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Abstract: In this paper we present an evolutionary approach to the part-of-speech tagging problem. The goal of part-of-
speech tagging is to assign to each word of a text its part-of-speech. The task is not straightforward, because a
large percentage of words has more than one possible part-of-speech, and the right choice is determined by the
surrounding word'’s part-of-speeches. This means that to solve this problem we need a method to disambiguate
a word’s possible tags set. Traditionally there are two groups of methods used to tackle this task. The first
group is based on statistical data concerning the different context’s possibilities for a word, while the second
group is based on rules, normally designed by human experts, that capture the language properties. In this
work we present a solution that tries to incorporate both these approaches. The proposed system is divided
in two components. First, we use an evolutionary algorithm that for each part-of-speech tag of the training
corpus, evolves a set of disambiguation rules. We then use a second evolutionary algorithm, guided by the
rules found earlier, to solve the tagging problem. The results obtained on two different corpora are amongst
the best ones published for those corpora.

1 INTRODUCTION fly is a very complex subjecthese means that in or-
der to assign to each word of a sentence it's correct
The words of a language are grouped by lexical cat- tag, we have to consider the context in which each
egories, normally designated by part-of-speech tagsword appears.
or word classes, such as nouns, verbs, adjectives, A part-of-speech tagger processes a sequence of
and adverbs. These categories represent the typewords and attaches a part-of-speech tag (from a pre-
of functions that words can assume in a sentence.defined tag set) to each word. Most currenttaggers are
The process of classifying words into their parts-of- based on statistical models defined on a set of param-
speech, and labeling them accordingly, is known as eters whose values are extracted from texts marked
part-of-speech tagging, POS tagging, or, simply, tag- manually. The aim of such models is to assign to each
ging. Tagging is a very important task in natural lan- word in a sentence the most likely part-of-speech, ac-
guage processing (NLP), because it is a necessary stegording to its context, i.e, according to the lexical cat-
in a large number of more complex processes like egories of the words that surround it. In order to do
parsing, machine translation, information retrieval, this, statistics on the number of occurrences of differ-
speech recognition, etc. In fact, it is the second step ent contexts, for each word part-of-speech assignment
in the typical NLP pipeline, following tokenization possibilities, are collected.
(Steven Bird and Loper, 2009). The simplest stochastic tagger, called the unigram
An important aspect of this task is that the same tagger, makes decisions based only on the word itself.
word can assume different functions depending on It assigns the tag that is most likely for one particular
how it is used in the sentence, more specifically de- token. The training step just investigates all the words
pending on it's surrounding words (context). For in- presented in the training corpus, and saves the most
stance, the wordly can assume the function of a frequent tag for each word. The tagger then works
noun, or averb, depending on how we choose to use like a simple lookup tagger, assigning to each word
it on a sentencerhe fly is an insea@ndHow insects the tag learned on the training step. A n-gram tagger
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is a generalization of a unigram tagger whose context algorithm is used to assign the most likely tag to each
is the current word together with the part-of-speech word of a sentence, based on a context table, that basi-
tags of then — 1 preceding tokens. In this case, the cally has the same information that is used in the tra-
training step saves, for each possible tag, the numberditional probabilistic approaches. Notwithstanding,
of times it appears in every different context presented there is an important difference related with the con-
on the training corpus. text's shape, i.e they also take into account context in-
Since the surrounding words can also have various formation about the tags that follow a particular word.
possibilities of classification, it is necessary to use a  On the other hand, the later is inspired by the
statistical model that allows the selection of the best Brill's tagger. In this case a genetic algorithm (GA)
choices for marking the entire sequence, according tois used to evolve a set of transformations rules, that
the model. These stochastic taggers, usually basedwill be used to tag a text in much the same way as the
on hidden markov models, neither require knowledge Brill’'s tagger. While in Araujo’s work the evolution-
of the rules of the language, nor try to deduce them. ary algorithm is used to discover the best sequence of
Therefore they can be applied to texts in any lan- tags for the words of a sentence, using an informa-
guage, provided they can be first trained on a corpustion model based on statistical data, in Wilson's work
for that language. the evolutionary algorithm is used to evolve the infor-
Other type of taggers are rule-based systems, thatmation model, in the form of a set of transformation
apply language rules to improve the tagging’s accu- rules, that will be used to tag the words of a sentence.
racy. The first approaches in this category were based  There are also some other aspects that can be used
on rules designed by human linguistic experts. There to determine a word’s category beside it's context in
are also attempts to automatically deduce those rules,a sentence (Steven Bird and Loper, 2009). In fact, the
with perhaps the most successful one being the Brill internal structure of a word may give useful clues as
Tagger (Brill, 1995). The Brill's system automatic ex- to the word’s class. For exampl@esss a suffix that
tract rules from a training corpus, and applies them in combines with an adjective to produce a noun, e.g.,
a iterative way in order to improve the tagging of the happy— happinessill — illness Therefor, if we en-
text. The results presented by Brill on the Wall Street counter a word that ends imess it is very likely to
Journal data set, with a closed vocabulary assumption,be a noun. Similarlying is a suffix that is most com-
(97.2%) are among the bests results obtained so far inmonly associated with gerunds, likealking, talking,
this task. Brill's rules are called transformation rules, thinking, listening We also might guess that any word
and they allow to consider not only the tags that pre- ending in-edis the past participle of a verb, and any
cede one particular word, like the traditional proba- word ending with §is a possessive noun.
biIisf[ic taggers, but also the tags of the words that fol- In this work we investigate the possibility of us-
low it. ing an evolutionary algorithm to evolve a set of dis-
Brill conduced experiments with two types of ambiguation rules, that contemplate not only con-
transformation rules: nonlexicalized transformation text information, but also some information about the
rules, which contemplate only the tags that surround word’s morphology. This rules are not transformation
one particular word, and lexicalized transformation rules like Brill's or Wilson's rules, but a form of clas-
rules, which consider the words itselves. sification rules, which try to generalize the context
Considering Brill's work, it seams that a model information that is used in probabilistic taggers. We
based on rules can be more flexible, since it allows look at the problem as a classification problem, where
to consider not only the tags that precede but also the classes are the different part-of-speeches, and the
the tags that follow one particular word. Information Ppredictive attributes are the context information, and
about the words itselves can also be used. Moreover,some aspects about the words’ internal structure. Our
the format of the information collected, in the form of goal is to achieve a model that captures both of the
rules, is easier to analyze than a extreme high numberadvantages of statistical and rule based systems.
of probabilistic values. The tagging itself is also made by a second evolu-
More recently, several evolutionary approaches tionary algorithm, that uses the disambiguation rules
have been proposed to solve the tagging problem.to find the most likely sequence of tags for the words
These approaches can also be divided by the typeof a sentence. So, our system is composed by two
of information used to solve the problem, statistical steps. First, a set of disambiguation rules are discov-
information (Araujo, 2002; Araujo, 2004; Araujo, €red by an evolutionary algorithm, and than an evolu-
2006; Araujo, 2007; Araujo et al., 2004; Alba et al., tionary tagger is used to tag the words of a sentence,
2006), and rule-based information (Wilson and Hey- using the rules found in the first step.
wood, 2005). Shortly, in the former, an evolutionary The rest of the paper is organized as follows:
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Section 2 describes the evolutionary algorithm used e The word has numbers or’. and numbers.
to discover the disambiguation rules. In section 3
we present the evolutionary tagger and the results
achieved. Finally, Section 4 draws the main conclu-
sions of this work.

