. According to this
specification, a Business Rule is “a rule under business jurisdiction”, i.e., it exposes
the criteria needed to take some decision relating the business. Two kinds of rules are
considered: structural rules, which express necessities of the business, and operative
rules, expressing obligations to be fulfilled, or, as stated in [5], “rules that can be
directly violated by people involved in the affair of the business”.

The definition of vocabularies in SBVR relies on three main elements: rules, fact
types and concepts expressed by terms. A fact type can be seen as an association
between two or more concepts, which are represented by terms. A rule is always
constructed by taking a fact type and applying some obligation or necessity
restriction. For example, the rule “a car must have at least four wheels” corresponds
to an obligation restriction on the fact type “a car has wheels”.

The SBVR specification includes some annexes where the expression of SBVR
structures in the English language is described. Here it is possible to find some
keywords that are usually included in natural language Business Rules expressions,
which can constitute some clues about where it is possible to find a Business Rule in a
given text. For example, Table 1 shows keywords used to represent quantifiers.

Table 1. Example of keywords for quantifiers identified in the SBVR specification

Keyword Quantifier
Each universal quantification
Some existential quantification
at least one existential quantification
at least n at-least-n quantification
at most one at-most-one quantification
at most n at-most-n quantification
exactly one exactly-one quantification
exactly n exactly-n quantification
at least n and at most m numeric range quantification
more than one at-least-n quantification with n=2

Another language that has been used as a source of linguistic clues to detect
Business Rules is RuleSpeak [1] that makes some suggestions about the best way to
express rules to assure a correct interpretation and understanding by business agents.
The target language in the approach presented in this work is Spanish, so these
keywords and cues have been transformed into their counterparts for the Spanish
language.

2.2 The Semantic Web Rule Language (SWRL)

The initiative to include semantics in the World Wide Web initiated by Tim Berners-
Lee, the so called Semantic Web, has produced a language to annotate web sites with
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meaning. This language is called OWL, which is related to the concept of ontology
(““a specification of a shared conceptualization”, [4]), where concepts, along with their
valid interpretations, and relations among them are somehow represented. This
language is proposed in our work to represent the business vocabulary that constitutes
the basis to build Business Rules. Another initiative, sponsored by the W3C, has
defined a language, grounded on OWL, to represent Business Rules, this language is
called SWRL and it is based on RuleML, a language to express rules using Horn
clauses. This language has two syntaxes, one of them XML based and the other one
RDF based. According to [5], a rule has two parts, an antecedent (body) and a
consequent (head), both of them constituted by a set of atoms that could be empty. An
atom can be an OWL instance, an OWL data value, an OWL description or data
range, an OWL property or an OWL built-in relation. In this way, rules can be
referenced to existing concepts in an OWL ontology.

This language will be used to construct a platform independent representation for
Business Rules. As described in the previous section, a transformation from CIM to
PIM must be provided, i.e., a way to translate from a natural language expression of
the rule to an SWRL representation. This is the purpose of the system described in
this paper, to help in the identification of Business Rules present in a free text and to
express them using the SWRL language. In this way, the automation of the rest of the
process to implement the given Business Rule will be assured.

2.3 Business Rule Recognition Process

Taking into account the mentioned technologies, the process to get a free text and
returning a set of possible Business Rules and their representation in SWRL is shown
in the following example.

In the framework of the ITECBAN project, a use case was defined to test involved
technologies. The use case is a functional document describing the way some saving
products, offered by a financial entity, should work. Suppose that the starting point is
a functional analysis document where it is possible to read the sentence:

“Si un Producto Ahorro es Deposito Financiero entonces la divisa asociada solo
puede ser euro.” [If a Savings Product is a Financial Deposit, then the associated
currency has to be the euro.]

Then, a process to detect if this sentence can describe a Business Rule is launched,
a linguistic analysis is made, linguistic rules are applied to know if the sentence can
contain a Business Rule and a typical if — then structure is detected. Besides, an
ontology was specifically defined for this use case, and some of the concepts
described in it were also detected in the sentence. As a result, the sentence is marked
as a candidate to contain a Business Rule and the concepts residing in the ontology
are also tagged. A final step is considered where a business analyst decides about the
validity of the Business Rule and, if it is necessary, modifications to the rule sentence
are made. Once the natural language content of the rule is available, a SWRL
equivalent expression is automatically built to be able to continue with the Business
Rule development process. Fig. 2 shows the final SWRL code for the rule given as an
example.
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<swrl:Imp rdf:ID="DivisaProductoAhorro">
<swrl:head>
<swrl:AtomList>
<rdf:rest rdf:resource= "http://www.w3.0rg/1999/02/22-
rdf-syntax-ns#nil" />
<rdf:first>
<swrl:IndividualPropertyAtom>
<swrl:argumentl>
<swrl:Variable rdf:ID="x"/>
</swrl:argumentl>
<swrl:argument2 rdf:resource="#EURO"/>
<swrl:propertyPredicate
rdf :resource="#con_divisa"/>
</swrl:IndividualPropertyAtom>
</rdf:first>
</swrl:AtomList>
</swrl:head>
<swrl:body>
<swrl:AtomList>
<rdf:first>
<swrl:ClassAtom>
<swrl:argumentl rdf:resource="#x"/>
<swrl:classPredicate
rdf :resource="#ProductoAhorro" />
</swrl:ClassAtom>
</rdf:first>
<rdf:rest>
<swrl:AtomList>
<rdf:first>
<swrl:ClassAtom>
<swrl:classPredicate rdf:resource=
"#DepositoFinanciero" />
<swrl:argumentl rdf:resource="#x"/>
</swrl:ClassAtom>
</rdf:first>
<rdf:rest rdf:resource=
"http://www.w3.0rg/1999/02/22-rdf-syntax-
ns#nil" />
</swrl:AtomList>
</rdf:rest>
</swrl:AtomList>
</swrl:body>
</swrl:Imp>

Fig. 2. Example rule expressed using SWRL

3 System Architecture

The system described in the previous section has been implemented according to the
architecture depicted in Fig. 3. The linguistic analysis component is in charge of
processing the input text to include morphological, syntactical and semantic
information. The semantic data is based on compiled resources and on the ontology
describing the application domain. The output of this analysis constitutes the input of
the rule detection component, which is built on a set of linguistically motivated rules
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or patterns inspired in SBVR and RuleSpeak languages. The output of this rule
detector component is supervised by a business analyst and then introduced in the rule
transformation component, which provides an automatic translation from the natural
language expression of the rule to its SWRL counterpart. It is worth mentioning that
every concept referenced in the rule must be included in the ontology that supports
the rule system.

Free I
Text

Linguistic Analysis Rules Detector

Ontology

STILUS
library

|:> Linguistic

Patterns

Automatic SWRL
Translation Business Analist
Validation

Linguistic
Patterns

R

Fig. 3. Business Rules Extraction System Architecture

3.1 Linguistic Analysis

The linguistic analysis component is built based on STILUS®, a library for the
morphologic, syntactic and semantic analysis of texts in Spanish. This software
component, developed by DAEDALUS [2], is used to divide the input text in
sentences, to provide the lemma for each word. To include information contained in
the ontology, this lemma will be matched against the lexical realizations associated to
each concept. On the other hand, each term in the document is related with the
semantic tag present in the STILUS lexical base, if any. These data will be the basis
for the rules detection component.

3.2 Rules Detector

This element of the architecture takes the linguistic information provided for the input
text and applies a set of rules to decide if a sentence can contain a Business Rule or
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some clues to define one. This set of rules is based on some indications given by
SBVR and RuleSpeak. A very simple example of these rules is ‘if the sentence has an
if — then structure then the probability for the sentence to contain a Business Rule is
High’.

3.3 Business Analyst Validation

The previous component has extracted a set of sentences containing a Business Rule,
or part of one, with high likelihood. Of course, rarely these sentences are directly
applicable as Business Rules, and human intervention is needed. This component
includes necessary tools to show sentences to the Business Analyst and to retrieve
valid natural language expressions for Business Rules according to SBVR
specifications. The output of the component is then formed by valid SBVR
expressions for Business Rules.

3.4 Automatic SWRL Translation

The final element considered in the architecture is devoted to the transformation
between Business Rules in SBVR to Business Rules in a machine readable format, in
particular, SWRL. The process followed to build the SBVR expressions assures that
only concepts known by the organization, hence having some reflection in the
available software infrastructure, are used to define rules. In fact, this software
component is the one really devoted to the transformation from the CIM to the PIM in
the MDA approach.

4 The STILUS Platform

STILUS is designed with a modular cascading architecture in which the output of
each module may be attached to the input of the following one. This allows different
versatile combinations to perform advanced text processing:

e Text Segmentation: segmentation is the process of dividing written text into
words (usually called tokens) or other similar meaningful units, such as
sentences or topics.

o Part-of-speech tagger: each word is assigned with its corresponding POS
analysis. The morphological model is adopted from the ARIES platform [3].
The main idea is to automatically generate, for a given word, all possible root
and derivative morphemes which can concatenate to each other according to
the inflectional and derivational rules for Spanish. For example, root
morphemes such as “hab-“, “hub-*, “hay-* are generated for the verb “haber”,
derivative morphemes “-0”, “-a”, “-0s”, “-as” for nominal gender and number
inflection (“nifi-o-a-os-as”). In addition, the lexical database also includes
other entries such as lexicalized words (those irregular forms that cannot be
obtained with morphological inflection) and multiword expressions such as “a
costa de”, “Juan Carlos I”, etc. Each unit has its own morphological
information such as gender, number, person, verb tense, verb mode, word
lemma, etc. The POS tagger uses this information to tag each word. The
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lexical database is stored in a trie data structure that allows a very efficient
read access.

e Multiword recognition: multiword units are identified by means of rules
(such as dates or numbers) or linguistic resources (e.g. toponyms, film
titles...)

e POS disambiguation: rules for morphosyntactic disambiguation that try to
select the correct analysis for a given token among the proposed alternatives
by the POS tagger. These rules cover linguistic patterns for specific words or
combination of grammatical cases.

e Syntactic parser: this module turns a list of words into a syntactical tree with
information about the type and function of each part of speech. This process
consists of several steps including morphological and syntactical levels of
analysis carried out in a bottom-up strategy. STILUS allows both a shallow
parsing that simply identifies chunks (basic syntactic constituents of a phrase)
and also a more complex analysis that computes chunks and the functional
relations among them, thus tackling problems that have a semantic nature. The
advantage of shallow parsing is in the case of ill-formed sentence, because the
analyzer is still able to parse at least parts of the sentence.

4.1 Linguistic Rules

The linguistic knowledge is represented in a proprietary rule language specifically
designed to abstract the linguists from the actual parser implementation and allowing
them to focus on the linguistic phenomena.

The basic structure of a linguistic rule is:

IF

conditions
THEN

actions
END

“Conditions” include different test functions connected by boolean operators (AND,
OR) and, if necessary, grouped into brackets. Table 2 shows different examples of test
functions. For example, EXISTENTIAL_POS receives two arguments (token to
evaluate and a regular expression for the POS tag) and is true if any of the word
analysis fulfils the condition. In turn, UNIVERSAL_POS receives the same
arguments but is true if all analysis fulfill the condition.

Table 2. Some examples of test functions

Function Meaning
WORD(<pos>,<regexp>) | If the word matches the given regular expression
STARS_WITH_I If the word starts with the given regular expression, case
(<pos>,<regexp>) insensitive
EXISTENTIAL_POS If any of the word analysis matches the given regular
(<pos>,<regexp>) expression
UNIVERSAL_LEMMA | Ifall lemmas match the given regular expression
(<pos>,<regexp>)
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“Position” indicates the rule focus, i.e., the word(s) under inspection. Usually a
generic position N and relative scrolling (... N-2, N-1, N+1, N+2, ...) are used. In this
case, the rule focus will move throughout the sentence, looking for a context that
fulfils the given conditions. In addition, there are other position functions, for
example, CHILD_POSITION, which allows testing syntactic structures (trees) instead
of flat sentences, or FIRST_EXISTENTIAL_POS_POSITION, which uses a
predicate to look for the position of the first token that fulfils the given condition.

Last, “actions” comprise a set of operations that may be applied over the sentence.
Some examples are shown in Table 3.

Table 3. Some examples of action functions

Function Meaning
JOIN_SYNTAGM Create a new part of speech joining the words from
(<pos1>,<pos2>,<tag>) <pos1> to <pos2> and assigning POS tag <tag>.
SELECT_TAG Disambiguate the given word filtering out the tags that
(<pos>,<regexp>) do not fulfill the given regular expression
ERROR(<pos1>,<pos2>, | Marks the context from <pos1> to <pos2> with an error
<type>,<msg>)

S Preliminary Experiments

The system developed and described in Section 3 has been executed on the use case
defined in the framework of the ITECBAN project. As already mentioned, this use
case describes the way that some saving products must be managed when customers
of a banking entity want to work with them. For this use case, the ITECBAN Business
Rules team has created an ontology containing concepts defined by the bank.
Furthermore, an input document with the functional analysis for the application,
written in natural language, has been studied and Business Rules have been identified
and written in an SBVR version for Spanish. The document is formed by a total of
216 sentences, from which forty eight Business Rules have been extracted. The input
to the system is formed by a file with the functional analysis document, written in
Spanish, and another file with the ontology (in OWL format) that has been defined for
the use case. The output is composed by an annotation, in XML, of the input text,
including a score that can be interpreted as the likelihood for the sentence to represent
a Business Rule. This score ranges from 0, when the sentence does not include a
Business Rule, to 10, when it is almost sure that the sentence can be used to define a
Business Rule. At this point, there is a validation step with human intervention to
confirm if there is a rule in the sentence and, probably, to re-write it in a clearer
expression using the SBVR language. Fig. 4 shows two examples of the system
output (before the human validation step).

Table 4 shows some results produced, comparing the total number of sentences, the
number of sentences marked by the system as containing a Business Rule (or part of
it) and the number of Business Rules produced by hand by the Business Rules team of
the project.
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<frase puntuacion='5'> Cualquiera de los padres/tutores puede
efectuar cualquier movimiento que admita el producto sin
necesidad de contar con la firma del resto de
padres/tutores.</frase>

<frase puntuacion='8'> La titularidad y divisa de la cuenta
asociada deberdn ser idénticas a las del contrato que se
apertura, y no podrad cancelarse mientras no haya finalizado la
operacién inicial y sucesivas, en su caso.</frase>

Fig. 4. Examples of the output of the Business Rules Detector system

Table 4. Preliminary results for the Business Rules Detector system

Total number of Number of handmade Number of sentences
sentences Business Rules possibly containing a
Business Rule
216 48 42

It can be surprising noticing that the number of sentences automatically detected to
contain a Business Rule is smaller than the number of handmade Business Rules. This
is normal because there is no a one to one relation between a sentence and a Business
Rule, i.e., a sentence can be broken down into several Business Rules, and, of course,
repeated Business Rules must be deleted.

