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Abstract— Unsupervised grammar induction is one of the
most difficult works of language processing. Its goal is to
extract a grammar representing the language structure using
texts without annotations of this structure. We have devised
an evolutionary algorithm which for each sentence evolves a
population of trees that represent different parse trees of that
sentence. Each of these trees represent a part of a grammar.
The evaluation function takes into account the contexts in which
each sequence of Part-Of-Speech tags (POSseq) appears in the
training corpus, as well as the frequencies of those POSseqs
and contexts. The grammar for the whole training corpus is
constructed in an incremental manner. The algorithm has been
evaluated using a well known Annotated English corpus, though
the annotation have only been used for evaluation purposes.
Results indicate that the proposed algorithm is able to improve
the results of a classical optimization algorithm, such as EM
(Expectation Maximization), for short grammar constituents
(right side of the grammar rules), and its precision is better in
general.

1. INTRODUCTION AND STATE OF THE ART

Grammar inference (GI) in natural language processing
amounts to extracting a representation of the language struc-
ture from a collection of texts or corpora. If this collection
has been manually annotated with the parsing of the sen-
tences, i.e. it is a treebank, the task is termed supervised
GI, otherwise it is referred to as unsupervised GI. GI is
a highly complex problem, even in the supervised case.
Regular grammars (RG) cannot be correctly identified from
positive examples alone [1], since exclusively inferring from
positive examples leads to over-generalization, so that, the
grammar obtained successfully parses the training examples
but also accepts many illegal examples. Inferring context
free grammars (CFG) offers additional challenges due to
undecidable decision problems', e.g. for two given CFGs,
G1 and G2, there exists no algorithm that can determine
whether G1 is more general than G2 [5]. All these problems
found in formal language GI are also present in the much
more complex case of natural language GI.

In spite of the above mentioned difficulties several statisti-
cal and heuristic approaches have been devised for grammar
induction, specially for the case of supervised GI [6], [7], [8],
[9], [10]. In this case the grammar rules can be automatically
extracted from the treebank, which provides information
of statistical preference, and in the case of considering
stochastic grammars, i.e. grammars with probabilities added
to their rules, the treebank also allows the estimation of such
probabilities.
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The availability of a treebank with syntactic annotations is,
obviously, a great help to the GI. However these treebanks are
not available in many languages since the manual annotation
of thousands of sentences is a very expensive and time-
consuming process. Furthermore, the grammar inferred from
a collection of texts usually depends on the type of those
texts (newspapers, tales, poetry, etc.). So different types of
treebanks are required even for the same language. These
reasons have led some researchers to pay attention to the un-
supervised GI problem. Some of these works have focused on
finding patters of words [11] more than syntactic structures.
There are other works whose goal is to identify sequences of
lexical units or Part-Of-Speech (POS) tags which represent
equivalence classes covering substitutable units. Systems
adopting this approach aim at identifying for each sentence
non contradictory sequences of POS tags which maximize a
given statistical model, usually the parsing probability. These
systems apply the Expectation-Maximization (EM) algorithm
[12] to perform the optimization. EM is an iterative method
which applies two steps at each iteration. The first one is
the expectation (E) step, which computes an expectation
of the likelihood with respect to the current estimate of
the distribution for the hidden variables. The second one is
a maximization (M) step, which computes the parameters
which maximize the expected likelihood found on the E step.
These parameters are used to determine the distribution of
the hidden variables in the next E step. Zaanen [13] proposed
the Alignment Based Learning algorithm in which the EM
algorithm is directly applied to raw text, without POS tags,
as other systems do. This system uses minimal string edit
distance between sentences to propose units, from which the
most probable combination is chosen. The system has only
been applied to small corpora. The work by Clark [14] is also
within this category. The proposed algorithm learns a phrase-
structure grammar from tagged texts by clustering sequences
of tags together based on local distributional information,
and selects clusters that satisfy a mutual information crite-
rion related to the entropy of a random variable associated
with the tree structures. Paskin [15] proposes a model to
reduce the complexity of the EM algorithm to O(n?). It is
based upon grammatical bigrams, i.e. syntactic relationships
between pairs of words and introduce new independence
assumption into the traditional models. However, the quality
of the results for the completely unsupervised case is low.
One of the most successful proposals in this area is the one
by Klein and Manning [16]. It starts from a corpus labeled
only with POS tags. The key idea of the model proposed in



