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Preface

This volume is based on a workshop held on September 13, 2001 in New Orleans,
LA, USA as part of the 2/th Annual International ACM SIGIR Conference on
Research and Development in Information Retrieval. The title of the workshop
was: “Information Retrieval Techniques for Speech Applications.”

Interest in speech applications dates back a number of decades. However,
it is only in the last few years that automatic speech recognition has left the
confines of the basic research lab and become a viable commercial application.
Speech recognition technology has now matured to the point where speech can
be used to interact with automated phone systems, control computer programs,
and even create memos and documents. Moving beyond computer control and
dictation, speech recognition has the potential to dramatically change the way we
create, capture, and store knowledge. Advances in speech recognition technology
combined with ever decreasing storage costs and processors that double in power
every eighteen months have set the stage for a whole new era of applications that
treat speech in the same way that we currently treat text.

The goal of this workshop was to explore the technical issues involved in app-
lying information retrieval and text analysis technologies in the new application
domains enabled by automatic speech recognition. These possibilities bring with
them a number of issues, questions, and problems. Speech-based user interfaces
create different expectations for the end user, which in turn places different de-
mands on the back-end systems that must interact with the user and interpret
the user’s commands. Speech recognition will never be perfect, so analyses ap-
plied to the resulting transcripts must be robust in the face of recognition errors.
The ability to capture speech and apply speech recognition on smaller, more po-
werful, pervasive devices suggests that text analysis and mining technologies can
be applied in new domains never before considered.

This workshop explored techniques in information retrieval and text analysis
that meet the challenges in the new application domains enabled by automatic
speech recognition. We posed seven questions to the contributors to focus on:

1. What new IR related applications, problems, or opportunities are created
by effective, real-time speech recognition?

2. To what extent are information retrieval methods that work on perfect text
applicable to imperfect speech transcripts?

3. What additional data representations from a speech engine may be exploited
by applications?

4. Does domain knowledge (context/voice-id) help and can it be automatically
deduced?

5. Can some of the techniques explored be beneficial in a standard IR applica-
tion?

6. What constraints are imposed by real time speech applications?

7. Case studies of specific speech applications — either successful or not.
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The contributions covered a wide spectrum of topics. We have grouped them
into a few main categories, introduced below.

Traditional Information Retrieval Techniques

The paper by James Allan reviews the effects of speech transcription errors on
traditional information retrieval tasks and shows that these effects are minimal.
Allan points out that the tasks studied are based on the traditional information
retrieval framework. In particular, the queries are longer than those seen in
web or emerging speech applications. Furthermore, the evaluation is based on
returning documents instead of paragraphs, sentences, or answers, and Allan
speculates on how a different framework might change the results.

Spoken Document Pre-processing

The first area to consider is the collection itself that traditionally contained
only textual documents. However, multimedia collections are becoming more
prominent and one of the media is speech. Collections may contain actual speech
recordings or transcripts of speech recordings and this new mixed environment
poses new challenges.

Speech recordings are either translated into text (i.e., the transcript), or
application tasks are performed directly on the recordings. Examining the tran-
scripts, they are in general not perfect and tools have been developed which im-
prove the quality of transcript. An example of a novel tool is the automatic capi-
talization of mono-case text. This is an important task as closed caption text, for
instance, is mono-case. Furthermore, automatically generated transcripts could
have the wrong capitalization and it could prove important that capitalization
be uniform. Brown and Coden present a discussion of these issues and several
algorithms in the paper “Capitalization Recovery for Text.”

Adapting IR Techniques to Spoken Documents

Many known information retrieval tasks traditionally operate on well edited and
grammatically correct text. It is an area of research to explore how these tasks
operate on speech transcripts. An alternate approach is to execute the same IR
tasks directly on speech recordings and compare the results both in terms of
effectiveness and performance. The paper “Clustering of Imperfect Transcripts
using a Novel Similarity Measure” by Ibrahimov, Sethi, and Dimitrova discusses
a traditional IR task (clustering) on a novel domain of data (speech transcripts).
Désilets, de Bruijn, and Martin explore another traditional IR task — keyphrase
extraction — on this novel domain in the paper “Extracting Keyphrases from
Spoken Audio Documents.” A traditional IR task is to segment text and the
paper “Segmenting Conversations by Topic, Initiative, and Style” by Ries explo-
res speech features for the segmentation process. The paper “Extracting Caller
Information from Voicemail” by Huang, Zweig, and Padmanabhan describes a
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traditional IR task (extracting information) in a spoken word environment. The
information needed is very specific to this environment, for instance, extracting
all names or all numbers would not satisfy the goal of the application.

Techniques for Multi-media Collections

To date, most tasks are performed either on a purely textual collection or solely
on speech recordings or their transcripts. Tasks applied to mixed collections seem
to favor textual data, which may not always be appropriate. The paper “Speech
and Hand Transcribed Retrieval” by Sanderson and Shou explores this area. In
particular, it explores whether one could apply traditional IR techniques with
varying parameters to address the different types of data in the collection.

New Applications

So far, we have focused on traditional information retrieval tasks where the data
on which these tasks are performed is speech. However, with a new domain, new
tasks can be exploited. First, we must investigate whether users have different
expectations when performing tasks on speech. The paper by Kim and Oard
entitled “The Use of Speech Retrieval Systems: A Study Design,” proposes a
user study whose goal is to determine the wuser erpectation in this emerging
field.

The paper “Speech-Driven Text Retrieval: Using Target IR Collections for
Statistical Language Model Adaptation in Speech Recognition” by Fujii, Itou,
and Ishikawa addresses the issues associated with using speech as input to an
information retrieval task and shows several results in this area (integration,
adaptation).

Another aspect of user expectations that has a huge impact on all parts of
an application is a “real-time” requirement. In every day life, people expect an
immediate response during discourse. The work by Coden and Brown focuses
on this real-time aspect and the paper “WASABI: Framework for Real-Time
Speech Analysis Applications (demo)” summarizes a demonstration given at
the workshop of two systems that address this issue within a comprehensive
framework and architecture.

October 2001 Anni Coden
Eric Brown
Savitha Srinivasan
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Perspectives on Information Retrieval and
Speech

James Allan

Center for Intelligent Information Retrieval
Department of Computer Science
University of Massachusetts
Ambherst, MA 01003 USA

Abstract. Several years of research have suggested that the accuracy
of spoken document retrieval systems is not adversely affected by speech
recognition errors. Even with error rates of around 40%, the effective-
ness of an IR system falls less than 10%. The paper hypothesizes that
this robust behavior is the result of repetition of important words in
the text—meaning that losing one or two occurrences is not crippling—
and the result of additional related words providing a greater context—
meaning that those words will match even if the seemingly critical word
is misrecognized. This hypothesis is supported by examples from TREC’s
SDR track, the TDT evaluation, and some work showing the impact of
recognition errors on spoken queries.

1 IR and ASR

Information Retrieval (IR) research encompasses algorithms that process large
amounts of unstructured or semi-structured information, though most work has
been done with human-generated text. Search engines (such as those on the Web)
are a highly visible outgrowth of IR research, where the problem is to present
a list of documents (e.g., Web pages) that are likely to be relevant to a user’s
query. All of the techniques that are needed to find documents, to extract their
key concepts, to recognize and avoid “spam” words, to rank the likely matches,
and to elicit feedback from the user, etc., are aspects of IR[

In the last several years, automatic speech recognition (ASR) systems have
become commercially available. Their introduction extends the realm of IR to
include not just text but also audio documents and queries. That is, a passage of
speech can be processed by an ASR “speech to text” system and then traditional
text-based IR techniques can be employed to help the user locate speeches of

! The field of Information Retrieval naturally includes myriad other research issues,
ranging from formal modeling of the problem to engineering systems that work
across languages, from document clustering to multi-document summarization, and
from classification to question answering. In this paper I will focus on search engine
technology, though many of the ideas and directions apply equally well to other IR
research problems.

AR. Coden, E.W. Brown, and S. Srinivasan (Eds.): IR Techniques ..., LNCS 2273, pp. 1{I0] 2002.
© Springer-Verlag Berlin Heidelberg 2002



2 J. Allan

interest—directly from the audio (rather, automatically generated text) and not
from a human-generated transcript.

Unfortunately, ASR systems are imperfect. Although they do well enough
to be marketed commercially, they still make large numbers of errors in the
recognition process. The result is an automatically generated transcript where
numerous words have been interchanged with other words that (usually) sound
vaguely similar to the original. This corruption of the words is potentially a
significant problem for IR systems that rely primarily on word matching to find
relevant documents.

Even before ASR systems were available as commercial products, IR and
ASR researchers had begun work toward exploring interactions between the
two fields. The results were somewhat surprising: even tremendous numbers of
speech recognition errors in a spoken document had little impact on retrieval
effectiveness. Yes, there were theoretical situations where even a single error
could make a system fail completely. However, those problems did not seem to
crop up in experimental settings.

In the rest of this paper, I will discuss my feelings about why ASR errors have
not been a major problem for IR to date. In Section [3 I will support those ideas
by reviewing several research papers that explored those ideas. Then, in Section @]
I will show where IR systems begin to break down in the presence of ASR errors,
allowing me to claim in Section [0 that significant and interesting open problems
remain. I will conclude in Section [l by discussing several opportunities and
additional problems that may arise in the future.

2 Why ASR Is Not a Problem for IR

Why might recognition errors cause problems for information retrieval? Since IR
techniques rely fundamentally on matching words and phrases in documents to
corresponding items in the query, any process that corrupts the document may
cause problems. Indeed, if a critical query term were corrupted in the document,
there seems no chance of successful retrieval at all!

I believe this issue is something of a red herring. It is indeed a possibility,
but it is not likely to be an issue often. The reason is that documents contain
numerous words and it is unlikely that all of them will be corrupted—even a
50% word error rate means that at least half of the words are correct. Other
occurrences of that “critical query term” may be properly recognized—and if it
is a critical word in the documents, it is almost a given that it will be repeated.
Further, even if by some chance all occurrences of that critical term were mis-
recognized, the documents include numerous other words that provide a context
for that word, and their appearance is likely to compensate for the missing word
(for example, the word earthquake might have words such as quake, tremor, and
aftershock providing added context). This theory does, of course, require that
queries include multiple words so that context is available.

The reason ASR errors are fairly easily tolerated is the same reason that
word sense disambiguation is rarely a problem in information retrieval. There is
an idea that one way to improve the effectiveness of IR systems is to develop
a technique for automatically disambiguating the user’s query: does bank refer
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to money or rivers, does fly refer to airplanes, insects, or trousers? In theory, if
a system could automatically figure out the sense of the word intended by the
user, retrieval false alarms could be reduced. [11]

However, an ambiguous query word can be made clear by the addition of
one or two additional words just as easily: bank loan, river bank, fly a plane, or
buzzing fly. In all those cases a single additional content word means that the
problem of an ambiguous query has essentially been removed.

Now consider what would happen if that single word were surrounded by an
entire document that talked about the same topic. A document that talks about
flying a plane will include various forms of the root fly, as well as things that are
flown, things one does to prepare to fly, while flying, and so on. Most documents
contain a huge amount of context that support the single word, meaning that
that term is much less important than it might seem initially.

To be sure, ambiguity can be a problem (the query fly is always ambiguous)
and the corruption of that single word in an ASR document might be unre-
coverable. However, in the same way that additional words can disambiguate a
query, they can also prevent even moderate levels of ASR errors from dropping
IR effectiveness too much.

In the next section I will briefly outline a set of experiments from TREC and
TDT that support my hypothesis. In Section Hl I will show where ASR errors
begin to have an impact on IR effectiveness.

3 Spoken Documents

There have been two major multi-site evaluations that explored the impact of
ASR errors on document retrieval and organization. In this section, I outline
TREC’s and TDT’s efforts in that direction, and show how their results are
consistent with the hypothesis above.

3.1 TREC 1997 to 2000

From 1997 (TREC-6) through 2000 (TREC-9), the TREC evaluation workshop
included a track on “spoken document retrieval” (SDR). [7J9I8[6] The purpose
of the track was to explore the impact of ASR errors on document retrieval. The
SDR track followed on the heels of the “confusion” track that examined the same
question for errors created by OCR (optical character recognition) scanning of
documents. [10]

An excellent paper by Garofolo, Auzanne, and Voorhees (2000) summarizes
the first three years of the SDR track and comes to conclusions similar to mine.
The summary results below are largely due to their analysis. After TREC-9
completed, the conclusion was essentially that SDR is a “solved problem” and
that TREC’s efforts would be better spent on more challenging problems.

In 1997 (TREC-6) the SDR track was a pilot study to explore how difficult the
task would be. A small evaluation corpus of about 50 hours of speech, comprising
almost 1500 stories, was used along with 50 “known item” queries. That is, the
queries were constructed such that there would be a single document known to
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contain the answer, and such that it was known precisely which document that
was (though not by the systems). The reason for the small corpus was that in
1997, recognizing 50 hours of speech was time-consuming, and that was about the
limits of technology. The reason for using known item search rather than ranked
retrieval is that the former is substantially simpler to assess. The conclusion of
TREC-6 was that ASR errors caused about a 10% drop in effectiveness (i.e.,
ability to find that known document at the top of the ranked list). The drop
seemed to be consistent, regardless of whether the queries were deemed easy or
problematic for ASR errors.

The following year, TREC-7 made the problem more challenging by switching
to ranked retrieval where there are multiple relevant documents per query. The
corpus grew to 87 hours (almost 2900 stories—still very small by IR standards)
but only 23 queries were used. Most sites ran their IR systems on a range of ASR
outputs, providing a window into the impact of ASR errors (word error rate)
on effectiveness. The results showed a clear progressive impact from increasing
ASR errors, but only a small drop in effectiveness (here, average precision) even
when the word error rate climbed to 30-40%.

In TREC-8 (1999), the corpus was made substantially larger so that it was
somewhat “reasonable” by IR standards: 550 hours, making up almost 22,000
stories. This time, 50 queries were used in the evaluation. The result: word
error rate had minimal impact on average precision. In fact, the results were
comparable to the TREC-7 results, even though the corpus was an order of
magnitude larger.

TREC’s involvement with SDR ended in 2000 with TREC-9. In that case,
the corpus was the same as in the previous year, and the same number of queries
were used. Again, the ASR errors had minimal impact.

Interestingly, substantially shorter queries were used for TREC-9. For exam-
ple, here are two forms of the same query:

— SHORT: Name some countries which permit their citizens to commit suicide

with medical assistance

— TERSE: assisted suicide
A “short” query means there is much less context within the query, so one might
expect the effectiveness to drop. However, the “terse” queries were more effective
than the “short” queries. This unlikely result may be because of how queries were
constructed. In the example listed, the terse query is a phrase that is probably
used commonly to describe the issue, whereas the longer query does not include

the same important phrase.

Throughout the TREC SDR evaluations, even error rates of about 40% had
only a modest impact on IR effectiveness. The length of the recognized speech
provided enough repetition of important words, and enough related contextual
words, that the IR retrieval methods could readily compensate for the ASR
errors.

3.2 TDT 1998

The Topic Detection and Tracking (TDT) evaluation workshop investigates ways
that broadcast news stories can be automatically organized by the events they
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discuss. [2] That is, all stories about the Oklahoma City bombing should be
grouped together, as should stories about a particular earthquake, or a specific
political rally. All TDT tasks are carried out on a stream of arriving news stories
rather than on a static collection. Because the focus of the work is on broadcast
news—i.e., audio streams—speech recognition has always been a key component
of TDT.

Tasks in TDT include automatically segmenting the broadcast news stream
into topically coherent stories, grouping all stories discussing a particular event
together, identifying when a new (previously unseen) event appears in the news,
and tracking an event given a handful of on-topic stories. All of these tasks were
carried out using both human-generated and ASR-generated transcripts. Note
that in contrast to the IR task, “queries” do not exist: most of the tasks require
comparing stories to each other, meaning that a “query” is effectively an entire
document, or even a handful of documents.

The TDT 1998 evaluation used two months worth of news from several
sources, approximately 13,000 news stories B The results were:

— For tracking, ASR errors had a modest impact on effectiveness, but not a
substantial drop. [13]

— For clustering the stories into topics, the ASR errors had almost no impact
on effectiveness.[4]

— When detecting the onset of a new event, ASR errors did have a substantially
greater impact.[I]

It is not entirely clear why ASR errors had a larger impact on the new event
detection. I suspect it is because the task itself is so difficult (effectiveness is
generally poor) that ASR errors have a large impact on the ideal parameters for
the approach—that is, that better and more training data may find parameters
that close the gap.

For two of the TDT tasks, the ASR errors appeared to have little impact.
In all three tasks, the effectiveness drop because of ASR errors was very small
compared to the overall error rate of the tasks.

4 Spoken Queries

The previous section shows that document retrieval and comparison are fairly
robust to ASR errors, even as high as 40% word error rate. Those results support
my hypothesis that the long documents alleviate the expected problems due to
“out of vocabulary” and otherwise misrecognized words.

In this section I look at the other end of the spectrum. Suppose the recognized
items were much smaller—e.g., the queries rather than the documents. What,
then, would be the impact of ASR errors? According to the hypothesis, the
shorter duration of speech will provide less context and redundancy, and ASR
errors should have a greater impact on effectiveness.

2 The TREC-8 and TREC-9 corpus was created from three months of the TDT train-
ing data as well as the TDT evaluation data.
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One group of researchers who investigated this problem [3] considered two
experiments. In the first experiment, they recorded 35 TREC queries (topics
101-135). These were quite long queries by modern standards, ranging from 50—
60 words, so one might expect that the impact of ASR would not be great. They
modified their speech recognition system to produce word error rates of about 25,
33, and 50%. They found that in comparison to an accurate transcription (i.e.,
the original TREC query), the precision at 30 and at 500 documents dropped
about 10% for up to 33% word error rate, and about 15% for the 50% rate.
Interestingly, the very top of the ranked list (precision at 5 documents retrieved)
saw an improvement of 2-4%. These drops in effectiveness are comparable to
those seen when documents contained recognition errors.

The same researchers tried another set of substantially shorter queries. Here
they created their own queries of three lengths: 2-4, 5-8, and 10-15 content words.
The queries were controlled to ensure that there would be a reasonable number
of relevant documents retrieved with the accurate transcription of the query
(against a corpus of about 25,000 Boston Globe news stories). In this case, the
results showed substantial drop in effectiveness, ranging from about 35% worse
for 30% word error rate, to 60% worse at 50%. As the queries got slightly longer,
the drop in effectiveness became less. Table [I] summarizes the results from their
study.

Table 1. Comparison of precision loss for different lengths of queries and different
ASR error rates.[3] Caution: ASR error rates are approximate, and the precision is
calculated at 30 documents for the long queries and 15 for the rest.

Word error rate
25% 33% 50%
Long (TREC,50-60)|-11% -9% -13%
Medium (10-15) -34% -41% -53%
Short (5-8) -32% -39% -57%
Terse (2-4) -38% -46% -61%

These results were verified by Crestani [5] who did some deeper analysis of
the long queries. He showed that the ASR degradation was uniform across a
range of recall levels (rather than just at a few cutoff points). He also broke the
long queries into two groups, longer and shorter than 28 words. He showed that
although both groups degrade in the presence of ASR errors, the longer “long”
queries are consistently more accurate than the shorter “long” queries.

Two groups have independently found that the effectiveness of IR systems
degrades faster in the presence of ASR errors when the queries are recognized
than when the documents are recognized. Further, once queries are less than 30
words, the degradation in effectiveness becomes even more pronounced. These
results suggest that there is a minimum number of words necessary for the
redundancy and context effects to overcome problems due to ASR errors.
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5 Why ASR Is Still an Issue

In SectionBIIR and ASR was described as a solved problem. The previous section
shows that this claim is not valid when the recognized item is the query and not
the document—at least, not when the query is shorter than about 30 words. For
document retrieval, long enough spans of speech can be readily handled.

However, information retrieval is not just about document retrieval. There
are other problems in and around IR where ASR is still likely to be a problem.
To see where those are likely to be, consider any technology that works on
fairly short spans of text. Such a technology, when faced with ASR errors, is
unlikely to find enough context and enough redundancy to compensate for the
recognition failure. For such technologies, a single word incorrectly processed
could theoretically have a profound impact.

What does this mean in terms of open problems related to speech within
information retrieval systems? Here are several issues that crop up because of
the length of the material being used:

— Spoken questions of short duration. As shown in Section[], the drop in effec-
tiveness is large for short spoken queries. How can the ASR be improved for
very small snippets of speech? Is it possible for the IR system to guess that
the recognition may be bad—Dbecause, for example, the query words do not
make sense together? Is it just a user interface issue, where people need to
be encouraged to talk longer?

— Message-length documents. Since short spoken items are the problem, what
happens when the documents are substantially shorter? For example, voice-
mail messages, announcements, and so on.

— Question answering. Current technologies to solve the problem of question
answering (returning a specific answer to a question rather than just a doc-
ument) tend to focus on small passages of text that are likely to contain the
answer. Finding small passages in the presence of ASR errors may be an
issue—and the natural language processing needed to analyze the passages
may also fail.

— User interfaces. Spoken documents often come grouped together (e.g., a
news show with several stories) and need to be broken into segments. How
can a user interface properly handle those segments, particularly when the
segmentation is likely to contain errors? How can a user “skim” an audio
recording to find out whether it is, indeed, relevant? It is possible to skim
text, but audio must be processed linearly. Can a system provide hints to a
user to help in this process?

5.1 Can ASR Systems Help ASR/IR?

To address the open problems, it seems useful to consider what information an
ASR system might provide rather than just the resulting transcript. There are
obvious things that an ASR system can provide to an IR system, but it is not
yet clear how the IR system might use them. For example, attempts to use the
word lattices or confidence values from a recognition system have yet to provide
any benefit. [I2] However, the following are things that might have value:
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Word recognition probabilities. Although these values have not yet been able
to improve IR substantially, they are likely to be more useful for the tasks
that focus on smaller portions of text.

Word recognition lattices. Similarly, having access to alternate recognition
possibilities may be helpful in tasks such as question answering.

Speaker identification. Knowing the speaker, or some information about the
speaker, or even just when the speaker changes, may prove useful for systems
that need to identify material from a particular source.

Prosody. It’s not clear whether or what types of prosodic information can be
reliably extracted from speech, but the “color” it provides to the text may
be critical in some applications. For example, consider the value added if it
were possible for a system to use prosodic information to isolate sarcasm.
Language models. ASR systems generally contain a language model that
provides word sequence probabilities. Some information retrieval systems
also rely on language models for retrieval. It is likely that some information
could be usefully shared across the two types of models.

5.2 Focusing the System

Another possibility for improving the capabilities of an IR system on spoken
data is to focus its attention on a specific person or domain.

Voice-id. Knowing who the speaker is would allow an IR system to bring a
user-specific language or topic model to bear when processing the query. Such
a model might clarify terms that would otherwise be ambiguous, providing
a context for the likely meaning of the terms.

Domain knowledge. Both ASR and IR could benefit from collection-specific
models of language use: knowing that the user is querying a medical database
should make it possible to do better recognition, and to handle the retrieval
better. If the system is targeted to a specific task (e.g., a tourist information
kiosk), it could adapt both parts of the system, too.

User interaction. Recognizing how the user is interacting with the system
might provide useful feedback. For example, if the user is getting annoyed
(e.g., more stress in the voice), the IR system might be able to try alternative
ways of processing the query, or might ask the user for clarification, and so
on.

6 Opportunities and Problems

The success of spoken document retrieval allows the consideration of a much
wider range of applications. In this final section, I briefly mention some of the
interesting directions that research could go (by no means an exhaustive list!). In
doing that, T am also highlighting the problems that ASR/IR systems currently
have and that need to be surmounted.
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6.1 New Possibilities

Readily available speech recognition has made some things possible that had
rarely been considered before. Retrieval of spoken documents is the most obvious
possibility. But a range of new applications are now available:

Coping with very short queries;

— User interface design to encourage longer spoken queries;

— Helping a user decide of a spoken document is a match to his or her query;

— Summarizing speech;

— Adapting ASR language models to the collection being searched;

— Coping with collections that contain a mixture of ASR and clean text doc-
uments (typically the latter are more highly ranked);

— Dealing with other types of spoken documents such as dialogues, meetings,
lectures, classes, etc.

— Contexts where the word error rate is well over 50%

— Text interfaces to speech-only systems (e.g., voicemail)

6.2 Has ASR/IR Helped IR?

Earlier I mentioned some ways that ASR might be able to help IR, by conveying
more information from the recognition process to the IR system. The process
of integrating IR and ASR has helped non-ASR retrieval as well, though in
subtler ways. ASR techniques have resulted in more robust weighting schemes,
in techniques that should be able to cope with misspellings, and with the idea
that it makes sense to expand a document rather than a query.