Of course, this is only a preliminary evaluation and there must be and will be a
further evaluation carried out with the business analysts and developers that will act
as final users.

6 Conclusions

Natural language specification of products, services, procedures, regulations, etc. in
business environments tends to use simple and unambiguous standard language
conventions. In particular, typical sentences make use of an implicit world vision (an
ontology) and express definitions, concepts and restrictions with a clear associated
semantics. On the other side, there is a pressing need for companies to develop new
products and services at the fast pace imposed by global markets. The only way to
achieve this is by giving business experts a central role in the whole software-based
product development life cycle. The tools developed in the framework of the
ITECBAN project are intended to assist business analysts in the specification,
implementation and deployment of business applications, with minimum support
from IT specialists. Although this work is still in an early stage, and full
experimentation and evaluation has to be completed, evidence has collected about the
interest and viability of this approach in a real environment.
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Abstract. A conceptual schema (CS) should be explained to the stakeholders to
validate that it is an appropriate representation of all knowledge of the domain.
One of the best ways to explain the CS is to describe it by means of natural
language expressions (paraphrasing). Even though paraphrasing has been
studied for the most typical elements of a CS, current methods are, in general,
unable to cope with the textual business rules that complement the CS. In this
paper, we cover this gap by presenting a method that generates natural language
explanations for business rules expressed in OCL (Object Constraint
Language), the standard language to specify business rules on UML-based CSs.
As an intermediate step, our method translates the OCL expression into a SBVR
(Semantics of Business Vocabulary and Business Rules) representation.

1 Introduction

The specification of an information system must include a formal representation of
the knowledge of the domain required by the system to perform its functions. In
conceptual modelling, this representation is known as its conceptual schema (CS). A
CS must include the definition of all relevant business rules of the domain.

To validate the correctness of the CS we must rely on the external stakeholders, as
the experts in the domain. Nevertheless, to do so, customers must be able to
understand the knowledge represented in the CS. To facilitate this task, designers
should reexpress the CS in a way that they can easily understand. Typically, one of
the most useful alternatives is to describe the elements of the CS by means of natural
language expressions. This process is known as paraphrasing.

The OMG has recently proposed the SBVR (Semantics of Business Vocabulary
and Business Rules [4]) specification as a way to facilitate the translation among a set
of different languages. SBVR is specially suited for acting as an intermediate step in a
CS to natural language transformation since it is conceptualized optimally for
business people.

In this sense, the goal of this paper is to introduce an automatic translation from
UML-based CSs to SBVR, where the initial UML schemas [5] are complemented
with textual expressions in OCL (Object Constraint Language [3]) to define all
business rules that cannot be graphically represented. In particular, since the own
SBVR standard already sketches the translation of the graphical UML elements that
may appear in the CS (classes, associations, attributes and so forth), in this paper we
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will focus on the translation of its OCL business rules. Then, the obtained SBVR
representation can be presented to the customers as a list of self-explaining natural
language expressions using the predefined alternative notations to express SBVR
concepts by means of English statements (either in the SBVR Structured English style
or using the RuleSpeak approach [4]) included in the SBVR standard.

As far as we know, ours is the first proposal to provide such translation. To the
best of our knowledge, only [1] is aimed at generating natural language sentences
from OCL expressions. However, this approach provides an ad-hoc solution instead
of relying in a standard format for defining the business rules, as SBVR.

The rest of the paper is structured as follows. Section 2 presents our preliminary
OCL to SBVR translation. In Section 3, we generate natural language expressions
from the resulting SBVR excerpts. Finally, Section 4 presents some conclusions.

2 From OCL to SBVR

OCL is a formal high-level language used to specify textual business rules that cannot
be expressed using the graphical constructs provided by the UML.

In OCL, invariants (i.e. static constraints) are defined in the context of a specific
type, called the context type of the constraint. The actual OCL expression stating the
constraint condition is called the body of the constraint. The body is a boolean
expression that must be satisfied by all instances of its context type. As an example, in
constraint ownersDrive (Fig. 1) Car is the context type, the variable self refers to an
instance of Car and the exists condition (the body) must hold for all possible values of
self (i.e. for all instances of Car).

The aim of this section is to introduce a method for the translation of OCL
constraints' into SBVR logical formulations. A logical SBVR formulation structures
the meaning of a rule using several propositions. Different kinds of simple
propositions are predefined, as quantifications, logical operations (conjunction,
disjunction, equivalence...) and projections, which can be roughly defined as logical
formulation of a condition that results in a set or a bag (multi set) of instances.
Fig. 1 shows the logical formulation for the previous ownersDrive constraint.

As a first step, each constraint is expressed as a new SBVR logical formulation. In
particular, they are translated as necessities. Given a constraint ¢ with a body b and
defined over a context type 7, the equivalent SBVR representation for ¢ would be:

The rule is a proposition meant by a necessity claim.

. The necessity claim embeds a universal quantification. (to ensure that all instances of t satisfy b)
.. The universal quantification introduces a variable. (the self variable)

... The variable ranges over the concept‘t’. (self will be mapped to each different t instance)

.. The universal quantification scopes over ..."b condition’....

Then, the body b of the OCL constraint is translated into an appropriate SBVR
representation using a set of translation patterns, where each pattern defines how to
translate a different construct” that may appear in an OCL expression. The full OCL

" Note that not all kinds of OCL expressions can be directly mapped to SBVR concepts.
Required extensions to SBVR to achieve a full translation are left as further work.
% To simplify the process, complex OCL constructs are first rewritten in terms of basic ones [2].
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expression translation is performed by combining a set of appropriate patterns
depending on the expression structure. We assume that the UML schema has already
been translated to SBVR (e.g. following the guidelines provided in the own SBVR
standard) before translating the OCL expressions themselves.

Translation of Basic OCL operators

The following patterns describe the translation of basic OCL operators. In the
patterns, X and Y represent variables or constant literals of the appropriate type. The
sentence “previous translation” refers to the result of translating a previous part of the
OCL expression. “Translation of X’ and “translation of Y’ refer to the result of
translating the OCL expressions corresponding to the X and Y variables. For each
pattern we define the target OCL expression and its SBVR translation. The dots
before each proposition indicate the proposition nesting level in complex expressions.

e X implies Y

The previous translation introduces an implication.

.The implication has an antecedent that is a.... translation of X ...
.The implication has a consequent that is a ... translation of Y ...

o X and/or/xor Y

The previous translation introduces a [conjunction | disjunction | exclusive disjunction].
. The [ conj./disj./excl. disj.] has a logical operand; that is a... translation of X ...

. The [conj./disj./excl. disj.] has a logical operand, that is a... translation of Y ...

e NotX
The previous translation introduces a logical negation.
. The logical negation has a negand that is a... translation of X ...

e X [<I>I=]Y

The previous translation introduces an atomic formulation

. The atomic formulation is based on the fact type quantity, [is less than | is greater thanl
is] quantity,

. The atomic formulation has the first role binding.

.. The first role binding is of the role quantity,

.. The first role binding binds to the ... translation of X ...

. The atomic formulation has the second role binding.

.. The second role binding is of the role quantity,

.. The second role binding binds to the... translation of Y ...

e X.ocllsTypeOf (T)

The previous instantiation introduces an instantiation formulation.
. The instantiation formulation considers the concept ‘T’

. The instantiation formulation binds to the... translation of X ...

Translation of navigation expressions

In OCL, the dot notation applied over an object (or collection of objects) allows to
navigate from that object to related objects in the system using the associations
defined in the CS. That is, given an object o of type #; and a type ?,, related with ¢,
through an association assoc with roles r; and r,, respectively, the expression o.r;
returns the set of objects of #, related with o. This expression is translated as follows:
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The first universal quantification introduces the first variable (the initial object o)
. The first variable scopes over the concept ‘t;’

The first universal quantification scopes over a second universal quantification

. The second universal quantification introduces the second variable

.. The second variable scopes over the concept ‘t;’

. The second universal quantification is restricted by an atomic formulation

.. The atomic formulation is based on the fact type ‘assoc’

.. The atomic formulation has the first role binding.

... The first role binding is of the role ‘r;’

... The first role binding binds to the first variable

.. The atomic formulation has the second role binding.

... The second role binding is of the role ‘r,’

... The second role binding binds to the second variable

. The second universal quantification scopes over ... translating the rest of the expression.

Note that, in SBVR, navigations are expressed by defining a second variable of
type £, (to represent the set of objects retrieved by the navigation) and stating that this
second variable returns the subset of instances of t, related with the first variable (of
type t;). Access to attributes or association classes is translated in the same way.

Translation of collection expressions

In OCL, a collection C of objects of type T can be manipulated through a predefined
set of OCL operations and iterators. Each expression introduces a new quantification
(that in some cases may be merged with the translation of the previous part of the
OCL expression). Their basic translation is the following:

o (C->exists(v | boolean-condition-over-v)

The previous translation of C introduces an at-least-one quantification

. The at-least-one quantification introduces a variable. (v)

.. The variable ranges over the concept T

. The at-least-one quantification scopes over the translation of boolean-condition-over-v

o C->forAll (v | boolean-condition-over-v )

The previous translation of C introduces a universal quantification

. The universal quantification introduces a variable. (v)

.. The variable ranges over the concept T

. The universal quantification scopes over the translation of boolean-condition-over-v

e (C->select (v | boolean-condition-over-v )3

The previous translation of C introduces a universal quantification

. The universal quantification introduces a variable

.. The variable ranges over the concept T

. The universal quantification scopes over the translation of boolean-condition-over-v

e C-> jterate (v [acc:T’] | expression-with-v)

The previous translation of C introduces a universal quantification

. The universal quantification introduces a variable (v)

.. The variable ranges over the concept T

. The universal quantification scopes over a second universal quantification

.. The second universal quantification introduces a second variable (acc)

... The second variable ranges over the concept T’

.. The second universal quantification scopes over the translation of expression-with-v

3 The translation of a select expression will differ depending on the context where it is applied.
The one provided herein is useful when the select is the last OCL operator in the expression.
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Original OCL expression: * 1%
context Car inv ownersDrive: Car driver Person
self.driver->exists(d|d=self.owner)

owner
1) Semantic formulation in SBVR:

The rule is a proposition meant by a necessity claim. (ownersDrive)

. The necessity claim embeds a universal quantification.

.. The universal quantification introduces a first variable. (self)

... The first variable ranges over the concept ‘car’.

.. The first universal quantification scopes over an at-least-one quantification. (exists)
. .. The at-least-one quantification introduces a second variable. (d, i.e.: self.driver)
. ... The second variable ranges over the concept ‘person’.

. ... The at-least-one quantification is restricted by an atomic formulation.
..... The atomic formulation is based on the fact type ‘driver of car’.

..... The atomic formulation has the first role binding.

...... The first role binding is of the role ‘car’.

...... The first role binding binds to the first variable.

..... The atomic formulation has the second role binding.

...... The second role binding is of the role ‘driver’.

...... The second role binding binds to the second variable.

. ... The at-least-one quantification scopes over a third universal quantification.
..... The third universal quantification introduces a third variable. (self.owner)
...... The third variables ranges over the concept ‘person’

...... The atomic formulation is restricted by the fact type ‘owner of car’.
...... The atomic formulation has the first role binding.

....... The first role binding is of the role ‘car’.

....... The first role binding binds to the first variable.

...... The atomic formulation has the second role binding.

....... The second role binding is of the role ‘owner’.

....... The second role binding binds to the third variable

..... The third universal quantification scopes over an atomic formulation.
...... The atomic formulation is based on the fact type thing, = thing,

...... The atomic formulation has the first role binding.

....... The first role binding is of the role ‘thing,’.

....... The first role binding binds to the second variable.

...... The atomic formulation has the second role binding.

....... The second role binding is of the role ‘thing,’.

....... The second role binding binds to the third variable

2) Structured English expression:
It is necessary that at least one driver of a car is the owner of the car

Fig. 1. Example of an: 1) OCL to SBVR and 2) SBVR to natural language translation. Next to
each SBVR proposition, we show the subset of the OCL expression it refers to.

3 From SBVR to Natural Language

Once we have the SBVR-based representation of the OCL rules, the predefined
mappings provided in the SBVR standard can be used to generate natural language
descriptions of the rules in the Structured English or RuleSpeak English notations.
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Roughly, to automate this part of our translation process we proceed as follows.
First, the initial ‘necessity claim’ proposition generates an ‘It is necessary that’
sentence. Second, we search for the most inner quantification g in the SBVR
representation. Let [f be the logical formulation that g scopes over. Then, the
translation continues by translating If as well as by (recursively) translating all
variables involved in /f and g according to the appropriate patterns described in [4].
See Fig. 1 for an example.

4 Conclusions and Further Work

We have presented a method to facilitate the validation of business rules specified in
the UML/OCL languages. Our method uses the SBVR standard to bridge the gap
from UML/OCL to natural language, the only representation that most customers are
able to understand, and thus, validate. We believe our paper can also be a first step
towards a tighter integration of the business rules and UML/OCL communities.

As a further work we would like to propose a set of extensions to the SBVR
standard to be able to translate all kinds of OCL expressions. We would also like to
test our approach in industrial case studies and use the customers’ feedback to refine
and improve the quality of the final natural language expressions.
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Abstract. Despite impressive advances in the development of generic
NLP frameworks, content-specific text mining algorithms, and NLP ser-
vices, little progress has been made in enhancing existing end-user clients
with text analysis capabilities. To overcome this software engineering
gap between desktop environments and text analysis frameworks, we de-
veloped an open service-oriented architecture, based on Semantic Web
ontologies and W3C Web services, which makes it possible to easily in-
tegrate any NLP service into client applications.

1 Introduction

Research and development in natural language processing (NLP), text mining,
and language technologies has made impressive progress over the last decade, de-
veloping innovative strategies for automatically analyzing and transforming large
amounts of natural language data. Machine translation, question-answering,
summarization, topic detection, cluster analysis, and information extraction so-
lutions, although far from perfect, are nowadays available for a wide range of
languages and in both domain-dependent and -independent forms [I].

Despite these advances, none of the newly developed technologies have ma-
terialized in the standard desktop tools commonly used by today’s knowledge
workers—such as email clients, software development environments (IDEs), or
word processors. The vast majority of users still relies on manual retrieval of
relevant information through an information retrieval tool (e.g., Google or Ya-
hoo!) and manual processing of the (often millions of) results—forcing the user
to interrupt his workflow by leaving his current client and performing all the
“natural language processing” himself, before returning to his actual task.

This lack of integration is not caused by missing NLP services, nor can it be
attributed to a lack of interest by end users: Rather, a gap exists between the
domains of software engineers (developing end-user clients) and language engi-
neers (implementing NLP services) that so far has been keeping these worlds
apart. One approach seen in the past is the development of new (graphical)
user interfaces for a particular analysis task from scratch. While this allows for
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highly specialized clients, it also requires significant development efforts. Fur-
thermore, today’s users, who face constant “information overload,” particularly
need support within clients commonly used to develop and access natural lan-
guage content—such as email clients or word processors. Reengineering all these
existing clients just to deliver NLP services (like question-answering or summa-
rization) is not a feasible approach.

