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Abstract: - Grammatical Inference deals with the problem of learning structural models, such as grammars, from
different sort of data patterns, such as artificial languages, natural languages, biosequences, speech and so on. This
article describes a new grammatical inference tool, Grammar-based Classifier System (GCS) dedicated to learn
grammar from data. GCS is a new model of Learning Classifier Systems in which the population of classifiers has a
form of a context-free grammar rule set in a Chomsky Normal Form. GCS has been proposed to address both regular
language induction and the natural language grammar induction as well as learning formal grammar for DNA
sequence. In all cases near-optimal solutions or better than reported in the literature were obtained.

Key-Words: - Machine Learning, Grammatical Inference, Learning Classifier Systems, Regular Language Induction,
DFA Induction, Natural Language Processing, Promoter Recognition

1 Introduction In this article we examine RL and CFG induction using
Grammar-based Classifier System (GCS) — a new model of
Learning Classifier System (LCS). GCS [56], [57], [60]
represents the knowledge about solved problem in Chomsky
Normal Form (CNF) productions. GCS was applied with
success to natural language processing [58], biosequences
[59], and toy grammar [57]. In spite of intensive research into
classifier systems in recent years [29] there is still a slight
number of attempts at inferring grammars using LCS.
Bianchi [7] revealed higher efficiency of LCS in comparison
with evolutionary approach on the basis of experiments with
bracket grammars, palindromes and toy-grammar. Cyre [12]
inducted a grammar for subset of natural languages using
LCS, but comparison to his results is hard since the usage of
corpora is protected by trademarks. GCS tries to fill the gap
by bringing up the grammar induction issues, as well. As was
shown in [57], GCS achieves better results than Bianchi’s
system with reference to artificial grammars. Although there
are some approaches to handle with context-free grammar,
there is no one work on inducing regular languages with
LCS. This article describes GCS approach to the problem of
inferring RL and non-stochastic CFG from natural language
corpora and some kind of DNA sequences - biological
promoter regions.

The generic architecture of learning classifier system is
presented in the second section. The third section contains
description of GCS preceded by short introduction to context-
free grammars. The fourth and fifth sections show some
selected experimental results in RL and NL grammar
induction respectively, whereas the sixth section - in
promoter region recognition. The article is concluded with a
summary.

Grammatical Inference, also known as Grammar Induction
(GI) [17], is about the problem of learning structural models
from data. The data typically consist of sequences of discrete
events from various domains such as natural language (NL)
corpora, biosequences (DNA fragments, primary structure of
proteins), speech, musical scores etc., but can also include
trees, arbitrary graphs (such as metabolic networks and social
networks) or automata. Typical models include formal
grammars, and statistical models in related formalisms such
as probabilistic automata, hidden Markov models,
probabilistic transducers or conditional random fields.

The main theorems of GI are that it is impossible to
evolve suitable grammar (each of the four classes of
languages in the Chomsky hierarchy) only from positive
examples [17], and that even the ability to ask equivalence
queries does not guarantee exact identification of context-free
language (CFQ) in polynomial time [1]. Effective algorithms
exist only for regular languages (RL), thus construction of
algorithms that learn CFG is critical and a still open problem
of grammar induction [19].

The approaches taken are to provide learning algorithms
with more helpful information, such as negative examples or
structural information; to formulate alternative representation
of CFGs; to restrict attention to subclasses of context-free
languages that do not contain all finite languages; and to use
Bayesian methods (for references see [30]); in [18] first-order
logic environment is mixed with a knowledge base to acquire
CFG. Many researchers have attacked the problem of
grammar induction by using evolutionary methods to evolve
(stochastic) CFG or equivalent pushdown automata ([55], for
references see [56]), but mostly for artificial languages like
brackets, and palindromes. For surveys of the non-
evolutionary approaches for CFG induction see [30].
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2 Learning Classifier Systems

A Learning Classifier System, introduced by Holland [20],
learns by interacting with an environment from which it
receives feedback in the form of numerical reward. Learning
is achieved by trying to maximize the amount of the reward
received. There are many models of LCS and many ways of
defining what a Learning Classifier System is. All LCS
models, more or less, comprise four main components (see
Fig. 1):

1. A finite population of condition-action rules (classifiers),
that represent the current knowledge of a system;

2. The performance component, which governs
interaction with the environment;

3. The reinforcement component, called credit assignment
component), which distributes the reward received from the
environment to the classifiers accountable for the rewards
obtained;

4. The discovery component responsible for discovering
better rules and improving existing ones through a genetic
algorithm.