7 Conclusion

In this paper I have claimed that for classic information retrieval tasks such as
document retrieval, speech recognition errors generally are either inconsequential
or can be dealt with using simple techniques. I have softened that somewhat
with the acknowledgment that recognition errors are and will be an issue for any
language-based technology that looks primarily at small spans of text. When
there are only a few words available, there is no opportunity for repetition and
context to compensate for errors.

I believe that the interesting challenges ahead for speech applications and in-
formation retrieval are suggested by a broader use of spoken documents. What
does it mean to retrieve a meeting? How can IR systems cope with the misstate-
ments, corrections, and disfluencies that are common in less formal speech? Can
IR systems benefit from recognition systems that “clean up” the speech as it is
transcribed—e.g., adding punctuation, etc?

Finally, and perhaps the biggest challenge, is how user interfaces can be
designed to make it possible for people to sift through spoken documents as
rapidly as they can pick through clean text? The inherent linearity of speech
prevents rapid scanning, and current recognition error rates make it possible to
retrieve accurately, but do not necessarily allow a human to get a good “gist” of
a retrieved item.
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Abstract. Proper capitalization in text is a useful, often mandatory
characteristic. Many text processing techniques rely on proper capital-
ization, and people can more easily read mixed case text. Proper capital-
ization, however, is often absent in a number of text sources, including
automatic speech recognition output and closed caption text. The value
of these text sources can be greatly enhanced with proper capitalization.
We describe and evaluate a series of techniques that can recover proper
capitalization. Our final system is able to recover more than 88% of the
capitalized words with better than 90% accuracy.

1 Introduction

Proper capitalization in text is often taken for granted. Most documents, such
as newspaper articles, technical papers, and even most web pages, are properly
capitalized. Capitalization makes text easier to read and provides useful clues
about the semantics of the text. Many text analysis systems exploit these se-
mantic clues to perform various text processing tasks, such as indexing, parsing,
sentence boundary disambiguation, extraction of named entities (e.g., people,
places, and organizations), and identification of relationships between named
entities [3I0I11114/[1516].

Recently a number of new text sources without proper capitalization have
been receiving attention in the Information Retrieval community. Two of these
sources are closed caption text from television broadcasts and output from au-
tomatic speech recognition (ASR) systems. Closed caption text is an extremely
valuable source of information about a television broadcast, essentially enabling
the application of text analysis and indexing techniques on the audio/video tele-
vision program [17]. Closed caption text, however, is typically all upper case,
which seriously handicaps the effectiveness of many text analysis procedures.
Moreover, such text is more difficult to read when displayed on a computer
monitor or printed on paper.

Automatic speech recognition has matured to the point where researchers
and developers are applying the technology in a wide variety of applications,
including general video indexing and analysis [6lI7], broadcast news analysis
[12/13], topic detection and tracking [1], and meeting capture and analysis [8]
18]. Although dictation systems built with automatic speech recognition provide
limited capitalization based on dictated punctuation and a lexicon of proper
names, the more interesting application of speech recognition is speaker inde-
pendent continuous dictation, which can be used to create a text transcript

AR. Coden, E.W. Brown, and S. Srinivasan (Eds.): IR Techniques ..., LNCS 2273, pp. 114232, 2002.
© Springer-Verlag Berlin Heidelberg 2002
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from any audio speech source. Systems that support this task typically provide
SNOR (Speech Normalized Orthographic Representation) output, which is all
upper case.

The ability to recover capitalization in case-deficient text, therefore, is quite
valuable and worthy of investigation. Restoring proper capitalization to closed
caption text and ASR output not only improves its readability, it also enables
the host of text processing tasks mentioned previously. Even in domains where
capitalization is normally given, a system that recovers proper capitalization can
be used to validate that correct case has been used. Although some capitaliza-
tion rules exist, most are merely conventions. Our system can be used to apply
uniform capitalization rules to a corpus. Such a capability is clearly useful in
any system involving text input from humans, such as word processors, email
systems, instant messaging systems, and Telecommunications Devices for the
Deaf (TDD’s).

Towards that end, we present a system that can recover capitalization in
case deficient text. Our approach involves a series of processing steps that in-
clude the application of heuristics, statistical analysis, and dictionary lookup.
Experiments show that our system is able to recover more than 88% of the cap-
italized words with better than 90% accuracy. In the next section we describe
related work in this area. In Sect. Blwe describe our approach. Section [ contains
detailed experimental results evaluating our approach, and Sect. [f] contains our
conclusions.

2 Related Work

Capitalization recovery is rarely considered as a topic by itself. It is briefly dis-
cussed by Shahraray and Gibbon [17], who describe a system that automatically
summarizes video programs into hypermedia documents. Their approach relies
on the closed caption text from the video, which must be properly capitalized.
They describe a series of text processing steps based on Bachenko et al. [2] that
includes rules for capitalizing the start of sentences and abbreviations, a list
of words that are always capitalized, and a statistical analysis based on train-
ing data for deciding how the rest of the words should be capitalized. Their
processing is a subset of our approach, and they provide no evaluation of the
effectiveness of their processing.

In applications where proper case is normally expected but not available, the
typical approach is to modify the program that usually relies on case so that
proper case is no longer required to complete the task. The best example of such
a task is named entity extraction on ASR output. This is a core task in the
DARPA sponsored Broadcast News workshops. One system that has performed
especially well under these circumstances is Nymble (also called IdentiFinder ™)
from BBN [4J9]. Nymble is based on a Hidden Markov Model, which must be
trained with labeled text. When the training data is converted to mono-case,
Nymble performs nearly as well on mono-case test data as in the mixed case
scenario.

Rather than modify applications to support case-deficient text or provide
alternate training sets for every capitalization situation, our system allows de-
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velopers to apply the original text analysis application on any text. Moreover,
correctly capitalized text can benefit other applications besides named entity
extraction, such as parsing, sentence boundary disambiguation, indexing, and
the general readability of the text.

3 Approach

Our overall approach to restoring correct capitalization in text is based on a
few assumptions about the text. First, the text must have punctuation, e.g.,
sentence ending periods, question marks, and exclamation marks, as well as
periods after abbreviations. Second, there must be a training corpus of text with
correct punctuation and capitalization, and this corpus must be related to the
test text (the text in which we are restoring capitalization). For example, if the
test text is closed caption text from a television news broadcast, a reasonable
training corpus would be newspaper articles from the same time period as the
television program. Later we will consider relaxing these assumptions.

These assumptions suggest a number of processing steps that can be applied
individually or in combination by the capitalization system. First, the system
assumes that the initial word in a document starts a new sentence and should be
capitalized. Next, the system considers punctuation marks. All question marks
and exclamation points are treated as sentence boundaries by the system and
the next word following one of these marks is always capitalized.

Periods require a little more processing. A period may mark the end of a
sentence, the end of an abbreviation, or both. For purposes of restoring proper
capitalization, however, the system doesn’t necessarily need to distinguish be-
tween these three cases. Many abbreviations are almost always followed by a
capitalized word, namely titles (e.g., Mr., Dr., etc.) and middle initials in proper
names. In these cases, the system can handle the period as if it marked the end
of a sentence and capitalize the next word following the period.

The real task, then, is to identify abbreviations where the following word is
not usually capitalized. This is accomplished through the use of an abbrevia-
tions dictionary, a titles list, and a small amount of heuristic processing. The
abbreviations dictionary is generated automatically from the training corpus in
two steps. First, all words that end with a period at least 75% of the time and
precede a lower case word at least half of those times are added to the abbrevi-
ations dictionary. A word is any token separated by white space containing at
least one letter. Second, all words from the singles dictionary (described below)
that end with a period are added to the abbreviations dictionary. This proce-
dure produced a dictionary of 156 abbreviations from 92MB of training text.
The key for each entry in the abbreviations dictionary is the lowercase version of
the abbreviation (with periods), and the value is the properly capitalized form
of the abbreviation, e.g.:
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The titles list is a manually generated list of common titles, including Dr.,
Gov., Mr., Mrs., Ms., Pres., Prof., Rep., Rev., and Sgt. Clearly other titles could
be added to this list. Which titles to include depends on the domain of the text
being processed.

The heuristic processing consists of three rules for identifying additional ab-
breviations that don’t appear in the abbreviations dictionary or the titles file.
First, if the word is a single letter followed by a period, the word is assumed
to be a middle initial. Second, if the word matches the regular expression “[a-
z\.{2,}” (single letter followed by a period, repeated two or more times), the
system assumes the word is an abbreviation (acronym). Third, if the word con-
sists entirely of consonants followed by a period, the system assumes the word
is an abbreviation.

Using these resources, the system processes words that end in a period using
the following algorithm:

if the word is a title
then it and the following word are capitalized

else if the word matches the first abbreviation rule
then the word (single letter) is uppercased and the
following word is capitalized

else if the word is found in the abbreviations dictionary
then the value from the corresponding entry is
substituted for the word and the following word is
not capitalized

else if the word matches the second abbreviation rule
then all of the letters in the word are capitalized
and the following word is not capitalized

else if the word matches the third abbreviation rule
then the following word is not capitalized

else
the period indicates the end of a sentence and the
following word is capitalized

After processing punctuation marks, the system applies one additional capi-
talization heuristic unrelated to abbreviations. All forms of the pronoun ‘T’ (i.e.,
I, I've, 'm, I’d, T'll) are always capitalized.

As the experimental results presented below will show, applying the tech-
niques described thus far recovers over 36% of the capitalized words with better
than 99% accuracy. To move beyond 36% coverage, the system must use more
than just the punctuation cues provided in the text being capitalized.

The first technique we consider to increase the number of correctly capitalized
words is the use of a capitalization frequency dictionary constructed from the
training corpus. For each word in the training text that consists entirely of
letters, the capitalization dictionary stores the number of times the word occurs
in each of the following forms:

1. all lower case (1)
2. capitalized (c)
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3. all upper case (u)
4. at the start of a sentence (m)

Ttems 1 through 3 can be collected in a straightforward manner from the
training corpus. Unless the corpus has been annotated with sentence bound-
aries, item 4 must be collected by estimating sentence boundaries. We do this
by applying the same punctuation, title, and abbreviation processing described
above. The capitalization dictionary allows the system to estimate the probabil-
ity that any given word should be capitalized. The probability that word should
be capitalized is estimated as:

G —mytuy
li—l—ci—mi—i—ui

p(Ci) (1)

Now, as each word in the test text is processed, if it does not match any of
the punctuation, abbreviation, or title rules, the system calculates the word’s
capitalization probability using the capitalization dictionary. If this probability
exceeds a user specified threshold (e.g., 0.5), then the word is capitalized. Using
the capitalization dictionary, the system is able to recover an additional 43% of
the capitalized words, or 79% total, with an accuracy over 93%.

Since the capitalization dictionary contains information about most known
common words, it may be safe to assume that any word (consisting entirely of
letters) that does not appear in the capitalization dictionary is most likely a
named entity and should be capitalized. Adding this assumption to the process-
ing brings the total coverage up to 82% with an accuracy of over 92%.

At this point, the majority of the missed words that still require capitalization
are words that can act as both common words and proper names, e.g., ‘brown’,
which can be both a color and a surname. Proper capitalization of these words
depends on the context in which they occur. Our approach to adding context
processing to our capitalization recovery system is to create a phrase dictio-
nary from the training corpus and incorporate the phrase dictionary into the
capitalization processing.

Given that one of our original motivations for pursuing this work was to
enable named entity extraction in case-deficient text using a named entity rec-
ognizer that relies on case, we use this same named entity recognizer to create
the phrase dictionary. Our named entity recognizer, called Textract [7J15], iden-
tifies proper names, places, organizations, abbreviations, dates, and a number
of other vocabulary items in the text. Textract also aggregates variant lexical
forms of the same concept and identifies a canonical form for the concept. For
example, Textract might identify the canonical form “President William Jef-
ferson Clinton” and associate with that form the variants “President Clinton,”
“Bill Clinton,” and “Clinton.” The output from Textract is a vocabulary file
containing a record for each identified concept that gives the canonical form,
its variants, and frequency statistics for how often the concept occurs in the
collection.

After Textract has processed the training data, the resulting vocabulary file
is filtered to generate a singles dictionary and a phrases dictionary. For every
concept that occurs in at least three documents, all of the multi-word variants
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(including the canonical form) with capitalized words are added to the phrases
dictionary and the first word in each phrase is added to the singles dictionary
as a phrase head. For each single word variant, if its capitalization probability
(according to the capitalization dictionary described earlier) is greater than 0.5,
then it is added to the singles dictionary as a singleton. The entry for a phrase
head in the singles dictionary includes the lengths of the shortest and longest
known phrases started by the word. Singletons and phrases with unusual capi-
talization (where “usual” capitalization means only the first letter in each word
is capitalized) have preferred capitalization forms stored in their respective dic-
tionaries.

The system uses these dictionaries as follows. For each word that does not
match any of the punctuation, abbreviation, or title rules, the system looks up
the word in the singles dictionary. If the word is a phrase head, n — 1 additional
words are parsed from the input text (where n is the length of the longest known
phrase started by the current word) and the phrase is used to probe the phrases
dictionary. If the phrase is not found, it is shortened from the end one word at
a time until it is either found or the system determines that the phrase is not
in the phrases dictionary. When a phrase is found, every word in the phrase is
capitalized and processing continues with the next word after the phrase.

If the initial probe of the singles dictionary reveals that the current word
is a singleton and not a phrase head, then the word is capitalized. In either
case, if the system finds a preferred capitalization form in the singles or phrases
dictionary, the system uses that form rather than the usual capitalization.

The set of singletons in the singles dictionary is similar to the set of words
in the capitalization dictionary with capitalization probabilities greater than
0.5. The differences are that the singletons in the singles dictionary are initially
selected by the Textract named entity extraction process, the singletons may
contain punctuation (e.g., hyphens or periods), and the singletons may have
preferred unusual capitalization forms.

For a final processing variant, the capitalization system can combine the
singles and phrases dictionary processing with the capitalization dictionary pro-
cessing. If a word is not found in the singles dictionary, the system probes the
capitalization dictionary with the word. If it is found, the word is capitalized if
its capitalization probability exceeds the probability threshold. If it is not found
and it consists entirely of letters, it is assumed to be a proper name that did not
appear in the training data and it is capitalized. Detailed results evaluating all
of these techniques are presented next.

4 Experiments

To evaluate our capitalization recovery system, we used the 1998 Topic Detection
and Tracking (TDT2) corpus [5]. The TDT2 corpus contains over 60,000 news
stories collected from six different sources during the first six months of 1998. The
sources include two newswire services (the New York Times news service (NYT)
and Associated Press’ World Stream (AP)), two radio news broadcasts (Public
Radio International’s The World (PRI) and Voice of America’s English news
(VOA)), and two television broadcasts (ABC’s World News Tonight (ABC) and
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CNN’s Headline News). We used the SGML version of the stories in the corpus,
which contains the original text for newswire sources and manually transcribed
text for radio and television sources. It also provides markup that segments the
stories into individual documents.

For our first set of experiments, we measure the system’s ability to correctly
capitalize manually transcribed audio, which approximates the system’s perfor-
mance on closed caption text. The test set consists of all of the Voice of America
text, and the training set consists of all of the New York Times, Associated Press,
and ABC data (the CNN and Public Radio International data is excluded from
all of our experiments due to inconsistent capitalization of the documents created
from those sources). Details of the training and test sets are given in Table [l

Table 1. Data for first round of experiments.

Training Test
Sources NYT, AP, ABC VOA
Size 92.2 MB 12.4 MB
Num Docs 27,567 10,158

All of the SGML documents are pre-processed to extract just the text be-
tween the <TEXT> and </TEXT> tags, and all annotations and remaining
tags are stripped from the extracted text. The original VOA documents are cor-
rectly capitalizedﬂ, so the test set is created by lowercasing every letter in the
VOA documents. Of the 1,925,123 words in VOA, 354,107 (18.39%) start with
a capital letter.

Performance is measured using the contingency table shown in Fig. [l Cor-
rectly capitalized words are counted by a, misses are counted by b, incorrectly
capitalized words, or errors, are counted by ¢, and correctly lower cased words
are counted by d. Precision is defined as P = a/(a + ¢), recall is defined as
R =a/(a+0), and the F-measure is defined as the harmonic mean of precision
and recall, or F' = 2RP/(R+ P). Our scoring program marks a word as correctly
capitalized only if it exactly matches the original word in the text, i.e., the case
of every letter in the word must match.

We evaluate our system by starting with the simplest technique and succes-
sively adding more complex processing until we obtain the final system. The
results are presented in Table Pl and the key for the runs is given in Table 3

The first run shows what happens when the system assumes that all peri-
ods, exclamation points, and question marks end sentences. This recovers all of
the “mandatory” capitalization based on sentence boundaries, but incorrectly
capitalizes words following abbreviations when the abbreviation should not be
followed by a capitalized word.

! The VOA documents do contain occasional capitalization and spelling errors, as
might be expected from any human generated text.
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Fig. 1. Capitalization contingency table.

Table 2. Results for first round of experiments.

Run Precision Recall F-measure

.946 341 .501
.996 .349 517
.990 .368 537
937 791 .858
923 .823 .870
.946 782 .856
916 .849 .881
.903 .882 .892

0~ O ULk W

Table 3. Description of runs.

Run Description

Capitalization based solely on punctuation
Run 1 plus abbreviations processing

Run 2 plus title processing

Run 3 plus the capitalization dictionary
Run 4 plus capitalization of unknown words
Run 3 plus the singles dictionary

Run 6 plus the phrases dictionary

Run 7 plus capitalization of unknown words

0~ O Ui W N -

Run 2 improves on this by using the abbreviations dictionary to distinguish
periods marking abbreviations from periods marking the end of a sentence. It
also allows the system to correctly capitalize the known abbreviations. Period
processing improves further in Run 3, which adds title processing. The system
was already correctly capitalizing words following titles in runs 1 and 2, but title
processing allows the system to correctly capitalize the titles as well.

Run 4 moves beyond processing triggered by punctuation and considers every
word using the capitalization dictionary and a capitalization probability thresh-
old of 0.5, such that every word with a capitalization probability (as computed
by (B)) greater than 0.5 is capitalized. This dramatically improves recall to 0.791,
but causes an expected drop in precision to 0.937. In Run 5, the system assumes
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that any word consisting entirely of letters but not found in the capitalization
dictionary is a named entity and should be capitalized. This brings recall up to
0.823 and precision down to 0.923.

In Run 6, the system uses the singles dictionary instead of the capitalization
dictionary, so it is an alternate version of Run 4. Run 6 gives a slight improve-
ment in precision and a slight reduction in recall compared to Run 4. The singles
dictionary is generated by a more selective process than the capitalization dictio-
nary, and it contains preferred spelling forms, such as all caps. Hence, we would
expect Run 6 to be more accurate but provide less coverage.

Let us consider in more detail some of the errors being made by the system
in Run 6. There are several types of errors to account for. First, there are er-
rors in the original document, including incorrect capitalization (e.g., ‘Madeline
Albright’ is not capitalized) and spelling errors (e.g., ‘Phenom Pen’ instead of
‘Phnom Pen’). The system is penalized whenever its output fails to match ex-
actly the original capitalized text, even if the original is incorrect, and spelling
errors will cause the system to make mistakes. These types of errors could be
eliminated if the corpus (both the training and the test data) was manually
corrected using a fixed set of rules for capitalization and uniform spelling (e.g.,
some geographical locations). This is a large effort, however, and it is unlikely
that these kinds of errors are obscuring a deficiency in the system that we can
actually address, such that removing them would lead to a significantly improved
system.

The second type of error can be described as a “context error.” Depending
on the context, the word may or may not be capitalized. For example, the word
‘house’ is in general not capitalized, but as part of the phrase ‘House of Lords’
it is. We address this problem in Run 7 where the phrase dictionary is added
to the processing. This substantially improves recall over Run 6 with a minor
penalty in precision. The reduction in precision is due in part to inconsistent
capitalization of the same phrase across different documents. Since we score the
system at the word level, even if the system identifies a phrase that should be
capitalized, the individual words in the phrase may not be capitalized in the
same way as the original.

Run 8 adds capitalization of unknown words to Run 7, similar to Run 5.
This gives another boost to recall with a slight loss in precision, and produces
the best results with precision at 0.903, recall at 0.882, and F-measure at 0.892.

The system’s best performing run still leaves room for improvement. The
remaining errors are quite challenging, however, and are due in large part to the
ambiguities of the English language. There are some fixed rules for capitalization
but they are not always adhered to. Furthermore, there are many practices for
capitalization which are also mostly, but not always, adhered to. These two state-
ments are apparent when looking at the statistics of words in the dictionaries.
Even discounting the words which legitimately may or may not be capitalized
depending on context, there are many words which have very similar likelihood
of being spelled both ways, which leads us to believe that its up to the interpre-
tation of the transcriber. Another difficult case is words that frequently appear
with unusual capitalization, such as all caps. For instance, both of the spellings
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‘NASDAQ’ and ‘Nasdaq’ can be found, although the former occurs more often.
Correctly choosing between these two forms is very difficult.

Table 4. Data for second round of experiments.

Training Test
Sources NYT-A, AP, ABC, VOA NYT-B
Size 83.6 MB 21 MB
Num Docs 33,705 4,020

To verify that our capitalization technique works on other genres of text
besides radio news transcriptions, we created a second test set from a portion of
the New York Times news wire data (NYT-B, the last 4,020 articles from May
and June) and a corresponding training set from the remaining New York Times
news wire articles (NYT-A) and the AP, ABC, and VOA articles. The details
are given in Table[4l.

The results from executing the same set of runs on this data are presented
in Tabldh. With this test set we see the same performance trends, and achieve a
final performance of precision at 0.916, recall at 0.818, and F-measure at 0.864.

Table 5. Results for second round of experiments.

Run Precision Recall F-measure

.981 315 477
.986 .320 483
.986 .328 492
948 761 .844
937 187 .855
.948 716 .816
.936 789 .856
.916 .818 .864

O~ O T W

Finally, we explored the effectiveness of our approach in a scenario where
appropriate training data is unavailable. To measure this, we used the same
training set as in our first round of experiments and ran the system on a collection
of Wall Street Journal articles from 1992. The test set contains 3,487 documents
(10MB) and 1,531,841 words, of which 253,277 (16.5%) begin with a capital
letter. The system was able to recover capitalization with precision at 0.911,
recall at .788, and F-measure at 0.845, verifying that even in the absence of a
proper training set, the system can perform well.
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5 Conclusions

Capitalization recovery is the process of adding proper capitalization to text that
is case-deficient. Although this problem has received little attention by itself,
recent text analysis applications involving closed caption text and automatic
speech recognition output show that there is a clear need for this functionality.

We have presented a system that applies a series of heuristic, statistical, and
dictionary based processing steps to recover capitalization. Experimental results
show that the system is both effective and robust across a variety of text genres
and training conditions. Best performance is achieved when a suitable training
corpus is available, but for most applications this is not overly burdensome, since
properly capitalized text is usually readily available. Unlike other applications,
such as named entity recognition or document classification, the training data
does not require labeling by hand.

Our best performing runs still leave room for improvement. Further tech-
niques to explore include local document analysis, where dictionaries and statis-
tics are modified on a per document basis as each document is processed, allowing
the system to account for the occurrence of named entities that alter capitaliza-
tion probabilities for the common words in those named entities. Other possibil-
ities for improvement include the application of richer statistical models, such as
Hidden Markov Models, that can incorporate additional features (e.g., context)
into the capitalization probability calculation.
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Abstract. There has been a surge of interest in the last several years
in methods for automatic generation of content indices for multimedia
documents, particularly with respect to video and audio documents. As a
result, there is much interest in methods for analyzing transcribed docu-
ments from audio and video broadcasts and telephone conversations and
messages. The present paper deals with such an analysis by presenting
a clustering technique to partition a set of transcribed documents into
different meaningful topics. Our method determines the intersection be-
tween matching transcripts, evaluates the information contribution by
each transcript, assesses the information closeness of overlapping words
and calculates similarity based on Chi-square method. The main novelty
of our method lies in the proposed similarity measure that is designed
to withstand the imperfections of transcribed documents. Experimental
results using documents of varying quality of transcription are presented
to demonstrate the efficacy of the proposed methodology.

1 Introduction

The field of multimedia information retrieval has seen a phenomenal growth in
the last decade. The need for methods that can automatically generate content
indices for video and audio documents has brought together researchers from
many disciplines including image and speech processing, machine learning and
pattern recognition, natural language processing, and information retrieval. The
early efforts in this field were focused mainly on analyzing images and videos.
These efforts have led to a set of powerful methods for video segmentation [T}
2], key-frame extraction [34], camera motion characterization [5], etc. However,
the experience has been that no single modality of a multimedia document alone
can yield rich enough content indices to build multimedia information retrieval
systems that can satisfy the needs of a broad range of users. Consequently many
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researchers have explored the use of closed captions and audio to build more
useful and reliable content indices [6l/718].

