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Abstract

1 Introduction

1.1 Computational Phonology and

FSAs

Finite-state techniques have always been cen-
tral to computational phonology. De�nite FSAs
are commonly used e.g. to encode phonotactics,
and are applied to obtain well-formedness judg-
ments on linguistic entities in a variety of NLP
contexts (e.g. to reduce the search space for lex-
ical hypotheses (J.Carson-Berndsen, 1993), and
for the detection of unknown words (A.Jusek et
al., 1997) in speech recognition). Such FSAs are
usually constructed manually, and the research
presented here aims at providing a practicable
automatic method for FSAs construction that
helps decrease the cost of manual construction
and increases descriptive e�ciency.

1.2 Terminology and Notation

Following common notational conven-
tions, a �nite-state automaton is a system
(S; I; �; s0; F ), in which S is a �nite nonempty
set of states, I is a �nite nonempty alphabet, �
is the state transition function, s0 is the initial
state, and F is a nonempty set of �nal states
in S. For every state s 2 S and every symbol
a 2 I , �(s; a) is either a state in S or �, where �
means parse failure. The language L accepted
by the �nite automaton A, denoted L(A), is
fxj�(s0; x) 2 Fg.

1.3 Induction of FSAs from Positive

Data

The problem of inferring the �nite-state au-
tomaton A that precisely generates the regu-
lar language L from an arbitrary strict sub-
set of L is NP-hard (e.g. E.M.Gold (1978),
D.Angluin (1978)). For practical purposes, re-
search has tended to drop the constraint L(A) =
L, concentrating instead on approximate lan-

guage identi�cation, the heuristic approach of
applying prior knowledge to explicitly limit
the class of languages of interest, or stochastic
grammatical inference.

2 Task Description

Given a known �nite alphabet of symbols I , a
target �nite-state language L, and a data sam-
ple S � L � I� (L is �nite), genetic search
attempts to �nd an FSA A, such that L(A)\L
approximates L(A) = L, and the size of A ap-
proximates the size of the minimal consistent
automaton.
Where the target language is known in ad-

vance, the degree of approximation can be mea-
sured, and its adequacy relative to training set
size, or to a given task, can be described. The
target language is generally not known in the
case of inference of automata that encode (part
of) a phonological grammar. Here, approxima-
tion and its degree of adequacy can be described
relative to a set of theoretical linguistic assump-
tions that describes a target grammar.

3 Method

3.1 Genetic Search

By direct analogy with natural evolution, GAs
work with a population of individuals each of
which represents a candidate solution to the
given problem. These individuals are assigned
a �tness score and on its basis selected to
'mate', and produce the next generation. This
process is typically iterated until the popula-
tion has converged, i.e. when individuals have
reached a certain degree of similarity, beyond
which further improvement becomes impossi-
ble. GAs work because characteristics that form
part of good solutions are passed on through
the generations and begin to combine in the
o�spring to approach global optima, an e�ect
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that is known as the building block hypothesis

(D.E.Goldberg (1989), J.Holland (1975)).

3.2 Representation of Automata as

Genotypes

The representation used here is based on the
state-transition matrices of automata. It has
the advantages that it can be directly imple-
mented as a chromosome, resulting encodings
are far more e�cient, and search spaces are
much smaller (as compared to the more com-
monly used production rule based representa-
tion). This is achieved at the price of loss of de-
tail, the potential disadvantage being that what
may be useful minimal building blocks cannot
be accessed. Results (described below) indicate
that for the purposes of de�nite FSA induction
for phonotactic description, a state-transition
based representation scheme is �nely grained
enough.

3.3 De�nition of Fitness

Two �tness (goodness) criteria follow directly
from the task description: small number of
states (1) and ability to parse strings in the data
set (2), where ability to partially parse strings
is also rewarded. Used on their own, however,
these criteria will lead search toward universal
automata that produce all strings x 2 I� up
to the length of the longest string in the data
set. To avoid this, we add an overgeneration
criterion (3) that requires automata to achieve
a given degree of overgeneration, such that the
size of L(A) is equal to the size of the target lan-
guage (where the target language is not known,
this �gure is estimated). Fitness criteria 1-3 are
weighted (re
ecting their relative importance to
�tness evaluation).

Automata can satisfy the third criterion
by generating any (ungrammatical) strings to
make up the required number. Overgeneration
must be constrained so that it becomes mean-
ingful, hence generalisation over the data set.
We achieve this by a set of heuristics: (i) sparse
labelling (i.e. the elements of I should appear on
as few arcs as possible), (ii) similar length paths
(paths through the automaton that are shorter
than the shortest member of the data set should

be avoided), (iii) functional economy (arcs that
are not used by any member of the data set
should be avoided). None of these heuristics
are absolute requirements. No explicit linguis-
tic knowledge is used.