Classifiers have two associated measures: the prediction
and the fitness. Prediction estimates the classifier utility in
terms of the amount of reward that the system will receive if
the classifier is used. Fitness estimates the quality of the
information about the problem that the classifier conveys, and
it is exploited by the discovery component to guided
evolution. A high fitness means that the classifier conveys
good information about the problem and therefore it should
be reproduced more trough the genetic algorithm. A low
fitness means that the classifier conveys little or no good
information about the problem and therefore should
reproduce less.
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Fig. 1. The architecture of Learning Classifier System ([22])

On each discrete time step ¢, the LCS receives as input the
current state of the environment s, and builds a match set
containing the classifiers in the population, whose condition
matches the current state. Then, the system evaluates the
utility of the actions appearing in the match set; an action a; is
selected from those in the match set according to a certain
criterion, and sent to the environment to be performed.
Depending on the current state s, and on the consequences of
action a,, the system eventually receives a reward r;. The
reinforcement component distributes a reward r, among the
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classifiers accountable of the incoming rewards. This can be
either implemented with an algorithm specifically designed
for the Learning Classifier Systems (e.g. bucket brigade
algorithm [21]) or with an algorithm inspired by traditional
reinforcement learning methods (e.g., the modification of Q-
learning [63], see new version in [65]). On a regular basis,
the discovery component (genetic algorithm) randomly
selects, with the probability proportional to their fitness, two
classifiers from the population. It applies crossover and
mutation generating two new classifiers.

The environment defines the target task. For instance, in
autonomous robotics the environment corresponds roughly to
the robot’s physical surroundings and the goal of learning is
to learn a certain behavior [26][27]. In classification
problems, the environment trains a set of pre-classified
examples; each example is described by a vector of attributes
and a class label; the goal of learning is to evolve rules that
can be used to classify previously unseen examples with high
accuracy [22], [61]. In computational economics, the
environment represents a market and the goal of learning is to
make profits [25].

For many years, the research on LCS was done on
Holland’s classifier system. All implementations shared more
or less the same features which can be summarized as
follows: (i) some form of a bucket brigade algorithm was
used to distribute the rewards, (ii) evolution was triggered by
the strength parameters of classifiers, (iii) the internal
message list was used to keep track of past input [29].

During the last years new models of Holland’s system
have been developed. Among others, two models seem
particularly worth mentioning. The XCS classifier system
[63] uses QO-learning to distribute the reward to classifiers,
instead of bucket brigade algorithm; the genetic algorithm
acts in environmental niches instead of on the whole
population; and most importantly, the fitness of classifiers is
based in the accuracy of classifier predictions, instead of the
prediction itself. Stolzmann’s ACS [52] differs greatly from
other LCS models in that ACS learns not only how to
perform a certain task, but also an internal model of the
dynamics of the task. In ACS classifiers are not simple
condition-action rules but they are extended by an effect part,
which is used to anticipate the environmental state.

3 Grammar-based Classifier Systems
GCS operates similarly to the classic LCS but differs from
them in (i) representation of classifiers population, (ii)
scheme of classifiers’ matching to the environmental state,
(iii) methods of exploring new classifiers.

The population of classifiers has a form of a context-free
grammar rule set in a Chomsky Normal Form. Actually, this
is not a limitation, because every CFG can be transformed
into equivalent CNF. Chomsky Normal Form allows only for
production rules, in the form of 4 — a or 4 — BC, where 4,
B, C are the non-terminal symbols and « is a terminal symbol.
The first rule is an instance of terminal rewriting rule.
Terminal rules are not affected by the GA, and are generated
automatically as the system meets an unknown (new)
terminal symbol. The left hand side of the rule plays a role of
the classifier’s action while the right hand side - a classifier’s
condition. The system evolves only one grammar according
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to the so-called Michigan approach. In this approach, each
individual classifier — or grammar rule in GCS — is subject of
the genetic algorithm’s operations. All classifiers (rules) form
a population of evolving individuals. In each cycle a fitness
calculating algorithm evaluates a value (an adaptation) of
each classifier and a discovery component operates only on a
single classifier.