While the methods analyzing closed caption text are closely tied to video anal-
ysis, the situation in the case of audio is different. Since an audio document can
exist on its own, for example the recording of a radio broadcast, or as an integral
part of a multimedia document, for example the soundtrack of a video or TV
news broadcast, the interest in methods for analyzing audio documents have
consequently focused on two main directions. First, there are researchers who
have looked at soundtracks to build indices that can complement information
extracted from the picture-track of a video. Examples of work in this category
include several general audio data classification schemes that have been pro-
posed to segment an audio document into coherent chunks of different types of
audio classes - music, speech, speech and music, and etc., [QTOITTI2/T3]. The
second group of researchers has been more interested in generating transcripts
of audio documents through automatic speech recognition and their analysis for
automatic indexing. An example of work of this type is the work by Coden and
Brown [I5] who have been investigating the use of IBM ViaVoice speech recog-
nition software by building a special acoustic model for broadcast news with the
goal of finding collateral information pertinent to a live news broadcast in real
time. The efforts in this category are many more [I423]. These have been mainly
reported at TREC (Text Retrieval Conference organized annually by National
Institute of Standards and Technology) under the label of Spoken Document
Retrieval (SDR) [1617I18]. These efforts have shown the possibility of applying
automatic speech recognition technology to audio broadcasts to perform index-
ing and retrieval with a good degree of success [19]. However, the success of
many of these methods depends upon the size and quality of transcription.
Our interest in the area of audio analysis spans both of the above stated di-
rections. We are interested in analyzing audio information to supplement video
information. An example of such a recent work is the person identification in
TV programs work of Li et al [20] of our group where speaker identification and
face detection and recognition techniques are used in a complementary manner.
We are also interested in making use of automatic speech recognition technol-
ogy to obtain transcripts for audio chunks that are labeled as speech chunks
for further analysis and indexing. Since such transcribed chunks are expected to
exhibit transcription errors, poor topic boundaries, and small size, we have been
investigating methods for suitably measuring similarity between such chunks of
transcribed documents. In this paper we present the results of such an investi-
gation using a novel similarity measure based on Chi-Square test. We use the
proposed measure in a clustering algorithm to segment two collections of tran-
scribed documents. The first collection is an archive of audio news broadcasts
with a good quality of transcription. The other collection is a set of transcribed
documents obtained via four different models of IBM ViaVoice trained by four
different speakers. The quality of a transcript in this collection correlates with
the quality of corresponding speaker model and varies greatly from good to very
poor. Our results show that the suggested similarity measure is robust enough
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to be used for poorly transcribed speech segments in multimedia applications.
The organization of the rest of the paper is as follows. In section 2 we intro-
duce a novel similarity measure between transcripts. In section 3 we discuss our
document clustering algorithm. In section 4 we present the experimental results.
Finally, we conclude the paper in section 5.

2 Measuring Similarity between Transcripts

In general, automatically transcribed text suffers from several additional prob-
lems not present in traditional text retrieval systems. These include transcription
errors, for example the occurrence of inappropriate, erroneous words, ill-defined
boundaries between different topics, and additional ambiguity or loose use of
expressions inherent in conversational speech in contrast with a prepared or
written speech. The fact that the same amount of information could be deliv-
ered by different sets of words contributes additional difficulty and makes the
problem more complicated.

Taking into account the above set of difficulties, our approach for measuring
similarity consists of the following steps:

1. Transcript intersection: Determine the intersection via common words
between matching transcripts.

2. Information contribution: Evaluate the amount of information that every
matching document contributes to the intersection.

3. Informative closeness: Assess informative closeness of overlapping words.

4. Similarity measure: Calculate the similarity of matching documents.

2.1 Transcript Intersection

In our approach we make an assumption that the amount of information
contained in a document could be evaluated via summing the amount of infor-
mation contained in the member words. Similarly, the amount of information
contained in some part of a document might be evaluated via summing the
amount of information contained in the corresponding words. For words, we
assume that the amount of information conveyed by a word can be represented
by means of the weight assigned to it. There are a number of methods that have
been developed for weighting of words [21]22]. In our approach we use the Okapi
technique [2I], which has proved to be efficient in a number of applications [23]
24]. Thus, we will calculate the Combined Weight of a word by formula (1):

B (K +1) x CEW (w;) x TF(w;, D;)
~ K x((1-b)+bx NDL(D;)) + TF(w;, D;)

CW (w;| D;) (1)
where CFW(w;) = log(%) is the collection frequency weight, N is the
total number of documents and n(w;) is the number of documents containing

the word w;. The quantity TF(w;, D;) is the frequency of word w; in the
document D; and NDL(D;) is the length of the document D; normalized by
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the mean document length. The empirically determined constant b controls the
influence of document length and is equal to 0.75. Another constant K may be
viewed as a discounting parameter on the word frequency: when K is 0, the
combined weight reduces to the collection frequency weight; as K increases the
combined weight asymptotically approaches tf «itf [2I]. In our case K is equal
to 2.

Now, in accordance with assumptions stated above, we can easily get the weight
of a document and weights of any of its parts via applying the formula (2).

DW(D) = 3 CW(w,) (2)

wy €D;

To obtain common words between documents, we consider the fact that not all
words in documents are equally informative. Furthermore, we take into account
the rather high probability for erroneous words found in automatically tran-
scribed documents. Thus, we first sort all words in transcripts by their weights
and retain only those whose weights are greater than some preset threshold (this
threshold has been determined empirically). These words are the only words con-
sidered for co-occurrence. By doing this we make a tacit assumption that there is
a little chance for erroneous words to appear in a text collection in a systematic
way and as a result they should get less weight and, in general, not appear in
the top of the sorted words. Our assumption is based on empirical observations
where we have noticed that a speech recognizer rarely makes the same error
across different speakers.

2.2 Information Contribution

As the words appearing in the intersection of documents generally convey
different amount of information with respect to the documents to which they
belong, we estimate the amount of information conveyed by every document to
be the intersection (3):

DW (D; N D;)

INTER(D;, D;) = DI (D) (3)

It is easy to derive from (3) the following inequality, which will be generally

true when D; # D; (figure 1).

INTER(D;,D;) # INTER(D;, D;) (4)

2.3 Informative Closeness

Having determined the common words, we next evaluate informative closeness of
the words appearing in the intersection. This is done by representing the match-
ing documents via their histograms (figure 2). To evaluate informative similarity
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Ds

Fig. 1. Interlinks between documents D1, D2, D3

of the words belonging to the intersection in respect to matching documents, we
apply Chi-square technique in a slightly reverse way. To carry out this step, we
use the assumption that words wy of the document D; with the corresponding
weights CW (wi|wy, € D;) constitute the set of words with the expected distri-
bution of weights, and, the same words wj, but belonging to the document D;
with the weights CW (wy|wy, € D,) constitute the set of words with the observed
distribution of weights. Finally, we assume that the null hypothesis, stating that
two sets fit each other with some value of significance, is true. Thus, we can
determine the significance value making our hypothesis true.

&
Cllazpi
weighis B Do

O Doc2

Commnon wards

Fig. 2. Histograms of common words of two matching documents
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Through calculating by formula (5) chi-square values for observed and expected
sets of words, and matching the value of x? with the critical values for y?2
through the standard table, we can easily find a significance value § that will
make our null hypothesis true.

X2 _ Z (CW(wk|wk S D,) — CW(wk\wk S Dj))2 (5)

wheDiND; C’W(wk|wk S Dj)
Now having all necessary components we can calculate the similarity between
two matching documents applying the formula (6):

Obviously, for (6) we have the following inequality, which will yield the value 1
if and only if D; = Dj :

3 Transcript Clustering

In order to develop content indices, one of our goals is to be able to identify top-
ics in a stream of transcripts. To develop a database of topics in an unsupervised
manner, we have explored the use of the above similarity measure in a sequential
clustering procedure with the notion of ”informative field” of a document. By
informative field we reflect the range of information provided by a document. A
cluster is, thus, a set of documents with ”similar informative fields”. We consider
two documents D; and D; to be informative similar if sim(D;, D;) > 7, where 7
is some threshold. In our case 7 =0.15.

The basic idea of the algorithm consists in determining of centers of distinguish-
ing informative fields - centroids - and then finding the related documents. The
centroids in our case are also documents with the condition that a document cho-
sen as a centroid of a cluster occupies the most of the information field associated
with the cluster. The main steps of the clustering algorithm are as follows:

1. Let k£ = 1 be the index of the current cluster under construction, and
i = 1 be the index of the current document.

2. Suppose that document D; is the centroid Cj of cluster k.

3. Determine all documents, which are similar to Cj}; using the similarity mea-
sure described in 2.4.

4. Among all documents D; determined in the previous step, find the
document which gives the lowest value for the following ratio:

sim(D;, C})

D= mjin{ sim(C}, D;) } ®
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o

Let i* be the index of the document D’ thus found.

If i # i*, assign the value of i* to ¢ and go to the step 2.

7. Otherwise, the centroid for the current cluster has been found. Mark all doc-
uments determined at the step 3 as members of the cluster k£ and increment k.

8. Find the first document that doesn’t belong to any clusters determined ear-
lier and set its index to i.

9. Go to the step 2.

o

4 Experimental Results

To demonstrate the performance of the suggested similarity measure and the
clustering procedure, we present results of three experiments. In these experi-
ments, we use a primary vocabulary organized as a table of basic and derived
words that contains about 7K rows. Each row represents either a noun or a verb.
The nouns are represented with their singular and plural forms, as well as with
corresponding adjectives, whereas verbs are represented with their term forms
and other derived words. The entire table contains about 30K words. Besides, we
use a stop-list vocabulary that consists of the commonly used and well-known
list of words, and a list of additional words supplemented by us. In our current
work we have extended the stop-list vocabulary with words that represent nu-
meric data (one, first, tens, etc.), some adjectives like "beautiful”, "horrible”,
”terrible”, etc., as well as with names of months, weekdays, and some adverbs
like ”definitely”, ”certainly”, ”currently” etc. In addition to above mentioned
vocabularies we also use a set of auxiliary words - words that were not elim-
inated by the stopping stage and also not found in a primary dictionary, and
a set of proper names. Words from auxiliary set are retained in post-processed
(stopping and table look-up) documents as they are and are considered while ex-
ploring similarities between documents. Storing proper names in a special set is
based on the consideration that proper names convey significantly more informa-
tion compared with ordinary words, and so on word weighting stage we increase
the weights of these words by multiplying the corresponding Okapi weights with
a constant.

Our first experiment was performed to see how well the similarity measure works
in presence of transcription errors. In this experiment, we compute similarity
between an original document, read by a native female speaker, and two other
transcribed versions, also read by native female speakers. All transcripts were
obtained by reading stories to an IBM ViaVoice 1998 system trained by the first
speaker. Documents dealing with two types of stories, business and politics were
used in the experiments. The word error rate for the transcribed documents was
found to vary in the interval of 2-10%. Table 1 shows the values of the sim-
ilarity measure obtained. The highest value of similarity is 0.995 because the
significance value used in the chi-square test is 0.995. The first number in a cell
shows the similarity between original document and current transcript whereas
the second number shows the reverse similarity.

The numbers in Table 1 indicate that the suggested measure is good at cap-
turing the similarity between documents in spite of the transcription errors. To
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Table 1.
Orig. Reader Reader A Reader B
Business 1 | 0.995 / 0.995 | 0.6457 / 0.6360| 0.6467 / 0.5856
Business 2 | 0.995 / 0.995 | 0.7057 / 0.6546| 0.6482 / 0.5584
Politics 1 0.995 / 0.995 | 0.8622 / 0.7295| 0.8577 / 0.8162
Politics 2 0.995 / 0.995 | 0.7783 / 0.6514| 0.7666 / 0.6838

further show that the measure is good at discriminating between different types
of documents, we show in Table 2 the pair-wise similarities between the original
versions of the four documents of Table 1.

Table 2.
Business 1 | Business 2 | Politics 1 | Politics 2
Business 1 0.9950 0.3402 0.0221 0.0076
Business 2 0.2333 0.9950 0.0613 0.0328
Politics 1 0.0194 0.0778 0.9950 0.1881
Politics 2 0.0135 0.0493 0.1851 0.9950

The second and third experiments were performed to evaluate the performance
of the similarity measure in a clustering task. The second experiment was per-
formed using transcripts from TDT 2 Careful Transcription Text Corpus, LDC
catalog number LDC2000T44 [27]. The TDT2 corpus was created to support
three TDT2 tasks: find topically homogeneous sections (segmentation), detect
the occurrence of new events (detection), and track the reoccurrence of old or
new events (tracking). The corpus contains 540 transcriptions of the broadcast
news from ABC and CNN from January through June 1998 and of Voice of
America (VOA) news broadcasts from March through June 1998.

For our experiment we selected an arbitrary subset of transcripts from the TDT 2
corpus. These were manually clustered. The set of selected documents contained
202 documents with an average length of 72 words per document. The collection
of treated documents is available at http://ieelab-secs.secs.oakland.edu. Then we
applied our algorithm to the same set of transcripts to obtain the clusters of doc-
uments automatically. The clusters thus obtained were compared with clusters
formed manually to determine the precision and recall values. Table 3 presents
the results for one group of topics. Examples of documents appearing in one of
the clusters mentioned in Table 3 are given in figure 3. The transcript in the top
box is the story most representative the cluster shown. The transcripts in the
other boxes are two other stories from the same cluster.

One of the uses of transcript clustering is to identify topics and events in an
archived collection of news stories. The main difference between a topic and an
event is that an event refers to a group of related incidences that occur in a
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Table 3.
Topic Precision | Recall
Iraq, UN Sanctions 100% 100%
Iraq, M.Albright Talks 100% 100%
US Actions Against Iraq 100% 100%
M.Lewinsky, B.Clinton 100% 85.8%
India, Nuclear Bomb 100% 100%
Stock Market Reports 100% 100%
Weather Reports, Storm 100% 100%

Cluster 32 : Stock Market reports(9 documents)

CNN19980114.1600.1011.utf sim=0.995 <Snapshot>

In fact, a second wind of sorts in the stock market this afternoon, the final
hour of trading, by the closing bell the Dow Jones Industrials finished
near their highs of the day up fifty-two and a half points at seventy-seven
eighty-four in very active trading. The broader market indices all posted
gains as well, and the NASDAQ composite continuing to move higher,
it is up six and half points. Shares of Intel, however, fell one and a half
at seventy-five and seven-sixteenths after the chip giant said its profit
margins will shrink in the near term.

CNN19980108.2130.0960.utf sim=0.197

With the Asian markets still losing ground, the Dow Jones industrial
average took a sharp dive today, falling ninety-nine points to close at
seventy-eight oh two.

CNN19980126.1600.1022.utf sim=0.299

In any case blue chip stocks breaking a three day losing streak. Investors
remain cautious and kept the Dow Jones Industrials in moderate rate
trading range for most of the day. The Dow did manage to close higher
by twelve points, at seventy-seven twelve. The broader markets closed
however mostly lower, weakness in the technology sector dragging the
NASDAQ composite down fourteen points. And bonds surged as the
dollar gained strength, the thirty year treasury up one and four thirty-
seconds of a point in price. That has the yield back down to five point
eighty-nine percent.

Fig. 3. Subset of documents appeared in Stock Market Reports cluster
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narrow spatiotemporal window. In contrast a topic implies a group of events
with common theme. With this distinction in mind it would be more appropri-
ate to characterize the rows of Table 3 as indicative of events rather than topics
although we did not use any explicit temporal information. For example there
are several stories related to topic ”Iraq” but we are able to separate them into
three distinctive sets of stories. In fact, the results of Table 3 are comparable to
those reported by Yang et al [26] using the TDT1 corpus.

The third experiment was designed to see how well the suggested similarity
measure and the clustering procedure would work with very poorly transcribed
documents. Twenty five audio news clips with original transcripts were selected
from the internet. Each clip was then transcribed using four separately trained
versions of IBM ViaVoice. These versions were trained by two young male and
two young female speakers of different ethnic background. Thus, a total of 125
transcripts, five per story consisting of one original and four noisy versions, were
available for experimentation. A summary of the quality of the transcripts thus
collected is shown in Table 4.

Table 4.
Model 1 | Model 2 | Model 3 | Model 4
Average rate | 48.96% 48.68% 91.36% 54.76%
Best rate 24% 28% 36% 30%
Worse rate 70% 80% 100% 95%

An original transcript and its best and worst transcribed versions are shown
in figure 4. The 125 transcripts were then clustered. This yielded a total of 53
clusters. 25 of these clusters were found to have at least two documents; the re-
maining 28 clusters were singletons. 22 of the 25 clusters of multiple documents
were formed by the different versions of the same transcript. Of the 28 single-
ton clusters 22 were formed by transcripts corresponding to Model 3 speaker
whose average error rate was 91.36%. These results clearly demonstrate that
Chi-square similarity measure and the clustering procedure described above are
effective even when the transcription is marred by a very high error rate.

We also repeated experiment 3 by using Porter’s algorithm [28] for stemming
in place of the dictionary look up scheme. This was done to see if a substantial
difference in the results would ensue because of a different stemming process. In
this case 48 clusters were formed. Once again, 25 of these clusters had two or
more documents and 20 of these clusters were formed by the different versions
of the same transcript. Of the 22 singleton clusters, 18 were due to Model 3
speaker. These results indicate that the suggested approach works well with the
Porter stemming algorithm.
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Original document: Politics 1/.txt

To mix metaphors, Orrin Hatch likes to compare it to natural gas, that
it’s going to find a precipice, some kind of place to come out. John
McCain is more optimistic. His view is that this is the gateway to the
ability of Congress to work its will on so many other issues where there
may be consensuses in the middle that are being blocked by the kind of
influence that money can buy.

The best transcript: Pol_1/_model_j.txt, Word-Error Rate - 38%

third to mix metaphors outboard Hatch likes to save the via competitive
their natural gas that you you could find a present themselves and I
pledge John Kane - think is more optimistic and his feelings that this is
the gateway to the ability of Congress to work its will sell many other
issues would remain be consensuses in a middle of being what might the
kind of influence that money can box

The worse transcript: Pol_1/_model_3.txt, Word-Error Rate - 76%

Porsche of life and Jonathan R. think is more optimistic this isn’t .
wary to the ability of Congress to work and will Solomon and others
choose where the Americans concerns of Susan Mills the ravine wall art
a carnival

Fig. 4. The original, best and worst transcribed versions of a document

5 Summary

A method to measure similarity between documents has been presented in this
work. The suggested similarity measure is designed to cope with imperfectly
transcribed documents. A method for clustering of the documents was also pre-
sented and applied to two sets of transcribed documents of varying quality. The
results suggest that the suggested similarity measure and the clustering method
are capable of achieving high precision and recall rates even in the presence of a
high transcription error rate. The method has been also tested for solving TDT
tasks on a collection of LDC documents and showed high performance.

We are in the process of further evaluation of the suggested approach and its
application to multimedia document indexing and retrieval.

Acknowledgments. The support of Philips Research is gratefully acknowl-
edged.
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Abstract. Spoken audio documents are becoming more and more com-
mon on the World Wide Web, and this is likely to be accelerated by
the widespread deployment of broadband technologies. Unfortunately,
speech documents are inherently hard to browse because of their tran-
sient nature. One approach to this problem is to label segments of a
spoken document with keyphrases that summarise them. In this paper,
we investigate an approach for automatically extracting keyphrases from
spoken audio documents. We use a keyphrase extraction system (Ex-
tractor) originally developed for text, and apply it to errorful Speech
Recognition transcripts, which may contain multiple hypotheses for each
of the utterances. We show that keyphrase extraction is an “easier” task
than full text transcription and that keyphrases can be extracted with
reasonable precision from transcripts with Word Error Rates (WER) as
high as 62%. This robustness to noise can be attributed to the fact that
keyphrase words have a lower WER than non-keyphrase words and that
they tend to have more redundancy in the audio. From this we conclude
that keyphrase extraction is feasible for a wide range of spoken docu-
ments, including less-than-broadcast casual speech. We also show that
including multiple utterance hypotheses does not improve the precision
of the extracted keyphrases.

1 Introduction

The amount of audio and video data available online has been increasing in
recent years. Right now, most of this content is of a type commonly known
as “multimedia assets” (ex: news broadcasts). Such content is characterised by
relatively high production costs and long term value. Therefore, owners of mul-
timedia assets can afford to invest significant resources into manually tagging
and indexing this content to make it searchable and browsable online.

* We would like to thank Peter Turney for his helpful insights regarding the Extractor
system. Thanks also to Bruno Emond who reviewed an early draft of the paper, and
to 6 anonymous reviewers whose comments resulted in a much improved paper
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Widespread deployment of broadband technologies will likely accelerate the
growth of online multimedia content because it will allow more people to use or
even produce and distribute such content. Indeed, broadband technologies may
cause an explosion of multimedia content, similar to what the World Wide Web
did for textual content. However, this next big wave of online multimedia content
will probably be of a more “casual” nature such as: home videos or records of
videoconferences, meetings and lectures. While there is definitely value in being
able to search and access this kind of content online, it probably doesn’t warrant
manual indexing and it will therefore have to be indexed in a more cost effective
and automatic fashion.

Unfortunately, indexing, searching, and browsing of textual context at the
scale of the World Wide Web continues to challenge Information Retrieval (IR)
researchers, in spite of decades of research. In the case of audio and video content,
challenges are even greater because there is no machine palatable way to link the
document’s representation (or parts of it) to semantically meaningful concepts.
In text for example, a machine can easily associate the character string [‘d’, ‘0,
‘g’] with the word ‘dog’ which is itself semantically meaningful. But it cannot do
so with a sequence of bits that encodes the acoustic signal of a person saying ‘dog’
or a bitmap that contains a picture of a dog (at least not with 100% accuracy).

In recent years, thanks to progress in Speech Recognition (SR), significant
headway has been made on the front of searching spoken audio documents. The
TREC-9 Spoken Document Retrieval track [6l7] , demonstrated that with current
SR technology, Word Error Rates (WER) in the order of 27% can be achieved
for the Broadcast News (BN) domain. At that level of accuracy, slightly modified
versions of the IR techniques devised for text achieve performance comparable
to those same methods on error free transcripts. However, Broadcast News is
one of the easier domains for this type of technology because the audio is of
high quality, and because there are few speech disfluencies such as: filled pauses,
false starts, repetition and speech repair. Also, there is an abundance of written
news material which can be used for training and query/document expansion.
In contrast, the next big wave of online audio will be more casual, which means
it will likely be less-than-broadcast quality and exhibit a more conversational
speaking style than found in the Broadcast News domain. Also, while a 27%
WER seems good enough for the purpose of retrieval, it is not clear how it affects
the performance of IR methods for other tasks such as question answering or,
in the case of the present paper, keyphrase extraction. A particular issue for
keyphrase extraction is that we ultimately want to label portions of audio with
written (and potentially errorful) transcriptions of the keyphrases. In contrast,
for spoken document retrieval it is usually sufficient to present the user with
a link to the original relevant audio document without displaying the errorful
transcript that was used to retrieve it.

In this paper, we investigate a technology for extracting keyphrases from spo-
ken documents, which is an adaptation of a system developed for textual content
(Extractor system [I7JI8] ). We also evaluate its performance on Broadcast News
data, in the face of SR transcripts with different levels of WER.
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2 Related Work in Summarisation of Spoken Audio

Speech is inherently more difficult to browse and skim than text because of its
transient nature. As Arons [I] puts it: “the ear cannot skim the temporal do-
main the way the eyes can browse in the spatial domain”. This problem has
been observed in empirical studies of voicemail users [8/T3] . In those papers, the
authors conclude that browsing of spoken audio would be greatly facilitated by
the use of semantically meaningful signposts for specific sections of the message
(ex: greeting, caller identification, and topic). One way to provide such meaning-
ful signposts would be to label each segment in the audio with keyphrases that
summarise it.

In the context of spoken audio, summarisation has not been studied as thor-
oughly as retrieval. Early work [I] focused on acoustic methods to do time com-
pression of the speech without decreasing intelligibility. While they provide an
accelerated (but pitch accurate) playback of the original speech, these meth-
ods do not provide true summarisation because from a semantic (as opposed to
acoustic) perspective, 100% of the original content is still present in the com-
pressed speech.