The possible values for each of the first six at-
tributes are the values of the corpus tag set from which
the evolutionary algorithm will extract the rules. This
set will depend on the annotated corpus used, since
the set of used labels will vary for different annotated
corpora. The last four attributes are boolean, and so

2 EVOLUTIONARY ALGORITHM the possible values are simply 0 and 1.
FOR DISAMBIGUATION RULES
DISCOVERY 2.2 Individuals

In this section we describe the use of a genetic algo- Qenetic algo.rithms for rule discovery can be divided
rithm to discover a set of disambiguation rules that into two dominantapproaches, based on how the rules
solve the part-of-speech tagging problem. The algo- &€ gncoded in the populgtlo_n_ of individuals. In_the
rithm works on a set of annotated texts. We will ap- Michigan approach each individual encodes a single
proach the problem as if we were trying to solve a rule, while in the Plttst_)urgh approach each individual
classification problem, by discovering a set of classifi- €Ncodes a set of prediction rules. The choice between
cation rules. The motivation for using a genetic algo- (h€se two approaches depends strongly on the type
rithm (GA) in this task, is that genetic algorithms are Of rules we want to find, which in turn is related to
robust, adaptive search methods that perform a globalthe type of data mining task we are interested to. In
search in the space of candidate solutions. As a resultth® case of classification tasks, we are interested in
of their global search, they tend to cope better with €valuating the quality of the rule set as a whole, as
attribute predictions than greedy data mining methods OPPosed to the individual assessment of a rule. That
(Freitas, 2003). is, the interaction b_e_twe_en the ruI(_es is important and
We begin by selecting the predictive attributes that therefore, for classification, the Pittsburgh approach

we will use, then discuss the aspects that concern theS€ems to be more natural (Freitas, 2003). Examples
individuals’ representation, genetic operators, selec- of GAs following the Pittsburgh’s approach are Gabil,

tion and, finally, the fitness function. (De Jong etal., 1993), GIL, (Janikow, 1993).
In our work, we are interest in a set of rules that
21 Attribute Seection will not be used for a standard classification prob-

lem, but will help the disambiguation task necessary

Our aim is to discover a set of rules that take into con- LO sorl]\{e the tagghmg problerlr;. In this sense, the Pitts-
sideration not only context information but also infor- PUrgh’s approach seems to be more appropriate. How-
mation about the words’ morphology. For the context, V&' there IS an important question to consider when
we decided to consider the same information that was W& 2doptthis type of representation, and that concerns
used in the work of Brill (Brill, 1995) and (Wilsonand  (h€ Size of the individuals. We could adopt a tradi-