this work is that constituents® appear in constituent contexts.
In particular, the model exploits the fact that long constituents
often have short, common equivalents, which appear in
similar contexts and whose constituency as a grammar rule
is more easily found. The model aims at transferring the
constituency of a sequence directly to its containing context.
The context tends to contain new sequences that can be
identified as constituents in the next step of the iterative
identification process. The authors have devised a statistical
model according to these ideas and then applied the EM
algorithm to search for the set of POSseqs (sequences of
POS tags) that optimize the fit of the probabilistic model
to the data. However, the EM algorithm presents some
serious problems: it is very slow?, and is easily trapped in
local maxima. Lari and Young [17] found that applying EM
to recover very simple context-free grammars, the learned
grammar would require several times the number of non-
terminals to recover the structure of a target grammar, and
in many cases the grammar obtained was a quite different
variant of the target grammar. Carroll and Charniak (1992)
[18] show the high tendency of this algorithm to be trapped
in local optima performing several experiments in which
they run the EM algorithm from random starting point, and
obtaining a different and poor quality grammar in every case.

There have been several works applying evolutionary
algorithms to the GI problem [19]. Many of them have
focused on formal languages [20], [21], [22], [23], [24],
which provide a more accessible benchmark to investigate.
Some other [25], [26], [27] have been devised for very simple
fragment of the language in the form of a small set of
simple sentences. There have been also proposals dealing
with real language [28], [29], though for a particular aspect
of it. Araujo and Serrano [29] have applied EAs for natural
language GI restricted to particular components that are noun
phrases (NPs). De Pauw [28], [30] has developed the GRAEL
system, an agent-based evolutionary technique for induction
and optimization of grammars for natural language, able to
generate new grammar rules in a guided manner.

We have adopted Klein and Manning’s ideas, i.e. the
constituency character is mutually assessed by the sequence
of tags composing it and the context in which the sequence
appears. We do consider, as in the above mentioned work,
sequences of POS tags. It is not a hard assumption since there
are very accurate POS taggers (about 97%) for many lan-
guages. We investigate how to use an evolutionary algorithm
instead of the EM algorithm to fit the training data to the
model, thus circumventing the problems that EM presents.
Our evolutionary algorithm works with a population of parse
trees for each sentence. The parse tree selected at the end
of the evolution represents a part of the grammar, which is
thus built in an incremental manner. The algorithm evolves
the population selecting those POSseqs which optimize the

2Constituents are language units in which we can arrange the structure
of a sentence.

31t is QmS3n3, where m is the length of the sentence, and n is the number
of non-terminal in the grammar

presence of some sequences and forms of the parse tree
extracted from the training data. We do not assign a type
to the POSseqs but they are clustered on classes of units that
can be placed in similar contexts. Experiments have been
carried out using part of the Penn Treebank [31] for English,
but the annotations are only used for evaluation purposes,
not for training. For the evaluation we have used the usual
measures in grammar induction, such as recall and precision,
which measure different aspects of the similarity between the
parse trees given by the evaluated system and the reference
tree provided by a human expert and which is part of the
corpus.

The rest of the paper is organized as follows: section II
presents the evolutionary algorithm implemented, describing
the adopted individual representation, the fitness function and
the different genetic operators; section III is devoted to the
experimental setup; section IV presents and discusses the
results of the experiments, and section V draws the main
conclusions of this work.

II. THE EVOLUTIONARY ALGORITHM

TABLE I
ALPHABETICAL LIST OF PART-OF-SPEECH TAGS USED IN THE PENN
TREEBANK, THE CORPUS USED IN OUR EXPERIMENTS

cc Coordinating conjunction
CD Cardinal number

DT Determiner

EX Existential there

FwW Foreign word

IN Preposition / subordinating conjunction
1 Adjective

JIR Adjective, comparative
N Adjective, superlative
LS List item marker

MD Modal

NN Noun, singular or mass
NNS Noun, plural

NNP Proper noun, singular
NNPS  Proper noun, plural
PDT Predeterminer

POS Possessive ending

PRP Personal pronoun

PP$ Possessive pronoun
RB Adverb.

RBR Adverb, comparative
RBS Adverb., superlative

RP Particle

SYM Symbol (mathematical or scientific)
TO To
UH Interjection

VB Verb, base form

VBD Verb, past tense

VBG Verb, gerund / present participle
VBN Verb, past participle

VBP Verb, non-3rd ps. sing. present
VBZ Verb, 3rd ps. sing. present
WDT wh-determiner