More recently, advances in SR led to the development of word based ap-
proaches that only retain significant parts of the SR transcription of a spoken
audio document [23TO/TIIT2/T9/20]. Types of summaries that were studied were
either single key words [LOJ11[1219], short keyphrases (2-3 words) [2], [3] or
longer passages of 10 words or more [19/20]. The features used to identify the
most relevant segments from the SR transcription were: acoustic confidence (i.e.
the likelihood that the segment was correctly recognised) [2IBJ1920], significance
(i.e. the likelihood that the segment carries important information) [203ITO/ITI12]
19120] and prosody (e.g. pitch, energy, duration, pauses) [2[3/11]. Methods that
have been used to select the most relevant segments include tfidf [2[3l19], MMR
[20], LSI [12], lexzical chaining [10], ROC [11] and shallow parsing [23]. The au-
dio corpuses used ranged from low quality (voicemail [I1], videoconference [10],
and recording of phone calls [B]) to high quality Broadcast News [2[312IT9120].

The results of those papers collectively demonstrate that:

a) Significant words tend to have a lower Word Error Rate (WER) than in-
significant ones [T9/20]

b) Summaries extracted from errorful SR transcripts retain enough important
information to be retrievable with an accuracy comparable to retrieval based
on a perfect transcription of the whole document [T2]T9]

¢) Those summaries exhibit significant overlaps with human generated sum-
maries [23I1T120]

d) Those summaries can improve the performance of users involved in video
searching and browsing activities [10]

By “significant words”, we mean words that tend to be included in summaries
generated automatically using IR methods.
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In a sense, points b) and c) are expected corollaries of point a). One may
conjecture that speakers have a natural tendency to better articulate parts of
the speech which carries important information (limited support for this hy-
pothesis is given by [15]). It may also be that significant words tend to be longer
than insignificant words, and that they are correspondingly easier to recognise.
Yet another possible explanation is that significant words occur redundantly in
the audio and there is a greater chance that some of those occurrences will be
recognised correctly. For example, consider a non stop word X which appears
10 times in a short spoken document. Even if the WER for X is fairly high -
say 40%, the number of occurrences of the correct transcription of X (6 in this
case) might be enough to bring it into the summary. In that case, a user looking
only at the summary would see a 0% WER for X instead of the 40% it actually
had in the full transcript. In [I9] and [20], it is not clear which part those two
phenomena (better articulation and higher frequency) played in the lower WER
of significant words, because the authors do not specify whether they computed
the WER of significant words in the summary only (0% in our example) or in
the whole transcript (40% in our example). However, as we will discuss later,
our own experiments show that significant words have lower WER even when
the effect of their higher frequency is eliminated (see section [B).

In this paper, we investigate a technology for extracting keyphrases from
spoken audio documents. Here by keyphrase, we mean a short sequence of con-
secutive words (typically 1 to 3) that capture an important theme of the speech.
Previous work on word-based speech summarisation mostly studied either sin-
gle keywords or longer summaries such as utterances or N-grams (N > 10). The
advantage of keyphrases over keywords is that they provide more precise descrip-
tors of the themes in a document. For example, the phrase “genetic algorithm”
is more precise than either “genetic” or “algorithm”, or even the keyword set
{“genetic”, “algorithm”} (the later could equally refer to genetic algorithms or
to algorithms for mining genomic data). Yet, because keyphrases are still fairly
concise, they are better suited than longer summaries for tasks such as signpost-
ing of audio segments.

Another aim of our work is to investigate the quality of keyphrases that can
be extracted from SR transcripts with very high WER (in the order of 60-65%).
To date, most of the literature on speech summarisation [2ITOJTTIT2ITY] looked
at SR transcripts with WERs in the 20-40% range (except for [3] and [20] which
looked at the 25-50% WER range). Knowing how far we can stretch the envelope
while maintaining summary quality is important because it allows us to handle
more diverse types of audio recordings.

In the remaining sections, we describe our approach to extracting keyphrases
from spoken audio, based on the Extractor system developed for text by Tur-
ney [L7UI8]. We also describe experiments that evaluate the performance of the
system on broadcast and ”simulated” less-than-broadcast audio.
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3 Extracting Keyphrases from Speech with Extractor

Our approach to extracting keyphrases from spoken audio is based on the Ex-
tractor system developed for text by Turney. Extractor uses a supervised learning
approach to maximise overlap between machine extracted and human extracted
keyphrases.

The Extractor algorithm works as follows. For each phrase (i.e. a sequence of
1 to 3 consecutive words) in a document, Extractor computes a score representing
the system’s confidence that it is a keyphrase. The score is computed based on a
series of features of the phrase such as: frequency of occurrence, position of the
first occurrence in the text and length of the phrase. A series of 12 parameters
determines how those features are combined to obtain the final confidence score.
These parameters are tuned automatically by a genetic algorithm whose goal
is to maximise the overlap between machine and human extracted keyphrases.
Evaluation of the various possible tunings by the genetic algorithm is done using
a training corpus for which humans have already extracted keyphrases.

Extractor has been tested on a wide range of corpuses (scientific literature,
email messages and web pages). Average precision (defined here as the percent
of machine keyphrases that were also extracted by humans) on those corpuses
ranged between 20-30%. This may appear low, but it is comparable to the level
of agreement found between different humans indexing the same documents [5].
Another study [I8] showed that 80% of the keyphrases generated by Extractor
are deemed acceptable by human readers. So far, Extractor has been licensed to
15 companies that have used it for a variety of applications including: summari-
sation of web sites to assist webmasters, summarising email messages for display
on short messaging devices and plugins for summarising documents inside office
productivity suites.

Table 1. Characteristics of evaluation data

Source Type Num. Stories
ABC ™V 42
PRI Radio 58
All sources mixed 100

Our first attempt at adapting Extractor to spoken audio documents uses the
most straightforward approach one can think of. We simply present Extractor
with a transcription containing the top-N SR hypotheses for each of the utter-
ances in the audio. The rationale for using N > 1 hypotheses is that even if
a keyphrase is not correctly recognised in the “best” hypothesis, it might be
correctly recognised in one of the remaining N - 1 hypotheses.The use of mul-
tiple hypotheses has been investigated in various papers on Spoken Document
Retrieval (for example, [T4[16]), but so far, only one paper looked at it for sum-
marisation [3]. Another indirect effect of this approach is to boost the score of
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phrases that have a high acoustic confidence. This is because words with high
acoustic confidence will tend to appear in more than one of the top-N hypotheses
for the same utterance, and therefore their frequency of occurrence in the tran-
scription will be higher (and frequency is an important feature in Extractor’s
scoring scheme).

As we will now demonstrate, this simple approach turns out to perform very
well even in conditions where WER is high.

4 The Experiments

We conducted experiments to evaluate the performance of Extractor in the
Broadcast News domain, using a subset of the ABC and PRI stories of the TDT?2
English Audio data. We only used stories that had human generated careful
transcripts (i.e. exact transcripts as opposed to closed-caption transcripts which
sometimes paraphrase the speech). Table 1 lists the characteristics of this data.

We ran Extractor on five kinds of transcripts :

— error-free careful transcripts (CR)

— paraphrased closed-caption transcripts (CC)

— moderate WER, SR transcripts with only the best hypothesis for each utter-
ance (MSR)

— a series of high WER SR transcript with the top N hypotheses for each
utterance (HSR-N, N=1,..., 10)

Table 2. Characteristics of the various transcripts

WER (%)
Generated by | Num.| ABC| PRI| all
Hyp.
CR Humans 1 0.0 | 0.0 | 0.0
CC Humans 1 141 | 86 | 11
(closed-caption)
MSR NIST/BBN 1 21.5 | 324 |27.6
HSR-1 | Dragon Naturally| 1 58.8 | 65.0 |62.3
Speaking
HSR-N| Dragon Naturally] N N/A |N/A |N/A
(N>1) | Speaking

The characteristics of those transcripts are summarised in Table 2. Figure 1
shows examples of CR, MSR, HSR-1 and HSR-5 for a same news story.

CR corresponds to the error-free careful transcripts produced manually for
a small random sample of the TDT2 corpus. We used those transcripts as a
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reference to evaluate the WER of SR transcripts, and to evaluate the precision
of keyphrases extracted from those transcripts.

CC corresponds to the closed-caption transcripts for the stories. They are not
100% error free since they often paraphrase content to make the transcript more
concise. However, the “errors” are usually meaning preserving. We used the CC
transcript to get an idea of the rate of false negatives when using CR extracted
keyphrases as a base for assessing the relevance of keyphrases extracted from
other transcripts. A false negative in this context is a case where a keyphrase
extracted from a SR transcript turns out to be a good keyphrase even though
it was not extracted from the corresponding CR transcript. Because CC and
CR transcripts have essentially the same semantic content (but slightly different
textual content), there is no reason to think that keyphrases extracted from
CC are any less relevant than keyphrases extracted from CR. Therefore the
difference between the two sets of keyphrases gives us an estimate of the rate of
false negatives (as defined above).

MSR corresponds to the B1 (baseline) transcripts generated for the TREC-8
SDR Track [7], using the NIST/BBN time-adaptive speech recognizer. These
transcripts had a moderate WER (27.6%) which is representative of what can
be obtained with a state of the art SR system tuned for the Broadcast News
domain.

HSR-N transcripts were obtained using Dragon’s NaturallySpeaking speaker
dependent recogniser. The WER, of HSR-1 (62.3%) was much higher than MSR,
because the voice model used was not trained for speaker independent broadcast
quality audio. The WER for HSR-N, N > 1 could not be computed since such a
transcript is not comparable to a reference transcript with only one hypothesis
per utterance. We used the HSR-N transcripts to (i) simulate the type of high
WER one might expect with more casual less-than-broadcast quality audio, and
(ii) investigate how taking multiple hypotheses into account might address that
higher WER.

With Extractor, we generated 5 keyphrases for each SR transcript and 10
for the CR transcripts. We used two types of relevance judgments which we call
surrogate and human relevance. In surrogate relevance, keyphrases extracted
from a SR transcript were deemed relevant if they appeared in the list of 10
keyphrases extracted from the corresponding CR transcript. Note that we com-
pared stemmed phrases (using the Lovins stemming algorithm) so that a phrase
like “data mining” would match “data mine”. Surrogate relevance implicitly as-
sumes that Extractor is a perfect surrogate for human judgment, which is not
completely realistic. Based on previous studies of Extractor [18] we would expect
this surrogate evaluator to have a 20% false positive error rate. We do not have
estimates for the false negative error rate. However, we would expect it to be
fairly high, especially for longer stories. This is because long stories may contain
many relevant keyphrases while the surrogate judge never considers more than
10 phrases to be relevant.

Human relevance was based on actual relevance judgments by one of the
experimenters. These human judgments may be more favorable than surrogate
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CR

And Belfast s annual marathon was rerouted today after a mortar attack against a police
station nearby. Police said two devices had exploded, but caused no damage or injuries.
In the _B_B_C news room, I m Kimberly Dozier for The World.

MSR

and belfast annual marathon was read about it today after a mortar attack against a
police station nearby police said two devices had exploded but caused no damage or
injuries and the b. b. ¢. newsroom I m kimberly goes your for the world

HSR-1

to annual marathon was and we landed today after a border attack against the police
station nearby police into devices had exploited across the damage or injuries and BBC
Israel and Kimberly Dozier of the world !

HSR-5

to annual marathon was and we landed today after a border attack against the police
station nearby police into devices had exploited across the damage or injuries and BBC
Israel and Kimberly Dozier of the world .

to annual marathon was and we landed today after a border attack against the police
station nearby police into devices had exploited across their damage or injuries and
BBC Israel and Kimberly Dozier of the world .

to annual marathon was and we landed today after a border attack against the police
station nearby police into devices had exploited across the damage or injury is the BBC
Israel and Kimberly Dozier of the world .

to annual marathon was and we landed today after a border attack against the police
station nearby police into devices had exploited across their damage or injury is the
BBC Israel and Kimberly Dozier of the world .

to annual marathon was and we landed today after a border attack against the police
station nearby police into devices headaches bloodied but Costner damage or injuries
and BBC Israel and Kimberly Dozier of the world.

Fig. 1. Sample transcripts for a PRI story

relevance for both legitimate and illegitimate reasons. One legitimate reason is
that the human judge might find a keyphrase “President Bill Clinton” to be
relevant while the surrogate judgment was negative because Extractor found
“Bill Clinton” instead. Also, even for long stories our surrogate evaluator only
considered 10 keyphrase as being relevant, whereas the human evaluator had
no such limit. The illegitimate reason is of course that the experimenter may
have had an unconscious favorable bias regarding the quality of the extracted
keyphrases.

We used both types of relevance to evaluate the average precision of the
keyphrases. Recall was not evaluated, because in the context of summarisation
there is no clear definition of what constitutes a complete recall set. The com-
plete set of relevant keyphrases for a document really depends on the level of
summarisation that is desired and one cannot say that a set of 5 keyphrases is
less complete than a superset of, say, 20 keyphrases.

5 Discussion

First we look at the WER of words in the extracted keyphrases versus the WER
of the whole transcripts. Table 3 lists the WERs of both keyphrase words and
whole transcripts for the various SR transcripts. Like previous studies [19)20],
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Table 3. WER of keyphrases and transcripts

% WER (keyphrases/transcripts)
ABC PRI all

MSR | 16.9 /21.5 | 26.8 /324 | 22.6 / 27.6

HSR-1| 55.1 / 58.8 | 58.5/ 65.0 | 57.0 / 62.3

we found the WER of keyphrase words to be lower than the WER, of the cor-
responding transcripts. However, we found the differences to be more marginal
(3.7-6.5%) than what was found in [19] (which was in the order of 12%). In
[20] the authors only reported correlation between the tfidf and acoustic scores
of words and said nothing about the magnitude of the differences, so we can-
not compare our findings to theirs. Note also that we computed the WER of
every occurrence of the keyphrase words, so that a word which had 6 correct
occurrences and 4 incorrect ones would have a WER of 40%, even if the ver-
sion presented in the list of extracted keyphrases was the correct transcription.
This means that the difference between WER of keyphrase and non-keyphrases
cannot be attributed to the fact that keyphrases occur more often in the text
(which as we pointed out in Section [ might not have been the case in [19] and
[201].

P ——

—~

——all
0.25 -=—- ABC
PRI

Precision

1 2 3 4 5 6 7 8 9 10
HSR-N (N=1, ..., 10)

Fig. 2. Surrogate precision of keyphrases as a function of number of hypotheses in
transcript

Next, we look at the effect of including N > 1 utterance hypotheses in the
transcripts. Figure 2 plots the surrogate precision of keyphrases as a function of
the number of hypotheses in the HSR transcripts, for each of the audio sources.
All 3 curves exhibit a slight downward trend as N increases.
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However, this apparent trend was not found to be significant. Results of a lin-
ear regression show that the slope of all three curves is not statistically different
from 0, which indicates neither improvement nor degradation of performance as
N was increased. We also did a series of paired t-tests (p > .95) comparing N=1
to each of the N > 1 for each of the curves, and found that only N=7 and N=10
for the PRI curve were statistically worse than N=1. From this, we conclude that
taking into account multiple hypotheses with the simple approach we studied
does not help with keyphrase extraction. This is consistent with results reported

in [3]. Consequently, in the rest of the discussion we will focus on results for
HSR-1.

Looking at the sample HSR-1 and HSR-5 transcripts in Fig.1, we can see
why additional SR hypotheses do not improve performance. In this sample, the
alternate hypotheses are very similar to the first one, and they differ only in
unimportant words. Figure 3 shows that this trend is also present in the whole
corpus. It plots the average normalised number of occurrences of good keyphrases
in the various HSR-N transcripts. By good keyphrases, we mean those keyphrases
which were automatically extracted from the perfect CR. By normalised number
of occurrences, we mean the number of occurrence divided by N. Since the length
of the transcripts grows linearly with N, this measure is proportional to the
relative frequency (i.e. number of occurrences divided by length of transcript).
The fact that all three curves are flat means that on average, good keyphrases
do not occur more nor less frequently in the N > 1 hypotheses than in the N=1
hypothesis.

ee———
1
C—
0.8
=
=
P
8 —— all
<
8 os —= ABC
8 PRI
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=
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0.2
o
1 2 3 4 5 6 7 8 9 10

HSR-N (N=1,...,10)

Fig. 3. Frequency of good keyphrases in HSR-N (N=1,...10)

We now look at how precision of the extracted keyphrases degrades as the
level of WER increases. Table 4 lists the observed surrogate and human precision
of keyphrases for the various types of transcripts.
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The MSR row in Table 4 shows that the performance of Extractor is only
mildly affected by the level of WER that can be obtained on Broadcast News
with a state of the art SR system trained for that domain. This is true for both
surrogate and human precision. Note also that both overall precision figures for
HSN (0.77 and 0.74) are just slightly less than the 80% figure found previously
for keyphrases extracted by Extractor from errorless text [18]. Another indica-
tion that Extractor is doing well on MSR is that surrogate precision on those
transcripts is comparable to the surrogate precision on the CC transcripts. This
means that the percentage of MSR keyphrases that were rejected by the surro-
gate relevance judgments is within the rate of false negatives of those surrogate
judgments (which, as we pointed out in Section Hl, can be estimated by the
differences between CC and CR extracted keyphrases).

Table 4. Precision of keyphrases from various transcripts (surrogate / human)

ABC PRI all
cc 0.83 / NA 0.80 / NA 0.81 / NA
MSR 0.86 /085  072/067  0.77/0.74

HSR-1 0.45 / 0.60 0.44 / 0.50 0.44 / 0.54

Looking at the performance of Extractor on transcripts with high WER
(HSR-1 row), we see a significant drop in both observed precision measures.
However, the drop in human precision is less dramatic than the drop in surrogate
precision. Human evaluated precision remains between 0.50 and 0.60 in spite of
average WERs of up to 62.3%.

In Fig.4, we aggregate the MSR and HSR-1 transcripts at 5% WER intervals
and plot the aggregated surrogate precision as a function of WER for both MSR
and HSR-1.

We observe that for both types of SR transcripts, precision decreases some-
what linearly as the WER increases. On the surface, this would seem to indicate
that extracting keyphrases from spoken audio is neither harder nor easier than
doing full-text transcription. However, one must remember that keyphrases may
contain more than one word and therefore the probability that all words are cor-
rectly recognised should decrease more than linearly as the WER of individual
words increases. In particular, the proportion of keyphrases that are correctly
recognised should be:

1 > ni (1-WER)" (1)
(”> k

where:
k=1,...,3: number of words in a keyphrase
ng: number of keyphrases with k words
n: total number of keyphrases
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The “Correctly Recognised” curve in Fig.4 plots that curve for the values of
ny, observed in our data. Since an extracted keyphrase cannot be deemed relevant
unless all words in it match a correct keyphrase, we would expect their precision
to also decrease more than linearly with WER. In fact this tendency should be
worsened by the fact that a relevant extracted keyphrase must be both 100%
correctly recognised and be a significant phrase in the audio.

So the linear relationship we observe between keyphrase precision and WER
of the full text transcripts is somewhat surprising. The surprisingly high precision
can be explained in part by the lower WER  of keyphrases which we have observed
in the data. However, the higher frequency of keyphrase words may also play a
subtle role here.
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Fig. 4. Surrogate precision of keyphrases as a function of transcript WER

For example, suppose you have a phrase which occurs a great number of times
in the audio, and suppose that the correct hypothesis for that phrase has the
highest probability. Then the frequency of the various hypotheses in the tran-
script would closely approximate their probability distribution. The hypothesis
with highest frequency in the transcript would then almost always be the cor-
rect hypothesis. If you were to select that for inclusion in the list of keyphrases,
you would then almost always end up with a correctly recognised extracted
keyphrase. In contrast, if there were only a few occurrences of the phrase in
the audio, the frequency of the various hypotheses might be further from their
probability distribution, and it would be more likely that the hypothesis which
occurs most frequently in the transcript is not the correct one.

Note that it is hard to say which of the two phenomena (lower WER or
higher frequency) plays the greater role in increasing the precision of extracted
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keyphrase. This is because Extractor produces keyphrases through a complex,
non linear transformation of the features of phrases. But the fact remains that
keyphrase extraction turns out to be easier than full text transcription, thanks
to some combination of those two factors.

Overall, our experiments show that Extractor is able to produce relevant
keyphrases even for transcripts with large WER rates. The question is: “does
it perform well enough to be practical”? For the Broadcast News domains, the
fact that we achieve precision comparable to what Extractor achieves on errorless
text, combined with the fact that Extractor has been used by various licensees
to produce successful text summarisation applications, tells us that the answer is
probably yes. For more casual less-than-broadcast speech, more work is required
to assess whether the level of precision we are getting (45-60%) is good enough
for practical applications.

6 Future Work

There are various ways in which we could improve the performance of Extractor
on spoken audio.

For example, our simple approach only used the SR acoustic confidence scores
indirectly. Because words with high acoustic scores occurred in many hypotheses
for any given utterance, their frequency was boosted, which resulted in a corre-
sponding boost in their Extractor score (which relies heavily on frequency). It
would be interesting to investigate more direct ways of boosting words based on
their acoustic confidence, for example, by treating the acoustic score as a pseudo
frequency.

Another possible improvement would be to exploit prosodic information
which tends to be correlated with the significance of words in speech [15].

On the front of evaluation, we need to conduct more realistic experiments
to assess the performance of Extractor on speech data. For example, the high
WER transcripts we used were not obtained from actual less-than-broadcast
casual speech. It would be interesting to see how the algorithm performs on
transcripts produced from true less-than-broadcast casual speech using a speaker
independent system tuned for that domain. We plan to investigate this for audio
recording of K-12 lessons, in the context of the LearnCanada project [4].

The relevance judgments used in our experiments were either potentially
unrealistic (in the case of the machine generated surrogate judgments) or poten-
tially biased (in the case of the human judgments made by one of the experi-
menters). We need to conduct additional experiments to evaluate the relevance
of extracted keyphrases as perceived by independent human evaluators.

Finally, it would be interesting to investigate the use of automatically ex-
tracted keyphrases to help video retrieval and browsing in actual applications.
This is particularly necessary for applications to high WER speech where it is
not so clear that the level of precision we obtain is good enough to be practical.
We plan to investigate this for applications of video annotation and sharing in
a K-12 setting [4].
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7 Conclusion

In this paper, we studied a technology for the automatic extraction of keyphrases
from spoken audio documents. The overall conclusion is that keyphrase extrac-
tion is very robust to misrecognition errors and that keyphrases could be ex-
tracted with reasonable precision for a wide range of audio quality. In partic-
ular, we showed that keyphrases could be extracted with 54% precision from
transcripts with as high as 62% Word Error Rates. This robustness can be at-
tributed to the fact that keyphrase words tend to have a lower WER, than non
keyphrase words, and that they tend to occur redundantly in the audio.

Our experiments also demonstrate that including multiple utterance hy-
potheses in the transcripts does not improve the precision of the extracted
keyphrases. This is attributable to the fact that keyphrases tend to already
appear in the first hypothesis, and that their relative frequency tends to remain
constant even if additional hypotheses are taken into account.
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Abstract. Topical segmentation is a basic tool for information access
to audio records of meetings and other types of speech documents which
may be fairly long and contain multiple topics. Standard segmentation
algorithms are typically based on keywords, pitch contours or pauses.
This work demonstrates that speaker initiative and style may be used as
segmentation criteria as well. A probabilistic segmentation procedure is
presented which allows the integration and modeling of these features in
a clean framework with good results.

Keyword based segmentation methods degrade significantly on our meet-
ing database when speech recognizer transcripts are used instead of man-
ual transcripts. Speaker initiative is an interesting feature since it delivers
good segmentations and should be easy to obtain from the audio. Speech
style variation at the beginning, middle and end of topics may also be
exploited for topical segmentation and would not require the detection
of rare keywords.

1 Introduction

Segmenting a dialogue into meaningful units is a problem that has received con-
siderable attention in the past and can be seen as a preprocessing stage to infor-
mation retrieval [20], summarization [39], anaphora resolution and text/dialogue
understanding. This paper uses keyword repetition, speaker initiative and speak-
ing style to achieve topical segmentation of spontaneous dialogues. The intended
applications are navigation support for meetings and other everyday rejoinders
and preprocessing for applications such as information retrieval. This paper is
also an attempt to support the authors general claim that discourse style is an
important feature for information access in spoken language as also discussed in
other publications [30/3I]. A clean probabilistic framework is presented which
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allows to formulate keyword repetition and speaker initiative as “coherence fea-
tures” whereas style is modeled as a “region feature”. “Coherence features” are
features that have to be coherent within one topical segment — examples are
the keyword distribution or speaker initiative. Speaker initiative is encoded by
speaker identity for each turn and possibly the information whether the turn is
long or short. (see Sec. [ for a discussion and experiments on the encoding of
speaker initiative).

