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Preface

The 8th Ibero-American Conference on Artificial Intelligence, IBERAMIA 2002,
took place in Spain for the second time in 14 years; the first conference was organized
in Barcelonain January 1988.

The city of Seville hosted this 8th conference, giving the participants the
opportunity of enjoying the richness of its historical and cultural atmosphere.

Looking back over these 14 years, key aspects of the conference, such as its
structure, organization, the quantity and quality of submissions, the publication
policy, and the number of attendants, have significantly changed. Some data taken
from IBERAMIA’88 and IBERAMIA 2002 may help to illustrate these changes.

IBERAMIA’'88 was planned as an initiative of three |bero-American Al
associations. the Spanish Association for Al (AEPIA), the Mexican Association for
Al (SMIA), and the Portuguese Association for Al (APIA). The conference was
organized by the AEPIA saff, including the AEPIA president, José Cuena, the
secretary, Felisa Verdejo, and other members of the AEPIA board.

The proceedings of IBERAMIA’88 contain 22 full papers grouped into six areas:
knowledge representation and reasoning, learning, Al tools, expert systems, language,
and vision. Papers were written in the native languages of the participants: Spanish,
Portuguese, and Catalan. Twenty extended abstracts describing ongoing projects were
aso included in the proceedings.

IBERAMIA 2002 was organized as an initiative of the Executive Committee of
IBERAMIA. This committee is in charge of the planning and supervision of
IBERAMIA conferences. Its members are elected by the IBERAMIA board which
itself is made up of representatives from the following Ibero-American associations:
AEPIA (Spain), APPIA (Portugal), AVINTA (Venezuela), SBC (Brazil), SMIA
(Mexico), and SMCC (Cuba).

The organizational structure of IBERAMIA 2002 is similar to other international
scientific conferences. The backbone of the conference is the scientific program,
which is complemented by tutorials, workshops, and open debates on the principal
topics of Al.

An innovative characteristic, which differentiates IBERAMIA from other
international conferences, is the division of the scientific program into two sections,
each with different publication regquirements. The paper section is composed of
invited talks and presentations of the contributions selected by the PC. Since the 6th
conference held in Lisbon in 1998, Springer-Verlag has published the proceedings of
the papers section in English as part of the LNAI series.

The open discussion section is composed of working sessions devoted to the
presentation of ongoing research being undertaken in Ibero-American countries, and
to the discussion of current research issues in Al. Selected papers here are written
either in Spanish, Portuguese, or English. The proceedings are published in a local
edition.
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A total of 345 papers were submitted to IBERAMIA 2002 from 28 different
countries, 316 papers submitted to the paper section and the remaining 29 papers to
the open discussion section. The number of papers per country and section are shown

in the following table:

Country Paper Open Country Paper Open

Section  Section Section  Section

Algeria 3 Mexico 21 6

Argentina 2 Peru 1

Australia 1 Poland 3

Austria 1 Portugal 20

Brazil 25 5 Ireland 1

Canada 3 Romania 2

Cuba 1 Russia 1

Chile 3 Slovakia 1

China 1 Spain 187 17

France 14 The Netherlands 1

Germany 3 Tunisia 1

India 2 UK 4

Italy 3 USA 1

Japan 1 Venezuela 8 1

Of the 316 papers submitted to the paper section, only 97 papers were selected for
publication in the proceedings. The Al topics covered by the submitted papers and the

papers accepted can be seen in the following table:

Topic Submitted  Accepted
Knowledge Representation and Reasoning 66 19
Machine Learning 18 6
Uncertainty and Fuzzy Systems 23 7
Genetic Algorithms 31 9
Neural Nets 38 15
Knowledge Engineering and A pplications 3 0
Distributed Artificial Intelligence

and Multi-Agent Systems a2 9
Natural Language Processing 33 9
Intelligent Tutoring Systems 13 5
Control and Real time 23 8
Robotics 19 6
Computer Vision 8 4
Total 317 97
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The quantity and the quality of the submissions to IBERAMIA have improved
since 1988. Furthermore, the number of submissions for the paper section in
IBERAMIA 2002 was significantly higher than those of previous conferences. We
received 316 submissions, 97 of them (30.5%) were accepted; IBERAMIA 2000
received 156, 49 (32%) were accepted; IBERAMIA’ 98 received 120, 32 (26%) were
accepted.

The evaluation of this unexpectedly large number of papers was a challenge, both
in terms of evaluating the papers and maintaining the high quality of preceding
IBERAMIA conferences. All these goals were successfully achieved by the PC and
the auxiliary reviewers. The acceptance rate was very selective 30.5%. It wasin line
with that of IBERAMIA 2000, 33%, and with IBERAMIA’98, 26%, the most
selective,

A large Spanish participation and a low number of application-oriented papers
were also significant characteristics of IBERAMIA 2002. The Spanish Al groups
submitted 187 papers (50% of the total), to the paper section. This is a reflection of
the growth of Al research in Spain, and the maturity attained over the last 16 years.

The correlation between theoretical research and applications seems unbalanced. In
IBERAMIA’88 the large majority of papers, 15 out of a tota of 22, detailed
applications. A full section with 7 papers was devoted to Expert Systems applications.
In IBERAMIA 2002 the large majority of papers selected for presentation were
devoted to theoretical aspects of Al.

There is no doubt about the need for theoretical research on the modeling and
understanding of the mechanisms of intelligence; however, the power and the validity
of theoretical models should be demonstrated outside academic labs. It is necessary to
go beyond simulated solutions to real engineering solutions which incorporate the
scientific and technological knowledge into useful systems, which are able to one day
successfully passthe Turing test.

Bridging the gap between theory and practice and incorporating theoretical results
into useful products is till one of the key issues for industrialized countries. In the
context of Ibero-America it seems essential that Al researchers accept the challenge
of solving real-world problems, making the science and technology based on Al
contribute to the progress of our developing communities.

This book contains revised versions of the 97 papers selected by the program
committee for presentation and discussion during the conference. The volume is
structured into 13 thematic groups according to the topics addressed by the papers.

November 2002

Francisco J. Garijo Miguel Toro Bonilla José C. Riquelme Santos
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Abstract. In the past years, Naive Bayes has experienced a renais-
sance in machine learning, particularly in the area of information re-
trieval. This classifier is based on the not always realistic assumption
that class-conditional distributions can be factorized in the product of
their marginal densities. On the other side, one of the most common ways
of estimating the Independent Component Analysis (ICA) representation
for a given random vector consists in minimizing the Kullback-Leibler
distance between the joint density and the product of the marginal densi-
ties (mutual information). From this that ICA provides a representation
where the independence assumption can be held on stronger grounds. In
this paper we propose class-conditional ICA as a method that provides
an adequate representation where Naive Bayes is the classifier of choice.
Experiments on two public databases are performed in order to confirm
this hypothesis.

1 Introduction

For years, the most common use of the Naive Bayes Classifier has been to ap-
pear in classification benchmarks outperformed by other, more recent, methods.
Despite this fate, in the past few years this simple technique has emerged once
again, basically due to its results both in performance and speed in the area
of information retrieval and document categorization [TJ2]. Recent experiments
on benchmark databases have also shown that Naive Bayes outperforms several
standard classifiers even when the independence assumption is not met [3]. Ad-
ditionally, the statistical nature of Naive Bayes implies interesting theoretic and
predictive properties and, if the independence assumption is held and the uni-
variate densities properly estimated, it is well known that no other classifier can
outperform Naive Bayes in the sense of misclassification probability. Attempts
to overcome the restriction imposed by the independence assumption have mo-
tivated attempts to relax this assumption via a modification of the classifier [4],
feature extraction in order to hold the assumption on stronger grounds, and ap-
proaches to underestimate the independence assumption by showing it doesn’t
make a big difference [3]5]. This paper is clearly on the second line of research:
we propose a class-conditional Independent Component Analysis Representation

F.J. Garijo, J.C. Riquelme, and M. Toro (Eds.): IBERAMIA 2002, LNAI 2527, pp. 1-[I0] 2002.
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(CC-ICA) together with an appropriate feature selection procedure in order to
obtain a representation where statistical independence is maximized. This rep-
resentation has already proved successful in the area of object recognition and
classification of high dimensional data [6].

For multivariate random data, Independent Component Analysis (ICA) pro-
vides a linear representation where the projected components (usually called in-
dependent components) have maximized statistical independence. Additionally,
in many problems the unidimensional densities of the independent components
belong to restricted density families, such as supergaussian or subgaussian, expo-
nential densities, etc. This prior knowledge allows a simple parametric approach
to the estimations. The success of performing Naive Bayes over an ICA repre-
sentation has an additional explanation. It has been shown that Naive Bayes
performance improves under the presence of low-entropy distributions [3]. In
many problems, this is precisely the type of distribution achieved by an ICA
representation [[718/9]10].

In Section 2 we introduce the concept of independence and conditional inde-
pendence, making some observations that justify the need for class-conditional
representations. Here, we also introduce the Bayes Decision scheme and the par-
ticular case corresponding to the Naive Bayes classifier. Section 3 introduces
Independent Component Analysis (ICA) and explains how it can be employed,
through class-conditional representations, to force independence on the random
vector representing a certain class. Naive Bayes is adapted to our representation.
The problem of estimating the resulting marginal densities is also covered in this
section. In Section 4, using the concept of divergence, briefly provides a scheme
to select those features that preserve class separability from each representation
in order to classify using a restricted set of features. Finally, experiments are
performed on the Letter Image Recognition Data, from the UCI Repository [11]
and the MNIST handwritten digits database [I2]. These experiments illustrate
the importance of the independence assumptions by applying the Naive Bayes
classifiers to different representations and comparing the results. The representa-
tions used are the original representation, a class-conditional PCA representation
(since PCA uncorrelates the data, under our line of reasoning, it can be under-
stood as a second-order step towards independence) and finally our CC-ICA
representation.

2 Independence and the Bayes Rule

Let X and Y be random variables and p(z,y), p(x), p(y) and p(z|y) be, respec-
tively, the joint density of (X,Y), the marginal densities of X and Y, and the
conditional density of X given Y = y. We say that X and Y are independent if
p(z,y) = p(x)p(y) or equivalently, p(x|y) = p(z). It proves useful to understand
independence from the following statement derived from the latter: Two variables
are independent when the value one variable takes gives us no knowledge on the
value of the other variable. For the multivariate case (X1, ..., X ), independence
can be defined by extending the first expression as p(z) = p(x1)...p(zN).
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In the context of statistical classification, given K classes in a D-dimensional
space {2 = {C1,...Ck} and a set of new features xt = (z1,...,xp) we wish to
assign xT to a particular class minimizing the probability of misclassification.
It can be proved that the solution to this problem is to assign xT to the class
that maximizes the posterior probability P(Cy|xt. The Bayes rule formulates
this probability in terms of the likelihood and the prior probabilities, which
are simpler to estimate. This transformation, together with the assumption of
independence and equiprobable priors results on the Naive Bayes rule,

D
CNai'ue = arg kI:nlaXK H P(.’L’d|0k) (1)
T d=1

The simplification introduced in (), transforming one D-dimensional prob-
lem into D 1-dimensional problems, is particularly useful in the presence of
high dimensional data, where straightforward density estimation proves ineffec-
tive [13/14]. Notice that class-conditional independence is required: a represen-
tation that achieves global independence of the data (sometimes referred to as
"linked independence”) is useless in this sense. A frequent mistake is to think
that the independence of the features implies class-conditional independence, be-
ing Simpson’s paradox [I5] probably the most well known counterexample. We
conclude that in order to assume class-conditional independence, it is not enough
to work in an independent feature space. For this particular case, in which class-
conditional independence is not true, we now introduce a local representation
where this assumption can be held on stronger grounds.

3 Independent Component Analysis

The ICA of an N dimensional random vector is the linear transform which mini-
mizes the statistical dependence between its components. This representation in
terms of independence proves useful in an important number of applications such
as data analysis and compression, blind source separation, blind deconvolution,
denoising, etc. [1617J10/18]. Assuming the random vector we wish to represent
through ICA has no noise, the ICA Model can be expressed as

W(x—%)=s 2)

where x corresponds to the random vector representing our data, X its mean,
s is the random vector of independent components with dimension M < N, and
W is called the filter or projection matriz. This model is frequently presented
in terms of A, the pseudoinverse of W, called the mizture matriz. Names are
derived from the original blind source separation application of ICA. If the com-
ponents of vector s are independent, at most one is Gaussian and its densities
are not reduced to a point-like mass, it can be proved that W is completely
determined [19].

In practice, the estimation of the filter matrix W and thus the independent
components can be performed through the optimization of several objective func-
tions such as likelihood, network entropy or mutual information. Though several
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algorithms have been tested, the method employed in this article is the one
known as FastICA. This method attempts to minimize the mutual information
by finding maximum negentropy directions, proving to be fast and efficient [I§].
Since mutual information is the Kullback-Leibler difference between a distribu-
tion and its marginal densities, we would be obtaining a representation where
the Naive Bayes rule best approximates the Bayes Rule in the sense of Kullback-
Leibler.

As mentioned, global feature independence is not sufficient for conditional
independence. In [6] we introduced a class-conditional ICA (CC-ICA) model
that, through class-conditional representations, ensures conditional indepen-
dence. This scheme was successfully applied in the framework of classification
for object recognition. The CC-ICA model is estimated from the training set for
each class. If W, and s are the projection matrix and the independent com-
ponents for class Cj, with dimensions My, x N and M}, respectively, then from

)
sk = Wk(x — xF) (3)

where x € O, and x* is the class mean, estimated from the training set. As-
suming the class-conditional representation actually provides independent com-

. - d
ponents, we have that the class-conditional probability noted as p*(s) ef p(s*)
can now be expressed in terms of unidimensional densities,

My,
p(x|Cr) = vip"(s) = vie [] p"(5m) (4)
m=1

with v, = ([ p¥(s)ds)™!, a normalizing constant. Plugging in (@) in () and
applying logarithms, we obtain the Naive Bayes rule under a CC-ICA represen-
tation,

My,
CNaive = arg max (2:1 log Pk(slm)> + v (5)
m=

In practice, classification is performed as follows. Representative features are
extracted from the objects belonging to class C, conforming training set Ty. T}
is then used to estimate the ICA model and projected into this model. From the
projected features, the M} one dimensional densities are estimated, together with
the normalization constants. If we have no prior information on these marginal
distributions, nonparametric or semiparametric methods can be used in the one
dimensional estimation. Given a test object, its representative features are pro-
jected on each class, and the class-conditional likelihoods calculated. The test
object is assigned to the class with the highest probability.

As a matter of fact, the nonparametric density estimation is not even neces-
sary, due to the fact that the ICA Model gives us a priori information that can
be used in the estimation of the marginal densities of the independent compo-
nents. In ICA, since progressive maximization of mutual information is achieved
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in the directions of maximum nongaussianity [20], the resulting marginal distri-
butions are strongly nongaussian. Actually, a close relationship between sparsity
and ICA has been pointed out [8[9J7]. Classification can be interpreted in terms
of sparsity in the following way. If an independent feature corresponds to an
object belonging to a certain class, then a sparse representation for this feature
will be provided. This means that the independent components of the projected
object will be nearly zero for most values and consequently should have a large
probability. Instead, if the object does not belong to the class, it should activate
several independent components at the same time when projected and conse-
quently have a low probability. This property is illustrated in Figure () for two
class-conditional representations obtained in the experiments.

Though several parametric, semi-parametric and nonparametric approaches
are possible, the experiments were performed using Laplacian or Gaussian mix-
tures for estimating the marginal distributions.

10 10
5 : 5 » :
-5 oo -5
-10 -10
50 100 150 50 100 150

Fig. 1. In top row: representative for MNIST classes ”0” and ”9”. The bottom
row plots the features of each representative on its own and on the other’s class-
conditional representations. Sparsity of the first representation (continuous) is
observed as well as random feature activation when class belonging is not met
(dotted).

4 Feature Selection

The fact the features we are dealing with are statistically independent can also
be an advantage in the context of feature selection. Divergence, a frequently used
measure for feature selection is additive for statistically independent variables.
Class separability is a standard criterion in feature selection for classification.
Measures for class separability are generally obtained from the distance among
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the previously estimated class-conditional distributions. A commonly used dis-
tance measure for (class-conditional) densities, for its connection with informa-
tion theory, is the Kullback-Leibler distance,

KL(C0p) = [ p<x|ci>1ogjj§jj|'g;§dx (©)

where 1 < 4, j < K. The asymmetry of Kullback-Leibler motivates the symmetric
measure of divergence, since long ago used for feature selection [21], defined as

Dij = D(C;,C;) = KL(Ci, C;) + KL(Cj, C;) (7)

Besides being symmetric, divergence is zero between a distribution and itself,
always positive, monotonic on the number of features and provides an upper
bound for the classification error [22]. The two main drawbacks of divergence
are that it requires density estimation and has a nonlinear relationship with
classification accuracy. While the second drawback is usually overcomed by using
a transformed version of divergence, introduced by Swain and Davis [23/24], the
first inconvenient is not present when class-conditional features are independent.
For this case, it can be proved that divergence is additive on the features. So,
for this particular case, unidimensional density estimation can be performed and
the calculation of divergence for a feature subset S C {1,..., N} (noted by bls])
is straightforward. A very important property besides monotonicity shared by
transformed divergence and divergence, is that

(1 ¢ S,nz ¢ S) A (DI < D) = (DV™ < DEY™) 8)

This property of order suggests that, at least for the two class case, the best
feature subset is the one that contains the features with maximum marginal
(transformed) divergence, and thus provides a very simple rule for feature selec-
tion without involving any search procedure.

Although, (transformed) divergence only provides a measure for the distance
between two classes there are several ways of extending it to the multiclass case,
providing an effective feature selection criterion. The most common method is to
use the average divergence, defined as the average divergence over all class pairs.
This approach is simple and preserves the exposed property of order for feature
subsets, but it is not reliable as the variance of the pairwise divergences increases.
A more robust approach is to sort features by their maximum minimum (two-
class) divergence. This works fine for small subsets but decays as the size of the
subset increases: sorting features by maximum minimum divergence is a very
conservative election.

In the CC-ICA context we have K local linear representations, each one
making x|C} independent. This involves the selection of possibly distinct single
features belonging to different representations. We now provide an alternative
definition of divergence, adapted to local representations.

The log-likelihood ratio (L) is defined as,

Lij(x) = log p(x|C;) — log p(x|C}) 9)
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L;;(x) measures the overlap of the class-conditional densities in x. It can be
seen from (7)) that D;; = Ec,(Lij) + Ec,(Lj;) where Ec, is the class-conditional
expectation operator. Approximating Ec,(g(x)) =~ (1/#Ci) > .cc, 9(z) =

9()¢,, and reordering the terms, we have

Dy ~ (1g(alCi), ~ ToEpelCi, ) + (ToEnelCrle, ~ bEp@Cylc, )

def ’
= Dj; + Dy,
(10)
D; ; measures the difference in the expected likelihood of classes ¢ and j, assuming

all samples are taken from class 7. It is no longer symmetric but still additive for
conditionally independent variables. Introducing (g ng can be expressed as,

- - def m
Dy =v; ) (logpl(sm)ci—logpl(sm)c].) = v; Y Dy (11)
m=1 m=1

Divergence is maximized by maximizing both ng and D;z The asymme-
try and locality of the latter will cause different feature subsets on each class
representation, meaning that while certain features might be appropriate for sep-
arating class C; from class C} in the it" representation, possibly distinct features
will separate class C; from class Cj in the 4" representation.

Extension to the multiclass case can be performed as with divergence. For
instance, having fixed the representation, the average has to be taken over only
one index,

m 1 m
Dit=s— . Dj (12)

5 Experiments

A first experiment is performed on the Letter Image Recognition Data [IT].
Each instance of the 20000 images within this database represents a capital
typewritten letter in one of twenty fonts. Each letter is represented using 16
integer valued features corresponding to statistical moments and edge counts.
Training is done on the first 16000 instances and test on the final 4000. There
are approximately 615 samples per class in the training set. Fig. (2) illustrates
the results of the Naive Bayes Classifier for different representations and feature
subsets. The divergence feature selection criterion was used for ICA (a global
ICA representation), CC-ICA and ORIG (the original representation), while for
PCA, features were selected as ordered by the representation. For all the Naive
Bayes Classifiers, the mixture of two gaussians was used to estimate the resulting
unidimensional densities. The results of Maximum Likelihood classification on
PCA were also included as a reference.
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Naive Bayes Accuracy - Letter Dataset Naive Bayes Accuracy - MNIST Dataset

Fig. 2. Naive Bayes performance on the original, PCA (class-conditional), PCA-
ML (global), ICA (global) and CC-ICA representations of the Letter (a) and
MNIST (b) databases. The importance of the independence assumption on Naive
Bayes performance is observed. Notice log-scale on (b)

We can observe in Fig. P(a) the importance of the independence assump-
tion when using, both Naive Bayes and the divergence criterium. The CC-ICA
representation, by seeking this independence, achieves much better results than
all the other implementations. To test the feature selection criterion, on this
database we also tried Naive Bayes on 10000 random 8-feature combinations
for each class, resulting that no combination achieved our classification results
(83.17%).

The second experiment was performed on the MNIST handwritten digit
database [12], which contains 60000 training and 10000 test samples. The images
were resized from 28 x 28 to 16 x 16 resulting in 256 dimensional samples. 5000
and 750 samples per digit were randomly chosen for training and test sets, re-
spectively. Overall accuracy using 1 through 128 features is plotted in Fig. BIb).
In all cases, a Naive Bayes classifier was used and the unidimensional densities
estimated using the same approach (mixture of three gaussians) for adequate
comparison. Also in all cases using simpler estimation methods such as gaus-
sian or nonparametric (frequential) estimation performs worst than the exposed
results. In the graph, PCA stands for a class-conditional PCA representation
using the features as given by PCA. This approach performs poorly for a low
number of features (< 50) but, after 60 features outperforms all the other meth-
ods, starting to decrease in performance after 100 features. Using the divergence
feature selection criterion on PCA (PCA-FS) improves the performance of Naive
Bayes on a PCA representation for a low number of features. CC-ICA obtains
the best accuracy when the number of features is less than 60, obtaining an ac-
curacy of .9 with as few of 50 features and .8 with only 9 features. The accuracy
of CC-ICA is monotonic on the number of features. Several hypothesis can be
thought of when analyzing lower accuracy of CC-ICA with respect to PCA for
a large number of features. From the ICA perspective, it is well known that in
large dimensions degenerate independent sources can arise. This seems to be our
case since, in order to allow a dimensionality of 128, we have included sources
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with estimated kurtosis as high as 100. This affects both the classifier and the
feature selection criterion.

In all cases unidimensional feature densities are estimated using the same
approach (gaussian mixtures) for adequate comparison. Also in all cases using
simpler estimation methods such as gaussian or nonparametric (frequential) es-
timation performs considerably worst than the exposed results.

6 Conclusions

The Naive Bayes classifier, though its generally unmet assumptions and no-
torious simplicity, still performs well over a large variety of problems. In this
article, by making use of Independent Component Analysis, we present a class-
conditional representation that allows to hold the Naive Bayes independence
assumption on stronger grounds and thus improve the performance. Reinforcing
the hypothesis is not the only reason for this improvement. It has been shown
that Naive Bayes performance has a direct relationship with feature low entropy,
and it is also well known that in several cases the independent components have
low entropy (supergaussian/sparse distributions). For this representation we also
introduce a scheme for selecting those (class-conditional) features most adequate
for the task of classification. This scheme takes advantage of the property that
states that feature divergence is additive on statistically independent features.
Precisely the assumption we will make when using Naive Bayes.

A first experiment is performed in order to show that our proposed repre-
sentation and feature selection criterion performs well even in low dimensional
problems. The second experiment, on the MNIST database, evaluates Naive
Bayes improvement in a high dimensional database. In both experiments results
are compared against applying Naive Bayes on the original representation and
on a PCA representation.
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Abstract. In this paper we propose an incrementa clustering algorithm for
event detection, which makes use of the tempora references in the text of
newspaper articles. This algorithm is hierarchically applied to a set of articlesin
order to discover the structure of topics and events that they describe. In the
first level, documents with a high temporal-semantic similarity are clustered
together into events. In the next levels of the hierarchy, these events are
successively clustered so that more complex events and topics can be
discovered. The evaluation results demonstrate that regarding the temporal
references of documents improves the quality of the system-generated clusters,
and that the overall performance of the proposed system compares favorably to
other on-line detection systems of the literature.

1 Introduction

Starting from a continuous stream of newspaper articles, the Event Detection problem
congists in determining for each incoming document, whether it reports on a new
event, or it belongs to some previoudly identified event. One of the most important
issues in this problem is to define what an event is. Initially, an event can be defined
as something that happens at a particular place and time. However, many events occur
along several places and severa time periods (e.g. the whole event related to a
complex trial). For this reason, researchers in this field prefer the broader term of
Topic, which is defined as an important event or activity along with all its directly
related events[5].

A Topic Detection System (TDS) is intended to discover the topics reported in the
newspaper articles to organize them in terms of these topic classes. In this work we
will consider on-line systems, which incrementally build the topic classes as each
article arrives. Current on-line TD systems have in common that use both the
chronological order of articles, and a fast document-clustering algorithm. For
example, the system presented in [8] uses the Single-Pass algorithm and a moving
time window to group the incoming articles into topics. Moreover, this system defines
a similarity function that takes into account the position of the articles in the time
window. In [6] the Single-Pass algorithm is applied to a set of document classifiers
whose thresholds take into account the tempora adjacency of articles. The UMass
system [1] uses an 1NN algorithm over the sequence of incoming articles, which has a
quadratic time complexity.

F.J. Garijo, J.C. Riquelme, and M. Toro (Eds.): IBERAMIA 2002, LNAI 2527, pp. 11-20, 2002.
© Springer-Verlag Berlin Heidel berg 2002
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One drawback of current TD systems is that they make irrevocable clustering
assignments. As a consequence, the set of events detected by the system could be
different depending on the arrival order of the documents. Another limitation is that
they only use the document publication date to locate the occurrences of events.

Our main research interest is to discover the temporal structure of topics and
events, that is, to identify not only the topics but also the possible smaller events they
comprise. In our opinion, all temporal properties of articles must be further exploited
to achieve this purpose. In this sense, we think that the time references extracted from
the article texts can be efficiently used to cluster those articles that report about the
same event.

In this paper we propose an incremental clustering algorithm for event detection,
which makes use of the temporal references in the text of newspaper articles. This
algorithm is hierarchically applied to a set of articles in order to discover the structure
of topics and events that they describe.

The remainder of the paper is organized as follows. Section 2 presents the
representation of documents taking into account their temporal components, Section 3
proposes a new document similarity function for these documents, Section 4 describes
the clustering algorithm, and Section 5 describes our experiments. Conclusions and
further work are presented in Section 6.

2 Document Representation

The incoming stream of documents that feed our system comes from some on-line
newspapers available in Internet, which are automatically trandated into XML
(eXtended Markup Language). This representation preserves the original logical
structure of the newspapers, so that different thematic sections can be distinguished as
well as the different parts of the articles (e.g. the title, authors, place, publication date,
etc.). Nevertheless, in this work we will use only the publication date and the textual
contents of the articles. From them, we define two feature vectors to represent each
document, namely:

e A vector of weighted terms, where the terms represent the lemmas of the words
appearing in the text. Stop words, such as articles, prepositions and adverbs, are
disregarded from this vector. Terms are statistically weighted using the normalized
term frequency (TF).

In our work, we do not use the Inverse Document Frequency (IDF) because of the
on-line nature of the final detection system. In this context we assume that it does
not exist atraining corpus to obtain the initial values for the IDF weights.

o A vector of weighted time entities, where time entities represent either dates or date
intervals expressed in the Gregorian calendar. These entities are automatically
extracted from the texts by using the algorithm presented in [3]. Briefly, this
algorithm firstly applies shallow parsing to detect the temporal sentences in the
text. Afterwards, these temporal sentences are trandated into time entities of a
formal time model. Finally, those time entities that represent specific dates or date
intervals are selected. It is worth mentioning that this tool deals with both absolute
(e.g. “10" of April of 1999") and relative time references (e.g. “today”, “this
week”, etc.).
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Time entities are statistically weighted using the frequency of their references in
the text. From this vector, all the time references that are no relevant to the article
are removed, namely: those that are separated more than ten days from the
publication date, and those whose frequency is smaller than a tenth part of the
maximum in the vector.

Summarizing, each article is represented as follows:
o A vector of teems T' = (TF/, ..., TF, ), where TF, is the relative frequency of

term t,in the document d'.

e A vector of time entities F' = (TR, .. ,TFfi ), where TFfi is the absolute
1
mj k

frequency of the time entity f, in the document d andk=1,.., m.

3 Document Similarity Measure

Automatic clustering of documents, as in event detection, relies on a similarity
measure. Most of the clustering algorithms presented in the literature use the cosine
measure to compare two documents. In our case, the aim of the similarity measure is
to indicate whether two articles refer to a same event or not. For this purpose we have
also taken into account the proximity of the temporal properties of the documents.
Thus, we consider that two articles refer to the same event if their contents and time
references approximately coincide.

To compare the term vectors of two documents d" and d! we use the cosine

measure:
n

ZTF.L T
Sr(d',d))=—5

AT

To compare the time vectors of two documents we propose the traditional distance
between sets, which is defined as follows:

D d)=  min {d(' 1))
f'OFR, f I OFR/

where d(f', f!) isthe distance between the dates f' and f !, and FR'is the set of
al dates f' of the document d' that satisfy the following conditions:

e each f has the maximum frequency in d', thatis, TFfi =kr£1ax @TFfi @
= ’m k

e each f' hasthe minimum distance to the publication date of d.
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The last condition is not considered when comparing cluster representatives instead
of documents.

It is not difficult to see that the set FR' is not necessarily unitary. The distanced is
defined asfollows:

If f'and f' are dates, then d(f ', f') is the number of days between f'and f'.
Iff' =[a,b] andf’' =[c, d] aredate intervals, then

ey = .
d(fi, 1) fﬂamgmd]{ d(f,, f,)}

If f' isadateand f1 isaninterval, then d(f', f1)y=d(f' f'],f}).

If f1 isadateand f' isaninterval, thisfunction is defined in asimilar way.

Finally, the temporal-semantic similarity measure can be defined as follows:

s _(@aly=Br@ d)) if De(a'd))< fune
imelt > Eg otherwise

where 3, is the maximum number of days that are required to determine whether two

articlesrefer to the same or to different events.

4 Temporal-Semantic Clustering of Documents

Given a document collection { we must find or generate a natural structure for these
documents in the adopted representation space. This structure must be carried out by
using some document similarity measure. In general, the clustering criterion has three
parameters, namely: a similarity measure S, a property I that establishes the use of S
and a threshold B, Thus, clusters are determined by imposing the fulfillment of
certain properties over the similarities between documents.

According to this, we will consider the following definitions:

Definition 1: Two documents d'and d! are Po-temporal-semantic similar  if
Sime(d',d)) = By. Similaly, d' is a prisolated eement if Od! O,
Sime(d',d)) < By, where fyis an user-defined parameter.

Definition 2 [4]: The set NU < {, NU # ¢, is afp-compact set if:
a Vdle {[d eNU A max {Sime(d',dY} = Sime(d',d1) = By] = d! e NU.

d'0¢
dt #d'
b) [ max {Sjme(dP,d")} =Sjnpe(dP.d") 2By A d e NU] = dP e NU.
d'o¢
di 2dP

c) Any Po-isolated element is a fy-compact set (degenerated).
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The first condition says that all documents of NU has the most Bo-temporal-semantic
similar document in NU. The second condition says that it does not exist outside of
NU a document whose the most Bo-temporal-semantic similar document isin NU.
Notice that this criterion is equivalent to find the connected components of the
undirected graph based on the maximum similarity. In this graph, the nodes are the
documents and there is an edge from the node d ' to the node d if d’ is the most f-
temporal-semantic similar document to d'. This criterion produces disjoint clusters.

4.1 Incremental B,-Compact Algorithm

In this paper we propose a new incremental clustering algorithm for event detection,
caled incremental A-compact algorithm, which is based on Definition 2. Figure 1
presents this algorithm, which works as follows.

Each document d' has associated the cluster to which it belongs and three fields:
To(d), which contains its most fo-temporal-semantic similar document (or
documents), the value of this maximum similarity MaxSmil(d"), and From(d'), which
contains those documents for which d' is the most fy-temporal-semantic similar
document.

Every time a new document arrives, its similarity with each document of the
existing clusters is calculated and its fields are updated (Step 2). Then, a new cluster
with the new document is built together with the documents connected to it in the
graph of maximum similarity (Step 3 and 4). Every time a document is added to the
new cluster, it is removed from the cluster in which it was located before (Step 4).

Finally, in Step 5 the clusters that can potentially become unconnected after Step 4
are reconstructed to form their Bo-compact set.

The worst case time complexity of this algorithm is O(n?), since for each
document, all the documents of the existing clusters must be checked to find the most
similar document. The construction of the connected components of the graph based
on the maximum similarity in the Steps 4 and 5 is O(n+e), since the graph is
represented by its adjacency lists. Here e is the number of edges and, in our case,
e=cn, where c is the maximum number of documents more similar to a given one.

It is worth mentioning that this clustering algorithm allows the finding of clusters
with arbitrary shapes, as opposed to algorithms such as K-means and Single-Pass,
which require central measurements in order to generate the clusters, restricting the
shapes of these clusters to be spherical. Another advantage of this algorithm is that the
generated set of clusters at each stage is unique independently on the arrival order of
the documents. As we know the set of all compact sets of agiven set is unique [4].

The parameter settings are chosen in practice by mathematical modeling of the
problem together with the user-specialist.

4.2 Representation of Clusters

The first time we apply the previous clustering algorithm to the document stream we
obtain severa clusters with a high temporal-semantic similarity. In this level, the
individual events reported by the documents are identified. In the next levels,
applying the same clustering algorithm these events are successively clustered. As a
conseguence, more complex events and topics can be identified. The resulting
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hierarchy will describe the structure of topics and events taking into account their
temporal occurrence. In this work we only deal with the two first levels of this
hierarchy, called the Event Level and Topic Level respectively.

Input: Similarity threshold [o.

Similarity measure Stime and its parameters.
Output: Document clusters (Bo-compact set) representing the identified events.
Step 1. Arrival of a document d.
From(d) =@, To(d) = @, MaxSimil (d) =0, UC=@,DC=@.
Step 2. For each existing cluster C’ do
For each document d’in C’do
(a) Calculate the similarity Stme between d and d".
(b) If Stime > Po then
If Stime > MaxSimil(d’) then
If |To(d") |>1 then add C'to UC.
Update the fields of d" To(d") = { d }, MaxSimil(d’) = Stime.
Remove d’in From(d”) for all d” € To(d).
Add d’ to From(d).
If C'¢ DCadd C'to DCelse add C'to UC.
If Stime = MaxSimil(d’) then
Add d to To(d).
Add d’ to From(d).
If Stime > MaxSimil(d) then update MaxSimil(d) with Stime and To(d) with d’.
Step 3. Create a new cluster C with the document d.
Step 4. If MaxSimil(d) = 0 then
Add to C all the documents of the remaining clusters that have in the field To or in
the field From some document of C, and remove them from the clusters where they
are placed.
Step 5. For each cluster C’ of UC do
(@) Remove C’ of the existing cluster list.
(b) NewC = {d’}, d’is a document of C".
(c) Add to NewC all the documents of the C’ that have in the field To or in the field
From some document of NewC, and remove them from the C'.
(d) Add NewC to the existing cluster list
(e) If C’ =@ then go to 5(b)

Fig. 1. B,-compact clustering algorithm

Once the clusters of the event level have been calculated and the representatives of
each cluster are determined, they are grouped to form the clusters of the next level in
the hierarchy.

The representative of a cluster ¢, denoted as T, isapair (TS,F¢) , in which T isthe

component of the terms, and F © the temporal component. In thiswork, it is calculated
as the average of the cluster’ s documents:
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TC= (Tf,...,TnE ),where TF =1 ZTFJ-k J0{L...n}
d*Oc

&
Fe =(FEFF) where Ff =ﬁ Z TFf"j ,j0{1...s} and s is the total
d"Oc

number of time entities that describe the documents of this cluster.

In order to reduce the dimension of the cluster representatives, we also truncate
their vectors by eliminating the terms (res. dates) whose frequency are lesser than the
tenth part of the vector maximum frequency.

5 Evaluation

The effectiveness of the proposed clustering algorithm has been evaluated using a
collection of 452 articles published in the Spanish newspaper "El Pais' during June
1999. We have manually identified 71 non-unitary events, being their maximum size
of 16 documents. From these events we have identified 43 topics, whose maximum
size is 57 documents. The original collection covers 21 events associated to the end of
the war of Kosovo along with their immediate consequences. These events have a
high temporal-semantic overlapping, which makes difficult their identification. Table
1 shows some of these events.

Table 1. Sample of Events of the Kosovo war episode.

Event Description Date Range #Docs
Peace agreement negotiations June 07-08 16
Sign of the peace agreement June 09-11 13
Political reactionsin Yugoslavia June 14-19 16
Serbian troops leave Kosovo June 10-19 6
Deployment of NATO Troops June 11-19 13
Return of Albanian refugees to Kosovo June 16-24 8
Serbian refugees escape from Kosovo June 14-24 11

To evaluate the clustering results we use two measures of the literature that
compare the system-generated clusters with the manually labeled events, namely: the
F1-measure and the Detection Cost [5].

The Fl-measure is widely applied in Information Retrieval Systems, and it
combines the precision and recall factors. In our case, the F1-measure of the cluster
number j with respect to the event number i can be evaluated as follows:

- N
F16,j) = 2—2—
n +n;
where n, is the number of common members in the event i and the cluster |, n is the
cardinality of the event i, and n, isthe cardinality of the cluster j.
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To define a global measure, first each event must be mapped to the cluster that
produces the maximum F1-measure:

o(i) = argmax{F1(, j)}
i
Hence, the overall F1-measure [2] is calculated as follows:

1 N events

Fl= N Z n F1(i,o(i))

docs 1=

The detection cost is a measure that combines both the miss and false alarm errors
between an event i and a system-generated cluster j:

CDET (I’ ]) = Pms(i’ ]) ' Ptop\c + PfaJse_aJarm(i' ])(l - Ptopic)

where P, = (n—-n)/nandP,_ .= 0-n)/(N-n), P istheapriori probability
of adocument belonging to agiven event, and N is the collection size.

It is worth mentioning that the P, probability must be different for each clustering
level. This is because of the cluster sizes, which are higher as we add levels to the
cluster hierarchy. The higher the average cluster size, the greater the probability of a
document belonging to a given cluster is. In our experiments, the P,  for the event
level has been estimated in 0.014, and for the topic level it is about 0.025.

Again, to define the final measure, each event must be mapped to the cluster that
produces the minimum detection cost:

(i) = agmin{Cper (i, j)}
]
The macro-average of this measure (also called Topic Weighted) is then defined as
follows:
Nevents

Cper (i,0(i))

Cpgr =
events 1=

Figure 2 shows the results for the F1-measure and Detection Cost at the Event
Level with respect to the time threshold A, . These graphics show a dramatic
decrement in the system effectiveness when disregarding the temporal component
(Bie=°9- As a conseguence, we can conclude that the time component improves
notably the quality of the system-generated events. Notice also that the optimal time
threshold is different for the two measures.

With regard to the Topic Level, Figure 3 shows the results for the F1-measure and
Detection Cost. Although still important, the temporal component has a minor impact
over the F1-measure at the topic level, and it does not affect to the Detection Cost.

Finally, we have implemented the three systems mentioned in the introduction and
we have evaluated their effectiveness (optimizing their parameters) using the same
collection of 452 articles of "El Pais'. In Table 2 we compare the performance of our
system with respect to these approaches. As it can be noticed, our system overcomes
clearly the other systemsin all the performance measures.
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Fig. 3. F1-measure and Detection Cost for the Topic Level.

Table 2. Results for other systems (Event Level)

Approach F1 Cdet
-measure
(best result) Topic-weighted | Story-weighted
Umass[1] (B=0.33) 0,6364 0,0121 0,0135
Yang [8] (B=0.1, window=150) 0,5885 0,0158 0,0160
Papka[6] (0.1, 0.0005, 80) 0,5003 0,0243 0,0243
Our System (B,=0.33, B, .=5) 0,7037 0,0074 0,0087
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6 Conclusions

In this paper a new similarity measure between documents considering both the
temporality and contents of the news has been introduced. Unlike other proposals, the
temporal proximity is not just based on the publication date, but it is calculated using
agroup of dates automatically extracted from the texts of the news[3]. This temporal
component characterizes the time span of events and topics, which can be used in a
similar way to the Timelines [ 7] to browse the whole document collection.

A new algorithm for determining a hierarchy of clustered articles is also
introduced. In the first level the individual events are identified. In the next levels,
these events are successively clustered so that more complex events and topics can be
identified. This algorithm is based on the incremental construction of existing B,-
compact sets in the document collection. Its main advantage is that the generated set
of clusters is unique, independently of the document arrival order. Our experiments
have demonstrated the positive impact of the temporal component in the quality of the
system-generated clusters. Moreover, the obtained results for the F1-measure and the
detection cost also demonstrate the validity of our algorithm for event detection tasks.

As future work, we will study other methods for calculating the cluster
representatives and the inclusion of other article attributes such as the event places.
Additionally, we will analyze new incremental algorithms that take into account
overlapping topics and events, and we will analyze the conceptual description of the
obtained groups at any level of the hierarchy.
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Abstract. The k-Nearest-Neighbours (kNN) is a simple but effective method for
classification. The success of kNN in classification depends on the selection of a
“good value’ for k. To reduce the bias of k and take account of the different
roles or influences that features play with respect to the decision attribute, we
propose a novel asymmetric neighbourhood selection and support aggregation
method in this paper. Our aim is to create a classifier less biased by k and to
obtain better classification performance.

Experimental results show that the performance of our proposed method is
better than kNN and is indeed less biased by k after saturation is reached. The
classification accuracy of the proposed method is better than that based on
symmetric neighbourhood selection method asit takes into account the different
role each feature plays in the classification process.

1 Introduction

k-Nearest-Neighbours (KNN) is a non-parametric classification method which is
simple but effective in many cases [Hand et al., 2001]. For a data record t to be
classified, its k nearest neighbours are retrieved, and this forms a neighbourhood of t.
Majority voting among the data records in the neighbourhood is used to decide the
classification for t. However, to apply KNN we need to choose an appropriate value
for k, and the success of classification is very much dependent on this value. In a
sense the KNN method is biased by k. There are many ways of choosing the k value,
but a simple one is to run the algorithm many times with different k values and
choose the one with the best performance. This is a pragmatic approach, but it lacks
theoretical justification.

In order for kNN to be less dependent on the choice of k, Wang [wang, 2002]
proposed to look at multiple sets of nearest neighbours rather than just one set of k
nearest neighbours as we know for a data record t each neighbourhood bears certain
support for different possible classes. The proposed formalism is based on
probability, and the ideais to aggregate the support for various classes to give a more
reliable support value, which better reveals the true class of t. However, in practice
the given dataset is usually a sample of the underlying data space, and with limited
computing time it is impossible to gather al the neighbourhoods to calculate the
support for classifying a new data record. In a sense, the classification accuracy of
the CPT method in [Wang, 2002] depends on a number of chosen neighbourhoods
and this number is limited. Moreover, for most datasets in practice, features always
play different roles with respect to decision attribute. Distinguishing different

F.J. Garijo, J.C. Riquelme, and M. Toro (Eds.): IBERAMIA 2002, LNAI 2527, pp. 21-31, 2002.
© Springer-Verlag Berlin Heidelberg 2002
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influences of features on the decision attribute is a critical issue and many solutions
have been developed to choose and weigh the features [Wang et al., 1998, Liu et al.,
1998, Kononenko, 1994]. In this paper, we propose an asymmetric neighbourhood
selection method based on information entropy, which takes into account the
different role each feature plays to the decision attribute. Based on these specific
neighbourhoods, we propose a simple aggregation method. It aggregates all the
support of a set of chosen neighbourhoods to various classes for classifying a new
datarecord in the spirit of kNN.

2 Aggregation Problem

Let Q be afinite set called a frame of discernment. A mass function is m: 2% -[0,1]
such that

;m(X) =1 (2.1)

The mass function is interpreted as a representation (or measure) of knowledge or
belief about Q, and m(A) is interpreted as a degree of support for A for A[Q [Bell et
al., 1996].

To extend our knowledge to an event, A, that we cannot evaluate explicitly for m,
Wang [Wang, 2002] defines a new function G: 2% —.[0,1] such that for any A[Q

e A0
G(A) X;m(x) X]
This means that the knowledge of event A may not be known explicitly in the
representation of our knowledge, but we know explicitly some events X that are
related toit (i.e., A overlaps with X or An X# /7). Part of the knowledge about X, m(X),
should then be shared by A, and a measure of this part is OAn XTI X[,

The mass function can be interpreted in different ways. In order to solve the
aggregation problem, one interpretation is made by Wang as follows.

Let S be a finite set of class labels, and Q be a finite dataset each element of
which has aclass label in S. The labelling is denoted by a function f: Q - S so that
for x@ , f(x) isthe class label of x.

Consider aclass cS Let N=[QO, N. =X x@ |:f(xX)=c}], and M= Z P(c| X).

