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Abstract

Neural learning has been used with effectiveness in natural language processing tasks. Par-
ticularly, the Widrow—Hoff and the Kivinen—~Warmuth exponentiated gradient (based on neural
learning rules) algorithms have been used in text categorization, improving the results obtained
by the well-known Rocchio’s algorithm. The high performance of competitive learning algo-
rithms, -recently applied to solve information retrieval problems, leads us to use them in the
specific_text categorization tasks. This paper presents a multilingual categorization system based
on neural learning, using the polyglot Bible as training collection, both in Spanish and English.
The method we suggest is based on using the LVQ algorithm to build a classifier that learns the
training multilingual collection. We have performed experiments with the four algorithm which
show that the ideas we describe are promising and are worth further investigation.
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1. Introduction

Nowadays, about 90% of companies’ information is found in text format [4]. We
can find text in documents, manuals, reports, circulars, e-mails and also in Web pages.
It is estimated that the amount of text available in Web pages is about a terabyte [1].
Therefore, it is essential to manage automatically this enormous amount of information
by using natural language processing (NLP) techniques.
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One of the main tasks of NLP is the automatic analysis of content that can be defined
as a group of techniques to examine the information objects and provide subsequent
access to them [34]. Text categorization is a very interesting task for NLP, which
consists of the assignment of one or more pre-existing categories to each document [17].
Text categorization has been the focus of much research in recent years and the most
categorization systems use collections of training documents to predict the categories of
new documents [35,26,36]. With the increasing availability of electronically accessible
information, the use of linguistic resources in text categorization is receiving more
and more attention. These resources include training corpora and lexical databases.
Training corpora, such as Reuters-21,578 [17], Ohsumed [9], TREC [30] are document
collection manually labelled. On the other hand, lexical databases, such as WordNet
[22], EuroWorNet [32], EDR [37], are repositories that accumulate information about
the lexical items of one or several languages and have been integrated successfully in
text categorization [31,7].

One of the most widely used algorithms in text categorization is the Rocchio algo-
rithm [25]. It is a very simple algorithm and good results have been obtained [29,7].
However, a recent work of Lewis et al. [18] shows that two machine learning algo-
rithms (Widrow—Hoff (WH) [33] and Kivinen-Warmuth (KW) [13]) are more effective
than the widely used Rocchio algorithm in several categorization and routing tasks.

In contrast, the algorithms of competitive learning, based on the Kohonen model,
have been used successfully in tasks of NLP [21,16]. The Kohonen model [14] presents
two variants: Self-Organizing Map or SOM and Learning Vector Quantization or
LVQ. Although both of them use competitive learning, the main difference lies in that
SOM uses a non-supervised learning method, while in LVQ, it is supervised.

Although the versatility of this type of neural network is very wide, which allows us
to classify all types of information from literary [10] to economic [12], the Kohonen
model has two limitations. Firstly, the learning process is long and hard, and secondly,
it is necessary to repeat the whole learning process to learn new data.

This paper proposes the use of a competitive learning algorithm to train a collection
of documents for text categorization. Since it is supervised learning, we have chosen
the Kohonen LVQ algorithm. In order to test the effectiveness of LVQ algorithm, we
have developed some experiments with a resource, widely spread, freely available and
translated into all languages: the Bible. We have compared Rocchio, WH, KW and
LVQ algorithms. The results obtained show that algorithms based on neural learning
are more effective than Rocchio’s algorithm, and that the LVQ algorithm, which uses
a competitive learning rule, is the one which obtains the best accuracy.

Research on information retrieval (IR) is developed by several models such as the
vector space model (VSM), the probabilistic model and the boolean model. In this
paper, we will use the VSM, which is considered an effective model in the IR field [28].

The rest of the paper is organized as follows. Firstly, the TC task is presented,
with a brief introductory summary to VSM. Secondly, the polyglot Bible is described
as a multilingual linguistic resource for TC. Then, the four algorithms used in the
experiments are described. In Section 5, the experiments carried out to evaluate the
algorithm’s performance are detailed. The results of this evaluation are described in
Section 6, closing with the conclusions and future lines of work.
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2. Text categorization with VSM

VSM was originally developed for IR, although it can be used in other TC tasks
[3]. The aim of VSM for IR is representing a natural language expression as a weight
vector of terms, where each weight measures the importance of the term in the natural
language expression, which can be either a document or a query. The semantic prox-
imity among documents and queries is calculated with the cosine of the angle formed
by their vectors.

In an analogous way, we can consider in TC that a document belongs to a particular
category if the similarity between the document and the category is higher than a given
step or it is simply the best evaluated.