“Region features” on the other hand are designed to model properties of
different regions of topical segments such as the boundary and the beginning,
middle and end of a topic. Region features are used to model the change in the
part of speech distribution which is a stylistic feature. Region features could also
be used to encode features such as prosody and pause lengths.

The databases used in the experiments contains everyday rejoinders, meet-
ings and (personal) telephone conversations [. The effective access to audio
records of this nature could provide more accurate minutes, improve minutes
by adding “audio citations” and increase the confidence in the minute construc-
tion process [21]. If meeting minutes are not prepared an automatically generated
index may improve the access to the document. Meetings and other everyday re-
joinders are fairly different from broadcast news data which has been the focus of
information access to speech documents in the recent TREC-SDR (information
retrieval) [5] and TDT (topic detection and tracking) initiatives. The following
key properties are affecting the dialogue segmentation problem:

Speech recognition performance. Typical best practice word error rates for
Large Vocabulary Speech Recognition (LVCSR) systems on broadcast news
are around 20% [I] for fast decoders in 1998 whereas they are around 40% for
slow systems on meeting data in 2001. The most likely explanation would be
a significant difference in speaking style of everyday rejoinders from broad-
casts.

Domain knowledge. While broadcast news seems to cover a large domain the
topics seem to repeat themselves and a lot of information related to the
speech document is available in electronic form. The topic repetition prop-
erty allowed [37] to use only 100 topic models for segmentation while such
preconstructed topic models can’t be assumed for everyday rejoinders such
as meetings. Keywords of everyday rejoinders may be highly ideosynchratic
such that they may not be in the vocabulary of an LVCSR system. Even if
some keywords are available it is unlikely that one can use online resources
for document expansion [33] and vocabulary adaptation [6] which employ
cooccurrence information of keywords to enhance information retrieval and
speech recognition performance.

Manual cuts and genre constraints. Broadcasts and especially news shows
are very specific genres which are designed for mass consumption: News
shows for example are cut in short but very distinct stories which are in-
troduced or ended with very specific phrases. If video is present a “cut” is

1 Additionally the publicly available database of a recent publication on topic segmen-
tation [4] is used for comparison.
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likely inserted which may be detected easily, narrowing down the number of
possible topic boundaries. Everyday conversations on the other hand don’t
exhibit such clear topical boundaries and topic-shifts may occur gradually.

We have participated in the DoD sponsored Clarity project which dealt with
dialogue processing on speech corpora. Given the information above it was un-
likely that keywords detected by a speech recognizer would provide good features
for topic segmentation. Thus, other features such as speaking style have been
investigated. To field products on mobile devices [36] it would be an advantage
to eliminate the need for speech recognition altogether since it is expensive.

The paper presents related work (Sec. 2]), the definition of topic (Sec.[), the
evaluation metrics (Sec.[) and the algorithmic framework (Sec.[]). Experimental
results are presented in Sec. Bl and conclusions are offered in Sec. [Tl

2 Related Work

2.1 Segmentation Criteria

Topic segmentation has been studied by other authors previously and a variety
of segmentation criteria have been suggested: [8/9)37] suggest that segments are
assumed to contain semantically distinct elements, usually presented by lexical
cohesion which is adapted in this work; [24]2] suggest that local features in-
dicate topic shifts; [19] proposes an approach based on rhetorical structure to
derive a hierarchical representation of the dialogue; [10J32] show how to use au-
tomatically detected prosodic features for segmentation; [35] uses initiative as a
manual segmentation criterion and finally multimodal features such as gesture,
movement and gaze are used by [27]. Discourse theories such as [7/I8] would also
be attractive candidates for segmentation of human dialogue and indeed [19] has
shown success in parsing rhetorical structure in text domains using keywords and
phrases.

The author therefore decided to use the widely studied keyword repetition
feature [R[9)37] and speaker initiative as “coherence features”. Speaker initiative
has so far only been used as a manual segmentation criterion [35]. Speaking style
as encoded in the part-of-speech distribution is explored as a “region feature”.
The suggested algorithm allows the direct integration of “coherence features”
as well as “region features”. So far algorithm designers have separated the two
sets of features or integrated them in a less direct manner.

2.2 Keyword Repetition Algorithms

The part of the algorithm which handles coherence features is related to the
approach of [37128]. [37] assumes that each segment of a conversation is generated
by one of a couple of hundred pretrained topics — the algorithm is therefore
domain dependent. The algorithm presented here does not make that assumption
and is therefore domain independent. The domain independence is achieved by
training a model for each segment on the fly instead of relying on pretrained
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models. An advantage of [37] is that information about semantically related
terms is included implicitly. This may be achieved using other techniques such
as [25]; however [37125] techniques rely on the availability of adequate training
material which may not be available for everyday discourse or meetings. A fair
comparison to [37] is not possible since there is really no topic repetition across
dialogues in our databases which would disfavor their approach while the TDT
database would require to add synonym handling to this algorithm.

[28] presents the domain independent probabilistic word frequency algorithm
for topical segmentation. It estimates the probability of a boundary for every
location in the text and uses a thresholding technique to derive the actual bound-
aries. The drawback is that the estimation of the boundaries assumes fixed sized
windows around the boundary and the boundary placement is not optimized
globally unlike the Viterbi search employed by [37] and the proposed algorithm.

[9] is probably the most widely cited domain independent algorithm for topi-
cal segmentation and relies on cosine similarity measures combined with heuristic
optimization criteria and optimization procedures. Similar algorithms, applying
similar measures with different optimization criteria, are [28/4]. [9l4] were cho-
sen to establish a comparison to existing domain independent algorithms: [9] is
known widely and [4] is the most recent publication in this area which compares
to [L11289].

2.3 Boundary Classification Algorithms

Many algorithmic approaches have used boundary classification: A classifier is
trained which has the output “Boundary: Yes/No”. Using “region features” the
classifier can be extended to produce other outputs for larger regions such as
“Begin of topic”, “End of topic” and so forth. The UMass approach in [1] seems
to model word type information in different regions of topical segments using an
HMM model. The model presented here can be trained using a discriminative
classifier but imposes a fixed structure of the topical segment.

Since news shows are a highly organized genre following specific scripts very
specific topic shift indicators (such as LIVE, C. N. N.) can work very well which
was used by [2/T0]. Other features studied as topic indicators are keyphrases,
pauses and prosodic features such as a preceding low boundary tone or a pitch
range reset [10/32]24]. While these may be modeled easily using region features
the author hasn’t been able to establish good results on the dialogues although
the prosody module has been tested successfully on an emotion detection task.

Boundary classification algorithms may also integrate information about the
change in the keyword distribution using features similar to most keyword repe-
tition algorithms [2JI0]. The critique of this technique is however that it is relying
on local, window based changes of the keyword distribution and that the algo-
rithms are not applying a global optimization over all possible sequences B. On

2 One may argue that exponential segmentation models [2] may weigh the contribution
of the keyword repetition feature with the other models in a principled way. On
the other hand the parameterization of the exponential models used may also be
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the other hand the algorithm presented in this paper as well as [4J37] integrate
keyword information over the complete topical segment.

3 Definition of Topic

A theoretically pleasing definition of topic that could be applied reliably in prac-
tice doesn’t exist currently. A simple solution is to compose artificial data ran-
domly picking initial segments from different documents which constitute the
topics to obtain a database of different topics. This method is used by [4] in his
C99-database which is also used in Tab. [[l The problem with that approach is
that the modeling of topic length may be artificial and the shifts between topics
may not be natural.

However this work is concerned with the segmentation of naturally occur-
ring dialogues in meetings and everyday rejoinders where topic shifts are not
that abrupt and uninitiated. [24] discuss the topic definition problem in great
detail and the most common way to establish the quality of a definition is a rea-
sonable agreement between human coders (also called “intercoder agreement”).
[O] argues that “naive” (largely untrained, linguistically inexperienced) coders
generate sufficient agreements compared to trained coders when asked to place
segment boundaries between topical segments. The use of naive coders may also
be appropriate for work in information retrieval since it may reflect results that
could be anticipated from users of an actual retrieval system. The topic defi-
nition applied in this work instructs the coders to place a boundary where the
topic changes or the speakers engage in a different activity such as discussing,
storytelling etc. The activities were annotated at the same time as the topic
segmentation was produced [B0J3T]. The primary annotation for all databases
was done by semi-naive subjects. Some had considerable experience annotating
the databases with dialogue features however no special linguistic training or
criteria were provided for the topic segmentation task beyond the definition of
activities.

The meeting database was also segmented by the author. The intercoder
agreement was measured by (a) treating the second human similar to a machine
using the standard evaluation metric (Sec. d, Table B), (b) measuring  for
the boundary/non-boundary distinction for each utterance (k = 0.36) and (c)
measuring « for the distinction of linksH as within topic / across topic (k = 0.35).
The k-statistics [3] therefore indicates that the intercoder agreement is relatively
low overall which is not surprising given the difficulty of the task. The result
seems to be in the same range as other similar annotations [24].

interpreted as a different weighting scheme between “coherence features” and “region
features”. A pilot experiment using a couple of settings did not indicate any change
of the segmentation accuracy.

3 Refer to Sec. [ for the description of links.
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4 Evaluation Methods

A standard evaluation metric for text segmentation has been suggested by [2[I].
The metric is fairly intuitive and [2] argues that it is fairly robust against simple
cheating attempts. The intuition behind the metric is that a segmentation is
good if two words that belong to the same topic in the reference belong to the
same topic in the hypothesis.

More specifically if two words have distance k they form a link. A link is
called within topic if the two words belong to the same topic, otherwise it is
across topic. If the corresponding links in the hypothesis and reference are both
within topic or both across topic the hypothesis is correct, otherwise it is an
error. The reported metric is the average link error rate in percent. For each
database, k is half the average topic length of the database.

All speech databases have been manually segmented based on the manual
transcripts. The results for automatic transcripts of the meeting database have
been obtained by transferring the manual topic segmentation to the results gen-
erated by the speech recognizer. The speech recognition system segments the
input by pause length. Based on time stamps the next best utterance beginning
is chosen as the segment boundary.

[4] calculates the link error rate differently and his technique is used when
reporting results on the C99-database. The first step in his procedure is to cal-
culate the average link error rate for every text in the database. The link length
k for every text is determined as half the average topic length of the respective
text. The average link error rate of a database is the average of the average link
error rate of all texts in the database.

As a baseline an “equal distance segmentation” is being used, similar to B,
in [4]. The dialogue is segmented into utterances with equal sized topics of length
d where d is the average length of a topic in a training set. The parameter d is
estimated in a Round Robin procedure.

5 Probabilistic Modeling

5.1 Introduction

The algorithm is based on a standard probabilistic modeling approach. If D is a
dialogue and L is a possible segmentation the Viterbi algorithm is used to find
the best segmentation L*

L* = argmax; p(L|D) = argmin; — logp(S)

where S = (Dy, ..., D,) is the dialogue segmented into topical segments D;. The
model for p(S) is assumed to be decomposable into models for the number of seg-
ments per dialogue p(#segments), the length of each segment p(length(d;)) and
models for the content of each segment given the segment length p(d; [length(d;)):

pls) = p(tsegments) | [ pllength(d:))p(d:flength(d:))
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The most crucial assumption of this model is that all segments are assumed to
be independent of each other which is invalid in general, especially when a topic
is resumed after a digression. The dialogue segmentation model can be simplified
by assuming exponential models for p(#segments) and p(length(d;)) and which
allows to consolidate the two into a single penalty P in the optimization:

L* = argmin;, ZP — log p(d;|length(d;))

where d; is the ith segment of d with respect to the segmentation L. Since the
dialogue d is known we may call d[l : k] the segment ranging from k to { and
define

My 1—g—1 := —log p(d[k : l]|length(d[k : ]))

Finding the most likely sequence corresponds to finding the best sequence L of
strictly ascending indices such that the sequence contains 0 as the first index
and size of M as the last:

L* = argmin, Z P+ M1, -Lli-1]-1
0<i<size(L)

Since very long segments are extremely unlikely our implementation uses a maxi-
mum length constraint of 300 turns. This number was chosen conservatively such
that almost no mistake was made, however the win in runtime was significant
since dialogues can be very long. The parameter P may be chosen to derive seg-
mentations of different lengths. Two different strategies are used for determining
P for a test utterance, the penalty criterion for the C99-database and segment
ratio criterion the dialogue databases: The penalty criterion determines P on the
training database by taking the mean of the P; for each training utterance which
generate the correct number of segments for that utterance. The segment ratio
criterion determines the average number of utterances per topic on the training
database which is used to determine the number of topics for a test utterance.
P is determined for each test utterance using a logarithmic search such that the
desired number of segments is obtained. Training and testing is done in a Round
Robin fashion such that the whole database can be tested.

5.2 Coherence Features

Keyword repetition and speaker initiative can both be modeled as coherence fea-
tures by assuming that each segment follows its own language model. In the case
of keyword repetition the language model describes the keywords, for speaker
initiative it describes the speaker identity of an utterance and potentially an
indication of the initiative such as utterance length (see Sec. [ for details on
the implementation of the features). The probabilistic model requires to define
log p(d;|length(d;)) in an appropriate fashion. Speech recognition researchers [12]
pioneered the use of so called cache models that adapt themselves over time.
Cache models have been used in two flavors in the speech recognition commu-
nity: Either similar to [I2] and accurately following the probabilistic framework



58 K. Ries

by continuously updating the context and calculating the probability for the
next word on the fly (the dynamic approach) or by recognizing a segment of
speech and training a static language model on the speech recognition result
(the static approach). While initial experiments used both models there are no
differences in the experimental results. Since the static model is simpler to im-
plement and faster in execution it is used for all experiments reported. The static
model approach seems to be somewhat counterintuitive at first but it can also
be explained in the minimum description length framework. The probabilistic
framework can explain the static model by associating a language model with
each segment boundary. The random variable L may be reinterpreted as the
segmentation including the likelihood of the segment language model. If all lan-
guage models are assumed to be equally likely it is modeled by another penalty
that can be subsumed by P. To obtain better estimates and avoid “zero proba-
bilities” the cache model was smoothed using absolute discounting with a fixed
parameter D = 0.5 [22]. The discounting method and parameters used were
fairly uncritical when compared to alternatives during prestudies.

5.3 Region Features

Region features are an extension of the common boundary modeling approach to
discourse segmentation. A region mapping is a function f which maps an integer
k onto an array of k region labels. It can therefore be naturally extended to a
function f’/ which maps a segment d; containing k utterances to k segmentation
labels. The intuition is that if the length of the segment is known it has to follow
a certain fixed pattern. The simplest example is the classic boundary modeling
approach where

f(R)]

1m BOUNDARY if j =0
JI*= 1\ NONBOUNDARY otherwise

The boundary modeling assumes that there are very specific phrase or intona-
tional events at or near the boundary (key words and phrases). The equal size
regions approach (3 regions for Begin, Middle and End) can easily model changes
in general distributions such as the part of speech distribution: At the beginning
new items are introduced explicitly whereas they are referred to anaphorically
towards the end. They can be combined in the equal size + boundary approach
which features one region for the boundary and Begin, Middle and End regions.
Since f’ is a deterministic function of the segment length length(d;)

p(di[length(d;)) = p(ds| f'(di),length(d;))

In order to make this quantity tractable independence assumptions have to be
made: All segments in a topic are independent given the segmentation labels,
all segments depend only on their respective segmentation label and after those
assumptions are applied there is no more dependency on the length of the seg-

ment:
pltfengina) = [T a5 Tt



Segmenting Conversations by Topic, Initiative, and Style 59

where f’(d;); is the jth region label of f'(d;) and d;; is the jth utterance of the
region d;. Since p(d;;) is independent of the segmentation L it can be ignored in
the search procedure. The score of the model is therefore just the probability of
the region label given the dialogue segment (as determined by a classifier such
as a neural network) divided by the prior of the region label.

The advantage of this approach is that it extends boundary classification to
the classification of multiple regions. It is particularly useful if we assume that
simple regions of topics have different properties which may provide a natural

model of prosodic and stylistic difference across regions. If one would,use lan-
guage model classifiers using part-of-speech as features to determine %
the model would burn down to the training of part-of-speech Markov models for
each segment of a topic which provides an intuitive description stylistic regions.
Alternatively one could train a classifier with the same parameterization dis-
criminative — a neural network without hidden units and the softmax function
as its output or exponential models are such classifiers (see also [29]).

6 Experiments

The experiments were carried out on the CallHome Spanish, a corpus of meet-
ings, the Santa Barbara corpus and a database used by [H] (C99-database). All
experiments have been carried out on manual transcripts unless noted otherwise
— only for the meeting corpus speech recognition results have been available:

CallHome Spanish. The whole corpus (120 conversations, approximately 20
minutes each) has been hand annotated with topical segmentations. The
corpus features telephone calls in Spanish between family members calling
from the US to their home countries. The original corpus [15] was published
by [I7] and recently the topical segmentation along with further dialogue
annotation from our project Clarity were published as well [14].

Santa Barbara. 7 of 12 English dialogues [13] have been segmented manually.
The corpus features all kinds of oral interactions including meetings, evening
events and kitchen table discussions.

Meetings. 8 English dialogues have been annotated with topic segmentation
and 2 of those have been processed using a speech recognizer. The meetings
are recordings of group meetings, mostly of our own data collection group.
The latest published speech recognition error rates for this corpus are around
40% word error rate and the out of vocabulary rate is about 1-2% for each
meeting [34J38]. Speech recognition results were available for two out of eight
meetings and the topical segmentation has been transferred to those (see
Sec. [).

C99-database [4] used the Brown corpus to generate an artificial topic seg-
mentation problem and the corpus is available (see [4]). A small program
randomly grabbed initial portions of Brown corpus texts and concatenated
them as the topics of an artificial text. The database consists of four sub-
parts: 100 texts with topics 3-5, 6-8 and 9-11 sentences in length and 400
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with topics of 3-11 sentences in length. The “all” database is the concate-
nation of these four databases. To maintain consistency with his results his
formula for the average link error rate has been used.

The first question addressed was whether the probabilistic modeling approach
for keyword repetition and speaker initiative compares well to standard algo-
rithms. The stopwords were removed from all databases and the first four letters
were retained from each word for all databases. On the C99-database Porter
stemming [26] was used instead of the 4 letter stemming. Additionally the cor-
responding formula for the calculation of the link error rate was used on the
C99-database (Sec. H)) to allow comparisons with [4]. For speaker initiative each
utterance was replaced by a single token representing the speaker identity and
the information whether the speaker turn was long or short (a turn was defined
as short if it contains three words or less). In Tab.[] the probabilistic approach
(RO1) was compared to [4] (C99) and the texttiling [9] approach (Tile). To
present Tile in the best light the implementation provided on Hearst’s WWW
page was chosen on the dialogue segmentation tasks and the reimplementation
of [4] on the C99 database fi.

The results show that the new algorithm delivers excellent results on the
dialogue databases: The results are always better than the other algorithms,
in some cases by large margins B. The only exception is the speaker initiative
criterion for the CallHome database which may however be a bad example since
speaker initiative is likely a bad criterion for that database (see further discussion
below). Tile and C99 seem to perform similar.

The results for the C99 database are very different, the C99 and RO1 algo-
rithms perform similar with the exception of the 9-11 part of the database where
C99 performs a lot better. The situation changes if the algorithms for determin-
ing the number of segments are changed: If the number of segments for R01 is
chosen to be the number of C99 the result of RO1 is not much worse. If both
algorithms are given the number of segments from the reference R01 performs
better. As noted above R01 worked a lot better on the C99-database using the
penalty criterion unlike the segmentation ratio criterion used on the dialogue
databases. Given these results the author cautions the interpretation of the re-
sults on the C99-database since it has been artificially constructed. Specifically
the length distribution of the segments seem to be unnatural and may place too
much weight on the algorithm determining the number of segments. Overall RO1

* Note that the same stemming algorithms were used for all algorithms — [] didn’t
use Porter stemming in the tiling implementation which was used here and Hearst’s
algorithm was also fed with the exact same input as the others. The author replaced
the stopword removal and stemming from the external algorithms and replaced them
with his own implementation. The native implementation of the Porter algorithm of
C99 delivered identical results to the reimplementation used here.

5 The results for Tile and C99 improve when their native criterion for determining the
number of segments is replaced by the segmentation ratio criterion presented here —
however RO1 still performs significantly better. These results are not shown in the
tables since they are secondary and would require much more space.
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Table 1. Algorithm comparison: The proposed algorithm (RO01) is compared to
[4] (C99) and [9] (Tile) for keyword coherence and speaker initiative based topical
segmentation. The equal distance baseline (baseline) is listed for comparison. It delivers
excellent results on all database slightly worse results than C99 on C99-database. The
results on the C99 database however have to be taken with a grain of salt due to the
artificial construction of the database.

Link error rate in %
Database R0O1 C99 Tile Baseline
Dialogue segmentation, keyword repetition
SantaBarbara 39.0 53.7 49.2 49.0
CallHome 37.940.4 44.1 45.9
Meetings 37.6 45.2 44.6 47.8
Dialogue segmentation, speaker initiative
SantaBarbara 35.3 41.6 42.3 49.0
CallHome 45.5 43.8 43.0 45.9
Meetings 38.9 39.7 39.7 47.8
C99 database, keyword repetition
All 13.8 12.8 30.4 42
3-11 13.6 13.0 29.9 45
3-5 17.217.7 36.7 38
6-8 8.9 9.6 26.8 39
9-11 16.1 10.0 29.7 36

Table 2. Dialogue segmentation: Topical segmentation was tested on the Santa
Barbara corpus, CallHome Spanish and the meeting corpus, all corpora manually tran-
scribed and annotated with speakers. Two types of features are being compared, key-
word repetition and speaker repetition.

Link error rate in %
Features None 4 letters No mapping Trigram
Stopwords No Yes No Yes Yes
Santa Barbara (baseline 49.0%)
39.0 38.6 41.1 41.0 43.8
Speaker + Is 35.3 38.5 38.7 35.9 41.8 41.8
Speaker 39.1 36.4 39.4 36.2 40.5 41.7
CallHome Spanish (baseline 45.9%)
38.6 38.4 39.4 38.6 37.2
Speaker + Is 45.6 38.8 39.6 39.3 38.3 37.3
Speaker 45.3 38.4 38.3 39.1 38.8 37.2
Meetings,topic segmented database (8 meetings)
manual transcript (baseline 47.8%)
Second human 32.3%
37.6 33.1 37.6 34.3 35.3
Speaker + Is 38.9 35.6 33.1 36.9 32.9 33.7
Speaker 42.6 36.0 32.9 37.9 33.8 34.9
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Table 3. Speech Recognition: Two of the meetings have been fully decoded by an
LVCSR system with a word error rate of approximately 40% [34]. The 4 letter word
normalization has been used (see Tab.[2]).

Meetings, LVCSR database

Link error rate in %
Features manual machine
baseline 42.4 42.1
words,no stopwords 34.3 38.7
words+stopwords 32.5 35.2
speaker+Is 36.9 36.5
speaker+ls and words, no stopwords 34.0 394
speaker+ls and words+stopwords 30.4 33.6

is slightly worse than C99 on this database yet much better than Tile and the
other algorithms tested in [4].

Tab. 2lcompares coherence features. For word repetition the following choices
can be made: (a) should stopwords be modeled as well and (b) should a word
be mapped onto some baseform (stemming). The inclusion of stopwords may
model the speaker identity implicitly or it may model general speaking style.
The stemming algorithms tested were No mapping which doesn’t perform any
stemming, the 4-letter stemming which maps a word onto its first 4 letters and
the trigram method which maps each word onto the trigrams that occur in
it. The 4 letter stemming seems to be effective. Additional attempts to use
Porter stemming [26] on the English database did not show improved results.
The trigram stemming may capture endearments or other morphological features
in Spanish which may explain its effectiveness on CallHome. The inclusion of stop
words is typically improving the performance if speaker initiative is not modeled.

For speaker initiative each utterance can either be replaced by the speaker
identity itself (Speaker) or the speaker identity plus the information whether the
utterance was long or short (Speaker+LS). An utterance is called short if it con-
tains three words or less. This definition is designed to capture the information
whether a speaker issued a dominant dialogue act or a non-dominant dialogue
act. Short utterance tend to be non-dominant dialogue acts such as backchannels
or answers. A strong correlation of dominance and the dialogue act type has been
shown empirically by [I6] and the results indicate that the Speaker+LS feature
performs significantly better than the Speaker feature by itself. The long/short
criterion has the advantage that it may also be implemented easily without hav-
ing access to a speech recognition engine. Other encodings of speaker initiative
did not improve the results.