The solution proposed here is an open service-oriented architecture (SOA)
based on established standards and software engineering practices, such as W3C
Web services with WSDL descriptions, SOAP client/server connections, and
OWL ontologies for service metadata, which together facilitate an easy, flexible,
and extensible integration of any kind of language service into any desktop client.
The user is not concerned with the implementation or integration of these ser-
vices, from his point of view he only sees context-sensitive Semantic Assistants
relevant for his task at hand, which aid him in content analysis and development.

2 Related Work

Some previous work exists in building personalized information retrieval agents,
e.g., for the Emacs text editor [2]. These approaches are typically focused on
a particular kind of application (like emails or word processing), whereas our
approach is general enough to define NLP services independently from the end-
user application through an open, client/server, standards-based infrastructure.

The most widely found approach for bringing NLP to an end user is the devel-
opment of a new interface (be it Web-based or a “fat client”). These applications,
in turn, embed NLP frameworks for their analysis tasks, which can be achieved
through the APIs offered by frameworks such as GATE [3] or UIMA [4]. The Bio-
RAT system [5] targeted at biologists is an example for such a tool, embedding
GATE to offer advanced literature retrieval and analysis services. In contrast
with these approaches, we provide a service-oriented architecture to broker any
kind of language analysis service in a network-transparent way. Our architecture
can just as well be employed on a local PC as it can deliver focused analysis
tools from a service provider.

Recent work has been done in defining Web services for integrating NLP
components. In [6], a service-oriented architecture geared towards the field of
terminology acquisition is presented. It wraps NLP components as Web ser-
vices with clearly specified interface definitions and thus permits language engi-
neers to easily create and alter concatenations of such components, also called
processing configurations. This work can be seen as complimentary to our ap-
proach, since the granularity of our ontology model does not extend to individual
NLP components, but rather complete NLP pipelines (applications build from
components).

3 The General Integration Architecture

In this section, we present an overview of our architecture integrating NLP and
(desktop) clients, delivering “Semantic Assistants” to a user.
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Fig. 1. Service-oriented architecture for integrating NLP and end-user clients

3.1 Architectural Overview

Our architecture is based on a multi-tier information system design (Fig. [I).

Tier 1: Clients. This tier has the main purpose of providing access to the
system. Typically, this will be an existing client (like a word processor or email
client), extended to connect with our architecture through a plug-in interface.
Besides facilitating access to the whole system, clients are also in part responsible
for presentation, e.g., of language service results. In addition to the actual client
applications, an abstraction layer is part of Tier 1. It shields the clients from the
server and provides common functionality for NLP services.

Tier 2: Presentation and Interaction. Tier 2 consists of a standard Web server
and a module labeled “NLP Service Connector” in the diagram. One responsi-
bility of this module is interaction, in that it handles the communication flow
between the NLP framework and the web server. Moreover, it prepares language
service results, by collecting output from the NLP services and transforming
them into a format suitable for transmission to the client. Finally, the NLP
Service Connector reads the descriptions of the language services, and therefore
“knows” the vocabulary used to write these descriptions. In addition, our archi-
tecture can also provide services to other (Web-based) information systems, like
a Wiki [7].

Tier 3: Analysis and Retrieval. Tiers 1 and 2 are the ones the user has direct
contact with. Tier 3 is only directly accessed by the NLP Service Connector. It
contains the core functionality that we want, through Tiers 1 and 2, to bring
to the end user. Here, the language services reside, and the NLP subsystem in
whose environment they run (such as GATE [3] or UIMA [4]). NLP services can
be added and removed from here as required by a language engineer.

Tier 4: Resources. The final tier “Resources” contains the descriptions of the
language services using an OWL-DL ontology. Furthermore, indexed documents
as well as external documents (e.g., on the Web) count as resources.
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3.2 Implementation

We now discuss some selected aspects of the current implementation of our
architecture and briefly describe the process of integrating new (desktop) clients.

Language Service Description and Management. We start discussing
the implementation from the status quo, a common component-based NLP
framework—in our case, GATE [3]. The NLP subsystem allows us to load ex-
isting language services, provide them with input documents and parameters,
run them, and access their results. The GATE framework’s API also allows
to access all the artifacts involved in this process (documents, grammars, lexi-
cons, ontologies, etc.). Language services take the form of (persistent) pipelines
or applications in GATE, which are composed of several sequential processing
resources or PRs.

To describe the deployed language analysis services, we developed a compre-
hensive OWL ontologyEl that models all parameters required for finding applica-
ble services, based on the user’s task and language capabilities. This ontology is
queried by the NLP Service Connector using SPARQIH in order to present ap-
plicable Semantic Assistants to the user. For example, we can query the service
description metadata for all language pipelines that process input documents
in German and deliver results in English. Additionally, the ontology contains
all information needed to find, load, and execute a language service (including
necessary parametrization), and to locate and retrieve the result(s) delivered.

Web Services. Thus far, we can search, load, parametrize, and execute lan-
guage services. However, all input/output channels are still local to the context
of the NLP framework’s process. To make NLP services available in a distributed
environment, we have to add network capabilities, which we achieve using Web
services, a standard defined by the W3C1{J “A Web service is a software system
designed to support interoperable machine-to-machine interaction over a net-
work. It has an interface described in a machine-processable format (specifically
WSDZH). Other systems interact with the Web service in a manner prescribed by
its description using S oA messages, typically conveyed using HTTP with an
XML serialization in conjunction with other Web-related standards.” In essence,
a requester agent has to know the description of a Web service to know how to
communicate with it, or, more accurately, with the provider agent implementing
this Web Service. It can then start to exchange SOAP messages with it in order
to make use of the functionality offered by the service. Provider agents are also
referred to as Web service endpoints. Endpoints are referenceable resources to
which Web service messages can be sent. Within our architecture (Fig. [J), the
central piece delivering functionality from the NLP framework as a Web service

! OWL Web Ontology Language Guide, http://www.w3.org/TR/owl-guide/

2 SPARQL Query Language for RDF, see http://www.w3.org/ TR /rdf-sparql-query/
3 Web Services Architecture, see http://www.w3.org/ TR/ws-arch/

* Web Services Description Language (WSDL), see http://www.w3.org/TR/wsdl

® Simple Object Access Protocol, see http://www.w3.org/TR /soap/
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endpoint is the NLP Service Connector. Our implementation makes use of the
Web service code generation tools that are part of the Java 6 SDK and the Java
APT for XML-Based Web services (JAX—WS)H

The Client-Side Abstraction Layer (CSAL). We have just published a Web
service endpoint, which means that the server of our architecture is in place. On
the client side, our client-side abstraction layer (CSAL) is responsible for the
communication with the server. This CSAL offers the necessary functionality
for clients to detect and invoke brokered language services. The implementation
essentially provides a proxy object (of class SemanticServiceBroker), through
which a client can transparently call Web services. A code example, where an
application obtains such a proxy object and invokes the getAvailableServices
method on it to find available language analysis services, is shown below:

// Create a factory object

SemanticServiceBrokerService service = new SemanticServiceBrokerService();

// Get a proxy object, which locally represents the service endpoint (= port)
SemanticServiceBroker broker = service.getSemanticServiceBrokerPort();

// Proxy object is ready to use. Get a list of available language services.
ServiceInfoForClientArray sia = broker.getAvailableServices() ;

Client Integration. After describing the individual parts of our architecture’s
implementation, we now show how they interact from the point of view of a sys-
tem integrator adding NLP services to a client application. The technical details
depend on the client’s implementation language: If it is implemented in Java (or
offers a Java plug-in framework), it can be connected to our architecture simply
by importing the CSAL archive, creating a SemanticServiceBrokerService
factory, and calling Web services through a generated proxy object. After these
steps, a Java-enabled client application can ask for a list of available language
services, as well as invoke a selected service. The code example shown above
demonstrates that the client developer can quite easily integrate his application
with our architecture, and does not have to worry about performing remote
procedure calls or writing network code.

A client application developer who cannot use the CSAL Java archive still has
access to the WSDL description of our Web service. If there are automatic client
code generation tools available for the programming language of his choice, the
developer can use these to create CSAL-like code, which can then be integrated
into or imported by his application.

3.3 Application Example: Word Processing Integration

Word processor applications are one of the primary tools of choice for many
users when it comes to creating or editing content. Thus, they are an obvious
candidate for our architecture, bringing advanced NLP support directly to end
users in form of “Semantic Assistants.” We selected the open source OpenOf-
ﬁce.orgﬂ application Writer for integration. We developed a plug-in for Writer

5 Java API for XML-Based Web Services (JAX-WS), see https: //jax-ws.dev.java.net/
" Open source office suite OpenOffice.org, see [http://www.openoffice.org/
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that seamlessly integrates NLP services, like summarization, index generation,
or question-answering, into the GUI [8]. These services are discovered using their
OWL description and presented to the user in additional dialog windows; the ser-
vices can be executed on either the current document (e.g., for summarization)
or a (highlighted) selection (e.g., for question-answering). Results are delivered
depending on the produced output format, e.g., as a new Writer document or
by opening a Web browser window.

4 Conclusions

In this paper, we described the design, implementation, and deployment of a
service-oriented architecture that integrates end-user (desktop) clients and nat-
ural language processing frameworks. Existing applications, or newly developed
ones, can be enhanced by so-called Semantic Assistants mediated through our ar-
chitecture, e.g., information extracting systems, summarizers, and sophisticated
question-answering systems. Existing NLP services can be added to the archi-
tecture without the need to change any code, thereby immediately becoming
available to any connected client.

Our work fills an important gap in the emerging research area intersecting
NLP and software engineering that has been neglected by existing approaches.
The developed architecture [9] will be made available under an open source
license, which we hope will foster a vibrant ecosphere of client plug-ins that
finally allow to bring the hard won advances in NLP research to a mass audience.

References

1. Feldman, R., Sanger, J.: The Text Mining Handbook: Advanced Approaches in
Analyzing Unstructured Data. Cambridge University Press, Cambridge (2006)

2. Rhodes, B.J., Maes, P.: Just-in-time Information Retrieval Agents. IBM Syst.
J. 39(3-4), 685-704 (2000)

3. Cunningham, H., Maynard, D., Bontcheva, K., Tablan, V.: GATE: A Framework
and Graphical Development Environment for Robust NLP Tools and Applications.
In: Proc.of the 40th Anniversary Meeting of the ACL (2002), http://gate.ac.uk

4. Ferrucci, D., Lally, A.: UIMA: An Architectural Approach to Unstructured Infor-
mation Processing in the Corporate Research Environment. Natural Language En-
gineering 10(3-4), 327-348 (2004)

5. Corney, D.P., Buxton, B.F., Langdon, W.B., Jones, D.T.: BioRAT: Extracting Bi-
ological Information from Full-Length Papers. Bioinformatics 20(17), 3206-3213
(2004)

6. Cerbah, F., Daille, B.: A Service Oriented Architecture for Adaptable Terminology
Acquisition. In: Proc.NLDB (2007)

7. Witte, R., Gitzinger, T.: Connecting Wikis and Natural Language Processing Sys-
tems. In: Proc.of the 2007 Intl.Symp.on Wikis (WikiSym 2007) (2007)

8. Gitzinger, T., Witte, R.: Enhancing the OpenOffice.org Word Processor with Nat-
ural Language Processing Capabilities. In: Natural Language Processing resources,
algorithms and tools for authoring aids, Marrakech, Morocco (June 1, 2008)

9. Semantic Assistants Architecture, http://semanticsoftware.info



Conceptual Model Generation from Requirements
Model: A Natural Language Processing Approach

Azucena Montes', Hasdai Pacheco', Hugo Estradal, and Oscar Pastor’

! National Research and Technological Development Centre (CENIDET)
Interior Internado Palmira s/n, Col. Palmira. Cuernavaca, Morelos, Mexico
{amr, ehsanchez06c,hestrada}@cenidet.edu.mx
% Technical University of Valencia, Camino de Vera s/n, Valencia, Spain
opastor@dsic.upv.es

1 Introduction

In the conceptual modeling stage of the object-oriented development process, the
requirements model is analyzed in order to establish the static structure (conceptual
model) and dynamic structure (sequence diagrams, state diagrams) of the future
system. The analysis is done manually by a requirements engineer, based upon his
experience, the system's domain and certain rules of extraction of classes, objects,
methods and properties. However, this task could get complicated when large systems
are developed. For this reason, a method to automatically generate a conceptual
model from the system's textual descriptions of the use case scenarios in Spanish
language is presented. Techniques of natural language processing (NLP) and
conceptual graphs are used as the basis of the method. The advantage of the proposed
method, in comparison to other approaches [1, 2, 3], is that it makes exhaustive use of
natural language techniques to face the text analysis. This allows us to consider text
with a certain level of ambiguity and to cover relevant linguistic aspects, like
composition of nouns, and verbal periphrases.

2 Proposed Method

The proposed method uses NLP techniques for the identification of linguistic elements
[4, 5] that correspond to the basic elements of a object-oriented conceptual model
(classes, methods, relationships, properties). The input to the method (Fig. 1) is a set of
use case scenarios. The syntactic analysis stage consists of the text labeling and its
decomposition in simple sentences, while the semantic analysis is responsible of
eliminating the ambiguities found on the text (name composition, verbal periphrases).

Once an ambiguity-free text has been obtained, the creation of an intermediate
representation model proceeds, that reflects the relationships between the linguistic
elements. The intermediate representation model is a conceptual graph with
morphological, lexical and statistical information.

The final stage of the method consists of traversing the conceptual graph and
transforming the nodes into their equivalent representation in the object-oriented
conceptual model. The output of the method is an OASIS code for the class diagram
of the future system.
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Fig. 1. Transformation method of requirements models into conceptual models

3 Conclusions

There is a need for mechanisms that help the analysts to systematically produce a
conceptual model that appropriately represents the expected functionality of the
software system. In this context, most of the current research works in the area use
very restricted language to write the use case scenarios. The approach proposed in this
work address some of the complex linguistic problems found in textual descriptions:
composition of nouns and verbal periphrases for Spanish Language. With this work
we are taking a further step in the process to define a complete software production
process that starts with natural language definition of the system requirements and
finishes with the generation of the information system.
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Abstract. In this paper we present some pragmatic particularities of verbs
describing actions or feelings that can appear between two human beings.

1 Introduction

In information extraction an important task is relation extraction, whose goal is to
detect and characterize semantic relations between entities in a text [1,2]. Within this
paper we investigate the pragmatic particularities of one class of verbs representing
actions or feelings that can appear between two human beings. This class can serve as
a model for other aspects related to human communication.