WP wh-pronoun
Possessive wh-pronoun
wh-adverb

Our EA extracts the grammar representing the language
structure in an incremental manner, considering sentences
one by one. For a given sentence the algorithm creates a
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Fig. 1. Example of two possible individuals for the sentence with POS tags DT NNP NN VBD DT VBZ DT JJ NN

population of individuals which are possible parse trees for
that sentence, i.e. trees which have as leaves the whole
sequence of POS tags of the sentence. Figure 1 shows two
possible individuals for the sentence DT NNP NN VBD DT
VBZ DT JJ NN. The meaning of the POS tags appearing
in the examples are shown in Table I. The branching of
an individual determines the sequences of tags which are
considered to be constituent (i.e. the grammar rules without
specifying the left hand side) and its contexts (the tag on the
left and on the right). Note the difference between POSseq
and constituent:

o A POSseq is any sequence of POS tags appearing in
the corpus.
o A constituent is a sequence of POS tags grouped to-
gether in the parse of a sentence, i.e. the left hand side
of some grammar rule. In the tree on the left of Figure 1
we can distinguish the following constituents: DT, NNP,
NN, VBD, DT, VBZ, DT, JJ, NN, (DT, NNP), (NN,
VBD), (NN, VBD, DT), (JJ, NN), (DT,JJ,NN), (VBZ,
DT, JJ, NN), (NN, VBD, DT, VBZ, DT, JJ, NN) and
(DT, NNP, NN, VBD, DT, VBZ, DT, JJ, NN). That is,
they are the sequences of tags under any ¢ symbol plus
each POS tag.
Figure 2 shows the constituents for the individual on the left.
The initial population is created at random, with the unique
condition of having only legal trees for the sentence, i.e. a
graph in which two vertices are connected by exactly one
path, and with the whole sequence of the sentence tags as
leaves.

A. The Fitness Function

Our fitness function tries to capture the ideas of Klein and
Manning’s model described above, as well as some other
observations on the form of the parse trees, and adopts the
form of a linear combination of different aspects of the
model. Specifically we have considered the following factors:

o Constituents appear in constituent contexts. We have

observe that there exists some POS-tags which trigger
new levels in the parse tree. For example, in the tree on
the right of Figure 1 this is the case of VBD, DT and
VBZ. These kind of POS-tags, that we call separators
are the beginning of a constituent which finishes at the

end of the last level created. In order to identify the
set of possible separators without using the parse trees,
i.e. without supervision, we have considered the more
frequent POSseqs in our corpus:

DT NN 2222
JI' NN 1352
IN DT 894
NN IN 892
DT 11 834
JJ NNS 797
NN NN 795
CD CD 776
NN VBZ 760

We can observe that the first two sequences have a fre-
quency clearly higher than the rest of them. Accordingly
we consider that these sequences are frequent enough
to be safely taken as constituents. We call them dis-
criminant constituent (DC). Extensions of the DCs are
POSseqs starting and ending with the same tags (or their
variants NNS, NNP, JJR, etc.) than a DC, such as (DT
JINNS), (DT JJ NNS NN), (JJ, JJIR, NNP), etc. Taking
this assumption, we identify as separators those POS-
tags which appear more frequently (more than 75%)
outside the DCs or their extensions than inside. We have
used the corpus is WSJ10, composed of 6842 sentences.
WSIJ10 is a subset of the Wall Street Journal section
of the Penn Treebank, containing only those sentences
of 10 words or less after removing punctuation and
null elements, such as $, 7, etc.. Applying the above
described criterion to this corpus we have obtained the
following sets of separators for each DC:

DC Separators

MD, PRP, IN, RB, RBR, CC, TO, VB,
DT NNx | VBD, VBN, VBZ, VBP, VBG, EX, LS,
RP, UH, WP, WRB

CC, EX, FW, IN, LS, MD, PDT, PRP, RB,
JJx NNx | RBR, RBS, RP, SYM, TO, UH, VB, VBD,
VBG, VBN, VBP, VBZ, WDT, WP, WRB
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We have included in the fitness function a factor SEP for
each POSseq ps found in the sentence, which increases
the fitness if ps is composed of a separator followed
by a sequence of POS-tags arriving to the end of the
sentence (es(ps)). The value of the factor SEP for a
POSseq ps depends on the set of separators to which
the first tag (ft(ps)) of the sequence belongs to:

3 if es(ps) and
ft(ps) € separ(DT, NN) and
ft(ps) € separ(JJ, NN)
2 if es(ps) and
ft(ps) € separ(DT,NN)
1 if es(ps) and
ft(ps) € separ(DT,NN)
0 otherwise

SEP(ps) =

o Long constituents often have short, common equiv-
alents, which appear in similar contexts and whose
constituency as a grammar rule is more easily found.
To capture this idea we have considered again the dis-
criminant constituents and their extensions, extend(X,Y).
The fitness function is increased with a factor CONS for
each POSseq ps corresponding to a DC or one of their
extensions. The value of CONS depends on the DC:

2 if ps € extend(DT,NN)
CONS(ps) =< 1 if ps € extend(JJ,NN)
0 otherwise

Then, the fitness function takes the following form:

> SEP(ps) + CONS(ps)

ps€Etree

where ps represents each POSseq in the parse tree of the
individual.