Heywood, 2005). Thus, we consider six attributes: tional fixed length representation, or we could adopt
' ' ’ " anon standard variable length representation. In the

e The lexical category of the third word to the left.  fjrst case, the problem is to define which size to con-
e The lexical category of the second word to the left. Sider, since we usual don’t know how many rules are

« The lexical category of the first word to the left. necessary for a certain cIaSS|f|c§1t|0n task. In the other
hand, in the non standard variable length represen-

e The lexical category of the first word to the right.  tation, there is a very difficult problem to deal with,
e The lexical category of the second word to the Which concerns the control of the individuals’ length.

right. Individuals tend to grow through the evolutionary al-
gorithm generations, making it increasingly slower -

e The lexical category of the third word to the right. this problem is the well known bloat problem,

~ For the words’ morphology information we de- Since we will have a very large training set, and
cided to include the following attributes: therefore the algorithm will be very time consuming,
e The word is capitalized. we have chosen to adopt the Michigan’s approach, so

that we don't have to deal with the bloat problem.

However, we didn’t consider all the population as a

e The word ends witked or ing or esor ould or ’s set of rules representing a solution to the classification
ors. problem. Instead, we adopted a covering algorithm

e The word is the first word of the sentence.
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approach, i.e, we run the genetic algorithm as many (i = 1,....,k), is part of the rule condition if and only
times as necessary to cover all the positive examplesif the ith bit equals 1.
of the training set, evolving a rule in each run. After For instance, let's assume that we want to repre-
each execution ends, we store the rule represented bysent a rule antecedent that takes only one attribute into
the best individual in the population. We also update consideration, let's sayVeatherCondition whose
the training set, removing all the positive examples possible values are&unny Raining Foggy, and
that were covered by the best individual obtained in Windy Thus, a condition involving this attributes
that run (see algorithm 1). may be encoded at the expense of four bits. The inter-

pretation of a sequence like 1001 would result in the
Algorithm 1: Covering Algorithm. sp and sn represent the following antecedent:
sets of positive and negative examples. ps and gm give the .
populati%n size and thegmaximum r?umbepr of ger?era%ions. IF ,WeatherCondl_tl_on: .

"Sunny OR WeatherConditioa "Windy’

Require: spsn psgm

Ensure setof_rules As we have seen, this type of representation al-
whilesp+# @ do lows conditions with disjunctions. If we want to in-
bestrule < GeneticAlgorithnisp.sn ps gm) clude a new attribute, we just need to include the se-
sp< RemoveExamplésp, bestrule) quence of bits requwe.d to encode the respective va_ll—
setof_rules< Add(setof_rules bestrule) ues. The representation can thus be extended to in-
end while clude any number of attributes, assuming that all are

connected by logical conjunction. An important fea-
ture of this type of representation concerns the situ-

Algorithm 2: Genetic Algorithm. sp and sn represent the gonwhere all bits of.a, given.atgibure are 1,This

sets of positive and negative examples. ps and gm give theMeanNs that any Va_llue IS accgptable for. th{.ﬂ partlcu-
population size and the maximum number of generations. lar attribute, which in terms of interpretation indicates

— that this attribute should be ignored.
Requw.e. SPsSnpsgm As we saw above, for our particular problem, we
Ensurti bestRule . have a relatively large number of possible values for
pop—GenerateInmaIPop(ps) most of the attributes considered. Thus, a represen-
while gms~ 0 do tation such as the one described above would lead to
Eva!uate(pop) . very long individuals. For this reason we adopted a
mating.pool «= Selectioipop) slightly different representation, inspired by the rep-
NEW.POp <= Crossqve(po P resentation used by Wilson.
new.pop <= Mutationnew.pop) For each of the first six attributes we used six bits.
bestold « GetBestIndpop) The first bit indicates whether the category should or
worst < GetWorstingnew.pop) should not be considered, and the following five bits
pop<= Replaceworst bestold, new.pop) represent the assumed value of the attribute in ques-
gm-<=gm-— 1 tion. We adopted a table of 29 entries, and used the
end V.Vh”e binary value represented by five bits to index this ta-
bestind < GetBeStIn(ﬂpop) ble. If the value exceeds the number 29, we used the
bestrule < Fenotype{bestind) remainder of the division by 29. The extra bit for
each attribute allows us to ignore, in the antecedent
In our approach each individual represents a rule of the rule, a given attribute, as in the previous rep-
of the form IF Antecedent THEN Consequent resentation when all the bits are 1. The remaining
whereAntecedentonsists of a conjunction of predic-  attributes were encoded by nine bits, each one indi-
tive attributes an€Consequenis the predicted class. cating whether the property is, or is not, present. In
In the next sections we explain how we encode the short, each individual is composed byx&+ 9 = 43
antecedent and consequent of a rule. bits.
Like in the standard representation, the attributes
2.2.1 TheRule's Antecedent are linked by logical conjunction. However, the rules
do not contemplate internal disjunctions between dif-
A simple way to encode the antecedent of a rule (a ferent allowable values for a given attribute. Never-
conjunction of conditions) in an individual is to use theless, this knowledge can be expressed by different
a binary representation. Let's assume that a givenrules for the same class.
attribute can také discrete values. We can encode
these values usinighits. Thei-th attribute value, with
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2.2.2 TheRule's Consequent straightforward. The problematic words are the ones
that are ambiguous. Thus, our training set only in-