3.4 Related Research

Inference of regular and context-free gram-
mars with evolutionary techniques is a small
but growing �eld (e.g. Zhou and Grefenstette
(1986), Kammeyer and Belew (1996), Lucas
(1994), Dupont (1994), Schwehm and Ost
(1995), Wyard (1989) and (1991)). Most of this
research bases inference on both negative and
positive examples, and no real linguistic data
sets have been used. Genotype representation
is usually production-rule based, and the target
grammar is almost always known.

4 Results

4.1 Russian Nouns

The data used in the tests described here were
bisyllabic feminine Russian nouns ending in -a.
The alphabet consisted of 36 phonemic symbols.
The data sets comprised 200 strings of which
100 were used during search, and the remainder
as a test set.

Results for the �rst data set are shown in Ta-
ble 1. The target degree of overgeneration was
set to 100. Tests were carried out for di�erent
weights assigned to the overgeneration criterion.
The �rst row gives results for the best automa-
ton found in 10 runs with the best weight set-
ting, and the second row gives the correspond-
ing average values for all 10 runs. States refers
to the number of states in automata, while
Links means the total number of labels on arcs.

As the target automaton was not known here,
results are evaluated relative to phonological
theory (M.Halle (1971)). Figure 1 shows the
�ttest automaton from Table 2. Phonemes1

are grouped together (as label sets on arcs) in

1The set of phonemic symbols used here is based on
Halle (1971). Capital symbolss represent sharped ver-
sions of non-capitalised counterparts. Most letters rep-
resent a phoneme similar to the sound that the letter
would imply to an English speaker. $ represents /sh/, %
its voiced equivalent, c is /ts/, and @ the null symbol.
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Training set Test set Actual overgeneration States Links

Best automaton 94% 61% 101 7 75
Average (over 10 runs) 87% 52% 118 7.3 75

Table 1: Results for Russian data set 1.
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Figure 1: Best automaton for Russian data set 1.

several linguistically useful ways. Vowels and
consonants are separated completely. Vowels
are separated into the set of those that can
be preceded by sharped consonants (capital let-
ters) and those that cannot. Correspondingly,
sharped consonants tend to be separated from
nonsharped equivalents. The phonemes k, r,

t are singled out (arc 4 ! 5) because (in the
present data set) they combine only with non-
sharped consonants to form stem-�nal clusters.
The groupings S (0! 6) and L,M,P,R (6! 1)
re
ect stem-initial consonant clusters.

These groupings are typical of the automata
discovered in all 10 runs. Occasionally ka was
singled out as a separate ending, and the stem
vowels were frequently grouped together more
e�ciently. Thus, linguistically useful general-
isation was achieved, but search failed to �nd
an automaton that could parse more than 94%
of the training data set. Analysis of results
collected for the 500,000 individuals produced
in all generations of 100 di�erent runs showed
that 15 strings were parsed by far fewer au-
tomata than any of the remaining 85. All of
these 15 strings were found to contain stem-
initial or stem-�nal consonant clusters that oc-
cur only once in the data set, while the other
85 strings form clusters in phonological space.
It appeared that if a data set contains isolated
points as well as clusters in phonological space,

then the isolated points are unlikely to be learnt.
To test this hypothesis, we ran a second set
of experiments after replacing the 15 di�cult
strings with strings located in one of the clus-
ters already present in the data set. The test
set, parameter settings and random initialisa-
tion were the same as before. Results (shown in
Table 2) con�rmed the hypothesis. Out of 1000
automata that were in the �nal populations of
10 runs, only 2 failed to parse the entire data
set. Test set performance did not improve, how-
ever, an indication that generalisability was not
a�ected.

It should be pointed out that the members of
the second data set do not form a single clus-
ter in phonological space, but several clusters of
varying size and density, with varying distances
in between. The di�erence in learnability is be-
tween single points and clusters and does not
appear to depend on the overall homogeneity of
the data set.

5 Conclusion and Further Research

The results presented here indicate that genetic
search can successfully be applied to the auto-
matic discovery of de�nite �nite-state automata
that encode phonological grammars from sub-
sets of positive data, but that results are better
for data sets that contain no isolated points in
phonological space. We are currently applying
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Training set Test set Actual overgeneration States Links

Best automaton 100% 59% 100 7 80
Average (over 10 runs) 99% 54% 158 7.6 74

Table 2: Results for Russian data set 2.

the method to German syllable phonotactics,
and plan to extend the approach to feature-
based phonotactic description.
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