Let us consider "John loves Mary. William likes Mary. Which of them does Mary
take for a walk?" (assuming Mary knows their feelings). From the information we
have, we are tempted to say that John is the chosen one. Why? Because everybody
knows that to love is “more” than to like. We also know that if Mary goes for a walk
with John, then John takes Mary for a walk too. Even more, Mary will (probably)
wish to walk with someone who loves or likes her. For finding the answer, let us
consider a generalization: we know that XV,Z and YV,Z. We are asked to find out if
XV;Z exclusive-or XV3;Y. We have considered that X, Y and Z are persons, Vi, V,,
V; are verbs expressing relations between persons and that we can't have XV;Z and
YV3Z simultaneously.

2 Bivalent Verbs and Characteristics

There are some verbs (in every language), about which we can say they are bivalent
interpersonal verbs, when we refer to the number of persons who take part to the
event. Generally speaking, we can talk about any verb's valence, which designates the
number of actors who take part to the event. A verb that designates an action referring
to persons, a feeling or a human state, is characterized, along with usual linguistic
features, by its valence. The valence represents the number of the persons which the
verb refers to; for example, we can say that "to be (ill, in love etc)" has the valence 1,
"to love somebody" has the valence 2, "to lecture" has a valence higher than or equal
to 3. Thus, a bivalent verb would be a verb with valence 2. Taking into discussion
phrases of the type "a V r" that represent events in which a is the agent (the subject), v
is the verb (predication) and r is the receiver (a prepositional object, the person who
benefits of the result of the V's action), we can introduce certain notions.
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A verb is symmetric when from the phrase XVY automatically results that YVX; if
from formulations like XVY and YVZ results that XVZ too, the verb V is transitive.
Persons have states, are sensitive and somebody might hurt them, might treat them
well or might be indifferent to them; if from the action XVY, Y is the hurt person, we
say that V is a negative-receiver verb. Similarly, we define the positive-receiver and
neutral-receiver verbs; in a similar way we can talk about the sign of V, referring to
the agent, with reference to the state of X person. So, a verb can be positive-agent,
negative-agent or neutral-agent); Two verbs can have the same meaning, no matter
the context, or can have the same meaning only in certain contexts. If we have Vi, V,
with similarities between them and if Y is more influenced in XV,Y than in XV,Y,
then we say that V; is more powerful than V,. So, the bivalent verbs can be
represented in classes of equivalence. The verbs from a certain relative-synonymy
class can be in relations of implication inside their class and over the verbs from other
classes (fig. 1).

/ the class “to have beautiful feelings \ / another class \
for somebody” 6
1 T
to love to like ~—
<« —— .
~a] walk with
4 somebody
1 1
8 5
to have a
fancy for

Fig. 1. Relations of implication from within a class and towards a verb from another class

3 Conclusions

Now it is clear why Mary will take John for a walk: "to love" is more powerful than
"to like" and the value of its relation of implication over the other verbs is more
powerful (6>5) and "to walk with somebody" is symmetric. We developed an
algorithm is a method of reasoning for solving the generalized problem, or for
inferring new knowledge, with the help of the human user.
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1 DMotivations

The problem of defining new methodologies for Knowledge Representation has
a great influence on information technology and, from a general point of view,
on cognitive sciences. In the last years some new approach strictly related to the
above matter has been proposed and some of them are based on ontologies to
reduce conceptual or terminological mess and to have a common view of the same
information. We here propose an ontological model to represent information and
we implement it in a content based information system for scoring documents
w.r.t. a given topic an ad hoc metric; we use the Web as our context of interest.

2 The Framework

The aim of our paper is to define and implement a model for knowledge rep-
resentation using a conceptualization as much as possible close to the way in
which the concepts are organized and expressed in human language and use
it for improving the knowledge representation accuracy for document analysis.
Our model is based on concepts, words, properties and constraints arranged in
a class hierarchy, resulting from the syntactic category for concepts and words
and from the semantic or lexical type for the properties. The implementation of
the ontology is obtained by means of a Semantic Network (i.e. DSN), dynami-
cally built using a dictionary based on WordNet [I]. The DSN is built starting
from the domain keyword that represents the context of interest for the user. We
then consider all the component synsets and construct a hierarchy, only based
on the hyponymy property; the last level of our hierarchy corresponds to the
last level of WordNet’s one. After this first step we enrich our hierarchy consid-
ering all the other kinds of relationships in WordNet. In our framework, after
the DSN building step, we compare it with the analyzed documents. The in-
tersection between DSN and documents give us a list with the relevant terms
related to the represented knowledge domain. All terms are linked by the prop-
erties from the DSN. We define a system grading ables to assign a vote to the
documents on the basis of their syntactic and semantic content taking into ac-
count the centrality of a term in a given context using the polysemy property, a
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syntactic semantic component using a statistical approach (SSG: Syntactic Se-
mantic Grade) and a semantic contribution based on a combination of the path
length (1) between pairs of terms and the depth (d) of their subsumer (i.e. the
first common ancestor), expressed as number of hops; the correlation between
the terms is the semantic relatedness and it is computed through a nonlinear
function (SeG: Semantic Grade). We implemented our model and the proposed
information extraction and analysis process in a system for document analy-
sis using the Web as context of interest. To evaluate the performances of the
proposed system from a quantitative point of view, we have carried out some
experiments in order to evaluate the precision of results using a test set collection
created by means of interaction with the directory service of the search engine
Yahoo (www.yahoo.com). The directory service provides the category referred
to each Web pages. In this way we can have a relevance assessment in order
to compare the results. We compare our system results with other metrics used
to measure the semantic relatedness between words. We focus our attention on
three metrics well-known in literature: Rada et. al., Wu and Palmer and Leacock
and Chodorow [2]. In Figure [Il we can observe a good improvement respect to
the other metrics putting into evidence great precision values for low recall one.
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Abstract. We propose T'SRM, an alternative document retrieval model
relying on multi-word, rather than mere single key-word domain terms,
typically applied in traditional IR.

Keywords: term extraction, term similarity, information retrieval.

1 The TSRM Approach

TSRM is built upon the idea of computing the similarity among multi-word
terms using internal (lexical) and external (contextual) criteria, while taking
into consideration term variation (morphological and syntactic). TSRM can be
viewed as a three phase process:

A. Corpus processing: . Corpus Pre-Processing

. Term Extraction (C/NC value)

. Term Variants Detection (FASTR)
. Term Similarity Estimation

1
2
3
4
B. Query processing: 1. Query Pre-Processing
2
3
1
2

. Query Term Extraction (C/NC value)

. Query Term Expansion by term variants (FASTR)
. Similarity Computation (TSRM/A or TSRM/B)

. Document Ranking

C. Document Retrieval:

The C/NC-value method [I] is a domain-independent and hybrid (linguis-
tic/statistical) method for the extraction of multi-word and nested terms. The
candidate noun phrase termhood is represented by NC-value. FASTR [2] identi-
fies term variants based on a set of morpho-syntactic rules. Based on the Nenadic
et al. [3] study, term similarity (7°S) in TSRM, is defined as a linear combination
measure of two similarity criteria referred to as lexical similarity and contextual
similarity. In TSRM/A document similarity is calculated as

> Zj qid; ’

* This work was supported by project TOWL (FP6-Strep, No. 26896) of the EU.

Similarity(d, q) =

(1)
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where ¢ and j are terms in the query ¢ and the document d respectively. The
weight of a term (g;, d; respectively) is computed as the NC-value of the
term. Eq. [l takes into account dependencies between non-identical terms. In
TSRM/B document similarity can be computed as:

1 2ieq tdfi max; T'S(i, g 4df; max; T'S(j,4
Similarity(d, q) = —{Z e i : (4,9)  2jeatdf; i (J, )
2 Dieq Ufi > i tdf;

TSRM has been tested on OHSUMED, a standard TREC collection. The
results in Fig. [l demonstrate that TSRM, with both formulae for document
matching, outperform Vector Space Model (VSM) in most cases (i.e., VSM per-
forms well only for the first few answers).
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Fig. 1. Precision-recall diagram for retrieval on OHSUMED using T'SRM and VSM

2 Conclusions

We have discussed on the potential improvements to traditional IR models re-
lated to document representation and conceptual topic retrieval and proposed
TSRM to demonstrate our ideas.
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Abstract. We present a framework combining information retrieval with
machine learning and (pre-)processing for named entity recognition in
order to extract events from a large document collection. The extracted
events become input to a data mining component which delivers the final
output to specific user’s questions. Our case study is the public collection
of minutes of plenary sessions of the German parliament and of petitions
to the German parliament.

Keywords: Web-based Information Services, Knowledge Extraction,
Application Framework.

1 Targeted Information Retrieval

The integration of Named Entity Recognition as slots into Event Templates
allows to automatically gather data directly from texts for further analyses. Our
integrated system (respect [I] and figure) consists of the following components:

IR-Component. This component extracts all the plenary session documents and
printed papers and stores them for later use. Additionally the websites of the
members of parliament are extracted in order to fill event templates containing
personal information. In addition we build up an index of all the documents
using the open-source indexing environment lucene. Furthermore, we extract
the information of every printed paper into an event-like template for accessing
the information easily.

IE-Component. The IE-component is necessary for other processes for which it
captures trigger-words or patterns. Additionally, it delivers relation extraction.
We have developed a plugin for information extraction (IE) for the open-source
software RapidMinerl] [2]. Using the IE-plugin one can access every textual doc-
ument, extracted further. Then, one can use various pre-processing-operators.
After the pre-processing steps, one can use multiple machine learning methods.
We use conditional random fields for sequence-labeling in order to extract enti-
ties, relations or events.

! Formerly known as YALE.

E. Kapetanios, V. Sugumaran, M. Spiliopoulou (Eds.): NLDB 2008, LNCS 5039, pp. 335 2008.
© Springer-Verlag Berlin Heidelberg 2008



336 F. Jungermann and K. Morik

—— 5
m RapidMiner
DM-component
German

parliament
website

learning
transformation i

into ascii I
preprocessing
plenary

sessiong example set

-

RapidMiner [E-plugin

DM-Component. The innovation of our system is the opportunity to use ex-
tracted events as input for data mining experiments. It is nice to get questions
answered like "How many requests are recommended to be rejected?’; but data
mining goes beyond that. It offers the opportunity to get to know why or under
which circumstances a request has been rejected. All found requests are con-
verted into examples as an input for a data mining task. These examples can be
processed — internally by RapidMiner — by various machine learning techniques.

2 Evaluation

We made an exemplary event extraction experiment to extract all requests and
their recommendations. Accordingly we extracted some additional information
to each request like the signing party, the number of request, and some more.
The machine learning task was to predict the recommendation for each request.
Our framework extracted 1.935 requests. 1.225 of them have a recommendation.
The automatic extraction of the kind of recommendation (label) ended up in 794
rejections, 251 acceptances, 44 deposes and 166 unidentified recommendations.

A ten-fold-cross-validation over the requests ended up in 67,1 % accuracy to
predict the label basically on the basis of the number of supporting parties and
the particular party.
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Abstract. This paper explores a suitable way to integrate a Textual En-
tailment (TE) system, which detects unidirectional semantic inferences,
into Question Answering (QA) tasks. We propose using TE as an answer
validation engine to improve QA systems, and we evaluate its perfor-
mance using the Answer Validation FEzercise framework. Results point
out that our TE system can improve the QA task considerably.

1 The Method

Textual Entailment (TE) has been proposed recently as a generic framework for
modeling language variability. Competitions such as the Recognising Textual En-
tailment Challenges (RTE) [I] and the Answer Validation Exercise (AVEE) track
within the Cross—Language Evaluation Forum describe appropriate frameworks
for evaluating the use of TE approaches within QA environments.

The proposed approach features lexical and semantic inferences computed as
features for a SVM algorithm. It is an extension of our previous system presented
in [2] adding the improvements discussed throughout the paper.

The lexical perspective is covered by the computation of a wide variety of mea-
suredd such as the Needleman-Wunsch algorithm, Smith-Waterman algorithm,
Jaro distance, Euclidean distance, Dice’s coefficient and Cosine similarity.

The semantic inferences are obtained from the WordNet taxonomy. We have
used the Java WordNet Similarity Library (JVVSIH)7 which implements some of
the most commons semantic similarity measures. We have developed a proce-
dure that obtains the maximum similarity among all measures. Also, we propose
another inference based on the detection and correspondence of Named Entities
(NEs). In [3] the authors successfully build their system only using the knowl-
edge supplied by the recognition of NEs. In our case, we use NERUA [] to

* This research has been partially subsidized by the Spanish Government under project
TIN2006-15265-C06-01 and by the QALL-ME consortium, 6th Framework Research
Programme of the European Union (EU), FP6-IST-033860.

! http://nlp.uned.es/clef-qa/ave/

2 http://www.clef.campoaign.org

3 lhttp:/ /www.dcs.shef.ac.uk/~sam /simmetrics.html

* http://grid.deis.unical.it /similarity/
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recognise Spanish and English entities, and we integrated it into the system as
a preprocessing tool in order to detect correspondences between the entities of
the texts.

2 Evaluation and Discussion

To evaluate the benefits that the system contributes to QA systems, the AVE
framework is probably the best evaluation environment. Initially, the system was
designed to deal with English corpora, but owing to AVE also provides corpora
in Spanish, we were able to prove the system’s portability to Spanish. A baseline
setting all the pairs as positive were generated. Table [Tl shows the results as well
as the place that our system would have reached in the AVE ranking.

Table 1. Results obtained over the AVE evaluation framework

System dev. data test data rank

Prec.| Recall| F | Prec.| Recall]l F | QA acc.
Baselineaiiirue 0.116 1 0.208]0.108 1 0.194 - -
Lexical 0.281] 0.792 |0.414|0.277| 0.857 {0.419| 0.2089 | 3rd
Lex+JWSL 0.266| 0.8 ]0.399/0.286| 0.952 | 0.44 | 0.2238 | 3rd
Lex+JWSL+ENT 0.266| 0.8 [0.399]0.323| 0.952 {0.482| 0.2388 |2nd
over Spanish Corpora
Baselineaiiirue 0.145 1 0.254| 0.23 1 0.374 - -
Lexical 0.293| 0.717 10.416{0.382| 0.96 |0.546 | 0.4823 | 1st
Lex+ENT 0.293] 0.717 10.416|0.423 | 0.991 |0.593| 0.4176 | 1st

Results show that accurate precision is reached from a lexical point of view,
but although the lexical analysis is of paramount importance in the entailment
decision making process, without deep semantic analysis the TE task can not be
tackled completely. However, the addition of these units would definitely increase
the response time preventing the system from being used in real-time tasks.
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Abstract. JaTeDigo is a natural language interface (in Portuguese) to a
cinema database that has to deal with a vocabulary of more than 2500000
movies, actors and staff names. As our tools were not able to deal with
such a huge amount of information, we decided to profit from full-text
queries to the database to support named entity recognition (NER) and
syntactic analysis of questions. This paper describes this methodology
and evaluates it within JaTeDigo.