The speaker initiative approach doesn’t seem to be very successful on Call-
Home Spanish. The reason for that fact may be seen in the familiarity of the
speakers and their established (dominance) relationship as well as in the fact
that one speaker is abroad whereas the other is “back home”. Both properties
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Table 4. Segmentation using word based regions: A neural network (NN)
and language model classifier (LM) were trained to discriminate between different
regions of topical segments, either just boundary vs. non-boundary, equal sized regions
(begin/middle/end) or a combination of the two (both). The table shows the com-
bination of these features with keyword repetition (keyword) and speaker initiative
(speaker+LS) and the combination of the two (both).

Link error rate in %
Coherence|| No Segmentation
feature |[region|boundary|equal size| both
NN LM|NN LM|NN LM
CallHome Spanish
none 45.9|43.4 42.6|38.3 39.3(36.5 37.8
keyword 38.6|35.8 34.1|36.2 35.6|34.7 33.6
speaker+ls|| 45.6|42.8 42.3|43.2 42.2|41.9 41.4

both 38.8/36.5 34.3|37.4 35.7|35.6 34.9
Meeting
none 47.8|38.9 37.4|42.1 45.1{41.5 46.0

keyword 37.6|36.2 37.9|37.9 36.9|37.1 39.5
speaker+ls|| 35.6/38.0 36.7|40.7 36.9(39.7 40.1

both 36.0|37.7 36.1|35.6 36.3(36.6 35.8
Santa Barbara
none 49.0|140.1 41.0{43.4 48.9(44.1 48.2

keyword 39.0{40.0 38.1{39.7 40.4|39.5 40.8
speaker+Is|| 38.5|37.7 38.0|38.8 42.9|38.9 41.0
both 36.4|36.2 38.9|37.5 38.7|37.4 37.1

may lead to dialogues where the dominance is rarely shifting between topics.
For the multi-party dialogues in the Santa Barbara and meeting corpus however
speaker initiative outperforms the keyword based approach. On meetings the
combination of the two delivers the best results.

Tab. Bl demonstrates the effect of speech recognition on the segmentation
accuracy. While the result for keywords information is worse using speech recog-
nition it is not as bad as one might assume. This result may also be due to
consistent misrecognitions that might be produced by a speech recognizer due
to keywords that are missing from the vocabulary. Using stopwords additionally
to words resulted in a significant improvement in link error rate with no degra-
dation introduced by the speech recognizer. Speaker initiative can be used by
itself and it can be combined successfully with word and stopword information.
The results have to be taken with caution due to the small size of the database
available and the manual annotation of speaker identity.

In Tab. @ the effect of part-of-speech features for region modeling is shown. A
neural network classifier was trained without hidden units, the softmax output
function was used as the output function. The vocabulary for the neural network
(NN) and language model (LM) classifier were the most frequent 500 word /part



64 K. Ries

of speech pairs while the remaining words are mapped on their part of speech.
The effects are clear especially for the equal size+boundary region model and the
improvements can also be confirmed when combining the model with repetition
modeling, especially on CallHome Spanish. It is therefore clear that there are
changes in the word and part of speech distributions in different topical regions.
However the combination of word based region modeling with the best repetition
model didn’t always yield better results for the other databases. Neural network
performed significantly better than language models as region classifiers on some
segmentation tasks but are slightly worse on some others.

7 Conclusion

A probabilistic framework for dialogue segmentation is presented and applied.
The algorithm proposed has a clean probabilistic interpretation and performs
well compared to [94], especially on dialogue databases. There is still room
for improvement, especially information about cooccurrence of words could be
included in the model as suggested by [2J25)37] and more work on prosodic fea-
tures could be attempted. The algorithm was tested on a variety of spontaneous
speech corpora and (stemmed) keywords, character n-gram and speaker initia-
tive were used as features. Speaker initiative was found to perform almost as well
as keyword repetition: This finding confirms the intuition that topical change
is correlated with the activity the speaker are engaging in and their speak-
ing rights which is encoded in their speaker initiative distribution. The results
however also show that speaker initiative may fail in certain situations such as
CallHome Spanish where only one speaker is dominant while the topic may be
changing. Determining speaker initiative according to the definition here should
be very tractable since speaker identity may be available trivially or it can be
determined very effectively and reliably in meeting situations [23]. Modeling be-
gin/middle/end as well as the boundary of a topical segment it was possible to
exploit changes in the word and part of speech distribution.

Dialogue segmentation can therefore be done with a couple of features with
similar performance. These features include lexical cohesion, speaker initiative
and changes in the part of speech profile. The results presented here therefore
fit the general claim of the author that dialogue style has to be an important
feature in information access systems for spoken interactions. Speech recognition
— even on hard corpora — didn’t have a disastrous impact on the segmentation
performance but resulted in significant degradation. Speaker initiative is a very
powerful criterion which can likely be detected reliably without the need for
expensive LVCSR.
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Abstract. In this paper we address the problem of extracting caller in-
formation from voicemail messages, such as the identity and phone num-
ber of the caller. Previous work in information extraction from speech
includes spoken document retrieval and named entity detection. This
task differs from the named entity task in that the information we are
interested in is a subset of the named entities in the message, and con-
sequently, the need to pick the correct subset makes the problem more
difficult. Also, the caller’s identity may include information that is not
typically associated with a named entity. In this work, we present two
information extraction methods, one based on hand-crafted rules, one
based on statistically trained maximum entropy model. We evaluate their
performance on both manually transcribed messages and on the output
of a speech recognition system.

1 Introduction

In recent years, the task of automatically extracting information from data has
grown in importance, as a result of an increase in the number of publicly avail-
able archives and a realization of the commercial value of the available data. One
aspect of information extraction (IE) is the retrieval of documents. Another as-
pect is that of identifying words from a stream of text that belong in pre-defined
categories, for instance, “named entities” such as proper names, organizations,
or numerics. Though most of the earlier IE work was done in the context of text
sources, recently a great deal of work has also focused on extracting informa-
tion from speech sources. Examples of this are the Spoken Document Retrieval
(SDR) task [1], named entity (NE) extraction [2]3]4]. The SDR task focused on
Broadcast News and the NE task focused on both Broadcast News and telephone
conversations.

In this paper, we focus on a source of conversational speech data, voicemail,
that is found in relatively large volumes in the real-world, and that could benefit
greatly from the use of IE techniques. The goal here is to query one’s personal
voicemail for items of information, without having to listen to the entire message.
For instance, “who called today?”, or “what is X’s phone number?”. Because
of the importance of these key pieces of information, in this paper, we focus
precisely on extracting the identity and the phone number of the caller. Other
attempts at summarizing voicemail have been made in the past [5], however the

AR. Coden, E.W. Brown, and S. Srinivasan (Eds.): IR Techniques ..., LNCS 2273, pp. 6774, 2002.
© Springer-Verlag Berlin Heidelberg 2002
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goal there was to compress a voicemail message by summarizing it, and not to
extract the answers to specific questions.

An interesting aspect of this research is that because a transcription of the
voicemail is not available, automatic speech recognition (ASR) algorithms have
to be used to convert the speech to text and the subsequent IE algorithms
must operate on the transcription. One of the complications that we have to
deal with is the fact that the state-of-the-art accuracy of speech recognition
algorithms on this type of data is only in the neighborhood of 60-70% [6]. The
large word error rate is due to the fact that the speech is spontaneous, and
characterized by poor grammar, false starts, pauses, hesitations, etc. While this
does not pose a problem for a human listener, it causes significant problems for
speech recognition algorithms.

The task that is most similar to our work is named entity extraction from
speech data [2|. Although the goal of the named entity task is similar - to iden-
tify the names of persons, locations, organizations, and temporal and numeric
expressions - our task is different, and in some ways more difficult. There are
two main reasons for this: first, caller and number information constitute a small
fraction of all named entities. Not all person-names belong to callers, and not all
digit strings specify phone-numbers. In this sense, the algorithms we use must
be more precise than those for named entity detection. Second, the caller’s iden-
tity may include information that is not typically found in a named entity, for
example, “Joe on the third floor”, rather than simply “Joe”. We discuss our
definitions of “caller” and “number” in Section 2

To extract caller information from transcribed speech text, we implemented
two different systems, both statistical and non-statistical approaches. We eval-
uate these systems on manual voicemail transcriptions as well as the output of
a speech recognizer. The first system is a simple rule-based system that uses
trigger phrases to identify the information-bearing words. The second system is
a maximum entropy model that tags the words in the transcription as belonging
to one of the categories, “caller’s identity”, “phone number” or “other”.

The rest of the paper is organized as follows: Section Rldescribes the database
we are using; Section [3 contains a description of the baseline system; Section H]
describes the maximum entropy model and the associated features; Section [l
contains our experimental results and Section [6] concludes our discussions.

2 Database

Our work focuses on a database of voicemail messages gathered at IBM, and
made publicly available through the LDC. This database and related speech
recognition work is described fully in [6]. We worked with approximately 5,000
messages, which we divided into 3, 700 messages for training, 500 for development
test set, and 800 for evaluation test set. The messages were manually transcribed
with about 3% errors and then a human tagger identified the portions of each
message that specified the caller and any return numbers that were left. In this
work, we take a broad view of what constitutes a caller or number. The caller
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was defined to be the consecutive sequence of words that best answered the
question “who called?”. The definition of a number we used is a sequence of
consecutive words that enables a return call to be placed. Thus, for example, a
caller might be “Angela from P.C. Labs,” or “Peggy Cole Reed Balla’s secretary’.
Similarly, a number may not be a digit string, for example: “tieline eight oh five
six,” or “pager one three five”. No more than one caller was identified for a single
message, though there could be multiple numbers. The training of the maximum
entropy model and statistical transducer are done on these annotated scripts.

3 Rule-Based Baseline System

In voicemail messages, people often identify themselves and give their phone
numbers in highly stereotyped ways. So for example, someone might say, “Hi
Joe it’s Harry...” or “Give me a call back at extension one one eight four.” Our
baseline system takes advantage of this fact by enumerating a set of transduction
rules - in the form of a flex program - that transduce out the key information in
a call.

The baseline system is built around the notion of “trigger phrases”. These
hand-crafted phases are patterns that are used in the flex program to recognize
caller’s identity and phone numbers. Examples of trigger phrases are “Hi this is”,
and “Give me a call back at”. In order to identify names and phone numbers as
generally as possible, our baseline system has defined classes for person-names
and numbers.

In addition to trigger phrases, “trigger suffixes” proved to be useful for iden-
tifying phone numbers. For example, the phrase “thanks bye” frequently occurs
immediately after the caller’s phone number. In general, a random sequence of
digits cannot be labeled as a phone number; but, a sequence of digits followed
by “thanks bye” is almost certainly the caller’s phone number. So when the flex
program matches a sequence of digits, it stores it; then it tries to match a trigger
suffix. If this is successful, the digit string is recognized a phone number string.
Otherwise the digit string is ignored.

Our baseline system has about 200 rules. Its creation was aided by an au-
tomatically generated list of short, commonly occurring phrases that were then
manually scanned and added to the flex program. It is the simplest of the sys-
tems presented, and achieves a good performance level (see Table[d), but suffers
from the fact that a skilled person is required to identify the rules.

4 Maximum Entropy Model

Maximum entropy modeling is a powerful framework for constructing statistical
models from data. It has been used in a variety of difficult classification tasks such
as part-of-speech tagging [7], prepositional phrase attachment [8] and named
entity tagging [9], and achieves state of the art performance. In the following, we
briefly describe the application of these models to extracting caller’s information
from voicemail messages.
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The problem of extracting the information pertaining to the callers identity
and phone number can be thought of as a tagging problem, where the tags
are “caller’s identity,” “caller’s phone number” and “other.” The objective is to
tag each word in a message into one of these categories. Further, in order to
segment repeated patterns, for each tag ¢ there are two sub-tags: begin_t and t.
For example, “hi jim this is patricia at bank united ... call me back at two nine
two three” would be tagged as “other other other other begin_caller caller caller
caller ... other other other other begin_number number number number”.

The information that can be used to predict the tag of a word is the context of
its surrounding words and their associated tags. Let H denote the set of possible
word and tag contexts, called “histories’, and 7 denote the set of tags. The
maxent model is then defined over H x 7 ,and predicts the conditional probability
p(t|h) for a tag t given the history h. The computation of this probability depends
on a set of binary-valued “features” f;(h,t).

Given some training data and a set of features the maximum entropy es-
timation procedure computes a weight parameter «; for every feature f; and
parameterizes p(t|h) as follows:

pltlh) = 2

(1)
where 7 is a normalization constant.

The role of the features is to enumerate co-occurrences of histories and tags,
and find histories that are strong predictors of specific tags. (for example, the tag
“begin_caller” is very often preceded by the word sequence “this is”). If a feature
is a very strong predictor of a particular tag, then the corresponding «; would
be high. It is also possible that a particular feature may be a strong predictor of
the absence of a particular tag, in which case the associated «; would be near
Z€ro.

Training a maximum entropy model involves the selection of the features
and the subsequent estimation of weight parameters «;. The testing procedure
involves a search to enumerate the candidate tag sequences for a message and
choosing the one with highest probability. We use the “beam search” technique
of [7] to search the space of all hypotheses.

4.1 Features

Designing effective features is crucial to the maxent model. In the following
sections, we describe the various feature functions that we experimented with.
We first preprocess the text in the following ways: (1) map rare words (with
counts less than 5) to a fixed word “UNKNOWN?”; (2) map words in a name
dictionary to a fixed word “NAME” (which is called meta-name). The first step
is a way to handle out of vocabulary words in test data; the second step takes
advantage of known names. This mapping makes the model focus on learning
features which help to predict the location of the caller identity and leave the
actual specific names later for extraction.
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Unigram Lexical Features. To compute unigram lexical features, we used
the neighboring two words, and the tags associated with the previous two words
to define the history h; as

hi = Wi, Wig1, Wig2, Wi—1, Wi—2,ti—1,ti—2 (2)

The features are generated by scanning each pair (h;,¢;) in the training data
with feature template in Table[I], where X denotes an instance of a word, T, Ty, T
are values of t;,t;_1,t;_o.

Table 1. Unigram features of the current history h;.

l [Features ‘
ti—1 =11 & ti =T
ti_gti_l = T2T1 & ti =T
Wi—1 = X & ti =T
Wi—2 = X & ti =T
Wit+1 = X & ti =T
Wi42 = X & ti =T

Bigram Lexical Features. The trigger phrases used in the rule-based ap-
proach generally comprise of several words, and turn out to be good predictors
of the tags. In order to incorporate this information in the maximum entropy
framework, we decided to use ngrams that occur in the surrounding word context
to generate features. Due to data sparsity and computational cost, we restricted
ourselves to using only bigrams. The bigram feature template is shown in Table 2]
where X or Y denotes an instance of a word, T',T1,T5 are values of ¢;,¢;,_1,t;_o.

Table 2. Bigram features of the current history h,;.

l [Features ‘
ti-1=T1 &Lt =T

tiotii1 =TT &t; =T
Wi—2Wi—1 = XY & tz‘ =
Wi—1W; = XY & ti =
WiWi+1 =XY &tz‘ =T
Wi41Wi42 = XY & tz‘ =T
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Dictionary Features. First, a number dictionary is used to scan the training
data and generate a code for each word which represents “number” or “other”.
Second, a multi-word dictionary is used to match known pre-caller trigger pre-
fixes and after-phone-number trigger suffixes. The same code is assigned to each
word in the matched string as either “pre-caller” or “after-phone-number”. The
combined stream of codes is added to the history h; and used to generate features
the same way the word sequence are used to generate lexical features.

Learning from Errors. We use the current maximum entropy model to decode
the training data. Adding the decoded tags as another stream of data to the
history h; and generating new features, we can train a new model which hopefully
learns to correct some errors that the old model makes. We can even add a stream
of tags which come from an external system, for example the baseline system,
to our maxent model. The maxent model can selectively correct the weakness of
the baseline to some extent.

4.2 Feature Selection

Features can be selected by a simple feature count cutoff method. We ignore fea-
tures whose counts are less than 10. This method results about 10, 000 number of
features. To remove irrelevant and redundant features, we experimented with an
incremental feature selection scheme: start with uniform distribution p(t|h), no
features, at every iteration add a batch of features to the existing set of features,
update the model and re-estimate its parameters, and compute the loglikelihood
of the training data. The procedure stops when the gain in likelihood becomes
small. We also used a cross validation set to avoid over-training.

5 Experimental Results

To evaluate the performance of different systems, we use the conventional preci-
sion P, recall R and their F-measure F', where P = (number of correctly retrieved
info) / (number of retrieved info), R = (number of correctly retrieved info) /
(total number of correct info in the data set), F' is the harmonic mean of P and
R: F=2xPxR/(P+R).

Significantly, we insist on exact matches for an answer to be counted as
correct. The reason for this is that any error is liable to render the information
useless, or detrimental. For example, an incorrect phone number can result in
unwanted phone charges, and unpleasant conversations. This is different from
typical named entity evaluation, where partial matches are given partial credit.
Therefore, it should be understood that the precision and recall rates computed
with this strict criterion cannot be compared to those from named entity detec-
tion tasks.

A summary of our results is presented in Tables 3] and @l Table [3 presents
precision and recall rates when manual word transcriptions are used; Table €]
presents these numbers when speech recognition transcripts are used. On the
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heading line, P refers to precision, R to recall, F to F-measure, C to caller-
identity, and N to phone number. Thus P/C denotes “precision on caller iden-
tity”.

Table 3. Precision and recall rates for different systems on manual transcriptions of
voicemail

| [[P/CIR/CJF/C[P/N]R/NJF/N]|
baseline 72.9167.8|70.3](81.183.3 |82.2
ME1-U 87.9]75.3|81.1][90.2[77.8 [83.5
MEI-B 88.8]79.8[84.1[[88.1[78.1[82.8
ME2-U-f1  [[87.9]75.8[81.4][89.7[82.3[85.8
ME2-U-f1-L [88.2[76.1 [81.7[[90.0 [85.9 [87.9
ME2-U-f12 [[87.3]77.6[82.2(|89.5[82.7 [86.0
[ME2-B-f12 [[88.3[80.0[83.9][89.3[82.7[85.9]
ME2-U-f12-1][86.9]77.5 [81.9[[88.8[81.2 [84.8
ME2-B-f12-1][87.0[78.9 [82.8]|90.3 [82.4 86.2

Table 4. Precision and recall rates for different systems on ASR transcriptions of
voicemail

| [P/C[R/C[F/C[[P/N]R/NJF/N]
baseline [[21.7]17.2[19.2[[52.3[53.8 [53.0
ME2-U-f1[[23.5|15.6 |18.8][56.0 [51.5 |53.7

In these tables, the maximum entropy model is referred to as ME. ME1-
U uses unigram lexical features only; ME1-B uses bigram lexical features only.
Compared to ME1-U, ME1-B improves recall of caller by 4.5%, but degrades the
precision of numbers by 2%. Overall ME1-B performs better than ME1-U with
more than double number of features of ME1-U.

ME2-U-f1 uses unigram lexical features and number dictionary features. It
improves the recall of phone number by 4.5% upon ME1-U. The number dic-
tionary features really helps retrieving phone numbers; ME2-U-f1-L learns the
errors from ME2-U-fl and improves the performance of both caller and phone
numbers as expected; ME2-U-f12 adds the trigger phrase dictionary features to
ME2-U-f1. It improves the recall of caller and phone numbers but degrades on
the precision of both. Overall it improves a little on the F-measure. ME2-B-
f12 uses bigram lexical features, number dictionary features and trigger phrase
dictionary features. It has the best recall of caller, again with over two times
number of features of ME2-U-f12.
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The above variants of ME features are chosen using simple count cutoff
method. When the incremental feature selection is used, ME2-U-f12-I reduces
the number of features from 9747 to 910 with minor performance loss; ME2-B-
f12-1 reduces the number of features from 25800 to 2125 with minor performance
loss. This results show that the main power of the maxent model comes from a
small portion of features while the rest of the features contribute only a little to
the model. If memory and speed are of concern, the incremental feature selection
is preferable.

There are several observations that can be made from these results. First, the
maximum entropy approach has the better performance in terms of precision,
and the best recall for the caller’s identity compared to the baseline hand-crafted
rules. We believe this is because the baseline has an imperfect set of rules for
determining the end of a “caller identity” description. On the other hand, the
baseline system has higher recall for phone numbers. The runtime for the baseline
is real-time because it only needs to scan the message once; the runtime for the
maximum entropy model decoding (i.e. beam search) is also fast, 0.05 CPU
second for a 40-word long message.

Second there is a significant difference in performance between manual and
decoded transcriptions. As expected, the precision and recall numbers are worse
in the presence of transcription errors (see Table H). For example, we present
a manual and ASR transcription for a typical voicemail message below. The
extracted caller and phone number info are italic words. Because of transcription
errors in the ASR output, the caller info in the decoded text is wrong.

Manual:

michael this is jack folger in dallas we’re a reseller of viavoice i’d talked
to you about some of the aspects of the program the other day please call
me two one four five two eight three thousand soon as you could please
thank you

ASR:

michael this is jack for something else with the resell or of via voice talk
to you about some aztec sanproni please call me at two one four five two
etght three thousand cd

Here is another example where ASR error causes the extracted phone number
in the decoded text to be wrong—with an extra “one”.
Manual:

i'm calling from barnett if you could please return my call my number’s
one eight hundred eight five four five four seven nine and i’ll be here until
eight forty five tonight thank you

ASR:

calling from cornet if you could please return my call my number’s one
eight hundred eight five four one five four seven nine and i’'m here at five
forty five to five thanks
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The degradation due to transcription errors could be caused by: (i) words
in the context surrounding the names and numbers being corrupted; or (ii) the
information itself being corrupted. To investigate this, we did the following ex-
periment: we replaced the regions of decoded text that correspond to the correct
caller identity and phone number with the correct manual transcription, and
re-did the test.

The results are shown in Table Compared to the results on the man-
ual transcription, the recall numbers for the maximum-entropy tagger are just
slightly (2 — 3%) worse. The precision of the maximum entropy system is still
as good as 83%. This indicates that the corruption of the information content
due to transcription errors is much more important than the corruption of the
context. If measured by the string error rate, none of our systems can be used
to extract exact caller and phone number information directly from decoded
voicemail; however, the maximum entropy system can be used to locate the in-
formation in the message and highlight those positions. Users then can just listen
to these portion to get answers without going through the entire message.

Table 5. Precision and recall rates for different systems on replaced ASR transcriptions
of voicemail

| [P/C[R/C[F/C]P/N]R/NJF/N]
baseline [|66.3]66.0]66.1][70.8[71.9[71.3
ME2-U-f1([82.8]72.1[77.1[84.4]81.382.8

If one listens to the extracted information segments, how much true informa-
tion will be obtained? We can use alignments to measure how much information
in the extracted portion from decoded scripts is correct by doing the following:
first compute time intervals (Ty) of the extracted info in the decoded scripts;
second compute time intervals (7).) of the true info in the reference scripts;
finally compute interval overlaps of T,,T,. Here we redefine Precision = over-
laps/total_decoded, and Recall = overlaps/total_reference. Table [ shows the
results: 80% F-measure on phone number, but only 50% F-measure on caller
which still needs further improvement.

All the above ME models were trained from reference scripts, because it is
easy for a human tagger to identify caller information from reference scripts.
Since our goal is to extract caller information directly from the ASR output,
it might be better to train the maximum entropy model from the ASR tran-
scriptions with context and features coming directly from decoded text. To do
this, we used an alignment between reference scripts and the decoded scripts
to automatically tag caller information in decoded scripts. The same ME2-U-
f1(D) model was trained from these training messages [ The precision and recall

! Because of missing alignments, only 3000 training messages are used for ME2-U-
f1(D) model training.
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of this model are shown in Table [l Compared to the ME2-U-fl1 model trained
from reference scripts, ME2-U-f1(D) improves everything but the recall of phone
numbers. This may be due to the fact of insufficient training data. Once we have
more decoded training data for the maximum entropy model, we expect the
performance will improve.

Table 6. Precision and recall of time-overlap for different systems on ASR transcrip-
tions of voicemail, where ME2-U-f1(D) was trained from ASR transcriptions

| [P/CIR/C[F/C[P/N]R/N]F/N]|
baseline 77.0[36.0[49.1][84.8]76.2[80.3
ME2-U-fl [[73.2[40.5 [52.2[[84.6 |78.6 [81.5
ME2-U-f1(D)|[78.2[43.1 [55.6[[86.1]66.0 [74.7

6 Conclusion

In this paper, we study how to extract caller information from voicemail mes-
sages. The caller info is useful for voicemail indexing and retrieval. In contrast
to traditional named entity tasks, we are interested in identifying just a selected
subset of the named entities that occur. We implemented and tested manual
rule-based system and a statistical tagger on manual transcriptions and tran-
scriptions generated by a speech recognition system. For a baseline, we used a flex
program with a set of hand-specified information extraction rules. A maximum
entropy tagger is compared to the baseline. Both the baseline and the maximum
entropy model performed well on manually transcribed messages. They all de-
graded significantly with 35% speech recognition error. We expect to have more
training data for training the maximum entropy tagger, and training the tagger
on the decoded transcripts as well. We will also focus on combining the speech
recognizer and information extraction in an integrated framework.
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Abstract. This paper describes the issues and preliminary work involved in the
creation of an information retrieval system that will manage the retrieval from
collections composed of both speech recognised and ordinary text documents.
In previous work, it has been shown that because of recognition errors, ordinary
documents are generally retrieved in preference to recognised ones. Means of
correcting or eliminating the observed bias is the subject of this paper. Initial
ideas and some preliminary results are presented.