The automatic learning CFG is realized with GI from the
set of sentences. According to this technique, the system
learns using a training set that in this case consists of
sentences both syntactically correct and incorrect (see Fig. 2).
Grammar which accepts correct sentences and rejects
incorrect ones is able to classify sentences unseen so far from
a test set. Cocke-Younger-Kasami (CYK) parser, which
operates in ®(n3) time [65], is used to parse sentences from
the corpus.

The environment of a classifier system is substituted by
an array of CYK parser. The classifier system matches the
rules according to the current environmental state (state of
parsing) and generates an action (or set of actions in GCS),
pushing the parsing process toward the complete derivation

of the analyzed sentence.
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Fig. 2. The environment of GCS

A value of adaptation (fitness) is assigned for each rule as
soon as parsing of every sentence from a set is finished. The
fitness value is expressed as:

wpUp
fo =3wrUp + WU,
fo for U,+U,=0

for U, +U,#0 )

where:

U, — number of uses of rule while parsing correct

sentence,

U, — number of uses of rule while parsing incorrect

sentence,

fo — fitness of classifier that wasn’t used in parsing,

wp, wy, — coefficients (commonly used settings are 1 and

2).

Fitness value is used by genetic algorithm while searching
for new classifiers.

The following function f; — is applied to evaluate fitness
of each grammar. In the equation, PS is the positive set of
sentences, NS is the negative set of sentences, P is the
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number of positive sentences parsed by grammar and N is the

number of negative strings not parsed

£ = (P+N)-100% 2)
7 |PS+NS|

GCS uses two techniques that explore space of all
possible classifiers — just like many other classifiers systems.
First of them is genetic algorithm and the second is covering.

Genetic algorithm in GCS works on a population of
classifiers like in other LCS but because of the different
representation it operates only on production rules in form of
A — BC. System uses roulette-wheel or random selection
(chosen in the options), classic crossover and mutation, and
crowding technique in order to keep diversity in population.
Genetic operators are launched with given probability once
analyzing of the train set ends.

Covering works regardless of genetic algorithm and
during trains set analysis. It adds productions that allow
continuing of parsing in the current state of the system. In
GCS there are following sorts of covering:
terminal covering: a production rule in the form of 4 — a is
created when system finds unknown (new) terminal symbol
while parsing,
one-length covering: a production rule in the form of § — a
is created for one-length, correct sentences,
two-length covering: a production rule in the form of S — B
is created if productions 4 —a and B — b exist in the
population and there is two-length correct sentence,
full-covering: a production rule in the form of S — AB is
created if symbols A and B can be derived and the last cell in
the CYK array is considered and there is a correct sentence
currently parsed,
aggressive-covering: a production rule in the form of
C — AB is created if symbols 4 and B can be derived and
there is a correct sentence currently parsed.

In [60] the set of experiments on bracket grammars,
palindromes, toy-NL grammar, and tiny natural language
corpora was presented. It was observed that while learning
natural language corpora fitness graph shows sudden changes
of the fitness value. The most probable reason of this is
strong cooperative nature of grammar production rules.
Deletion or modification of a rule can deactivate a huge set of
connected productions. This can decrease overall grammar’s
fitness. On the other hand creation or proper modification of
existing rule can activate new set of rules, and dramatically
increase overall fitness. Modifying discovery component
could be one of the solutions to this problem. Discovery
component could look at the rule’s position at the derivation
tree (rule’s fertility) and more carefully remove rules that
may be important to the parsing process.

According to the concept of the rule’s fertility we
introduced in [57] new formula for fitness value of rule:

F= Wefe + Wrfy 3)
W, + Wf
where:
f.— “classic” fitness of classifier expressed by (1),
w, Wy — - coefficients,
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fr — normalized fitness of classifier’s fertility expressed
as:

f _p_d_ffmin “)
! ffmax - ffminl

where:

p — (profit) sum of credits of the classifier scored while

parsing correct sentence,

d — (debt) sum of credits of the classifier scored while

parsing incorrect sentence,

ffmins ffmax — minimal / maximal credits in the set of

classifiers.

The classifier receives the specific credit (equal
renounced amount factor * base amount) from each rule in
the derivation tree placed below. The terminal rule is
rewarded by constant value (so-called base amount).