XUQ
The mass function for c is defined as m.: 2 —[0,1] such that, for AQ ,
P(c|A) _P(c|A

S o PEIX) M,
clearly X%}mC(X)zl, and if the distribution over Q is uniform, then

X (2.2)

m, (A) = (23)

M. =%(2N —-1). Based on the mass function, the aggregation function for c is

defined as G, : 2° - [0]] suchthat, for AOQ
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G.(A A0 Xl (24)
= m .
SRRSO
When A is singleton, denoted as a, equation 2.4 can be changed to equation 2.5.
lan X|
G.(a=) m (X 2.5
c(a) ; L (X) X] (2.5)

If the distribution over Q is uniform then, for of@ and cS G_(a)can be
represented as equation 2.6.

G.(a) =P(cla)a, + B (2.6)
Let Cy be the combinatorial number representing the number of ways of picking n
N . .
unordered outcomes from N possiblities, then, a, zlvliZ%(C'N‘_l1 -C\%)and
¢ fi

N, N1
= C _CI_ .
B MC;|2( N-2

Let t be a data record to be classified. If we know P(clt) for all ¢S then we can
assign t to the class ¢ that has the largest P(c|t). Since the given dataset is usualy a
sample of the underlying data space we may never know the true P(cft). All we can
do isto approximate P(clt).

Equation 2.6 shows the relationship between P(c|t) and G(t), and the latter can be
calculated from some given events. If the set of events is complete, i.e., 2%, we can
accurately calculate G¢(t) and hence P(clt); otherwise if it is partial, i.e., a subset of
2%, G(t) is aapproximate and so is P(clt).

From equation 2.5 we know that the more we know about a the more accurate
G(a) (and hence P(c|a)) will be. As aresult, we can try to gather as many relevant
events about a as possible. In the spirit of the kNN method we can deem the
neighbourhood of a as relevant. Therefore we can take neighbourhoods of t as events.
But in practice, the more neighbourhoods chosen for classification, the more
computing time it will take. With limited computing time, the choice of the more
relevant neighbourhoods is not trivial. This is one reason that motivated us to seek a
series of more relevant neighbourhoods to aggregate the support for classification.
Also in the spirit of kNN, for a data record t to be classified, the closer atupleistot,
the more contribution the tuple donates for classifying t. Based on this understanding,
to limit the number of neighbourhoods (for example, k) chosen for aggregation, we
choose a series of specific neighbourhoods, which we think are relevant to a data item
to be classified, for classification. Moreover, for computational simplicity, we modify
equation 2.4 to equation 2.7 only keeping the core of aggregation and the spirit of
KNN.

k-1

G;(t)=%; PCIA) . tOA 27)

Given a data record t to be classified, we choose k neighbourhoods,
A A, ..., A, which satifies tOAjand A, OA O,...,0A_,. According to
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equation 2.7 we calculateG, (t) for al classes ¢S, and classify t as ¢; with maximal
G, (t) , wherec; OS

Example 1. Given some examples with known classification S={+, -} shown in Fig.
1, three neighbourhoods around t are denoted as A, (blank), A (striped), A, (wavy),

where A, O A OA,. Classify a new point t by counting the ‘+s, and ‘-8
respectively, in the neighbourhoods as follows:

===

Ao

<4—A;

T
|
|
1
|

Fig. 1. Three symmetric neighbourhoods

mass; (Ag)=2/3, mass(Ag)=1/3, mass.(A;)=4/10, mass(A;)=6/10, mass.(A,)=6/14,
mass.(A;)=8/14

2
G, (t) :%Z m+(A,)=%(2/3+4/10+6/14) =%X%=O.498

2
G_(t) :%Z m (A) :?13(1/3+ 6/10+8/14) :%x% =0.502

As G_(t) > G, (t), sotisclassified with label *-'.

It is clear that a data point close to t plays more contribution to t than a distant
one. In Fig. 1 for example, if we only select 3 neighbourhoods to aggregate the
support for classification, the contribution of data close to t labelled “-” in Ay is

l><(E+i+i):0.168and the data marked ‘a is slight away from t plays

3 3 10 14

1 X (i + %) = 0.057 contribution to t as well as another data marked ‘b’ which is far

3 10
1.1 I
away fromt plays 3 xﬂ =0.024 contribution to t.

In Fig. 1, these neighbourhoods are nested, hence aggregation may count some
data points 2 or 3 times in aggragation. This is desirable because points close to the
data item to be classified are more influential.
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3 Asymmetric Neighbourhood Selecting Algorithm

In [Wang2002], there is no discussion on how to choose the best neighbourhoods for
classification. In practice, the given dataset is usually a sample of the underlying data
space. It is impossible to gather al the neighbourhoods to calculate the support for
classifying a new data record. In a sense, the classification accuracy of the CPT
depends on a set of chosen neighbourhoods and the number of neighbourhoods is
limited. Moreover, for most datasets in practice, features always play different roles to
decision attribute. Distinguishing influences features play to the decision attribute is a
critical issue and many solutions have been developed to choose and weigh features.
In practice we cannot collect al neighbourhoods to gather the support for
classification, so methods to consider the contributions different features make to the
decision attribute and select the more relevant neighbourhoods in the process of
picking up neighbourhoods are important.

Our motivation in proposing the asymmetric neighbourhood selection method is
an attempt to improve classification accuracy by selecting a given number of
neighbourhoods with information for classification as possible. In this paper, we use
the entropy measure of information theory in the process of neighbourhood selection.
We propose a neighbourhood-expansion method by which the next neighbourhood is
generated by expanding the previous one. Obvioudly, the previous one is covered by
the later one. In each neighbourhood expansion process, we calculate the entropy of
each candidate and select one with minimal entropy as our next neighbourhood. The
smaller the entropy of a neighbourhood, the more unbalanced there is in the class
distribution of the neighbours, and the more relevant the neighbours are to the data to
be classified. More details of our algorithm are presented below.

Let C be afinite set of class labels denoted as S= (¢, c,, ... ,C,,) , and Q be afinite
dataset denoted as Q={d,, d,, ..., dy}. Each element d;in Q denoted as d=(d;;, diy, -..,
di) has a class label in S t is a data record to be classified denoted as
t=(t,,t,, ... ,t,) . Let N=[Q0, N, =[{x@ :f(x)=c} toall of cLIS

Firstly, we project dataset Q into n-dimensional space. Each datais a point in the
n-dimensional space. Then we partition the n-dimensional space into amulti-grid. The
partitioning algorithm of our multi-grid is described as follows:

For each dimension of n-dimensional space, if attribute a; is ordinal, we partition
dom(a)=[aimex-aimin] iNt0 h equa intervals. h is an option, its value depends on
concrete application domains. We use symbol A, to represent the length of each grid
of i" attribute, in which A=Cayme-aiminl) h. I attribute a; is nominal, its discrete values
provide a natural partitioning. At the end of the partitioning process all the data in
dataset Q are distributed into this multi-grid.

Assume A is the i neighbourhood and G'=(g!, g}, ..., g") is the corresponding
grid in n-dimensional space, for any ordinal attribute &, g‘j is ainterval denoted as
9;=[9},9},]. The set of all the data covered by grid (g;,....[9%; —A;,9},],
..,d,) a well as the set of &l the data covered by grid (g;,...,[9};, 9}, +4,],
..., g5) will be the candidates for the next neighbourhood selection. 1 attribute g is
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nominal, g} is a set denoted as g'={ g};,9',,....9},}. For every element x[J
dom(a), where x 0 g’ , the set of al the data covered by grid (g;,..., g} 0{%,

..,g!) will bethe candidates for the next neighbourhood selection.

Given a set of label-known samples, the algorithm to classify a new data record t
is described as follows:

Suppose that a data record t=(t,,t,, ... ,t,) to be classified initialy falls into grid
G°=(g;. 95, ...,9,) of n-dimensional space, i.e., t0G°. Togrid G°, if featuret; is
ordinal, gjrepresents a interval, denoted as g=[gj;,9%], wheregf =t-
A2, g, =t+IAl2. Obviously, t satisfies gf, <t; < g{,; if featuret;is nominal, g
is a set, denoted as g ={ g%}, where t=g¢,. All the data covered by grid G°

make up of a set denoted by Ay, which is the first neighbourhood of our agorithm.
The detailed neighbourhood selection and support aggregation algorithm for
classification is described as follows:

1. SetA():{ di |d||] GO}
2. Fori=ltok-1 _
{Find i™ neighbourhood A with minimal entropy E' among all the

candidates expanding from A _;}
AC
4. Classify tfor cthat hasthelargest G, (t)

In above algorithm, the entropy E'is defined as follows:

k-1
3. Cdculate Gc(t):%Z( /|A]) foral cOS

i (IR i |A|
E' =1,(c.Cy,....C) = 3.1
" <
. di[d; DA, f(d) =)}
I, (c,C, ...,c'm):—z1 p; log,(p;) , where p; = |A| (3.2

Suppose that A and A are two neighbourhoods of t having the same amount of
entropy, i.e, 1, (¢;,C;, ..., C,) =1, (¢l,¢l, ..., e, if |A] < A, we believe that A is

more relevant to t than A, so in this case, we prefer to choose A to be our next
neighbourhood. Also, if two neighbourhoods A; and A; of t have the same number of
data tuples, we prefer to choose the one with minimal entropy as our next
neighbourhood. According to equation 3.2, the smaller a neighbourhood’ s entropy is,
the more unbalanced its class distribution is, and consequently the more information
it has for classification. So, in our agorithm, we adopt equation 3.1 to be the
criterion for neighbourhood selection. In each expanding process, we select a
candidate with minimal E' as our next neighbourhood.
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To grasp the idea here, the best way is by means of an example, so we
graphically illustrate the asymmetric neighbourhood selection method here. For
simplicity, we decribe our asymmetric neighbourhood selection method in 2-
dimensional space.

Example 2. Suppose that a data record x to be classified locates at grid [3,3] in Fig.
2. We collect all the data, which are covered by grid [3.3] (G°), into aset called Ayas
our first neighbourhood. Then we try to expand our neighbourhood one step in each
of 4 different directions respectively (up, down, left, right) and choose a candidate
having minimal E' as our new expanded area, e.g. G'. Then we look up, down, left,
right again and select a new area (e.g. G* in Fig. 4). All the data covered by the
expanded area make up of the next neighbourhood called A; and so on. At the end of
the procedure, we obtain a series of asymmetric neighbourhoodse.g. A,, A;, ..., asin

Fig. 2to Fig. 4.

Fig2 G° Fig.3 G' Fig4 G

If the data record y to be classified locates at grid [2,3] in Fig. 5, the selection
process of 3 asymmetric neighbourhoods is demonstrated by Fig. 5 to Fig. 7. The
support aggregation method is demonstrated by Example 1 in the previous section.
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4 Evaluation and Experiment

For experimentation we used 7 public datasets available from the UC Irvine Machine
Learning Repository. General information about these datasets is shown in Table 1.
The datasets are relatively small but scalability is not an issue when datasets are
indexed.
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We used the asymmetric neighbourhood selection algorithm introduced in the
previous section to select a series of neighbourhoods on 7 public datasets. The
experimental results are graphically illustrated in Fig. 8. For each value of k, nokNN
(we use the notation nokNN in this paper to label our method) represents the average
classification accuracy of aggregating k neighbourhoods support, and kNN
represents the average classification accuracy of the k™ neighbourhood. A

comparison of asymmetric nokNN and kNN is shown in Table 2.

Fig. 8. A Comparison of Asymmetric nokNN and Asymmetric KNN

Table 1. Genera information about the datasets

Datasst | NA | NN | NO | NB NE CD

Iris 4 0 4 0 150 50:50:50
Wine 13 0 13 0 178 59:71:48
Hear 13 3 7 3 270 120:150
Aust 14 4 6 4 690 383:307
Diab 8 0 8 0 768 268:500
Vote 18 0 0 18 232 108:124
TTT 9 9 0 0 958 332:626

In Table 1, the meaning of the title in each column is follows: NA-Number of attributes,
NN-Number of Nomina attributes, NO-Number of Ordina attributes, NB-Number of

Binary attributes, NE-Number of Examples, and CD-Class Distribution.

Table2. A comparison of asymmetric kNN and asymmetric nokNN in 5-fold cross validation

Asymmetric kNN NokNN
Dataset Worst case Best case All of 12
k %correct k %ocorrect %ocorrect
Iris 12 90.67 2 97.33 96.67
Wine 1 83.71 4 96.07 95.51
Hear 12 59.63 3 81.85 83.70
Aust 1 83.04 9 85.51 85.22
Diab 1 68.75 11 76.43 74.48
Vote 8 85.78 3 92.67 91.38
TTT 10 75.78 8 79.65 78.08
Average 78.19 87.07 86.43




Asymmetric Neighbourhood Selection and Support Aggregation for Effective Classification 29

From the experimental resultsit is clear that kNN performance varies when different
neighbourhoods are used while nokNN performance improves with increasing
number of neighbourhoods but stabilises after a certain stage. Furthermore the
performance of NokNN is obviously better than that of kNN after stabilisation for
each k. The experiment further shows that the stabilised performance of nokNN is
comparable to the best performance of kNN within 12 neighbourhoods.

Fig. 9. A Comparison of Symmetric nokNN and Symmetric KNN

To further verify our aggregation method, we also developed a symmetric
neighbourhood selection algorithm, which in each neighbourhood selection process
all features are expanded in the samerratio asits domain interval, seeing Fig. 1.

Fig. 9 and Table 3 show that similar results are obtained while using the
symmetric neighbourhoods sel ection method.

Table 3. A comparison of symmetric kNN and symmetric nokNN in 5-fold cross validation

Symmetric KNN NokNN
Dataset Worst case Best case All of 12
k %correct K %ocorrect %ocorrect
Iris 12 74.00 1 96.67 96.67
Wine 4 91.01 3 93.82 95.51
Hear 12 55.56 3 75.93 75.93
Aust 12 78.55 3 85.07 83.91
Diab 1 68.62 3 75.52 75.00
Vote 1 85.34 5 92.67 91.38
TTT 12 75.99 9 79.12 77.97
Average 75.58 85.54 85.19

A comparison of asymmetric nokNN with symmetric nokNN in classification
performance is shown in Fig. 10 and a comparison of asymmetric kNN with
symmetric kNN in classification performance is shown in Fig. 11.

It is obvious that the asymmetric neighbourhood selection method is better than
the symmetric neighbourhood selection method for both nokNN and kNN. From the
experimental results it is clear that our hypothesis is correct — the bias of k can be
removed by this method.
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Fig. 10. Comparison of Asymmetric nokNN and Symmetric nokNN

Fig. 11. Comparison of Asymmetric KNN and Symmetric KNN

5 Summary and Conclusion

In this paper we have discussed the existed issues related to the kNN method for
classification. In order for kNN to be less dependent on the choice of k, we looked at
multiple sets of nearest neighbours rather than just one set of k nearest neighbours. A
set of neighbours is called a neighbourhood. For a data record t each neighbourhood
bears certain support for different possible classes. Wang addressed a novel
formalism based on probability to aggregate the support for various classes to give a
more reliable support value, which better reveals the true class of t. Based on
[Wang, 2002] method, for specific neighbourhoods using in kNN, which always
surround around the data record t to be classified, we proposed a simple aggregation
method to aggregate the support for classification. We also proposed an asymmetric
neighbourhood selection method based on information entropy which partitions a
multidimensional data space into multi-grid and expands neighbourhoods with
minimal information entropy in this multi-grid. This method is independent of
‘distance metric' or ‘similarity metric’ and also locally takes into account the
different influence of each feature on the decision attribute.

Experiments on some public datasets shows that using nokNN the classification
performance (accuracy) increases as the number of neighbourhoods increases but
stabilises soon after a small number of neighbourhoods; using kNN, however, the
classification performance varies when different neighbourhoods are used.
Experiments also show that the stabilised performance of nokNN is comparable to
the best performance of kNN. The comparison of asymmetric and symmetric
methods shows that our proposed asymmetric method has better classification
performance as it takes into account the different influence of each feature on the
decision attribute.
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Abstract. Machine learning has focused a lot of attention at Bayesian classifiers
in recent years. It has seen that even Naive Bayes classifier performs well in many
cases, it may be improved by introducing some dependency relationships among
variables (Augmented Naive Bayes). Naive Bayes is incremental in nature but, up
to now, there are no incremental algorithms for learning Augmented classifiers.
When data is presented in short chunks of instances, there is an obvious need
for incrementally improving the performance of the classifiers as new data is
available. It would be too costly, in computing time and memory space, to use the
batch algorithms processing again the old data together with the new one.

We present in this paper an incremental algorithm for learning Tree Augmented
Naive classifiers. The algorithm rebuilds the network structure from the branch
which is found to be invalidated, in some sense, by data. We will experimentally
demonstrate that the heuristic is able to obtain almost optimal trees while saving
computing time.

1 Introduction

Classification plays an important role in the field of machine learning, pattern recognition
and data mining. Classification is the task to identify the class labels for instances based
on a set of features or attributes. The induction of Bayesian classifiers from data have
received a lot of attention within the Bayesian Network learning field [7/3)8]].

The simplest Bayesian Classifier is the Naive Bayes [S/11]. It assumes that attributes
are independent when the class label is known. Even it is a very strong assumption
and it does not hold in many real world data sets, the Naive Bayes classifier is seen to
outperform more sophisticated classifiers specially over data sets where the features are
not strongly correlated [[T1].

More recently, a lot of effort has focused on improving the Naive Bayes classi-
fier by relaxing independence assumptions [[7J3]]. Mainly, these methods infer restricted
networks among features from data. In this way, these methods combine some of the
Bayesian Networks ability to represent dependencies with the simplicity of Naive Bayes.
This sort of classifiers are usually called Augmented Naive Bayes.

Naive Bayes is an incremental classifier. That is, it is able to revise the classifier when
new data instances are available, with neither beginning from scratch nor processing

FJ. Garijo, J.C. Riquelme, and M. Toro (Eds.): IBERAMIA 2002, LNAI 2527, pp. 32-41] 2002.
(© Springer-Verlag Berlin Heidelberg 2002
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again old data instances. This sort of learning is useful when data instances are presented
in streams while the classifier still must work.

When Naive Bayes classifier is augmented, it looses the incremental property as
most of the algorithms for inferring Bayesian Networks are batch [2]. In this paper, we
use an incremental algorithm for learning tree-shaped Bayesian Networks to obtain an
incremental Tree Augmented Naive Bayes classifier. We will show, in this paper, that the
incremental version obtains most of times the same accuracy than the batch classifier
while saving computational time.

Incremental learning attempts to update current Bayesian Networks in response to
newly observed data instances. Langley [[10] stated that an algorithm is incremental if
(1) it inputs one training experience at a time, (2) does not reprocess any previous data
instances, and (3) retains only one knowledge structure in memory.

Each of these three constraints aims at clear objectives. The first wants incremental
algorithms to be able to output a Bayesian Network at any moment of the learning
process. The second keeps low and constant the time required to process each data
instance over all the data set. And finally, the third constraint wants learning algorithms
not to do unreasonable memory demands.

2 Bayesian Network Classifiers

Bayesian classifiers have proven to be competitive with other approaches like nearest
neighbor, decision trees or neural networks [7]. Bayesian classifiers learn from pre-
classified data instances the probability of each attribute X; given the class label C,
P(X;|C). Then the Bayes rule is used to compute the probability that an example
e =< w1,...,T, > belongs to a class C;, P(C;|x1,...,x,). In this way, the class
with highest posterior probability is calculated. The independence assumptions among
attributes or variables distinguish the different Bayesian classifiers.

2.1 Naive Bayes

The Naive Bayes as discussed by Duda and Hart [5] assume that all attributes are inde-
pendent given the class label. This classifier can be represented by a simple Bayesian
Network where the class variable is the parent of all attributes.

Given the independence assumptions, the posterior probability is formulated as

P(Cilar, ..., wn) o P(Cy) [[ P(a]Cy)
k

This simple expression can very efficiently be calculated and it is only needed to estimate
P(C;) and P(z|C;) from data. To do so, we only need to keep a counter for the number
of training instances, a counter for each class label, and a counter for each attribute value
and class label pair.

Note that to incrementally learn the Naive Bayes classifier we only need to increase
the counters as new instances are precessed. See also that the network structure is not
learnt from data but fixed before hand. So, we could use the incremental approach
proposed by Spiegelhalter et. al [[13] in order to incrementally update the conditional
probabilities of the classifier.
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2.2 Tree Augmented Naive Bayes

The Tree Augmented Naive Bayes (TAN) classifier was introduced [7] in order to im-
prove the performance of the Naive Bayes. The TAN classifier relaxes the independence
assumptions having a dependence tree 7 among the attributes 1, . . ., x,, and maintain-
ing the class variable as a parent of each attribute.

In order to learn the TAN classifier, first it is learned the tree among the attributes
and afterwards an arch is added from the class variable to each attribute. To learn the
tree structure, it is used the algorithm proposed by Chow and Liu [4].

Given the independence assumptions in the tree 7, the posterior probability is

P(Cilzy,...,2n) x P(Cy) H P(zk|zjk), Ci)
k

where (k) Stands for the parent of variable x, in the tree 7, and x for the null variable.
Friedman et al. [7] showed that TAN outperforms Naive Bayes while maintaining
the computational simplicity on learning and classifying. We now need to keep a counter
for the number of training instances, a counter for each class label, and a counter for
each attribute value, parent value and class label triplet.
Note that Chow and Liu’s proposal is a batch learning algorithm. In the next section
we will explain the Chow and Liu batch algorithm and our incremental approach.

3 Tree-Shaped Bayesian Network Learning

The Chow and Liu’s algorithm , CL algorithm from now on, estimates the underlying n-
dimensional discrete probability distribution from a set of samples. The algorithm yields
as an estimation a distribution of n — 1 first order dependence relationships among the n
variables, forming a tree dependence structure. It builds a maximal cost tree introducing
branches into the tree in decreasing cost order.

Our incremental approach revises an already learnt tree-shaped Bayesian Network
without processing the old data instances. Roughly speaking, we state that new data
invalidates the old tree-shaped structure when the branches are not anymore in decreasing
cost order. Then, the tree is rebuilt from the first branch found in a bad position into the
order. In this way, our algorithm, can both detect the need of updating and update the
current network. We will call our proposal ACO heuristic (Arches in Correct Order).

3.1 Chow and Liu’s Batch Algorithm

The Chow and Liu’s algorithm uses the mutual information as closeness measure between
P(X) and P, (X), where P(X) is the probability distribution from a set of samples, and
P, (X) is the tree dependence distribution. It is an optimization algorithm that gives the
tree distribution closest to the distribution from the samples. Let us give some notation
in order to explain the Chow and Liu’s measure and algorithm.

Let (mq,- -+, my,) be a permutation of integers 1,2, -, n, let j(¢) be a mapping
with 0 < j(i) <4, let T = (X, E) be a tree where X(T) = {X,]1,2,---,n} is the
set of nodes, E(T) = {(Xm,;, Xim,))|1,2,--,n} is the set of branches, and where
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Xy is the null node. If we now assign the mutual information between two variables,
(X, X ™ ), as a cost to every dependence tree branch, the maximum-cost depen-
dence tree is defined as the tree 7 such that for all 7" in 7y, Y20 I(Xon,5 X, ) )>
S I (X Xm,,,)- Where T, stands for the set of trees with n variables.

Chow and Liu used the Kruskal algorithm for the construction of trees of maximum
total cost where I (X, ; Xy, ) ) may represent the distance cost from node X, to node
Xm, - An undirected graph is formed by starting with a graph without branches and
adding a branch between two nodes with the highest mutual information. Next, a branch
is added which has maximal mutual information associated and does not introduce a
cycle in the graph. This process is repeated until the (n — 1) branches with maximum
mutual information associated are added as seen in Algorithm [I]

In this paper, we give a direction to all the branches of the tree. We take as the root of
the tree one of the nodes of the first branch and the direction of the branches introduced
afterwards goes from the node already into the structure to the one recently introduced.

Algorithm 1 CL

Require: a database D on X = {X,,, -+, Xm,, } variables
Ensure: 7 be a dependence tree structure
Calculate SUFFp(T)
T = (V, E) the empty tree where V(7)) = {0} and
E(T) = {0}
Calculate costs for every pair I(Xom,;; Xom;)
Select the maximum cost pair (Xm,, Xm)
VT) = {Xonys Xomy 13 B(T) = {(Xm X))}
repeat
BT) = {(Xonss Xomy) | (Xonis Xomy) € BTV (Xonys Xon,) € B(T)) A X, &
v(T)}
Select the max cost pair (X, , Xm;) from B(T)
V(T)=V(T)U{Xn,}
E(T) = E(T) U {(XTM ) ij )}
until (V = X)

3.2 Incremental Algorithm

We introduce some notation before the explanation of our algorithm. Let N2 (z) be the
number of instances in D where X = z. Let N 2 be the vector of numbers N2 (z) forall
values of X. We call the vector N L the sufficient statistics of the variable X, suffp(X).
In the same way, the sufficient statistics of the tree T, suffp (T ), are defined as the set
of vectors ]/\;Xmi’X'mj(i) Vi:0<1i<n.

To find the maximal cost tree we need the vector numbers N )I(’m Koy for all the
pairs of variables in X (7), we will call this set of numbers SUFF D(%’). Note that

SUFFpyp: (T) can be calculated as ]\7}? @© N2, where @ stands for the addition of
vector components.
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We divide our algorithm into two steps. In the first step, the algorithm calculates
the sufficient statistics for both old D and new D’ data instances, and in the second, it
revises the tree structure according to the new sufficient statistics.

In the first step of the algorithm, we assume that sufficient statistics of the old data
set D are stored. Thus, in order to recover the sufficient statistics, SUFFp_p/(T), of
the whole set of data instances the algorithm does not need to go through the old ones.

The second step uses a heuristic which decides to update the structure only when
the arches are not in correct order. When the tree is built for the very first time using the
CL algorithm, arches are introduced into the tree structure in decreasing cost order. This
order O is stored. When new data instances D’ are presented, the cost I(X,,,; Xm, (i))
for each branch is calculated again using the new sufficient statistics SUFF pup/ (T ),
and only when the order O does not hold anymore the structure is updated.

Algorithm 2 ACO heuristic

Require: a database D’ on X = { X, -+, Xom,, } variables a tree structure 7, an order O of
branches and SUFFp (T)
Ensure: 7' be a dependence tree structure
Calculate SUFFpp/ (T)
T' = (V, E) the empty tree where V(T') = E(T") = {0}
Let X, be the root of 7°
B(T) = {(Xuny,» Xm,) | (Xony, Xom)) € E(T)}
continue=false; k=0
if (Xm,, X, Jo) = arg Max(x, X )eB(T)mE(T)I(erv Xm,)) then
V(T") = A{Xom, X, }: B(T') = {(Xomy,, Xm, )}
continue=true; k=2 be the number of branches added (+ 1)
end if
while (continue) and (k < |E(T)|) do
B(To(k)) = {(XTM ’ ij) | ((me ka) € E(TO(k)) \ (ka ) X’mi) € E(TO(k))) A
Xm; & V(Tow))}
if (X, Xmj)ow) = argmaxx,,  x,. ye(Touy)nen! (Xm,, Xm,)) then
V(T) = V(T) U{Xm;}
E(T/) = E(T/) ) {(Xmi s ij)}; k++
else
continue=false
end if
end while
if (k < |V(X)|) then
Continue building 7 using the original CL algorithm
end if

More precisely our algorithm, see Algorithm[2] inspects the arches in the order O they
were added into the tree. When an arch (X, , Xim,,, )o(x) at the k-th position in O has
not the highest cost among all candidate arches present into the former structure, the tree
is rebuilt from that arch using the original CL algorithm. Formally, when the arch at the

k-th position (X, X, Jor) 7# arg max(x, x,. eB(Tow)nE() (Xmi, Xm,)-
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Where 7o) stands for the tree built only with the first k& — 1 arches of the order O
and B(To(x)) stands for the set of arches that do not introduce any cycle in To ),
B(TO(k)) = {(Xmmej) ‘ ((Xm17ka) € E(To(k)) v (Xmmei) € E(TO(k))) A
X; & V(Tow))}-

Note, it may happen that (X,,,, X, ) has the maximum cost among the arches in
B(Tow)) N E(T) and not among the ones in B(7p()). In such situation, the ACO
heuristic and the CL algorithm would not recover the same tree structure.

4 Experiments

We conducted several experiments in order to compare the repeated use of the batch CL
algorithm against our incremental ACO heuristic. We presented data instances to both
algorithms in chunks of 100. Then we compared the Bayesian Network structures and
the classifiers accuracy during all the learning process. We used five well-known datasets
from the UCI machine learning repository [12]: Adult (13 attributes, 48.842 instances
and 2 classes), Nursery (8 attributes, 12.960 instances and 5 classes), Mushroom (22
attributes, 8.124 instances and 2 classes), DNA (60 attributes, 3.190 instances and 3
classes) and finally Car (6 attributes, 1.738 instances and 4 classes).

We presented the instances to the algorithms in three different kind of orders. Namely,
an order where similar instances are consecutive, another where dissimilar instances are
consecutive, and finally a random order. We used five different orders of each kind to
run both algorithms, and all numbers presented in the tables of this section are the mean
and the standard deviation of the quantity being analyzed.

We used these three different kind of orders because it is widely reported in the
literature that incremental algorithms may yield different results when the same instances
are presented in different orders [[10].

4.1 Computational Time Gain

The main objective of the incremental algorithm proposed was to reduce the time spent
in learning a new tree structure when the system already learned one from past data. In
Table[I] we compare the operations done by the batch and the incremental algorithms.

At the first two columns, we show the number of I(X;Y") calculations, which is the
most time consuming function of the learning algorithm. In our implementation, both
batch and incremental algorithms calculate the I(X; Y") amounts once, when it is firstly
needed, and store them in an array. At the third and fourth columns, we show the number
of times the I(X;Y) is recalled. This gives an idea of the number of comparisons the
algorithms perform in order to find the arch with highest 7(X;Y).

We can see that the number of I(X; V") calculations and recalls are much higher for
the batch algorithm. Note that the number of 7(X;Y") calculations and recalls are the
same for all runs of the batch algorithm as it always builds the tree structure from scratch,
while they are different for the incremental algorithm as it builds the tree structure from
the arch found in an incorrect order.

We also note from Table[lthat the more attributes data sets have the greater the gain
is. Compare Adult against Nursery and Car results. And also, we can see that the gain
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grows with the number of data instances (see Adult results). This last point is due to the
fact than when many data instances have already been processed, the new data instances
slightly modify the probability distribution of the database and therefore the network
structure does not need to be updated.

Another cause which may influence the time spent is the order in which the instances
are presented. Usually, when similar instances are presented consecutively, the network
structures learned from data are not good models of the probability distribution of the
entire database. Thereof, the incremental algorithm spends more time as it must update
the network structure. We see, at Table[T], that the number of 7(X;Y") calculations and
recalls are usually higher when similar instances are ordered together.

Table 1. CPU clock ticks and operations spent in learning

I(X;Y) Calculations I(X;Y) Recalls
Batch |Incremental Batch [Incremental

Rand 4801.00 (445.57) 28830.20 (1234.17)
Adult [Sim [25350(4468.40 (564.36) |114400{24727.20 (2826.10)

Diss 4243.00 (153.88) 19744.60 (5114.83)

Rand 1155.40 (271.08) 3305.60 (903.06)
Nursery [Sim |2408 [1216.80 (359.76) 6622 [3411.20 (798.36)

Diss 1092.80 (246.21) 3304.60 (411.21)

Rand 5702.20 (3085.10) 43269.40 (18451.79)
Mush- [Sim |12474|10947.80 (1383.95)|94500 |73106.80 (9536.44)
room [Diss 8490.40 (1839.75) 56983.20 (12287.89)

Rand 35827.60 (3042.28) 692008.60 (70438.44)
DNA [Sim |37170(34847.60 (970.70) |754551(652884.80 (51460.44)

Diss 33489.80 (6154.39) 647897.00 (144846.32)

Rand 87.60 (49.51) 171.60 (100.51)
Car Sim |165 [106.40 (16.53) 330 218.80 (53.65)

Diss 77.30 (24.10) 154.00 (74.14)

4.2 Quality of the Recovered Structures

In Figure[I] we show the behavior of our heuristic along the learning process where the
algorithm is fed with chunks of 100 data instances, and using a random data order. We
compare the structures obtained with our incremental proposal against the ones obtained
with the CL batch algorithm.

Graphics present three curves. The first, shows the first arch which is not in decreasing
cost order. When the number shown coincides with the number of attributes, it means
that all arches are in decreasing cost order and consequently the structure is not updated.
This curve gives an idea of when ACO detects that the structure must be updated. The
second, shows the number of different arches between the structures learnt by the batch
algorithm and the ones learnt by our incremental proposal. This curve gives us an idea
of how well ACO approximates the best solution. Finally, the third curve, shows the
number of arches that are different between the former and the current tree structure
learnt with the batch algorithm. This curve gives an idea of the degree in which the new
100 data instances make the current structure to change.
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Looking at the figure, we discover that our incremental algorithm approximates very
well the best solution. It is able to detect when the structure should be updated and is
updated correctly. The third curve shows that, at the early stages of the learning process,
when few data instances have already been processed, the structure changes quite a lot
and that the number of changed arches tend to decrease as more data is processed. This
is very well seen at the graphic of the DNA dataset. Even in this case the incremental
algorithm learns structures very close to the best one. If we look back to Table[Il we can
see that the incremental algorithm saves, in this case, little time as it must trigger the CL
algorithm very often at firsts arches, building almost the entire tree.

(a) Mushroom (b) DNA
T T T T 30 40 T T | T — 70
os 35 Unordered arch - “ 6o
30 Batch-Tncremental ) .
i I : 20 Batch: Previous-current 50
j 25 4
B . 40
I ‘ S Unordered arch s 90 | :
i : 15 L © 30
P .. Batch-Increm. —10 :
. \ : \ - Batch: prev.-curr. o 10 -1 20
i —5 5 — 10
| | | | | | | 0 0= — > - < -
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 0 500 1000 1500 2000 2500 3000
Num of data Num of data

Fig. 1. Quality of recovered structures. Each graphic presents three curves; the first (Unordered
arch), shows the first arch which is not in decreasing cost order. When the number shown coincides
with the number of attributes, it means that all arches are in decreasing cost order. The second
(Batch-Incremental) shows the number of different arches between the trees learnt by the batch
algorithm and the ones learnt with the ACO heuristic. The third curve (Batch: Previous-current),
shows the number of different arches between the former and the current trees learnt by the batch
algorithm. Note that the y axis of the first curve is on the right while the y axis of the second and
third curves is on the left.

4.3 Accuracy Curves

In this section, we compare the accuracy curves of the batch and the incremental al-
gorithms when data is presented in the three different orders we explained above. In
our experiments, we used two thirds of the data instances to train the classifier and the
remainder for testing. In all data orders the test instances were randomly sampled.

In Figure 2] we can see the evolution of the accuracy for the DNA data set. The
graphic on the left corresponds to the repeated use of the batch algorithm and the one
on the right corresponds to the incremental algorithm.

Note that the shape of both graphics is almost the same. That is, our incremental
classifier behaves as well as the batch one. We expected this result as the tree structures
yielded by both algorithms are, most of the times, the same as shown in Figure Il
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If we compare the accuracy curves of the three different orders, we can see that
the accuracy is best when data is randomly presented, while it is worse when similar
instances are presented consecutively. That is due to the fact that when similar instances
come together, the classifier is, at the beginning, trained with instances from one single
class, and though it is not able to correctly classify instances from other classes. Lately,
when new instances from other classes are used to train the classifier its accuracy is
improved. Note also that the accuracy of the last learnt classifier is almost the same for
the three orders.

We can see at Figure 2] that the classifier accuracy dramatically drops around the
600th instance when similar instances are presented together. That is due to overfitting,
that is, the classifier is too specialized to recognize the training instances and it is not
able to correctly classify the test ones.

[

Batch ale : Incr ale n
0.55 — Batch sim - - - - 0.55 Incr sim - - I
0.5 Batch dim — 0.5 Incr dim ——— —
0.45 L ' ' 0.45 ' .
0 500 1000 1500 2000 500 1000 1500 2000

Num of data instances

Num of data instances

Fig. 2. Accuracy curves. DNA data set.

5 Discussion and Final Conclusions

Previous work on incremental learning of Bayesian Networks have focused on learning
general network structures, namely, directed acyclic graphs (DAGs) [11619]. The authors
assume that the size of the sufficient statistics necessary to recover any possible DAG is
very large and thereof it is not feasible to store them in main memory.

We presented in this paper an extension of the CL algorithm in order to incrementally
learn tree-shaped Bayesian Networks. We used our algorithm to incrementally learn Tree
Augmented Naive Bayes classifiers. We obtained in this way a TAN classifier which is
incremental like Naive Bayes.

We claim that our algorithm is very reactive, that is, it is able to quickly detect
changes in new data and to correctly update the structure. In Figure[I] we could see that
the heuristic is sound in the sense that it triggers the updating process only when changes
are actually needed. We could also see in Figure [2] that the accuracy of the incremental
classifier is as good as the accuracy of the batch one.

The major benefit of our incremental proposition is that it saves computing time.
Even when the tree must be updated the number of calculations and the number of
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comparisons required is very much reduced each time a branch is checked as correctly
ordered. The number of comparisons the CL algorithm must perform to order the arches
is () + Y., i(n — i), while in our proposition when the first branch is checked as
correct the number of comparisons is reduced by (§) and the number of calculations
of mutual information is reduced from (2) to a maximum of ("5 ). And when the k-th
branch is checked as correct, being 1 < k < n, the number of comparisons is reduced

by k(n — k) and the number of tests is reduced from ("5 *) to a maximum of (

—k—
",
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Abstract. In this work a back propagation neural network (BPNN) is used for
the segmentation of Meteosat images covering the Iberian Peninsula. The ima-
ges are segmented in the classes land (L), sea (S), fog (F), low clouds (C,), mid-
dle clouds (C,), high clouds (C,) and clouds with vertical growth (C,). The
classification is performed from an initial set of several statistical textural fea-
tures based on the gray level co-occurrence matrix (GLCM) proposed by Welch
[1]. This initial set of features is made up of 144 parameters and to reduce its
dimensionality two methods for feature selection have been studied and com-
pared. The first one includes genetic algorithms (GA) and the second is based
on principal component analysis (PCA). These methods are conceptually very
different. While GA interacts with the neural network in the selection process,
PCA only depends on the values of the initial set of features.

1 Introduction

In order to understand and model the radiation balance in the climatic system a
very accurate information of the cloud cover is needed. Clouds play an important
role reflecting the solar radiation and absorbing thermal radiation emitted by the
land and the atmosphere, therefore reinforcing the greenhouse effect. The contri-
bution of the clouds to the Earth albedo is very high, controlling the energy ente-r-
ing the climatic system. An increase in the average albedo of the Earth-
atmosphere system in only 10 percent could decrease the surface temperature to
levels of the last ice age. Therefore, global change in surface temperature is
highly sensitive to cloud amount and type.

These reasons make that numerous works about this topic have been published in
the last years. Many of them deal with the search of a suitable classifier. Welch [1]
used linear discrimination techniques, Lee et al. [2] tested a back-propagation neural
network (BPNN), Macias et al. at [3] showed that the classification results obtained
with a BPNN were better than those obtained with a SOM+LVQ neural network, and
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at [4] they used a BPNN to studying the evolution of the cloud cover over Céceres
(Spain) along 1997. Bankert et al. [S] and Tiam et al. [6][7] used a probabilistic neural
network (PNN). In [8] linear discrimination techniques, and PNN and BPNN neural
networks were benchmarked and the results showed that BPNN achieves the highest
classification accuracy.

Other works are related with the search of an initial feature set that allow to obtain
reliable classification results. First works used simple spectral features like albedo and
temperature. Later works include textural features too since they are less sensitive to
the effects of atmospheric attenuation and detector noise that the first ones [9]. In [1]
Welch et al. used statistical measures based on gray level co-occurrence matrix
(GLCM) proposed by Haralick et al. in [10]. In [6] several image transformation
schemes as singular value decomposition (SVD) and wavelet packets (WP’s) were
exploited. In [11] Gabor filters and Fourier features are recommended for cloud
classification and in [6] authors showed that SVD, WP’s and GLCM textural features
achieved almost similar results.

In spite of it, the initial set of features and the classifier proposed in each work is
very dependent on the origin of the images (season, satellite type, location on the
Earth, etc.) that have been used.

In this work we propose a BPNN neural network and GLCM textural features for
the segmentation of Meteosat images covering the Iberian Peninsula. The initial
GLCM feature set consists of 144 features. Because of the finite size of the prototypes
set and in order to remove the redundancy in these features, a selection process has to
be used.

In that sense, in [12] Doak identifies three different categories of search algorithms:
exponential, sequential and randomised. In [13] Aha et al. use the most common se-
quential search algorithms for feature selection applied to the clouds classification: the
forward sequential selection (FSS) and the backward sequential selection (BSS). In
[14], [15] and [16] a genetic algorithm (GA) representative of the randomised cate-
gory is used for feature selection. They use GA because it is less sensitive than other
algorithms to the order of the features that have been selected.

All these algorithms interact with the network in the selection process. Thus, it
seems that this process is going to be very dependent of the prototypes selection
and classification by the Meteorology experts. This process is particularly proble-
matic in this application, since clouds of different types could overlap on the
same pixel of the image. Taking into account this drawback, feature selection
algorithms not dependent on the labelled of the prototypes, as principal compo-
nent analysis (PCA), acquire a notable interest for comparison studies.

Therefore, in this work we want to compare the classification results obtained
from the two previously mentioned feature selection methods. In section 2 we
show the methodology followed in all the process, namely, the pre-processing
stage, a brief of the PCA feature selection algorithm and the characteristics of our
GA feature selection algorithm. In section 3 the classification results with both of
the feature selection methods are given and finally the conclusion and comments
are presented in section 4.
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2 Methodology

In this paper images from the geostationary satellite Meteosat are used. This satellite
gives multi-spectral data in three wavelength channels. In this work two of them, the
visible and infrared channels, are used. The subjective interpretation of these images
by Meteorology experts suggested us to consider the following classes: sea (S), land
(L), fog (F), low clouds (C,), middle clouds (C,,), high clouds (C,) and clouds with
vertical growth (C,).

For the learning step of the neural models, several Meteorology experts selected a
large set of prototypes. These are grouped into rectangular zones, of such form that,
each of these rectangular zones contains prototypes belonging to the same class. For
this selection task a specific plug-in for the image-processing program GIMP was
implemented.

In order to compare the classification results obtained by the two feature selec-
tion algorithms and to carry out the GA feature selection process, the set of proto-
types was divided into a training set, a validation set and a test set. For obtaining an
optimal neural network with good generalization, we started from a BPNN with
very few neurons in its hidden layer. This network was trained with the training set.
The learning process stops when the number of misclassifications obtained on the
validation set reaches a minimum. After that, the process was repeated by increas-
ing the network size. The new network is considered optimal if the number of mis-
classifications over the validation set is lower than the previous one. Finally, we
select the optimal feature selection algorithm according to the classification results
on the test set.

For the training of the BPNN, the Resilient Backpropagation RProp algorithm de-
scri-bed in [17] is used. Basically this algorithm is a local adaptive learning scheme
which performs supervised batch learning in multi-layer perceptrons. It differs from
other algorithms since it considers only the sign of the summed gradient information
over all patterns of the training set to indicate the direction of the weight update. The
different simulations were performed by means of the freeware neural networks
simulation program SNNS (Stuttgart Neural Network Simulator).

2.1 Preprocessing Stage

Our final aim is the definition of a segmentation system of images corresponding to
different times of the day and different days of the year. Therefore, satellite data must
be corrected in the preprocessing stage to obtain physical magnitudes which are cha-r-
acteristic of clouds and independent of the measurement process.

From the infrared channel, we obtained brightness temperature information cor-
rected from the aging effects and transfer function of the radiometer. From the visi-
ble channel we obtained albedo after correcting it from the radiometer aging effects
and considering the viewing and illumination geometry. This correction deals with the
Sun-Earth distance and the solar zenith angle at the image acquisition date and time,
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and the longitude and latitude of the pixel considered. In [7] no data correction is
made and an adaptive PNN network is proposed to resolve this issue.

Next, from the albedo and brightness temperature data, which are already charac-
teristic of the cloud, 144 statistical measures based on grey level co-occurrence matrix
(GLCM) were computed. These measures constitute the characteristic vector for each
pixel in the image. The large dimensionality of this vector and the limited quantity of
prototypes available lead us to the case where the sparse data provide a very poor
representation of the mapping. This phenomenon has been termed the curse of dimen-
sionality [18]. Thus, in many problems, reducing the number of input variables can
lead to improved performances for a given data set, even though some information is
being discarded. Therefore, this process constitutes one of the fundamentals steps of
the preprocessing stage and also one of the most significant factors in determining the
performance of the final system.

In the next sections we are going to describe briefly the algorithms used for redu-
cing the dimensionality of the input vector. Two different methods will be applied, GA
as representative of the algorithms that select a subset of the inputs and discard the
remainder and PCA as representative of the techniques based on the combination of
inputs together to make a, generally smaller, set of features.

2.2 PCA Feature Selection

Principal Components Analysis is one of the most known techniques of multivariate
analysis [19]. Due to its versatility, this method has been used for many different pur-
poses related to synthesizing information. This method starts with a large set of vari-
ables which are highly intercorrelated and defines new uncorrelated variables, which
are linear combination of the initial ones, ordered by the information they account for.
In this study, the 144 mentioned statistical measures were calculated for 4420 pixel
extracted from a set of 20 images chosen to be representative of all types of clouds,
land and sea. The distance between selected pixels is, at least, five pixels, which
means about 35 km for the region of study. This avoids considering too much redun-
dant information.

Next, a PCA was performed with the correlation matrix of the 144 variables and
4420 cases. The correlation matrix was chosen as the dispersion matrix since the vari-
ables have different units. Thus, all variables have the same weight irrespective of
their original variance. The most representative principal components (PCs) were
selected according to the Kaiser’s rule [20]. Then, the variable most correlated to each
PC was chosen as representative of the information accounted for by the PC.