1 Introduction

JaTaDigo is a Natural Language Interface (in Portuguese) to a cinema database.
Its database has information from IMDB, OSCAR.com and PTGatdl.

Regarding question interpretation, JaTeDigo runs over a natural language
processing chain, responsible for a morpho-syntactic analysis and for a semantic
interpretation based on domain terms. Due to the huge quantity of names that
can be asked about, two problems arose: first, it was impossible to load that
information in the dictionaries and run the system in a reasonable time; second,
as the part-of-speech tagger suggests labels for unknown words — and names
can be entered both in Portuguese and English —, the morpho-syntactic analysis
became erratic, and it was impossible to build syntactic rules to capture those
sequences.

Considering other NLIDB, the last decade brought some interesting and promis-
ing NLIDB/QA systems such as BusTUC [I] or Geo Query [2]. However, typically
these NLIDB run over small databases, and they do not accept named entities in
other languages than the query language. As so, after several experiments, and
before going into sophisticated QA techniques, we decided to use full-text queries
and see the results. In this paper we explore this hypothesis. Further details about
JaTeDigo can be found in [3].

2 Overview of the Methodology
1. The question — possibly without some words, such as interrogative pronouns
— is submitted to the database in a full-text query;
! http://www.indb.com/), fhttp://www.oscars.org/awvardsdatabase/| and http://

www.cinema.ptgate.pt) respectively.
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2. The resulting first 100 rows — value obtained empirically — are compared
with the question sequences and named entities are captured;

3. A disambiguation step is performed, if there is more that one entity with
the same name;

4. A local grammar is created and added to the main grammar;

5. A morpho-syntactic and a semantic analysis are performed over the question
and if during morpho-syntactic analysis the part-of-speech tagger suggests
wrong tags, the local grammar overrides them;

6. Syntactic and semantic analysis are performed, an SQL query is built and
the answer is retrieved from the database.

3 Evaluation

For evaluation proposes, 20 users performed 198 questions. From these, 41 got no
response and 157 were answered. From the 157, 7 got wrong answers. Although
there were many causes for these errors, if names were correct and complete,
NER based in full-text queries was 100% accurate. It should be noticed however
that if names are misspelled or incomplete, results can be unanswered questions
Or — WOrse — Wrong answers.

4 Conclusions and Future Work

In this paper, we have presented a methodology to support NER and a syntactic
analysis, based on full-text queries. The questions is submitted to the database
in a full-text query, named entities are identified from the returned results and
a local grammar is created, overriding possible errors from the part-of-speech
tagger. This method provides recognition of named entities with little effort and
although a simple solution, it can be useful to NLIDB developers that are using
tools that cannot deal with large vocabularies.
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Abstract. This paper presents a feature-driven opinion summarization
method for customer reviews on the web based on identifying general fea-
tures (characteristics) describing any product, product specific features
and feature attributes (adjectives grading the characteristics). Feature
attributes are assigned a polarity using on the one hand a previously an-
notated corpus and on the other hand by applying Support Vector Ma-
chines Sequential Minimal Optimization[I] machine learning with the
Normalized Google Distance[2]. Reviews are statistically summarized
around product features using the polarity of the feature attributes they
are described by.

Motivation and Contribution. Mining user reviews on the web is helpful to
potential buyers in the process of decision making, but the large quantity of data
available and the language barrier problems can only be solved using a system
that automatically analyzes and extracts the values of the features for a given
product, independent of the language the customer review is written in, and
presents user with concise results. What follows is a description of such a sys-
tem that presently works on Spanish and English. Our approach concentrates
on two main problems. The first one is discovering the features that will be
quantified, implicitly or explicitly appearing in text. We define a set of product
independent features and deduce a set of product dependent features, which we
complete using the synonymy, meronymy and hyponymy relations in WordNe,
and a set of ConceptNetﬁ, relations. Feature attributes are discovered by apply-
ing the “has attributes” relation in WordNet to product features and adding the
concepts found in the ConceptNet relations PropertyOf and CapableOf. Using
EuroWordNet we map the concepts discovered in English to Spanish. Bigram
features are determined running Pedersens Ngram Statistics Packageﬁ with tar-
get co-occurrences of features on a corpus of 200 reviews.

Implementation. The implementation includes two stages: preprocessing and
main processing. In the preprocessing stage, the documents retrieved contain-
ing the product name in different languages are filtered with Lexted] and split

! http://wordnet.princeton.edu

2 http://web.media.mit.edu/ hugo/conceptnet/
3 www.d.umn.edu/ tpederse/nsp.html

* http://www.lextek.com
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according to the language they are written in - English or Spanish. We deter-
mine the product category and extract the product specific features and feature
attributes accordingly. The main processing is done in parallel for English and
Spanish, using specialized tools for anaphora resolution, sentences splitting and
Named Entity Recognition. We extract the sentences from texts containing at
least one feature or feature attribute and parse them. We also define a set of
context polarity shifters (negation, modifiers and modal operators). We extract
triplets of the form (feature, attributeFeature, valueOfModifier), by determining
all attribute features that relate to the features in the text. Feature attributes ap-
pearing alone are considered to implicitly evoke the feature that it is associated
with in the feature collection previously built for the product.

Assignment of Polarity to Feature Attributes. In order to assign polar-
ity to each of the identified feature attributes of a product, we employ SMO
SVM machine learning and the Normalized Google Distance (NGD). The set of
anchors contains the terms {featureName, happy, unsatisfied, nice, small, buy}.
Further on, we build the classes of positive and negative examples for each of the
feature attributes considered. We use the anchor words to convert each of the 30
training words to 6-dimensional training vectors defined as v(j,i) = NGD(wi,aj),
where aj with j ranging from 1 to 6 are the anchors and wi, with i from 1 to
30 are the words from the positive and negative categories. After obtaining the
total 180 values for the vectors, we use SMO SVM to learn to distinguish the
product specific nuances. For each of the new feature attributes we wish to clas-
sify, we calculate a new value of the vector vNew(j,word)=NGD(word, aj), with
j ranging from 1 to 6 and classify it using the same anchors and the trained SVM
model. The precision of classification was beween 0.72 and 0.80 and the kappa
value was above 0.45.

Summarization of Feature Polarity. We statistically summarize the polarity
of the features, as ratio between the number of positive or negative quantifica-
tions to feature attributes and the total number of quantifications made in the
considered reviews to that specific feature respectively, in the form (feature,
percentagePositiveOpinions, percentageNegativeOpinions).

Evaluation. For the evaluation of the system, we annotated a corpus of 50 cus-
tomer reviews for each language at the level of feature attributes. The results
obtained have the following values for Accuracy, Precision and Recall respec-
tively: English - 0.82, 0.80, 0.79, Spanish - 0.80, 0.78, 0.79, Combined - 0.81,
0.79, 0.79, with baselines for English - 0.21, 0.20, 0.40 and Spanish - 0.19, 0.20,
0.40. We can notice how the use of NGD helped the system acquire significant
and correct new knowledge about the polarity of feature attributes.
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Abstract. This paper present a semantic and syntactic distance based
method in topic text segmentation and compare it to a very well known
text segmentation algorithm: c99. To do so we ran the two algorithms on
a corpus of twenty two French political discourses and compared their
results.

Keywords: Text segmentation, topic change, c99.

1 C99 and Transeg

In this paper we compare Transeg, a text segmentation method based on dis-
tances between text segments and a fairly deep syntactic and semantic analysis,
to ¢99 [I]. Our goal is to assess the importance of syntactic and semantic infor-
mation in text segmentation.

1.1 C99

Developed by Choi [I], ¢99 is text segmentation algorithm strongly based on the
lexical cohesion principle. It is, at this time, one the best algorithms in the text
segmentation domain.

1.2 Transeg: A Distance Based Method

We have developed a distance based text segmentation specifically designated
to find topic variations inside the text called Transeg.

The first step of our approach is to convert each text sentence into a semantic
vector obtained using the French language parser SYGFRAN [2].

Using this sentence representation, we try to find transition zones inside the
text using a protocol described in [3].

In our first implementation of this method, we used the angular distance to
compute the transition score. In this paper we use an extended version of the
concordance distance first proposed by [4]. This improvement has enhanced the
discriminant capabilities of our method.
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2 Experiment and Result on French Political Discourses

In order to compare the two methods, we tried them on a set of twenty two
French political discourses and we measured their scores in text topic boundaries
detection.

We chose a set of French political discourses for two main reasons: (1) As
they were identified by experts, internal boundaries looked less artificial than
just beginnings of concatenated texts. (2) The topical structure of a political
discourse should be more visible than other more mundane texts.

From an original corpus of more than 300,000 sentences of a questionable
quality we extracted and cleaned 22 discourses totalizing 1,895 sentences and
54,551 words.

We set up a run of both Transeg and the LSA augmented ¢99 (Choi’s algo-
rithm) on each discourse separately. To be sure that there is not any implemen-
tation error, we used the 1.3 binary release that can be downloaded on Choi’s
personal Linguaware Internet page (http://www.lingware.co.uk/homepage/
freddy.choi/software/software.htm).

To evaluate the results of both methods, we used the DEFT’06 tolerant
recall and precision ([5]).

Table 1. ¢99 and Transeg topic segmentation results

Words|Sentences Transeg c99
Precision|Recall|FScore|Precision|Recall|FScore
Text 3 | 2767 92 42.86 |85.71|28.57 20 14.29 | 8.33
Text 6 | 5348 212 8.7 18.18 | 5.88 20 18.18 | 9.52
Text 9 | 1789 53 75 100 |42.86 25 16.67 10
Text 19| 678 26 33.33 |[33.33] 16.67 50 66.67 | 28.57
Text 22| 1618 40 60 75 |33.33 100 25 20

First of all, we see that results (table[Il) are not spectacular. F'Score is a very
strict measure, even when softened by using tolerant recall and precision.

Transeg has a better F'Score on 16 on the 22 documents composing the corpus.
On these 16 texts, our recall is always better or equal to ¢99 and our F'Score.
Transeg has also the best F'Score of both runs with 42.86 on text 9. C99 has a
better F'Score on 6 texts. Anyway, we should notice that c99 has comparatively
good precision on most of the texts. Thus, when examining texts where c99 is
better we see that they fit into two categories: (1) Texts with few boundaries.
C99 seems to be very effective on short texts with just one inner topic boundary.
(2) Enumerations. Text 6 for example, which is quite big, is a record of the
government spokesman where he enumerates dealt subjects during the weekly
minister reunion.

According to the experiment results, Transeg seems to be more effective at
finding inner text segments than ¢99. It seems to be efficient on longer docu-
ments, with multiple and related topics. Whereas a lexically based method is
efficient on either short texts with very few topics, or enumerations and/ or
concatenation of unrelated topics or subjects.
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Abstract. The nowadays explosion of pervasive services based on the
Internet makes information about current events easy and rapidly avail-
able to any user. A critical point is concerned with the possibility for the
users to have a comprehensive, trustworthy and multi-source informa-
tive dossiers on their events of interest. This paper presents a completely
unsupervised architecture for the automatic detection and integration
of informative sources about current events based on natural language
processing and audiovisual content analysis. The system provides a mul-
timodal RSS feed integrating both audiovisual and textual contributions.

1 Aggregating Information Items in Hybrid Spaces

Modern times are characterised by the annihilation of spatiotemporal barriers
between occurrence of events and the awareneness of them by the public. This
revolutionary scenario brings in its own new issues, e.g. users wanting to have a
complete view on a certain event struggle with the variegated sources of infor-
mation all dealing with the same subject but under concurrent perspectives.

This innovative model requires innovative multimodal aggregation services.
Intelligent information aggregation and organisation has been a hot topic in the
world wide web developers community in the recent years, and specifically in
the area of news aggregation, e.g. see [I]. Analysis and indexing of audiovisual
material is traditionally treated as a separate topic of research. In our context,
programme segmentation is the key subject and particularly all techniques con-
cerning news item detection and indexing, e.g. [2]. Despite the liveliness of the
two described areas, very little has happened to combine efforts towards a com-
plete multimodal framework, able to exploit the strength of both information
delivery media. We present a novel solution in the context of intelligent infor-
mation aggreagation (ITA), in which we tried to tackle and address these new
issues. We propose a hybrid clustering algorithm based on the intuitive principle
of semantic relevance between information items belonging to a primary (Ch)
and an ancillary (Cs) space, which are heterogeneous each other. We then define
an empirical entailment measurement S in the space C7 by measuring the set
intersection on Cy of the semantic relevance function.
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Kenya: almeno 149 morti negli scontri (Aggiornato a 2008-01-14
10:12:50+01) ~_
lunedi 14 gennaio 2008, 11.12.50 >

Score: 0.5221319

Include contributi dai seguenti telegiornali:
canale5 - TG5 08:00 del 2007-12-31 Hyperlinks to audiovisual clips
la7 - TgLA7 12:30 del 2007-12-31

italia1 - StudioAperto 12:00 del 2007-12-31

rai2 - TG2 13:00 del 2007-12-31

rai1 - TG1 13:30 del 2007-12-31

rete4 - TG4 13:30 del 2007-12-31

rai3 - TG3 14:30 del 2007-12-31

rai1 - TG1 20:00 del 2007-12-31

Articoli correlati: _Hyperlinks to articles
Kenya: almeno 149 morti negli scontri

Rivolte dopo il voto in Kenya: almeno 150 morti, e le violenze continuano

Kenya, elezioni imbroglio? Centinaia di morti nelle strade

Aggregation title and last update information

Fig. 1. Example of published multimodal aggregation as RSS item

Concretely, we used the set of itelevision newscasts channels as ancillary space
(C2), and the newspapers sites as primary space (C1). Seven major national chan-
nels were acquired and digitised, and news items were automatically detected
using a segmentation method based on audiovisual content analysis. The spoken
content of detected news items was transcribed to text by a speech to text engine
and indexed by an open source full text search engine (Lucene). We used RSS
feeds published by the online newspapers as surrogates of the full articles, using
the title and description sentences as a summary of the content.

RSS information items were elaborated by a part of speech tagger which
extracts elements of the title and description sentences which are important
from the linguistic point of view, which were used to build full text queries, run
on the news items index provided by Lucene, thus implementing the semantic
relevance function.

Cross-space aggregations are collected in a multimodal RSS service, each item
of which points at both the semantically relevant articles and news items as
depicted in Figure[ll The overall accuracy has been measured by the following in-
dicators: a)actual relevance of the aggregation detection (AR): what part the de-
tected aggregations represent a semantically coherent aggregation?; b)precision
of the induced aggregation (PTA): what part of the RSS items of an aggregation
are relevant w.r.t. the semantics of it?; ¢) precision of the cross-space aggrega-
tion (PCA): what part of the aggregated audiovisual clips concerning a detected
current event are relevant to it? The values of the three indicators measured on
a database of 162 detected aggregations, corresponding to two weeks of system
run, were respectively 0.77, 0.97, and 0.96.
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Abstract. This paper proposes a mixture model approach for automatic
detection of protein-protein interaction sentences. We combine rule-
based and SVM algorithms to achieve both high precision and recall. Ex-
perimental evaluation shows that the mixture model outperforms each
individual model. Particularly, recall is substantially improved using the
mixture model compared to SVM with only a small reduction in preci-
sion. We apply this approach to annotate interactions in I°D database of
protein-protein interactions with references from Medline.