4 Regular Language Induction

4.1 Preliminaries

We are interested in inducing a grammar that accepts a
regular language (type 3) [23], [24] given a finite number of
positive and negative examples drawn from that language.
Learning regular languages is equivalent to the problem of
learning Deterministic Finite Automata (DFA). Both
problems have been extensively studied in the literature and it
has been proved that learning DFA or regular languages is a
hard task by a number of criteria [43]. Note, that induced
DFA should not only be consistent with the training set, but
also DFA should proper estimate membership function for
unseen examples.

The approaches to learning DFA or equivalent regular
languages base mainly on evolutionary algorithms [13], [34],
[33], recurrent neural network [16], [62] or combination of
these two methods [3]. While speaking about DFA/RL
induction, one cannot help mentioning one of the best known
algorithm for learning DFA — Blue-Fringe EDSM [10], which
relies on heuristic compressing an initially large DFA down
to a smaller one, while preserving perfect classification
before and after each compression.

4.2 Experimental testbed
The datasets most commonly used in DFA learning is Tomita
sets [53]. The definition of Tomita languages is as follows:

L1: a*,

L2: (ab)*,

L3: (blaa)*(a*|(abb(bbla)*))
any sentence without an odd number of consecutive
b’s after an odd number of consecutive a’s,

L4: a*((b|bb)aa*)*(blbbla*)
any sentence over the alphabet a,b without more
than 3 consecutive a’s,

L5: ((aalbb)*((balab)(bblaa)*(balab)(bb|aa)*)*(aalbb)*
any sentence with an even number of a’s and an
even number of b’s,

Lo6:  ((b(ba)*(abb))|(a(ab)*(blaa)))*

any sentence such that the number of a’s differs
from the number of b’s by 0 modulo 3,
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L7: b*a *b*a*.

By the way, it is worth mentioning that the L3 language
given in [34] comprises improper, i.e. not according to the
definition, two sentences baaabbaaba and aabaaabbaab. The
same work gives incorrect definition of L5 language,
permitting sentences which contain odd number of symbols a
and b.

Grammatical inference methods that employ DFAs as
models can be divided into two broad classes: passive and
active learning methods [9]. In passive methods, a set of
training data is known before learning. In active learning
approaches, the algorithm has some influence over which
training data is labeled by the target DFA for model
construction.

Passive methods, and to this class belongs GCS, usually
make some assumption about the training data. In [42], [44],
[13], [28] a learning data was selected at random from sample
data, in [39], [40] a learning data consisted of a structurally
complete set, [37] assume a characteristic sample; and [4]
assumes a live complete set. Luke et al. [34] and Lucas and
Reynolds [33] used equal amounts of positive and negative
training examples when inferring the Tomita languages, so a
learning set was balanced as in [53], [2], [62]. In passive
methods once the sample data has been generated and
labeled, learning is then conducted.

In this article Grammar-based Classifier System, a
method which employs evolutionary computation for search,
will be compared against the evolutionary method proposed
by Lucas and Reynolds [33], and Luke et al. [34]. [33] as
well as [34] present one of the best-known results in the area
of DFA/regular language induction. All of compared
evolutionary methods will assume the same training and test
sets. Some comparisions will be made also to EDSM method
[10], the current most powerful passive approach to DFAs
inference.

Table 1. RL learning and test data sets.

Lang. | Ul | [U+] | [uf | [T | T+ [ [T
Ll 16 8 8 65534 [ 15 |65519
L2 15 5 10 65534 | 7 | 65527
L3 24 |12 12 65534 | 9447 | 56 087
L4 19 |10 9 65534 | 23247 | 42287
L5 21 9 12 65534 [ 10922 | 54612
L6 21 9 12 65534 | 21844 | 43 690
L7 20 [12 8 65534 [ 2515 | 63019

Table 1 shows the details of applied data sets: number of
all learning examples |U|, number of positive learning
examples |U+|, number of negative learning examples |[U—|,
number of all test examples |T|, number of positive test
examples |T+|, and number of negative test examples |T—|.
Note, that test sets are not balanced, and contain much more
negative sentences than positive once.