Since rotating PCs results in a less ambiguous classification of variables, the PCs
were also rotated according to Varimax method [21]. This rotation was chosen since it
is widely accepted as being the most accurate orthogonal rotation method.

Thus, finally, two sets of variables were selected, one for the case of unrotated PCs
(PCANR) and other for the case of rotated PCs (PCAR).
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2.3 GA Feature Selection

The GA algorithm [22] tries to select a subset of features that offer the neural network
with the best generalisation by using the prototypes selected and labelled by the ex-
perts in Meteorology. That is, the network that, trained with the prototypes of the
learning set, achieves the minimum number of misclassifications over the validation
set.

For each subset of features the algorithm uses one hidden layer perceptrons where
the number of the neurons of the hidden layer changed from 20 till 40. For each topol-
ogy the training process is repeated 20 times randomizing the weights each time. As
fitness we have used the sum of squared error (SSE) over the validation set.

The GA was configured using a cross-over probability of 0.6, a mutation probabil-
ity of 0.1, a population of 350 individuals, a tournament selection and a steady-state
population replacement with a 30% of replacement.

The simulations were done in a Beowulf style cluster with Clustermatic as OS
(a patched RedHat 7.2 Linux OS, with bproc for cluster management). The clus-
ter is built using on master node, a double Pentium III @ 800 MHz with 1 Gbyte
of RAM memory, and 25 nodes, with AMD Athlon @ 900 MHz with 512 Mbytes
of memory each. For GA simulations we used the PGAPack [23] simulator with
MPI enabled.

3 Results

In order to implement the processes described above, the experts in Meteorology se-
lected 4599 prototypes, 2781 for the training set, 918 for the validation set and 900 for
the test set. The prototype selection was made from the Iberian Peninsula Meteosat
images corresponding to the years 1995-1998.

In the feature selection process the PCANR algorithm selected 8 variables, the
PCAR 17 and the GA gave 13. In table 1 we can observe the set of parameters se-
lected for each algorithm.

Table 1. Parameters selected for each algorithm

Algorithm Number Parameters

GA 13 113, 143, 83, 85, 72, 125, 110, 119, 88, 72, 17, 58, 40
136, 25, 67, 94, 15, 22, 96, 126, 60, 121, 102, 84, 30, 50,
PCAR 17 56, 86, 132
PCANR 8 140, 25, 22,78, 12, 121, 56, 86

Once feature selection is made, we use a BPNN to make the comparison of the algo-
rithms and to make the final classification. In order to select the network with the best
generalization for each algorithm we take one hidden layer BPNN with variable num-
ber of neurons. We train the neural network with the training set and we calculate the
SSE over the validation set each training iteration. The network that reaches a mini-
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mum of misclassification over the validation set is chosen as representative for this
algorithm.

In the GA case the minimum value for the sum of squared error (SSE) over the
validation set was SSE,=35 and this value was reached with 23 neurons in the hidden
layer. With the PCAR algorithm SSE =136 with 24 neurons in the hidden layer and,
finally, with the PCANR algorithm we used 48 neurons in the hidden layer to obtain a
SSE,=196.

In tables 2,3 and 4 the percentage of success over the seven classes defined in the
learning process and the SSE calculated over the three subsets of prototypes by the
network representative of each feature selection algorithm can be observed.

Table 2. Classification results over the learning set reached by the networks with the best gene-
ralization over the three sets of features.

Learning set

Algorithm F C, C, C, C, L S SSE,
GA 96.4 95.1 94.6 100 96.5 100 100 146
PCAR 87.4 86.1 89.6 98.4 89.2 100 100 347
PCANR 84.2 92.3 93.3 97.8 86.7 94.5 95.0 376

Table 3. Classification results over the validation set reached by the networks with the best
generalization over the three sets of features.

Validation set

Algorithm F C, C, C, C, L S SSE,
GA 96.4 96 99.4 98.4 98.9 100 100 35
PCAR 83.2 87.9 88.7 98.4 87.8 90.3 100 136

PCANR 74.3 87.9 79.9 98.4 90 88.2 95.2 196

Table 4. Classification results over the test set reached by the networks with the best genera-
lization over the three sets of features.

Test set
Algorithm F C, C, C, C, L S SSE,
GA 92.7 86.5 77.6 100 75.9 100 100 167
PCAR 84.6 69.7 78.8 97.3 76.8 97.6 100 194

PCANR 62.6 94.2 94.1 91.8 60.7 69.6 99.3 262

4 Conclusions

Since the feature selection algorithm interacts with the network in the selection proc-
ess for the GA case, the minimum value for the SSE_ is lower than the minimum ob-
tained with the other algorithms. But it also happens that the value of the SSE, for the
GA algorithm is the lowest obtained. Thus we propose the features selected by the GA
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Abstract. It is common in Machine Learning where rules are learned from
examples that some of them could not be informative, otherwise they could be
irrelevant or noisy. This type of examples makes the Machine Learning
Systems produce not adequate rules. In this paper we present an algorithm that
filters noisy continuous labeled examples, whose computational cost is
O(N-logN+NA?) for N examples and A attributes. Besides, it is shown
experimentally to be better than the embedded algorithms of the state-of-the art
of the Machine Learning Systems.

1 Introduction

In Machine Learning environment the process of learning rules from available labeled
examples (training data) is called training and the process of applying these learned
rules to unlabeled examples (test data) is called testing.

An example is represented by a sequence of pairs attribute-value and a label that
represents its category. The category can be symbolic or continuous. The examples
have the same attributes although some val ues could be missing.

A good performance could be reached supposing that the sets of training and test
data have the same distribution of the category over theirs attributes [ .

One of the most difficult tasks when dealing with rea problems is to find the
attributes more related to the category in the way to define a fixed distribution that a
Machine Learning System (MLS) could learn. An additional difficulty is the possible
presence of noisy examples mainly caused by the collection of them.

In this paper an agorithm that filters noisy continuous labeled examples is
presented. It is shown that some MLS perform better using the filtered data set than
using the original one.

2 Task Definition

This paper describes an algorithm that removes noisy examples from a set of
continuous labeled examples producing a subset containing informative ones.

This Noisy Continuos Labeled Examples Filter (NCLEF) takes an example e and
classifies it as noisy or as informative. This classification is made according to two

" The research reported in this paper has been supported in part under MCyT and Feder grant
T1C2001-3579

F.J. Garijo, J.C. Riquelme, and M. Toro (Eds.): IBERAMIA 2002, LNAI 2527, pp. 50-59, 2002.
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errors. the error committed when the current example is taking into account on the
data set and the error committed when the current example is removed from the data
set. The method employed to evaluate these errors is the continuous version of knn
[, itisused with Leaving-One-Out (LOO)[[12] (See Fig. 1).

It is well known that knn is noise sensitive [[1], that is, adding a noisy example to
the data set the performance of knn would be worse. The algorithm described in this
paper is based on this idea on areverse way: “if the removal of an example produces
lower error then this example is supposed to be noisy”.

The algorithm has two main disadvantages. The first one is that its computacional
cost is O(N-O(knn))=0O(N-kAN)=O(kAN®) for N examples and A attributes. The
second one is the insignificant influence of an example over the knn’s error for large
data sets. A Divide and Conquer method (D&C) is incorporated to overcome these
difficulties. The resulting filter adding D& C, called NCLEFDC, makes its cost be
O(N-logN+NA?).

3 Reated Work

This work is related with Example Selection. There are several techniques about
Example Selection proposed by Wilson & Martinez [14]; Aha [2]; Aha, Kibler &
Albert [1] and Cameron-Jones [5].

Blum and Langley [4] propose at least three reasons for selecting examples:
purposes of computational efficiency, high cost of labeling and focusing attention on
informative examples. Our algorithm pays attention to the third one in the way that it
trends to remove noisy examples and keep informative ones.

Most of the algorithms for Example Selection work only on symbolic labeled
examples. There are algorithms to deal with data set containing noisy continuous
labeled examples which are embedded in the MLS (M5’ [11], RT [9], Cubist [8]), but
there is no documentation for commercia systems like Cubist.

In this paper is compared the performance of using NCLEFDC before the MLS
with the performance of using only those MLS.

4 TheNCLEFDC Algorithm

The agorithm involves three steps which are detailed in the next subsections. the
principle, the iterative algorithm and the incorporation of aD&C.

41 ThePrinciple

The principle involves the election of the measures employed to decide if an example
is noisy or not. A trivial measure could be the knn’s error for this example, being the
noisiest example that with the highest error. That is true in most cases, but it is not
useful since there could be no noisy examples with high error and since it is difficult
to find out the meaning of “high error”. Fortunately, noisy examples in knn entails
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another very useful feature, namely, adding a noisy example to the data set causes an
increasing of the errors of its neighbors (See Figure 1).

Taking into account this last feature, the algorithm sees the effect that an example
causes to the error of its neighbors in order to decide if it is noisy or not. The error is
approached by means of LOO with knn over the data set. The error for N examplesis
denoted by E,, the error when removing example e from the data set is denoted by
E,..(e) and the error E, but without considering the error of the example e is denoted
by E'(e). Thislatter error is given by equation (1).

En N — ErrorKnn(data = DataSet —{ €} ,test ={¢})
N-1

E'y(e) = (1)

SupposedNoisy(e) 0 E’y (€) > Ey_1(€) @

It could be supposed that an example is noisy in the way of equation (2). This
means that the presence of this example makes that the knn’s error of the examples
that take it asits neighbor be bigger than if the exampleis removed from the data set.

Errors with the examplesin Errors without the examples
study e; and es in study e; and e
Continuous Continuous  L€SS error
Category Category (error = 0)
A A
J . J ] J ]\.
More error
T \A bit less error
[ ] o ® O o
e e 6 eX) | lae e e &KX

te—_Example (@)
<«_Etrror (vertical segment)
d <_Val ue predicted by knn (k=2) (©)

Fig. 1. Schema of a discrete step function and of how the errors vary when examples are
removed. Examples e, and e, have the same error, but e, is informative (it is the first example of
the next step) and e, is noisy. If e, is removed the errors of its neighbors (g, and e,) becomes 0,
but if e,isremoved the sum of the error of its neighbors (e, and e,) is higher.

The algorithm requires choosing the value of k for the knn. It should not be so
small because it is necessary that an example has enough neighbors in order to
measure its influence. It should also not be so big because the predictions of knn
should significantly vary if an example is removed. A good value for k is generally
determined via cross-validation [13] but a bad value is preferred in order to make knn
be very noise sensitive. Although the experiments show that the influence of k over
NCLEF is not so much significant, it is chosen the best one obtained in our
experiments, that is: k=A/2+1, where A isthe number of attributes of the problem.
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4.2 TheNCLEF Algorithm

The NCLEF algorithm based on the principle previously shown tries to remove the
example with more error in each iteration. Over this structure it is possible to develop
severa versions. We prefer to make a prudent version, one that the main objective is
to keep informative examples. In this way three aspects of the algorithm are changed.
Firstly a new test for noisy examplesis proposed. This test, described in equation (3),
takes into account the number of examples previously removed in order to avoid
removing informative ones. Secondly, the application of the test is limited to
examples whose error is above a fixed threshold (MinError in equation (4)). Finaly,
the algorithm ends when it considers the example as not noisy.

N — Examplesremoved
N

prudentNoisy(e) 0 E’y (€) > Ep_y(€) ©)

MinError = LOO(knn(DataSet)) +0(LOO(knn(DataSet))) 4

In equation (4) LOO(knn(DataSet)) is the set of errors of a LOO execution on the
data set using knn. MinError is chosen to be the sum of the average and the typical
deviation of all LOO executions. The addition of the typical deviation to the average
assures that the algorithm only tries to remove examples with high knn’s error.

The NCLEF algorithm is described as follows.

Dat aSet NCLEF( Dat aSet DS) {
/[l Obtain the initial Average Error using knn
{ Exanpl eMaxErr, Aver ageErr, Devi ati onErr} =LOOKNN( DS) ;
M nErr or =Aver ageErr +Devi ati onErr;

for(ite=1; Exanpl eMaxErr.Error>M nError;ite++){
/1l Obtain the Average Error and Exanple with
/1 nmore error using knn
{ Exanpl eMaxErr N1, Aver ageErr N1} =
LOOKNN( DS- { Exanpl eMaxErr});
[11f the exanple is noisy, it is elimnated
i f(prudent Noi sy( Exanpl eMaxErr)){
DS=DS- { Exanpl eMaxErr};
Exanpl eMaxEr r =Exanpl eMaxEr r N1;
Aver ageErr =Aver ageEr r N1;

el se break; // the exanple is not noisy
} /] end of for
return DS;
} /1 end of NCLEF

Function LOOKNN applies LOO with knn to the data set given as a parameter. It
returns the average error, the deviation error and the example with highest error. This
information is necessary in function prudentNoisy to test if an exampleis noisy or not.
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4.3 Using Divide and Conquer on NCLEF

As NCLEF iterates for each example and uses knn its order is O(NCLEF)=
O(N-O(knn))=0O(N-kAN?)=O(kAN’). Besides, given that we choose k to be A/2-1, then
O(NCLEF)=0(kAN’)=0O(A’N’) for N examples and A attributes. This order makes
NCLEF computationally unacceptable. That isthe reason why D& C is applied.

The new algorithm, called NCLEFDC, divides recursively the data set in subsets,
then applies NCLEF to each subset and finally joins all partia filtered subsets.

The goal isto divide the original data set into subsets where all the neighbors of an
example in the original set were in the same subset. Asthis could be impossible or, at
least, very computationally expensive, the Divide method based on the following
heuristic is used: (1) To take an example e and to calculate its || ||,, (2) to obtain two
subsets, one with the examples with more || ||, than e and the other one with the
examples with less || ||, than e. The algorithm looks for an example that produces two
subsets with similar number of elements. The attributes values are normalized
between 0 and 1 to avoid the generation of concentric subsets obtained by the
application of a norm. Given that all norms are equivalent in finite dimension spaces,
I ]I, is chosen due to its faster cal culus than euclidean one employed by knn.

The order of NCLEFDC is O(NCLEFDC)=0O(N/M(O(Divide)+O(knn))), where M
is the maximum number of the size of the subsets and N/M isthe number of subsets.

The order of Divide is O(Divide)=0O(N,,M), where N,,, is the number of examples
of the data subset. In each execution N, could be different, so the average is
estimated in the following way: Supposing that Divide splits the data set into two
subsets with equal number of examples, the algorithm is executed 2' times, each one
with a data set of N/2' examples in depth i of the recursive algorithm. This is made
until M/2<N/2"<M, been L the maximum depth of the recursive algorithm. If M and N
are integers such that 0<M<N then equation (8) represents an estimation of N,,. Then
O(Divide) and O(NCLEFDC) are given by the equations (9) and (10) respectively.

2L >£D 2L+l_1>2_N_1D N(L+1) < N(L+1) (5)
M M ot _1  2N/M -1
L IE
L 2 N(L+D) N(L+1) _ N(L+J)
N, == = by(5) < < =M(L+1 6
bV in L+1_q ©) 2N/M -1 N/M (L+D ©)
1=
Mg 2N ot 0 10g, 2N B L0 1+ 10g, BB L %
2t 2 M OMQO oM 0O

Nowby(6) < M (L +Dby(7) < M@Hlogz%@ ®
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O(Divide)=O(ND,VM)=OE\A%+I092§%%A Ez OEV\ZE %

_ [N . ~ N
O(NCLEFDC)—OEM(O(D|V|de)+O(Knn))§— oEle 09, %»N E(m)

oM

Fixing M to be constant in all experimentation, then O(NCLEFDC) is:
O(NCLEFDC) = O(N-log, (N) + NA?) (12)

The algorithm does not always split the data set into two subsets with exactly the
same number of examples, otherwise it could split into subsets with a proportion
between 40%-60%. Then, the base of the logarithm in equation (11) could be lower
than 2, but even though the first addend would be always lower that N°.

The algorithm NCLEFDC is described below:

Dat aSet NCLEFDC(Dat aSet DS,int M{
/1 If there are nore exanples in the data set than M
/1l we divide the data set into two subsets
i f(#DS>M {
{Ds1, DS2} =Di vi de(DS, M ;
/1 The global result is the Union of the parti al
/1 result of the two recursive calls to NCLEFDC
return Uni on( NCLEFDC( DS1), NCLEFDC( DS2) ) ;
} else return NCLEF(DS); // base case
} // End of program

{Dat aSet DS1, Dat aSet DS2} Divi de(DataSet DS,int M {
M n=0;
Max=MaxNor mal i zedNor mi;
Exanpl e ERand;
for(iterations=1;iterations<Miterations++) {
ERand=RandonmExanpl eBet ween( DS, M n, Max) ;
above=Per cent Exanpl esW t hibr eNor ml( DS, ERand) ;
i f (above>=40 and above=<60) break; // good solution
/1 Redefine search interval
i f (above<40) Max=Nor nil( ERand);
i f (above>60) M n=Nor nil( ERand);
} // End of for
DS1=Exanpl esW t hLessNor mL( DS, ERand) ;
DS2=Exanpl esW t hMor eNor niL( DS, ERand) ;
}// End of Divide

The function Divide searches for an example e whose || ||, is a percentile between
40% and 60% in the distribution of al || ||,. Thisinterval is fixed as an approximation
of ‘equal number of examples'.
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5 Experimental Evaluation

A set of experiments were conducted to compare the performance of M5’, Cubist and
RT with and without NCLEFDC.

The well known heterogeneous data sets of the Torgo’s repository at LIACC [
are used. Each experiment consists of a Cross Validation (CV) with 10 folds. Besides,
itisemployed M LC++[@ with 2032 seed to make the experiments to be repeatable.

The result of a CV experiment is the Medium Average Deviation (MAD), but in the
forward tables it is shown the Relative Medium Average Deviation (RMAD) which is
the MAD divided by the MAD of the system that always predicts the average function.

Table 1. List of the data sets of the Torgo’s repository. The name, the number of examples
(#EX), the number of attributes (#Att) and the MAD of the system that aways predict the
average function (Av. MAD) are shown for each data set. Each data set is also numbered (N°)
to be referred forward using this number.

N° Name #Ex #Att Av.MAD| N° Name #Ex #Att Av.MAD
1 Abaone 4177 8 2,363| 16 Diabetes 43 2 2,363
2 Ailerons 13750 40 0,0003| 17 Elevators 16599 18 0,0046
3 Airpla.Com. 950 9 5,4852| 18 Friedman Ex. 40768 10 4,0648
4 Auto-Mpg 398 4 6,5459| 19 Housing 506 13 6,6621
5 Auto-Price 159 14  4600,65| 20 Kinematics 8192 8 0,2156
6 Bank 32NH 8192 32 0,0903| 21 Machine-Cpu 209 6 96,9004
7 Bank 8FM 8192 8 0,1236| 22 MvExample 40768 10 8,8932
8 Cd. Hou. 20640 9 91174,5| 23 PoleTele. 15000 48 37,2124
9 Cart Delve 40768 10 3,6069| 24 Pumadyn(32) 8192 32 0,0235

10 Census(16) 22784 16  32428,2| 25 Pumadyn(8) 8192 8 4,8659

11 Census(8) 22784 8  32428,2| 26 Pyrimidines 74 27 0,0957

12 Com.Act 8192 21 10,6326| 27 Servo 167 2 1,1662

13 Com.Act(s) 8192 12 10,6326| 28 Triazines 186 60 0,1187

14 DeltaAiler. 7129 5 0,0003| 29 Wisconsin 198 32 29,6833

15 DeltaEleva 9517 6 0,002

Table 2 shows that the use of NCLEFDC does not improve the performance
significantly because the data sets do not have enough noisy examples. Table 3 shows
the results when the 10% of training data are changed by noisy examples in each
execution of the CV (the test data are not modified). Under these circumstances the
performance of Cubist, M5 and RT gets better. So NCLEFDC removes examples
better than the embedded filters that use these systems.
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Table 2. RMAD of the MLS with and without the NCLEFDC filter. It is shown the RMAD for

each data set of Torgo’ s repository and the average of all RMADs (Av.) of aMLS

Only the systems NCLEFDC before the systems
Cubist 1.10 M5 RT 4.1| Cubist 1.10 M5 RT 4.1
1 105,16% 101,12% 100,46%|  104,63% 99,89% 100,46%
2 73,88% 66,67% 84,74% 73,88% 66,67% 84,74%
3 39,54% 33,82% 42,62% 39,54% 33,82% 39,14%
4 27,83% 28,01% 48,81% 27,83% 28,01% 48,76%
5 33,07% 31,75% 36,73% 33,65% 30,54% 36,70%
6 34,04% 34,41% 43,17% 34,7% 34,83% 34,45%
7 12,67% 11,69% 16,94% 12,60% 11,76% 17,20%
8 63,48% 64,24% 67,85% 63,06% 64,43% 71,23%
9 100,00% 50,00% 50,00%|  100,00% 50,00% 50,00%
10 19,37% 20,64% 24,33% 19,37% 20,43% 24,41%
11 17,88% 18,53% 22,90% 17,88% 18,45% 22,90%
12 50,67% 51,42% 52,40% 50,65% 51,57% 52,39%
13 58,47% 64,45% 70,21% 58,14% 63,23% 70,32%
14 26,38% 28,51% 30,64% 26,81% 28,51% 30,64%
15 15,89% 17,80% 22,65% 15,80% 17,89% 22,65%
16 55,61% 56,17% 66,70% 55,52% 56,17% 66,88%
17 22,07% 22,08% 22,43% 22,07% 22,08% 22,44%
18 6,37% 8,28% 8,78% 6,56% 8,25% 8,76%
19 52,41% 58,01% 57,93% 51,60% 57,47% 57,49%
20 49,67% 54,57% 54,56% 49,28% 54,28% 54,02%
21 38,89% 35,98% 41,68% 35,45% 35,94% 42,08%
22 50,00% 36,96% 52,17% 50,00% 36,96% 52,17%
23 23,83% 26,63% 33,88% 23,83% 26,70% 33,79%
24 100,00% 33,33% 33,33%|  100,00% 33,33% 33,33%
25 0,22% 0,97% 12,42% 0,22% 0,97% 12,36%
26 85,17% 81,80% 88,96% 89,89% 81,55% 89,72%
27 101,27% 97,49% 100,56%|  101,07% 97,16% 96,76%
28 30,88% 28,16% 40,53% 32,18% 27,57% 42,62%
29 55,00% 55,00% 55,00% 55,00% 55,00% 55,00%
Av. 46,54% 42,02% 47,70% 46,60% 41,84% 47,36%

Table 2 shows that there are no significant differences in the precision when
NCLEFDC is applied to no noisy data sets. However, the application of NCLEFDC to

noisy data sets (see Table 3) causes an improvement in the performance.
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Table 3. RMAD of the MLS with and without the NCLEFDC. It is shown the RMAD for each
data set of Torgo's repository and the average of all RMADs (Av) of a MLS The datain each
execution of aCV are modified with a 10% of noisy examples.

Only the systems NCLEFDC before the systems
Cubist 1.10 M5 RT 41| Cubist 1.10 M5 RT 4.1
1 98,19% 101,52% 96,18% 98,88% 98,50% 95,58%
2 76,05% 71,01% 90,44% 75,84% 69,85% 90,86%
3 41,22% 50,84% 53,20% 38,84% 40,98% 43,10%
4 54,59% 60,01% 79,86% 39,61% 43,19% 54,45%
5 38,85% 37,01% 43,45% 35,57% 34,32% 40,66%
6 46,13% 42,09% 53,64% 41,18% 40,42% 52,08%
7 19,66% 20,60% 25,72% 15,28% 14,98% 28,02%
8 64,60% 68,83% 73,61% 62,53% 64,25% 75,30%
9 100,00% 50,00% 50,00% 100,00% 50,00% 50,00%
10 35,88% 41,70% 41,97% 27,85% 33,15% 34,19%
11 26,26% 30,44% 34,39% 20,53% 23,55% 28,20%
12 53,01% 54,31% 55,26% 53,04% 53,32% 55,07%
13 64,75% 76,53% 82,57% 57,28% 69,35% 76,34%
14 31,20% 36,32% 37,61% 30,77% 36,32% 37,18%
15 33,94% 40,85% 41,38% 24,13% 32,91% 33,81%
16 58,02% 60,58% 72,82% 57,7% 59,65% 72,77%
17 23,02% 24,10% 26,27% 22,25% 22,50% 24,03%
18 14,27% 18,35% 18,98% 10,52% 12,23% 12,35%
19 57,33% 79,30% 76,55% 48,19% 62,31% 60,37%
20 50,08% 74,08% 73,12% 43,14% 56,42% 56,37%
21 42,11% 41,53% 49,54% 42,59% 39,72% 47,09%
22 52,63% 56,14% 68,42% 45,61% 42,11% 57,89%
23 25,43% 34,82% 44,17% 24,92% 32,48% 41,29%
24 100,00% 33,33% 66,67% 100,00% 33,33% 66,67%
25 7,38% 15,24% 17,32% 3,65% 7,19% 9,65%
26 97,13% 93,53% 95,25% 93,28% 95,74% 98,20%
27 157,47% 156,00%  152,13% 156,73%  152,29% 151,54%
28 45,21% 44,78% 51,63% 42,80% 40,01% 46,15%
29 55,00% 55,00% 60,00% 55,00% 55,00% 60,00%
Av. 54,12% 54,10% 59,73% 50,61% 48,83% 55,15%

6 Conclusions

This paper describes an algorithm that filters noisy continuous labeled examples from
adata set. Thisalgorithm uses knn to determineif an example isnoisy or not. knnis
helped by D& C in order to reduce its computational cost.

The quality of this algorithm has been evaluated by two criteria: the cost associated
to the filtering and the accuracy of M5', Cubist and RT when they use the filtered data
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set instead of the original one. The cost of the algorithm is O(Nlog,N+A’N) where N is
the number of examples and A isthe number of attributes.

It is shown experimentally that the accuracy of the latter systems is better when
they use thisfilter under the presence of noisy examples. However, the accuracy is the
same when there are no noisy examples.

A conclusion is that the performance of M5, Cubist and RT is worse under the
presence of noisy examples. Another conclusionisthat in our experiments NCLEFDC
deals with noisy examples better than the embedded al gorithms of the latter systems.

In this paper only basic principles are presented, but a lot remains could be done in
this area. We are interested in the following issues: (1) to calculate automatically the
stop condition of the D&C phase; (2) to extend this idea to a discrete labeled
examples; (3) to transfer the use of knn as noise detector to the area of feature
selection.
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Abstract. In this paper, we propose that the Case Based Reasoning (CBR)
paradigm offers an interesting alternative to developing adaptive hypermedia
systems, such that the inherent analogy-based reasoning strategy can
inductively yield a ‘representative’ user model and the case adaptation
techniques can be used for dynamic adaptive personalization of generic
hypermedia-based information content. User modeling is achieved by applying
an ontology-guided CBR retrieval technique to collect a set of similar past cases
which are used to form a global user-model. Adaptive personalization is
accomplished by a compositional adaptation technique that dynamically
authors a personalized hypermedia document—a composite of multiple fine-
grained information ‘snippets’—by selectively collecting the most relevant
information items from matched past cases (i.e. not the entire past solution) and
systematically amalgamating them to realize a component-based personalized
hypermedia document.

1 Introduction

Web-mediated information portals routinely suffer from their inability to satisfy the
heterogeneous needs of a broad base of information seekers. For instance, web-based
education systems present the same static learning content to learners regardless of
their individual knowledge of the subject; health information portals deliver the same
generic medical information to consumers with different health profiles; and web e-
stores offer the same selection of items to customers with different preferences.

A solution to this overly-simplified approach for ‘generic’ information delivery is
the development of adaptive hypermedia systems—web-based systems that belong to
the class of user-adaptive software systems—that have the ability to adapt their
behavior to the goals, tasks, interests and needs of individual users and group of users
[1]. An adaptive hypermedia system involves two distinct activities: (a) development
of a user model and (b) adaptation of static generic information content to user-
specific personalized content [2].

In this paper, we argue that the Case Based Reasoning (CBR) paradigm [3] offers
an interesting alternative to developing adaptive hypermedia systems [4], such that
the inherent analogy-based reasoning strategy can inductively yield a ‘representative’
user model and the case adaptation techniques can be used for dynamic adaptive
personalization of generic hypermedia-based information content [5]. In our work,
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user modeling is achieved by applying an ontology-guided CBR retrieval technique to
collect a set of similar past cases which are used to form a global user-model.
Adaptive personalization is accomplished via a novel compositional adaptation
technique that dynamically authors a personalized hypermedia document—a
composite of multiple fine-grained information ‘snippets’—by selectively collecting
the most relevant information items from matched past cases (i.e. not the entire past
solution) and systematically amalgamating them to realize a component-based
personalized hypermedia document. For concept explication purposes, we have
chosen the healthcare sector and present an adaptive hypermedia system designed to
dynamically author personalized healthcare information hypermedia content based on
an individual’s current health status/profile. The choice of the application domain is
driven by the need for information personalization in the healthcare sector [5, 6, 7], as
personalized health maintenance information is deemed to have a significant impact
in ensuring wellness maintenance both at the individual and community level.

2 CBR-Mediated Adaptive Personalization

Our CBR-mediated adaptive hypermedia system development approach builds on a
corpus of past cases specified by medical practitioners. Each case depicts a situation-
action construct, such that (a) the situation component defines the local user-model—
i.e. an individual’s Health Profile (HP)—in terms of attribute-value pairs (ideally
originating from the individual’s electronic medical record); and (b) the action
component comprises a corresponding Personalized Healthcare Information
Prescription (PHIP) that is composed of a number of fine-grain, Problem-focused
(hypermedia) Documents (PD). Each PD is designed to contain health maintenance
information pertaining to a specific medical problem/issue. Note that the PHIP is a
composite of multiple PDs, whereby each constituent PD is prescribed by a medical
practitioner in response to some facet (i.e. an attribute-value) of an individual’s HP.

2.1 Problem Specification

We argue that one limitation of traditional CBR approaches is that the recommended
solution/action to a new problem-situation—i.e. a new case—is taken as the entire
solution of the matched past case. In a healthcare information delivery context where
information accuracy is paramount it would be rather naive to assume that
heterogeneous individuals may have a similar HP or user model! Hence, it is argued
that the entire PHIP associated with matched past cases (i.e. existing user-profiles)
cannot be regarded as an accurate inferred solution to a new user-model.

In this scenario, adaptive personalization is characterized as the problem of
selective collection of only the relevant information ‘snippets’ from the multiple
matched past PHIPs, as opposed to selecting the entire PHIP (which may potentially
contain irrelevant or damaging information for a particular individual). We believe
that a component-based information representation and compilation strategy will
ensure that the healthcare content disseminated to an individual is specifically focused
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towards the individual’s prevailing healthcare needs, akin to the kind of personalized
service one enjoys from a visit to a medical practitioner [5].

2.2 Our Compositional Adaptation Strategy

We have devised a case adaptation strategy—based on notions of compositional
adaptation [8, 9]—that is applicable to the adaptation of a specialized class of cases in
which the case solution is a composite of individual sub-solutions; where each sub-
solution addresses a particular problem-defining attribute of a case. Our
compositional adaptation strategy is applicable to dynamic adaptive personalization of
hypermedia documents, as it allows the tailoring of a personalized documents via
user-profile driven selection of ‘generic’ information snippets (analogous to sub-
solutions) from an ensemble of past-compiled hypermedia documents. The systematic
amalgamation of ‘relevant’ information snippets yields a unified personalized
document corresponding to a particular user-model. Figure 1 shows our CBR-
mediated compositional adaptation strategy for adaptive hypermedia personalization.

Local user-model Global user-model Adaptive :ersanallz.ed

personalization rmedia document|
P K
Ok
N=7/ 4

..

S

Case Base

(Personalized
hypermedia)

c cfc c|lc
e
Current HP defined Compositional adaptation The final composite
over 7 different Set of matched past cases. of past solutions. The PDs solution, derived by
attributes with values Each HP attribute is associated with each HP synthesizing the
shown as patterns associated with a PD attribute are adapted for relevant PDs from

the final composite solution multiple past cases.

Fig. 1. A pictorial illustration of our CBR-Mediated compositional adaptation based strategy
for generating adaptive personalized hypermedia documents.

The rationale for our approach is grounded in the principle that since inter-case
similarity is determined at an attribute-level, therefore fine-grained solution
adaptation should also be conducted at the attribute-level. By adapting the attribute-
specific sub-solutions based on the attribute’s similarity measure we ensure that the
best matching attribute values impact the most on a selected segment of the
solution—i.e. the sub-solution component associated with the attribute—as opposed
to impacting the entire solution component [9]. In this way we are able to generate a
solution that contains components that reflect the best features—i.e. most relevant
information—of similar past solutions.
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3 An Algorithm for CBR-Mediated Adaptive Personalization

In this section we will discuss our compositional adaptation algorithm for performing
adaptive personalization of hypermedia documents. We will continue with the
exemplar application of generating a personalized health information package (PHIP)
based on a specific user-model (i.e. an individual’s HP).

3.1 Case Representation Scheme

The HP depicts a ‘local’ user-model defined in terms of a list of health specific
attributes as shown in Table 1. The HP, deemed as the problem description in a CBR
content, contains multi-valued attributes, where the domain of attribute-values is
determined from standard medical resources. In a CBR-context, the PHIP is deemed
as the solution component of a case. Structurally, the PHIP is a composite of multiple
PDs. Conceptually, each HP attribute is related to at least one PD in the solution
component.

Table 1. An exemplar HP illustrating the 7 information groups and their corresponding values.

Short-Term Current Current | Allerg- | Demograp- Lifestyle

Disease Illness Symptoms ies hic Data
(AD) (SD (©) (A) (DD)
Diabetes- High Temp. | Panadol Allergic | Age:56y Fitness: N
Mellitus Cough Bendryl Rhinitis | Sex : Male Diet : H
Hypertension Rashes Edu.: High Smoke: Y

3.2 User-Modeling: Case Retrieval Procedure

In CBR terms, user modeling involves the generation of a global user-model derived
based on the similarity between the local user-model (i.e. the HP) and a set of past
user-models. Given a local user-model, we retrieve a set of similar past user-models
based on similarity measures—referred as Total Weighted Distance (TWD). The
value of the TWD is derived as the sum of the individual Total Distance (TD)
between the corresponding attributes in the current and past user-models. This process
is akin to the case retrieval process in the CBR formalism. To illustrate our case
retrieval strategy, Table 2 shows an exemplar current HP; for illustration purposes we
will focus on a single HP attribute, namely Acute Disease (AD). In Table 2, the HP
section shows that the AD attribute has 3 values (given in uppercase typeface)—each
HP attribute-value code is derived as a combination of the class-code, sub-class-code
and the element-code originating from a medical taxonomy. Table 2 also illustrates
four matched Past Cases (PC) that are retrieved (note that we show the values for the
attribute AD in the past cases in a lowercase typeface).
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Table 2. Current HP and 4 matching past cases. Note that only the AD attribute is shown.

E o | AD =1-1-002,
E 5 AD, = 1-3-035,
S AD; = 2-1-004;
TR
5 8o | Adi=1-1:002, | ad;=12021, | ad, =1-1-020, ad, = 3-1-002,
& 5 g | ady=1-3-035, | ad,=2-1-003;, | ad,=1-3-035, ad, = 3-1-004,

ad; =2-1-004; | ad; =1-1-002; ad; = 2-1-004;

A domain-specific similarity matrix (as shown in Table 3) is used to determine the
attribute-level Degree of Similarity (DS)—the DS spans from perfect match to close
match to weak match and no match—between the current and past HP attribute-values
belonging to the same attribute. For instance, the attribute values 1-2-2001 and 1-2-
2002 will result in a DS of ‘close match’ as the class and sub-class codes match,
whereas the DS between the attribute values 1-2-2001 and 1-3-3004 is a ‘weak match’
because only the class code is similar.

Table 3. Similarity Matrix used to determine DS between the current HP and past HP attributes

Degree of Similarity Class Sub-Class Element Numeric Value
(DS) Code Code Code for DS

Perfect Match v v v 1
Close Match v v X 75
Weak Match v X X 25

No Match X X X 100

We trace below the steps involved in the calculation of TWD between a current HP
and a set of past HPs, leading to the retrieval of similar past cases.

Step 1 : Determine attribute-level Distance.

The idea is to establish equivalence between the current HP and a past case’s HP at
the attribute level. We calculate the DS between each current HP attribute-value with
respect to corresponding attribute-value(s) in each past case’s HP. Since each HP
attribute can have multiple values, we need to individually determine the DS for each
current HP attribute-value. The pseudo code for performing the same is given below;
for illustration purposes we consider matching the values for the current HP attribute
of ‘AD’ with the corresponding retrieved past case attribute of ‘ad ’.

For P = 1 to PCiotar {total is the no. of past cases}
For J = 1 to ADy {N = no. of AD values in current HP}
For K = 1 to ad, {m = no. of ad values in a past HP}

compare each AD; with all adg in PCp, using the
similarity matrix given in table 4 such that

DS[AD;, ad¢’] = similarity_matrix(AD;, ads® )
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Step 2 : Find the best matching attribute-value in the past HP.

For each current HP attribute-value, we find the best matching attribute-value(s) in
the past cases based on the value of DS(AD, , ad)). This is achieved by determining
the Distance (D) as shown in the pseudo code below:

For P = 1 to PCiotar
For J = 1 to ADy

For K = 1 to ad,

D = min(DS[AD, ,ad"1)

AD,

P

where DZ%’j implies that AD, best matches with the attribute-value ad, in the past
case P, and the variable D holds the distance measure between AD, and ad, which
would be the minimum for all ad values in the past case P. Note that we individually

»
calculate DZ%’j for all the past cases. Using the current HP and the set of past cases

given in Table 2, we present a trace of the calculation of DS in Table 4.

Step 3 : Calculate the Total Distance for each current HP attribute.

For each current HP attribute, we calculate its distance with the corresponding
attribute in a specific past case. Since each attribute can have multiple values, the TD
is derived via averaging the individual matching D’s associated with the multiple
attribute-values. Note that a D, value of 100 refers to a non-match and hence it will
not included in the calculation of the TD. We calculate a separate TD for each current

HP attribute for all past cases as follows:
For P = 1 to PCigtal

N
TD;, = D, IN
K=l

P . . .
where TD ap refers to the total distance of the current HP attribute of AD with the same

attribute in the past case P, and N is the number of non-zero D,,. Note that the same
procedure is applied to calculate the TD for the other four attributes in the current HP,
given as TDy, TD,, TD, and TD,. In Table 5, we illustrate the calculation of TD for
the current HP attribute of AD as per the procedure mentioned above.

Step 4 : Calculate the Total Weighted Distance for each past case.

We use the individual TD values for all the current HP attributes with respect to a
specific past case to calculate the TWD between the entire current HP and the HP
component of a specific past case. The case-level distance is weighted—i.e. the user
can modulate the influence of each attribute in the determining the similarity between
the current and past HPs.

Step 5: Retrieve similar past cases to form global user model.
Finally, we retrieve all past cases that have a TWD less than a pre-defined threshold.
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Table 4. Calculation of DS and TD for the current HP and the set of past cases. The legend
(AD, = ad,) implies that the attribute value AD; matches with value ad,.

P|J| K| DS[AD,ad’] | TD, [l P | J | K | DS[AD,ad’] | TD
1

1 1 (AD1 > adl) 25 (ADl -> adl)
1 2 75 1 2 75
3 100 3 100
1 75 1 75
1|2 2 1 (AD, = ady) 1.00 3 2 2 1 (AD; 2 ady) 9.00
3 100 3 100
1 100 1 100
3 2 100 3 2 100
3 1 (AD; = ady) 3 1 (AD; 2 ady)
1 75 1 100
1 2 100 1 2 100
3 1 (ADl -> adg)
1 75 (AD, = ady) 1 100
2] 2 2 100 33.67 4 2 2 100 100.00
3 100
1 100 1 100
3 2 25 (AD; = ad,) 3 2 100
3 100

Table 5. Calculation of the TWD of the current HP with the HP component of the past cases.
The TDs for attribute other than AD are set to 50 for illustration purposes only.

Past Case TD, TD, TD, TD, TD, TWD Case Retrieved
(TWD < 55)
PC, 0 50 50 50 \

1.00 5 40.20

PC, 33.67 50 50 50 50 46.73 N
PC; 9.00 50 50 50 50 41.80 \
PC, 100.00 | 50 50 50 50 60.00 X

3.3 Adaptive Personalization via Compositional Adaptation

In the adaptive personalization stage, we personalize the solution component of the
retrieved past cases to generate an individual-specific solution—i.e. a PHIP. As per
our compositional adaptation approach, for each HP’s attribute-value we select the
most relevant past sub-solution (which manifests as a specific PD) from the entire
solution of the retrieved past cases. The processing sequence is as follows: (i) Each
attribute-value of the current HP is mapped to a set of matching attribute-values in the
retrieved past cases; (ii) the PD associated with the matching past case’s attribute
value is selected; and (iii) the set of selected PDs are systematically amalgamated to
yield the most representative PHIP. We explain below our compositional adaptation
technique, building upon the case retrieval mechanism described earlier.

Step 1: Calculate the Relative Distance of each matched current HP value.

We determine the Relative Distance (RD) of each current HP attribute-value with
respect the attribute-level distance (calculated earlier as D) and case-level distance
(calculated earlier as TWD) for each retrieved past case as follows:
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For P = 1 to PCretrievea

For K = 1 to N {N = total no. of matched AD value}
ad f _ azd_iD P
RD,; = (D an, Wiy +TWD™ Wy, MW ia +Wryp)

dl . . . .
where RDZ p, 18 the relative distance between the current HP attribute-value AD,

and the corresponding attribute-value ad, in the retrieved past case P (shown in Table
7). Here, we introduce two user-specified weights W, . —and W, to impact the
influence of attribute-level and case-level similarity, respectively.

Table 7. Calculation of RD of each AD attribute-value with the corresponding attribute-values
in the three retrieved cases.

P ad? ad?

k | p|twor| % | Dis | RD ADg | Temp | NRD”,px
1 1-1-002 1 28.44 0.38
1 [2] 020 [ 11002 [ 1 33.01 1| 0092 [ 033
3 1-1-020 25 36.76 0.29
1 13035 | 1 2844 040
2 [2| 4673 [12021 | 75 5521 2 | 0086 | 021
3 1-3-035 1 29.56 0.39
1 2-1-004 1 28.44 0.38
3 2 41.80 2-1-003 25 40.21 3 0.092 0.26
3 2-1-004 1 29.56 0.36

Step 2 : Calculate the Normalized Relative Distance of current HP values.
To acquire a uniform range of RD’s over the entire set of current-HP attribute values
we calculate the Normalized Relative Distance (NRD) of a specific current HP
attribute-value (say AD) over the entire set of retrieved past cases (i.e. PC_ . ):
For K = 1 to ADy
PCrpievea
ad®
Temp,, = Z l/RD
pP=l
Next, the NRD for the attribute-value AD for a retrieved past case P is calculated:

NRD!S =1/(Temp,, *RDs

af . . . .
where NRDZD"K is the normalized relative distance between the current HP

attribute-value AD, and the attribute-value ad_in the past case P, shown in Table 7.

Step 3 : Determine the appropriateness of available solution components.

Since each current HP attribute-value can match with one or more past case attribute-
value, there exist the possibility that a current HP attribute-value can be associated
with multiple PDs. We select the most appropriate PDs (from the set of collected
PDs) for each current HP attribute-value. This is achieved by determining the
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Appropriateness Factor (AF) of all the available PDs via the aggregation of their
NRD over the entire set of retrieved cases in the following manner:
For I = 1 to ADy

d P P Cm/rivved d P

a X —_— a X

AF = Y NRD.
P=l

»
where AF :g; is the appropriateness factor for the PD associated with the

attribute-value ad, in the past case P with respect to the current HP attribute-value of
AD,. Next, we compare the AF for each PD against a pre-defined threshold; if the AF
of a PD exceeds the threshold then it is included in the final solution.

The Output: A Personalized Document Comprising Multiple Sub-Documents.

Table 8 shows the final calculations of AF for the 9 candidate PDs (note that there are
only 6 distinct PDs). For attribute AD;, we have two distinct candidate PDs: PD 1-1-
002 from two past cases—i.e. PC; and PC,; and PD 1-1-020 from PC;. Since, PD 1-1-
002 is recommended by two past cases it has a stronger bias for being included in the
final solution, as is reflected by its AF value. In this way, our compositional
adaptation strategy favors those PDs that are recommended by multiple past solutions.

Table 8. Selection of the most appropriate PDs based on their AF values. The selection criteria
is AF,;, > 0.35. The selected PDs represent the final solution component (i.e. PHIP).

P P Selected PDs as the
AD, ad’ = PD FINAL SOLUTION
\I

ad' = 1-1-002 0.38 071
. /1“?)62 ad’® = 1-1-002 0.33 . (1-1-002)
(1-1-002) ad® = 1-1-020 0.29 0.28 X
ad' = 1-3-035 0.40 N
; /;1323 . ad® = 1-3-035 0.39 0.79 (1-3-035)
(1-3-035) ad® = 1-2-021 0.21 0.21 X
ad' = 2-1-004 0.38 N
LAD ad® = 2-1-004 0.36 0.74 (2-1-004)
(2-1-004) ad?® = 2-1-003 0.26 0.26 X

The composition of the final solution (shown in the last column of Table 8) clearly
illustrates an adaptive personalization affect whereby the final PHIP comprises three
PDs, one each for AD,, AD, and AD,. The solution for AD, is collected from past
cases 1 and 2, whereas the solution for AD, is collected from past cases 1 and 3. This
is in accordance with our compositional adaptation approach that posits the collection
of the most appropriate sub-solutions from all the retrieved past cases as opposed to
the selection of the entire solution of the most similar past case.