In general, there are three different ways to representcludes examples corresponding to ambiguous words.

the predicted class in an evolutionary algorithm (Fre- With this in mind, we decided to use as positive exam-

itas, 2003). One way is to encode it into the genome ples of a class; only the examples concerning words

of the individual, opening the possibility of subject- that are ambiguous and are tagged with ctags the

ing it to evolution (De Jong et al., 1993; Greene and training corpus. As negative examples we consider

Smith, 1993). Another way is to associate all indi- every example that correspond to a word that could

viduals of the population to the same class, which is be used as;, but is tagged with a class different from

never modified during the execution of the algorithm. c;.

Thus, if we are to find a set of classification rules to

predictk distinct classes, we need to run the evolu- 2.4 Fitness Function

tionary algorithm, at leadt times. In each-th exe-

cution, the algorithm only discover rules that predict Rules must be evaluated during the training process

the i-th class (Janikow, 1993). The third possibility in order to establish points of reference for the evolu-

consists in choosing the predicted class in a more ortionary training algorithm. The rule evaluation func-

less deterministic way. The chosen class may be thetion must not only consider instances correctly classi-

one that has more representatives in the set of exam+ied, but also the ones left to classify and the wrongly

ples that satisfy the antecedent of the rule (Giordanaclassified ones. To evaluate our rules we used the well

and Neri, 1995), or the class that maximizes the per- known Fg-measure:

formance of the individual (Noda et al., 1999) . We

adopted the second possibility, so we didn’'t need to

recisionx recall

encode the rule’s consequent. Since we used a cover- Fe=(1+ [3)2 X P - (2)
: . : B (B2 x precisor) + recall
ing approach, we run the covering algorithm for each
class independently. - TP

precision= ———— (2)

i : TP+FP
2.2.3 Initial Population TP
recall = 3)

50% of the individuals of the initial population were TP+FN

randomly generated and the other half were obtaine
by randomly choosing examples from the set of pos- e TP - True Positives = number of instances cov-
itive examples. These examples were first converted  ered by the rule that are correctly classified, i.e.,
to the adopted binary representation and then added its class matches the training target class;

dwhere:

to the population. e FP - False Positives = number of instances cov-
.. ered by the rule that are wrongly classified, i.e.,
2.3 Traning Set its class differs from the training target class;

e FN - False Negatives = number of instances not
covered by the rule, whose class matches the
training target class.

We used the Brown Corpus to create the training sets
that we provided as input to the evolutionary algo-
rithm. The examples considered were extracted from
90% of the corpus. For each word of the corpus we ~ TheFg-measure can be interpreted as a weighted
collected the values for every attribute included in the average of precision and recall. We ugge- 0.09,
rule’s antecedent, creating a specific training exam- which means we put more emphasis on precision than
ple. Then, for each tag of the tag set, we built a train- recall.

ing set composed by positive and negative examples

of the tag. Usually, the set of positive (negative) ex- 2.5 Genetic Operators and Selection

amples of a class is composed by examples that do

(do not) belong to that particular class. However in Since our representation is a typical binary represen-
our case we are not interested in finding typical clas- tation, we didn’t need to use special operators. We
sification rules, our goal is not to solve a classification used a traditional two point crossover and binary mu-
problem, we just need rules that allow us to choose tation as genetic operators. In the two point crossover
the best tag from a set of possible tags. This set is operator, two crossover points were randomly se-
not all the tag set, but a subset of it, usually composedlected, and the inner segments of each parent were
by a few number of elements. When we have a word switched, thus producing two offsprings. The muta-
that has only one possible lexical class, the tagging is tion operator used was the standard binary mutation:
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if the gene has the allele 1, it mutates to 0, and vice not meaningful or even just noise. It is worth noting

versa. We used a mutation probability of 0.01 and a that each example has associated the number of times