1 Introduction

Despite the success of automatic protein-protein interaction (PPI) detection us-
ing information extraction algorithms, these approaches often suffer from low
coverage. Our evaluation of automatic PPI detection shows that sentence-level
PPI information is a crucial factor that could contribute to improving cover-
age of interaction relation detection[l]. Sentence-level PPI information indicates
whether a sentence expresses at least one interaction. In this paper, we pro-
pose to use a mixture model to combine a rule-based model with support vector
machine algorithm to identify interaction sentence in text.

2 Methods and Results

A rule-based approach. In automatic PPI extraction research, some words have
been recognized as important cues that suggest existence of PPIs in text. We
developed a simple rule-based approach to assign a positive label to a sentence
containing at least one keyword (i.e., an interaction sentence). Our keyword
set is developed based on the list in [2]. The final keyword collection comprises
each word in the list, combined with all its morphological variations.

Support Vector Machines (SVM) approach. We develop a supevised machine
learning approach using unigrams as features to combine lexical cues to deter-
mine whether a sentence is an interaction sentence. In the experiment, we
use SVM'"* implementation of SVMs [3] with a linear kernel.

A mixture model. In order to improve the overall performance, we developed a
mixture model to take advantage of the high recall of the rule-based approach,
and the high precision of SVM. In the mixture model, the machine learning and
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Table 1. Comparison of different models in detecting interaction sentence

Approach Precision (%) Recall (%) F-score (%)
keyword-based 40.5 81.1 56.4
SVM (unigrams + sigmoid) 59.7 61.3 60.5
mixture model 57.1 71.0 63.3

the keyword-based approaches has its own input to the final label of a data
point (since output of SVM is distance value, we train a sigmoid model [4] to
map SVM output into probability). Our goal of combining the two approaches
is to construct a consensus partition that summarizes the information from the
two inputs. Let y;, ¢ = 1,...,n be the label of data point z;, i = 1,...,n. The
labels y; are modeled by a mixture of two component densities. The probability
of getting y; for a data point x; is: P(y;|z;) = Zi:l o Py (yi|x;). We estimate
the coefficients ay, using the EM algorithm in the experiment.

Evaluation. The mixture model is evaluated on the Almed data set [IEI}7 per-
forming a 10-fold cross validation. Achieved performance is reported in Table[Il
In comparison with the keyword-based approach, F-score of the mixture model
is improved by about 7% with an increase of about 17% in precision and a cost
of 10% in recall. The mixture model substantially improved recall compared to
SVM, with only small reduction in precision of about 2%. The results show that
the mixture model outperforms both approaches. In addition, a mixture model
has more flexibility in controlling precision and recall of the system by varying
the mixture coefficients o.

3 Conclusion

We proposed a mixture model approach that combines a rule-based strategy
with a supervised model of SVM to achieve higher coverage on detecting in-
teraction sentence with high precision. The results show that the mixture
model outperforms each model. Particularly, recall is substantially improved us-
ing the mixture model compared to SVM with only a small decrease in precision.
The work is under way to annotate all PPIs in the protein-protein interaction
database I?D (http://ophid.utoronto.ca/i2d).
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Abstract. Automated identification of tasks in email messages can be very
useful to busy email users. What constitutes a task varies across individuals and
must be learned for each user. However, training data for this purpose tends to
be scarce. This paper addresses the lack of training data using domain-specific
semantic features in document representation for reducing vocabulary
mismatches and enhancing the discriminative power of trained classifiers when
the number of training examples is relatively small.

Keywords: classification, semantic features, construction grammar, ontology.

1 Introduction

Lack of training data and idiosyncratic, highly ambiguous user definitions of tasks
make email task classification very challenging. A simple bag-of-words approach is
problematic mainly due to vocabulary mismatches. Some such mismatches can be
resolved by proper text preprocessing such as stemming or tokenization. However, the
differentiation of word senses and the generalization of word meanings for synonyms
are not easily solved. Bloehdorn and Hortho [2] explored the use of ontologies
(semantic hierarchies) such as WordNet and claimed that classification performance
improved on a standard benchmark dataset such as Reuters 21578. However, their
baseline performance was lower than the baseline reported by Li and Yang [2] where
no such additional Natural Language Processing features were used.

Our hypothesis is that classification performance can be improved by using domain
specific semantic features. In this paper, we investigate the use of semantic features to
overcome the vocabulary mismatch problem using a general ontology and domain
specific knowledge engineering. When we extracted the ontology information using
domain specific grammars indicating the appropriate semantic ancestor (e.g.,
conference-session versus the too general thing or too specific tutorial concepts), we
observed improvement over naively extracting ontology information.
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2 Natural Language Feature Extraction

Our approach uses rules to extract features from natural language text. We use syntactic
information from dependency parses produced by Connexor Machinese Syntax[4] and
semantic concepts from the RADAR’s Scone[6] ontology system. Sets of construction
rules (inspired by Construction Grammar [3]) map Connexor’s syntactic structures onto
semantic frames. The construction rules encode patterns that are matched against the
syntactic parse to add general pragmatic information (e,g., speech-acts: request-
information, request-action, reject-proposal), semantic information (e.g., semantic
roles: agent, patient, location) and domain specific features (e.g., conference-session,
briefing, meeting) to the final semantic frame. The inventory of domain specific features
was determined manually. At run time, features are extracted using ConAn rules that
combine Scone concepts with speech-act information and/or semantic roles. These
domain features are tied to domain specific classes or sub-tasks (e.g., information, web,
meetings, food, conference sessions, etc...) identified by the classifier.
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Fig. 1. Macro F1 of SVM

3 Evaluation and Results

We tested our semantic features using SVM [1] on 548 training emails and evaluated
on 107 unseen emails. The training emails were hand-labeled with eight previously
defined categories (task types). We tested two conditions: first, naively extracting
Scone concepts for each word and its semantic parent(s) and grandparent(s) and then,
second, extracting semantic features to find the most appropriate domain specific
ancestor(s) using construction rules. Naively extracted Scone concepts hurt system
performance. However, the construction grammar driven semantic features did well
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on training data of up to 500 emails. The ontology, construction analyzer and
classifier modules described in this paper are being developed as a part of RADAR
[5], a system that will act as a personal assistant in such tasks as classifying e-mail,
updating web information, scheduling rooms and scheduling meetings.
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Abstract. The processing performance of vector-based document clus-
tering methods is improved if automatic summarisation is used in addi-
tion to established forms of text pre-processing.

Keywords: Document Clustering, Automatic Summarisation, Docu-
ment Pre-processing.

1 Pre-processing Documents for Clustering with
Summarisation

The Vector Space Model [I] commonly used for document clustering is badly
affected by the very high-dimensional vectors which represent longer texts [2].
Established techniques for reducing the dimensionality of vectors are largely
limited to stopword removal and stemming. In this experiment we looked at the
effect of automatic summarisation as a pre-processing technique on the overall
processing efficiency of document clustering algorithms.

2 Experimental Data and Design

To test the effect of summarisation on the performance of document clustering
algorithms, we used some 600 documents averaging around 1000 words in length,
student answers from three exams held at the University of Manchester using
the ABC (Assess By Computer) software [3], [4]. Half length unsupervised sum-
maries (i.e. the keywords used were generated automatically by analyzing the
source texts) were used. Three clustering algorithms were used: K-means, ag-
glomerative, and particle swarm. Each clustering algorithm was used to divide
each dataset (i.e. the student answers to a specific exam question) into three
clusters. For each algorithm, we compared its processing time on the full texts
with the sum of its performance on the summaries added to the summarisation
time.

3 Experimental Results

There is a reduction of 35%, 34% and 53% in the number of terms, pre-processing
time and similarity matrix calculation time respectively after applying summari-
sation as a pre-processing step. Figure [[l shows that the pre-processing time has
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Fig. 1. K-Means, Agglomerative and PSC Time Before and After Summarisation

increased more then double, but the overall time performance of the three al-
gorithms has decreased. The time needed to cluster the documents using the
K-Means and PS has been reduced to half and that of the Agglomerative is
reduced by 25%. The reason agglomerative time has little effect from summari-
sation is that it is highly dependent on its implementation.

4 Conclusion

Automatic summarisation has been applied as a text pre-processing step for
document clustering to improve overall processing time. Our experiment showed
that there is approximately 50% and 27% reduction in the computational time
of k-means and PSC algorithms and agglomerative clustering respectively. The
next step is to evaluate the summary-based clusters for their quality, cohesion
and content.
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Abstract. With the opening of office document formats such as ODF and Open
XML, the content management business is evolving more and more towards an
issue of knowledge management. For industry, the main challenge is to model
a software architecture incorporating trades intelligence of documentary content
to knowledge management. While some sectors acquire systems dedicated to
the management of semantic knowledge (e.g. press or high-tech industrial), in
most cases, these systems are still isolated from the most widespread office
context, i.e. Open Office, Star Office and MS Office. Interoperability with wells
of structured information in Information Systems (IS) remains very limited.
And yet, this is an important lever of streamlining and improving the productive
value of IS. By developing interoperability, it is human capital that is expected
to grow, with the ease to cooperate. By now, the field “Quality, Safety, Hygiene
and Environment” is a vehicle for major progress of the European industry. The
prototype we have developed in the context of the shipbuilding industry is
based on the integration of a semantic cross-lingual component for managing
QHSE trades knowledge within a collaborative ECM.

Keywords: semantic enterprise content management, multilingual and cross lingual
ontologies, learning process, knowledge browsing, Open XML, SKOS, SPARQL.

Aker Yards SA is a French shipbuilding industry of the Scandinavian group Aker Yards.
It includes many guilds, multilingual users of the information system. The inner need for
collaborative software tools is important and, in a complex architecture where the end
user workstation is an applicative common-core, content management corporate office is
a strong element. An Enterprise Content Management (ECM) system becomes
collaborative as soon as it allows workgroups to cooperate by sharing information around
a theme (activity, project). The collaborative Aker Yards environment, SharePoint Server
2007 (SPS), makes the most of Open XML, normalized document format according
W3C XML, XSD, XSLT recommendations and the WebDAYV protocol (access control,
check-in/check-out, versions). It integrates multilingual indexation and research services
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dealing with resources, internal or external to the system, at the syntactic level. It does
not deal with the office information (unstructured data, structured and semi-structured) at
the semantic level.

A collaborative and semantic ECM prototype, dedicated to the "Quality, Hygiene,
Safety and Environment” area, has been developed. This prototype has been defined
from an existing knowledge-based application which includes approximately 22,000
files and 14,000 folders (identifying a corpora of 4.7 Giga) related to QHSE norms
and standard used for Aker Yards industry. The technologies used to extract the
content of this corpora and to convert it into Open XML are J2EE, VB .NET and C#.
An ASP.NET Web Part component, dedicated to semantic querying based on
ontologies, has been implemented. Among the semantic languages from the W3C,
Simple Knowledge Organization System (SKOS) was selected for its relevance to the
context. Indeed, its level of abstraction, intermediary between RDF-RDFS and OWL,
facilitates access to taxonomies and lightweight ontologies.

Two lightweight ontologies have been identified and connected together in a single
SKOS file. The first one, which is an application ontology, combines the concepts
which are strictly proper to the application. The second one includes the concepts
used by the application that are not specific to it. This is, conceptually, the
intersection of the application ontology and a domain ontology of the shipbuilding
industry.

The triplet SKOS-SPARQL-ASP.NET has been adopted as a solid foundation for
defining the architecture properly. A SPS Web Part (servlet) has been developed in
C#, using the SPARQL and SPS 2007 API. SPARQL could even use on the fly
volatile rules system construction.

Semantic and cross-lingual functions were finally conceived upstream of indexed
syntactic research, integrated to an environment they interface:

1. The Web Part component receives the end-user keywords in SPS 2007 ;
2. It extracts, from the SKOS definition, the key concepts semantic mapping;
3. It provides a refined list of keywords to the standard syntactic search system;
4. The SPS standard search service presents the refined results to the end-user.

By a satisfied bundle of examples, this prototype clearly demonstrates the validity
of a semantic and cross-lingual search engine in the area of shipbuilding industry, and
specifically in the “Quality, Health, Safety and Environment” area.

For the European shipbuilding industry, semantics is necessary for the productive
organization of cross-lingual trades referential. Our work can be considered as the
first step of an ambitious project which aims at federating the five major European
manufacturers on the development of a common platform for the semantic
management of documents and knowledge of the shipbuilding industry.
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Abstract. Since the 1970's, there has been growing interest in understanding
and answering human language questions. Despite this, little progress has been
made in developing an interface that any untrained user can use to query very
large databases using natural language. In this research, the design of a novel
system is discussed. Tree-like structures are built for every question and each
query, and a tree kernel, which represents trees in terms of their substructures,
is used to define feature spaces. A machine learning algorithm is proposed that
takes pairs of trees as training input and derives the unknown final SQL query
by matching propositional and relational substructures.

Keywords: NLIDB, Natural Language Question Answering, Tree Kernel.

1 Introduction

The task of natural language understanding and answering has been extensively
studied in the past thirty years [2]. The great success obtained by search engines in the
last decade confirms that users continuously need to retrieve a lot of information in an
easy and efficient way. This information is usually stored in databases, split across
tables and retrieved using machine-readable instructions or filling in fields of ad-hoc
forms. Obviously, these procedures are not easy, fast or pleasant enough even for an
expert user.

The aim of this research is to design and to develop a novel system for answering
natural language questions against a relational database, mapping them into SQL
queries. To address this problem, we start from building syntactic propositional trees
from natural language questions and relational trees from SQL queries. The first step
towards our goal is to classify similar propositional and relational trees. This is done
using a tree kernel, which computes the number of common substructures between
two trees, generating our feature spaces. The next step is exploiting the classification
to answer natural language questions, generating SQL codes that are ranked based on
the number of matching substructures.

The paper is organized as follows. Section 2 reviews some state-of-the-art systems
that address the problem of question answering. Section 3 gives a definition of the
problem and an example that motivates the need for a novel system. Section 4
illustrates the proposed solution and the research methodology.