4 Concluding Remarks

In this paper, we have presented an interesting compositional adaptation technique
that is applied to problem of adaptive hypermedia design. We conclude that our
compositional adaptation approach is well-suited for personalized hypermedia
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document generation, if the hypermedia document is a composite of multiple fine-
grained information ‘snippets’. In this scenario, we design a personalized hypermedia
document by selecting the most appropriate sub-solutions (or information snippets)
from all the retrieved past cases. From our experiments, we have determined that (a)
the higher the frequency of occurrence of a particular sub-solution across the various
retrieved past cases, the higher its appropriateness towards the current solution; and
(b) the appropriateness of a particular sub-solution is more accurately determined by
taking into account both its individual appropriateness factor and the similarity
measure of the entire past case with the current problem description.

Finally, we believe that the said compositional adaptation mediated personalization
approach can be used for a variety of applications such as education material
personalization based on academic performance, stock market reporting and advice
based on user-specific portfolio, tourist information based on user-specific criterion
and so on; the only constraint being the availability of a large volume of past cases.
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Abstract. We present a new algorithm called Ordered Classification,
that is useful for classification problems where only few labeled examples
are available but a large test set needs to be classified. In many real-world
classification problems, it is expensive and some times unfeasible to ac-
quire a large training set, thus, traditional supervised learning algorithms
often perform poorly. In our algorithm, classification is performed by a
discriminant approach similar to that of Query By Committee within the
active learning setting. The method was applied to the real-world astro-
nomical task of automated prediction of stellar atmospheric parameters,
as well as to some benchmark learning problems showing a considerable
improvement in classification accuracy over conventional algorithms.

1 Introduction

Standard supervised learning algorithms such as decision trees (e.g. [112]), in-
stance based learning (e.g. [3]), Bayesian learning and neural networks require
a large training set in order to obtain a good approximation of the concept to
be learned. This training set consists of instances or examples that have been
manually, or semi-manually, analyzed and classified by human experts. The cost
and time of having human experts performing this task is what makes unfeasible
the job of building automated classifiers with traditional approaches in some do-
mains. In many real-world classification problems we do not have a large enough
collection of labeled samples to build an accurate classifier. The purpose of our
work is to develop new methods for reducing the number of examples needed for
training by taking advantage of large test sets.

Given that the problem setting described above is very common, an increas-
ing interest from the machine learning community has arisen with the aim of
designing new methods that take advantage of unlabeled data. By allowing the
learners to effectively use the large amounts of unlabeled data available, the size
of the manual labeled training sets can be reduced. Hence, the cost and time
needed for building good classifiers will be reduced, too. Among the most popu-
lar methods proposed for incorporating unlabeled data are the ones based on a
generative model, such as Naive Bayes algorithm in combination with the Expec-
tation Maximization (EM) algorithm [4J5J6I7/8]. While this approach has proven
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to increase classifier accuracy in some problem domains, it is not always appli-
cable since violations to the assumptions made by the Naive Bayes classifier will
deteriorate the final classifier performance [9l10]. A different approach is that of
co-training [11/10], where the attributes describing the instances can naturally
be divided into two disjoint sets, each being sufficient for perfect classification.
One drawback of this co-training method is that not all classification problems
have instances with two redundant views. This difficulty may be overcome with
the co-training method proposed by Goldman and Zhou [12], where two differ-
ent learning algorithms are used for bootstrapping from unlabeled data. Other
proposals for the use of unlabeled data include the use of neural networks [13],
graph mincuts [T4], Semi-Supervised Support Vector Machines [T5] and Kernel
Expansions [16], among others.

In this paper we address the problem of building accurate classifiers when the
labeled data are insufficient but a large test set is available. We propose a method
called Ordered Classification (OC), where all the unlabeled data available are
considered as part of the test set. Classification with the OC is performed by
a discriminant approach similar to that of Query By Committee within the
active learning setting [T7/I8/T9]. In the OC setting, the test set is presented
to an ensemble of classifiers built using the labeled examples. The ensemble
assigns labels to the entire test set and measures the degree of confidence in its
predictions for each example in the test set. According to a selection criterion
examples with a high confidence level are chosen from the test set and used
for building a new ensemble of classifiers. This process is repeated until all the
examples from the test set are classified.

We present some experimental results of applying the OC to some benchmark
problems taken from the UCI Machine Learning Repository [20]. Also, as we
are interested in the performance of this algorithm in real-world problems, we
evaluate it on a data set obtained from a star catalog due to Jones [21] where
the learning problem consists in predicting the atmospheric parameters of stars
from spectral indices. Both types of experiments show that using the OC results
in a considerable decrease of the prediction error.

2 The Ordered Classification Algorithm

The goal of the OC algorithm is to select those examples whose class can be
predicted by the ensemble with a high confidence level in order to use them
to improve its learning process by gradually augmenting an originally small
training set. How can we measure this confidence level? Inspired by the selection
criterion used in previous works within the active learning setting (e.g. [T7J18]
19]) we measure the degree of agreement among the members of the ensemble.
For real-valued target functions, the confidence level is given by the inverse of
the standard deviation on the predictions of the ensemble. Examples with low
standard deviation in their predicted target function are considered more likely
to be correctly classified by the ensemble, thus these examples are selected and
added to the training set. For discrete target functions we measure the confidence
level by computing the entropy on the classifications made by the ensemble on
the test set. Again, examples with low entropy values are selected for rebuilding
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the ensemble. The test set is considered as the unlabeled data since they do
not have a label indicating their class, so from now on we will use the words
unlabeled data and test set to refer to the same set.

Our algorithm proceeds as follows: First, we build several classifiers (the en-
semble) using the base learning algorithm and the training set available. Then,
each classifier predicts the classes for the unlabeled data and we use these pre-
dictions to estimate the reliability of the predictions for each example. We now
proceed to select the n previously unlabeled examples with the highest confi-
dence level and add them to the training set. Also, the ensemble re-classifies all
the examples added until then, if the confidence level is higher than the previous
value then the labels of the examples are changed. This process is repeated until
there are no unlabeled examples left. See Table 1 for an outline of our algorithm.

The OC can be used in combination with any supervised learning algorithm.
In the experimental results presented here, when the learning task involves real-
valued target functions we used Locally Weighted Linear Regression (LWLR)
[Bl; for discrete-valued target functions we used C4.5 [2]. The next subsections
briefly describe these learning algorithms.

2.1 Ensembles

An ensemble of classifiers is a set of classifiers whose individual decisions are
combined in some way, normally by voting. In order for an ensemble to work
properly, individual members of the ensemble need to have uncorrelated errors
and an accuracy higher than random guessing. There are several methods for
building ensembles. One of them, which is called bagging [22], consists of manip-
ulating the training set. In this technique, each member of the ensemble has a
training set consisting of m examples selected randomly with replacement from
the original training set of m examples (Dietterich [23]). Another technique simi-
lar to bagging manipulates the attribute set. Here, each member of the ensemble
uses a different subset randomly chosen from the attribute set. More informa-
tion concerning ensemble methods, such as boosting and error-correcting output
coding, can be found in [23]. The technique used for building an ensemble is
chosen according to the learning algorithm used, which in turn is determined by
the learning task. In the work presented here, we use bagging when C4.5 [2] is
the base learning algorithm; and the one that randomly selects attributes when
using Locally Weighted Regression [3].

2.2 The Base Learning Algorithm C4.5

C4.5 is an extension to the decision-tree learning algorithm ID3 [I]. Only a brief
description of the method is given here, more information can be found in [2].
The algorithm consists of the following steps:

1. Build the decision tree form the training set (conventional ID3).

2. Convert the resulting tree into an equivalent set of rules. The number of
rules is equivalent to the number of possible paths from the root to a leaf
node.



Improving Classification Accuracy of Large Test Sets 73

Table 1. The ordered classification algorithm

I, is a matrix whose rows are vectors of attribute values

L is the class label

S is the training set, given by the tuple [Is, L]

U is the unlabeled test set

A is initially empty and will contain the unlabeled examples added to the training set

1. While U # @ do:
— Construct E, the ensemble containing k classifiers
— Classify U and estimate reliability of predictions
— V are the n elements of U for which the classification assigned by the
ensemble is most reliable

~-S=5UV
—-U=U-V
— A=AUV

— Classify A using E' and change the labels of the examples with higher
confidence level
2. End

3. Prune each rule by removing any preconditions that result in improving its
accuracy, according to a validation set.

4. Sort the pruned rules in descending order according to their accuracy, and
consider them in this sequence when classifying subsequent instances.

Since the learning tasks used to evaluate this work involve nominal and numeric
values, we implemented the version of C4.5 that incorporates continuous values.

2.3 Locally Weighted Linear Regression

LWLR belongs to the family of instance-based learning algorithms. These al-
gorithms build query specific local models, which attempt to fit the training
examples only in a region around the query point. They simply store some or all
of the training examples and postpone any generalization until a new instance
must be classified. In this work we used a linear model around the query point
to approximate the target function.

Given a query point x,, to predict its output parameters y,, we assign to
each example in the training set a weight given by the inverse of the distance
from the training point to the query point: w; = qu%X\

Let W, the weight matrix, be a diagonal matrix with entries wy, ..., w,. Let
X be a matrix whose rows are the vectors xi,...,X,, the input parameters of
the examples in the training set, with the addition of a “1” in the last column.
Let Y be a matrix whose rows are the vectors yq,...,y,, the output parameters
of the examples in the training set. Then the weighted training data are given
by Z = WX and the weighted target function is V"= WY . Then we use the
estimator for the target function y, = x[ (27 2)~'Z"V.
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Table 2. Description of Data sets

name cases|features|% Cont.|%Discr.
chess 3196 37 0 100
lymphography | 148 19 0 100
credit 653 16 60 40
soybean 266 36 0 100
spectral indices| 651 24 100 0

3 Experimental Results

In order to assess the effectiveness of the OC algorithm we experimented on some
learning tasks taken from the UCI Machine Learning Repository [20] as well as
on an astronomical data set of spectral indices due to Jones [2I]. In Table 2l we
present a description of each data set used.

In all the experiments reported here we used the evaluation technique 10-fold
cross-validation, which consists of randomly dividing the data into 10 equally-
sized subgroups and performing ten different experiments. We separated one
group along with their original labels as the validation set; another group was
considered as the starting training set; the remainder of the data were considered
the test set. Each experiment consists of ten runs of the procedure described
above, and the overall average are the results reported here.

3.1 Benchmark Experiments

We described in this subsection the experiments with the data sets of the UCI
Machine Learning Repository. To analyze the effectiveness of the Ordered Clas-
sification algorithm we performed three different experiments and compared the
resulting accuracy. In the first type of experiment we built an ensemble of classi-
fiers, with seven members, using C4.5 and the training set available. The test set
was then classified by this ensemble and the resulting classification error rates
are presented in Table [l under the column named standard. In the next type of
experiment we built again an ensemble with seven members, C4.5 and the train-
ing set available. This time a random selection of n examples from the test set
was made and added to the training set until the complete test set was classified.
We set n = %, where T is the training set. The error rates for this experiment
are also in Table [l under the feature random selection. The column named OC
presents the results of experimenting using our algorithm. Parameters k& and n
where set to the same values as the previous experiment.

The main difference between random selection and the OC algorithm is that
the former does not measures the confidence level on the predictions of the
ensemble, it simply selects randomly which unlabeled examples are going to be
added in the training process. We performed the random selection experiment
with the purpose of finding if the selection criterion used in the OC algorithm
gives better results than simply using labeled examples selected randomly.
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Table 3. Comparison of the error rates

standard|random selection| OC
lymphography| 0.2912 0.2668 0.2567
chess 0.0551 0.0523 0.0419
soybean 0.2714 0.2255 0.1947
credita 0.0952 0.0915 0.0848

Unsurprisingly, the error rates of random selection are lower than the tradi-
tional C4.5, but in all the learning tasks, the lowest error rates were obtained
with our algorithm. We can notice that by incrementally augmenting a small
training set we can boost accuracy of standard algorithms. The advantage of
using our algorithm over random selection is that we are maximizing the infor-
mation gained by carefully selecting unlabeled data, and that is the reason why
we can improve further classifier accuracy. For these benchmark problems error
reductions of up to 29% were attained. Results from Table [B] suggest that the
OC algorithm is the best alternative.

x10"°
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Fig. 1. Stellar spectrum

3.2 Prediction of Stellar Atmospheric Parameters

We introduce here the problem of automated prediction of stellar atmospheric
parameters. As mentioned earlier, we are interested in the applicability of our
algorithm to real-world problems. Besides, we know that important contribu-
tions might emerge from the collaboration of computer science researchers with
researchers from different scientific disciplines.
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Table 4. Comparison of mean absolute errors in the prediction of stellar atmospheric
parameters

traditional|random selection| OC
Teff[K] 147.33 133.79 126.88
Log g[dex]| 0.3221 0.3030 0.2833
Fe/H 0.223 0.177 0.172

In order to predict some physical properties of a star, astronomers analyze its
spectrum, which is a plot of energy flux against wavelength. The spectra of stars
consists of a continuum, with discontinuities superimposed, called spectral lines.
These spectral lines are mostly dark absorbtion lines, although some objects can
present bright emission lines. By studying the strength of various absorption
lines, temperature, composition and surface gravity can be deduced. Figure [
shows the spectrum of a star from the data set we are using.

Instead of using the spectra as input data, a very large degree of compres-
sion can be attained if we use a measurement of the strength of several selected
absorption lines that are known to be important for predicting the stellar atmo-
spheric parameters. In this work we use a library of such measurements, which
are called spectral indices in the astronomical literature, due to Jones [21]. This
dataset consists of 24 spectral indices for 651 stars, together with their estimated
effective temperatures, surface gravities and metallicities. It was observed at Kitt
Peak National Observatory and has been made available by the author at an
anonymous ftp site at the National Optical Astronomy Observatories(NOAO).

For the learning task of predicting stellar atmospheric parameters we used
LWLR as the base learning algorithm. Results from the experiments are pre-
sented in Table @l which presents the mean absolute errors for the three types
of experiments performed. Each experiment was carried out as explained in the
previous subsection. We can observe that the lowest error rates were attained
when using our algorithm. An error decrease of up to 14% was reached taking
advantage of the large test set available. However, both learners that used un-
labeled data outperformed the traditional Locally Weighted Linear Regression
Algorithm.

A different experiment was performed to analyze the effect of using the OC
algorithm with training sets of different sizes. Figure 2l shows a graphical com-
parison of predicting the stellar atmospheric parameter metallicity using an en-
semble of LWLR and the OC algorithm. From these results we can conclude
that even when standard LWLR performs satisfactory well with a large enough

training set, OC can take advantage of the test set and outperform accuracy of
LWLR.

4 Conclusions

The Ordered Classification algorithm presented here was successfully applied to
the problem of automated prediction of stellar atmospheric parameters, as well
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Fig. 2. Error Comparison between an ensemble of C4.5 and the OC algorithm as the
number of training examples increases

as evaluated with some benchmark problems proving in both cases to be an
excellent alternative when the labeled data are scarce and expensive to obtain.

Results presented here prove that poor performance of classifiers due to a
small training sets can be improved upon when a large test set is available or
can be gathered easily. One important feature of our method is the criterion by
which we select the unlabeled examples from the test set -the confidence level
estimation. This selection criterion allows the ensemble to add new instances that
will help obtain a better approximation of the target function; but at the same
time, this discriminative criterion decreases the likelihood of hurting the final
classifier performance, a common situation when using unlabeled data. From
experimental results we can conclude that unlabeled data selected randomly
improve the accuracy of standard algorithms, moreover, a significant further
improvement can be attained when we use the selection criterion proposed in
this work.

Another advantage of the algorithm presented here is that it is easy to imple-
ment and given that it can be applied in combination with almost any supervised
learning algorithm, the possible application fields are unlimited.

One disadvantage of this algorithm is the computational cost involved. As
expected, the running time of our algorithm increases with the size of the test
set. It evaluates the reliability of every single examples in the test set, thus
the computational cost is higher than traditional machine learning approaches.
However, if we consider the time and cost needed for gathering a large enough
training set, for traditional algorithms, our approach is still more practical and
feasible.

Some directions of future work include:

— Extending this methodology to other astronomical applications.
— Performing experiments with a different measure of the confidence level.
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— Experimenting with a heterogeneous ensemble of classifiers.
— Performing experiments with other base algorithms such as neural networks.
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Abstract. Cross-validation (CV) is the most accurate method available
for algorithm recommendation but it is rather slow. We show that in-
formation about the past performance of algorithms can be used for the
same purpose with small loss in accuracy and significant savings in ex-
perimentation time. We use a meta-learning framework that combines
a simple IBL algorithm with a ranking method. We show that results
improve significantly by using a set of selected measures that represent
data characteristics that permit to predict algorithm performance. Our
results also indicate that the choice of ranking method as a smaller effect
on the quality of recommendations. Finally, we present situations that
illustrate the advantage of providing recommendation as a ranking of
the candidate algorithms, rather than as the single algorithm which is
expected to perform best.

1 Introduction

The problem selecting an appropriate algorithm for a given data set is commonly
recognized as a difficult one [TJ2]. One approach to this problem is meta-learning,
which aims to capture certain relationships between the measured data set char-
acteristics and the performance of the algorithms. We adopt a framework which
uses the IBL algorithm as a meta-learner. The performance and the usefulness
of meta-learning for algorithm recommendation depends on several issues. Here
we investigate the following hypotheses:

— data characterization: can we improve performance by selecting and
transforming features that we expect to be relevant?

— ranking method: given that there are several alternatives, can we single
out one which is better than the others?

— meta-learning: are there advantages in using meta-learning, when com-
pared to other alternatives?

— type of recommendation: is there advantage in providing recommenda-
tion in the form of ranking, rather than recommending a single algorithm?

F.J. Garijo, J.C. Riquelme, and M. Toro (Eds.): IBERAMIA 2002, LNAI 2527, pp. 80-§9] 2002.
(© Springer-Verlag Berlin Heidelberg 2002
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We start by describing the data characteristics used (Section [2). In Section
Bl we motivate the choice of recommending a ranking of the algorithms, rather
than a single algorithm. We also describe the IBL ranking framework used and
the ranking methods compared. Ranking evaluation is described in Section
Next, we describe the experimental setting and present results. In Section[6, we
present some conclusions.

2 Data Characterization

The most important issue in meta-learning is probably data characterization. We
need to extract measures from the data that characterize relative performance of
the candidate algorithms, and can be computed significantly faster than running
those algorithms. It is known that the performance of different algorithms is
affected by different data characteristics. For instance, k-Nearest Neighbor will
suffer if there are many irrelevant attributes [3].

Most work on meta-learning uses general, statistical and information theo-
retic (GSI) measures or meta-attributes [24]. Examples of these three types of
measures are number of attributes, mean skewness and class entropy, respectively
[5]. Recently, other approaches to data characterization have been proposed (e.g.
landmarkers [6]) which will not considered here.

As will be described in the next section, we use the k-Nearest Neighbor
algorithm for meta-learning, which, as mentioned above, is very sensitive to
irrelevant and noisy attributes. Therefore, we have defined a small set of measures
to be used as meta-features, using a knowledge engineering approach. Based on
our expertise on the learning algorithms used and on the properties of data that
affect their performance, we select and combine existing GSI measures to define
a priori a small set of meta-features that are expected to provide information
about those properties. The measures and the properties which they are expected
to represent are:

— The number of examples discriminates algorithms according to how scalable
they are with respect to this measure.

— The proportion of symbolic algorithms is indicative of the preference of the
algorithm for symbolic or numeric attributes.

— The proportion of missing values discriminates algorithms according to how
robust they are with respect to incomplete data.

— The proportion of numeric attributes with outliers discriminates algorithms
according to how robust they are to outlying values, which are possibly
due to noisdl. An attribute is considered to have outliers if the ratio of the
variances of mean value and the a-trimmed mean is smaller than 0.7. We
have used a = 0.05.

— The entropy of classes combines information about the number of classes
and their frequency, measuring one aspect of problem difficulty.

! Note that we have no corresponding meta-attribute for symbolic attributes because
none was available.
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— The average mutual information of class and attributes indicates the amount
of useful information contained in the symbolic attributes.

— The canonical correlation of the most discriminating single linear combina-
tion of numeric attributes and the class distribution indicates the amount of
useful information contained in groups of numeric attributes.

More details about the basic features used here can be found in [5]. We
note all three proportional features shown above represent new combinations of
previously defined data characteristics.

3 Meta-learning Ranking Methods

Here we have used the meta-learning framework proposed in [7]. It consists of
coupling an IBL (k-NN) algorithm with a ranking method. The adaptation of k-
NN for ranking is simple. Like in the classification version, the distance function
is used to select a subset of cases (i.e. data sets) which are most similar to the
one at hand. The rankings of alternatives (i.e. algorithms) in those cases are
aggregated to generate a ranking which is expected to be a good approximation
of the ranking in the case at hand (i.e. is expected to reflect the performance of
the algorithms on the data set at hand).

Several methods can be used to aggregate the rankings of the selected neigh-
bors. A ranking method specific for multicriteria ranking of learning algorithms
is proposed in [7]. Here we will focus on three ranking methods that take only
accuracy into account [8]. These methods represent three common approaches
to the comparison of algorithms in Machine Learning, as described next.

Average Ranks Ranking Method. This is a simple ranking method, inspired
by Friedman’s M statistic [0]. For each data set we order the algorithms according
to the measured error rates] and assign ranks accordingly. The best algorithm
will be assigned rank 1, the runner-up, 2, and so on. Let r; be the rank of
algorithm j on data set i. We calculate the average rank for each algorithm
7= (>, r;) /m, where n is the number of data sets. The final ranking is obtained
by ordering the average ranks and assigning ranks to the algorithms accordingly.

Success Rate Ratios Ranking Method. As the name suggests this method
employs ratios of success rates (or accuracies) between pairs of algorithms. For
each algorithm j, we calculate SRR; = Y-, ¢/[]; SR:/SRj /m where SR} is
the accuracy of algorithm j on data set ¢, n is the number of data sets and m
is the number of algorithms. The ranking is derived directly from this measure,
which is an estimate of the average advantage/disadvantage of algorithm j over
the other algorithms. A parallel can be established between the ratios underlying
this method and performance scatterplots that have been used in some empirical
studies to compare pairs of algorithms [10]

2 The measured error rate refers to the average of the error rates on all the folds of
the cross-validation procedure.
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Significant Wins Ranking Method. This method builds a ranking on the
basis of results of pairwise hypothesis tests concerning the performance of pairs of
algorithms. We start by testing the significance of the differences in performance
between each pair of algorithms. This is done for all data sets. In this study we
have used paired ¢ tests with a significance level of 5%. This is the highest of
the most commonly used values for the significance level not only in AI, but
in Statistics in general [9]. We have opted for this significance level because we
wanted the test to be relatively sensitive to differences but, at the same time, as
reliable as possible. We denote the fact that algorithm j is significantly better
than algorithm k on data set ¢ as SR; > SR};. Then, we construct a win table for
each of the data sets as follows. The value of each cell, le &> indicates whether
algorithm j wins over algorithm k on data set ¢ at a given significance level and
is determined in the following way:

' 1 iff SR§ > SR}:?
W;’k =< —1if SR, > SR;- (1)
0 otherwise

Note that W; = —W,jy ; by definition. Next, we calculate pw; x for each pair
of algorithms j and k, by dividing the number of data sets where algorithm j is
significantly better than algorithm %k by the number of data sets, n. This value
estimates the probability that algorithm j is significantly better than algorithm
k. The ranking is obtained by ordering the pw; = (>, pw; ) /(m — 1) obtained
for each algorithm j, where m is the number of algorithms. The kind of tests
underlying this method is often used in comparative studies of classification
algorithms.

In Section [§] we present the results of an empirical study addressing the
following hypotheses:

— Given the sensitivity of the Nearest-Neighbor algorithm to the quality of the
attributes, the subset of meta-features selected is expected to provide better
results than the complete set which is commonly used.

— The SRR ranking method is expected to perform better than the other two
methods because it exploits quantitative information about the differences
in performance of the algorithms.

— Our meta-learning approach is expected to provide useful recommendation
to the users, in the sense that it enables them to save time without much
loss in accuracy.

The results are obtained with the evaluation methods described in the next
section.

4 Evaluation of Rankings and Ranking Methods

Ranking can be seen as an alternative ML task, similar to classification or re-
gression, which must therefore have appropriate evaluation methods. Here we
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will use two of them. The first one is the methodology for evaluating and com-
paring ranking methods that has been proposed earlier for meta-learning [g].
The rankings recommended by the ranking methods are compared against the
true observed rankings using Spearman’s rank correlation coefficient [9]. An in-
teresting property of this coefficient is that it is basically the sum of squared
errors, which can be related to the commonly used error measure in regression.
Furthermore, the sum is normalized to yield more meaningful values: the value
of 1 represents perfect agreement and -1, perfect disagreement. A correlation
of 0 means that the rankings are not related, which would be the expected
score of the random ranking method. We note that the performance of two or
more algorithms may be different but not with statistical significance. To ad-
dress this issue, we exploit the fact that in such situations the tied algorithms
often swap positions in different folds of the N-fold cross-validation procedure
which is used to estimate their performance. Therefore, we use N orderings to
represent the true ideal ordering, instead of just one. The correlation between
the recommended ranking and each of those orderings is calculated and its score
is the corresponding average. To compare different ranking methods we use a
combination of Friedman’s test and Dunn’s Multiple Comparison Procedure [9]
that is applied to the correlation coefficients.

The second evaluation method is based on an idea which is quite common in
Information Retrieval. It assumes that the user will select the top N alternatives
recommended. In the case of ranking algorithms, the performance of the top N
algorithms of a ranking will be the accuracy of the best algorithm in that set.

5 Results

Before empirically investigating the hypotheses in the beginning of this paper,
we describe the experimental setting.

Our meta-data consists of 53 data sets mostly from the UCI repository [I1]
but including a few others from the METAL projectE (SwissLife’s Sisyphus data
and a few applications provided by DaimlerChrysler). Ten algorithms were ex-
ecuted on those data setd]: two decision tree classifiers, C5.0 and Ltree, which
is a decision tree that can introduce oblique decision surfaces; the IB1 instance-
based and the naive Bayes classifiers from the MLC++ library; a local imple-
mentation of the multivariate linear discriminant; two neural networks from the
SPSS Clementine package (Multilayer Perceptron and Radial Basis Function
Network); two rule-based systems, C5.0 rules and RIPPER; and an ensemble
method, boosted C5.0. Results were obtained with 10-fold cross-validation using
default parameters on all algorithms.

At the meta-level we empirically evaluated the k-NN approach to ranking
using a leave-one-out method.

3 Esprit Long-Term Research Project (#26357) A Meta-Learning Assistant for Pro-
viding User Support in Data Mining and Machine Learning (www.metal-kdd.org).
* References for these algorithms can be found in [6].
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Fig. 1. Mean correlation obtained by SW ranking method for increasing number of
neighbors using two sets of GSI data characteristics: reduced and extended.

5.1 Comparison of Data Characterizations

Figure [l shows the mean average correlation for increasing number of neighbors
obtained by SW ranking method using two different sets of meta-features: the
reduced set (Section B) and an extended set with 25 measures used in previous
work [7]. We observe that the results are significantly better with the reduced set
than with the extended set. We also observe that the quality of the rankings ob-
tained with the reduced set decreases as the number of neighbors increases. This
is not true when the extended set is used. These results indicate that the mea-
sures selected do represent properties that affect relative algorithm performance.
The shape of the curves also indicates that the extended set probably contains
many irrelevant features, which, as is well known, affects the performance of the
k-NN algorithm used at the meta-level. Similar results were obtained with the
other two ranking methods, AR and SRR.

5.2 Comparison of Ranking Methods

In this section we compare the three ranking methods described earlier for two
settings of k-NN on the meta-level, k=1 and 5, using the reduced set of meta-
features. The 1-NN is known to perform often well [I2]. The 5 neighbors represent
approximately 10% of the 45 training data sets, which has lead to good results
in a preliminary study [7]. Finally we also evaluated a simple baseline setting
consisting of applying the ranking methods to all the training data sets (i.e.,
52-NN).

In the next section, we analyze the results of concerning the final goal of pro-
viding useful recommendation to the users. But first, we will compare the three
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Fig. 2. Comparison of mean average correlation scores (7s) obtained with the 1-NN,
5-NN and the baseline (52-NN) combined with the three ranking methods, AR, SRR
and SW.

ranking methods to each other. We observe in Figure[2 that for k=1, SW obtains
the best resulf?l For k=5, AR is the best method and significantly better than
the other two, according to Friedman’s test (95% confidence level) and Dunn’s
Multiple Comparisons Procedure (75% confidence level). Comparing the results
of the three baselines, we observe that AR is the best at finding a consensus
from a set of very diverse rankings. This is consistent with previous results that
showed good performance of AR [§]. The results of SRR are somewhat surprising
because earlier results in the baseline setting indicated that it was a competi-
tive method [8]. However, the results presented in that paper were based on less
meta-data (only 16 data sets).

Comparing these results to the ones presented in the previous section, we
observe that the choice of an adequate data characterization yields larger gains
in correlation than the choice of ranking method.

5.3 How Useful Is the Recommendation Provided?

In this section, we start by comparing the gains obtained with the k-NN approach
to ranking when compared to the baseline ranking methods. Next, we take a more
user-oriented view of the results, by analyzing the trade-off between accuracy
and time obtained by the algorithm recommendation method described when
compared to cross-validation.

We observe in Figure [2 that meta-learning with k-NN always improves the
results of the baseline (52-NN), for all ranking methods. Friedman’s test (95%

5 As expected, it not significantly different from the other two ranking methods for
k=1, because no aggregation is performed with only one data set.
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confidence level) complemented with Dunn’s Multiple Comparison Procedure
(75% confidence level) shows that most of the differences are statistically signif-
icant. The exceptions are the pairs (1-NN, baseline) and (1-NN, 5-NN) in the
AR method and (5-NN, baseline) in the SRR method.

We also observe that there is a clear positive correlation between the recom-
mended rankings generated and the ideal rankings. The critical value for Spear-
man’s correlation coefficient (one-sided test, 95% confidence level) is 0.5636.
Given that we are working with mean correlation values, we can not conclude
anything based on this critical value. However, the fact that the values obtained
are close to the statistically significant value is a clear indication that the rank-
ings generated are good approximations to the true rankings.

The evaluation performed so far provides information about the ranking as
a whole. But it is also important to assess the quality of the recommendation
provided by the meta-learning method in terms of accuracy. Since recommenda-
tion is provided in the form of a ranking, we don’t know how many algorithms
the user will run. We use an evaluation strategy which is common in the field of
Information Retrieval, basically consisting in the assumption that the user will
run the top N algorithms, for several values of N. This strategy assumes that the
user will not skip any intermediate algorithm. This is a reasonable assumption,
although, as mentioned earlier, one of the advantages of recommending rankings
is that the user may actually skip some suggestions, due to personal preferences
or other reasons. In this kind of evaluation, we must take not only accuracy into
account but the time required to run the selected algorithm(s). If accuracy is the
only criterion that matters, i.e. there are no time constraints, the user should
run all algorithms and choose the most accurate.

The cross-validation strategy will be used as a reference to compare our
results to. It is the most accurate algorithm selection method (an average of
89.94% in our setting) but it is very time consuming (more than four hours in
our setting). As a baseline we will use boosted C5.0, which is the best algorithm
on average (87.94%) and also very fast (less than two min.). We also include the
Linear Discriminant (LD), which is the fastest algorithm, with an average time
of less than five seconds.

The results of the SW method using 1 neighbor and the reduced set of meta-
features are presented in Figure Bl assuming the selection of the first 1, 2 or 3
algorithms in the ranking. For each selection strategy (including the baselines),
we plot the average loss in accuracy (vertical axis), when compared to CV,
against the average execution time (horizontal axis). In the ranking setting,
when the algorithm recommended in position N was tied with the one at N+1,
we selected, from all the tied algorithms, the ones with the highest average
accuracy (in the training data sets) such that exactly N algorithms are executed.
The results demonstrate the advantage of using a ranking strategy. Although
the Top-1, with an average loss of accuracy of 5.16%, does not seem to be very
competitive in terms of accuracy, if the user is willing to wait a bit longer, he/she
could use the Top-2 algorithms. The time required is quite good (less than five
min., while CV takes more than three hours, on average) and the loss in accuracy
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Fig. 3. Evaluation of several algorithm selection strategies (Linear Discriminant,
boosted C5.0, Top-1, 2 and 3) according to two criteria (accuracy loss when com-
pared to CV and time). Note that cross-validation takes on average more than three
hours.

is only of 1.23%. Running another algorithm, i.e. running the Top-3 algorithms
would provide further improvement in accuracy (1.06% loss) while taking only
a little longer.

Comparing to the baselines, we observe that even the Top-1 strategy will be
much more accurate than LD but the latter is faster. The comparison of Top-1
with boosted C5.0 is, at first sight, not very favorable: it is both less accurate
and slower. However, the Top-2 and Top-3 strategies compete well with boosted
C5.0: they are both more accurate but take more time (although, as mentioned
above, they still run in acceptable time for many applications).

6 Conclusions

We have investigated different hypotheses concerning the design of a meta-
learning method for algorithm recommendation. First, we compared a large set
of general, statistical and information-theoretic meta-features, commonly used
in meta-learning, with one of its subsets, containing measures that represent
properties of the data that affect algorithm performance. This selection has
significantly improved the results, as would be expected, especially considering
that the k-NN algorithm was used at the meta-level. We plan to compare this
approach to data characterization with new approaches, like landmarking.
Next, we analyzed a few variants of the recommendation method. We com-
pared two different settings of the k-NN algorithm (k=1 and 5) and three
different ranking methods to generate a ranking based on information about the
performance of the algorithms on the neighbors. We observed that meta-learning
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is beneficial in general, i.e. results improve by generating a ranking based on the
most similar data sets. The differences in performance between the three ranking
methods, although statistically significant in some cases, are not so large as the
ones obtained with the selection of meta-features.

Finally, we have compared the results obtained with our ranking approach
with the most accurate method for algorithm recommendation, cross-validation
(CV) and with boosted C5.0, the best algorithm on average in our set, in terms
of accuracy and time. The results obtained show that the strategy of running the
Top-2 or 3 algorithms achieves a significant improvement in time when compared
to CV (minutes compared to hours) with a small loss in accuracy (approximately
1%). Furthermore, it competes quite well with boosted C5.0, which is faster but
less accurate.
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Abstract. Logic-Based Argumentation (LBA) exhibits unique prop-
erties and advantages over other kinds of argumentation proceedings,
namely: the adequacy to logic-based pre-argument reasoning, similarity
to the human reasoning process, reasoning with incomplete information
and argument composition and extension. Logic enables a formal
specification to be built and a quick prototype to be developed. In order
for LBA to achieve feasibility in Electronic Commerce scenarios, a set
of properties must be present: self-support, correctness, conjugation,
temporal containment and acyclicity. At the same time, LBA is shown
to achieve stability in argument exchange (guaranteed success problem)
and, depending on the definition of success, computational efficiency at
each round (success problem).

Keywords: logic-based argumentation, electronic commerce, success
problem, guaranteed success problem.

1 Introduction

The use of logic (be it propositional, extended logic programming, modal or any
other sort) enables systems to be modeled with the added benefit of mathe-
matical correctness and avoidance of ambiguity. Logic programming tools even
provide a working prototype for the modeled system, amazingly reducing the
time between formal specification and prototype development/testing. Argu-
mentation systems benefit from the use of logic for two reasons: the intrinsic
logic behind argumentation [IJ7] and the already stated benefits in the software
development cycle.
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Electronic Commerce (EC) environments provide an unparalleled arena for
the combination of logic and argumentation [5]. Logic provides the formal tools
for the sound development of agents and agent reasoning mechanisms. Argumen-
tation provides a way to exchange justified information among business coun-
terparts (be it in Business-to-Consumer — B2C — or Business-to-Business — B2B
— scenarios) or even to develop negotiation techniques that aim at shorter times
for each deal (with more information present at each stage) [L1J16]. However, the
feasibility of Logic-Based Argumentation (LBA) for EC can only be determined
if two problems are approached:

— EC-directed properties: in order for LBA to be feasible for EC, arguments
must exhibit properties that may lead to reducing algorithmic complexity,
guarantee acyclicity and deliver correction, just to name a few;

— complexity of success and guaranteed success problems: once the
desired kind of arguments and an algorithm are chosen, feasibility can only be
achieved by argumentation procedures which enable success determination
and guarantee success with a relatively low cost.

On section 2 a formalization for LBA is presented, together with advantages,
mathematical foundations and the proof of each necessary property for EC fea-
sibility. On section 3 the success and guaranteed success problems are stated
and the complexity for LBA is presented. Finally, sections 4 and 5 show related
work and some conclusions.

The main contributions of this work are: (i) deliver the power of mathemat-
ical logic to argumentative procedures in EC; (ii) state the main advantages
of LBA; (iii) state and prove some of the most important properties for feasi-
ble argumentation; (iv) determine if LBA provides success determination and if
success is guaranteed.

2 Logic-Based Argumentation for Electronic Commerce

Although the use of logic has been questioned in the field of argumentation [12],
logic-based argumentation still presents a set of characteristics which can not be
measured by a simplistic computational efficiency metric, such as [56]:

— adequacy to logic-based approaches to pre-argument reasoning:
some agent development strategies [8[15] define a stage that precedes the
instant an agent starts to articulate an argument. This stage is called pre-
argument reasoning and enables the agent to reason about such things as the
right to deal some product or the right to deal with some counterpart. Due
to the fundamental use of logic as a formalization tool and the manipulation
of a logic Knowledge Base (KB) [§] a set of rules is available in order for an
argument to be formulated;

— similarity to the human reasoning processes: the use of logical mech-
anisms in reasoning and, in special, such inference mechanisms as modus
ponens, enable easy construction of rules even by non-experts. On the other
hand, the set of available rules (in an agent’s KB) is largely human-readable;
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— reasoning with incomplete information: the use of null values [2[7], in
combination with negation as failure, enables the use of incomplete informa-
tion and a reasoning mechanism that deals with uncertainty (i.e., the un-
known valuation in clauses). An agent is able to construct arguments where
some of the steps are not taken as simple true or false elements;

— argument composition and extension: the set of logical elements (rules)
which compose an argument may be extended in order to strengthen the
argument conclusion, therefore inumerous compositions might be available,
which permits easy adaption to the specific kind of argument intention (e.g.,
information exchange). On the other hand, taking an argument for A and
the insertion of a rule such as B <~ A, an argument for B is easily reached;

2.1 Mathematical Foundations

Extended Logic Programming (ELP) is a useful, simple and powerful tool for
problem solving. If argumentation in EC-oriented agents is to be addressed
through ELP the structure of each agent’s KB needs to be defined. This KB
is considered to be a collection of organized clauses (logic theory OT") that en-
able inferencing and, therefore, action justification and argument construction.

Definition 1. (knowledge clause) The knowledge available in each agent is
composed of logic clauses of the form ry, : Piyji1 < Pi APy A...AP;_1 Anot Py \
... \not Piy;., where 1,5,k € Ny, Py, ..., Piyj41 are literals; i.e, formulas of the
form p or —p, where p is an atom. In these clauses i, not, Piiji1, and PLAPy A
. APi_1Anot P;A\...Anot Py stand, respectively, for the clause’s identifier, the
negation-as-failure operator, the rule’s consequent, and the rule’s antecedent.
If i = j = 0 the clause (rule) is called fact and represented as ry : Py.

An ELP program (IIgyp) is seen as a set of knowledge clauses as the ones pre-
sented above. Arguments are to be constructed from inference sequences over an
agent’s KB (in fact, a IIgrp). The use of ELP in the KB enables a three-valued
approach to logical reasoning [4J2I8] which leads to the possibility of using null
values to represent incomplete information. These null values combined with
a meta-theorem solver enable the construction of arguments that rely not only
on rules that are positively triggered (i.e., their logical valuation after variable
instantiation is ¢rue) but on all the three logical valuations: true, false and un-
known. This reasoning over incomplete and unknown information is extremely
important in EC scenarios due to the pervasive nature of fuzzy negotiation sit-
uations (e.g., agent A is able to deal product P with agent B using the set of
conditions C7, however it is not known if it can do the same thing with a set Cs
— leading to further dialog).

Definition 2. (negotiation argument) Taking ordered theory OT’, a negotia-
tion argument is a finite, non-empty sequence of rules (r1, ...,demo(r;, Vi), ..., )
such that, for each sequence rule r; with P as a part of the antecedent, there is
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a sequence rule r; (i < j) on which the consequent is P (demo(r;,V;) represents
the meta-theorem solver application over rule r; and valuation V;).

The conclusion of an argument relates to the consequent of the last rule used
in that same argument. Therefore, having in mind the use of such premise in
further definitions, a formal statement of argument conclusion is to be reached.

Definition 3. (conclusion) The conclusion of an argument Ay = (ry,...,ry),
conc(Ay), is the consequent of the last rule (r,) an none other than that one.

Notice that, through the current definition of negotiation argument, it is possible
to build incoherent arguments; i.e., it is possible to build arguments where there
are rules that attack (deny) previous rules stated in the sequence. The formal
characterization of coherency is provided in terms of a constraint statement in
the form:

Definition 4. (coherency) An argument Ay = (rq,...,7y) is said to be “coher-
ent” iff =34, ,a,;ai, a; € subarguments(A) Ni # j : a; attacksa;.

Taking into account the two forms of argument attack (conclusion denial and
premise denial), a conflict among two opposing agents (e.g., buyer/seller) can
be formally stated.

Definition 5. (conflict/attack over negotiation arguments)
Let Ay = (ri,1,...,71,n) be the argument of agent 1 and As = (r21,...,72.m) be
the argument of agent 2. Then,

(1) Ay attacks As iff A1 executes a conclusion denial attack or a premise denial
attack over As; and

(2) Ay executes a conclusion denial attack over As iff and conc(A;) =
—conc(Asy); and

(8) Ay executes a premise denial attack over As iff Ira; € As — conc(As) :
conc(Ar) = g ;.

Once coherent arguments are exchanged, a negotiation history (set of exchanged
arguments) of the sender agent to the receiver agent can be defined.

Definition 6. (history) The argumentation history of agent A to agent B is
hasp = (41,458, 42458, ..., An A-B).

It is also important to state that argumentation procedures (i.e., the exchange
of arguments amongst agents on a particular issue) should exhibit acyclicity.
Once some conclusion has been put forward by one of agents and attacked by
a counterpart, that same conclusion can not be put forward and attacked once
again due to the danger of an argumentative cycle.

Definition 7. (termination) Given the argumentation histories ha—p, hp— A
and arqguments A; € ha,p and Aj; € hp_ 4, H%ij) conc(A;) = P N\ conc(4;) =
=P in order to deliver argumentative acyclicity and termination.
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2.2 Properties

After stating the mathematical foundations of LBA, it is now possible to present
and prove a set of theorems that establish its most important features. By prov-
ing the validity of such properties, it is possible to ensure that EC-directed
arguments based on the present LBA system ensure correction and feasibility.
EC needs: arguments which are supported and inferred from the specific knowl-
edge of each agent (self-support property), truthful agents (non-contradiction
property), easy to combine arguments (conjugation property), non-monotonous
knowledge bases to capture the commercial reality (temporal containment prop-
erty) and an acyclic line of argument generation (acyclicity property).

In order to prove many of these properties it must be ensured that stable
time intervals are considered, once if long range reasoning is assumed and given
the non-monotonous characteristics of each agent’s KB (necessary to faithfully
express real-world commerce) contradictory arguments might be generated. The
arguments in an LBA system for EC exhibit, therefore, a set of properties pre-
sented in terms of the statements:

Theorem 1. (self-support) Given a stable time interval, argument A; €
ha_p and having A1 = P, then KBy P.

Proof. By A1 € ha_,p and the definition of argument, A1 = (rq,...,r,) being
r; € KB4. Therefore, KB4 2 A; F P and by consequence KB F P.

It is then proved that agent A can only support its arguments by the knowl-
edge present at its own KB. a

Corollary 1. Given a stable time interval, Ay € ha—,p and having conc(A;) =
P, then KBy - P.

Theorem 2. (correctness or non-contradiction) Given a stable time inter-
val, arguments A1 € hp_ya, As € ha_p, As € ha_c, Ay € ho_ A, argument
conclusions conc(Ay) = =P, conc(Az) = P, conc(Az) = P and an attack of Ag
over Az, then conc(Ay) # —P.

Proof. If an attack of A4 over Az takes place, either the conclusion or the
premises of Az are denied by A4. Assuming each situation separately:

— conclusion attack: conc(Ay) = —conc(As) = —P. Taking into account that
Ay € KBy, then KBy F —P. However, the KB of each agent is coherent
and by conc(As) = P it is know that KBy b P, therefore it must be stated
that conc(Ay) # —P; and

— premise attack: conc(Ay) = ~Q (Q € As — [conc(A3)]). By the definition of
argument conclusion and by conc(Az) = P it is known that conc(Ay) # —P.

It is then proved that agent A is unable to “lie” (i.e., state =P after having
stated P in the same time frame). a
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Theorem 3. (conjugation) Given a stable time interval, argument A; €
ha_p, argument Ay € ha_p, conc(A1) = Py, conc(As) = Py and a general
rule Q < Py, Ps., then argument A = Ay ® Ay ® Q + Py, Py. (where ©® stands
as the concatenation operator) delivers conc(A) = Q.