1 Introduction

At present, the main stream of information retrieval research remains in searching
homogenous data collections. =~ However, with the progress of multimedia
technologies, the trend for searching heterogeneous data collections is growing. The
MIND (Multimedia International Digital Libraries) project [1] that the authors are
currently working with provides a typical example for this case. The research in
MIND addresses issues that arise when people have remote access to a great many
heterogeneous and distributed multimedia digital libraries containing text, images, and
audio data such as speech recognised documents. In order to cope effectively with
such masses of knowledge, a subset of the digital libraries that most likely contains
relevant documents must be identified, selected, and searched. The results obtained
from those resources need to be fused and merged into a single result. Both the means
of resource selection and data fusion must be achieved without bias.

When ranking documents in a collection in relation to a query, almost all of the
weighting schemes and retrieval models used assume that documents are created
equal. The presence or absence of a query word or the number of times that a word
occurs within documents is assumed to have the same significance across the
collection (once document length has been taken into account). If, however, a
collection is composed of documents created in different ways, such as a collection of
ordinary and speech recognised documents, or collections of speech recognised
documents where the recognition accuracy varies widely, the assumptions are likely
to be false.

In general, retrieval of the transcripts of spoken documents is viewed as a success
[2]; speech recognition (SR) systems are accurate enough to allow retrieval to operate
at an acceptable level. Spoken document retrieval (SDR) is being used: internally

A.R. Coden, E:W. Brown, and S. Srinivasan (Eds.): IR Techniques ..., LNCS 2273, pp. 78-85, 2002.
© Springer-Verlag Berlin Heidelberg 2002
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within corporations [3], [4], [5], and as a Web search engine [6], [7], [8]. Word error
rates (WER) on the audio documents being retrieved are still relatively high, however,
because relevant documents generally contain each query term with a high term
frequency (#f), as long as a few of the term occurrences are recognised, relevant
documents will be retrieved. If, however, the collection is composed of both speech
recognised and ordinary text documents, because the ¢f of query words in the
recognised documents is lower, the ordinary documents will be retrieved in preference
to the recognised (see Past Work below). This problem is also found within the
collection of spoken documents, some audio documents are likely to be recognised
more accurately than others, those recognised well will contain query terms with
higher #f than those recognised badly.[]

Within the framework of the MIND project, it is also assumed that remote digital
library providers will be either uninterested or unwilling to provide detailed data on
the content of their libraries or the quality of their SRs, therefore, it is desirable to
determine the information independently. This paper proposes an approach for
dealing with this problem (for speech data) through the automatic identification of
spoken documents and subsequent estimation of the word error rate within those
documents. Once such information has been gained, document retrieval scores will
be adjusted to ensure a fairer ranking. The rest of this paper describes past work in
this area, followed by a description of the methods to be used in the system. Some
preliminary work is then outlined before finally concluding.

2 Past Work

Although a great deal of research has been conducted in the retrieval of corrupted
data, be it scanned text [11], speech [2], [3], or translated foreign language documents
[12], relatively little work has investigated the notion of varying levels of corruption
in the collection(s) being retrieved. This is perhaps surprising, as it is quite
reasonable to expect such variation. Sanderson and Crestani briefly addressed the
problem of retrieving from a collection composed of both ordinary and spoken
documents [13], reporting that using a conventional #f-idf weighting scheme, ordinary
documents were retrieved in preference to spoken documents. Since then, research in
the area has come from the Cross Language Information Retrieval (CLIR) community
where retrieval from collections composed of documents written in different
languages requires consideration of translation accuracy. Poorly translated documents
are less likely to be retrieved. Effective methods to deal with this situation have been
devised by identifying the language of the documents and biasing ranking algorithms
based on training data derived from cross language test collections [12]. Reported as
being effective, the only problem with this technique is the assumption that corruption
from translation error is consistent across documents of the same language, an
assumption that is likely to be false with the corruption from recognition used in
MIND.

' For such documents, there is also the problem of no query term occurrences being recognised
at all. Clearly an important problem, which has been addressed in past work (e.g. the
document expansion of Singhal [9] and use of multiple hypotheses by Siegler [10]), it is not
discussed here.
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3 Methods

The proposed means of providing a fair ranking when dealing with collections of
documents composed of either ordinary and spoken documents or spoken document
recognised at varying levels of accuracy requires two components: a spoken document
identification system; and a method to estimate word error rates. They are described
here; alternative approaches to providing fair ranking are described in Conclusions
and Future work.

3.1 Spoken Document Identification

When considering how to spot if a piece of text was written or automatically
recognised, one can view spoken document identification as a form of language
identification [14], [15], which is used to identify the kind of language that a given
document was written in. Though techniques applied in language identification such
as training a word or character based n-gram model for recognised output and
ordinary text, etc. could also be used, some surface cues in the document are likely to
be able to identify whether or not it is the output of speech recognition. For example,
speech recognisers generally do not insert punctuation in a fine granularity level and
do not have clear boundary between sentences and paragraphs (here only the raw
speech recognised data with no human corrections is considered). Therefore, by
examining the ratio of punctuation to non-punctuation tokens, and/or the ratio of
capitalised to non-capitalised letters may provide sufficient clues for the identification
task. Another possible solution could be to check whether a document contains
common spelling mistakes as speech recognisers working from a pre-defined
vocabulary do not misspell words. Alternatively, a more sophisticated approach is to
determine if the document contains any words that are outside the recogniser’s
lexicon. However, since different speech recognisers have different lexicons and
getting the lexicons of them can be difficult, this method cannot be generally applied.

Table 1 shows some preliminary results by comparing the punctuation and upper
case words in 160Mb speech recognised files, 8.5Mb hand transcribed files from
TREC-9 collections, four years Financial Times articles from 1991 to 1994 used as
ordinary text files and 2Gb HTML files from TREC-8 collections.

From the table, it shows almost an order of magnitude difference in the percentage
of punctuation in speech recognised and hand transcribed collections. The
punctuation within speech documents contain full stops and apostrophe marks only
whereas hand transcriptions contains evenly distributed comma, hyphen, parenthesis
and question marks as well as full stops and apostrophes. By further examining the
speech recognised documents, most of the full stops are not addressed to finish a
sentence but used as abbreviations such as H.I.V., U.N., etc. Though strictly they
should not be counted as full stops, the magnitude difference in the punctuation
percentage is not affected by including them. The reason that hand transcriptions and
HTML files have higher ration of punctuation is that those files tend to use short
statements more frequently than formally written newspaper articles.
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Table 1. Comparison of punctuation and upper case words in speech recognised, hand
transcribed, ordinary and HTML files

Total words Total Punctuation Total Capital

punctuation ratio Capital words

words ratio

Speech 9,117,820 360,359 0.04 9,117,820 1.00
recognised

Hand 822,760 198,151 0.24 59,401 0.07
transcribed

Ordinary 87,377,924 14,278,987 0.16 14,392,058 0.16

text
HTML files 260,863,739 59,213,771 023 45,424,755 0.17

The speech recognised documents used in the experiment are the “.srt” format files
where all words are in capital letters. This may not always be true as some other
speech recognised files may contain lower case letters only. Therefore, our
experiment does not cover all situations but extremely high or low rate of upper case
words can be used as an indication for speech document identification.

Based on the above experiment result, a further experiment was conducted by
setting the threshold of ratio of punctuation to be 0.1 and ration of upper case words
to be 0.001. If a document has the percentage of punctuation less than 0.1 and
percentage of capital letters less than 0.001, then the document is identified as a
speech recognized one. Here a word composes of all capital letters will not be
counted in the ratio of upper case words, so the ratio of upper case words in “.srt”
format files is converted to be 0.0 in this experiment. The threshold 0.001 was chosen
for upper case words because it was found that some HTML files with long listings
can have very low ratio of upper case words. All together 348Mb speech recognized
files, over 2Gb newspaper articles and 2Gb html files from TREC-8 collections were
used in the experiment and the identification accuracy was 100% using the set
threshold.

3.2 Word Error Rate Estimation

Once a document has been identified as one generated by a SR, the next stage will be
determining how much error is in the transcript. In speech recognition, the
conventional method is to measure the Word Error Rate (WER) by comparing the
output of the recogniser to an accurate hand transcription. In the situation we
anticipate such a transcript will not be available. In seeking an automatic method for
estimating error rates, one should consider how speech recognisers determine the most
likely sequence of words that were spoken. In addition to the acoustic models that
recognise phonemes, modern SR systems use language models derived from large
corpora to determine the most likely word sequence given a set of recognised
phonemes. The models are applied over a small sliding window of uttered words (no
more than four or five) and have the effect of improving recognition quality.
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However, even when incorrectly recognising words, the models produce texts that at
the level of word pairs or triples make some form of sense. For example the word
sequence “On world news tonight this Wednesday...” is recognised by a poor speech
recogniser as “on world is unlike his wins the...”: nonsensical, but each word pairing
“on world”, “world is”, “is unlike”, “unlike his”, “his wins” & “wins the” are sensible
when viewed on their own. Consequently, searching a recognised text for unusual
word pairs or triples to estimate WER is unlikely to be fruitful. It is better to examine

attributes of documents go beyond the local context.

Table 2. Description and WER of SDR 1998 SR systems

Rank System Description WER (%)
1 LTT Hand transcription of audio data 0.0
2 CU HTK Cambridge University using HTK toolkit 24.6
3 Dragon University of Massachusetts & Dragon systems 29.5
4 ATT AT&T 31.0
5 NIST B1 NIST B1 system 33.8
6 Shef Sheftield University using Abbot system 35.6
7 NIST B2 NIST B2 system 47.5
8 DERA S2 Defence Evaluation and Research Agency, UK 61.3
9 DERA S1 Defence Evaluation and Research Agency, UK 66.0

The method we propose is based on the observation made in the retrieval
experiments of previous work by one of the authors [13]: where ordinary documents
were found to be retrieved in preference to the speech recognised. The reason for this
was the lower tf value of query terms in the recognised documents when compared to
the hand transcribed. This was caused by the SR system failing to recognise all
occurrences of all the document words and replacing the mis-recognised words with
others. We postulate that, in general, the poorer the recognition accuracy of an audio
sequence, the greater the number of single occurrence words within the transcription
produced. To test this, a small initial experiment was conducted using the TREC
SDR 1998 collection: a collection composed of approximately 3,000 short documents
transcribed from US news reports. The average number of occurrences of all words in
a document was computed and the average of this number was calculated across all
documents of the collection. The resulting single value provided a simple measure of
how often words are repeated within collection documents. Thanks to efforts by SDR
track participants in 1998, transcripts from eight SR runs were made available to
fellow participants along with the hand transcription, all shared runs were used in the
experiment. As reported by Garofolo et al [16], WERSs on the runs varied greatly: the
runs plus their error rates are listed in table 2 ranked by WER.

The average term occurrence measure (fo) for each of the transcripts along with the
score for the hand transcript was computed. The results are shown in table 3 with the
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transcripts ordered by score. As can be seen even in the hand transcription words are
rarely used more than once, however the score with one notable exception (i.e. NIST
B2) does appear to be ranking systems by their WER.

Table 3. SR systems ranked by term occurrence measure

Rank System to WER Rank
1 LTT 1.28 1
2 CU HTK 1.21 2
3 ATT 1.19 4
4 NIST B1 1.19 5
5 NIST B2 1.18 7
6 Dragon 1.18 3
7 Shef 1.18 6
8 DERA S2 1.13 8
9 DERA S1 1.12 9

Table 4. Systems ranked by modified occurrence measure

Rank System to WER Rank
1 LTT 1.18 1
2 CU HTK 1.12 2
3 NIST B1 1.11 5
4 ATT 1.11 4
5 Dragon 1.10 3
6 Shef 1.09 6
7 NIST B2 1.07 7
8 DERA S2 1.06 8
9 DERA S1 1.05 9

A closer examination of the NIST B2 transcripts indicated that the reason for the
high term occurrence measure was due to words with low idf being repeated many
times within documents. Consequently the experiment was repeated but with the
1,000 highest frequency words ignored when measuring. The results of this
experiment are shown in table 4. (Note, the overall occurrence rate measure is lower
for all transcripts, this is to be expected given the removal of the more frequent
terms.) Using a simple correlation test, the ranking produced by the altered measure
was closer to the WER rate ranking in Garofolo et al’s paper.
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The result of this experiment was unexpectedly encouraging, however, it must be
remembered that the system described so far is only able to rank different recognition
outputs of the same transcript. It remains to be seen, if this approach can be extended
to compute the accuracy of transcripts from different document sets. In addition, it is
also important to recognise that if, as has happened here, a means of automatically
measuring the accuracy of a computer program (i.e. the speech recogniser) is devised,
then one can use this information to improve the program itself (i.e. improve
recogniser accuracy). Therefore, the work of this paper points to the possibility of
improving the quality of speech recognisers. Indeed, some initial investigations into
SR using a form of #f have already taken place [17].

4 Conclusions and Future Work

At the speech retrieval workshop, an alternative approach to achieving fair ranking of
different document types was also proposed: here, a mixed collection of speech and
hand transcribed documents would, before indexing, be split into separate collections
using the spoken document identifier described in Section 3.1. Retrieval would then
be conducted on each collection in turn and the ranked list of documents (returned
from the two retrievals) merged as occurs in metasearch engines. The means by
which the ranks are merged could be based on past retrieval performance or on some
merging strategy that locates documents in common to the two collections.
Investigating this possible approach will also be a priority of our work.

This paper has described in part, the retrieval problem of the MIND project and
described initial work tackling the important challenge of retrieving from collections
of documents with varying levels of error within them. A short experiment showed
that the proposed ideas are promising and deserving of further investigation and it
must be remembered that the method illustrated here only provides a means of
ranking transcripts against each other. What is desired is a means of determining
levels of error rate from a single transcript. How to achieve this, is our next
challenge.
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Abstract. What criteria for relevance do users apply when selecting a
speech recording? What attributes of the recording do they rely on for
each criterion? This paper proposes a qualitative research study design to
explore those questions. A conceptual framework is presented, research
questions are introduced, and the study design is described. The paper
concludes with some observations on how the results of the study might
inform the design of future systems.

1 Introduction

As the networking and storage infrastructure of the Internet becomes more ro-
bust, the potential for physical access to speech recordings is increasing dra-
matically. Intellectual access is another matter, however, about which less is
presently known. We know quite a lot about how people search written text, but
the characteristics of recorded speech are sufficiently different that we may ulti-
mately find that users behave differently when searching for speech recordings [l
9IT0/12]. Studying search behavior poses a bit of a chicken-and-egg dilemma,
however—we learn what kind of support people need by observing their search
behavior, but we cannot observe their behavior until we have built a system
that they can search. Internet-based speech retrieval systems are now starting
to appear, so we believe this is a propitious time to begin to explore how they
are being used. In this paper, we propose the design of a study to examine that
question.

2 Conceptual Framework

The concept of relevance is widely used as a basis for evaluating the effectiveness
of information retrieval systems [6lJ§]. Researchers have sought to define rele-
vance from two perspectives that are often referred to as system-oriented and
user-oriented. The system-oriented perspective focuses on topical relevance and
concerns finding documents that address a concept-based information need. Re-
call and precision are typically used as measures of effectiveness with this view of
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relevance. The user-oriented perspective on relevance is somewhat broader, seek-
ing to characterize the relationship between information and the user’s problem
situation and attempting to account for the various aspects of human cognitive
processes used in making relevance judgments. In this view, common terms that
refer to relevance are utility, pertinence, satisfaction, and situational relevance |7}
13]. The user-oriented view does not reject topical relevance—rather it sees it as
one of many factors that affect the behavior of searchers [I1]. Because we seek
to understand search behavior from the broadest possible perspective, we have
chosen to adopt a user-oriented view of relevance for our study.

Table 1. Some bases for selecting journal articles.

Criteria Associated Attributes
Topicality Title, abstract, keyword

Novelty Title, abstract, journal name, publication date
Authority Author, affiliation, journal name, publisher
Recency Publication date

Reading time|Number of pages
Availability |Owning library
Accessibility |Language, media

The cognitive processes underlying human relevance judgments have been
widely studied, often with the goal of identifying factors that influence relevance
judgments [TI5[7/TT]. Table[lshows some of the most commonly cited factors that
have been identified by previous studies of searchers seeking journal articles. In
general, searchers seem to base their assessment of relevance on criteria that they
are able to articulate; for example, they may balance the novelty of a document—
how new the ideas are to them—with the authority of the source. Criteria such as
novelty and authority are abstract concepts, however, so searchers must ground
their interpretation of each criterion in some set of document attributes. For
example, a searcher might assess the novelty of articles in a journal that they
read regularly based solely on the journal name and publication date. For articles
in an unfamiliar journal, however, they may need to examine the abstract of each
article.

Some of the relevance criteria and attributes identified in Table [[l may be
directly applicable to speech recordings, but others may not. Furthermore, the
characteristics of specific genres of recorded speech may affect these factors. For
example, the distinction between a news program and a news story would be im-
portant in news broadcasts, while in recorded classroom lectures the distinctions
among course, section (in multi-section courses), and session would be more use-
ful. Table 2] summarizes some relevance criteria and associated attributes that
may be applicable to recorded news broadcasts.
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Table 2. Possible bases for selecting news broadcasts.

Criteria Associated Attributes

Topicality Program title, story title, summary, speaker name
Novelty Story title, summary, program title, date
Authority Speaker name, affiliation, program title

Recency Date

Listening time|Story length

Accessibility |Language, file type

3 Research Design

The goal of our proposed study is to characterize the relevance criteria that
searchers apply when searching a collection of recorded radio programs and the
attributes of the recordings on which those criteria are based. We seek to focus
on understanding how users perceive relevance; at this stage, we are interested
in the cognitive process that results in a relevance judgment, not just in the
outcome of the judgment process. Qualitative research methods are well suited
to a study of this type [2l3], so we have adopted a research design based on case
studies, one of the most widely used qualitative methods.

3.1 Research Questions

The central issue that we wish to understand is how searchers decide which
recordings are relevant to their needs when using an interactive retrieval system.
In order to explore this issue, we have adopted the following “foreshadowing
questions” to focus our inquiry:

a. What criteria do searchers rely on when choosing a recording?

b. How do searchers integrate multiple criteria when deciding whether to select
a document?

c. What attributes of the recordings do searchers use as a basis for assessing
each relevance criterion?

d. How do searchers integrate evidence from multiple attributes when assessing
the relevance of a document?

e. What presentation strategies best convey useful attribute information to
searchers?

3.2 Search Systems

Two broad classes of audio search technology have emerged on the Web. National
Public Radio’s NPR Online (http://www.npr.org/archives) is an example of a
site that supports searching based on manually prepared transcripts, summaries,
and/or metadata. Compaq’s SpeechBot (http://speechbot.com) is an example
of an alternative approach in which speech recognition technology is used in
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conjunction with a limited amount of automatically obtained metadata such as
date and source to support searches. Fortuitously, NPR Online and SpeechBot
index some of the same programs, including American RadioWorks, Car Talk,
The Diane Rehm Show, Fresh Air, Marketplace, and Public Interest. Each sys-
tem accepts a text query, optionally with some desired values for metadata (e.g.,
date), and returns a list of hits in order of decreasing likelihood that the record-
ing will satisfy the query based on the information that is indexed. The systems
differ in terms of what is indexed, the information displayed for the search re-
sults, and other user interface design details. Each system allows searchers to
replay part or all of each program that is presented in the search results (in
each case, using RealPlayer). We plan to use both NPR online and SpeechBot
in order to explore a broader range of issues than would be possible with either
system alone.

3.3 Participants

Ideally, we would like to explore the behavior of experienced searchers using
a system with which they are familiar. Web-based audio searching is still rel-
atively new, however, so it would be difficult to identify participants for our
study that have these characteristics. We have therefore chosen to recruit from
an accessible group of potential participants that approximates these desirable
characteristics to some degree. Our participants will be students enrolled in a
Fall 2001 graduate-level seminar on visual and sound materials, in which stu-
dents study acquisition, preservation, access, and management issues. All the
students have completed a prerequisite course on information access, but few
have prior experience with audio searching.

4 Data Collection

The goal of our data collection plan is to provide insight into the cognitive pro-
cesses underlying human relevance judgments for recorded speech. Our focus is
not on the results of the process, but rather on the process itself: the relevance
criteria that our participants apply and the attributes of the recordings on which
those criteria are based. To gain insight into that process, we will use observa-
tion and think-aloud during each search and one semi-structured interview at the
end of the session. Each participant will be asked to perform a series of searches.
The first two searches will be conducted using a single system and two topics
chosen by the investigators: one narrow question that could be answered using
the content of a single recording, and one broader topic. Some participants will
search recordings using NPR Online for both topics, the others will use Speech-
Bot. Each participant will then be asked to perform third search based on his or
her own information needs using the same system. They then will be offered the
opportunity to search for additional stories that satisfy their personal informa-
tion needs using the other system. This study design will permit some degree of
cross-system comparison while limiting the length of each session.
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During each search, an observer will make notes that capture the observer’s
impression of the searcher’s behavior using our criteria/attribute framework.
While searching, each participant will also be asked to think aloud, explaining in
his/her own words why he/she selected a specific recording using what attributes
or took some other action. Finally, a semi-structured interview will be conducted
at the end of the session to obtain additional insight into the relevance criteria
and attributes that each participant used to find relevant recordings. We expect
that a typical session will take less than two hours, but each participant will
be allowed to continue his or her search as long as desired. The anonymity of
participants will be protected by coding all records with a participant number
rather than a name and by limiting access to information that might tend to
reveal the identity of an individual participant.

4.1 Observational Protocol

The focus of the observer’s activity will be on understanding how the searcher
chooses to select or not to select a recording, not on how well the results actually
meet their needs. Any unexpected behavior may also be noted and used to guide
clarification questions during the interview. The observer will not interrupt the
searcher during a search, and searchers will be asked not to consult the observer
as a source of expert advice during the session. The observer may, however, help
the user start the Web browser and reach the appropriate search page, since
those are not tasks that we seek to study.

4.2 Think-Aloud Protocol

Think-aloud methods have both advantages and disadvantages as a component
of qualitative study designs. One important concern is that verbalizing thoughts
can inspire introspection, which in turn might alter the behavior that we wish
to study. On the positive side, however, think-aloud can provide insights into
the cognitive processes of a searcher that may not be available in any other way.
We have considered these factors and chosen to ask participants to think aloud.
Some brief training on the think-aloud process will be given immediately before
the actual session. We will inform the participants of our interest in the way they
select recordings, but we do not plan to provide them with specific guidelines
on what we want them to talk about or how they should express their thoughts.
With the consent of each participant, the think-aloud will be audiotaped and
subsequently transcribed.

4.3 Interview Protocol

A semi-structured interview will be conducted immediately following each partic-
ipant’s last search. The goal of the interview is to obtain additional information
about the process by which a participant made relevance judgments. With the
consent of the participant, the interviews will be audiotaped and subsequently
transcribed. The topics that will be explored and a suggested question that can
be used to initiate discussion on each topic are:
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1. What relevance criteria were applied in some specific cases? (Suggested ques-
tion: Why did you choose to listen to [some specific recording]?)

2. In those cases, how were the criteria used together to reach a decision? (Sug-
gested question: Were some factors more important than others?)

3. In those cases, how were attributes of the recordings used as a basis for as-
sessing each relevance criterion? (Suggested question: How did you determine
that the [topic was appropriate, source was authoritative, etc.])

4. What aspects of the design of each system were beneficial? (Suggested ques-
tion: What features of each system were most helpful?)

5. What capabilities were not present in either system that would have been de-
sirable? (Suggested question: Were there any features that you had expected
to see in an audio search system that were not present in either system?)