B. Genetic Operators

This section presents the crossover and mutation operators
used in the EA: one crossover operator, and three mutation
operators (called ungrouping, grouping, and group-ungroup).

1) Crossover: We can not apply the most classical
crossover operators used in genetic programming to combine
trees since we have to guarantee that the resulting offspring
are legal parse tree for the sequence of tags of the sentence.
Therefore we have designed a specific operator that combines
trees taking the constituents of a range of lengths from one
parent and the constituents of the remaining range from
the other parent. For a sentence of length n the possible
constituents range from 1 to n. At this point, a random
integer 1 < p < n — 1 is generated within this range.
The first offspring is then composed of the constituents of
length between 1 and p — 1 from the first parent and of
the constituents of length between p and n from the second
parent. Analogously, the second offspring is composed of the
constituents of length between p and n from the first parent
and the other ones from the second parent.

Figure 3 shows an example with p = 2. In this case, the
sentence under consideration is* DT NN NN IN JJ NNS. We
can see that the crossover of the parent on the left (called
PA) with the one on the right (called PB), produces the
individuals on the bottom (called CA and CB). CA takes
the constituents of size 1 and 2 from PA, but PA has not
constituents of size 2 so it does not provide any constituent
to CA. PB, which provides to CA constituents of length 3 and
higher, has only one constituent of size 3 (IN JJ NNS), which
is therefore given to CA. The sentence tags not included in
the constituents provided by any parent are taken as one-
tag constituents. The other offspring, CB, is the result of
crossing PB with PA, taken the constituents of size 2 from
PB (JJ NNS) and those of size 3 from PA (DT NN NN and
IN JJ NNS). By the way, this tree SB is the correct one
according to the linguists’ judgements contained in the Penn
treebank.

Offspring generated may not be valid trees with regard to
the sentence being considered. For example, let us consider
the individuals in Figure 4 and assume that p has taken
the value 2. Then, the parent of the left will provide the
constituents of size 2 or smaller: (DT,NN), (NN,IN) and
(JJLNNS), for the first offspring and the parent on the right

4Lexical labels of this example correspond to the sentence: an insurance
company with financial problems
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will provide the constituents of size 3 or larger: (IN, JJ,
NNS), and then there is a conflict for the tag IN at the end
of the second constituent from the first parent, and at the
beginning of the constituent from the second parent. These
cases are solved by randomly taking one of the constituents.

2) Mutation: Our system implements three mutation op-
erators, aiming respectively at enabling the ungrouping of
tags, the grouping of them, and also a change in the way of
grouping them:

1) Ungrouping: Changes a randomly chosen constituent
of N tags by N constituents of only one tag.

2) Grouping: Searches the POSseqs which do not lead
to conflict if they are made constituents, and randomly
selects one of them.

3) Group-Ungroup: It randomly chooses a constituent
size for which there are some constituent in the tree.
Then randomly chooses one of the constituents of the
selected size to be ungrouped. At the same time the
operator randomly chooses a POSseq of the selected
size which does not lead to conflict if it becomes a
constituent, and grouped it as a constituent.

The mutation operator which is applied to each individual is
randomly selected among the three ones described above.

III. EXPERIMENTAL SETUP

A. The Evaluation Method

The methodology used to evaluate our system (in addition
to qualitative assessments by inspection) is to compare the
tree structures produced by the system to the gold-standard
trees produced by linguists which can be found in the Penn
Treebank. Because we do not assign class name to our
constituents, i.e. a left hand side symbol for the grammar
rules, as the linguists do in treebanks, the comparison ignores
the class labels considering only groups of tags.
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Fig. 5. Parse tree produced by a linguist

We performed the experiments on the 6842 sentences® of
the WSJ10 selection from the Penn treebank Wall Street
Journal section. Notice that because we work with an un-
supervised process, we can use the same sources to obtain
both the statistical values as well as the test data.