So, having three groups of N terms, M documents and L queries, the weight
vector for document j is (wij,w,...,wn;) and the weight vector for query k is
(914> 92k» - - - »qnr ). The similarity between document j and query k is obtained by the
formula ,

D1 Wij " dik
\/Z:'l:l Wxgj : Z:":l 9%

The term weights for the document vectors are calculated by making use of the
well-known formula based on term frequency [27]:

M
w; =tf;;lo — ), 2
Ul ».flj gZ ( d f; ) ( )
where tf;; (term frequency) is the number of occurrences of term i in document j, and

df; (document frequency) is the number of documents in the collection in which term
i occurs.

sim(Wj, qi) =

()

3. Parallel corpora as multilingual resource for text categorization

Parallel corpora are a multilingual resource, more and more available in Internet [8],
which are being used in NLP for different tasks such as disambiguation [5], IR [23],
automatic translation [20], etc.

The Polyglot Bible [24] is one of these resources, with some specially attractive
characteristics: freely available, translated into all languages, translations are practically
perfect and it is divided into verses.

We propose in this paper a text classifier in Spanish and English, based on a mul-
tilingual parallel corpus. For that, we have used two translations of the Bible, Reina
Valera edition for Spanish, and American Standard Version for English. So, we have
created a bilingual Bible, mixing these versions verse by verse (Fig. 1).

Considering the verse as semantic unit, this Bible contains very high quality infor-
mation for both languages, as in a same verse” we can find the translation in both
languages without any mistake. This new document is the basis for the construction
of a multilingual classifier, in our case, bilingual, so a query can be made with docu-
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010 1 1 In the beginning God created the heavens and the earth. EN
el principio cridé Dios los cielos y la tierra.

010 1 2 And the earth was waste and void; and darkness was upon the
face of the deep: and the Spirit of God moved upon the face of the
waters Y la tierra estaba desordenada y vacia, y las tinieblas
estaban sobre la haz del abismo, y el Espiritu de Dios se movia
sobre la haz de las aguas.

010 1 3 And God said, Let there be light: and there was light. Y
dijo Dios: Sea la luz: y fué la luz.

010 1 4 And God saw the light, that it was good: and God divided
the light from the darkness Y vidé Dios que la luz era buena y

Fig. 1. Bilingual Bible generated.

ments either in Spanish or in English to obtain the appropriate category, regardless of
the language used.

In our experiments, we have divided the bilingual Bible into two parts (75% and
25%), the first part being used as training and the second one for the evaluation of our
classifier. In addition, we have proposed 66 different categories, coinciding with the
66 books in the Bible. As each book of the Bible is divided into chapters and these
into verses, enough examples of each category appear in order to justify the use of an
appropriate training algorithm.

Although we have used the polyglot Bible, this is easily extrapolated to any other
parallel corpus such as the Hansard Canadian Parliamentary collection [8] to build a
multilingual information system.

4. Training algorithms for text categorization

Although there are many algorithms used in text classification [7,19], we have se-
lected the Rocchio, WH and KW algorithms because they have been used in many other
studies [3,31,18] and therefore we can contrast its efficiency with the LVQ algorithm.

4.1. The Rocchio algorithm

The Rocchio algorithm generates a new weight vector w from an existing one Wy,
and a collection of training documents. The ith component of vector w is calculated
with the formula:

2jec X +y g x,-,,-’

w; =awo,; + B
nc, n—ng,

3)

where C; is the number of documents that constitutes the kth category, wy ; is the initial
weight of the ith term of category k, x;; is the weight of the ith term in document j,
and nc, is the number of documents labelled with the kth category. Parameters «, 8
and y control the relative impact of the original weight vector, the positive examples
and the negative examples, respectively.
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As in [18], we have used values a =1, f =16 and y =4. We limit the categorizer
in order not to make use of negative weights, so in the end, the weight wy; will be
positive or will return to 0 if it is negative.

Initial vector wy is frequently taken as null vector, but this can be initialized with a
set of initial weights calculated with an external resource.

4.2. The Widrow-Hoff algorithm

The WH algorithm starts with a group of existing weight vectors wg(z), with
k €[1,66], which will be updated with the processing of all training documents. The
weight of jth component of w; (¢ + 1) vector for a given category, &, is obtained from
the ith training document and the present weight vector, as the formula:

wii(t + 1) =wii(t) — 2n[we(t) - X; — yilxy, 4)

where X; is the ith training document, wy; is the present weight of jth term of k
category, y; is 1 if ith document is assigned to the correct category and 0 if not.
Constant 7 is the learning rate, which controls how quickly the weight vector is allowed
to change and how much every new model influences it. A usual value used for » is
%X 2, being X the maximum norm of vectors that represent the training documents.