5 Data Analysis

Observational notes, think-aloud transcripts, and semi-structured interview
transcripts will be categorized based on a conceptual framework evolved from
the relevance criteria and attributes identified in Table [l New categories will
be created if the analysis reveals additional criteria and/or attributes. The QSR
NUD*IST system provides extensive support for qualitative analysis of coded
datasets, so we plan to code our categories for use with that software. We will
seek to confirm indications obtained from one data source using another, a pro-
cess known as triangulation, in order to gain confidence in the reliability of our
interpretations. As we learn more about the cognitive processes of early partici-
pants, we will use that understanding to guide our design of probing questions
in subsequent semi-structured interviews with other participants. We plan to
employ matrices resembling Table 2] that will explore patterns and trends in the
application of relevance criteria and associated attributes to make decisions.

6 Validity Issues

Our study design includes purposive sampling of the possible searcher popula-
tion, but the limited experience of our participants does pose a threat to the
validity of our study that we will need to recognize when reporting our findings.
We will take three steps to enhance the validity of our analysis: triangulation
(described above), member checks, and peer debriefing. The participants in our
study (the “members”) are certainly in the best position to assess whether we
have interpreted their actions and statements correctly, so we plan to check our
results with them in two ways. First, we plan to meet privately with some of our
participants to discuss our findings and the manner in which we reached those
conclusions. Second, we will offer to present our research results to the class near
the end of the semester and solicit their comments.

Qualitative study designs rely heavily on subjective interpretation, so the
validity of the analytic process is also an important concern. Member checks offer
excellent insight into the validity of our interpretations, but they cannot ensure
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that our analysis process is applied in an appropriate way. For this reason, we
will ask some of our colleagues at the University of Maryland with experience in
qualitative research to review our categorization, coding and analysis processes.

7 Conclusion

Speech retrieval systems are now beginning to appear on the Internet, but it is
not yet clear how these systems will be used. We believe that the question of how
people will use such systems is best explored using qualitative research methods,
and in this paper we have proposed the design of a case study. Although our
usage scenario is necessarily somewhat artificial, we believe that our proposed
study can offer a useful degree of insight into the issues that we have raised. It
is our hope that the insights that we gain will be of benefit to the designers of
future speech retrieval systems. With that in mind, we feel that it is important to
help advance the dialog between those who build systems and those who study
their use. Perhaps our discussion of this study design can be one step in that
direction.

Acknowledgments. The authors are grateful to Delia Neuman, the review-
ers, and the workshop participants for thoughtful comments on earlier drafts of
this paper, Thomas Connors for inviting us to work with his class, and Com-
paq Corporate Research and National Public Radio for making their systems
available.
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Abstract. Speech recognition has of late become a practical technol-
ogy for real world applications. Aiming at speech-driven text retrieval,
which facilitates retrieving information with spoken queries, we propose
a method to integrate speech recognition and retrieval methods. Since
users speak contents related to a target collection, we adapt statistical
language models used for speech recognition based on the target collec-
tion, so as to improve both the recognition and retrieval accuracy. Ex-
periments using existing test collections combined with dictated queries
showed the effectiveness of our method.

1 Introduction

Automatic speech recognition, which decodes human voice to generate tran-
scriptions, has of late become a practical technology. It is feasible that speech
recognition is used in real world computer-based applications, specifically, those
associated with human language. In fact, a number of speech-based methods have
been explored in the information retrieval community, which can be classified
into the following two fundamental categories:

— spoken document retrieval, in which written queries are used to search speech
(e.g., broadcast news audio) archives for relevant speech information [5/6/15]
16117/19/20],

— speech-driven (spoken query) retrieval, in which spoken queries are used to
retrieve relevant textual information [2/3].

Initiated partially by the TREC-6 spoken document retrieval (SDR) track [4],
various methods have been proposed for spoken document retrieval. However, a
relatively small number of methods have been explored for speech-driven text
retrieval, although they are associated with numerous keyboard-less retrieval
applications, such as telephone-based retrieval, car navigation systems, and user-
friendly interfaces.
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Barnett et al. [2] performed comparative experiments related to speech-driven
retrieval, where an existing speech recognition system was used as an input inter-
face for the INQUERY text retrieval system. They used as test inputs 35 queries
collected from the TREC 101-135 topics, dictated by a single male speaker.
Crestani [3] also used the above 35 queries and showed that conventional rele-
vance feedback techniques marginally improved the accuracy for speech-driven
text retrieval.

These above cases focused solely on improving text retrieval methods and did
not address problems of improving speech recognition accuracy. In fact, an ex-
isting speech recognition system was used with no enhancement. In other words,
speech recognition and text retrieval modules were fundamentally independent
and were simply connected by way of an input/output protocol.

However, since most speech recognition systems are trained based on specific
domains, the accuracy of speech recognition across domains is not satisfactory.
Thus, as can easily be predicted, in cases of Barnett et al. [2] and Crestani [3], a
relatively high speech recognition error rate considerably decreased the retrieval
accuracy. Additionally, speech recognition with a high accuracy is crucial for
interactive retrieval.

Motivated by these problems, in this paper we integrate (not simply connect)
speech recognition and text retrieval to improve both recognition and retrieval
accuracy in the context of speech-driven text retrieval.

Unlike general-purpose speech recognition aimed to decode any spontaneous
speech, in the case of speech-driven text retrieval, users usually speak contents
associated with a target collection, from which documents relevant to their in-
formation need are retrieved. In a stochastic speech recognition framework, the
accuracy depends primarily on acoustic and language models [I]. While acoustic
models are related to phonetic properties, language models, which represent lin-
guistic contents to be spoken, are strongly related to target collections. Thus, it
is intuitively feasible that language models have to be produced based on target
collections.

To sum up, our belief is that by adapting a language model based on a target
IR collection, we can improve the speech recognition and text retrieval accuracy,
simultaneously.

Section [2 describes our prototype speech-driven text retrieval system, which
is currently implemented for Japanese. Section Blelaborates on comparative ex-
periments, in which existing test collections for Japanese text retrieval are used
to evaluate the effectiveness of our system.

2 System Description

2.1 Overview

Figure [ depicts the overall design of our speech-driven text retrieval system,
which consists of speech recognition, text retrieval and adaptation modules. We
explain the retrieval process based on this figure.
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In the off-line process, the adaptation module uses the entire target collection
(from which relevant documents are retrieved) to produce a language model, so
that user speech related to the collection can be recognized with a high accuracy.
On the other hand, an acoustic model is produced independent of the target
collection.

In the on-line process, given an information need spoken by a user, the speech
recognition module uses the acoustic and language models to generate a tran-
scription for the user speech. Then, the text retrieval module searches the collec-
tion for documents relevant to the transcription, and outputs a specific number
of top-ranked documents according to the degree of relevance, in descending
order.

These documents are fundamentally final outputs. However, in the case where
the target collection consists of multiple domains, a language model produced in
the off-line adaptation process is not necessarily precisely adapted to a specific
information need. Thus, we optionally use top-ranked documents obtained in
the initial retrieval process for an on-line adaptation, because these documents
are associated with the user speech more than the entire collection. We then re-
perform speech recognition and text retrieval processes to obtain final outputs.

In other words, our system is based on the two-stage retrieval principle []],
where top-ranked documents retrieved in the first stage are intermediate results,
and are used to improve the accuracy for the second (final) stage. From a different
perspective, while the off-line adaptation process produces the global language
model for a target collection, the on-line adaptation process produces a local
language model based on the user speech.

In the following sections, we explain speech recognition, adaptation, and text

retrieval modules in Figure [II respectively.
Acoustic
model

Language
model

Adaptation

off-line (global)
adaptation

Text retrieval

op-ranked dOCUMENIE D ==++=ssssssassssssassrnsrasanai

on-line (local)

adaptation

Fig. 1. The overall design of our speech-driven text retrieval system.
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2.2 Speech Recognition

The speech recognition module generates word sequence W, given phoneme se-
quence X . In the stochastic speech recognition framework, the task is to output
the W maximizing P(W|X), which is transformed as in equation () through
use of the Bayesian theorem.

arg mmz}xP(W|X) = argmv[&}xP(X|W) - P(W) (1)

Here, P(X|W) models a probability that word sequence W is transformed into
phoneme sequence X, and P(W) models a probability that W is linguistically
acceptable. These factors are usually called acoustic and language models, re-
spectively.

For the speech recognition module, we use the Japanese dictation toolkit [7,
which includes the “Julius” recognition engine and acoustic/language models
trained based on newspaper articles. This toolkit also includes development soft-
ware, so that acoustic and language models can be produced and replaced de-
pending on the application. While we use the acoustic model provided in the
toolkit, we use new language models produced by way of the adaptation process

(see Section 2.

2.3 Language Model Adaptation

The basis of the adaptation module is to produce a word-based N-gram (in our
case, a combination of bigram and trigram) model by way of source documents.

In the off-line (global) adaptation process, we use the ChaSen morphological
analyzer [10] to extract words from the entire target collection, and produce the
global N-gram model.

On the other hand, in the on-line (local) adaptation process, only top-ranked
documents retrieved in the first stage are used as source documents, from which
word-based N-grams are extracted as performed in the off-line process. How-
ever, unlike the case of the off-line process, we do not produce the entire lan-
guage model. Instead, we re-estimate only statistics associated with top-ranked
documents, for which we use the MAP (Maximum A-posteriori Probability) es-
timation method [9].

Although the on-line adaptation theoretically improves the retrieval accuracy,
for real-time usage, the trade-off between the retrieval accuracy and computa-
tional time required for the on-line process has to be considered.

Our method is similar to the one proposed by Seymore and Rosenfeld [14] in
the sense that both methods adapt language models based on a small number of
documents related to a specific domain (or topic). However, unlike their method,
our method does not require corpora manually annotated with topic tags.

! http://winnie.kuis.kyoto-u.ac.jp/dictation/
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2.4 Text Retrieval

The text retrieval module is based on an existing probabilistic retrieval method
described in [I3], which computes the relevance score between the transcribed
query and each document in the collection. The relevance score for document 4
is computed based on equation ().

> | B e gy @)
- 10
DL; ' DF,
" Nauglen + T 00

Here, t’s denote terms in transcribed queries. T'F; ; denotes the frequency that
term t appears in document i. DF; and N denote the number of documents
containing term t and the total number of documents in the collection. DL;
denotes the length of document ¢ (i.e., the number of characters contained in %),
and avglen denotes the average length of documents in the collection.

We use content words extracted from documents as terms, and perform a
word-based indexing. For this purpose, we use the ChaSen morphological ana-
lyzer [I0] to extract content words. We extract terms from transcribed queries
using the same method.

3 Experimentation

3.1 Test Collections

We investigated the performance of our system based on the NTCIR workshop
evaluation methodology, which resembles the one in the TREC ad hoc retrieval
track. In other words, each system outputs 1,000 top documents, and the TREC
evaluation software was used to plot recall-precision curves and calculate non-
interpolated average precision values.

The NTCIR workshop was held twice (in 1999 and 2001), for which two dif-
ferent test collections were produced: the NTCIR-1 and 2 collections [11,12E.
However, since these collections do not include spoken queries, we asked four
speakers (two males/females) to dictate information needs in the NTCIR collec-
tions, and simulated speech-driven text retrieval.

The NTCIR collections include documents collected from technical papers
published by 65 Japanese associations for various fields. Each document consists
of the document ID, title, name(s) of author(s), name/date of conference, hosting
organization, abstract and author keywords, from which we used titles, abstracts
and keywords for the indexing. The number of documents in the NTCIR-1 and
2 collections are 332,918 and 736,166, respectively (the NTCIR-1 documents are
a subset of the NTCIR-2).

The NTCIR-1 and 2 collections also include 53 and 49 topics, respectively.
Each topic consists of the topic ID, title of the topic, description, narrative.

2 http://research.nii.ac.jp/ ntcadm/index-en.html
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Figure [2 shows an English translation for a fragment of the NTCIR topicsﬁ7
where each field is tagged in an SGML form. In general, titles are not informative
for the retrieval. On the other hand, narratives, which usually consist of several
sentences, are too long to speak. Thus, only descriptions, which consist of a
single phrase and sentence, were dictated by each speaker, so as to produce four
different sets of 102 spoken queries.

<TOPIC g=0118>

<TITLE>TV conferencing</TITLE>

<DESCRIPTION>Distance education support systems using TV
conferencing</DESCRIPTION>

<NARRATIVE>A relevant document will provide information on

the development of distance education support systems using TV
conferencing. Preferred documents would present examples of using
TV conferencing and discuss the results. Any reported methods

of aiding remote teaching are relevant documents (for example,
ways of utilizing satellite communication, the Internet, and ISDN
circuits) .</NARRATIVE>

</TOPIC>

Fig. 2. An English translation for an example topic in the NTCIR collections.

In the NTCIR collections, relevance assessment was performed based on the
pooling method [18]. First, candidates for relevant documents were obtained with
multiple retrieval systems. Then, for each candidate document, human expert(s)
assigned one of three ranks of relevance: “relevant,” “partially relevant” and
“irrelevant.” The NTCIR-2 collection also includes “highly relevant” documents.
In our evaluation, “highly relevant” and “relevant” documents were regarded as
relevant ones.

3.2 Comparative Evaluation

In order to investigate the effectiveness of the off-line language model adaptation,
we compared the performance of the following different retrieval methods:

— text-to-text retrieval, which used written descriptions as queries, and can be
seen as the perfect speech-driven text retrieval,

— speech-driven text retrieval, in which a language model produced based on
the NTCIR-2 collection was used,

— speech-driven text retrieval, in which a language model produced based on
ten years worth of Mainichi Shimbun Japanese newspaper articles (1991-
2000) was used.

3 The NTCIR-2 collection contains Japanese topics and their English translations.
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The only difference in producing two different language models (i.e., those based
on the NTCIR-2 collection and newspaper articles) are the source documents.
In other words, both language models have the same vocabulary size (20,000),
and were produced using the same software.

Table [ shows statistics related to word tokens/types in two different source
corpora for language modeling, where the line “Coverage” denotes the ratio of
word tokens contained in the resultant language model. Most of word tokens
were covered in both language models.

Table 1. Statistics associated with source words for language modeling.

NTCIR News
# of Types 454K 315K
# of Tokens 175M  262M
Coverage 97.9% 96.5%

In cases of speech-driven text retrieval methods, queries dictated by four
speakers were used individually. Thus, in practice we compared nine different
retrieval methods. Although the Julius decoder outputs more than one tran-
scription candidate for a single speech input, we used only the one with the
greatest probability score. The results did not significantly change depending on
whether or not we used lower-ranked transcriptions as queries.

Table [2 shows the non-interpolated average precision values and word error
rate in speech recognition, for different retrieval methods. As with existing ex-
periments for speech recognition, word error rate (WER) is the ratio between
the number of word errors (i.e., deletion, insertion, and substitution) and the
total number of words. In addition, we also investigated error rate with respect
to query terms (i.e., keywords used for retrieval), which we shall call “term error
rate (TER).”

In Table 2] the first line denotes results of the text-to-text retrieval, which
were relatively high compared with existing results reported in the NTCIR, work-
shops [L1/12].

The remaining lines denote results of speech-driven text retrieval combined
with the NTCIR-based language model (lines 2-5) and the newspaper-based
model (lines 6-9), respectively. Here, “Mx” and “Fx” denote male/female speak-
ers, respectively. Suggestions which can be derived from these results are as
follows.

First, for both language models, results did not significantly change depend-
ing on the speaker. The best average precision values for speech-driven text re-
trieval were obtained with a combination of queries dictated by a male speaker
(M1) and the NTCIR-based language model, which were approximately 80% of
those with the text-to-text retrieval.
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Table 2. Results for different retrieval methods (AP: average precision, WER: word
error rate, TER: term error rate).

NTCIR-1 NTCIR-2

Method AP WER TER AP WER TER
Text 0.3320 — — 0.3118 — —
M1 (NTCIR) 0.2708 0.1659 0.2190 0.2504 0.1532 0.2313
M2 (NTCIR) 0.2471 0.2034 0.2381 0.2114 0.2180 0.2799
F1 (NTCIR) 0.2276 0.1961 0.2857 0.1873 0.1885 0.2500
F2 (NTCIR) 0.2642 0.1477 0.2222 0.2376 0.1635 0.2388
M1 (News) 0.1076  0.3547 0.5143 0.0790 0.3594 0.5149
M2 (News) 0.1257 0.4044 0.5460 0.0691 0.5022 0.6343
F1 (News) 0.1156 0.3801 0.5238 0.0798 0.4418 0.5709
F2 (News) 0.1225 0.3317 0.5016 0.0917 0.4080 0.5858

Second, by comparing results of different language models for each speaker,
one can see that the NTCIR-based model significantly decreased WER and TER
obtained with the newspaper-based model, and that the retrieval method using
the NTCIR-based model significantly outperformed one using the newspaper-
based model. Furthermore, these results were observable irrespective of the
speaker. Thus, we conclude that adapting language models based on target col-
lections was quite effective for speech-driven text retrieval.

Third, TER was generally higher than WER irrespective of the speaker.
In other words, speech recognition for content words was more difficult than
functional words, which were not contained in query terms.

We analyzed transcriptions for dictated queries, and found that speech recog-
nition error was mainly caused by the out-of-vocabulary problem. In the case
where major query terms are mistakenly recognized, the retrieval accuracy sub-
stantially decreases. In addition, descriptions in the NTCIR topics often contain
expressions which do not appear in the documents, such as “I want papers
about...” Although these expressions usually do not affect the retrieval accu-
racy, misrecognized words affect the recognition accuracy for remaining words
including major query terms. Consequently, the retrieval accuracy decreases due
to the partial misrecognition.

Finally, we investigated the trade-off between recall and precision. Figures (]
and Hlshow recall-precision curves of different retrieval methods, for the NTCIR-
1 and 2 collections, respectively. In these figures, the relative superiority for
precision values due to different language models in Table P was also observable,
regardless of the recall.

However, the effectiveness of the on-line adaptation remains an open question
and needs to be explored.
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Fig. 3. Recall-precision curves for different retrieval methods using the NTCIR-1 col-
lection.
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Fig. 4. Recall-precision curves for different retrieval methods using the NTCIR-2 col-
lection.
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Conclusion

Aiming at speech-driven text retrieval with a high accuracy, we proposed a
method to integrate speech recognition and text retrieval methods, in which
target text collections are used to adapt statistical language models for speech
recognition. We also showed the effectiveness of our method by way of experi-
ments, where dictated information needs in the NTCIR collections were used as
queries to retrieve technical abstracts. Future work would include experiments
on various collections, such as newspaper articles and Web pages.

Acknowledgments. The authors would like to thank the National Institute of
Informatics for their support with the NTCIR collections.
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Abstract. Speech is a tantalizing mode of human communication. On
the one hand, humans understand speech with ease and use speech to
express complex ideas, information, and knowledge. On the other hand,
automatic speech recognition with computers is still very hard, and ex-
tracting knowledge from speech is even harder. We have developed a
framework for analyzing speech that enables the incorporation of speech
into a variety of information and knowledge management applications.
We briefly describe the framework and demonstrate two applications that
use the framework.

1 Introduction

Spoken discourse includes any spoken conversation between two or more indi-
viduals that takes place anywhere, any time. Spoken discourse is a rich source
of tacit information, and often the only form in which the tacit information is
instantiated. Until very recently, it was nearly impossible to capture and exploit
this information. Recent advances in speech recognition technology, however,
have enabled the exploration and development of a number of interesting tech-
nologies and applications that attempt to capture spoken discourse, convert the
discourse to text, apply text analysis to the discourse, and exploit the knowledge
discovered in the discourse.

A recent research focus at the IBM T.J. Watson Research Center has been
the problem of how to capture spoken discourse and analyze it in real-time
to both extract knowledge from the discourse and provide additional, related
knowledge to the discourse participants. The need for this capability is driven
by two separate applications: meeting support and data broadcasting. Meeting
support in this context includes the ability to understand the current meeting
discussion and automatically provide related information to the meeting partici-
pants. Data broadcasting is the process of exploiting the unused bandwidth in a
television broadcast to send arbitrary data with the television program. In par-
ticular, the data should be related to the current television program and enable
an enhanced viewing experience for the user where the audio/visual television
program is enriched with related facts, articles, and references.

* Abstracted, with permission, from “Towards Speech as a Knowledge Resource,” IBM

Systems Journal 40, No. 4, (2001)

A.R. Coden, E.W. Brown, and S. Srinivasan (Eds.): IR Techniques ..., LNCS 2273, pp. 105-{I08] 2002.
© Springer-Verlag Berlin Heidelberg 2002
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Fig. 1. WASABI architecture

2 WASABI

To explore these problems we have developed the WASABI framework for analyz-
ing speech, (Watson Automatic Stream Analysis for Broadcast Information)[2].
WASABI takes speech audio as input, converts the audio stream into text using
a speech recognition system, applies a variety of analyzers to the text stream to
identify information elements, automatically generates queries from these infor-
mation elements, and extracts data from the search results that is relevant to
the current discourse. Figure [lshows the overall architecture.

The input to the system is the raw data stream, i.e., the captured audio of
the discourse. The speech recognition system, IBM ViaVoice™, converts the
audio into a text stream, which WASABI feeds to one or more analyzers. An
analyzer performs a text analysis procedure on its input and produces an output
that may be fed to another analyzer or multiplexed back into the original data
stream. The task performed by each analyzer depends on the application in
which the framework is applied. One of the more important tasks performed by
an analyzer is to automatically create a query from the input, use the query to
search a relevant knowledge repository, and extract relevant information from
the search results that will enhance the input data stream.
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2.1 MeetingMiner

The first application area addressed by the WASABI framework is meetings,
which are an obvious source of knowledge in any organization. They occur reg-
ularly and in a variety of settings, and often suffer from two problems. First,
depending on the formality of the meeting, the content of the meeting will be
captured with limited success. More formal meetings may have actual minutes
created by a designated scribe, while less formal meetings will be captured only
by the notes taken by the meeting participants, or worse, the collective mem-
ory of the participants. The second problem common to most meetings is that
during the meeting the participants do not have convenient access to all of the
knowledge resources that might be used to facilitate or enrich the meeting. These
resources might be as simple as someone’s phone number, or they might be more
complex, such as a project database that identifies who is working on what and
where expertise on a particular topic can be found.

The WASABI framework is being applied to solve these problems in a system
called MeetingMiner. The system is essentially an agent that passively captures
and analyzes the meeting discussion, and periodically becomes an active partic-
ipant in the meeting whenever it finds information that it determines is highly
pertinent to the current discussion. The main input to the system is an audio
stream generated by one or more microphones that capture the spoken discourse
of the meeting. The audio stream is converted to a text transcript by the speech
recognition system, and the text transcript is processed by the meeting analyz-
ers, which include a named entity recognizer, a topic tracker, and a question
identifier tied to a question answering system [3]. The system presents relevant
collateral information found by the analyzers using a graphical display or speech
synthesis.

2.2 Data Broadcast

The second use of the WASABI framework is to support data broadcasting, which
is the process of transmitting arbitrary data in the unused bandwidth of a tele-
vision broadcast[2]. A high definition television (HDTV) channel has over 1.5
Mbits/sec of bandwidth available to send data in addition to the audio and
video program. This bandwidth can be used to send any data that the receiver
is capable of processing, though one appealing use of the bandwidth is to send
collateral information related to the currently broadcast television program. For
example, if the current broadcast is a news program, the data channel might
contain text versions of related stories, biographies of people mentioned in the
news, geographical information for places mentioned, or links (URLs) to World
Wide Web pages that contain additional information. This is clearly useful in
a knowledge management context where information (e.g., news, training, re-
ports, etc.) is distributed in the form of video programs. The WASABI analysis
can automatically enrich the video with related facts and data from knowledge
repositories of particular interest to the end user.
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The overall processing flow for data broadcasting is very similar to that used
in the MeetingMiner system. The audio/video source is fed to a collection of
real time feature extractors that extract text and possibly other visual features.
In particular, the system uses speech recognition to generate a text transcript.
The analyzers classify the text into topics, extract named entities (e.g., names
of people, places, dates, etc.), and automatically generate queries to retrieve
relevant information from related databases.

3 Conclusions

Successful knowledge management applications will ultimately need to solve the
problem of capturing and exploiting tacit knowledge. Current solutions that fo-
cus on structured data and semi-structured documents are limited to the knowl-
edge that users are willing (or forced) to enter in these forms. Even when users
wish to document their knowledge, they may be unable to articulate the tacit
knowledge that they use daily in an almost subconscious manner. This leaves
us with only the words and actions of the user as an explicit representation
of the tacit knowledge they posses. Fortunately, we can easily capture words
and actions with audio and video recordings. The challenge is processing these
recordings and extracting the knowledge in a form amenable to further analysis
and reuse.

We are exploring a number of applications that combine speech recognition
with text analysis. This demonstration shows two of those applications, Meeting-
Miner and Data Broadcast. Although many problems remain, our preliminary
results are encouraging. Many more details about the issues and systems de-
scribed here and a rich bibliography can be found in [1J.
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