0.75 crossover probability. These values were empir- it occurs in the training corpus. This way we guaran-

ically determined. tee that the statistical information of each instance is
For the selection scheme we used a tournament seot lost.

lection of size two withk = 0.8. We also used elitism,

preserving the best individual of each generation by Table 1: TP (TN) column shows the number of distinct pos-

replacing the worst individual of the new population itive (negative) examples that wherg found in the training
by the best of the old one (see algorithm 2) corpus for each of the 20 tags considered; SP (SN) shows
' the number of distinct positive (negative) examples that

were used in the discovery of the disambiguation rules. This

2.6 Exper imental Results simplification results from eliminating the less frequext e
amples.
We developed our system in Python and used the re- Class| TP TN SP | SN
sources available on the NLTK (Natural Language ADV | 25420| 99481| 1194 | 8366
Toolkit ) package in our experiences. The NLTK VD | 17689 | 23200| 484 | 683
package provides, among others, the Brown corpus TO | 13754| 10363| 1895| 1248
and a sample of 10% of the Penn Treebank corpus. CNJ | 21838| 22387 | 1822 | 2151
It also provides several Python modules to process PRO | 13998 | 4411 | 1235| 339
those corpora. Since different corpora use different VG 8107 | 3176 | 145 | 83
formats for storing part-of-speech tags, the NLTK’s DET | 46427 | 40160| 4648 | 2622
corpus readers were very useful, by providing a uni- VN | 21400] 19790| 669 | 683
forminterface. N | 66576| 92770 2582 6336
As we said before, tagged corpora use many dif- UH 209 | 10499| 198 | 866
ferent conventions for tagging words. This means that P 66750 37380| 7055 | 3613
the tag sets vary from corpus to corpus. To extract the NUM | 5199 837 416 40
disambiguation rules from a set of annotated texts, we EX 2070 | 471 192 26
need to run our algorithm for each of the tags belong- vV 18474 | 63185 477 | 3046
ing to the tag set. However, if we want to test the NP 2185 | 11219| 165 | 1182
resulting rules in a different corpus, we will not be VBZ | 2773 | 8380 | 38 179
able to measure the performance of our tagger, since WH 5748 | 8512 | 233 | 822
the corpus tag set may be different. To avoid this, ADJ | 284661 29657 | 1065 | 1182
we decided to use theimplify tags=Trueoption of
thetaggedsentencenodule of NLTK corpus readers FW 279 | 25130] 279 | 2990
' MOD | 5308 | 541 501 | 25

When this option is set tdrue, NLTK converts the
respective tag set of the corpus used to a uniform sim- ] ] ] ]
plified tag set, composed by 29 tags. This simplified _ The genetic algorithm was run with a population
tag set establishes the set of classes we use in our alS$izé of 200 individuals for a maximum of 80 genera-
gorithm. We ran the covering algorithm for each one t]ons. These yalues were established after some pre-
of the classes that had ambiguous words in the train-liminary experiments. The number of rules that re-
ing corpus. There were 20 lexical classes in these Sult in the best tagging, discovered by the algorithm
conditions and for each one we defined the respectivefor €ach of the 20 ambiguous classes, are presented
sets of positive and negative examples. We used 90%!N taple 2. A total number of 2834 rules were fqund.
of the Brown corpus to extract the examples used to 1he list below shows some examples of the discov-
discover the disambiguation rules, using the process€ed rules:
described in the previous section. This resulted in a e If Following tag isADJ and Second Following
total of 61113 examples. tag isN THEN DET with Precision=0.976 and

In the next table (1) we present for each class the  TP=4702.

number of distinct examples (negative and positive) e If Previoustag isV andFollowingtagisN THEN
used. Each one appears at least one time in the train-  DET with Precision= 0.981 andT P = 1720.

ing corpus. To construct the training set of positive « If Previoustag isV andendswith -ed THEN VN
and negative examples for each class, we reduced the with Precision= 1 andT P — 753

number of distinct examples by eliminating those that i ) ) o
were less frequent. This reduction is intended to make ® If FollowingtagisV THEN TO with Precision=
the algorithm faster, by eliminating examples thatare 1 andTP=7113.