4.3. The Kivinen—Warmuth algorithm

The exponentiated gradient algorithm was introduced by Kivinen—Warmuth and it
is similar to WH, as it maintains a weight vector w, and introduces the training vec-
tors one at a time. However, with the KW algorithm, w; vector components cannot
be negative. The rule with which w; weights are updated, similar to the WH algo-
rithm, is

Wit + 1) = ;vkj(t)exp(—Zn(wk - Xi = Yi)Xij) . 5)
D 2= wig(0) exp(—=2n(W - X — yi)xi )

As we have seen before, the learning rate # > 0 controls the impact of each new
training example.

4.4. The LVQ algorithm

The LVQ algorithm is notable for its heuristics simplicity and it directly adapts to
the TC task. The LVQ algorithm is a classification method based on neural competitive
learning, which permits the definition of a group of categories on the input data space
using reinforced learning, either positive (prize) or negative (punishment).

Given a sequence of input documents, an initial group of reference vectors wy is
selected. In each iteration, a x; document is selected and the vectors w are updated,
so that it will adapt better to x;. The LVQ algorithm works as follows.

For each class, k, a weight vector w; is associated. In each repetition, the algorithm
selects a x; input document and compares it with each weight vectors w;, using the
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euclidean distance ||x; — wi||, so that the winner will be the weight vector w. nearest
to x;, with ¢ as the index of that weight vector:

lIx; — Wel| = min{{lx; — wg[[}. (©)

The classes compete among themselves in order to find which is most similar to
the input vector, so that the winner will be that one with less euclidean distance with
respect to the input document. Only the winner class will modify its weights using
a reinforced learning algorithm, either positive or negative, depending on whether the
classification is correct or not. Thus, if the winner class belongs to the same class
as the input vector (the classification has been correct), it will increase the weights,
moving slightly closer to the input vector (prize). On the contrary, if the winner class
is different from the input vector class (the classification has not been correct), it will
decrease the weights, moving slightly further from the input vector (punishment).

Let x;(¢) be an input document at time #, and wi(¢) the weight vector for the class
k at time ¢. The following equations define the basic learning process for the LVQ
algorithm:

We(t + 1) = We(1) + s - a(D)[xi(2) — We(1)], (7

where s =0, if k#c; s =1, if x;(¢) and w.(¢) belong to the same class; and s = —1,
if they do not and where a(f) is the learning rate, being 0 < a(¢) < 1, a monotically
decreasing function of time. It is recommended that a(f) should initially be rather
small, say, smaller than 0.1 [14], and o(¢) continues decreasing to a given threshold,
u, very close to 0. In our experiments «(0) has initialized in 0.005, decreasing linearly
to u = 0.001, according to the following equation:

a(t + 1) =a(t) — %ﬁ, | (8)

where K is the number of classes.

5. Experiments
5.1. Corpus generation

In order to compare the four algorithms, we have used a group of files generated
from the bilingual Bible. As the Bible is divided into books, chapters and verses,
we have created a division which we have adjusted to our experiments. We have
generated a total of 1189 training documents and 1189 evaluation documents, each of
them belonging to one of the 66 possible classes, that is, each Bible book defines a
different class.

For each book and for each chapter, we have created two files: one file for training
and one file for evaluation. The generation of each file is carried out considering units
of four verses, three for the training file and one for the evaluation one. Each document
is of a given class, corresponding to the book it belongs to.
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In order to minimize the vector space dimension, we have removed stop
words, running the SMarT! stoplist and we have extracted the word stems using
the SMART stemming algorithms [2,6). After pre-processing all documents in the

collection, a total of 22,054 words, which constitute the application domain, are
obtained.

5.2. Initializations

The input vectors x are generated applying VSM to 1189 training files, taken as
a unique corpus. The query vectors q for the evaluation are obtained applying the
formula based on term frequency [27] as it is shown in Section 2.

In order to initialize the weight vectors w, different methods can be used: set to zero
(as in the Rocchio algorithm), set randomly, or taking a given specific value. Specifi-
cally, for the LVQ algorithm, the initial weight vector can include certain knowledge
of the problem to be solved, thus improving the results [15]. Therefore, we have
decided to initialize the training weight vectors of the three algorithms based on neural
learning, with this additional information, mixing all the training files of the same
class j in a single file. So, 66 files are obtained to generate the initial weights of
training vectors, applying VSM to them. Each weight vector w; has the same dimen-
sion as input vectors X, with as many weight vectors as categories, so the weight vector

w; corresponds to class 1, vector w, to category 2, and so on until vector wge that
represents class 66.

5.3. Training and evaluation

The training with the Rocchio algorithm is carried out applying the equation in
Section 4.1 to each category.

For the algorithms based on neural learning, all input vectors X are proces-
sed during the training, as many times as categories exist, in our case 66 times
(t=1,...,K).