Proof. Taking conc(4;1) = P and conc(As) = P, then by the definition
of argument and argument conclusion, argument A is valid only if A" =
(P, P2, Q < Py, Py.) is valid (due to the fact that the justifications for A; and
As are independent). Once again, by the definition of argument, A’ is valid and,
by the definition of argument conclusion, conc(A) = Q.

It is then proved that agent A is able to compose valid arguments into new
arguments with combined conclusions. |

Theorem 4. (temporal containment) Given time instants t1 # ta,
KBy, (the agent’s KB at time instant t1), KBy, (the agent’s KB at time in-
stant ta), argument A = (ry,...,rn), r; € KB, and conc(A) = P, then it can
not be concluded that KBy, F P.

Proof. Proceeding by an absurd reduction proof, assume that with time instants
t1 # to, KBy, KBy,, argument A = (rq,...,7,), r; € KBy, and conc(A) = P,
then it can be concluded that KB, - P. By having, for example, KB, =
{a; b+ a,c.}, KBy, = {—a.}, t1 # t3 and A = (a), it can be concluded that
conc(A) = a and, by the taken assumption, K B;, b a, however by looking at
KB, is is easily seen that K By, ¥ a. The initial assumption is, therefore, false.

It is then proved that the fact that an argument is generated at a given time
instant, does not mean that the KB of that same agent is able to generate that
same argument at a different time instant. O

Theorem 5. (acyclicity) Given an acyclic KB, then VA, A € ha_,p generated
from KB is acyclic.

Proof. Take the Atom Dependency Graphs [4] ADG4 and ADGkp (ie., a
graph which has ground atoms at each vertex and directed edges labeled with
(P;, P}, s), representing the existence of a rule with P; at the head, P; in the
body and s € {+, —} if the atom is positive or negative, respectively) derived
from the ELP programs present at A and K B, respectively. Having A C KB,
if V;(ui,uip1) € edges(ADG ) (with u; € vertices(ADG 4)) then (u;,uiq1) €
edges(ADG k) (with u; € vertices(ADGgp)). If a cycle exists within ADG 4,
i (us, u;) € edges(ADG4) and due to A C KB, 3;(u;,u;) € edges(ADGgkp),
once ADG g is acyclic a cycle in ADG 4 can not exist.

It is then proved that an acyclic ELP KB (which implies a terminating pro-
gram [4)3]) delivers acyclic (therefore, terminating) arguments. O
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3 The Success and Guaranteed Success Problems

Although the presented properties show that LBA has the necessary semantic
and syntactic soundness to be used in EC environments, it must be proved that
computational feasibility is also present. It must be shown that LBA protocols
exhibit computational feasibility at each round and, at the same time, stability
or termination is reached. These problems are also known as the success and
guaranteed success problems, respectively.

In a negotiation process, through which the acceptability region of each
agent is constrained [11], there is an active adversarial process that proceeds
by an argument/counter-argument mechanism, where an agent successively at-
tacks another agent’s premises or conclusions. On the other hand, there is a
different situation where argumentation is used as a way of exchanging justified
information and support the decision-making process. Therefore, the success and
guaranteed success problems have to be considered for these two situations.

3.1 The Success Problem

In the case of EC-directed negotiation, success can be measured in many ways
(e.g., the number of “victories” over a set of rounds, or the lowest argument
length average), however in pragmatic terms victory rarely depends on a suc-
cessful history of arguments (which serve in adversarial argumentation, as a way
to constrain the acceptability space of each agent) but rather on the conclu-
sions of the present round (which may be the last or just a step on the overall
argumentation history).

Definition 8. (success) A  set of exchanged LBA  arguments
ULjeAgents,#j hi—; exhibits success if /\MeAgmt&#j CONCert (A|th|) ¥ oL,
where conceyt(), Agents and Ajn,_,;| stand, respectively, for the extended
conclusion, the set of involved agents and the last argument sent from agent
i to agent j. The extended conclusion results from extending the conclu-
sion function by assigning logic values to two specific situations: concession
(an agent quits by agreeing with the counterparts’ conclusions) and drop-out
(an agent quits by refusing to agree with the counterparts’ conclusions), formally:

T, if concession
concezt(A) =< L, if drop — out .
conc(A), otherwise

Considering that each conclusion is a ground literal, the previous definition of
success leads to an algorithm that searches for the presence of | or the presence

of both P and —P, which can easily be done in O (|Agents|2). However, if

success is defined in terms of the total argument and not only its conclusion,
by assuming propositional rules an equivalent to the logic satisfiability problem
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is achieved, which is proven to be NP-complete [20/10]. By assuming DATALOG
restrictions, complexity is proven to be EXPTIME-complete [10].

In the case of a non-adversarial argument exchange, the existence of premise
and conclusion-denial situations lead to a much easier way to solve the success
problem. In an EC-directed environment where non-adversarial argumentation
occurs (typically B2B situations), each agent presents (in an informative way)
what it can deduce from its knowledge about the world, therefore conce,+() on
Definition [8is to be changed to allow a permanent success situation:

concezt(A) =T.

3.2 The Guaranteed Success Problem

Although it is important to determine the eventual success at each argumenta-
tion round, LBA for EC can only be considered feasible if the guaranteed success
problem is not computationally intractable; i.e., it is possible to achieve stability
on the set of exchanged arguments. The pragmatic characteristics of EC do not
support large (or even infinite) argument exchange sets.

In the case of non-adversarial argumentation (e.g., many B2B situations), the
necessity to reach a stable situation does not directly arise. Though each agent
uses the premise and conclusion denial tools to generate counter-arguments, the
aim of such action is not to arrive at an agreement on some knowledge but rather
a cooperative information exchange [7]. Therefore, success is guaranteed at each
round.

Adversarial argumentation is more complex than the non-adversarial one. By
considering that each argument was built through the use of a language based
on propositional Horn clauses £ C it has been proven that the guaranteed suc-
cess problem for such a language is co-NP-complete [20]. Nonetheless such an
approach, the expressiveness from the desired ELP is reduced to propositional
logic while maintaining an high algorithmic complexity. However, the set of prop-
erties present in LBA (and previously proven) yield an interesting conclusion,
that is now stated in the form:

Theorem 6. Assuming that each round is a stable time interval, then adver-
sarial LBA exhibits guaranteed success.

Proof. Given the stable time interval of a round, Properties [@ (non-
contradiction) and [A (acyclicity), and Definition [7 (termination), it is easy to
conclude that each agent can not generate argumentative cycles through “lies”
or arguments with cyclic clauses and, at the same time, it can not incur in the
use of arguments which have been denied by a counterpart.

Being ng the finite size of the Atom Dependency Graph (i.e., the total number
of edges and vertexes) associated with the knowledge of a given agent (ADG k),
the argumentative process proceeds, round by round, on an acyclic argumenta-
tive path, progressively constraining the possible set of usable inferences to per-
form premise and conclusion-denial attacks. Therefore, ADG g g has the number
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of traversable edges and vertexes, in order to reach some conclusion P, progres-
sively reduced:

N, N1, N2y ooy My, Mo > N1 > Ng > ool > Ny

where n; is the size of the traversable ADG kg at each round. It is then easy to
see that, in a number of steps lower than ng (therefore finite), no path will be
available on ADGkp and a concession or drop-out occurs. O

4 Related Work

The study of argumentation through mathematical logic (especially ELP) goes
back to work done by Loui [14], Simari et al. [I8], and by Kowalski and Toni
[13]. Formalization through reasoning models happened even earlier by Toulmin
[19] and, in philosophical terms, during Classic Antiquity.

The use of LBA in the Law arena, is present in the work of Prakken and Sartor
[17). However, the use in EC scenarios was proposed by Jennings et al. [LI]. The
formalization and viability study for B2C, B2B and cooperative argumentation
was approached by Brito and Neves [5l6] combined with a presentation of a
4-step approach to agent development by Brito et al. [7]9].

A complexity study on the use of logic in negotiation has been presented by
Wooldridge and Parsons [20].

5 Conclusions

The use of ELP is important either to formally specify the reasoning mechanisms
and the knowledge exchange in EC scenarios, or to quickly develop a working
prototype. LBA exhibits a set of characteristics which are unique to this kind of
argumentation: it deals with incomplete information and is similar to the human
reasoning processes.

A formal way that will endorse adversarial or even cooperative argument ex-
changes in EC implies that an important set of characteristics need to be present
on LBA, namely: self-support, correctness, conjugation, temporal containment
and acyclicity. It has been proven that, through the present LBA formalization,
the necessary properties are available.

However it is necessary to evaluate, at each round, the success of an argumen-
tative procedure and it must be proven that stability is reached at some stage
(guaranteed success). These questions are extremely important in EC scenarios
and condition the feasibility and viability of LBA for EC. It has been proven
that for non-adversarial situations the success and guaranteed success problems
are trivially solved. As for adversarial situations, the success problem can be
reduced to polynomial complexity (depending on the definition of success) and
there is guaranteed success.
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Abstract. A hybrid neuro-symbolic problem solving model is presented
in which the aim is to forecast parameters of a complex and dynamic en-
vironment in an unsupervised way. In situations in which the rules that
determine a system are unknown, the prediction of the parameter val-
ues that determine the characteristic behaviour of the system can be a
problematic task. The proposed model employs a case-based reasoning
system to wrap a growing cell structures network, a radial basis func-
tion network and a set of Sugeno fuzzy models to provide an accurate
prediction. Each of these techniques is used in a different stage of the
reasoning cycle of the case-based reasoning system to retrieve, to adapt
and to review the proposed solution to the problem. This system has
been used to predict the red tides that appear in the coastal waters of
the north west of the Iberian Peninsula. The results obtained from those
experiments are presented.

1 Introduction

Forecasting the behaviour of a dynamic system is, in general, a difficult task, es-
pecially when dealing with complex, stochastic domains for which there is a lack
of knowledge. In such a situation one strategy is to create an adaptive system
which possesses the flexibility to behave in different ways depending on the state
of the environment. An artificial intelligence approach to the problem of fore-
casting in such domains offers potential advantages over alternative approaches,
because it is able to deal with uncertain, incomplete and even inconsistent data
numerically represented. This paper presents a hybrid artificial intelligence (AI)
model for forecasting the evolution of complex and dynamic environments that
can be numerically represented. The effectiveness of this model is demonstrated
in an oceanographic problem in which neither artificial neural network nor sta-
tistical models have been sufficiently successful.

However, successful results have been already obtained with hybrid case-
based reasoning systems [1J2J3] used to predict the evolution of the temperature
of the water ahead of an ongoing vessel, in real time. The hybrid system pro-
posed in this paper presents a new synthesis that brings several Al subfields

F.J. Garijo, J.C. Riquelme, and M. Toro (Eds.): IBERAMIA 2002, LNAI 2527, pp. 101-[I10] 2002.
© Springer-Verlag Berlin Heidelberg 2002
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together (CBR, ANN and Fuzzy inferencing). The retrieval, reuse, revision and
learning stages of the CBR system use the previously mentioned technologies
to facilitate the CBR adaptation to a wide range of complex problem domains
and to completely automate the reasoning process of the proposed forecasting
mechanism.

The structure of the paper is as follows: first the hybrid neuro-symbolic model
is explained in detail, then a case of study is briefly outlined and finally the results
are analyzed together with the conclusions and future work.

2 Overview of the Hybrid CBR Based Forecasting Model

In this paper, a method for automating the CBR reasoning process is presented
for the solution of complex problems in which the cases are characterised predom-
inantly by numerical information. Figure [ illustrates the relationships between
the processes and components of the proposed hybrid CBR system. The diagram
shows the technology used at each stage, where the four basic phases of the CBR
cycle are shown as rectangles.

Fig. 1. Hybrid neuro-symbolic model.

The retrieval stage is carried out using a Growing Cell Structures (GCS) ANN
[]. The GCS facilitates the indexation of cases and the selection of those that



A Hybrid CBR Model for Forecasting in Complex Domains 103

are most similar to the problem descriptor. The reuse and adaptation of cases
is carried out with a Radial Basis Function (RBF) ANN [5], which generates
an initial solution creating a forecasting model with the retrieved cases. The
revision is carried out using a group of pondered fuzzy systems that identify
potential incorrect solutions. Finally, the learning stage is carried out when the
real value of the variable to predict is measured and the error value is calculated,
updating the knowledge structure of the whole system.

When a new problem is presented to the system, a new problem descriptor
(case) is created and the GCS neural network is used to recover from the case-
base the k most similar cases to the given problem (identifying the class to which
the problem belongs, see Figure B2)).

In the reuse phase, the values of the weights and centers of the RBF neural
network used in the previous forecast are retrieved from the knowledge-base.
These network parameters together with the k retrieved cases are then used
to retrain the RBF network and to obtain an initial forecast (see Figure [2).
During this process the values of the parameters that characterise the network
are updated.

Fig. 2. Summary of technologies employed by the hybrid model.

In the revision phase, the initial solution proposed by the RBF neural network
is modified according to the response of the fuzzy revision subsystem (a set of
fuzzy models). Each fuzzy system has been created from the RBF network using
neurofuzzy techniques [6] as it will be seen later.

The revised forecast is then retained temporarily in the forecast database.
When the real value of the variable to predict is measured, the forecast value
for the variable can then be evaluated, through comparison of the actual and
forecast value and the error obtained (see Figure[2). A new case, corresponding
to this forecasting operation, is then stored in the case-base. The forecasting
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error value is also used to update several parameters associated with the GCS
network, the RBF network and the fuzzy systems.

2.1 Growing Cell Structures Operation

To illustrate the working model of the GCS network inside the whole system, a
two-dimensional space will be used, where the cells (neurons) are connected and
organized into triangles [4]. Each cell in the network (representing a generic case),
can be seen as a “prototype” that identifies a set of similar problem descriptors.
The basic learning process in a GCS network is carried out in three steps.

In the first step, the cell ¢, with the smallest distance between its weight
vector, w., and the actual case, z, is chosen as the winner cell. The second step
consists in the adaptation of the weight vector of the winning cells and their
neighbours. In the third step, a signal counter is assigned to each cell, which
reflects how often a cell has been chosen as winner. Repeating this process several
times, for all the cases of the case-base, a network of cells will be created.

For each class identified by the GCS neural network, a vector of values is
maintained (see Figure [[). This vector (to which we will refer as “importance”
vector) is initialised with a same value for all its components whose sum is one,
and represents the accuracy of each fuzzy system (used during the revision stage)
with respect to that class. During revision, the importance vector associated to
the class to which the problem case belongs, is used to ponder the outputs of
each fuzzy system. For each forecasting cycle, the value of the importance vector
associated with the most accurate fuzzy system is increased and the other values
are proportionally decreased. This is done in order to give more relevance to the
most accurate fuzzy system of the revision subsystem.

Figure Bl provides a more concise description of the GCS-based case retrieval
regime described above, where v, is the value feature vector describing a new
problem, confGCS represents the set of cells describing the GCS topology after
the training, K is the retrieved set of most relevant cases given a problem and
P represents the “importance” vector for the identified prototype.

The neural network topology of a GCS network is incrementally constructed
on the basis of the cases presented to the network. Effectively, such a topology
represents the result of the basic clustering procedure and it has the added
advantage that inter-cluster distances can be precisely quantified. Since such
networks contain explicit distance information, they can be used effectively in
CBR to represent: (i) an indexing structure which indexes sets of cases in the
case-base and, (ii) a similarity measure between case sets [7].

2.2 Radial Basis Function Operation

Case adaptation is one of the most problematic aspects of the CBR cycle, mainly
if we have to deal with problems with a high degree of dynamism and for which
there is a lack of knowledge. In such a situation, RBF networks have demon-
strated their utility as universal approximators for closely modelling these con-
tinuous processes [3].
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Fig. 3. GCS-based case retrieval.

Again to illustrate how the RBF networks work, a simple architecture will be
presented. Initially, three vectors are randomly chosen from the training data set
and used as centers in the middle layer of the RBF network. All the centers are
associated with a Gaussian function, the width of which, for all the functions, is
set to the value of the distance to the nearest center multiplied by 0.5 (see [5]
for more information about RBF network).

Training of the network is carried out by presenting pairs of correspond-
ing input and desired output vectors. After an input vector has activated each
Gaussian unit, the activations are propagated forward through the weighted con-
nections to the output units, which sum all incoming signals. The comparison of
actual and desired output values enables the mean square error (the quantity to
be minimized) to be calculated. A new center is inserted into the network when
the average error in the training data set does not fall during a given period.

The closest center to each particular input vector is moved toward the input
vector by a percentage a of the present distance between them. By using this
technique the centers are positioned close to the highest densities of the input
vector data set. The aim of this adaptation is to force the centers to be as close
as possible to as many vectors from the input space as possible. The value of a is
linearly decreased by the number of iterations until its value becomes zero; then
the network is trained for a number of iterations (1/4 of the total of established
iterations for the period of training) in order to obtain the best possible weights
for the final value of the centers.

Figure M provides a more concise description of the RBF-based case adap-
tation regime, where v, is the value feature vector describing a new problem,
K is the retrieved set of most relevant cases, confRBF represents the previously
configuration of the RBF network and f; represents the initial forecast generated
by the RBF.
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Fig. 4. RBF-based case adaptation.

The working model commented above together with their good capability of
generalization, fast convergence, smaller extrapolation errors and higher relia-
bility over difficult data, make this type of neural networks a good choice that
fulfils the necessities of dealing with this type of problems. It is very impor-
tant to train this network with a consistent number of cases. Such consistence
in the training data set is guaranteed by the GCS network, that provides con-
sistent classifications that can be used by the RBF network to auto-tuning its
forecasting model.

2.3 Fuzzy System Operation

The two main objectives of the proposed revision stage are: to validate the initial
prediction generated by the RBF and, to provide a set of simplified rules that
explain the system working mode. The construction of the revision subsystem is
carried out in two main steps:

(i) First, a Sugeno-Takagi fuzzy model [9] is generated using the trained RBF
network configuration (centers and weights) in order to transform a RBF neural
network to a well interpretable fuzzy rule system [6].

(ii) A measure of similarity is applied to the fuzzy system with the purpose
of reducing the number of fuzzy sets describing each variable in the model.
Similar fuzzy sets for one parameter are merged to create a common fuzzy set to
replace them in the rule base. If the redundancy in the model is high, merging
similar fuzzy sets for each variable might result in equal rules that also can be
merged, thereby reducing the number of rules as well. When similar fuzzy sets
are replaced by a common fuzzy set representative of the originals, the system’s
capacity for generalization increases.

In our model, the fuzzy systems are associated with each class identified
by the GCS network, mapping each one with its corresponding value of the
importance vector. There is one “importance” vector for each class or prototype.
These fuzzy systems are used to validate and refine the proposed forecast.



A Hybrid CBR Model for Forecasting in Complex Domains 107

The value generated by the revision subsystem is compared with the predic-
tion carried out by the RBF and its difference (in percentage) is calculated. If
the initial forecast does not differ by more than 10% of the solution generated by
the revision subsystem, this prediction is supported and its value is considered
as the final forecast. If, on the contrary, the difference is greater than 10% but
lower than 30%, the average value between the value obtained by the RBF and
that obtained by the revision subsystem is calculated, and this revised value
adopted as the final output of the system. Finally, if the difference is greater or
equal to 30% the system is not able to generate an appropriate forecast. This
two thresholds have been identified after carrying out several experiments and
following the advice of human experts.

The exposed revision subsystem improves the generalization ability of the
RBF network. The simplified rule bases allow us to obtain a more general knowl-
edge of the system and gain a deeper insight into the logical structure of the sys-
tem to be approximated. The proposed revision method then help us to ensure
a more accurate result, to gain confidence in the system prediction and to learn
about the problem and its solution. The fuzzy inference systems also provides
useful information that is used during the retain stage.

2.4 Retain

As mentioned before, when the real value of the variable to predict is known,
a new case containing the problem descriptor and the solution is stored in the
case-base. The importance vector associated with the retrieved class is updated
in the following way: the error percentage with respect to the real value is cal-
culated, then the fuzzy system that has produced the most accurate prediction
is identified and the error percentage value previously calculated is added to the
degree of importance associated with this fuzzy subsystem. As the sum of the
importance values associated to a class (or prototype) has to be one, the values
are normalized. When the new case is added to the case-base, its class is identi-
fied. The class is updated and the new case is incorporated into the network for
future use.

3 A Case of Study: The Red Tides Problem

The oceans of the world form a highly dynamic system for which it is difficult to
create mathematical models [I0]. The rapid increase in dinoflagellate numbers,
sometimes to millions of cells per liter of water, is what is known as a bloom of
phytoplankton (if the concentration ascends above the 100.000 cells per liter).
The type of dinoflagellate in which this study is centered is the pseudo-nitzschia
spp diatom, causing of amnesic shellfish poisoning (known as ASP).

In the current work, the aim is to develop a system for forecasting one week
in advance the concentrations (in cells per liter) of the pseudo-nitzschia spp at
different geographical points.

The problem of forecasting, which is currently being addressed, may be sim-
ply stated as follows:



108 F. Fdez-Riverola and J.M. Corchado

— Given: a sequence of data values (representative of the current and imme-
diately previous state) relating to some physical and biological parameters,
— Predict: the value of a parameter at some future point(s) or time(s).

The raw data (sea temperature, salinity, PH, oxygen and other physical char-
acteristics of the water mass) which is measured weekly by the monitoring net-
work for toxic proliferations in the CCCMM (Centro de Control da Calidade
do Medio Marino, Oceanographic environment Quality Control Centre, Vigo,
Spain), consists of a vector of discrete sampled values (at 5 meters’ depth) of
each oceanographic parameter used in the experiment, in the form of a time se-
ries. These data values are complemented by data derived from satellite images
stored on a database. The satellite image data values are used to generate cloud
and superficial temperature indexes which are then stored with the problem de-
scriptor and subsequently updated during the CBR operation. Table [l shows the
variables that characterise the problem. Data from the previous 2 weeks (W,,_1,
W,,) is used to forecast the concentration of pseudo-nitzschia spp one week ahead
(Wn+1)-

Table 1. Variables that define a case.

Variable Unit Week
Date dd-mm-yyyy W,_1, W,
Temperature Cent. degrees Wy_1, Wy,
Oxygen milliliters/liter Wy_1, W,
PH acid/based  Wy_1, Wy
Transmitance % Wia1, Wa
Fluorescence % Wio-1, Wa
Cloud index % W1, Wa
Recount of diatoms cel/liter ~ Wy,_1, Wy
Pseudo-nitzschia spp cel/liter Whn—1, Wy
Pseudo-nitzschia spp (future)  cel/liter Wit

Our proposed model has been used to build an hybrid forecasting system
that has been tested along the north west coast of the Iberian Peninsula with
data collected by the CCCMM from the year 1992 until the present. The pro-
totype used in this experiment was set up to forecast the concentration of the
pseudo-nitzschia spp diatom of a water mass situated near the coast of Vigo
(geographical area A0 ((42°28.90" N, 8°57.80° W) 61 m)), a week in advance.
Red tides appear when the concentration of pseudo-nitzschia spp is higher than
100.000 cell/liter. Although the aim of this experiment is to forecast the value
of the concentration, the most important aspect is to identify in advance if the
concentration is going to exceed this threshold.

A case-base was built with the above mentioned data normalized between
[-1, 1]. For this experiment, four fuzzy inference systems have been created from
the RBF network, which uses 18 input neurons representing data coming from
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the previous 2 weeks (see Table [I)), between three and fifty neurons in the hidden
layer and a single neuron in the output layer that represents the concentration
for the pseudo-nitzschia spp diatom.

The following section discusses the results obtained with the prototype de-
veloped for this experiment as well as the conclusions and future work.

4 Results, Conclusions, and Future Work

The hybrid forecasting system has been proven in the coast of north west of the
Iberian Peninsula with data collected by the CCCMM from the year 1992 until
the present time. The average error in the forecast was found to be 26.043,66
cel/liter and only 5.5% of the forecasts had an error higher than 100.000 cel/liter.
Although the experiment was carried out using a limited data set, it is believed
that these error value results are significant enough to be extrapolated over the
whole coast of the Iberian Peninsula.

Two situations of special interest are those corresponding to the false alarms
and the not detected blooms. The first one happens when the system predicts
bloom (concentration of pseudo-nitzschia > 100.000 cel/liter) and this doesn’t
take place (real concentration < 100.000 cel/liter). The second, more important,
arise when bloom really exists and the system doesn’t detect it.

Table Rlshows the predictions carried out with success (in absolute value and
%) and the erroneous predictions differentiating the not detected blooms and
the false alarms. This table also shows the average error obtained with several
techniques. As it can be shown, the combination of different techniques in the
form of the hybrid CBR system previously presented, produces better results
that a RBF neural network working alone or anyone of the tested statistical
techniques. This is due to the effectiveness of the revision subsystem and the
retrained of the RBF neural network with the cases recovered by GCS network.
The hybrid system is more accurate than any of the other techniques studied
during this investigation.

Table 2. Summary of results forecasting pseudo-nitzschia spp.

Method OK  OK (%) N. detect. Fal. alarms Aver. error (cel/liter)
CBR-ANN-FS 191/200 95,5% 8 1 26.043,66
RBF 185/200 92,5% 8 7 45.654,20
ARIMA 174/200 87% 10 16 71.918,15
Quadratic Trend 184/200 92% 16 0 70.354,35
Moving Average 181/200 90,5% 10 9 51.969,43
Simp. Exp. Smooth. 183/200 91,5% 8 9 41.943,26
Lin. Exp. Smooth. 177/200 88,5% 8 15 49.038,19

In summary, this paper has presented an automated hybrid CBR model that
employs case-based reasoning to wrap a growing cell structures network (for the
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index tasks to organize and retrieve relevant data), a radial basis function net-
work (that contributes generalization, learning and adaptation capabilities) and
a set of Sugeno fuzzy models (acting as experts that revise the initial solution) to
provide a more effective prediction. The resulting hybrid model thus combines
complementary properties of both connectionist and symbolic AI methods in
order to create a real time autonomous forecasting system.

In conclusion, the hybrid reasoning problem solving approach may be used
to forecast in complex situations where the problem is characterized by a lack
of knowledge and where there is a high degree of dynamism. The prototype pre-
sented here will be tested in different water masses and a distributed forecasting
system will be developed based on the model in order to monitor 500 km. of the
North West coast of the Iberian Peninsula.

This work is financed by the project: Development of techniques for the auto-
matic prediction of the proliferation of red tides in the Galician coasts, PGIDT-
00MAR30104PR, inside the Marine Program of investigation of Xunta de Gali-
cia. The authors want to thank the support lent by this institution, as well as
the data facilitated by the CCCMM.
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Abstract. In this article, new tools to represent the different states
of a same knowledge are described. These states are usually expressed
through linguistic modifiers that have been studied in a fuzzy framework,
but also in a symbolic context. The tools we introduce are called gen-
eralized symbolic modifiers: they allow linguistic modifications. A first
beginning of this work on modifiers has been done by Akdag & al and
this paper is the continuation. Our tools are convenient and simple to
use; they assume interesting mathematical properties as order relations
or infinite modifications and, moreover, they can be seen as an interval
scale. Besides, they are used in practice through a colorimetric applica-
tion and give very good results. They act as a link between modifications
expressed with words and colorimetric alterations.

1 Introduction

When imperfect knowledge has to be expressed, modifiers are often used to
translate the many states of a same knowledge. For example, we can associate
the modifiers “very”, “more or less”, “a little”, etc. with the knowledge “young”.
These intermediate descriptions have been called by Zadeh [I] linguistic hedges
or linguistic modifiers and have been taken up by Eshragh & al [2] and Bouchon—
Meunier [3] notably. It seems to be interesting to define modifiers that would
allow to modify values at will for a given application. In this paper, new tools,
the generalized symbolic modifiers, are introduced for this kind of modification.
These tools have very interesting mathematical properties and are also fully
appropriate in practice.

The paper is organized as follows: section 2 is devoted to the different existing
approaches about modifiers. In particular, we briefly present modifiers defined
in a fuzzy framework [I], [3], [] but also in a symbolic framework [5]. Our
propositions about generalized symbolic modifiers are described in section 3. In
particular, we assure that very few conditions are necessary to use and apply
them and we explain how they can be considered as an interval scale. In section
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4 the application developed is detailed. Indeed, generalized modifiers are very
useful in colorimetry and allow to propose adaptive colorimetric alterations.
Finally, section 5 concludes this study.

2 Modifiers and Measure Scales

There are especially two kinds of approaches about linguistic modifiers: fuzzy
and symbolic approaches. The first ones deal with fuzzy logic and represent the
modifiers as modifications of membership functions while the others represent
them as modifications of values on a scale basis.

2.1 Context in Fuzzy Logic

Zadeh has been one of the pioneers in this domain [6]. He has proposed to
model concepts like “tall” or “more or less high”,. .. with fuzzy subsets and, more
precisely, with membership functions. Afterwards, some authors like Despres
have proposed an approach aiming at a classification of the fuzzy modifiers
[M]. Despres has defined classes or families of modifiers: the intensive ones that
reinforce the initial value and the extensive ones that weaken it. The figure [
sums these different cases up.

— A
----B
1 1 - -

N

/ \ intensive modifier ’ \, extensive

A \ i . modifier
\

’ \ 1 \

\
\ \

1

\
rextensive deIﬁCr
\ (concentrating)

extensive modifier
(contrasting)

Fig.1l. Examples of modifiers enabling us to go from A to B.

Besides, the modifiers can be studied in a symbolic framework. Let us now
have a look at what has been done concerning more symbolic approaches.

2.2 Symbolic Context

Akdag & al suggest to model modifiers in a symbolic context [5], [7]. Indeed,
adverbs evaluating the truth of a proposition are often represented on a scale
of linguistic degrees. They propose tools, i.e. symbolic linguistic modifiers, to
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combine and aggregate such symbolic degrees. The authors also introduce the
notion of intensity rate associated to a linguistic degree on a scale basis.

Formally, Akdag & al define a symbolic linguistic modifier m as a semantic
triplet of parameters. Let a be a symbolic degree and b a scale basi; to a pair
(a, b) corresponds a new pair (a’,b’) obtained by linear transformation depending
on m. a’ is the modified degree and b’ the modified scale basis:

(a/7 b/) = fm(quantiﬁer,naturmmode) (CL, b)

The quantifier (called A) expresses the strength of the modifier, the nature is
the way to modify the scale basis (i.e. dilation, erosion or conservation) and
the mode is the sense of modification (weakening or reinforcing). Besides, they
associate to each linguistic degree D of range a on a scale b its intensity rate,
the proportion Prop(D) =a/(b—1).

As Despres, the authors classify their modifiers into two main families:

— weakening modifiers: they give a new characterisation which is less strong
than the original one. They are divided into two subfamilies: the ones that
erode the basis (EG(A) and EG(Az)) and the ones that dilate the basis
(IG()) and IG(A?)),

— reinforcing modifiers: they give a new characterisation which is stronger than
the original one. They are divided into two subfamilies: the eroding ones
(ED(X) and ED(A2)) and the dilating ones (ID(A) and ID(A2)).

This is gathered and briefly defined in figure [2| for a best understanding.

2.3 Measure Scales

As we have seen, the symbolic modifiers just introduced above act on scales.
That is why it seems now appropriate to look into the existing works about this
subject.

Measure scales are often used by statisticians [§] but also by researchers in
fuzzy logic, like Grabisch [9]. [§] defines four measure scales that are described
below:

The nominal scale. The codes that identify the variable are independent from
each other. There is no order relation. Example: sex (F/M), etc.

The ordinal scale. The codes allow us to establish an order relation between
them. Example: groups of age (under 18, between 18 to 30, 30 to 50, etc.).

The interval scale. The conditions are the same as in the previous case, but,
moreover, the codes must be uniformly distributed on the scale. Example:
ambient temperature in °C.

The ratio scale. The conditions are the same as in the previous case, but,
moreover, the position of zero is important (absolute zero). Examples: com-
pany turnover; programme execution time, etc.

Let us see now our propositions about symbolic modifiers and how they can
be considered as measure scales.

! The authors consider that a degree’s scale denoted b represent a finite number of
ordered degrees 0,1,2,...b— 1. b — 1 is thus the biggest degree of the scale.
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Fig.2. Summary and comparison of the symbolic linguistic modifiers.

3 Generalized Symbolic Modifiers

Here we propose a generalization of symbolic linguistic modifiers presented in
section [2:2] We clarify the role of the quantifier A and we propose more general
families of modifiers, for any given quantifier. Moreover, we establish a link
between our modifiers and one of the measure scales studied above.

3.1 Definition

We associate to the notion of modifier a semantic triplet {radius, nature, mode}.
The radius p (p € N*) represents the strength of the modifier. As defined in sec-
tion 22 the nature is the way to modify the scale basis (i.e. dilation, erosion or
conservation) and the mode is the sense of modification (weakening or reinforc-
ing). The more p increases, the more powerful the modifier.

In a more general way, we define a generalized symbolic modifier as a function
allowing us to go from a pair (a,b) to a new pair (a’,d’).
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Definition 1 Let (a,b) be a pair belonging to N x N*. A generalized symbolic
modifier with a radius p, denoted m or m,, is defined as:

N x N* - N x N*
(a,b) + —a’,b') with a<b and o <V

a is a degree on a uniformely distributed scale b.

The definitions of our modifiers are summarized in the Table [I]

Table 1. Summary of reinforcing and weakening generalized modifiers.

MODE Weakening Reinforcing
NATURE
ad=a
ER
Erosion a' = max(0,a — p) b = max(a+1,b— p)

v =max(1,b—p) [EWO) |l =min(a+p.b=p =1 [gro()
b/ = max(l, b - p)

-
T w0l .

Dilation = p a =a+p
a = rnax((]7 a— p) DW’(p) V¥ =b+ p DR(p)
b =b+p

7 7 n
C tion|® = max(0,a — p) CW a’ =min(a+ p,b—1) CR
onservation , (p) W= b

3.2 Order Relation

The generalized modifiers assume a partial order relation <. First we define what
exactly this relation is.

Preliminary notation: If we consider a modifier m,, a the original degree on
a scale b and o’ the modified degree on the modified scale ' then we denote:

a' =mp(a) and b = m,(b)

Definition 2 Let m, 1 and m, 2 be two modifiers. Prop(m,1) = M s
/ ( / mp,1(b) — 1
) mpo(a) . .
bl th P =P d onl
comparable wi rop (M, 2) o) -1 if and only if
Prop(m,.1) < Prop(m,2) for any given a and b

or
Prop(m,2) < Prop(m,1) for any given a and b

Definition 3 Two modifiers m, 1 and m, 2 entail an order relation if and only
if Prop(my1) is comparable with Prop(m,2), for any given a and b. Formally,
the relation < is defined as follows:

mp1 I my, o < Prop(m, 1) < Prop(m,) for any given a and b
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Let us note that if a pair of modifiers (m, 1,m, ) are in relation to each
other, the comparison between their intensity rates is possible obviously because
these intensity rates are rational numbers but particularly because the unit is the
same, for all a and b. Indeed, the degrees are uniformly distributed on the scales.
Furthermore, it is easy to see that the binary relation < over the generalized
modifiers is a partial order relation as the relation <.

If we compare the generalized modifiers in pairs, we establish a partial or-
der relation between them that we express through a lattice (cf. figure Bl). The
relation is only partial because some modifiers can not be compared with some
others.

ER/(p)

CR(p)
ER(p) DR(p)
Original
EW(p) DW (p)

CW(p)
DW'(p)

Fig. 3. Lattice for the relation <.

3.3 Finite and Infinite Modifiers

Moreover, we can notice that some modifiers can modify the initial value towards
infinity. That is the case of two modifiers: DW(p) and DR(p).

Definition 4 We define an infinite modifier m, as follows:

(Vp € N*, Prop(m,+1) > Prop(m,))
m, 15 an infinite modifier < { or
(Vp € N*, Prop(mp41) < Prop(m,))

This means that the modifier will always have an effect on the initial value.

Definition 5 We define a finite modifier m, as follows:

Jp € N* such as Vp' € N* with p' > p

my, 1s a finite modifier < { Prop(m,) = Prop(m,)

This means that, starting from a certain rank, the modifier has no effect on
the initial value.
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3.4 The Modifiers as an Interval Scale

Our modifiers correspond to one measure scale: the interval one. Indeed, we
work on scales with an order relation (the degrees are ordered) and, as it is said
in the definition, there is a condition about the degrees’ distribution: they are
uniformly distributed on the scale.

4 Application

An interesting implementation of our generalized modifiers lies in colorimetrics.
We propose a piece of software that is dedicated to colour modification according
to colorimetric qualifiers (like “dark”, “bright”, “bluish”...) and linguistic terms
for the modification (as “much more”, “a little bit less”...). For example, the
user can ask for a red “a little bit more bluish”.

4.1 Context

To modify a colour, we modify its colorimetric components expressed in a certain
space (either RGB-space for Red-Green-Blue, or HLS-space for Hue-Lightness-
Saturation. .. ). The space we have chosen is HLS for many reasons explained in
[10]. We increase or decrease the components thanks to our generalized modifiers.
We establish a link between the linguistic terms and the symbolic generalized
modifiers.

A colour is associated to three symbolic scales, one scale for each colorimetric
component. For example, to display on the user’s screen a “brighter” green, we
can use the modifier CR(p) with p equal a certain value (depending on the total
number of linguistic terms) that increases the value of L (Lightness). The three
components H, L and S can be modified at the same time or not, depending
on the selected qualifier. Indeed, some qualifiers (like “gloomy”, for example)
require a modification of only one component, while some others (like “bluish”,
for example) require modifications of more than one component.

To simplify the modification, we split the range of a component (i.e. [0,255])
into three equal parts, and we split the parts into a certain number of sub-parts
— this number depending on the quantity of linguistic terms we have, since
each sub-part is associated to a linguistic term. The figure Hlshows a very simple
example of qualifiers associated to the component L.

A deeper study of this process is explained in [I1] and a comparison between
this symbolic approach with a fuzzy one is done in [12].

4.2 Which Modifiers for What Modification?

We can use all kinds of our generalized modifiers in this application. But, it
is preferable not to use the infinite ones because the very principle of these
modifiers — for example DR(p) that reinforces — is never to reach the top of
the scale, i.e b — 1. It means that, knowing that a component takes its values
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pallid

(Srd part) 255 (L)

extremely very  rather [1} or less a bit a little bit
\ | | | | | b
\ \ \ \ \ \ \
0 85 (L)
gloomy

Fig. 4. Qualifiers associated to parts of L space.

between 0 and 255, 255 will never be reached. In fact, with the approximation
of the calculus, it will probably be reached, but, theoretically, we don’t want to
use these modifiers since we do want to reach the maximum.

So, the modifiers we use are the finite ones and, depending on where the
initial value of the component is, we use the most powerful modifiers or the less
powerful ones.

— In the cases where the initial value of the colorimetric component has to be
set to the first or the third part (for example if the user has asked for a
gloomier or a more pallid colour), we use the most powerful modifiers, i.e.
ER’(p) and/or CR(p) and DW’(p) and/or CW(p),

— In the cases where the initial value of the colorimetric component has to be
set to the second part (for example if the user has asked for a heavier colour),
we use the less powerful modifiers, i.e. ER(p) and EW(p). The figure Blshows
both cases.

The reason of these choices is simple: the biggest distance between an initial
value and the “2"¢ part” is twice as short as the biggest distance between an
initial value and the “15* part” (or the “3"d part”). So, a slow approach when
the initial value is close to the value to be reached has been favored. It is a way
to compensate the differences between distances.

4.3 Learning for an Adaptive Alteration

As the perception of colours is very subjective, we have added to our software
a learning process. Indeed, a “very much more pallid red” for one person can
be interpreted as a “little bit more pallid red” or even as a “much heavier red”
for another person. That is why it is possible to change the association between
the colours modifications (through the generalized symbolic modifiers) and the
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R

f ® f ; |
0 original (3" part) 255

f @ ' t @ |
0 original (2"d part) original 255
value 1 value 2
| |

0 (15% part) original 255
value

Fig. 5. Left, case of “big jumps” performed by the most powerful generalized modifiers
and right, case of “small jumps” performed by the less powerful ones.

linguistic terms. In our application, a linguistic term corresponds to both a qual-
ifier (“pallid”, ...) and a linguistic quantifier (“much more”, ...). A particular
association will reflect the perception of a particular user. This process is carried
out thanks to an internal representation of the modifications through a graph.
More explanations about that will be given in a further work.

Besides this learning process, one interesting thing is that this process of
modification can be done in both directions. Indeed, the user can ask for a
certain colour through a linguistic expression and he obtains it, but, on the
contrary, from a colour, the software can give a linguistic expression composed
of a qualifier and a modifier.

Furthermore, this application could be inserted in another one that would
classify pictures by predominant colour, for example.

5 Conclusion

We have presented new symbolic modifiers: the generalized symbolic modifiers,
coming from the linguistic symbolic modifiers introduced by Akdag & al [5]. We
have seen that they embody some good mathematical properties and we notably
use them in a colorimetric application.

Moreover, we believe that the modification process can be seen as an aggre-
gation process. Indeed, for us, to modify is equivalent to aggregating an initial
value with an expression of the modification. In the colours application, this can
be summed up as shown on the figure [6l

The symbol “+” on the figure symbolizes the aggregation process.

The modifiers which have been introduced in this paper can help a lot in an
aggregation process. An interesting perspective would be to pursue our research
in this domain and imagine an aggregator defined as a composition (in the
mathematical sense) of our modifiers.
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colours
semantic result:
link modified colours

linguistic expression
of the desired modification

Fig. 6. Link between aggregation and modification.
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Abstract. This article describes a first synthesis of a Conceptual
Graph and RDF(S) approach for representing and querying document
contents. The framework of this work is the ESCRIRE project [I], the
main goal of which is to compare three knowledge representation
formalisms (KR): conceptual graphs (CG), descriptions logics (DL),
and object-oriented representation languages (OOR) for querying
about document contents by relying on ontology-based annotations on
document content. This comparison relies on an expressive XML-based
pivot language to define the ontology and to represent annotations and
queries; it consists of evaluating the capacity of the three KR formalisms
for expressing the features of the pivot language. Each feature of the
pivot language is translated into each KR formalism, which is than used
to draw inferences and to answer queries. Our team was responsible
on the CG part. The motivation of this paper is to give a first synthe-
sis of the translation process from the pivot language to RDF(S) and
CG, to underline the main problems encountered during this translation.

Keywords: Knowledge representation, Conceptual Graphs, Ontologies,
RDFS, XML, and Semantic information retrieval.

1 Introduction

Documents available from the Web or from any digital representation constitute
a significant source of knowledge to be represented, handled and queried. The
main goal of the ESCRIRE project is to compare three knowledge representation
(KR) formalisms in the task of annotating and querying document (by using a
specific domain ontology). The test base consist of abstracts of biological articles
from the Medline database [2]. This annotated base is queried by each KR for-
malisms (CG, DL, OOR). A pivot language based on XML syntax was specially
defined for the comparison. This pivot language is represented by a DTD con-
taining the syntactic rules to describe an ontology and annotations and to query
these annotations using an OQL-based format. Besides, the XML and RDF lan-
guages are recommended respectively by the World Wide Web consortium to

F.J. Garijo, J.C. Riquelme, and M. Toro (Eds.): IBERAMIA 2002, LNAI 2527, pp. 121-[I30] 2002.
© Springer-Verlag Berlin Heidelberg 2002
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structure information and to describe any resource on the Web. In [3/4] the im-
pact of using conceptual graphs for indexing and searching information has been
studied and analyzed. CG seems to be a good candidate to represent the content
of documents. In the following, we would like to stress on the use of conceptual
graphs (as an inference mechanism) and on RDF(S) [56] language (as an inter-
mediate syntax to represent ontologies and annotations) in the ESCRIRE project.
In our experiments we used CORESE, a semantic search engine [7].

The remaining of this paper is structured as follows.In Section 2] we describe
briefly the ESCRIRE language. Section [3 presents the translation process from
the pivot language to RDF(S) and CGs. In Section 4 we discuss some difficulties
encountered during this translation. Section Bl concludes our work.

2 Escrire Language

As explained in the introduction, a pivot language was defined (1) to represent
a domain ontology, to annotate document contents and to query this base of
annotations and (2) to be used as a bridge between the documents constituting
the test base and each KR formalism involved in the ESCRIRE project. We recall
the main features of this language detailed in [1].

2.1 Description of Domain Ontology

Basically, an ontology is a hierarchy of concepts and relations between these
concepts representing a particular application domain. For the ESCRIRE project,
a genetic ontology (genes and interactions between these genes) was built and
represented by a DTD by one of our colleagues [8]. This DTD defines classes,
relation classes, and a subsumption relation organizes these classes into a hi-
erarchy. A class is described by a set of attributes (roles and attributes for the
relation classes) the type of which is a class belonging to the ontology (a concrete
type, such as integer, string, or Boolean for relation classes attributes). Inside an
ontology, a class can be defined (i.e. the attribute of the classes are necessary and
sufficient conditions for the membership of an individual to this class) or prim-
itive (i.e. the attributes of classes are considered as only necessary conditions).
For example, the following code represents a relation called substage, composed
by two roles: SUPERSTAGE and SUBSTAGE the type of which is DEVELOPMENT-
STAGE (another class in the ontology). This relation does not have any attribute
and it is qualified by properties of transitivity, reflexivity, and antisymmetry.