10
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Table 2: Number of rules discovered by the genetic algo- We can solve the tagging problem, does not only con-
rithm for each of the 20 ambiguous classes considered. cerns which tag is the best for a particular word, but

Class | Number of Rules also the pest sequence of tags to mark a sequence of
words. Since one tagging decision affects the tagging
ADV 396 ) X .
VD 179 choices for all the word’s neighbors, we need to use
TO 5 a method that could give us the optimal sequence of
choices. We used an approach similar to the one pre-
CNJ 378 ! . ; !
PRO 177 sented in (Araujo, 2002). However, instead of using
VG i3 the training table, we use the disambiguation rules.
DET 11 Our tagger receives as input a non annotated sentence,
a dictionary with all the words present in the corpus
VN 62 (and their possible tags), and a set of sets of disam-
N 364 biguation rules. The tagger returns the same sentence
UH 6 with each word associated with a tag.
P 289 An important aspect of the tagging problem, be-
NUM 42 sides the existence of ambiguous words, is the pos-
EX 13 sibility of occurring unknown words. In this work
\4 121 we adopt a closed vocabulary assumption, i.e. there
NP 67 are no unknown words in the test set. Our goal is to
VBZ 15 compare our results to the ones achieved by the three
WH 67 approaches presented earlier, based on the same as-
ADJ 196 sumptions. However, we designed the evolutionary
FW 42 tagging algorithm to be able to deal with this possi-
MOD 15 bility.

3.1 Representation
3 EVOLUTIONARY TAGGER An individual is represented by a chromosome made

of a sequence of genes. The number of genes in a
In the previous section we presented an evolutionary chromosome equals the number of words in the input
algorithm designed to discover a set of sets of disam- sentence. Each gene proposes a candidate tag for the
biguation rules for a predefined set of tags. Each setisword in the homologous position. For example, con-
composed by a certain number of rules, and each rulesider the input sentence: "The cat sat on the mat.” A
has associated a precision value and the total numbeipossible individual would be represented by a chro-
of positive examples covered by that rule (including mosome made of six genes, such as the one below:

repetitions).
We now want to use these rules so that we can 91 |92] 93 |94| 95 |06
mark the words of a sentence with the appropriate DET|N|VD| P |DET|N

part-of-speech. Therefore, if we want to decide which To evaluate the individual we need to apply the
tag to choose for a particular word, from the set of gisambiguation rules. However, as we discussed in
possible tags for that word, we should be able to do the previous section, our rules have six attributes
that by applying the set of rules previously found. related with the word context, and other nine at-

We could do this by applying the correspondent tributes concerning some morphological properties of
sets of rules to the particular word, choosing the class the words. Therefore, so that we can apply the dis-
indexing the set which includes the best rule. Thus, ambiguation rules, we need to extract the needed at-
if we want to tag the worav;, andw; can be tagged  tributes from the input sentence and from the tags
with one of the tags of the s&, for each possible tag  proposed by the genes. This way each paifg;

t« € S, we should apply the correspondent set of dis- gives rise to a 15-tuple of properties with the follow-
ambiguation rule®, tow;. The besttag should be the ing alignment:

one that indexes the set which includes the best rule. ) )
To measure the rule’s quality, we could use the prod- 1. The lexical category proposed by the third gene to

uct between the precision value and the total number ~ the left
of positive examples covered by that rule. 2. The lexical category proposed by the second gene
However, the decision we need to make so that  to the left;
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3. The lexical category proposed by the first gene to other allele from the set of possible alleles for the par-

the left; ticular gene and was applied with a 0.05 probability.
4. The lexical category proposed by the first gene to Again, if the word is unknown, the sets of rules will
the right; be used to determine which ones include a rule that

covers the 15-tuple, and one of the possibilities will

5. The lexical category proposed by the second 9enepe randomly chosen and assigned to the correspond-

to the ”9“‘? _ ing gene. We adopted a tournament selection of size
6. The lexical category proposed by the third gene to two with k = 0.7 and also used elitism, replacing the
the right; worst individual of each new population with the best
7. True if the homologous word is capitalized, false Of the old one. All the values were empirically deter-
otherwise; mined in a small set of preliminary experiments.
8. True if the homologous word is the first word of . .
the sentence, false otherwise; 3.3 Fitness Function
9. True if the homologous word ends widd, false o _
otherwise; The performance of an individual is measured by the

. . sum of the performances of his genes. Let's consider
10. Ttr#e |f.the' homologous word engé withg, false t to be the lexical category proposed by the ggne

3 er\{wse, _ for the wordw; , and p; to be the 15-tuple of prop-
11. True if the homologous word ends with false  erties determined by;. If R, represents the set of

otherwise; disambiguation rules for the lexical categdryand
12. Trueifthe homologous word ends wihld, false ~ RR C R; the set of all rulesy € R; that cover the
otherwise; 15-tuplep;, the evaluation ofj;, is defined by

13. True if the homologous word ends witls, false

otherwise; FG(g)f{ max{P(r) x TP(r)|r e RR} if RR # o
) = N .
14. True if the homologous word ends wish false Prob(ti, wi) otherwise .
otherwise; (4)
15. True if the homologous word has numbers or’;  whereP(r) gives the precision of rule, TP(r)
and numbers, false otherwise. gives the number of examples of the training corpus

covered byr and Prob(ti,w;) the probability of the
wordw; appearing with tagj in the corpus.
The fitness of an individualwith n genes is given

When there is no gene (no corresponding word) in
one of the positions contemplated in the context, we
adopted an extra tag named 'None’. This can happen,
with the first three and last three genes of the individ- by: |
ual. ; ;

We adopted a symbolic representation, i.e. the Fitnesgi) = J;FG(QJ) ®)
possible alleles of a gene are the the tags of the tag
set adopted for the corpus in which the experiences 3 4 Experimental Results
will be executed. However, the allowed alleles of a
gene are only the ones that correspond to the possibl
tags of the word the gene represents.