" Ph.D. advisor: Periklis Andritsos, University of Trento, Italy. periklis @disi.unitn.it

E. Kapetanios, V. Sugumaran, M. Spiliopoulou (Eds.): NLDB 2008, LNCS 5039, pp. 367 2008.
© Springer-Verlag Berlin Heidelberg 2008



368 A. Giordani

2 Related Work

Despite the numerous attempts on answering natural language questions made in the
past thirty years, it has turned out to be much more difficult to build useful natural
language interfaces than what was originally expected. State-of-the-art approaches to
address that problem can be classified into three categories: spoken language
understanding, keyword-based searching and natural language question answering. In
this section we will review only recent systems that enable automatic translation from
natural language to SQL. (For a review of other systems, please refer elsewhere [2].)

Table 1 shows a list of natural language interfaces to database (NLIDBs) together
with important features, advantages and disadvantages of such approaches.

Table 1. Systems' review. Dom.1./Db.I. stand for domain/database independence.

Name Automatical Approach Intervention Required Dom.1. | Db.L
EasyAsk Costruct contextual dictionary - v v
NaLIX Disambiguate using ontology Rephrase questions v x
SQ-Hal Use relatioships between tables Enter relationships/synonyms 3 x
English Query | Extract few basic relationships Model refinement 4 x
ELF Extract most table relationships v v
MASQUE/SQL Express semantic meaning Configure domain words % x
Tiscover Detect laguage. Check spell Construct dictionaries x x
Edite Exploit mapping tables Construct dictionaries x x
EzQ Express semantic meaning Construct dictionary/Rephrasing % x
Precise Solve problem with maxflow Rephrase questions v x
MaNaLa Map prop. trees into rel.trees v v

EasyAsk [10] is a commercial application that offers both keyword and natural
language search over relational databases. NaLIX [6] enables casual user to query
XML database, relying on schema-free xQuery. A system that, in contrast to the
others, requires the user to know the underlying schema, is the open-source
application SQ-HAL [13]. This approach defeats the aim of building an NLIDB for
naive users that is domain and database independent (which means that the interface
can be used with different domains and databases without intervention).

English Query [11] and English Language Front-End [12] are two domain
independent commercial systems: they automatically create a model collecting objects
and extracting relationships from the database.

Among systems that need to be configured for each domain and database there are:
MASQUE/SQL [1], a modified version of the famous MASQUE system; Tiscover [3]
and Edite [4], two tourism multilingual interfaces that require to construct a domain-
specific dictionary for every language they accept; the Spanish NLIDB [5] used in
EzQ [7], which implements a domain customization module to maintain dictionaries.

The system described in this paper, MaNalLa (Mapping Natural Language), is
independent from both database and domain: it automatically detects relationships
exploiting database metadata and expresses semantic meaning mapping NL into SQL.

The NLIDB Precise [8] is 100% accurate when answering “semantically tractable”
questions. This class is a small subset of all questions that would be practically legal.
The goal of our system is to answer a wider class of questions, possibly
outperforming the optimum result of Precise.
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3 Motivation and Problem Definition

A central issue in natural language processing is understanding the user intent when
she poses a question to a system, identifying concepts and relationships between
constituents and resolving ambiguities. In an NLIDB the answer should be retrieved
from a database, translating the natural language question into an SQL query.

Suppose that a user types the following natural language question:

WHICH STATES BORDER TEXAS? (NL1)

The answer to this question can be found in the Geoquery database [8]. With
respect to that database, a translation of question NL1 into a SQL query can be
retrieved visiting the relational tree SQL1 (Fig. 1) in pre-order. Knowing this
structure, the user would be able to straightforwardly substitute values of similar
concepts (e.g. Texas VS Iowa) to create new SQL queries (see relational tree VIEW 1
in Fig. 1). Additionally, one can pose a composite question, like the following:

WHICH CAPITALS ARE IN STATES BORDERING IOWA? (NL2)

The figure below represents the NL questions with syntactic propositional parse
trees and SQL queries with relational parse trees. It shows that NL2 shares some
similarities with NL1, which are reflected also by corresponding relational translated
trees: SQL2 embeds VIEW 1, whose structure is identical to the one of SQLI1.

The problem of question answering can thus be regarded as a matching problem.
Given pairs of trees, we can compute if and to what extent they are related using a
tree kernel. The kernel that we consider in this research represents tree-like structures
in terms of their substructures and defines feature spaces by detecting common
substructures. This methodology is described in detail in the next section.

NL1 MNL2
Swh VP Swh vp PP
wh MNP v MNP wh MNP IH NP WP
| [ | 1 | [ | P
which I3 horder I\II which ot e o N v HP
| | | [ | [
states / texas capitals states  bordering N
Vil \ . . .'I iowa
©sQLz
: SELECT FROM  WHERE.
SELECT FROM WHERE state state 1N AN
I 7~ I ' S T
border info horder_infa, = \ 1 state VIEW! ', "
T horder_info eyeygaer | Capital l SELECT FROM | WHERE
'.Il I 1 I 1
border T state name border info border_info | =
I ] {
state ratne . border_info “lowa”
1}
horder T

state_namne

Fig. 1. Propositional/relational pairs of trees and the relationships between their nodes. Dashed
lines and triangles reflect the similarities between the structure of SQL2 and the substructure
VIEW1 of SQL1. Dotted lines indicate additional relationships between NL2 and SQL2.
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4 Research Methodology

Looking at the figure above, we note that SQL representations reflect a semantic
structure isomorphous to human conceptual structures. We can exploit this, learning
how to map NL gquestions into SQL queries. The first step is learning to classify
correct pairs <question, query> (a pair is correct if a valid transformation of the
question leads to the query) based on their parse trees. For this purpose, we add some
relational information to trees such that constituents of the natural language sentence
and concepts of the relational tree are linked together. Then, given a set of positive
(correct) and negative examples, we train the classifier.

To measure the syntactic similarity between pairs of trees we use a tree kernel,
which computes the number of common substructures (e.g. the structure highlighted
with a grey triangle in Fig.1 is shared by both subtrees of questions NL1 and NL2).

As pointed out elsewhere [9] when we have pairs of trees whose nodes encode
relational information, we can use both intra-pair and cross-pair similarities to derive
more accurate models for automatic learning from examples. The literature has shown
that the use of such a kernel function to evaluate the maximum similarity between two
pairs of sentences is effective and efficient even on very large datasets.

References

1. Androutsopoulos, I., Ritchie, G., Thanisch, P.: MASQUE/SQL - An Efficient and Portable
Natural Language Query Interface for Relational Databases. In: 6th Int. Conf. on Industrial
& Engineering Applications of Artificial Intelligence and Expert Systems (1993)

2. Copestake, A., Sparck-Jones, K.: Natural language interfaces to databases. The
Knowledge Engineering Review, 225-249 (1990)

3. Dittenbach, M., Merkl, W., Berger, H.: A natural language query interface for tourism
information. In: Int. Conference on Information and Communication Technologies in
Tourism, pp. 152-162. Springer, Heidelberg (2003)

4. Filipe, P., Mamede, N.: Databases and Natural Language Interfaces. V Jornadas de Bases
de Datos. Valladolid (2000)

5. Gonzalez, B.J.J., Pazos, R.R.A., Cruz, C.I.C., Fraire, H.H.J.: Issues in Translating from
Natural Language to SQL in a Domain-Independent Natural Language Interface to
Databases. In: Gelbukh, A., Reyes-Garcia, C.A. (eds.) MICAI 2006. LNCS (LNAI),
vol. 4293, pp. 922-931. Springer, Heidelberg (2006)

6. Li, Y., Yang, H., Jagadish, H.: NaLIX: an Interactive Natural Language Interface for
Querying XML. In: ACM SIGMOD, Baltimore (2005)

7. Pazos, R.R.A., Gelbukh, A.F., Gonzilez, B.J.J., Alarc6n, R.E., Mendoza, M.A.,
Dominguez, S.A.P.: Spanish Natural Language Interface for a Relational Database
Querying System. In: Sojka, P., Kopecek, 1., Pala, K. (eds.) TSD 2002. LNCS (LNAI),
vol. 2448, pp. 123-130. Springer, Heidelberg (2002)

8. Popescu, A.M., Etzioni, O., Kautz, H.: Towards a theory of natural language interfaces to
databases. In: 8th International Conference on Intelligent user interfaces. Miami (2003)

9. Zanzotto, F.M., Moschitti, A.: Automatic learning of textual entailments with cross-pair
similarities. In: 21st International Conference on Computational Linguistics and 44th
Annual Meeting of the Association for Computational Linguistics, Sydney (2006)



10.
11.
12.
13.

Mapping Natural Language into SQL in a NLIDB

EasyAsk (a.k.a. English Wizard), http: //www.easyask.com

English Query, http://msdn2.microsoft.com/en-us/sglserver/
English Language Front End (VB-ELF), http://www.elfsoft.com
SQ-HAL, http://www.csse.monash.edu.au/hons/projects/2000/
Supun . Ruwanpura/

371



Improving Data Integration through Disambiguation
Techniques*

Laura Po

Dipartimento di Ingegneria dell’ Informazione
Universitd di Modena e Reggio Emilia
laura.po@unimore.it

Abstract. In this paper Word Sense Disambiguation (WSD) issue in the context
of data integration is outlined and an Approximate Word Sense Disambiguation
approach (AWSD) is proposed for the automatic lexical annotation of structured
and semi-structured data sources.

1 Introduction

The focus of data integration systems is on producing a comprehensive global schema
successfully integrating data from heterogeneous data sources (heterogeneous in for-
mat and in structure) [8I2]. The amount of data to be integrated can be scattered at
many sources and there may not be available domain experts to perform the integration
process. For these reasons and for saving time and human intervention, the integration
process should be as much automated as possible. Thus, in recent years, many differ-
ent data-integration tools have been improved with methods for automatic discovery of
mappings and thus matching among schemata.

The biggest difficulty in schema matching lays on being able to discover the right
relationships among schemata from different sources. Usually, data sources are orga-
nized by developers, according to different categorization. Therefore, it is necessary to
understand the modelling logic behind structuring information (i.e the structural rela-
tionships among schema elements). Further, it is important to deal with the problem
of how the data are "labelled"; it is often hard to understand the meaning behind the
names denoting schemata elements. Annotation becomes, thus, crucial to understand
the meaning of schemata.

Annotation is the inclusion of extra information on a data source. The annotation
process can be performed in relation to a reference, like ontology or vocabulary. Dur-
ing the lexical annotation process (i.e. annotation w.r.t. a vocabulary or thesaurus) the
concepts and attributes of a data sources (which in the following will be called gener-
ally terms) are annotated according to a lexical reference database (WordNe in this
implementation, but the method is independent on this choice), in which the terms are
interconnected by lexical relationships that can be syntactic or semantic.

The followed approach faces the disambiguation problem in the field of integrating
structured and semi-structured data sources schemata. These data have got some special

* Advisor: Prof. Sonia Bergamaschi.
''See http://wordnet .princeton.edu for more information on WordNet.
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features that distinguish them from text data. On structured or semi-structured data
sources there is not as a wide context as in a text source; in addition, there are less words
that concur to the definition of concepts (classes, attributes, properties). The contexts
on these data can be defined considering the structural and semantic relationships over
a source, like sets of attributes belonging to the same class, or classes connected by
aggregations or hierarchies.

As integration system, MOMIS-Ontology Builder [2] has been used; MOMIS is a
framework able to create a domain ontology representing a set of selected data sources,
described with a standard W3C language wherein concepts and attributes are annotated
according to the lexical reference database.

2 Related Work

A semantic approach to schema matching has been proposed in [5]. The method cal-
culates mappings between schema elements by computing semantic relationships. The
semantic relations are determined by analysing the meaning which is codified in the el-
ements and the structures of schemas. Labels at nodes are translated into propositional
formulas which explicitly codify the label’s intended meaning. The use of the semantic
relations in this approach is similar to what will be proposed here.

Some other authors, dealing with ontology matching, have proposed a method to
solve semantic ambiguity in order to filter the appropriate mappings between different
ontologies [6]. Using the semantic similarity measures, the mappings found by an on-
tology matching tool can be filtered, so the precision of the system improves. The limit
of this method is that it does not disambiguate the label of the ontology classes, while
it evaluates the possible meanings only.

3 An Approximate Word Sense Disambiguation Approach

As it is described in [[7]] the WSD task involves two steps: (1) the determination of all
the different meanings for every word under consideration; and (2) a means to assign
to each occurrence of a word its appropriate meaning. The most recent works on WSD
rely on predefined meanings for step (1), including: a list of meanings such as those
found in dictionaries or thesauri.

The use of a well-known and shared thesaurus (in this case WordNet) provides a
reliable set of meanings and allows to share with others the result of the disambiguation
process. Moreover, the fundamental peculiarity of a thesaurus is the presence of a wide
network of relationships between words and meanings.

The disadvantage in using a thesaurus is that it does not cover, with same detail,
different domains of knowledge. Some terms may not be present or, conversely, other
terms may have many associated and related meanings. These considerations and the
first tests made led to the need of expanding the thesaurus with more specific terms.
On the other hand, when a term has many associated and related meanings, we need to
overcome the usual disambiguation approach and relate the term to multiple meanings:
i.e. to union of the meanings associated to it. Even Resnik and Yarowsky [9] ratify that
there are common cases where several fine-grained meanings may be correct.
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The proposed AWSD approach may associate more than one meaning to a term and
this, thus, differs from the traditional approaches.

Different methods to disambiguate structured and semi-structured data sources have
been developed and tested (two in CWSD [3]] and one in MELIS [[I]). The results of the
cited methods are good, even if not totally satisfying as they do not disambiguate all the
terms in a data integration scenario. In [3] it is shown that the combination of methods
is an effective way of improving the WSD process performance. The problem focuses
on how the different method have to be combined.

Instead of concentrating in determining a unique best meaning of a term, AWSD as-
sociates a set of related meanings to a term, each one with its own reliability degree.
Our idea is supported by Renisk and Yarowsky that have introduced [9] that the prob-
lem of disambiguation is not confined to search for the best meaning. They thought it is
significant that a method reduces all possible meanings associated to a term, and that,
within this set assigns a probability to the correct meanings.

Let us suppose that a disambiguation method, called A, provides two possible mean-
ings for a term t (t#1 and t#ZE) while a second method, called B, gives t#2 and
t#3. In a combined approach, both methods are applied, and, eventually, the list of all
its associated meanings with their probabilities is proposed. The probabilities will be
associated to the methods on the basis of their reliability. So if a method is trusted, the
method will have a high probability. Moreover, if a WSD method is iterative, it could
obtain different meanings with changing probabilities during iteration.

In the previous example, let us suppose that the first method is more reliable than the
second one and that the meanings extracted by both methods are different but equiprob-
able. Let us suppose, method A has 70% probability, while method B has 30%. The final
result will be as shown in table[Tl

So far the probability associated with a method is defined by the user who can in-
terpret the experimental results provided by methods (for example, in [3], CWSD com-
bines a structural disambiguation algorithm (SD), with a WordNet Domains based dis-
ambiguation algorithm (WND); the SD method has a higher precision then WND, then
the user can associate to SD method a higher probability).