<esc:descbinrel name="substage" transitive="yes" reflexive="yes"
antisymmetric="yes">
<esc:defrole name="superstage">
<esc:classref name="development-stage"/>
</esc:defrole>
<esc:defrole name="substage">
<esc:classref name="development-stage"/>
</esc:defrole>
</esc:descbinrel>
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2.2 Description of Annotations

To each document D; that belongs to a base of documents corresponds a seman-
tic annotation Annota; representing the content of D;. The set of annotations
Annotay, ..., Annota, is represented in the pivot language and uses the con-
ceptual vocabulary specified into the domain ontology, which is also defined in
the pivot language. In the ESCRIRE project, an annotation describes genes (ob-
jects) and interactions between genes (relations). The objects are described by
attributes (name, class to which they belong to) and the relations are described
by roles (domain and range) and attributes (to represent the relation character-
istics). For example, the annotation given below describes an interaction between
a promoter gene called dpp (with dorso-ventral-system type) and a target gene,
called Ubz (with BX-C type). The effect of the interaction is that the dpp gene
inhibits the Ubx gene.

<esc:relation type="interaction">
<esc:role name="promoter">
<esc:objref type="dorso-ventral-system" id="dpp"/>
</esc:role>
<esc:role name="target">
<esc:objref type="BX-C" id="Ubx"/>
</esc:role>
<esc:attribute name="effect">
<esc:value>inhibition</esc:value>
</esc:attribute>
</esc:relation>

2.3 Queries

An ESCRIRE query is similar to an OQL [9] query, and is based on the block
SELECT (values to be shown in the result), FROM (variables typed by a class),
WHERE (constraints to be considered), and ORDERBY (the result order specified
by a list of paths). Logical operators (conjunction, disjunction, and negation) as
well as quantifiers (universal and existential) can be used. For example, the
query given below represents a query to find documents mentioning interactions
between the Ubz (ultrabithorax) gene acting as target and, as promoter, the
en (engrailed) gene or the dpp (decapentaplegic) gene. The criterion to order
answers is the promoter name.

SELECT I.promoter.name, I.effect
FROM I:interaction
WHERE (I.target=0BJREF(gene,’Ubx’) AND
( I.promoter=0BJREF(gene,’en’) OR
I.promoter=0BJREF (gene, *dpp’)) )
ORDERBY I.promoter.name
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3 Translation Process: Pivot Language-RDF(S)-CG

In this section, we detail the process of translating ontologies and annotations
from pivot language to RDF(S) and conceptual graphs. This double translation
has two motivations: (1) RDF(S) and pivot language are languages based on
XML, and (2) we used CORESE, a semantic search engine based on CG as its
inference mechanism and ontology-based annotations represented in RDF(S).
Our translation methodology is based on two mappings: (1) pivot language —
RDF(S) - to map from the ESCRIRE ontology and annotations to RDF Schema
and RDF statements - and (2) RDF(S) — CG - to map from an RDF Schema and
RDF statements to the CG support and assertional conceptual graphs. A depth
comparison and correspondance between CG and RDF(S) models are studied
in [10].

To improve clarity, we give a brief overview of the CG model. A conceptual
graph [TTJ12] is an oriented graph that consists of concept nodes and relations
nodes describing relations between this concepts. A concept has a type (which
corresponds to a semantic class) and a marker (which corresponds to an instan-
tiation to an individual class). A marker is either the generic marker * corre-
sponding to the existential quantification or an individual marker corresponding
to an identifier; M is the individual markers set.

A relation has only a type. Concept types and relation types (of same ar-
ity) are organized into hierarchies T and Tg respectively. This hierarchies are
partially ordered by generalization/specialization relation > (resp. <).

A CG support upon which conceptual graphs are constructed is defined as
(T¢, Tr, M). The projection operator permits to compare two conceptual graphs,
it enables to determine the generalization relation (<) between two graphs: G; <
G- iff there exists a projection 7 from G5 to Gi. 7 is a graph morphism such
that the label of a node ny of GG is a specialization of the label of the node ng
of Gy with ny = m(ng).

In particular, an RDF Schema (the class hierarchy and property hierarchy)
corresponds to a CG support (T¢ and Tr respectively) and the RDF statements
correspond to assertional conceptual graphs in CG.

3.1 Classes and Relations

Since the pivot language and RDF(S) share an XML syntax, we have imple-
mented the mapping pivot language — RDF(S) as an XSLT style sheet. ESCRIRE
ontology is translated into RDF Schema.

To finish the cycle, the mapping RDF(S) — CG is carried out by CORESE:
RDF statements and RDF Schema are translated respectively into assertional
conceptual graphs and into CG support.

The definition and description of classes and relation classes are represented
by RDFS classes (rdfs:Class) and in conceptual graphs like concept types belong-
ing to the T hierarchy of the CG support. We reified ESCRIRE relations classes
because, in CG and RDF(S) models the qualified relations (relations with roles
and attributes) are not considered i.e., they are translated into RDFS classes
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(Concept types in T¢r). Roles and attributes of ESCRIRE relations are translated
into RDF properties (rdf:Property); these properties correspond to relation types
in Tr. CORESE can handle relation properties like transitivity, reflexivity, symme-
try and inverse property. Currently, the antisymmetric property is not handled
in CORESE, we are planning to implement it in a future version of CORESE.
The binary relations supported by CORESE do not have roles or attributes. We
adapted these algorithms for processing ESCRIRE relations (which contain roles
and attributes). The following example shows the CORESE representation of the
substage relation declare in Section 271

<rdfs:Class rdf:ID="substage">
<cos:reflexive>true</cos:reflexive>
<cos:transitive>true</cos:transitive>
</rdfs:Class>

<rdf :Property ID="superstage'">
<rdfs:domain rdf:resource="#substage"/>
<rdfs:range rdf:resource="#development-stage"/>
</rdf :Property>

<rdf :Property ID="substage">
<rdfs:domain rdf:resource="#substage"/>
<rdfs:range rdf:resource="#development-stage"/>
</rdf :Property>

<rdfs:Class rdf:ID="development-stage"/>

3.2 Objects and Relations

Objects and relations exist inside annotations and in the ontology. The global
object features inside the ontology are always true for all the annotations. We
consider as global objects: objects and relations both of them existing in the
ontology and referred in the annotations. These global objects represent com-
mon and reusable knowledge for annotations, avoiding redundant information.
Figure [l shows two annotations sharing antenapedia gene information, located
into the global object base.

Objects and relations existing in annotations (ESCRIRE annotations) are rep-
resented as RDF statements corresponding to assertional conceptual graphs. The
same translation process is applied to global objects.

A document is represented by an individual concept, for example the concept
[ Document : URL-94008526 |, is an individual concept with type field Document
belonging to T and marker field URL-94008526 belonging to M and represent-
ing the URL and document name. The interaction relation shown in section
is represented in RDF and CG in the following way:
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Written with RDF syntax:

<ns:Interaction>
<ns:promoter>
<ns:dorso-ventral-system rdf:about="#dpp"/>
</ns:promoter>
<ns:target>
<ns:BX-C rdf:about="#Ubx"/>
</ns:target>
<ns:effect>inhibition</ns:effect>
</ns:interaction>

This can be interpreted in CG as:
[Interaction : *]->(promoter)->[dorso-ventral-system : dpp]

->(target)->[BX-C : Ubx]
->(effect)->[literal : inhibition]

* gene: [ gene At . —_— e i — — -
Igene. % I . 2121?5 Anrt’mapedia I . geneclass gap

—_— — —

ene.ems gene: hkb
gene: orthodenticle gene: buttonhead

» posterior-gap: kni posteior-gap: gt

— — - I central-gap : Kr
* gene: N = anterior-gap: hb
mame: Notch . « terminal-gap : tll

Annotation 90292349 |

<esc:relation type "interaction"> /
<esc:role name "promoter">

<esc:objref type="gene" id="gt"/>
</escirole>

<esc:role name "target">

<esc:objref type="gene" id="Antp"/,
</escirole>
</esc:relation>

Annotation 88196080 |

<esc:relation type "interaction">

<esc:role name "promoter-class'>
<esc:objref type="gene" id="gap"

</escirole>

esc:role name "target">

:objref type="gene" id="Antp"/>

Fig. 1. Annotations sharing global object informations.

3.3 Evaluating Queries

Given a document collection, we have an ESCRIRE annnotation that indexes each
document (representing its content). These annotations are translated in RDF
statements and into assertional conceptual graphs (annotation graphs), consti-
tuting an annotation graph base (AGpggse). An ESCRIRE query is translated as a
query conceptual graph Q and processed by a CG projection of the query Q on the
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Defined classes. The distinction between defined classes and primitive classes
exists in CG but it does not exist in RDF(S). An extension of RDF(S) in order
to handle defined classes and the primitive classes remaining of interest in this
case. In CORESE, the translation in CG of the pivot language rests on RDF(S),
however none of the mappings pivot language — RDF(S) or RDF(S) — CG
considers it.

Evaluating relation properties. Binary relations are represented as classes
and the properties of transitivity, symmetry, reflexivity and inverse property are
processed by a specific code in CORESE. Once again, the RDF(S) model could
be extended to support the representation of such kind of properties [13]. In
CORESE, several extensions of RDF(S) model have been added for enabling to
process this kind of meta-properties and enrich the annotation base. A in-depth
description and manipulation of meta-properties are studied in [7].

Handling negation queries. Conceptual graphs correspond to an existential,
conjunctive and positive logic, thus the negation is not considered in the for-
malism of simple conceptual graphs. In some models of conceptual graphs one
can put a negation (—) in some contexts [T4]. RDF(S) statements are positive
and conjunctive, so handling the negation implies yet another type of extension.
In the Notio CG platform [15] on which CORESE was developed, the NOT did
not exist. We have implemented particular algorithms to process the negation
of each ESCRIRE element. Our main algorithm is the following:

Let be Q= —(G1 A (G2 V G3)) , where G1, G2, G3 are conceptual graphs.

We have to build :

1. A CG query Q’ as the normalization of the query Q by the application of
Morgan’s rules.

2. A positive CG query Q" (without negation graphs) by replacing negative
operators (NOT (A=B)) in each G; by positive ones (A != B). In this way,
only positive graphs are ready to be sent to projection. If there is an or
operator in Q’ we split Q” such as shown in table [

3. The result set (R), as the the projection of each graph in Q” on the annotation
graph base (AGpgse)-

4. Validation of R.

The validation process consists of applying the algorithms which process the
operator negations (for exemple NOT (A=B)) into the result set R by recalling
the original negation criterions.

Evaluating quantifiers. The variables in a query FROM clause are existentially
quantified. However, the variables in a WHERE clause can be quantified. In CG,
since the logical interpretation of a graph G is a first order logical formula ¢(G),
positive and existentially quantified, the existential quantifier can be taken into
account. Nevertheless, it is not obvious to handle a universal quantification. A
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Table 1. Evaluating negative disjunctive queries.

l Q=-(G1 A (G2V G3)) “ Original Query ‘
l Q' =-G1 V (=G2 A ~G3) “ Normalization ‘
Q" =GV (GYAGY) Positive Query

where G, G4, G% are positive conceptual graphs

Gi= (G4 N GS)

Ri =7 (G1,AGBase )

Ry =7 (G4,AGBase ) Projection
R = R1U Ry Validation

way to support it could be to transform a universally quantified formula into the
negation of an existentially quantified formula, but this would require a complex
extension of the projection operator.

5 Conclusion

In this paper, we have described a pivot language to represent a domain ontol-
ogy, annotate document contents and to query this base of annotations. Some
expressiveness problems encountered during the mappings: (1)pivot language —
RDF(S) and (2) RDF(S) — CG have been discussed. These problems under-
line the need of expressiveness extensions for RDF(S), in order to support de-
fined classes, relation properties, negation and quantifiers. We also described a
technique to treat negative disjunctive queries. For this first experiment, a hun-
dred of 4500 abstracts of biological articles extracted from NIH Medline public
database have been considered. We have applied a representative query set to
validate all aspects of pivot language. Our future efforts are focused on the anal-
ysis of semantic expressiveness extension works for RDF(S) [13] and XML [16],
to complete our solution. Finally, in order to extend the ontology we are using
the inference mechanism provided by CORESE to build a rule base for retrieving
hidden knowledge from annotations in order to be exploited afterwards by query
evaluations.
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Abstract. This paper investigates the optimization by fold/unfold of
functional-logic programs with operational semantics based on needed
narrowing. Transformation sequences are automatically guided by tu-
pling, a powerful strategy that avoids multiple accesses to data struc-
tures and redundant sub-computations. We systematically decompose in
detail the internal structure of tupling in three low-level transformation
phases (definition introduction, unfolding and abstraction with folding)
that constitute the core of our automatic tupling algorithm. The resulting
strategy is (strongly) correct and complete, efficient, elegant and realis-
tic. In addition (and most important), our technique preserves the na-
tural structure of multi-paradigm declarative programs, which contrasts
with prior pure functional approaches that produce corrupt integrated
programs with (forbidden) overlapping rules.

1 Introduction

Functional logic programming languages combine the operational methods and
advantages of the most important declarative programming paradigms, namely
functional and logic programming. The operational principle of such languages
is usually based on narrowing. A narrowing step instantiates variables in an ex-
pression and applies a reduction step to a redex of the instantiated expression.
Needed narrowing is the currently best narrowing strategy for first-order (in-
ductively sequential) functional logic programs due to its optimality properties
w.r.t. the length of derivations and the number of computed solutions [6], and
it can be efficiently implemented by pattern matching and unification.

The fold/unfold transformation approach was first introduced in [10] to opti-
mize functional programs and then used for logic programs [21]. This approach
is commonly based on the construction, by means of a strategy, of a sequence
of equivalent programs each obtained from the preceding ones by using an ele-
mentary transformation rule. The essential rules are folding and unfolding, i.e.,
contraction and expansion of subexpressions of a program using the definitions of
this program (or of a preceding one). See [19]15] for more applications of these

* This work has been partially supported by CICYT under grant TIC 2001-2705-
C03-03 and by Accién Integrada Hispano-Italiana HI2000-0161, and the Valencian
Research Council under grant GV01-424.
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rules. Other rules which have been considered are, for example: instantiation,
definition introduction/elimination, and abstraction. The first attempt to intro-
duce these ideas in an integrated language is presented in [3], where we investi-
gated fold/unfold rules in the context of a strict (call-by-value) functional logic
language. A transformation methodology for lazy (call-by-name) functional logic
programs was introduced in [4]; this work extends the transformation rules of [21]
for logic programs in order to cope with lazy functional logic programs (based
on needed narrowing). The use of narrowing empowers the fold/unfold system
by implicitly embedding the instantiation rule (the operation of the Burstall and
Darlington framework [I0] which introduces an instance of an existing equation)
into unfolding by means of unification. [4] also proves that the original structure
of programs is preserved through the transformation sequence, which is a key
point for proving the correctness and the effective applicability of the transfor-
mation system. These ideas have been implemented in the prototype SYNTH
([2]) which has been successfully tested with several applications in the field of
Artificial Intelligence ([II7]).

There exists a large class of program optimizations which can be achieved
by fold/unfold transformations and are not possible by using a fully automatic
method (such as, e.g., partial evaluation). Typical instances of this class are the
strategies that perform tupling (also known as pairing) [I0J13], which merges sep-
arate (nonnested) function calls with some common arguments (i.e., they share
the same variables) into a single call to a (possibly new) recursive function which
returns a tuple of the results of the separate calls, thus avoiding either multiple
accesses to the same data structures or common subcomputations, similarly to
the idea of sharing which is used in graph rewriting to improve the efficiency of
computations in time and space [7]. In this paper, we propose a fully automatic
tupling algorithm where eureka generation is done simultaneously at transfor-
mation time at a very low cost. In contrast with prior non-automatic approaches
(tupling has only been semi-automated to some extent [11l12]) where eurekas are
generated by a complicate pre-process that uses complex data structures and/or
produces redundant computations, our approach is fully automatic and covers
most practical cases. Our method deals with particular (non trivial) features of
integrated (functional-logic) languages and includes refined tests for termination
of each transformation phase. More exactly, we have identified three syntactic
conditions to stop the search for regularities during the unfolding phaseﬂ.

The structure of the paper is as follows. After recalling some basic definitions,
we introduce the basic transformation rules and illustrate its use by means of
interesting tupling examples in Section [2. The next three sections describe the
different transformation phases that constitute the core of our tupling algorithm.
Finally, Section [@ concludes. More details can be found in [16].

Preliminaries. We assume familiarity with basic notions from term rewriting
[7] and functional logic programming [14]. In this work we consider a (many-
sorted) signature X partitioned into a set C of constructors and a set F of

! The method is not universal but, as said in [19], ”one cannot hope to construct a
universal technique for finding a suitable regularity whenever there is one”.
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defined functions. The set of constructor terms with variables is obtained by
using symbols from C and X. The set of variables occurring in a term ¢ is
denoted by Var(t). We write o,, for the list of objects o01,...,0,. A pattern is
a term of the form f(d,) where f/n € F and d,...,d, are constructor terms.
A term is linear if it does not contain multiple occurrences of one variable. A
term is operation-rooted (constructor-rooted) if it has an operation (constructor)
symbol at the root. A position p in a term t is represented by a sequence of
natural numbers.Positions are ordered by the prefiz ordering: p < g, if Jw such
that p.w = q. Positions p, ¢ are disjoint if neither p < g nor ¢ < p. Given a term
t, we let FPos(t) denote the set of non-variable positions of ¢. ¢|, denotes the
subterm of t at position p, and ¢[s], denotes the result of replacing the subterm
t|, by the term s. For a sequence of (pairwise disjoint) positions P = p,,, we let
t[Snlp = (((t[s1]ps)[s2]ps) - - - [Snlp, ). By abuse, we denote t[S,]p by t[s]p when
s1 = ... =8y, = s, as well as ((t[s1]p,)...[sn]p,) by t[Sn]5- . We denote by
{z11 =1, ...,y 1 =, } the substitution o with o(x;) =t; fori =1,...,n (with
x; # x; if i # j), and o(x) = « for all other variables x. id denotes the identity
substitution.

A set of rewrite rules I — r such that [ /€ X and Var(r) C Var(l) is called
a term rewriting system (TRS). The terms | and r are called the left-hand side
(Ihs) and the right-hand side (rhs) of the rule, respectively. A TRS R is left-linear
if 1 is linear for all — r € R. A TRS is constructor-based (CB) if each left-hand
side is a pattern. In the remainder of this paper, a functional logic program is a
left-linear CB-TRS. A rewrite step is an application of a rewrite rule to a term,
ie., t —p g s if there exists a position p in ¢, a rewrite rule R = (I — r) and a
substitution o with t|, = o(l) and s = t[o(r)].

The operational semantics of integrated languages is usually based on narrow-
ing, a combination of variable instantiation and reduction. Formally, s ~, g o ¢
is a narrowing step if p is a non-variable position in s and o(s) —, g t. We
denote by ty ~% t, a sequence of narrowing steps ty ~y, ... ~g, t, With
oc=o0p0---001 (if n =0 then o0 = id). Modern functional logic languages are
based on needed narrowing and inductively sequential programs.

2 Tupling by Fold/Unfold

Originally introduced in [10II3] for optimizing functional programs, the tupling
strategy is very effective when several functions require the computation of the
same subexpression. In this case, it is possible to tuple together those functions
and to avoid either multiple accesses to data structures or common subcompu-
tations [20]. Firstly, we recall from [4] the basic definitions of the transformation
rules. Programs constructed by using the following set of rules are inductively
sequential. Moreover, the transformations are strongly correct w.r.t. goals con-
taining (old) function symbols from the initial program.

Definition 1. Let Ry be an inductively sequential program (the original pro-
gram). A transformation sequence (Rg,...,Rk), k > 0 is constructed by apply-
ing the following transformation rules:
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Definition Introduction: We may get program Ry4+1 by adding to Ry a new
rule (“definition rule” or “eureka”) of the form f(T) — r, where f is a new
function symbol not occurring in the sequence Ry, ..., Ry and Var(r) =T.

Unfolding: Let R = (I — r) € Ry, be a rule where r is an operation-rooted term
or Ry, is completely defined. Then, Ry41 = (R —{R}) U{0() = ' | r~p
r’in Ri}. An unfolding step where 8 = id is called a normalizing step.

Folding: Let R = (I — r) € Ry be a non definition rule, R' = (I' = ') € R;,
0 <j <k, a definition ruld and p a position in r such that r|, = 0(r’") and
rlp is not a constructor term. Then, Ry11 = (R — {R}) U{l — r[0(l')],}.

Abstraction: Let R = (I — r) € Ry be a rule and let P; be sequences of
disjoint positions in FPos(r) such that r|, =e; for allp in Py, i=1,...,7,
ie, r = r[e—j]le We may get program Ryi1 from Ry by replacing R with

I — T[?j]?j where (z1,...,2;) = (e1,...,€;) (whereZz; are fresh variables).

The following well-known example uses the previous set of transformation rules
for optimizing a program following a tupling strategy. The process is similar to
[LO/IT20] for pure functional programs, with the advantage in our case that we
avoid the use of an explicit instantiation rule before applying unfolding steps.
This is possible thanks to the systematic instantiation of calls performed impli-
citly by our unfolding rule by virtue of the logic component of narrowing [4].

Ezample 1. The fibonacci numbers can be computed by the original program Ro =
{R1 : £ib(0) — s(0), R2: £ib(s(0)) — s(0), Rs : £ib(s(s(X))) — £ib(s(X)) + £ib(X)}
(together with the rules for addition +). Note that this program has an exponential
complexity, which can be reduced to linear by applying the tupling strategy as follows:

1. Definition introduction: (R4) new(X) — (fib(s(X)), £ib(X))
2. Unfold rule R4 (narrowing the needed redex £ib(s(X))):

(75) nex(©) ~ (s(0), £30(0). () new(e(6) 0 (5H(:) + £300), £3b(x0)
Unfold (normalize) rule Rs: (R7) new(0) — (s(0),s(0))
Abstract Re: (Rs) new(s(X)) = (Z1 + Z2,21) where (Z1,22) = (£ib(s(X)), £ib(X))
Fold Rs using R4: (Rg) new(s(X)) — (Z1 + Z2,Z1) where (Z;,Z,) = new(X)
Abstract Rz:  (Rio) £ib(s(s(X))) — Zi + Z, where (Z1,2,) = (fib(s(X)), fib(X))
Fold Rio with Ry: (Ri1) fib(s(s(X))) — Zi + Z2 where (Z;,Z;) = new(X)

NSO W

Now, the (enhanced) transformed program R7 (with linear complexity thanks to the
use of the recursive function new), is composed by rules R1, Rz, R7, Ry and Ri;.

The classical instantiation rule used in pure functional transformation systems
is problematic since it uses most general unifiers of expressions (it is commonly
called ”minimal instantiation” [11]) and, for that reason, it is rarely considered
explicitly in the literature. Moreover, in a functional-logic setting the use of an
unfolding rule that (implicitly) performs minimal instantiation may generate cor-
rupt programs that could not be executed by needed narrowing. The reader must
note the importance of this fact, since it directly implies that tupling algorithms
(that performs minimal instantiation) developed for pure functional programs
are not applicable in our framework, as illustrates the following example.

2 A definition rule (eureka) maintains its status only as long as it remains unchanged,
i.e., once it is transformed it is not considered a definition rule anymore.
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FEzxzample 2. Consider a functional-logic program containing the following well-known
set of non overlapping rules: {..., double(0) — 0, double(s(X)) — s(s(double(X))),
leq(0,X) — true, leq(s(X),0) — false, leq(s(X),s(Y)) — leq(X,Y),...}. Assume
now that a tupling strategy is started and after some definition introduction and unfold-
ing steps we obtain the following rule: new(...,X,Y,...) — (..., leq(X, double(Y)),...).
Then, if we apply an unfolding step (over the underlined term) with implicitly performs
minimal instantiation before (lazily) reducing it, we obtain:

new(...,0,Y,...) = (..., true,...)
new(...,X,0,...) = (..., leq(X,0),...)
new(...,X,s(Y),...) = (...,1leq(X, s(s(double(Y)))),...)

And now observe that there exist overlapping rules that loose the program structure.
This loss prevents for further computations with needed narrowing. Fortunately (as
proved in [4]), our unfolding rule always generates a valid set of program rules by
using appropriate (non most general) unifiers before reducing a term. In the example,
it suffices with replacing the occurrences of variable X by term s(X) in each rule (as
our needed narrowing based unfolding rule does), which is the key point to restore the
required structure of the transformed program.

Since tupling has not been automated in general in the specialized literature,
our proposal consists of decomposing it in three stages and try to automate
each one of them in order to generate a fully automatic tupling algorithm. Each
stage may consists of several steps done with the transformation rules presented
in section 2. We focus our attention separately in the following transformation
phases: definition introduction, unfolding and abstraction+folding.

3 Definition Introduction Phase

This phas corresponds to the so-called eureka generation phase, which is the
key point for a transformation strategy to proceed. The problem of achieving
an appropriate set of eureka definitions is well-known in the literature related to
fold /unfold transformations [LOJ19I21I/5]. For the case of the composition strat-
egy, eureka definitions can be easily identified since they correspond to nested
calls. On the other hand, the problem of finding good eureka definitions for the
tupling strategy is much more difficult, mainly due to the fact that the calls to be
tupled are not nested and they may be arbitrarily distributed in the right hand
side of a rule. Sophisticated static analysis have been developed in the literature
using dependencies graphs ([III18]), m-dags ([8]), symbolic trace trees [9] and
other intrincated structures. The main problems appearing in such approaches
are that the analysis are not as general as wanted (they can fail even although
the program admits tupling optimizations), they are time and space consuming
and/or they may duplicate some work tool. In order to avoid these risks, our
approach generates eureka definition following a very simple strategy (Table [)

3 Sometimes called ”tupling” [19], but we reserve this word for the whole algorithm.
4 This fact is observed during the so-called ”program extraction phase” in [19]. This
kind of post-processing can be made directly (which requires to store in memory



136 G. Moreno

that obtains similar levels of generality than previous approaches and covers
most practical cases. The main advantages are that the analysis is terminat-
ing, easy and quickly, and does not perform redundant calculus (like unfolding,
instantiations, etc.) that properly corresponds to subsequent phases.

Table 1. Definition_Introduction Phase

INPUT: Original Program R and Program Rule R=(l —»r) € R
OUTPUT:| Definition Rule (Eureka) Rges

BODY: 1. Let T'=(t1,...,tn) (n>1) be a tuple where {ti,...,tn}
is the set of operation-rooted subterms of r that are
innermost (i.e., t; does not contain operation-rooted
subterms) such that each one of them shares at least
a common variable with at least one more subterm in 7T

2. Apply the DEFINITION INTRODUCTION RULE to generate :

Raef = (frew(®) = T)
where frnew is a new function symbol not appearing R,
and T is the set of variables of T

As illustrated by step 1 in Example [Tl our eureka generator proceeds as
the algorithm in Table [l shows. Observe that the input of the algorithm is the
original program R and a selected rule R € R which definition is intended to be
optimized by tupling. In the worst case, every rule in the program could be used
as input, but only those that generate appropriate eureka definitions should be
considered afterwards in the global tupling algorithm.

One final remark: it is not clear in general neither the number nor the occur-
rences of calls to be tupled, but some intuitions exist. Similarly to most classical
approaches in the literature, we require that only terms sharing common vari-
ables be tupled in the rhs of the eureka definition [IT/T9]. On the other hand,
since it is not usual that terms to be tupled contain operation rooted terms
as parameters, we cope with this fact in our definition by requiring that only
operation-rooted subterms at innermost positions of r be collected. On the con-
trary, the considered subterms would contain nested calls which should be more
appropriately transformed by composition instead of tupling (see [5] for details).

4 Unfolding Phase

During this phase, that corresponds to the so-called symbolic computation in
many approaches (see a representative list in [19]), the eureka definition Rger =

elaborated data structures, as is the case of symbolic computation trees) or via
transformation rules similarly to our method, but with the disadvantage in that
case that many folding/unfolding steps done at “eureka generation time” must be
redundantly redone afterwards at “transformation time” or during the program ex-
traction phase.
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(frew(T) = T') generated in the previous phase, is unfolded possibly several times
(at least once) using the original program R, and returning a new program R, s
which represents the unfolded definitions of f,,¢., . Since the rhs of the rule to be
transformed is a tuple of terms (T"), the subterm to be unfolded can be decided
in a "don’t care” non-deterministic way. In our case, we follow a criterium that
is rather usual in the literature ([I0J11]), and we give priority to such subterms
where recursion parameters are less general than others, as occurs in step 2 of
Example [l (where we unfold the term £ib(s(X)) instead of £ib(X) ). Moreover,
we impose a new condition: each unfolding step must be followed by normalizing
steps as much as possible, as illustrates step 3 in Example [

Table 2. Unfolding Phase

INPUT: Original Program R and Definition Rule (Eureka) Rges
OUTPUT: Unfolded Program Runf

BODY: 1. Let Runy = {Rdey} be a program
2. Repeat Runf=UNFOLD(Rynt, R)
until every rule R € Runys verifies TEST(R/,Rde‘f)>O

As shown in Table 2 the unfolding phase basically consists of a repeated
application of the unfolding rule defined in Section Bl This is done by calling
function UNFOLD with the set of rules that must be eventually unfolded. In each it-
eration, once a rule in Ry s is unfolded, it is removed and replaced with the rules
obtained after unfolding it in the resulting program R, s, which is dynamically
actualized in our algorithm. Initially, R, s only contains Rger = (frew(T) — T).
Once the process has been started, any rule obtained by application of the un-
folding rule has the form R’ = (6(fnew(T)) — T"). In order to stop the process,
we must check if each rule R’ € Ry, verifies one of the following conditions:

Stopping condition 1: If there are no subterms in 7” sharing common vari-
abled] or they can not be narrowed anymore, then rule R’ represents a case
base definition for the new symbol fe.. This fact is illustrated by step 3
and rule R; in Example[1.

Stopping condition 2: There exists a substitution 6 and a tuple 7" that
packs the set of different innermost operation-rooted subterms that share
common variables in 7" (without counting repetitions), such that 6(T) =
T'. Observe that rule Rg verifies this condition in Example [I] since, for
0 = id there exists (in its rhs) two an one instances respectively of the terms
ocurring in the original tuple, that is, 6(T) =T =T" = (£(s(X)), £(X)).

5 This novel stopping condition produces good terminating results during the search
for regularities since it is more relaxed than other ones considered in the literature.

6 This condition is related to the so-called similarity, reqularity or foldability conditions
in other approaches ([19]) since it suffices to enable subsequent abstraction-+folding
steps which may lead to efficient recursive definitions of frew.
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In algorithm of Table Rlthese terminating conditions are checked by function
TEST, which obviously requires the rules whose rhs’s are the intended tuples T’
and T’. Codes 0, 1 and 2 are returned by TEST when none, the first or the second
stopping condition hold, respectively. We assume that, when TEST returns code
0 forever, the repeat loop is eventually aborted and then, the unfolding process
returns an empty program (that will abort the whole tupling process t00).

5 Abstraction+Folding Phase

This phase follows the algorithm shown in Table Bl and is used not only for
obtaining efficient recursive definitions of the new symbol f;,c,, (initially defined
by the eureka Rg.¢), but also for redefine old function symbols in terms of the
optimized definition of f¢,,. This fact depends on the rule R to be abstracted
and folded, which may belong to the unfolded program obtained in the previous
phase (Runf), or to the original program (R), respectively. In both cases, the
algorithm acts in the same way returning the abstracted and folded program R’.

Table 3. Abstraction+Folding Phase

INPUT: Program Rauz = Runf UR and Definition Rule (Eureka) Rgey
OUTPUT:| Abstracted+Folded Program R’

BODY: 1. Let R' = Raus be a program and let R’ be an empty rule
2. For every rule R € Rqus verifying TEST(R, Rgey)=2
R'=ABSTRACT (R, Rey)
R'=FOLD(R', Raef)
R'=R'—{R}U{R'}

Firstly we consider the case R € Ry,s. Remember that Rges = (frnew(T) =
T) where T = (t1,...,tn). If R = (0(fnew(T)) — r’) satisfies TEST(R, Rgcs)=2,
then there exists sequences of disjoint positiond] P; in FPos(r') where r'|, =
6(t;) for all pin P;, j = 1,...,n, ie, 1 = r’[@(fj)]?j. Hence, it is possible
to apply the abstraction rule described in Section [ to R. This step is done
by function ABSTRACT (R, Rg4c¢), that abstracts R accordingly to tuple 7" in rule
Rgey and generates the new rule R": o ( frew(Z)) — r'[zfj]Pfj where (z1,...,2,) =
6((t1,...,tn)) , being Z; are fresh variables. This fact is illustrated by step 4 and
rule Rg in Example [

Observe now that this last rule can be folded by using the eureka definition
Rgey, since all the applicability conditions required by our folding rule (see Def-
inition [I]) are fulfilled. This fact is done by the call to FOLD(R', R4ey) which
returns the new rule: o(fpew(T)) — r’[zfj]Pfj where (z1,...,2n) = 0(fnew(T)).

7 This positions obviously correspond to the set of innermost operation-rooted sub-
terms that share common variables in r’.
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Note that this rule (illustrated by rule Ry and step 5 in Example[I)), as any other
rule generated (and accumulated in the resulting program R') in this phase, cor-
responds to a recursive definition of fc., as desired.

The case when R € R is perfectly analogous. The goal now is to reuse as
much as possible the optimized definition of f,., into the original program R,
as illustrate steps 6 and 7, and rules R1g and R;; in Example[I

6 Conclusions and Further Research

Tupling is a powerful optimization strategy which can be achieved by fold /unfold
transformations and produces better gains in efficiency than other simpler-
automatic transformations. As it is well-known in the literature, tupling is very
complicated and automatic tupling algorithms either result in high runtime cost
(which prevents them from being employed in a real system), or they succeed
only for a restricted class of programs [I1J12]. Our approach drops out some
of these limitations by automating a realistic and practicable tupling algorithm
that optimizes functional-logic programs. Compared with prior approaches in
the field of pure functional programming, our method is less involved (we do not
require complicate structures for generating eureka definitions), more efficient
(i.e., redundant computations are avoided), and deals with special particulari-
ties of the integrated paradigm (i.e., transformed rules are non overlapping).

For the future, we are interested in to estimate the gains in efficiency pro-
duced at transformation time. In this sense, we want to associate a cost/gain
label to each local transformation step when building a transformation sequence.
We think that this action will allow to drive more accurately the transforma-
tion process, since it will help to define deterministic heuristics and automatic
strategies.

Acknowledgements. My thanks to Maria Alpuente and Moreno Falaschi for
helpful discussions on transformation strategies. I am specially grateful to Ger-
man Vidal for critical comments that helped to improve this paper.
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Abstract. In this paper, we propose the use of formal techniques on
Software Engineering in two directions: 1) We present, within the general
framework of lattice theory, the analysis of relational databases. To do
that, we characterize the concept of f-family (Armstrong relations) by
means of a new concept which we call non-deterministic ideal operator.
This characterization allows us to formalize database redundancy in a
more significant way than it was thought of in the literature. 2) We
introduce the Substitution Logic SL,, for functional dependencies that
will allows us the design of automatic transformations of data models to
remove redundancy.

1 Introduction

Recently, there exists a wide range of problems in Software Engineering which are
being treated successfully with Artificial Intelligence (AI) techniques.Thus, [5
6] pursue the integration between database and Al techniques, in [T4[T620] non
classical logics are applied to specification and wverification of programs, [19]
shows the useful characteristics of logic for Information Systems, [10] introduces
an automatic tool that translates IBM370 assembly language programs to C.

Rough set theory [I8] can be used to discover knowledge which is latent in
database relations (e.g. data mining or knowledge discovery in database [4[12]).
The most useful result of these techniques is the possibility of “checking depen-
dencies and finding keys for a conventional relation with a view to using the
solution in general knowledge discovery” [3]. Moreover, in [13] the authors em-
phasize that the solution to this classical problem in database theory can provide
important support in underpinning the reasoning and learning applications en-
countered in artificial intelligence. The discovery of keys can also provide insights
into the structure of data which are not easy to get by alternative means.

In this point, it becomes a crucial task to have a special kind of formal lan-
guage to represent data knowledge syntactically which also allows to automate
the management of functional dependencies. There exists a collection of equiv-
alent functional dependencies (FD) logics [2[9UT5/TI7/21]. Nevertheless, none of
them is appropriate to handle the most relevant problems of functional depen-
dencies in an efficient way. The reason is that their axiomatic systems are not
close to automation.

F.J. Garijo, J.C. Riquelme, and M. Toro (Eds.): IBERAMIA 2002, LNAI 2527, pp. 141-[I50] 2002.
© Springer-Verlag Berlin Heidelberg 2002
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In [1T13I15], the authors indicate the difficulties of classical FD problems
and they point out the importance of seeking efficient computational methods.
In our opinion, an increasing in the efficiency of these methods might come from
the elimination of redundancy in preliminary FD specification. Up to now, re-
dundancy in FD sets was defined solely in terms of redundant FD (a FD «
is redundant in a given set of FD I' if a can be deduced from I'). Neverthe-
less, a more powerful concept of FD redundancy can be defined if we consider
redundancy of attributes within FDs.

In this work we present an FD logic which provides:

— New substitution operators which allows the natural design of automated
deduction methods.

— New substitution rules which can be used bottom-up and top-down to get
equivalents set of FD, but without redundancy.

— The FD set transformation induced by these new rules cover the definition
of second normal form. It allows us to use substitution operators as the core
of a further database normalization process.

Besides that, we introduce an algebraic framework to formalize the data redun-
dancy problem. This formal framework allows us to uniform relational database
definitions and develop the meta-theory in a very formal manner.

2 Closure Operators and Non-deterministic Operators

We will work with posets, that is, with pairs (A4, <) where < is an order relation.

Definition 1. Let (A, <) be a poset and ¢: A — A. We say that ¢ is a closure
operator if ¢ satisfies the following conditions:

— a < c(a) and c(c(a)) < c(a), for all a € A.
— If a < b then c(a) < ¢(b) (c is monotone)

We say that a € A is c-closed if c(a) = a.

As examples of closure operators we have the lower closure operato. Here-
inafter, we will say lower closed instead of |-closed. Likewise, we will use the
well-known concepts of V-semilattice, lattice and the concept of ideal of an V-
semilattice as a sub-V-semilattice that is lower closed. Now, we introduce the
notion of non-deterministic operator.

Definition 2. Let A be a non-empty set andn € N withn > 1. If F : A™ — 24
is a total application, we say that F' is a non-deterministic operator with
arity n in A (henceforth, ndo) We denote the set ndos with arity n in A by
Ndo,, (A) and, if F is a ndo, we denote its arity by ar(F).

As usual, F(al,... 7ai,1,X7ai+1,...,an) = U F(al,... ,ai,l,m,aiﬂ,...,an).
- zeX
1 . L oU U . . _ _

If (U, <) is a poset, J: 2”— 27 is given by X |= U(w]f U{y€U|y§x}.

zeX zeX
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As an immediate example we have that, if R is a binary relation in a non-
empty set A, we can see R as an unary ndo in A where R(a) ={b€ A| (a,b) €
R}. We will use the following notation: R%(a) = {a} and R"(a) = R(R"*(a))
for all n > 1. Therefore, we say that R is reflexive if a € R(a), for all a € A,
and we say that R is transitive if R?(a) C R(a), for all a € A

Most objects used in logic or computer science are defined inductively. By
this we mean that we frequently define a set S of objets as: “the smallest set of
objects containing a given set X of atoms, and closed under a given set F of con-
structors”. In this definition, the constructors are deterministic operators, that
is, functions of A™ to A where A is the universal set. However, in several fields
of Computer Science the ndos have shown their usefulness. So, the interaction
of these concepts is necessary.

Definition 3. Let A be a poset, X C A and F a family of ndos in A. Let us
consider the sets Xo = X and Xiy1 = X; UUper F(Xér(F)) We define the nd-

(2

inductive closure of X under F as C{x(X) = ;o Xi- We say that X is
closed for F if Clr(X) = X.

Theorem 1. Let F be a family of ndos in A. Clr is a closure operator in
(24,9).

Ezample 1. Let (A,V,A) be a lattice. The ideal generated by X is Clyy 3 (X)
for all X C A.

3 Non-deterministic Ideal Operators

The study of functional dependencies in databases requires a special type of ndo
which we introduce in this section.

Definition 4. Let F be an unary ndo in a poset (A, <). We say that F is a non-
deterministic ideal operator (briefly nd.ideal-o) if it is reflexive, transitive
and F(a) is an ideal of (A, <), for all a € A. Moreover, if F(a) is a principal
ideal, for all a € A, then we say that F' is principal.

The following example shows the independence of these properties. 1

Ezample 2. Let us consider the followings unary ndos in (4, <):

(z]if z#0 \/

Fo)={0a) 6= mw={ {50 ]

1. F is reflexive and transitive. However, F' is not an nd.ideal-o because F(1)
is not an ideal of (A, <).

2. G is transitive and G(x) is an ideal for all z € A. But, G is not reflexive.

3. H isreflexive and H(z) is an ideal for all z € A. However, H is not transitive
because H(H(a)) = A /H(a) = (al.

b

The following proposition is an immediate consequence of the definition.
2 Or, equivalently, if R"(a) C R(a), for all @ € A and all n € N~ {0}.
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Proposition 1. Let F be an nd.ideal-o in a poset (A,<) and a,b € A. F is a
monotone operator of (A, <) to (24, C).

Proposition 2. Let (A, <) be a lattice. The following properties hold:

1. Any intersection of nd.ideal-o in A is a nd.ideal-o in A.

2. For all unary ndo in A, F, there exists an unique nd.ideal-o in A that is
minimal and contains F. This nd.ideal-o is named nd.ideal-o generated
by F and defined as F = "{F' | F' is a nd.ideal-o in A and F C F'}J

Theorem 2. Let (A,<) be a lattice.” : Ndoi(A) — Ndoi(A) is the closure
operator given by F(z) = Clipyv, 1y ({z}).

Ezample 3. Let us consider the lattice (A, <) and the ndo 1

given by: F(x) = {z} if z € {0,¢,d, 1}, F(a) = {b,c} and /N
F(b) = {0}. Then, F is the principal nd.ideal-o given by:
F(0) = {0}; F(b) = {0,b}; F(z) = Aif z € {a,¢,d, 1}

f

/b

/@4’(‘3

We define the following order relation which can be read as 0
“to have less information that”.

Definition 5. Let (A, <) be a poset and F,G € Ndo,(A). We define:

1. FXGif, foralla € A and b € F(a), there exist a’ € A and V' € G(a') such
that a < a' and b <b'.
2. F<GifF<XGand F#G.

Among the generating ndos of a given n.d.ideal-o we look for those that do not
contain any superfluous information.

Definition 6. Let (A, <) be a poset and F,G € Ndoi(A). We say that F' and
G are " -equivalents if ' = G. We say that F is redundant if there ezists
H € Ond;(A) ~-equivalent to F' such that H < F.

Theorem 3. Let (A,<) be a poset and F € Ndoy(A). F is redundant if and
only if any of the following conditions are fullfilled:

1. there exists a € A and b € F(a) such that b € f‘;(a), where Fop is given by
Fup(a) = F(a) ~ {b} and Fap(x) = F(x) otherwise.

2. there exists a,b/ € A and b € F(a) such that V' <b and b € %(a) where
Fappr is given by Fopy (@) = (F(a)~{b})U{V'} and Fup (z) = F(x) otherwise.

3. there exists a,a’ € A and b € F(a) such that ' < a, b € F(d') and b €
F/'a;(a) where Fupar s given by Fopar (@) = F(a)N{b}, Fapar (@) = F(a")U{b}
and Fupe (x) = F(z) otherwise.

We woulkd like to remark the fact that condition 1 is present in the database
literature, but conditions 2 and 3 are stronger than itf.
31f F,G € Ndon(A) then (FNG)(a) = F(a) N G(a).
4 In fact, previous axiomatic systems can not remove redundancy from FD sets in such
an easy (and automatic) way.
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4 Nd.ideal-os and Functional Dependencies

In this section we summarize the concepts that are basic over functional de-
pendencies. The existence of conceptual data model with a formal basis is due,
principally, to H. Codd [7]. Codd conceives stored data in tables and he calls at-
tributes the labels of each one of the columns of the table. For each a attribute,
dom(a) is the domain to which the values of the column determined by such
attribute belong. Thus, if A is the finite set of attributes, we are interested in
R C I cadom(a) relations. Each t € R, that is, each row, is denominated tuple
of the relation. If t is a tuple of the relation and a is an attribute, then ¢(a) is
the a-component of ¢.

Definition 7. Let R be a relation over A, t € R and X = {a,...,a,} C A. The
projection oft over X, t,x, is the restriction of t to X. That is, t ) x (a;) = t(a;),
foralla; € X.

Definition 8 (Functional Dependency). Let R be a relation over A. Any
affirmation of the type X1 ¥, where X, Y C A, is named functional depen-
dency (henceforth FD) over RO we say that R satisfies X1 ¥ if, for all
t1,t2 € R we have that: t,,x = ty/x implies that t1,y =ty/y.

We denote by F Dg the following set FDg = {X) ¥ | X, Y C A, R satisfies X\ ¥}

In an awful amount of research on Data Bases, the study of Functional De-
pendencies is based on a fundamental notion: the notion of f-family (Amstrong’s
Relation) which can be characterized in the framework of the lattice theory (and
without the strong restriction of working at 2V level for a U set with finite
cardinality) we present in this section.

Definition 9. Let U be a non.empty setld 4 f-family over U is a relation F
in 2V that is reflexive, transitive and satisfies the following conditions:

1. If ( X,)Y)EF and W CY, then (X,W) € F.
2. If (X,Y),(V,W) € F, then (XUV,Y UW) € F

Theorem 4. Let A be a non-empty set and F a relation in 24. F is a f-family
over A if and only if F is a nd.ideal-o in (24, C).