The initial population is generated by choosing,
for each gene, one of the possible tags for the corre-
sponding word. If the word is not in the dictionary, the
algorithm chooses randomly one of the classes whose
rule set has a rule which covers the example defined
by the 15-tuple of the corresponding gene. If none of
the rules cover the 15-tuple, the algorithm chooses by
default the classl, which is the most frequent lexical
class in the english language.

Swe tested our evolutionary tagger on 12006 words of
the Penn Treebank corpus and on 7527 words of the
Brown corpus. We achieved an accuracy of 96.9%
on the Pen Treebank of the Wall Street Journal cor-
pus and a 96.49% accuracy on the Brown corpus (ta-
ble 3). We ran the evolutionary tagger with a popu-
lation of 20 individuals, during 30 generations. The
experiments that we performed show that the evolu-
tionary tagger usually finds a solution very quickly.
In fact the difficulty level of the tagging task depends
on the number of ambiguous words of the sentence
we want to tag. Although it is possible to construct
sentences in which every word is ambiguous (Hindle,
1989), such as the following:

3.2 Genetic Operatorsand Selection

We used a typical one point crossover with a 0.8 prob-
ability. The mutation operator randomly chooses an- Her hand had come to rest on that very book.
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Table 3: Results achieved by the Evolutionary Tagger on #reHreebank corpus and on the Brown corpus, along with the
results achieved by the approaches more similar to the @septed here.

Tagger Corpus Train Test | Accuracy
Evolutionary Tagger Brown 61113 | 7527 96.5
Evolutionary Tagger, Penn Treebank WS - 12006 96.9

Wilson's Penn Treebank WSJ 600000 - 89.8

Brill's Penn Treebank WS 600000| 150000 97.2

Araujo’s Brown 185000 2500 95.4

those situations are not the most common. After e to perform the tagging (Araujo, 2002). Here the
counting the number of ambiguous words that ap- evolutionary algorithm was oriented by statistical
pear in the sentences of the 10% of the Brown corpus  data, that was collected in much the same way as
we reserved for testing the tagger, we observed that, in the statistical approaches;

in average, there are 6.9 ambiguous words per sen- , 1 discover a set of transformation rules (Wilson

tence. This explain the considerable low number of and Heywood, 2005). Here the tagging is not done
individuals and generations needed to achieve a solu- by the evoluti(;nary algorithm. The author uses an

tion. We c_ould argue that in those conditions the use evolutionary algorithm to discover a list of trans-
of a genetic algorithm is unnecessary, and that @ ex- tormations rules, that is then used to perform the
haustive search could .be applied to solve the problem. tagging in a deterministic way.
However, we can not ignore the worst case scenario,
where, like we see above, all the words, or a large ma- In our approach to the problem, we used an evolution-
jority of the words, on a very long sentence may be ary algorithmto discover a set of disambiguation rules
ambiguous. Furthermore, we observed that the sen-and then used those rules to evaluate the sequences of
tence average size of the Brown corpus is of 20.25 tags for the words of a sentence, with the sequences
tokens, with a maximum of 180. The largest number being evolved by another evolutionary algorithm.
of ambiguous words on a sentence belonging to this  When we first begun to research this problem, we
corpus is 68. Even for the smallest degree of ambi- concluded that there were two main approaches. The
guity, with only two possible tags for each word, we MOst frequ_ent were based on sta‘gistical data collected
have a search space di®2which fully justifies the ~ from a training corpus, concerning the words’ left
use of a global search algorithm such as a GA. context (the tags appearing left of a word); the oth-
The results achieved show that there are no sig- €rs were based on rules: disambiguation rules, gen-
nificant differences on the accuracy obtained by the €rally constructed by human experts, and transforma-
tagger on the two test sets used. At this point, it is tion rules, firstly presented by Brill. Our intention was
important to recall that the disambiguation rules used t0 capture the positive aspects of this two main ap-
on the tagger were extracted from a subset (differ- Proaches. We wanted to use rules since they are more
ent from the test set used in this experiments) of the flexible in terms of the kind of information we can
Brown corpus. Which bring us to the conclusion that Use to solve the disambiguation problem, and are also
the rules learned on step one are generic enough to bénore comprehensible than pure statistical data. How-

used on different corpora, and are not domain depen-€ver, we couldn’tignore the good results presented by
dent. the statistical approaches. And this led us to the idea

of transforming the statistical data in a set of disam-
biguation rules.
We wanted to generalize the statistical informa-
4 CONCLUSIONS tion normally used on the traditional approaches, and,

i ) simultaneously, include other type of information,
We described a new evolutionary approach to the part- p esenting it in a way that could be easily interpreted,
of-speach tagging problem that achieved results com-;