Table 1. Example of the AWSD output

term|meaning|probability - method A |probability - method B|probability - ASWD
t t#l 50% - 35%
t t#2 50% 50% 50%
t t#3 - 50% 15%

Choosing more meanings for a term means that the number of discovered lexical
relationships connecting a term to other meanings in the thesaurus increase.

Let us assume that it is necessary to analyze the relationships among the terms t,
s and r. Filtering the result by a threshold, t#1 and t#2 are maintained as the cor-
rect synset for the term t. If there is a lexical relationship between t#1 and s#2,

% t#2 is the meaning associated to the second sense of the word occurring in the label “t”.
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and another lexical relationship between t#2 and r#1, choosing both t#1 and t#2
for disambiguate the term t means that two relationship among the three terms are
maintained.

The set of lexical relationships together with the set of structural relationships in a
dynamic integration environment are the input of the mapping process. Enriching the
input of the mapping tool means to improve the discover mappings and so to refine the
global schema.

Moreover widening the use of probability to the discover relationships allows com-
puting probabilistic mappings. Finding probabilistic mapping is the basis of managing
uncertainty in data integration system. And this leads to new method of query answering
like suggested in [4].

4 Conclusion

In a dynamic integration environment, annotation has to be performed automatically, i.e.
without human intervention. This leads to uncertain disambiguation results i.e. more
than one meaning is associated to a term with a certain probability. In this paper an
approximate approach is proposed that associates to each term its meanings with a
certain probability. In a lexical database the meanings are related with lexical relation-
ships. By exploiting lexical relationships among the meanings of the terms extracted by
AWSD, we can evaluate a similarity degree between the terms and compute probabilis-
tic mappings.
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Abstract. In this paper we present a novel approach for building a focused
crawler. The goal of our crawler is to effectively identify web pages that relate
to a set of pre-defined topics and download them regardless of their web
topology or connectivity with other popular pages on the web. The main
challenges that we address in our study are: (i) how to effectively identify the
pages’ topical content before these are fully downloaded and processed and (ii)
how to obtain a well-balanced set of training examples that the crawler will
regularly consult in its subsequent web visits.

1 Introduction

Web search engines are the entry point to the web for millions of people. In order for
a search engine to be successful towards offering web users with the piece of
information they are looking for, it is vital that the engine’s index is as full and
qualitative as possible. Considering the billions of pages that are available on the web
and the evolution of the web population, it becomes evident that building a search
engine to fit all purposes might be a tedious task. To alleviate both search engine
users and search engine developers from the burden of going over large volumes of
data, researchers have proposed the implementation of vertical search engines; each
containing specialized indices and thus serving particular user needs.

In this paper, we address the problem of building vertical search engines and we
focus on the first step towards this pursuit, which is the implementation of a focused
web crawler. The motivation of our study is to design a web crawler that will be able
to focus its web visits on particular pages that are of interest to the vertical search
engine users. The main problem that we have to overcome is to equip our crawler
with a decision making mechanism upon which it will operate for judging the
usefulness of the pages it comes across during its web visits. More formally, consider
a web crawler that navigates in the web space and looks for resources to download,
simply by relying on their links. In the simplest case the crawler will download every
resource it comes across regardless of the resource’s content or usefulness to the
search engine users. In case though the crawler is intended to feed a vertical engine’s
index it must focus every web visit on the page’s content so as to ensure that only
qualitative and interesting pages will be downloaded. Based on the above, we realize
that building a focused crawler is a complex yet vital task if we want to equip search
engines with valuable indices that will be able to serve specific user requests and
facilitate web users experience successful web searches. To accomplish the above
goal we propose a novel approach for the design and implementation of a focused
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crawler that leverages a number of resources and tools from the NLP community in
order to compile a rich knowledge base that the crawler will consult for making
decisions about whether to download a given page, what is the download priority of
every page it comes across and what should be the update policy that the crawler will
need to adopt for ensuring that the topical focused index remains fresh. Before
delving into the details of our method, let’s first outline the current knowledge on the
field and present the most widely known attempts of other researches who study the
focused crawling problem. In Section 3, we present our proposed methodology, we
describe the individual components of our focused crawling module and we outline
our plans for future work.

2 Related Work

Researchers have studied the focused crawling problem in the past and proposed a
number of algorithms. For instance in [5] the authors propose the Fish Search
algorithm, which treats every URL as fish whose survivability depends on visited
page relevance and server speed. In [7] the Shark-Search algorithm improves Fish-
Search as it uses vector space model in order to calculate the similarity between
visited page and query. [3] suggested the exploitation of a document taxonomy for
building classification models and proposed two different rules for link expansion,
namely the Hard Focus and the Soft focus rules. In [4] two separate models are used
to compute the page relevance and the URL visiting order, i.e. the online training by
examples for the URL ranking and the source page features for deriving the pages’
relevance. Later [6] introduced a new focused crawling approach based on a graph—
oriented knowledge representation and showed that their method outperforms typical
breath—first keyword or taxonomic based approaches. [1] developed a rule-based
crawler which uses simple rules derived from inter class linkage patterns to decide its
next move. Moreover their rule-based crawler support tunnelling and try to learn
which off topic pages can eventually lead to high quality on-topic pages. This
approach improves the crawler in [2] in both in harvest rate and coverage.

3 Our Proposed Focused Crawling Methodology

To design a topical focused crawler, we rely on two distinct yet complementary
modules: (i) a classifier that integrates a topical ontology in order to firstly detect the
topical content of a web page and thereafter compute the relevance of the page to the
ontology topic in which it has been assigned and (ii) a passage extraction algorithm
that given a classified web page, it semantically process its content in order to extract
the text nugget that is semantically closest to the page’s topical content. Based on
both the topic relevance values and the topic similar extracts of a large number of web
pages, we can built a knowledge base of training examples that the crawler will
periodically consult in its web walkthroughs in order to judge whether a new (i.e. yet
un-visited) page should be downloaded and if so in which priority order. Figure 1
illustrates the general architecture of our focused crawler. As the figure illustrates the
pre-requisites of our focused crawler are: a topical ontology, a classification module,
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a passage extraction algorithm and a generic crawling infrastructure. Let’s now turn
our attention to the description of how the above systems can be put together in order
to turn a generic crawler into a topical focused one. Given a set of web pages, we
preprocess them in order to derive a set of thematic keywords from their contents. For
keywords extraction one could employ any of the well-known techniques in the
literature. However, in our current study we experiment with the lexical chaining
approach [2], which explores the WordNet lexical ontology [9] in order to generate
sequences of semantically related term, the so-called thematic terms.
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Fig. 1. Focused Crawler Architecture

Having extracted a number of keywords from the page’s contents, we employ a
topical ontology and we map the pages’ keywords to their corresponding ontology
nodes in order to compute an appropriate ontology topic for representing the page’s
thematic content. Again the ontology that could be used for web pages’ classification
might be any ontology one would like to use. In our work, we are experimenting with
the TODE topical ontology [8] that has proved to be richly encoded and useful for
web pages’ classification. Based on the ontology nodes that match the page’s thematic
keywords we can compute the degree to which every ontology topic is to likely
represent the page’s content as the fraction of the page’s thematic terms that match an
ontology topic T, formally given by

. ‘ thematic keywords in p matching T‘
TopicRelevance (p) =

‘thematic keywords in p‘ M
Based on the above formula we estimate the probability with which every page
belongs to an ontology topic. Following web pages’ classification to the ontology
topics, we employ a passage extraction algorithm in order to extract from the pages
contents the text nugget that is semantically closest to the identified topics. The
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passage extraction algorithm segments the pages’ textual content into passages of 50
consecutive terms and relies on the semantic similarity values that the terms in every
passage exhibit to the identified page’s topic. In particular, to estimate the semantic
similarity between a given ontology topic and the terms in the passage of a page that
has been assigned to this topic we work as follows. We map all terms inside every
page to the ontology and we apply the Wu and Palmer [10] similarity measure, which
computes the degree to which passage terms semantically relate to the ontology
concepts that represent topical categories. Having computed paired similarity values
between passage terms and the ontology topics we take the average similarity values
between a passage and a topic. Thereafter from all the page’s passages we rely on the
one that has the highest overall similarity to the most relevant page topic and we use it
as a training example of the crawler’s knowledge base. This way, we generate a
number of example passages that semantically correlate to specific ontology topics.
These examples are given as input to a core crawling module together with a seed list
of URLSs to be downloaded. Every time the crawler reaches to a page absent from the
seed list, it downloads a 10% portion of its content in which it looks for patterns that
match the crawler’s training examples. If such patterns are found the page is
downloaded. Depending on the semantic correlation that the detected patterns exhibit
to the pre-defined topics the crawler’s priority policy can be fine-tuned so as to ensure
index freshness, quality and completeness. Currently, we are experimenting with the
crawler’s effectiveness in performing complete topical crawls and we are testing its
accuracy in building priority queues that are topic specific and resources affordable.
In the future, we plan to evaluate our crawler’s effectiveness by considering other
ontological resources and NLP modules and by comparing its performance to the
performance of existing focused crawlers.
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Abstract. In this paper, we adapt the standard method for multi-word
term extraction for Arabic language. We define the linguistic specifi-
cations and develop a term extraction tool. We experiment the term
extraction program for document retrieval in a specific domain, evaluate
two kinds of multi-word term weighting functions considering either the
corpus or the document, and demonstrate the efficiency of multi-word
term indexing for both weighting up to 5.8% of average precision.

1 Introduction

With the Internet evolution, several challenges appear in Information retrieval
(IR) that could be classified in three main types: information volume manage-
ment, presence of multiple supports and, finally, web multilingual character. In
this last case, importance of other languages than English caused the develop-
ment of automatics tools and techniques in order to allow their data-processing
treatment. In comparison with English and more generally with Semitic lan-
guages, Arabic language presents distinctive features, namely agglutination and
vocalisation.

Our purpose is to demonstrate the efficiency of multi-word term (MWT) in-
dexing in IR for Arabic language applying on a scientific domain. To extract
MWTs from corpora, we adopt the standard approach that combined gram-
matical patterns and statistical score [I]. We defined the linguistic specification
of MWTs for Arabic language. Then, we develop a term extraction program
and evaluate several statistical measures in order to filter the extracted term-
like units for keeping the most representative of domain specific corpus. Then,
we demonstrate the efficiency of using MWT indexing compare to single term
indexing in an Arabic Information Retrieval System using the TREC 2001 eval-
uation protocol and evaluating two kinds of multi-word term weighting functions
considering either the corpus or the document.
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2 Linguistic Specifications of Arabic Multi-word Terms

2.1 MWT Patterns

MWTs are noun phrases that share limited morphosyntactic structures such
as N ADJ, N1 N2, where N stands for noun and ADJ for adjective. To attest
the terminological character of a MWT-like sequence, two solutions are possi-
ble: the one is to use a terminological database that includes Arabic terms like
AGROVOC El, and the other is to check if the English translation belongs to
a terminological database. For this procedure, we used Eurodicautom B. Some
examples met in our corpus are presented in Table[Il For the description of Ara-
bic terms, we applied Buckwalter’s transliteration Systemﬁ which transliterates
Arabic alphabet into Latin alphabet.

Table 1. MW'T patterns

Pattern Sub-pattern Arabic MWT English translation
N ADJ Altlwv AlkmyAAy chemical pollution
N1 N2 tlwv AlmAA water pollution

N1 b N2 Altlwv b AlrsAs pollution with lead
N1 PREP N2 N1 1 N2 AItErD 1 AIAmrAD exposure to diseases

N1 mn N2 Altxls mn AlnfAyAt waste disposal

3 Multi-word Term Extraction

3.1 Method

The term extraction process is performed in two major steps: the selection of
MWT-like units, and the ranking of MWT-like units by means of statistical
techniques. To filter the MWT-like units and their variants, we used their part-
of-speech that has been assigned by the diab’s tagger [2]. Association measures
3] [ [B] are used in order to rank MWT-like strings that have been collecting
in the first step.

3.2 Experimentation and Evaluation

3.2.1 Corpus

As it does not exist specialised domain corpora, we built a specialised corpus: the
texts are taken from the environment domain and are extracted from the Web
sites ” Al-Khat Alakhdar’l and ” Akhbar Albiae”. The corpus contains 1.062
documents, 475.148 words from which 54.705 are distinct.

! www.fao.org/agrovoc/

2 http://ec.europa.eu/eurodicautom/Controller
3 http://www.qamus.org/transliteration.htm

* http://www.greenline.com.kw

® http://www.4eco.com
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3.2.2 Termhood Evaluation

We decide to evaluate termhood [6] precision. We measured the precision of each
association measure by examining the first 100 MWT candidates. The results are
shown in Table Pl We notice that the LLR, M I® and t-score measures, that are
based on the significance of association measure, outperform the M I3 measure.
This result shows that the statistical null-hypothesis of the independent assump-
tion is a better means for ranking and identifying MWTs, in comparison to the
probability parameters approximation methods using the degree of association
measures.

Table 2. Termhood precision of MWTs

Measure|Precision (%)

T-score 57%
LLR 85%
MI? 26%

4 IR System and Evaluation

We used the document collection presented in Section B21l We worked out 30
queries following the TREC format but only including the title field.

4.1 IR System
The IR system can be divided into three parts:

1. Diacritic removing and transcription. Most of the texts of our corpus
does not contain diacritic. However we detect some weak vowels appearing
in a few words. We eliminate them before applying the Buckwalter’s translit-
eration system.

2. Tokenisation and POS tagging We split the corpus into sentences and the
word are isolated and morphologically analysed using the Diab’s tagger[2].

3. Text indexing. We perform free indexing using the MW'T extraction pro-
gram presented in Section

4.2 Results

The efficiency of multi-word term indexing is evaluated by comparing the results
obtained with three strategies:

1. SWT the traditional single term indexing (SWT)
2. MWT_C the MWT indexing using the LLR ranking.
3. MWT_D the MWT indexing using a Okapi-BM25 weighting score [7].

The results in Table B show 5.8% enhancement in average precision for MWT_D
and 3.6% for MWT_C. Whatever is the strategy, corpus or document weight
computation, integrating multi-word terms in the indexing process increases the
performance compared to the best results obtained by single terms indexing.
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Table 3. 11- point average precision

Avg Prec| Diff

SWT | 26,1 %
MWT_C| 29,7% |+3,6%
MWTD| 31,9% |+ 5,8%

5 Conclusion

In this paper, we present an Arabic multi-word term (MWT) indexing for doc-
ument retrieval for a specific domain. We define the linguistic specifications of
Arabic MWT and develop a term extraction tool. Selected terms are then used
for indexing with an Arabic Information Retrieval System. We show that com-
bining MWT indexing with Okapi BM-25 weighting can improve the information
retrieval system performances, specially at low recall. We conclude that multi-
word term indexing could be used to support other IR enhancements, such as
automatic feedback of the top-returned documents to expand the initial query.
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