Proof. Let us suppose that F is a nd.ideal-o in (24,C). If Y € F(X)and W C Y,
since F'(X) is lower closed, we have that W € (Y] C F(X). Therefore, the item 1
in definition [ is true. On the other hand, if Y € F(X) and W € F(V) then, by
proposition[l, Y € F(X) C F(XUV) and W € F(V) C F(X UV). Therefore,
since F(X UV) is an V-semilattice, we have that Y UW € F(X UV) and the
item 2 in definition Qlis true.

Inversely, let us suppose that F' is a f-family over A and we prove that F'
is a nd.ideal-o in (24, C). Since F is reflexive and transitive, we only need to

probe that F'(X) is an ideal of (22 ,C) for all X € 24: the item 1 in definition [
ensures that F(X) is lower closed and, if we consider V' = X, item 2 ensures
that F'(X) is a sub-U-semilattice.

5 This concept was introduced by Codd in 1970.
6 In the literature, U is finite.
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It is immediate to prove that, if R is a relation over A, then FDpg is a f-
family (or equivalently, a nd.ideal-o in (24, C)) The proof of the inverse result
was given by Armstrong in [I]. That is, given a non-empty finite set, U, for all
f-family, F'| there exists a relation R (named Armstrong’s relation) such that
F = FDg. The characterization of f-families as nd.ideal-o.s turns the proof of
the well-known properties of F'Dg in a trivial matter:

Proposition 3. Let R be a relation over A. Then[1

IfY C X C A then X1 ¥ € FDp.

If X1 ¥ € FDpg then X1 XY € FDp.

If X ¥, Y1 % € FDpg then X1 % € FDgp.

If X1 ¥, X1 % € FDp then X+ ¥Z € FDp.

If X1 ¥ € FDpg then X1 ¥—X € FDgp.

If X1 ¥ ¢ FDR, X CUCAandV C XY then Ur ¥ € FDp.

If X, ¥, X" ¥eFDg, X' CXY, X CU and V C ZU then Ur WEF Dpg.

Proof. Since FDp, is reflexive and lower closed, we have that (X] C FDgr(X).
That is, (1). Since F'Dg is an V-semilattice, we have (2) and (4). Since FDpg is
transitive, we have (3). Since F' Dp is lower closed, we have (5).

(2) (1)
(6): Effectively, V & FDR(XY) C FDgr(X) C FDg(U).

NS GvAs oo~

m ©)) m
(7): Effectively, Z € FDr(X') C FDr(XY) C FDr(X) C FDg(U).
Finally, by (2), ZU € FDgr(U)) and, by (1) we have that V € FDgr(U).

5 The FDL and SL, Logics

The above algebraic study and, specifically, the notion of nd.ideal-o (as an equiv-
alent concept to the f-family concept) has guided the definition of the Functional
Dependencies Logic (FDL) that we present in this section.

Definition 10. Given the alphabet 2 U {1 —}where 2 is an infinite numerable
set, we define the language Lpp = {X) ¥ | X, Y € 22 and X # @} Bl.
5.1 The FDL Logic

Definition 11. FDL is the logic given by the pair (Lrpp,Spp) where Spp has
as axiom scheme Axpp : bs., X+ ¥, ifY C

and the following inference rules:

X ¥, Y Ehts,, X0 & Transitivity Rule
X1 ¥, X Hbks,, Xo ¥Z Union Rule

(Rtrans.)
(Runion)
In Spp we dispose of the following derived rules (these rules appear in [I7]):
(Rgaugm) X>—}/|_3FD Ui —Vv7 1fX§UandV§XY
Generalized Augmentation Rule
"If X and Y are sets of attributes, XY denote to X UY".
8 In the literature, attributes must be non-empty. In FD logic, we consider the empty
attribute (T) to ensure that the substitution-operators introduced in section

(see definition [[H) are closed.
9 Particulary X1 —Tis an axiom scheme.
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(Rg.tmns.) X ¥, 2 Vg, Vi W fZCXY, XCVand WUV
Generalized Transitivity Rule

The deduction and equivalence concepts are introduced as usual:

Definition 12. Let I I’ CLpp and ¢ €Lpp. We say that ¢ is deduced from
I' in Spp, denoted I' ks, @, if there exists o1 ..., € Lppsuch that ¢, = ¢
and, for all 1 < i < n, we have that p; € I', p; is an axiom Axpp, or it is
obtained by applying the inference rules in Spp.

We say that I is deduced of I', denoted I' bs., I, if I' Fs., « for all
a € I'" and we say that I' and I'" are Spp-equivalents, denoted I' =s,., I, if
I'bs,, I and I'Fgp, T

Definition 13. Let I' CLpp we define the Spp-closure of I', denoted
ClFD(F), as CZFD(F) = {(p S LFD ‘ I l_SFD (p}

Now is evident the following result.

Lemma 1. Let I' and I" CLpp. Then, I' and I are Spp-equivalentes if
and only if Clpp(I") = Clpp(I").

5.2 The Logic SL,,

Although the system Sgpp is optimal for meta-theoretical study, in this section,
we introduce a new axiomatic system (SL,, ) for Lrp more adequate for the
applications. First, we define two substitution operators and we illustrate their
behaviour for removing redundancy.

Note that the traditional axiomatic system treats the redundancy type described
in the item 1. of the theorem Bl We treat in a way efficient, the redundancy
elimination described in item 2 and 3 of theorem [3l

Definition 14. Let I' CLpp, and ¢ = X1+ ¥ € I'. We say that ¢ is super-
fluous in I' if I'\{¢} Frp ©. We say that ¢ is I-redundant in I' if exists
@ #£ Z C X such that (I\p) U{(X — Z) Y} Fs,.p, . We say that ¢ is r-
redundant in I" if exists @ # U CY such that (I'\@)U{X1 Y —U)} ks, ¢
We say that I' have redundancy if it have an element o that it is superfluous
or it is [-redundant or it is r-redundant in I'.

The operators that we will introduce are transformations of Sgp -equivalence.
This way, the application of this operators does not imply the incorporation of
l%ﬁ’ , but the substitution of wffs for simpler ones, with an efficiency improvement

Theorem 5. Given X,Y,Z € 22,
{Xi ¥} =s,p {( Xt ¥ — X))} and {X1 ¥, X) £} =5, {X1 ¥Z}
The following theorem allow us to introduce the substitution operators.

Theorem 6. Let X+ ¥, U+ % €Lpp with XNY = @.

10 1t is easily proven that the reduction rule and union rule are Sgp -equivalence trans-
formations.
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(a) If X CU then {X1 ¥, U1 ¥V} =5, {X ¥, (U-Y) 4V —Y)}. Therefore,
fUNY #£ @ orVNY # @ then Ur ¥ is l-redundant or r-redundant in
{X) ¥, U ¥}, respectively.

(b) If X /U and X C UV then {X1 ¥,Ui ¥} =s,, {X1 ¥, Ui 4V —Y)}.
Therefore, if VNY # & then Ur ¥ is r-redundant in {X) ¥, U1 V}.

Proof. (a)

=) _ <)

1. XY Hypothesis 1.U =X Axrp

2.(U-Y) 1, Rg.augm. 2. X1 =Y Hypothesis

3. (U-Y ) ~U-Y) Azpp 3.U—Y 1,2, Rirans.

4. (U-Y) VY 2,3, Rypion 4. (U-Y)—V-Y) Hypothesis

5. (U—Y)> - 4:7 Rg,augm, 5.0 VY 3, 4, Runion

6. UV Hypothesis 6.U—YV 2,5, Rg.augm.

7.(U-Y)—=V 5,6, Rirans.

8. (U—Y)>—)(V—Y) 77 Rg,augm,

(b)

=) <)

1.0V Hypothesis 1.U =X Axpp

2.0~V —-Y) 1, Rg.augm. 2. X1 =Y Hypothesis
3. U 1,2, Rirans.
4. U1 —HV-Y) Hypothesis
5.0 VY 3,4, Rymion
6.U—V 2,5,Rg,augm,

The above theorems allow us to define two substitution operators as follows:

Definition 15. Let X1 ¥ €Lpp, we define Px,—y,P%,_y :Lrp—LFpp, de-
nominated respectively (X1 ¥ )-substitution operator, and (X1 —¥)-right-
substitution operator (or simply (X1 -¥)-r-substitution operator):

U=V -Y) ifXCUand XNY =g!2
Dx (U V) = {U; v otherwise
. (U V) = UV -Y) if X /U, XNY =& and X CUV
X R RV otherwise
Now, we can define a new axiomatic system, Sppg, for Lpp with a substitution
rule as primitive rule.

Definition 16. The system Spps on Lrpp has one axiom scheme:
Axpps: B X1 ¥, where Y C X. Particulary, X1 —Tis an axiom scheme.

The inferences are the following:
(Rrag.) Xt ¥ s X ¥ ifY'CY Fragmentation rule

(Rcomp.) X1 ¥, Ut ¥V ks, XU ¥V Composition rule

(Rsubst.) X ¥ U ¥Vhs,,s UY) VYY), if XCU, XNY =0
Substitution rule

Theorem 7. The Spp and Spps systems on Lrpp are equivalent.

H'In2weuse X CU—Y and in 4 we use Y(U —Y) =UY.
12 Notice that V —Y may be T. In this case we will remove the wffusing axiom Azrp.
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Proof. Let R,,,;,, be a particular case of Rcomyp., then all we have to do is to
prove that (Rypgns.) is a derived rule of Sppg:

LX—Y Hypothesis 6. XY —<Z-Y) 4,5, Rgypst.
2.Y1—=Z Hypothesis 7Y -X)i1HY — X) Azrps
3 X =Y =X)L, Rppg 8.X1~HZ-Y) 3,6, Rgypst.
LY\ AZ=Y) 2 Ry, 9. X1 5ZY 1,7, Reomp.
5 X1 =T AxFps 10. X1 —Z 9, Rfmg.

The example @l shows the advantages of the & and & operators, and the example
show how is possible to automate the redundance remove process.

Ezample 4. Let I' = {ab -¢,a —a,bcr —d,acd b, di —eg, ber -6, cq —bd, cer —ag}.
We apply the @, and @ for obtaining a non redundant wffs set and equivalent
to I'. In the following table, we show by rows how we obtain successively equiv-
alent wff sets, but with less redundancy. We emphasize with . both wffs that

allow to apply the operator. We cross out with - the removed wff after the
application of the operator. We remark in each row the operator or the rule
applied.

D, olacd —b) | {ab—¢, o —n, bo —d, aed=h, d —eg, ber —¢, cgr —bd, cer —ag}
L ] L ]

Do o(cer—ag) | {ab—, c—n,bo—, cd —b, d —eg, ber —¢, cg —bd, cer=ag}
— L

Dy, alcg—dd)| {ab—k,c—n,be—H, cd —b, d —eg, ber —, cp—bd, cer —g }
— L

I’ = {ab —¢, ¢ —a, be —, cdi —b, d —eg, ber —¢, cg1 —b, cer —g }

Example 5. Let I' the FD set showed in the first row of the table.

Dy o{ber—de)+Rypion |1 = {a—b,b—, aer—efh, be=ve, bd —ee, a fh —¢e,

bed —aef}
Dt e (bdi —e) 13 I' = {a—b, b —xde, aer — fh, bd—=Fe, a f hv —e, bedr —ae f }

By ee(bed —ae )+ Rynion| I = {a —b,b —vde, aer—fh, afh —te,M
D b —acde I'={a—bb ef,aer—efh,afh —ee
o ) { b —wedef, fh,af }
Pper epn(afli—ee)  |I'={a—b bi—nde,aer —fh, aflr=Fe}
% N e N’
Rg.tmns. I' = {a—h,b—nde,aer —fh, afh=%}
I'" = {a—b, b —ade,aer —fh}

Due to space limitations, we can not go further into comparison with other
axiomatic systems, nevertheless we would like to remark that Sppg allow us to
design (in a more direct way) an automated and efficient method which remove
redundancy efficiently. In this case, the example @ taken from [21I] requires the
application of seven Sgp rules in a non deterministic way.

13 Notice that the & operator renders b — Tand we remove it by using axiom Azrps.
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Abstract. We introduce the declarative programming language Indeed
that uses both deduction and interaction through multi-agent system
applications. The language design is addressed by providing a uniform
programming model that combines two refinements of resolution along
with some control strategies to introduce state-based descriptions. We
show that the logical calculus in which the computational model is
based is sound and complete. Finally, we compare our approach to
others proposed for coupling interaction with automated deduction.

Keywords: Logic programming, interaction, automated theorem prov-
ing, Horn clause theories.

1 Introduction

Artificial intelligence, largely based on formal logic and automated reasoning
systems, has become increasingly more interactive. As indicated by Wegner [12],
dynamic acquisition of interactive knowledge is fundamental to diminish the
complexity of interactive tasks, to better their performance, and to better the
expressiveness of their modeling. On the other hand, there is a fundamental
distinction between deduction and interaction. In high order logics provers, as
HOL [] and, particularly, Isabelle [7], insteraction is meant as a direct user
guidance to construct a proof. The kind of interaction we have in mind is closer
to the notion shown in [3]: different agents scan a common work-place to pursue
with their common goal, e.g. to prove the current theorem.

Models of algorithmic computation, like automated theorem provers and Tur-
ing machines, are characterized by their closed and monolithic approach. Their
simple observable behavior comprises a three-stage process of interactive input,
closed data processing, and interactive output. Nonetheless, modern applica-
tions involving collaboration, communication and coordination, require richer
behaviors that cannot solely be obtained from algorithmic computation.

In this work, we propose a logic programming language that extends a
resolution-based theorem prover with interaction. The computational model

F.J. Garijo, J.C. Riquelme, and M. Toro (Eds.): IBERAMIA 2002, LNAI 2527, pp. 151-[I60] 2002.
© Springer-Verlag Berlin Heidelberg 2002
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comprises SLD-resolution and UR-resolution, to describe respectively stateless
deduction and state-based transitions. The coordination model consists of a
transactional global memory of ground facts along with a strategy for the theo-
rem prover to control program execution by syntactically guided rule selection.
In addition, the set of support restriction strategy coordinates the input and out-
put of facts with the shared memory, maintaining the coherence of the current
state of the computing agent.

Let us briefly explore other approaches that can be compared with ours:
resolution theorem provers, constraint logic programming and coordination logic
programming.

The resolution-based theorem prover OTTER [13[14] comprises a number
of refinements of resolution along with a set of control strategies to prune the
explosive generation of intermediate clauses. However, OTTER does not account
for interaction. The set of all instantaneous descriptions essentially corresponds
to the set of support strategy. In OTTER, a clause is selected and removed from
the set of support to produce a new set of clauses deduced from the axioms of
the theory. Then, after simplifying a new clause by demodulation and possibly
discarding it by either weighting, backward or forward subsumption, the new
clause is placed back to the set of support.

Concurrent Constraint Programming (CCP) [§] proposes a programming
model centered on the notion of constraint store that is accessed through the
basic operations *blocking ask’ and 'atomic tell’. Blocking ask(c) corresponds to
the logical entailment of constraint ¢ from the contents of the constraint store:
the operation blocks if there is not an enough strong valuation to decide on c.
In this respect, the blocking mechanism is similar to the one used in Indeed to
obtain the set of ground facts that match with the left-hand side of some rule.
Besides, the constraint store shares some similarities with the global memory of
ground facts. However, operation tell(c) is more restrictive than placing ground
atoms in the global memory because constraint ¢ must be logically consistent
with the constraint store.

Extended Shared Prolog (ESP) [3] is a language for modeling rule-based soft-
ware processes for distributed environments. ESP is based in the PoliS coor-
dination model that extends Linda with multiple tuple spaces. The language
design seeks for combining the PoliS mechanisms for coordinating distribution
with the logic programming Prolog. Coordination takes place in ESP through
a named multiset of passive and active tuples. They correspond to the global
memory of facts in Indeed, although no further distinction between passive and
active ground facts is made. ESP also extends Linda by using unification-based
communication and backtracking to control program execution. In relation to
the theoretical foundations, ESP has not a clean integration of interaction and
deduction as suggested by Indeed in which the coordination component is given
by providing a particular operational interpretation of the memory of facts.

Finally, abduction is a form of reasoning, particularly of synthetic inference,

where a hypothesis is obtained from the evidence and the rule. In general, abduc-
tion is appropriate for reasoning with incomplete information, where hypothesis
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generation can be viewed as a method to assimilate knowledge to make infor-
mation more complete. In [5]9] a proof procedure is based upon combining two
forms of deduction: backward reasoning with iff-definitions to generate abduc-
tive hypothesis and forward reasoning with integrity constraints both to test
input for consistency and to test whether existing information is redundant.
This interleaved rationality-reactivity approach for a logic-based multi-agent ar-
chitecture is similar to the followed in Indeed. However, our proposal suggests a
language level syntactic guidance for the resolution theorem prover that can be
compared to the programming model of the event-condition-action rules on Ac-
tive Databases. In Indeed, forward rules solely directs the three-stage procedure
of observing, thinking and acting on the knowledge base, whereas the abductive
proof procedure of Abductive Logic Programming (ALP) is separated in the
abductive phase of hypothesis generation and the consistency phase of incre-
mentally check of the integrity constraints. We believe that the computational
model of Indeed may lead to simpler and possibly more efficient implementa-
tions for a class of problems dealing with incomplete information. Nonetheless,
compared to the rich theoretical framework of ALP for the treatment of nega-
tive literals in integrity constraints, the only form of negation used in Indeed is
negation as failure.

The paper is organized as follows. First we illustrate the forward and back-
ward search schemes that arise from our model with a programming example.
Next, we introduce the declarative language: the syntax and the declarative
semantics of the programming language.

2 A Programming Example

Dynamic systems can generally be decomposed into a collection of computing
agents with local state. The distributed state of the entire system corresponds
to the set of local states of each individual agent, whereas the specification of
the system behavior is described by the axioms of logical theories. As agents
perceive the surrounding environment through sensors and act upon it through
effectors, their interaction can effectively be decoupled by a coordination medium
consisting of a multiset of ground facts. By abstracting away interaction from
deduction, the inherently complex operational details of sensors and effectors
become irrelevant.

As an example, consider the problem of parsing simple arithmetic expres-
sions. The compiler uses the context free grammar (CFG):

E—-O0|1|(E)|E+E|EXE

where non-terminal F stands for “expression”. Ground atoms are used to rep-
resent the tokens forming the input expression and to represent well-formed
sub-expressions as well.

Table I shows theory Natural for the natural numbers written in Indeed.
This theory uses backward rules that have the general form p < pq,...,p, with
n > 0. The logical propositions of the theory are built upon infix predicates =,
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<, and <, whose recursive definitions are given by pure Prolog clauses N1 to
N5. Natural represents the computational component of the interactive parser.

Table 1. Natural numbers using backward rules.

theory Natural

axioms

[N1] O+y=y<=.

N2 (z+1)+y=(z+y)+1<=.

[N3] 0<y <.

[N4] (z+1)<(y+1) <=z <y.
[N5] r<y<(r+1) <y
end

Table[2 shows the theory Parser that extends Natural written in Indeed. This

theory uses forward rules that have the general form pq, .

.eyPn = pwithn > 0.
The rules of Parser define a bottom-up parser for simple arithmetic expressions
whose syntactic entities are represented by ground atoms. T'(n,z) asserts that
token x occurs at position n while E(nl,n2), with nl < n2, asserts that the
sequence of tokens from nl to n2 is a well-formed arithmetic expression. It is
defined by self-explanatory rules in accordance with the given CFG.

Table 2. Bottom-up parser for arithmetic expressions.

theory Parser

extends Natural

axioms

[P1] T(n, 0') = E(n,n).

[P2] T(n, 1) = E(n,n).

[P3] T'(nl, ("), E(n2,n3),T(n4, "))
[nl+1=n2,n2<n3,n3+1=nd
= E(nl,n4).

[P4] E(nl,n2),T(n3, +'), E(n4,n5)

|nl <n2,n2+1=n3,n3+1=n4,nd <nb

= E(nl,nb).
[P5] E(nl,n2),T(n3, 'x"), E(n4,n5)

|nl <n2,n2+1=n3,n3+1=nd,nd <nb

= E(nl,nb).
end

Table Blsketches the interaction of the parser that takes place in the common
memory with sensors and effectors, dealing with the rather trivial, although
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illustrative, string:’(1+0) x1’. Atoms based on predicate T are placed in the
memory by sensors and displayed from left to right as they are produced. As
soon as the atoms occurring on the left-hand side of some rule of Parser become
available, the parser removes them and places the atom occurring on the right-
hand side of the rule. An effector may take the last produced atom to inform
the editor that the analyzed expression is well-formed.

Table 3. Interactive parsing.

=T(1, ()
=T(2,7)
2 E?22)
=T(3,+)
=T(4,0)
2 E@4,4)
2 E@2,4)
=T(5,")
2 E(1,5)
= T(6, 'x’)
= T(7,1)
2 e
2 EQ,7)

A transactional memory ensures the ’all-or-nothing’ property in the shared
resource concurrent access. Intuitively, the interaction parser proceeds as follows:

1. The initial agent’s state is given by ground atoms. As no inputs have been
detected from sensors, no rules apply and nothing can be deduced.

2. Eventually, after detecting some activity, sensors place in the shared memory
the initial readings as ground atoms.

3. The interactive component determines which responses are necessary by se-
lecting an appropriate forward rule whose left-hand side have a match with
the contents of the shared memory.

4. Once a forward rule is selected, the reasoning component attempts to prove
that its guarding constraints are satisfied.

5. Whenever the drawn conclusions hold, responses are produced by placing
the ground atoms of the consequent part into the shared memory.

6. However, if the drawn conclusions are false, another forward rule, if any, is
selected. If there is not a successful forward rule available, the agent waits
for the reading of appropriate ground atoms obtained from the sensors.

7. Computation continues until no agent can apply a forward rule.
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The current content of the memory is a key factor in selecting a forward rule.
However, backward rules participate in the decision to apply the rule and the
deduction of additional information.

3 Indeed Formal Description

In this section we provide the formal description of our programming language
Indeed. First, we present the programming syntax along with the rules of the
logical calculus. Then, we show a programming model derived from the inference
rules. Finally, we will just point out the soundness and completeness of this
particular logic.

3.1 Inference Rules

The names signature of the language comprises a set C of constructor names and
a set X of variable names. The set T(X) of terms with variables is the minimal
set contaiining C' U X, closed under composition of a constructor with a term
sequence. The set T of ground terms consists of the terms with no variables. The
set A(X) consists of atoms, e.g. compositions of predicate symbols with term
sequences. The set A of ground atoms consists of all atoms with no variables. A
clause is a disjunction of literals, i.e. atoms or negated atoms, and is represented
as a set P = {p1,...,pn}. An unit clause contains only one atom. A positive
clause contains no negated atoms. A negative clause contains no positive atoms.
A definite clause contains at most a positive atom. A goal consists only of nega-
tive atoms and the set of goals is denoted by G(X). A guarded goal has the form
P | G in which the atoms of P are defined by forward rules whereas the atoms
of G are defined by backward rules. The set of all guarded atoms is denoted by
GG(X). A substitution is a map o : X — T(X) and it admits a natural extension
to terms o : T(X) — T(X).

The theory Ax consists of all backward and forward rules. The theory Bx con-
sists only of the backward rules in Ax. Both, backward and forward rules, have
the same declarative reading: p <= P and P = p are read p holds if P holds. In
any case, p and P correspond to the antecedent and consequent parts of the rule.
Nonetheless, the operational interpretations of the rule types are remarkably
different. Backward rules have a goal directed control strategy, whereas forward
rules are driven by unit clauses representing the currently known set of facts.
With respect to unit clauses, their procedural interpretations coincide. Indeed,
the proposed notation maintains the declarative meaning of clauses and makes
explicit both the resolution method and the control strategy to be used. The
forward rules denotation of the usual Horn clause logic is extending the expres-
siveness of classical logic programming languages. Let Th(Ax) and Th(Bx) be
the sets of deduced clauses from Ax and Bx respectively. Deduction is determined
by the application of the inference rules shown in Table[]

Backward rules roughly correspond to the procedural interpretation of SLD-
resolution, while forward rules can be related to UR-resolution. Both resolutions
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Table 4. Inference rules.

Instantiation rules
p< P € Bx P|G=peAx
o: X = T(X) o: X = T(X)

I po <= Po € Th(Bx) FI: Po | Go = po € Th(Ax)

Resolution rules
p1--pn | G = p € Th(Ax)
p < PU{q} € Th(Bx) < G € Th(Bx)
g < Q € Th(Bx) FR = p; € Th(Ax) Vi <n
p < PUQ € Th(Bx) ’ = p € Th(Ax)

BR:

are known to be sound and refutation complete on definite clauses. Furthermore
they can be combined with other strategies such as the set of support.

4 Interpretations, Soundness, and Completeness

Let Ha, be Herbrand universe of Ax. The Herbrand base Bay for the definite
program Ax is the set of all ground atoms formed using predicate symbols com-
posed with ground terms at the Herbrand universe. The relation A = Co among
a Herbrand algebra A, a substitution ¢ and a clause C' is canonical: C' is true
when its variables are substituted according to o. A clause C is true in the in-
terpretation A, written A |= C, if C is true for every substitution. A clause C' is
not true in the interpretation, A AC, when C' is not true for some substitution.
When C' is an unsatisfiable goal, we may write A = < C instead of AAC. Also:

— If p(t1,...,t,) is an atom, then A |= p(t1,...,t,) o iff (t10,...,t,0) € pa.
- AE{p,....on}oift Al=poforalli=1,...,n.
— A= (p<P)oiff A= Po implies A Epo.
In particular, A = (p <) oiff A Epo.
- A#A <

For a set S of clauses, A models S if A is an interpretation for each clause in
S. Given two set of clauses S and T, S semantically implies T, S |= T,if every
model of S is also a model of T'. The following is inmediate:

Lemma 1. Let C and S be sets of definite clauses and G a definite goal. Then,

1. C = Co for any substitution o

2. SU{C}EC

3. SES and "= S imply S = S”
4. SEC impliesSEC ifCEC

Let us consider the problem to decide whether Ax |= C. Let Z be a Her-
brand interpretation for Ax. The monotonic map Tay : 2BAx — 2Bax, 71 —
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Tax (Z)={poc € Bax | P = p € Ax,Po C Z, 0 : X — T} progressively de-
termines the set of ground atoms that are logical consequence from the theory.
Namely, Tax(?) = {po | (= p) € Ax and ¢ a ground substitution} corresponds
to the set of all ground facts of the theory. Let:

TRAD 3 TRET(TE ) ifn >0 5 732 | Th
n=0

We may identify the least Herbrand model with the minimal model A = T%,.
The success set consists of all ground atoms refutable in the backward theory.

4.1 Soundness and Completeness of Forward Deduction
The following propositions are proved strightforwardly:
Proposition 1. Forward resolution preserves consistency. IL.e:

(AzE=Q|G=p& Az Go& Azl= qo Ve Q) = AzkE== po

Proposition 2 (Soundness of forward resolution as a deduction calcu-
lus). Any ground atom q derived from Ax is a semantic consequence of Ax.

Also, the following proposition holds:

Proposition 3 (Completeness of forward resolution as a deduction cal-
culus). If a positive ground atom p has a Herbrand model, then p can be derived
from Ax by forward resolution.

Proof. If the positive ground atom p has a Herbrand model then one of the
following relations holds:

1. AxEp
2. TY, is a model for = p

3. By definition of Tax, there exists a minimal integer n such that = qo € T}, .
Then, there exists a rule @ | G = ¢ and a ground substitution o such that,
eithechr\Gag(/)ifn:()orGo*:QaQTX;1 if n > 0, with p = qo

In any case, it follows directly that Ax - = p.

4.2 Computational Model

In this section we will construct a computational model for the previously de-
fined logic. Let ID = GG(X) x (X — T(X)) consist of instantaneous descriptions,
i.e. pairs id consisting of a guarded goal and a substitution instantiating the
variables appearing at the goal. ID can be provided of two transition relations
<,> C P(ID) x P(ID) between sets of instantaneous descriptions, each one defin-
ing, respectively, the backward and forward computation relations. Transition
relations are determined by the rules shown in Table [
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Table 5. Rules for relation “transition”.

Backward computation

p<= P e Bx
(<= GU{po2},01) < (<= Goz U Poa,0102)

Forward computation

p1-pn | G=p€EAx
(= G,0)<" (=,0)
ITU{(p1o,01),...,(pno,on)}>I1U{(= po,o1- - omo)}

Given an instantaneous description (<= {pos} U G, 01), the first transition ap-
plies backward resolution over corresponding instances oo of the goal {p} UG
and the rule p <« P. If more than one backward rule can be applied, just one
candidate rules is non-deterministically selected. The second transition applies

forward resolution over a set of ground atoms {(= p10,01),..., (= ppo,o,)} for
some 1 > 0. The transition requires a suitable instance of rule p1,...,p, | G = p
under some substitution ¢ such that p;o = ¢;o for each ¢ € {1,...,n}. Then, a

new instantaneous description (= po, 01 - - - 0,,0) is obtained if the guarding con-
dition Go has a refutation with ¢ as the computed answer. If the guard Go fails,
another forward rule is selected non-deterministically. Note that ¢ must lead to a
ground goal Go. The substitution o7 - - - 0,0 enables a form of unification- based
communication among the computing agents.

Let < be the refelxive-transitive closure of the union of > and <, <= (>U<)*.
Then, the correctness of the computational model can be stated as follows:

Proposition 4. For any Q, G, p:
AzEQ|G=p & VYo:(AzUQUG,0) < (p,o).

We have implemented the programming model in a prototype system writ-
ten in Prolog consisting of a compiler and a small run-time library. The main
difficult in this implementation lies in the inherent complexity posed of selecting
appropriate forward rules. A forward rule with n antecedents, each one having
a set of k atoms realizes a match in time complexity O(k™) in the worst case.
Fortunately, most applications typically have rules with no more than two an-
tecedents. Our architecture adopts an event-driven approach that reduces the
complexity in one order, i.e. O(k™~!). Although the results are encouraging, we
believe that to take full-advantage of this approach, a further improvement in
the expressiveness of the language constructs is still necessary.
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5 Conclusions

In this paper, we have addressed the problem of coupling interaction in resolu-
tion theorem provers. Our experimental programming language Indeed has been
designed by distinguishing between state-based descriptions using forward rules
and stateless deduction using backward rules. The distinction is important and
convenient as the programming model allow us to combine backward and for-
ward rule chaining in a single model. We have shown that our calculus is sound
and complete in the limit case in which no interaction occurs.
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Abstract. In this paper we continue the theoretical study of the possible appli-
cations of theA-tree data structure for multiple-valued logics, specifically, to be
applied to signed propositional formulas. THetrees allow a compact represen-
tation for signed formulas as well as for a number of reduction strategies in order
to consider only those occurrences of literals which are relevant for the satisfia-
bility of the input formula. New and improved versions of reduction theorems for
finite-valued propositional logics are introduced, and a satisfiability algorithm is
provided which further generalise the TAS method[1,5].

1 Introduction

Automated deduction in multiple-valued logic has been based on the notisige ahd
signed formula, which allow one to apply classical methods in the analysis of multiple-
valued logics. The main idea is to apply the following bivalued metalinguistic interpre-
tation of multiple-valued sentences: For example, in a 3-valued logic with truth-values
{0, 1/2,1} and with{1} as the designated value, the satisfiability of a formutzan be
expressed assit possibleto evaluate ¢ in {1}? In the same way, the unsatisfiability of

@ is expressed byisit possible to evaluate ¢ in {0, 1/2}? These questions correspond
to the study of validity of the signed formulas}:¢ and{o, »}:¢, which are evaluated

on the sef{0, 1}. In other words, the formulas in a signed logic are constructions of the
form S:p, whereS is a set of truth-values of the multiple-valued logic, calleddiuya,
andy is a formula of that logic.

Although there are interesting works on automated deduction for infinitely-valued
logics [2.8], we will only be concerned with-valued logics. The reason for focussing
only on the finitely-valued case is that “fuzzy" truth-values (or human preferences) are
usually described in a granulated way, by steps in the degree of perception. This is
connected to the well-known fact that people can only distinguish finitely many degrees
of quality (closeness, cheapness, ) or quantity in control.

The first works to provide a systematic treatment of sets of truth-values as signs
were due to Hahnle in_[7] and Murray and Rosenthalin [9]. There, the notisigred
formulais formally introduced. Irf[[7] these tools are used in the framework of truth tables,

* Research partially supported by Spanish DGI project BFM2000-1054-C02-02 and Junta de
Andalucia project TIC-115.

F.J. Garijo, J.C. Riquelme, and M. Toro (Eds.): IBERAMIA 2002, LNAI 2527, pp. [61}-171, 2002.
(© Springer-Verlag Berlin Heidelberg 2002
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while in [9] they are used to develop another nonclausal proof medissolution. As a

result of these works, the use of signed formulas in the field of automated deduction has
been extended, and has led to significant advances in this method; therefore, efficient
representations for signed formulas are necessary in order to describe and implement
efficient algorithms on this kind of formulas.

An approach to the efficient handling of signed formulas that one finds in the literature
is the clause form, which allow the extension of classical techniques such as resolution,
or Davis-Putnam procedures. Another approach is that of Multiple-Valued Decision
Diagrams (MDDs) and its varianis [3], but they are not useful for the study of satisfiability
because, although they make straightforward its testing, the construction of a restricted
MDD for a given formula requires exponential space in the worst case.

Our approach to automated deduction for signed logics follows the TAS methodol-
ogy [1[E], that is, the application of as much reduction theorems with low complexity as
possible before applying a branching rule. The main aim of the paper is of theoretical
nature, to provide a TAS-based satisfiability algorithm for signed formulas.

To work with signed formulas, we will follow the approach introduced[inl[4,6],
interpreting signed formulas by meansftrees, that is, trees of clauses and cubes. In
this paper, we will be concerned with the metatheory of multiple-valdetiees, not
with implementation issues.

2 Reduced Signed Logics and Multiple-ValuedA-Trees

The notion ofreduced signed logic is a generalisation of previous approaches, and it is
developed in a general propositional framework without reference either to an initially
given multiple-valued logic or to a specific algorithm, ie. the definition is completely
independent of the particular application at hand. The generalisation consists in intro-
ducing apossible truth values function, denotedv, to restrict the truth values for each
variable. These restrictions can be motivated by the specific application and they can be
managed dynamically by the algorithms. For example, iih [10] are used to characterize
non-monotonic reasoning systems.

The formulas in the reduced signed lod@g, the signed logic valued in n by w,
are built by using the connectivesandV on w-signed literals (or simply, literals): if
n = {1,...,n} is afinite set of truth-value3; is the set of propositional variables and
w:V — (2" \ @) is a mapping, called thgossible truth-values function, then the set
of w-signed literalsisLit, = {S:p | S Cw(p),p € VIU{L, T}.

In a literal¢ = S:p, the setS is called thesign of £ andp is thevariable of £. The
complement of a signed literatp is (w(p) ~ S):p and will be denoted:p.

The semantics 08, is defined using the-assignments. The w-assignments are
mappings from the language into the g6t 1} that interpretv as maximum, as
minimum, L as falsity, T as truth and, in addition, satisfy:

1. For everyp there exists a uniquge S such that/ ({j}:p) =1
2. I(S:p) = 1ifand only if there existg € S such that/ ({j}:p) =1

These conditions arise from the objective for which signed logics were created: the
w-assignment overS:p is 1 if the variablep is assigned a value if§; this value must be
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unique for every multiple-valued assignment and thus unique for evagsignment.
This is why we sometimes will writé({;}:p) = 1 asI(p) = j.

An important operation in the sequel will be thaduction of a signed logic. This
operation decreases the possible truth-values set for one or more propositional variables.
The reduction will be forced during the application of an algorithm but it can also help
us to specify a problem using signed formulas. Specifically, we will use two basic
reductions: to prohibit a specific value for a given varialjle# j|, and to force a
specific value for a given variablfs = j]: If w is a possible truth-values function, then
the possible truth-values functiongp # j] andw[p = j] are defined as follows:

w[p7éj](,u){w(p)\{j} if v=p w[pj](v){{j} ifv=p

w(v) otherwise w(v) otherwise

If AisaformulainS,, we define the following substitutions:

— Alp # jlis aformulainS,,; obtained fromA by replacing;}:p by L, T73:p by
T, S:pby (S~ {j}):p and, in addition, the constants are deleted using the 0-1-laws.
— Alp = j] is a formula inS,,,—; obtained fromA by replacing every literab:p
satisfyingj € S by T and every literalS:p satisfyingj ¢ S by L; in addition, the
constants are deleted using the 0-1-laws.

Animmediate consequence is the followingl is a model ofA in S, andI(p) # j,
then (the restriction off is also a model of\[p # j] in S, ); if I is a model ofA in
S, andI(p) = j, thenI is a model ofA[p = j] in S,p—j).

Throughout the rest of the paper, we will use the following standard definitions. A
signed formulad in S, is said to besatisfiable if there is anv-assignmenf such that
I(A) = 1; in this casd is said to be anodel for A. Two signed formulas! and B are
said to beequisatisfiable, denotedA ~ B, if A is satisfiable iffB is satisfiable. Two
formulas A and B are said to bequivalent, denotedA = B, if I(A) = I(B) for all
w-assignment. We will also use the usual notions of clause (disjunction of literals) and
cube (conjunction of literals). Given a set of formul@sthe notation? = A means
that all models for? are also models fad. A literal £ is animplicant of a formulaA if
¢ = A. Aliteral ¢ is animplicate of a formulaA if A |= ¢.

Multiple-valued A-trees. The satisfiability algorithm we will describe is based on
the structure of multiple-valued\-trees. In the classical case, nodes in thdrees
correspond to lists of literals; in the multiple-valued case we will exploit a duality in the
representation of signed literals in terms of literals whose sign is a singleton. To better
understand this duality, let us consider the litgnad}:p in the signed logi&S,, where
w(p) = {1,2,4,5}, then:{1,4y:p = {1}:p V {4}:p and{1,4}:p = {2}:p A {5}:p. This way,
we have both a disjunctive and a conjunctive representation of signed literals using the
literals{;}:p and{;}:p, which are callethasicliterals. In the sequel, we will use a simpler
representation for these literajsi =4.5 {j}:p andpj =qcr G1p-

The basic literalgp; are thepositive literals and their complementsyj, are the
negative literals. In the A-tree representation we work with lists of positive literals.
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Definition 1.

1. Alist/set of positive literals, ), is saturatedor the variable p if pj € X for all
j € w(p). (Thiskind of lists/setswill be interpreted as logical constants.)

2. A A-list iseither the symbol f or alist of positive literals such that it does not have
repeated literals and it is non-saturated for any propositional variable.

3. A A-treeT isatreewith labelsin the set of A-lists.

In order to define the operategf which interprets aA-tree as a signed formula,
we should keep in mind that:

1. The empty listnil, has different conjunctive and disjunctive interpretations, since
it is well-known the identification of the empty clause withand the empty cube
with T; but anyway it corresponds to the neutral element for the corresponding
interpretation. Similarly, we will use a unique symbglto represent the absorbent
elements,l and T, under conjunctive and disjunctive interpretation, respectively.

2. A A-tree will always represent a conjunctive signed formula, however, its subtrees
are alternatively interpreted as either conjunctive or disjunctive signed formulas,
i.e. the immediate subtrees of a conjunctitdree are disjunctive, and vice versa.

Definition 2. The operator sgf over the set of A-treesis defined as follows:

1 sgf(nil) =T,sgf(f) = L,sgf(l1...4,) =Ll N NLy,
A
2. sgf o~ | = sgf(\) Adsgf(Ty) A --- Adsgf(T))

1 .- m

where the auxiliary operator dsgf is defined as follow:

1. dsgf(nil) = L,dsgf(f) = T,dsgf({1...4,) =0 V- VL,
A
2. dsgf [ — >~ | =dsgf(\) Vsgf(T1)V---Vsgf(Th)

1 .- m

In short, we will write T = sgf(T) and T = dsgf(T); in particular, if T = X\ =
bp... bywehavee A= A~ Alpand A =01 V-V L,

An important feature of the structure dftree is that it gives us a means to calculate
implicants and implicates, to be used in the reduction transformations below.

Proposition 1. If T"isrooted with A and pj € A, then:
sgt(T) = pj and pj = dsgt(T)

The notions of validity, satisfiability, equivalence, equisatisfiability or model are
defined onA-trees by means of thegf operator; for example, a-tree, T’ is satisfiable
if and only if sgf (T') is satisfiable and the models Bfare the models afgf (T').
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In [6] we formally introduced operators to define the converse translation: specifi-
cally, operatorg AList, dAList and ATree are defined. The first two are auxiliary
operators (the inverse of the base casesgdf anddsgf) and ATree constructs the
A-tree associated to a general signed formula.

Example 1. Inthe logicS,, withw(p) = {1,2,4,5}, w(q) = {1, 2,3}, w(r) = {2,5}.

dAList
cAList
— dAList
cAList

{1.4}:p V {1,23:q) = plpdql g2

{1,43:p A {1,2}:q) = p2p5q3

{1,4¥p V {2} V {2,4,5):p) = 4, for {p1, p2, p4, p5, r2} is saturated fop.
{13:q A {1,2,4}:p A {2}:q) = f, for {p5, ¢1, ¢2, ¢3} is saturated fog.

|
A~~~

Recall that, as established|in [6]/&tree will always be interpreted as a conjunctive
signed formula and arbitrary signed formulas are represented by means of lits of
treed] this way, the study of satisfiability can be performed in parallel.

Example 2. The following examples are fro®y, where 3 denotes the constant mapping
defined as(p) = 3 for all p.

nil
ATree(({1,2}:p V {23:q) A ({2,3}:p V {1,3}:1) = — T
plp2q2 p2p3rlird
ATree({2,33:q V ({1,23:p A ({1,2:q V {2,3}:p) A ({3}:q V {1}:p)))
3
= ql’ T~
p2p3qlq2 plg3

Itis interesting to recall the intrinsic parallelism between the usual representation of
cnfs as lists of clauses and our representation of signed formulas as listseds.

3 Restricted A-Trees

In multiple-valued logic there is not a notion which captures the well-known definition
of restricted clauses of classical logic, in which complementary literals and logical
constants are not allowed. We can say that restridtées arel-trees withoutrivially
redundantinformation. In this section we give a suitable generalisation built on the notion
of restricted multiple-valued\-tree which is built from its classical counterpart [4].

Definition 3. The operatorsUni and Int are defined on the set of A-listsasfollows. If
AL, ..., Ay are A-liststhen:

1. Uni(\q,...,\,) = fifeither thereexistsi suchthat \; = g or [ J!_, \; issaturated
for some variable p. Otherwise, Uni (A1, ..., A,) = Ui; Ai
2. Int(A,..., \n) = if X; = ¢ for all 4.

1 To help the reading, we will write these lists with the elements separated by commas and
using square brackets as delimiters. This way, for examplg, . . . pnj» is a A-list, and
[p171,---,Pnjn] is a list of A-trees (in which eacki-tree is a leaf, which turns out to be a
singletonA-list).
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Rule C1 # —

Rule C2 DY - A

n ... T § Tv ... Tn
Rule C3 A —
P

T, ... T, nil
RuleC4 N - Uni(A1, Aa)
P S T
T ... Tn nTl Tn ... Tn Toy1 ... T
A2
/\
Toy1 .. Tm
Rule C5 If A2 C A; then A1 —
P
T ... Th X
Rule C6 1fUni(A1, A2) = # then
A1 —» A1
/\ /\
T ... Th X T ... Ty
/\
Toy1 .. Tm
Rule S A — Uni(\, pjig .,y - - - Plin)
T ———
Ti ... Twm Djiy .. Djiy Ty ... Tm
provided that w(p) = {fiy,-- s Jip, Jinsrs---»Jin }-
Rule U A — Uni(\, u)
/\ /\
T ... Tn XN T ... T, XN
/\

Moo Am A oo Am
Int(A1,. ..y Am) if \ =nil

ifnil # p = . . ey . .
Int(A1, .o A, Pligyy - - Phin)  iEA = piiy .. pJi,
provided that w(p) = {jir, -+, fins Jinsrs - - -+ Jin -

Fig. 1. Rewriting rules to obtain the restricted form

Otherwise, Int(A1, ..., An) = ﬂméﬁ A

The following definition gathers the specific situations that will not be allowed in a
restricted form: nodes in tha-tree which, in some sense, can be substituted by either
or T without affecting the meaning, and also leaves with only one propositional variable;
inaddition, our restricted trees must have explicitly the implicants and implicates of every
subtree in order to perform the reductions based in these objects|(see [5]).

Definition 4. Let T be a A-tree.

1. Anode of T issaid to be conclusivef it satisfies any of the following conditions:
Itislabelled with ¢, provided that T # §.

Itiseither aleaf or a monary node labelled withnil, provided that it is not the
root node.

Itislabelledwith )\, it hasanimmediate successor A’ whichisaleafand \' C .
Itislabelled with A and Uni (A, \') = #, where \’ isthelabel of its predecessor.
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2. AleafinT issaidtobesimpleiftheliteralsinitslabel shareacommon propositional
variable.

3. Let )\ bethelabel of anode of T; let \' be the label of one immediate successor of
Aandlet A1, ..., )\, bethelabels of the immediate successors of \’'. We say that A
can be update it satisfies some of the following conditions:

— XN =nilandInt(\1,...,Am) / &
- XN = pji, -..pJi, @d Int(Ay, ..., An, DJiyy - --PJi,) / @, provided that
w(p) = {jiu T 7jik’jik+1’ to 7jin}'
We say that T is updatedf it has no nodes that can be updated.

4. If T'isupdated and it has neither conclusive nodes nor simpleleaves, thenitissaid

to berestricted

The rewriting rules in Fid1 (up to the order of the successors) allow to delete the
conclusive nodes and simple leaves afdree and in addition, to update the updatable
nodes. Note that the rewriting rules have a double meaning; since they need not apply
to the root node, the interpretation can be either conjunctive or disjunctive. This is
just another efficiency-related feature Aftrees: duality of connectives and Vv gets
subsumed in the structure and it is not necessary to determine the conjunctive/disjunctive
behaviour to decide the transformation to be applied.