7 - i.e. in the form of rules. This generalization was
parable to the best ones found in the area bibliogra- 4chieved by the discovery of the disambiguation rules,

phy. Although there are other approaches to this prob- i, the statistical information being reflected on the

lem that use, in some way, evolutionary algorithms, as q,5)ity measure of each rule. Our expectations were
far as we know this is the first attempt that uses thesepa+ this generalization could reduce the size of the

a_lgorithms to solve aII_aspects of the task. In thg Pré- gata needed to do the disambiguation in the tagging
vious works the evolutionary approach was applied in {55y and that the information acquired would be less

two different ways: domain dependent than in previous approaches.
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We tested our approach on two different corpora:
in a test set of the corpus used to discover the disam-
biguation rules, and on a different corpus. The results

obtained are among the best ones published for the

corpora used in the experiments. Also there were no
significant differences between the results achieved in
the subset belonging to the same corpus from which
we defined the training set, used to discover the rules,
and the results obtained on the sentences of the othe
corpus. This confirms our expectations concerning
the domain independence of the obtained rules.
Although we consider our results very promising,
we are aware of the necessity of test our approach
with a larger tag set, and to apply it to more corpora.

We intend to test the tagger on other languages, as

well. We also think that this approach could be ap-
plied to other natural language processing tasks like
noun phrase chunking and named-entity recognition.

REFERENCES

Alba, E., Luque, G., and Araujo, L. (2006). Natural lan-
guage tagging with genetic algorithms$nformation
Processing Lettersl00(5):173 — 182.

Araujo, L. (2002). Part-of-speech tagging with evolution-
ary algorithms. In Gelbukh, A., editoGomputational
Linguistics and Intelligent Text Processingolume
2276 of Lecture Notes in Computer Sciengeages
187-203. Springer Berlin / Heidelberg.

Araujo, L. (2004). Symbiosis of evolutionary techniques
and statistical natural language processkxplution-
ary Computation, IEEE Transactions d(1):14 — 27.

Araujo, L. (2006). Multiobjective genetic programming for
natural language parsing and tagging. In Runarsson,
T., Beyer, H.-G., Burke, E., Merelo-Guervos, J., Whit-
ley, L., and Yao, X., editorsRarallel Problem Solving
from Nature - PPSN IX/olume 4193 of ecture Notes
in Computer Sciencgages 433—-442. Springer Berlin
/ Heidelberg.

Araujo, L. (2007). How evolutionary algorithms are applied
to statistical natural language processiagificial In-
telligence Revien28(4):275-303.

Araujo, L., Luque, G., and Alba, E. (2004). Metaheuris-
tics for natural language tagging. Genetic and Evo-
lutionary Computation - GECCO 2004, Genetic and
Evolutionary Computation Conferenceolume 3102
of Lecture Notes in Computer Sciengeages 889—
900. Springer.

Brill, E. (1995). Transformation-based error-driven lgag
and natural language processing: a case study in part-
of-speech taggingComput. Linguist.21:543-565.

De Jong, K. A., Spears, W. M., and Gordon, D. F.
(1993). Using genetic algorithms for con-
cept learning. Machine Learning 13:161-188.
10.1023/A:1022617912649.

Freitas, A. A. (2003).A survey of evolutionary algorithms
for data mining and knowledge discovepages 819—

14

845. Springer-Verlag New York, Inc., New York, NY,
USA.

Giordana, A. and Neri, F. (1995). Search-intensive concept
induction. Evol. Comput.3:375-416.

Greene, D. P. and Smith, S. F. (1993). Competition-based
induction of decision models from exampl&4achine
Learning 13:229-257.

Hindle, D. (1989). Acquiring disambiguation rules from
text.

Ganikow, C. Z. (1993). A knowledge-intensive genetic al-
gorithm for supervised learningMachine Learning
13:189-228. 10.1007/BF00993043.

Noda, E., Freitas, A., and Lopes, H. (1999). Discovering in-
teresting prediction rules with a genetic algorithm. In
Evolutionary Computation, 1999. CEC 99. Proceed-
ings of the 1999 Congress owolume 2, pages 3 vol.
(Xxxvii+2348).

Steven Bird, E. K. and Loper, E. (2009 atural Language
Processing with PytharO’Reilly Media.

Wilson, G. and Heywood, M. (2005). Use of a genetic al-
gorithm in brill’s transformation-based part-of-speech
tagger. InProceedings of the 2005 conference on
Genetic and evolutionary computatioBECCO '05,
pages 2067-2073, New York, NY, USA. ACM.