In order to evaluate the quality of the obtained grammar
we have used the most common measures for parsing and
grammar induction evaluation: recall, precision and their
harmonic mean F1. They are defined assuming a bracket
representation of a parse tree. For example, the bracket
representation for the sentence in Figure 5 is
S(NP(DT, NN), VP(VBD, NP(NP(DT, NN),PP(IN,
NP(NN)))))

While the unlabeled bracket representation for the same
sentences is
¢(c(DT, NN), ¢(VBD, c(c(DT, NN),c(IN, ¢(NN)))))

Precision is given by the number of brackets in the parse
to evaluate which match those in the correct tree and recall
measures how many of the brackets in the correct tree are

SMore precisely sequences of POS tags



C
Parents
nt C/l\c
V2 NV ANERVAN

DT NN NN IN JJ NNS

Illegal Child
C

AN

DT NN NN IN Cc

Fig. 4.

in the parse. These measures have a correspondence for
unlabeled trees, which have been the ones considered in this
work, in which the label assigned to each POSseq is not
checked. Constituents which could not be wrong (those of
size one and those spanning the whole sentence) have not
been included in the measures.

The definitions of Unlabeled Precision (UP) and Recall
(UR) of a proposed corpus P = [P;] against a gold corpus
G = [G)] are:

UP(P,G) = >, |brackets(P;) N brackets(G;)| ’
>, |brackets(P;)]

UR(P,G) = >, [brackets(P;) N brackets(G;)|
>, [brackets(G;)|

Finally, F} is given by:

5 _ 2-UP(P.G) - UR(P.G)
"7 UP(P,G)+UR(P,G)

IV. EXPERIMENTAL RESULTS

After a number of experiments, for which the results are
shown in Figure 6 we have taken the parameter set appearing
in Table II. The results are quite stable for a population size
of 150 individuals and 50 generations. The best results are
obtained for a crossover rate of 0.65 and a mutation rate of
0.06, respectively. A run with these parameters takes about
27 hours.

The results obtained by our system for different constituent
sizes are shown in Table III and are graphically represented
in Figure 7. They have been obtained with the parameters
appearing in Table II. We can observe that UR follows
an almost continuous trend to rise with the size of the
constituents, reaching 98.34% for constituents of size 9.
However, Precision is higher for constituent sizes 3 and 4,
becoming lower for longer constituents. F1 maintains the
level for all the constituent size, which is a nice property.

Figure 8 compares our results with those of the Klein and
Manning system (CCM) which uses the EM algorithm for

Illegal Crossover example

JJ NNS
2
C
C
JI NNS
TABLE 1I
GENETIC ALGORITHM PARAMETER SET
Population Max. Crossover | Mutation | Elite

size generations rate rate size

150 50 0.65 0.06 1
TABLE III

RESULTS OBTAINED FOR EACH CONSTITUENT SIZE. U R STANDS FOR
UNLABELED RECALL, U P FOR UNLABELED PRECISION, AND F| FOR
THE HARMONIC MEAN.

Constituent Size | UR (%) | UP (%) | F1 (%)
2 64.42 58.32 61.22

3 63.53 79.30 70.62

4 61.68 71.52 66.24

5 63.73 65.00 64.36

6 68.12 57.17 62.16

7 74.78 58.08 65.38

8 80.07 54.10 64.57

9 98.34 61.32 75.54

Total 65.60 64.21 64.89

optimization, and which, as far as we know, has provided the
best results for unsupervised GI using a monolingual corpus.
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Fig. 7. Results obtained vs. constituent size. UP: Unlabeled Precision, UR:
Unlabeled Recall, Fy: Harmonic Mean of UP and UR.
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Fig. 6. Results of F1 obtained for (a) different population sizes, (b) number of generations, (c) crossover rates, and (d) Mutation rates. Default parameters

appear in Table II

We can observe that for short and medium size constituents
(2, 3,4, 5, and 6) our evolutionary system performs better
than the one using EM, though for large constituents (7, 8,
and 9) the F1 results are a bit higher for CCM. Concerning
precision, we can also observe that our results are much
better than those of CCM for short constituents. We consider
this a promising result since the identification of short
constituents, which appear very frequently, is particularly
relevant. Moreover we are currently working on considering
other discriminant constituents conditioned to the presence
of other elements in the parse tree being evaluated.

V. CONCLUSIONS

This work has investigated a particular task of language
learning: unsupervised grammar extraction by induction. The
system does not require to be trained with a parsed corpus
and thus it can be applied to any language or to any particular
kind of texts. We have applied an EA to select the most
probable grammar for a given corpus according to a model
that takes into account both the frequencies of the sequences
of POS tags and the contexts in which they appear, as well as
the relationships between both data. The system performance
is high for short constituents but decreases a bit the longest
constituents. We are currently working to palliate this effect
by introducing new factors to the fitness functions and tuning
the weights assigned to each of them.

We also plan to test the system on other corpora and
languages, and well as to consider other individual repre-
sentations that can improve the system efficiency.
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