Theorem 1. If T isa A-tree, there exists a list of restricted A-trees, [T7, ..., T,], such
thatsgf(T) =11V ---VT,.

The proof of the theorem allows to specify a procedure to obfin .., T,,]. Let
T’ be theA-tree obtained fromI" by exhaustively applying the rules C1, C2, C3, C4,
C5, C6, S, and U till none of them can be applied any more, then the list of restricted
A-trees[Th, ..., T,], denoted byrestrict(T), is defined a:

nil
I
1. T = nil thenRestrict(T) = [T1, ..., Ty]
T
... T,
nil
|
2. 7T = A ,anddsgt(\) = Siip1 V - -+ V Skipi With p; # p; for every
T ... T,

i # j, thenRestrict(T) = [cAList(S1:p1),...,cAList(Skpk), Th, .-, Th)
3. OtherwiseRestrict(T) = [T"].

4 Reduction of A-Trees

In this section we introduce the reduction theorems used by the TAS algorithm to be
given later, which motto is to apply as much reductions with low complexity as possible
before applying a branching rule.

2 These patterns correspond to the elimination of a conclusive node at the root, which cannot be
deleted by rule C4.
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In the statements of the reductions we will use the substitufjors;] and[p # j],
defined onA-trees as follows:

Definition 5. Let T be a A-tree.

1. [p # j]T isthe A-treein S,,,,.;) obtained from 7" deleting every occurrence of p;
inT and, in addition, if a node is saturated for some variable, it is substituted by f.
2. [p = jIT isthe A-tree in S,,,—; obtained from 7" by the applications of the
following transformations:
a) Ifpjisintheroot of T, then [p = j]T = § (thatis, sgf([p = j|T) = L1).
b) Otherwise, every subtree rooted with a list A such that pj € X is deleted and
any occurrence of a literal pj’ with j # j’ isalso deleted.
In addition, if a nodeis saturated for some variable, it is substituted by f.

Obviously, these operations alrtrees are the same to those on signed formulas:

Lemma 1. If T isa A-tree, then:
sgt([p = j]T) = sgf(T)[p = j], sgf([p # j]T) = sgt(T)[p # jl-

The main result to prove the soundness of the reductions on signed formulas is given
below. The theorem allows to drive literals downwards to force either contradictions or
tautologies, which can be deleted. In the subsequent corollary we apply the theorem to
delete several occurrences of literals; this result is the theoretical support of both the
subreduction and thecomplete reduction.

Theorem 2. Let A be a signed formula and n a subformula of A.

1. If A= pj,then A =pj A Aln/n A pjl.
2. Ifpj E A, then A =pj Vv Aln/n V pjl.

Corollary 1. Let A bea signed formula.

1 If A= pj, then A=pjAAlp+#jl,andalso A~ Alp # j].
2. Ifpj E A then A=pj Vv Alp = j].

The A-tree representation is very adequate to apply these properties, because the
basic literals in the nodes are either implicants or implicates of the corresponding subfor-
mula, as stated in Propositioh 1. All the transformations performed by opReatorict
use just the information of a node and its immediate successors. The next transformation
uses “ascending” information, in that nodes are simplified according to information from
its ascendants.

Definition 6 (Subreduction). Let T' be a restricted A-tree. SubRed(T') is the A-tree
obtained form 7" performing the following transformationsin a depth-first traverse:

1. Iftheunion of the ascendant nodes of ) (including ) itself) is saturated for avariable
p, then the subtree rooted at 7 is deleted.

2. Otherwise, in a node labelled with A\ we delete a literal pj € X if pj occursin some
proper ascendant of the node.
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Theorem 3. Let T be a A-tree, then SubRed(T) =T

The following proposition, which follows easily from the definition of subreduction,
states that only the dominant occurrences of literals are present in a subretitresd

Proposition 2. Let T' be a A-tree. In every branch of SubRed(7') thereis at most one
occurrence of each propositional variable. In particular, if £ isa literal in SubRed(T),
then there is no occurrence of ¢ under ¢.

Example 3. We are going to apply thBubRed operator to the followingA-tree inS,,
with w(p) =5, w(q) = {1, 3,5}, w(r) = {1, 2}, w(s) = {1,4,5}.

SubRed SubRed SubRed S SubRed
plpbr2 7 plpbr2 77 plpbr2 T plpsr2 7 plpbr2 7 plpbr2
I | I | | |
q3 q3 q3 q3 q3 q3
P | | | !

|
ql [ris4s5 1 1 1 1 p2p3[ p5 lglslss p2p3qlslss
/\ N /q\pqssz)pqss
plpdg3 ¢3sd 4 g3s4 pd [g3]s4 pd s4

Now we introduce a satisfiability-preserving transformation which, essentially, is
a refinement of the subreduction of thklist of the root. Theorenil4 is the\-tree
formulation of CorollarylL, item 1 (2nd assertion).

Definition 7. A A-tree with non-empty root is said to be completely reducible

Theorem 4 (Complete reduction).If A # nil isthe root of 7" and pj € A, then
T = [p# j]T.1f I isamode of [p # j]T'in S, then I isamodel of T"in S,,,.

Example 4. Let us consider the initialA-tree, T', in Example_B with the same signed
logic. The A-tree is completely reducible and thus it is satisfiable[jiff£ 1,p #

5,7 # 2|T is satisfiable ir8,,» with w’(p) = {2, 3,4}, w'(¢) = {1, 3,5}, W' (r) = {1},

w'(s) = {1,4,5}. (Infact, itis satisfiable, because the first element in the list is a clause,
andI(q) = 3 is a model for it).

comp. red. C'2,Restrict
plp5r2 - nil - ql
[ | qlgs,
q3 q3 p4q3 q3s4
e VAN
14

a1 Crlstss o

, 4¢3 ¢3s4 pdq3  ¢3s4
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The TAS Algorithm for Signed Logics: One cannot hope that the reduction strategies
are enough to prove the satisfiability of any signed formula. This is only possible after
adding a suitable branching strategy, which is based on the Davis-Putnam procedure.

The algorithm handles alist of paify, w1), . . . , (T, wm )], called theflow, where
theT; are A-trees andv; are possible truth values functions. For the satisfiability of a
formula 4, we sefT},...,T,] = ATree(A) and, in the initial listv; = n for all 4.

Given the flow in some instant during the execution of the algorithm, the initial
A-tree is unsatisfiable iff every; is unsatisfiable ir8,,,, that is7; = { for all i

1. UppaTiNG: On the initial list, and after each reduction, thetrees are converted to
restricted form.

2. CompLETE REDUCTION: If some of the elements of the list of tasks is completely
reducible, then the transformation is applied and the corresponding logic is reduced.

3. SuBrepucTioN: If no task is completely reducible, then the subreduction transfor-
mation is applied.

4. BRANCHING: Finally, if no transformation applies to the list of tasks, then a random
task is chosen together with a liteggl to branch on, as follows:

[ (Tw)e = [ (=T wlp = 4D, (Ip # 41T, wlp # 41), - ]

5 Conclusions and Future Work

A multiple-valued extension of the results obtained for classical logiclin [4] has been
introduced, which can be seen as the refined version of the reslilts in [5]. As a result it is
possible to obtain simpler statements of the theorems and, as a consequence, reduction
transformations are more adequately described in terms of rewrite rules.

We have introducedi-trees for signed formulas. This allows for a compact rep-
resentation for well-formed formulas as well as for a number of reduction strategies
in order to consider only those occurrences of literals which are relevant for the satis-
fiability of the input formula. The reduction theorems have been complemented by a
Davis-Putnam-like branching strategy in order to provide a decision procedure.
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Abstract. In software development is essential to have tools for the
software diagnosis to help the programmers and development engineers
to locate the bugs. In this paper, we propose a new approach that iden-
tifies the possible bugs and detect why the program does not satisfy the
specified result. A typical diagnosis problem is built starting from the
structure and semantics of the original source code and the precondition
and postcondition formal specifications. When we apply a determined
test case to a program and this program fails, then we can use our
methodology in order to obtain automatically the sentence or the set
of sentences that contains the bug. The originality of our methodology
is due to the use of a constraint-based model for software and Max-CSP
techniques to obtain the minimal diagnosis and to avoid explicitly to
build the functional dependency graph.

1 Introduction

Software diagnosis allows us to identify the parts of the program that fail. Most
of the approaches appeared in the last decade have based the diagnosis method
on the use of models (Model Based Diagnosis). The JADE Project investigated
the software diagnosis using Model Based Debugging. The papers related to this
project use a dependence model based on the source code. The model represents
the sentences and expressions as if they were components, and the variables as
if they were connections. They transform Java’™ constructs into components.
The assignments, conditions, loops, etc. have their corresponding method of
transformation. For a bigger concretion the reader can consult [10][11].

Previously to these works, it has been suggested the Slicing technique in soft-
ware diagnosis. This technique identifies the constructs of the source code that
can influence in the value of a variable in a given point of the program [12][13].
Dicing[9] is an extension to this technique. It was proposed as a fault localization
method for reducing the number of statements that need to be examined to find
faults with respect to Slicing. In the last years, new methods [3][5] have arisen
to automate software diagnosis process.

In this work, we present an alternative approach to the previous works. The
main idea is to transform the source code into constraints what avoids the explicit
construction of the functional dependencies graph of the program variables. The
following resources must be available to apply this methodology: Source code,

F.J. Garijo, J.C. Riquelme, and M. Toro (Eds.): IBERAMIA 2002, LNAI 2527, pp. 172-[I81] 2002.
© Springer-Verlag Berlin Heidelberg 2002
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precondition and postcondition. If the source code is executed in some of the
states defined by the precondition, then it is guaranteed that the source code will
finish in some of the states defined by the postcondition. Nothing is guaranteed
if the source code is executed in an initial state that broke the precondition.

We use Max-CSP techniques to carry out the minimal diagnosis. A Con-
straint Satisfaction is a framework for modelling and solving real-problems as
a set of constraints among variables. A Constraint Satisfaction is defined by a
set of variables X={X;,X5...,X,,} associated with a domain, D={D;,Ds,...,D,,}
(where every element of D; is represented by set of v;), and a set of constraints
C={C4,Cs,...,C;, }. Each constraint C; is a pair (W;,R;), where R; is a relation
R;CD;1x...xD; defined in a subset of variables W,;CX.

If we have a CSP, the Max-CSP aim is to find an assignment that satisfies
most constraints, and minimize the number of violated constraints. The diagnosis
aim is to find what constraints are not satisfied. The solutions searched with
Max-CSP techniques is very complex. Some investigations have tried to improve
the efficiency of this problem, [4][§].

To carry out the diagnosis we must use Testing techniques to select which
observations are the most significant, and which give us more information. In
[1] appears the objectives and the complications that a good Testing implies. It
is necessary to be aware of the Testing limits. The combinations of inputs and
outputs of the programs (even of the most trivial) are too wide.

The programs that are in the scope of this paper are:

— Those which can be compiled to be debugged but they do not verify the
specification Pre/Post.

— Those which are a slight variant of the correct program, although they are
wrong,.

— Those where all the appeared methods include precondition and postcondi-
tion formal specification.

This work is part of a global project that will allow us to perform object
oriented software diagnosis. This project is in evolution and there are points
which we are still investigating.

The work is structured as follows. First we present the necessary definitions
to explain the methodology. Then we indicate the diagnosis methodology: ob-
taining the PCM and the minimal diagnosis. We will conclude indicating the
results obtained in several different examples, conclusions and future work in
this investigation line.

2 Notation and Definitions

Definition 1. Test Case(TC): Tt is a tuple that assigns values to the observable
variables. We can use Testing techniques to find those T'Cs that can report us a
more precise diagnosis. The Testing will give us the values of the input parame-
ters and some or all the outputs that the source code generates. The inputs that
the Testing provides must satisfy the precondition, and the outputs must satisfy
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the postcondition. The Testing can also provide us an output value which cannot
be guaranteed by the postcondition. If this happens, an expert must guarantee
that they are the correct values. Therefore, the values obtained by the Testing
will be the correct values, and not those that we can obtain by the source code
execution. We will use test cases obtained by white box techniques. In example
la (see figure B) a test case could be: TC={a=2,0=2,c=3,d=3,e=2,f=12,9=12 }

Definition 2. Diagnosis Unit Specification: It is a tuple that contemplates
the following elements: The Source Code (SC) that satisfies a grammar, the
precondition assertion (Pre) and the postcondition assertion (Post). We will
apply the proposed methodology to this diagnosis unit using a TC and then, we
will obtain the sentence or set of sentences that could be possible bugs.

Fig. 1. Diagnosis Process

Definition 3. Observable Variables and Non Observable Variables: The set of
observable variables (Vobs) will include the input parameters and those output
variables whose correct value can be deduced by the TC. The rest of the variables
will be non observable variables (Vnobs).

Definition 4. Program Constraint-Based Model (PCM): It will be compound
of a constraints network C' and a set of variables with a domain. The set C' will
determine the behavior of the program by means of the relationships among the
variables. The set of variables set will include (Vobs) and (Vnobs). Therefore:
PCM(C, Vobs, Vnobs)

3 Diagnosis Methodology

The diagnosis methodology will be a process to transform a program into a Max-
CSP; as it appears in figure [[I The diagnosis process consists of the following
steps:
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1. Obtaining the PCM:
— Determining the variables and their domains.
— Determining the PCM constraints.
2. Obtaining the minimal diagnosis:
— Determining the function to maximize.
— Max-CSP resolution.

3.1 Obtaining the PCM

Determining the variables and their domain. The set of variables X={X;,
Xs... , X, } (associated to a domain D={D;,Ds,... ,D,}) will be compound of Vobs
and Vnobs. The domain or concrete values of each variable will be determined
by the variable declaration. The domain of every variable will be the same as
the compiler fixes for the different data types defined in the language.

Determining the PCM constraints. The PCM constraints will be com-
pound of constraints obtained from the Precondition Asserts, Postcondition As-
serts and Source Code. Precondition Constraints and Postcondition Constraints
will directly be obtained from their formal specification. These constraints must
necessarily be satisfied, because they express which are the initial and final con-
ditions that a free of bugs source code must satisfy. In order to obtain the Source
Code Constraints, we will divide the source code into basic blocks like : Sequen-
tial blocks (assignments and method calls), conditional blocks and loop blocks.
Also, every block is a set of sentences that will be transformed into constraints.

Fig. 2. Basic Blocks

— Sequential blocks: Starting from a sequential block as the one that appears in
figure 2L we can deduce that the execution sequence will be: S1...S;...S,,. The
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first step will be to rename the variables. We have to rewrite the sentences
between the precondition and the postcondition in a way that will never
allow two sentences to assign a value to the same variable. For example the
code z=a*c; ...x=x+3;... {Post:x =... } would be transformed into z1=a*c;
. x2=x1+38;... {Post:a2 =... }.

Assignments: We will transform the source code assignments into equality
constraints.

Method Calls: Our methodology only permits the use of methods calls that
specify their precondition and postcondition. At present this specification is
viable in object oriented languages as Java 1.4. For every method call, we will
add the constraints defined in the precondition and the postcondition of this
method to the PCM. When we find a recursive method call, this internal
method call is supposed to be correct to avoid cycles in the diagnosis of
recursive methods.

Our work is in progress in this point and there are still points that are being
investigated. Due to it, we have to suppose that there are only functional
methods (those that cannot modify the state of the object which contains
the method declaration) and, also, these methods cannot return objects.
Conditional blocks: We will often find a conditional block as it appears in
the figure Bl we can deduce that the sequences will be :

Sequence 1: {Pre }bB;{Post} (condition b is true)

Sequence 2: {Pre}—bBo{Post} (condition b is false)

Depending on the test case, one of the two sequences will be executed. There-
fore we will treat the conditional blocks as if they were two sequential blocks
and we will choose one or the other depending on the test case. Then, we will
transform it into constraints that will be part of the PCM. If we compare
software diagnosis with the components diagnosis it would be as incorpo-
rating one or another component depending on the system evolution; this is
something that has not been thoroughly treated in the components diagnosis
theory. At this point we introduce improvements to our previous work [2],
this methodology allows us to incorporate inequality constraints (in partic-
ular those which are part of the condition in the conditional sentences).
Loop blocks: We will find loop blocks as it appears in figure[2. The sequences
will be:

Sequence 1: {Pre}{Post} (none loop is executed)

Sequence 2: {Pre}bB;{Post} (1 loop is executed)

Sequence 3: {Pre}b;B1baBa...b, B, {Post} (2 or n loops are executed)
Depending on the test case, one of the three sequences will be executed. To
reduce the model to less than n iterations, and to obtain efficiency in the
diagnosis process, we propose to add a sentence for each variable that would
change value in the loop and would add the necessary quantity (positive
or negative) to reach the value of the step n-1. The sequence 3 would be
like:{ Pre} by B, { Post} where (8 will substitute By by Bs...by,.

For every variable X that changes its value in the loop, we will add the
constraint X,,_1=X; +8, what would allow us to maintain the value of X,
in the last step, and what would save us the n-1 previous steps. The value of
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B, will be calculated debugging the source code. The constraints which add
the B values cannot be a part of the diagnosis, because they are unaware of
the original source code.

3.2 Obtaining the Minimal Diagnosis

Determining the Function to Maximize. The first step will be to define a
set of variables R; that allows us to perform a reified constraint model. A reified
constraint will be like C;<R;. It consists of a constraint C; together with an
attached boolean variable R;, where each variable R; represents the truth value
of constraint C; (0 means false, 1 means true). The operational semantics are as
follows: If C; is entailed, then R;=1 is inferred; if C; is inconsistent, then R;=0
is inferred; if R;=1 is entailed, then C; is imposed; if R;=0 is entailed, then —C;
is imposed.

Our objective is that most numbers of these auxiliary variables may take a
true value. This objective will imply that we have to maximize the number of
satisfied constraints. The solution search will be to maximize the sum of these
variables, therefore the function to maximize will be: Max(R;+Ra+...4+Ry).

Max-CSP resolution. Solving the Max-CSP we will obtain the set of sentences
with a smaller cardinality, what caused the postcondition was not satisfied. To
satisfy the postcondition we have to modify these sentences. To implement this
search we used ILOGTM Solver tools [6]. It would be interesting to keep in mind
the works proposed in [8] and [4] to improve their efficiency in some problem
cases.

4 Examples of Diagnosis

We have chosen five examples that show the grammar’s categories to cover (a
subset of the whole Java’™ language grammar). To prove the effectiveness of this
methodology, we will introduce changes in the examples source code. With these
changes the solution won'’t satisfy the postcondition. The diagnosis methodology
should detect these changes, and it should deduce the set of sentences that cause
the postcondition non satisfaction.

Example 1 : With this example we cover the grammar’s part that includes
the declarations and assignments. It will allow us to prove if the methodology is
able to detect the dependencies among instructions. If we change the sentence
S5 by g=y-z, we will have a new program (named example 1a) that won’t satisfy
the postcondition. The assignments of the source code will be transformed into
equality constraints. In example la the sentences S; to S5 will be transformed
into the result that appears in table[Il As we can observe, the methodology adds
5 equality constraints and the result is assigned in every case to a variable R;
which will be stored if the constraint is satisfied or not. These variables R; will
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Fig. 3. Examples

be necessary to carry out the search Max-CSP to obtain the minimal diagnosis.
These variables R; will take the value 1 if the constraint is true or the value 0 if
it is false.

Using a test case TC={a=2,0=2,c=3,d=3,e=2,f=12,9=12}, the obtained
minimal diagnosis will include the sentence Ss that is, in fact, the sentence
that we had already changed; and also the sentence Ss. If we change S3, it won’t
have any influence in S4 but it will have influence in S, that is the sentence that
we had changed. Therefore we will be able to return the correct result changing
S3, and without modifying Ss. It is necessary to emphasize that Ss also depends
on So, but a change in Se could imply a bug in Sy.

Example 2 : We will use example 2 to validate the diagnosis of recursive
methods. We will change the sentence Sy by p=2*p+3, with this change we will
obtain the program ezample 2a. The PCM constraints of the examples 2a appear
in table [l The method calls are substituted by the constraints obtained of the
postcondition of these method.

The variable Rj (associated to the method call) should take the value 1 to
avoid cycles in the recursive method diagnosis (as we explained in the previous
section). In example 2a we will use the test case TC={n=7,i=1,p=1}, the di-
agnosis process reports us the sentences Sg and Sy; the last one is, in fact, the
sentence that we have changed. If we change Sg, we can modify the final result
of s variable, and therefore, satisfy the postcondition with only one change.
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Example 3 : This example will allow us to validate the diagnosis of non recur-
sive methods. We will change the sentence Sy by y=object!.mult(b,c) in operate
method, obtaining the program that we will name ezample 3a. The PCM con-
straints of the example 3a appear in table [l For example 3a, we show the
constraints of operate method PCM. The method calls are substituted by the
constraints obtained of the postcondition of those methods.

If we apply TC={a=2,b=7,c¢=3} to the operate method (example 3a), we will
obtain that the sentences S1,52, and S3 are the minimal diagnosis. The bug is
exactly in Sy because we called method with wrong parameters b and c instead
of a and c. If we change the parameters that are used in the sentences S; and
S3, we can neutralize the bug in So. An interesting modification of example 3
would be to change the sentence S3 by f=sum(z,z). If we apply this change, the
sentences S; and S3 would constitute the diagnosis result. Now So won’t be part
of the minimal diagnosis because sentence S; does not have any influence on the
method result.

Example 4 : This example covers the conditional sentences. We have changed
the sentence Sy by r=2%z+3, and we will obtain the ezample Ja. If the inputs
are a=6 and b=2, we can deduce that x>y; therefore S; will be executed. The
result of the transformation of conditional sentence would be the constraint x>y
and the transformation of sentence S4 (in this occasion it is an assignment). We
can see the result in table [

If we apply TC={a=7,b=2} to example 4a we obtain the sentences S; and Sy
as a minimal diagnosis; this last one is in fact the sentence that we have changed.
If we change S;, we can modify the final result of z variable and, consequently,
we will satisfy the postcondition. Therefore, it is another solution that would
only imply one change in the source code.

Example 5 : We use this example to loop diagnosis. We will change the sentence
S7 by s=2%*s+p and we will obtain the program ezample 5a. At this example the
variables i, p and s change their values inside the loop. If iy is the value of i
before the loop and i,_7 is the value of i in the step n-1, let’s name 3; to the
difference between i,_1 and ip. Then the instruction i,_;=io+s; (which will be
before the loop) would allow us to conserve the dependence of the value i,, with
previous values, and it would save us the n-1 previous steps. The constraints
which add the values 8 should not be part of the minimal diagnosis since they
are unaware of the original source code. Therefore, the variables Ry,R5 and Rg
must take the value 1 (as appears in table [[)), this will avoid that they would be
a part of the minimal diagnosis.

With TC={n=5,6,=4,0,=15,0s=30} we will obtain the sentence Sg as min-
imal diagnosis. Sg is exactly the sentence that we had already changed. The
minimal diagnosis does not offer us S;; as minimal diagnosis because p takes a
correct value (validated by the postcondition), although the value of s variable
depends on the value of p variable. The problem is only in the s value, which
does not satisfy the postcondition.
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Table 1. PCM Examples
Example la
Precondition|Postcondition Code Observable|Non observable
Constraints | Constraints Constraints Variables Variables
a>0 f==a*b+b*d|R1==(x==a*c)| a,b,c,d,e X,Y,2Z
b>0 g==b*d+c*e|Ro==(y==Db*d) f.g
c>0 Ry==(z==c*e
d>0 Ra==(f==x+y)
Rs==(g==y-2)
Example 2a
Precondition| Postcondition Code Observable|Non observable
Constraints | Constraints Constraints Variables Variables
i>=0 sl==1+ R1==(i0<=n0) n,i0,p0, sl
p>0 3 ¢:i0<p<n:2?|Ro==(pI==2"p0+3)| pl,s0
Rs==(s0==1+
> ¢:(10+1)<p<n:2?)
Rs==
R4==(s1==s0+pl)
Example 3a
Precondition|Postcondition Code Observable|Non observable
Constraints | Constraints Constraints Variables Variables
a>0 ==a*b+a*c |[Ri==(x==a*b)| a,b,c, X,y
b>0 Ro==(y==b%c) f
c>0 Rs==(f==x+vy)
Example 4a
Precondition| Postcondition Code Observable|Non observable
Constraints Constraints Constraints Variables Variables
a>0 (a+b>2*b+3 A | Ri==(x0==a+Db) a,b,x2 x0,x1,y0
b>0 x2=2a+2b) V | Ro==(y0==2%b+3)
(a+b<=2*b+3 A| Rz==(x0>y0)
x2=3a+3*b) |Ru==(22==2%c1+3)
Example 5a
Precondition Postcondition Code Observable|Non observable
Constraints Constraints Constraints Variables Variables
n>0 52 =Y. ¢:0<p<n:2? Ri==(i0==0) n,s2,p2, s0,s1,p0,
p2=2" Ro==(p0==1) Bi,0p,0s, pl,i0,il,
Ry==(s0==1) i2
R4==(io<n)

Rs==(il==i0+ 3;)
Re==(pl==p0+ 5;)
Rr==(sl==s0+ 3s)
Rs==Re==Rr==1
Rg==(i2==il1+1)
Ro==(p2==2%pl)
Rio==(s2==2%s1+p2)
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Conclusions and Future Works

In this work we applied Max-CSP techniques to diagnose the software behavior.
The explicit construction of the functional dependencies graph (proposed in
other methodologies) has been avoided. We used only one T'C' to carry out the
diagnosis, but we think that the use of a greater number of T'C' will improve our
methodology to obtain software diagnosis. The investigation will continue in this
line, looking for the way to include the result of several T'Cs to the diagnosis
process of a same program. This will give us a more exact diagnosis. The final
objective of our investigation is to extend the methodology to the complete
grammar of an object-oriented language.
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Abstract. The dominant approach for learning Bayesian networks from
data is based on the use of a scoring metric, that evaluates the fitness of
any given candidate network to the data, and a search procedure, that
explores the space of possible solutions. The most efficient methods used
in this context are (Iterated) Local Search algorithms. These methods
use a predefined neighborhood structure that defines the feasible elemen-
tary modifications (local changes) that can be applied to a given solution
in order to get another, potentially better solution. If the search space
is the set of directed acyclic graphs (dags), the usual choices for local
changes are arc addition, arc deletion and arc reversal. In this paper we
propose a new definition of neighborhood in the dag space, which uses a
modified operator for arc reversal. The motivation for this new operator
is the observation that local search algorithms experience problems when
some arcs are wrongly oriented. We exemplify the general usefulness of
our proposal by means of a set of experiments with different metrics and
different local search methods, including Hill-Climbing and Greedy Ran-
domized Adaptive Search Procedure (GRASP), as well as using several
domain problems.

1 Introduction

Bayesian Networks (BNs) are graphical models able to represent and manipulate
efficiently n-dimensional probability distributions [18]. A Bayesian network uses
two components to codify qualitative and quantitative knowledge: (a) A directed
acyclic graph (dag), G = (V, E), where the nodes in V= {X1, Xo,..., X,,} rep-
resent the random variables from the problem we want to solve, and the topology
of the graph (the arcs in E) encodes conditional (in)dependence relationships

F.J. Garijo, J.C. Riquelme, and M. Toro (Eds.): IBERAMIA 2002, LNAI 2527, pp. 182-[[92] 2002.
© Springer-Verlag Berlin Heidelberg 2002
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among the variables (by means of the presence or absence of direct connections
between pairs of variables); (b) a set of conditional probability distributions
drawn from the graph structure: For each variable X; € V' we have a family of
conditional probability distributions P(X;|pac(X;)), where pag(X;) represents
any combination of the values of the variables in Pag(X;), and Pag(X;) is the
parent set of X; in G. From these conditional distributions we can recover the
joint distribution over V:

n

P(X1,Xa,..., X,) = [[ P(Xilpac (X)) (1)
i=1

This decomposition of the joint distribution gives rise to important savings in
storage requirements. It also allows, in many cases, to efficiently perform proba-
bilistic inference (propagation), i.e., to compute the posterior probability for any
variable given some evidence about the values of other variables in the graph
[T4/T8]: The independences represented in the graph reduce changes in the state
of knowledge to local computations.

Although in the last years the problem of learning or estimating Bayesian
networks from data has received considerable attention, within the community of
researchers into uncertainty in artificial intelligence, it is still an active research
area. The fact that finding optimal BNs from data is, in general, a NP-Hard
problem [[7], has motivated the use of heuristic search methods to solve it. The
common approach is to introduce a scoring function, f, that evaluates each
network with respect to the training data, and then to search for the best network
according to this score. Different Bayesian and non-Bayesian scoring metrics can
be used [1I68[13l17]. The alternative approach, constraint-based, is to search for
the network satisfying as much independences present in the data as possible
[TO2TJT9]. Obviously, the decision about which conditional independences are
either true or false is made by means of statistical tests. There also exist hybrid
algorithms that use a combination of these two methods [1]9/22].

In this paper we focus on Local Search methods, the most efficient meth-
ods, and that rely on a neighborhood structure that defines the local rules used
to move within the search space. The standard neighborhood in the space of
dags uses the operators of arc addition, arc deletion and arc reversal. The main
contribution of this paper is the proposal of an alternative definition of neighbor-
hood, which may alleviate some problems of premature convergence to a local
optimum due to the difficulty of (locally) improving dags where some arcs are
wrongly oriented. We also propose a new algorithm for learning Bayesian net-
work structures, which uses the GRASP (Greedy Randomized Adaptive Search
Procedure) metaheuristic [12].

The paper is structured as follows: We begin in Section 2] with some prelimi-
naries. In Section[3 we define the proposed neighborhood structure for searching
in the space of dags. Section @] describes GRASP-BN, a new iterated local search-
based learning algorithm that uses Hill-Climbing and a probabilistic version of
the algorithm B [5]. In Section[5, we analyze the experimental results obtained
by both Hill-Climbing and GRASP-BN (on two different domains, ALARM [3]
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and INSURANCE [2], and using two different scoring metrics, K2 [§] and BDeu
[13]), when these algorithms use the standard neighborhood and the proposed al-
ternative. Finally, Section[6] contains the concluding remarks and some proposals
for future research.

2 Local Search Methods for Learning BNs

The problem of learning the structure of a Bayesian network can be stated as
follows: Given a training set D = {v!,... ,v™} of instances of V, find the dag
G* such that

G* = arg max f(G: D) (2)
where f(G : D) is a scoring metric measuring the fitness of any candidate dag
G to the dataset D and G, is the family of all the dags with n nodes.

Local Search (or Hill-Climbing) methods traverse the search space, starting
from an initial solution, by examining only possible local changes at each step,
and applying the one that leads to the greatest improvement in the scoring
metric. The search process terminates when it is blocked at a local optimum (no
local change improves the current solution), although it may be restarted on the
basis of either a random modification of the current optimum (by applying a
number of local transformations), or a new (random) initial solution. The set of
feasible local changes that can be applied to any given solution is determined
by the choice of the neighborhood structure. The effectiveness and efficiency of
a local search procedure depends on several aspects, such as the neighborhood
structure, the fast evaluation of the scoring metric of the neighbors, and the
starting solution itself.

As we have already commented, the usual choices for local changes in the
space of dags are arc addition, arc deletion and arc reversal, avoiding (in the first
and the third case) the inclusion of directed cycles in the graph. Thus, there are
O(n?) possible changes, where n is the number of variables.

An important property of a scoring metric is its decomposability in presence
of full data, i.e, the scoring function can be decomposed in the following way:

f(G:D)= ZfD(XiaPaG(Xi)) (3)
fD(Xi7PQG(Xi)):fD(XiaPaG(Xi) : N:ri,pac;(Xi)> (4)

where Ny, pq(x,) are the statistics of the variables X; and Pag(X;) in D, i.e,
the number of instances in D that match each possible instantiation of X; and

The efficiency of the algorithms that search in the space of dags using local
methods is mainly due to the property of decomposition that many metrics ex-
hibit: a procedure that changes one arc at each move can efficiently evaluate the
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improvement obtained by this change. Such a procedure can reuse the compu-
tations carried out at previous stages, and only the statistics corresponding to
the variables whose parent set has been modified need to be recomputed.

3 A Modified Neighborhood Structure in the Space of
Dags

By monitoring a typical local search algorithm for learning BNs as it progresses,
we have observed some situations where it gets into troubles. Let us explain
these situations by means of the following example:

Example: Consider the network with four variables displayed in Figure [l(a).
From this network we have generated a database containing 1000 instances of
these variables using logic sampling. The value of the K2 metric for this database
and this network is also shown in the figure. A Hill-Climbing algorithm could
obtain the network in Figure[I(b). None of the possible transformations of this
network, using the classical operators of addition, deletion and reversal of an arc
improves the K2 value (the best neighbors are displayed in Figures[l(c)-(e)), so
that it is a local maximum. <>

—1056 K2(log) = —1063

M >
e

K2(log) = —1063 K2(log) = —1099 K2(log) = —1071
(c) (d) (e)

Fig. 1. Problems with the classical neighborhood when an arc is wrongly directed.

This behavior is common for many local search-based learning algorithms:
When they mistake the direction of some arc connecting two node! then the
algorithms tend to ‘cross’ the parents of these nodes to compensate the wrong
orientation; the resultant configuration is quite stable, in the sense that no local
transformation produces a better network and, therefore, it may be difficult to
scape from this local maximum. In the previous example, the wrong orientation
of the arc linking the variables X5 and X3 is the cause of the problem.

A possible solution for this problem could be to carry out the search process
in a different space. For example, we could use the space of equivalence classes

! This situation may be quite frequent at early stages of the search process.
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of dags, to postpone the decisions about the direction of the links until we have
more information. Recently, the possibility of searching in the dag space, but
including some characteristics relative to equivalence classes of dags, has been
considered [I5]. This method uses an operator, called RCAR (Repeated Covered
Arc Reversal), which iteratively inverts a prefixed (random) number of covered
arcdd. Then, a Hill-Climbing algorithm is fired to obtain a new local maximum,
and the whole process is iterated a fixed number of times. We are going to follow
a different approach, by modifying the neighborhood structure, i.e., changing
the classical operators used to move in the space of dags.

The classical neighborhood of a dag G is N (G) = Na(G) UNp(G) UNR(G),
being Na(G), Np(G) and Ng(G) the links subsets for added, deleted and in-
verted respectively. Our proposal implies to modify the reversal operator and,
therefore, the redefinition of the neighborhood Ng(G)

The new definition of Nr(G) states that, for any given arc X; — X; in G, if
its extreme nodes share some parent, then we delete the current parents of both
nodes, invert the arc and add, as the new parents for each node, any subset of
the old parents of either node. The idea is to give the algorithm the opportunity
of ‘uncrossing’ the parents of two nodes which have been connected in the wrong
direction, without being limited to move only one arc every time, for example
the dags (a) in the figure[d could be a dag neighbor of the graph (b).

Note that, for any arc X; — X; € G, the number of possible ‘reversals’ is
now O(2??), with p = |Pag(X;) U Pag(X;)| — 1, instead of only one. Therefore,
the number of neighbors of a dag may increase exponentially. Nevertheless, in
practice the number of parents of a node is not usually high, so we expect that
the computational cost will not be excessiveﬁ. In any case we could limit the car-
dinality of the new parent sets (which is a common practice for other algorithms
[BI16]). Note also that, although the new reversal operator may change more
than one arc, the number of parent sets that are modified is still two, hence we
only have to recompute two statistics to evaluate the corresponding neighbor.

4 A Grasp-Based Learning Algorithm

GRASP [20] is a multi-start or iterative metaheuristic in which each iteration
consists basically of two phases: construction and local search. The construction
phase builds a feasible solution, whose neighborhood is investigated until a local
optimum is found during the local search phase. The best overall solution is
kept as the result. In this section we develop an algorithm for learning Bayesian
network structures using GRASP, which will be called GRASP-BN.

A general GRASP algorithm works as follows: At each iteration of the con-
struction phase, a solution is built using a greedy randomized process: it in-
corporates elements to the partial solution under construction from a restricted

2 An arc X; — X; in a dag G is covered if Pag(X;) = Pac(X;) U {X;}. A covered
arc may be inverted and the resultant dag is equivalent to G.
3 Our experiments in the next section support this assertion.
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candidate list (RCL). The elements in this list are selected from all the feasi-
ble candidate elements according to a greedy evaluation function. The element
to be incorporated into the partial solution is randomly selected from those in
the RCL. Once the selected element is incorporated to the partial solution, the
candidate list is updated and their elements are reevaluated. When a solution
is finally obtained, the second phase fires a local search algorithm starting from
this solution. These two phases are repeated a given number of iterations.

Our GRASP-BN algorithm will use, in its second phase, a Hill-Climbing (HC)
search in the space of dags, for some neighborhood structure and some metric f.
For the first phase, we are going to create a randomized version of the algorithm
B [].

Algorithm B is a greedy search heuristics. It starts with an empty dag G and
at each step it adds the arc with the maximum increase in the (decomposable)
scoring metric f, avoiding the inclusion of directed cycles in the graph. The algo-
rithm stops when adding any valid arc does not increase the value of the metric.
The gain obtained by inserting a feasible arc X; — X; in G can be evaluated ef-
ficiently by means of the difference fp(X;, Pac(X;)U{X;})— fp(Xi, Pac(X;)).
At each step, after inserting in G the best valid arc, X; — X;, the algorithm
identifies and discards the new unfeasible arcs by searching for the ancestors
and descendants of X;. After that, as the value fp(X;, Pag(X;)) has been mod-
ified, the algorithm recomputes the new values of fp(X;, Pag(X;) U {X;}) —
fp(Xi, Pag(X;)) for any valid arc X — X;.

The probabilistic version of this algorithm that we propose is the following;:
instead of always selecting the best arc, we will use a stochastic decision rule
that selects the best arc with probability pg, and with probability 1 — py each
arc X; — X; in the restricted candidate list RCL (that will contain all the
feasible candidate arcs which produce an improvement) will be selected with a
probability p(X; — X;) proportional to its merit:

X;—»X;ERCL (5)
X=X, u>po

{arg MaxX {fp(Xi,Pac(X)U{X;})~fp(Xi.Pac(X:) Ju<po
where u is a random number uniformly distributed in [0, 1], po is the parame-
ter that determines the relative importance of exploitation versus exploration,
and X; — X, is an arc in RCL randomly selected according to the following
probabilities:

P(X1—X,)= fo(Xr,Pag(Xr)U{Xi})—fp(Xr, Pag(Xy)) (6)
fo(Xi,Pag(X:i)U{X;})—fp(Xi,Pac(X5))

Xj —X;
We have to remark that this probabilistic version of the algorithm B could also be
used at the initialization stages of other stochastic search algorithms (as Genetic
Algorithms, Estimation of Distribution Algorithms and Ant Colonies).
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5 Experimental Results

In this section we will evaluate experimentally the usefulness of the proposed
neighborhood, as well as the GRASP-BN algorithm. We have selected two test
domains: ALARM [3] and INSURANCE [2]. For ALARM we have used the first
3,000 cases of the classical ALARM database (which contains 20,000 cases). For
INSURANCE, we have generated three databases with 10,000 cases each by
means of probabilistic logic sampling (in this case we show the average of the
results obtained for the three databases).

In our experiments we have used two decomposable metrics: K2 [§] and BDeu
[I35] (both in logarithmic version). For BDeu, we use an equivalent sample size
equal to 1. We have implemented two versions of a Hill-Climbing algorithm, using
the classical definition of neighborhood (HCc) and the proposed modification
(HCm). The initial solution of the search process is the empty network in all the
cases. Experiments with other two forms of initialization (the networks obtained
by the algorithms K2SN [11] and PC [21]) were also carried out, obtaining results
similar to the ones displayed for the empty network. The GRASP-BN algorithm
has also been implemented using the two neighborhood structures (GRASP-BNc
and GRASP-BNm). The parameter determining the number of iterations has
been fixed to 15, and the one to trade-off between exploration and exploitation
is pg = 0.8.

The following performance measures have been computed: (1) Measures of
quality (effectiveness) of the learned network: (K2) and (BDeu) the value of the
corresponding metric for the best network found by the algorithm; the number of
arcs added (A), deleted (D) and inverted (I) when we compare the learned net-
work with the true network. (2) Measures of efficiency of the algorithm: (EstEv)
the number of different statistics evaluated during the execution of the algo-
rithm; (TEst) the total number of statistics used by the algorithm. Note that
this number can be considerably greater than EstEv. By using hashing tech-
niques we can store and efficiently retrieve any statistics previously calculated,
so that it is not necessary to recompute them. This avoids many accesses to the
database and improves the efficiency; (NVars) the average number of variables
that intervene in the computed statistics.

The results obtained by HCc and HCm using the K2 and BDeu metrics are
shown in Table[T]

The results of the experiments with the algorithms GRASP-BNc and
GRASP-BNm is shown in Table 2] for the ALARM domain, and in Table Bl
for the INSURANCE domain. In all the cases, the displayed values represent
the averages and the standard deviations of 10 executions of each algorithm. We
also give information about the best individuals found in all the executions.

We can see that, in all the cases, the results obtained by an algorithm when
it uses the new definition of neighborhood are considerably better than the ones
offered by the same algorithm using the classical neighborhoodE, in terms of

4 . .
Except in one case, where we obtain the same results.



Table 1. Results of HCc and HCm using the K2 and BDeu metrics.

Local Search Methods for Learning Bayesian Networks

ALARM INSURANCE
HCc HCm HCc HCm
K2 -14425.62(-14414.55|-57998.10(-57934.61
A 6 4 10.33 7.67
D 4 2 11.67 11.00
I 3 2 7.67 7.67
EstEv 3375 3336 2050 2169
TEst |1.54E4-05|1.56E+05|7.66E4-04|8.32E+04
NVars 2.99 2.93 3.09 3.08
HCc HCm HCc HCm
BDeu [-33109.47(-33109.47|-133393.03(-133326.27
A 3 3 7.67 7.00
D 2 2 10.00 10.00
I 2 2 10.00 10.67
EstEv 3300 3284 1995 2100
TEst [1.47TE405|1.49E4-05| 7.15E404| 8.80E+04
NVars 2.88 2.87 2.99 3.04

189

Table 2. Results of GRASP-BNc and GRASP-BNm for ALARM, using the K2 and

BDeu metrics.

GRASP-BNc GRASP-BNm

n o Best " o Best
K2  [-14429.92 18.51 -14414.55(-14404.23 2.52 -14401.91
A 7.20 2.44 4 2.80 1.55 1
D 2.70 0.95 2 1.10 0.32 1
I 4.30 2.54 2 1.20 1.03 0
EstEv 13306 1228 13148 1061
TEst [5.83E4-05 8.85E+03 9.09E+4-05 9.12E+4-04
NVars 4.01 0.05 3.93 0.08

“ o Best ° o Best
BDeu [-33190.14 10.17 -33165.90|-33105.05 4.24 -33101.14
A 5.50 1.18 6 1.40 0.97 1
D 2.00 0.00 2 1.30 0.48 1
I 4.50 0.85 3 1.00 1.41 0
EstEv 12317 759 12769 735
TEst |5.56E4-05 5.23E+04 8.80E+405 6.00E+404
NVars 3.87 0.07 3.85 0.03

effectiveness (with respect to both the value of the metridd and the number of
erroneous arcs). For comparative purposes, the respective K2 and BDeu val-
ues of the true networks for the corresponding databases are —14412.69 and
—33113.83 for ALARM, and —58120.95 and —133160.47 for INSURANCE. The
corresponding values for the empty networks, which may serve as a kind of scale,
are —26008.08 and —59889.80 for ALARM, and —93593.76 and —215514.96 for

INSURANCE.

With respect to the efficiency of the algorithms, we are going to focus in
the number of different statistics evaluated (EstEv) and the number of variables
involved (Nvars): Most of the running time of a scoring-based learning algorithm

5 Note that we are using log versions of the metrics, so that the differences are much
greater in a non-logarithmic scale.
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Table 3. Results of GRASP-BNc and GRASP-BNm for INSURANCE, using the K2
and BDeu metrics.

GRASP-BNc GRASP-BNm
" o Best I o Best

K2 -57950.53 53.29 -57857.90(-57835.23 30.30 -57779.41
A 10.63 2.11 7 4.57 2.36 4
D 12.27 1.01 10 9.40 1.19 9
I 8.90 3.53 2 3.13 2.34 2
EstEv 7702 626 9135 840
TEst [2.41E+05 2.74E+04 6.45E4-05 9.34E4-04
NVars 3.98 0.06 3.97 0.06

o Best " o Best
BDeu [-133143.92 165.52 -132814.06(-132763.92 100.64 -132592,25
A 6.60 1.92 3 2.23 1.28 0
D 9.97 1.79 7 8.07 0.91 8
I 7.43 2.61 7 2.87 1.96 1
EstEv 7768 923 9011 1095
TEst | 2.54E+05 3.85+04 6.62E4-05 1.61E4-05
NVars 3.87 0.09 3.88 0.08

is spent in the evaluation of statistics from the database, and this time increases
exponentially with the number of variables. So, an approximate measure of the
time complexity of an algorithm is EstEv 2N VaIS_ We can observe that the
values of NVars are almost identical and the values of EstEv are not sensibly
different for the two versions of each algorithm: The values of EstEv in the
ALARM domain are even lower when we use the new neighborhood, whereas
the opposite is true for INSURANCE. The total number of statistics used is
systematically larger with the new neighborhood, even considerably larger in
some cases, but as we have already commented, using hashing techniques we can
access very quickly to previously computed statistics, so that the time requi