After the training, the categorization is carried out calculating the similarity of each
q evaluation vector with the weight vectors w, selecting as solution the category with
highest similarity.

These vectors q are of three different types. Firstly, we have selected the files .
generated as evaluation in the process of bilingual corpus generation, obtaining
the first evaluation group, labelled as Spanish—English. Secondly, we have processed
these vectors q, dividing the words of each language into two files. In this way,

we obtain two groups of evaluation documents, labelled as Spanish and English,
respectively. : ‘

1 SMART is one of the most well-known Information Retrieval experimental systems of public domain. It
is based in the vector model and has a module for the evaluation effectiveness using test collections. It can
be downloaded through the fip in Cornell University (fip:/ftp.cs.cornell.edu/pub/smart).
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Table 1
Precision obtained with the four algorithms
Spanish English Spanish-English
Microévg Macroavg Microavg Macroavg Microavg Macroavg
Rocchio 0.56 0.63 0.61 0.76 0.58 0.62
WH 0.64 0.59 0.71 0.78 0.67 0.61
KW 0.66 0.61 0.73 0.77 0.70 0.61
LVQ 0.74 0.66 0.77 0.80 0.75 0.66
6. Results

In order to evaluate the effectiveness of algorithms, two widely used measurements
in TC have been used: microaveraging precision and macroaveraging precision [29,19].
Microaveraging precision is defined as follows:

tdc
P microavg — m, (9)

where tdc is the number of documents correctly classified and #di is the number of
documents wrongly classified. Macroaveraging precision is calculated as the average
of microaveraging precisions of all categories:

Pmi
P macroavg — ‘X:_I‘(‘m~ (10)

Macroaveraging gives equal weight to each category, whereas microaveraging gives
equal weight to each document in the collection.

Table 1 shows the results obtained after the training of each algorithm for all eval-
uation files. As can be seen, the LVQ algorithm is better than the others. In addition,
the three algorithms based on a neural approach obtain better results than the widely
used Rocchio algorithm. Neural learning algorithms work better because they carry
out repetitive training. Furthermore, the LVQ algorithm gives a prize or punishment
depending on its behaviour in training time. It is supervised learning which directs
the weights modification according to the system behaviour at each moment, making
classes compete among themselves.

The results of bilingual queries average the values obtained by means of mono-
lingual queries experiments. This was as expected, as both languages are almost
disjoints.

The best microaveraging is obtained when the evaluation is made with queries only
in English; the worst appears with queries only in Spanish. We interpret this fact as the
choice of a Spanish stemmer less appropriate than that for English. Efficient stemming
algorithms for English have been developed over the past 25 years, but most of this
work will not generalize to other languages [11]. On the other hand, the differences seen
in the results obtained with the LVQ algorithm for the three query types are not very
different (Spanish 0.74, Spanish-English 0.75 and English 0.77) which shows how the
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Table 2

The improvement percentage of the LVQ algorithm regarding the other three algorithms
Rocchio WH KW
% % %

S 40.00 26.24 21.80

E 43.76 ' 21.43 14.33

S-E 40.68 23.71 18.01

Average 4148 23.79 18.05

stemmer choice affects the LVQ algorithm less than the others. These results deserve
further investigation in our future work. We must therefore improve our utilization of
the linguistic resources.

Table 2 shows the improvement percentage of the LVQ algorithm with respect
to the other evaluated algorithms, meaning as M improvement percentage that

E — Epvq

M= 7

x 100, (11)

where Epvyq is the number of errors obtained with LVQ algorithm and E is the number
of errors found in the other algorithms.

Figs. 2-4 show the confusion matrices for the three groups of LVQ queries: Span-
ish queries, English queries and bilingual queries, respectively. Each row shows the
classification obtained for all documents in one category, i.e., row 1 shows the results
obtained for all documents in the category 1. Although we have only included the val-
ues greater than zero, we can see the great precision of the LVQ algorithm in focusing
the diagonal. Perfect behaviour would show a diagonal matrix.

7. Conclusions and future works

This paper has presented a multilingual categorization system, using a neural learning
competitive algorithm.

A direct evaluation of our categorization method based on competitive learning has
been carried out, obtaining very important results and better performance than those
obtained by other algorithms successfully used in categorization. In fact, our method
improves about 27.77% in comparison with others.

We have also displayed an automatic evaluation method of categorization that allows
us to compare the effectiveness of different approaches.

The study of the LVQ algorithm in other NLP tasks (disambiguation) and the appli-
cation of SOM model for other tasks that require non-supervised learning (automatic
generation of summaries) will focus our future work. Also, we plan to perform more
experiments with others linguistic resources (such as Reuters) in order to check the
potential of our method.
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