4.3 Experiments

A comparison set of experiments with GCS was performed
on the above Tomita corpora. Fifty independent experiments
were performed, evolution on each training corpus ran for
5,000 generations, with the following genetic parameters:
number of nonterminal symbols 19, number of terminal
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symbols 7, crossover probability 0.2, mutation probability
0.8, population consisted of maximal 40 classifiers where 30
of them were created randomly in the first generation,
crowding factor 18, crowding size 3.

In the first attempt GCS was compared to the approach
presented in [34] (denoted by GP). GP applies gene
regulation to evolve deterministic finite-state automata. In
this approach genes are states in the automaton, and a gene-
regulation-like mechanism determines state transitions. Each
gene has Boolean value indicating whether or not it was an
accepting state. The main results are summarized in Table 1.
For each learning corpus, the table shows the target language,
and three sets of results. The first indicator nSuccess is the
number of runs with success gained by GCS within 50
experiments and compared approach presented in [34]. The
second one nEvals indicates the average number of
generations needed to reach the 100% fitness, and the last one
nGen is the percentage of all unseen strings correctly
classified.

Lucas i Reynolds [33] used different method to evolving
DFA. In contrary to [34], only transition matrix was evolved,
supported by a simple deterministic procedure to optimally
assign state labels. This approach is based on evolutionary
strategy (1+1). Three versions of induction algorithm were
prepared: an approach in which both the transition matrix and
the state label vector evolve (Plain), so-called Smart method
evolving only the transition matrix and the number of the
states was fixed and equal to 10, and finally nSmart method
in which the number of the DFA states is equal to the size of
minimal automata. Recall that both GP and GCS belong to
the so-called variable size methods, whereas Plain, Smart,
and nSmart approaches represent the fixed-size structure
methods. In general, the second group of methods gains
better results.

Table 2. Comparison of GCS with GP approach [34].

Lang. nsuccess nEvals nGen
GP_| GCS | GP | GCS | GP_| GCS
L1 | 31/50 | 50/50 | 30 2 884 | 100
2 | 750 | 50/50 | 1010 | 2 840 | 100
13 | 1/50 | 1/50 [12450] 666 | 663 | 100
L4 | 3/50 | 24/50 | 7870 | 2455 | 653 | 100
L5 | 0/50 | 50/50 [13670] 201 | 687 | 924
L6 | 4750 | 49/50 | 2580 | 1471 | 959 | 969
L7 | 1/50 | 11/50 11320 2902 | 67.7 | 92.0
For compared methods induction of L3 language

appeared to be hard task. Both in GP and in GCS only the
one run over 50 successfully finished. But GP found the
solution in 12450 iterations, whereas GCS in only 666 steps.
For the same language GCS correctly classified all of the
unseen examples, while GP achieved 66%. As to an indicator
nGen, GP was not able correctly classified unseen strings for
any language from the tested corpora, while GCS induced a
grammar fully general to the language in 4 cases. It is
interesting to compare the results of induction for LS5
language. GP approach could not find the proper grammar
(DFA) for any run, while GCS found the solution in all runs,
on average in 201 steps. While learning L1 and L2 languages,
GP found the proper grammars not in all runs, whereas for
GCS this task appeared to be trivial (100% nGen, 50/50
nSuccess, and nEvals 2 steps).
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Table 3 shows the cost of induction (an indicator nEvlas)
for the methods Plain, Smart, and nSmart taken from [33],
GP approach, and GCS.

Table 3. Cost of induction (nEvals) for different evolutionary
methods.

Lang. Plain Smart | nSmart GP GCS
L1 107 25 15 30 2
L2 186 37 40 1010 2
L3 1809 237 833 12 450 666
L4 1453 177 654 7870 2455
L5 1059 195 734 13 670 201
L6 734 93 82 2580 1471
L7 1243 188 1377 11320 [ 2902

GCS obtained the best results for the L1 and L2 languages
among comparable methods. The result 201 steps for L5 is
comparable with the best result of 195 reached by nSmart.
Although GCS reached similar result for language L3 as the
best method (666 for GCS, and 237 for Smart), it is hard to
compare for this language these methods, because of low
value of nSuccess for GCS — only one run over 50 finished
with success (see table 2). For the languages L4, L6, and L7
fixed-size structured methods achieved better results than
variable-size methods.

Table 4. Percentage of all unseen strings correctly classified (nGen)
for different methods.

Lang. Smart | nSmart | EDSM GP GCS
L1 81.8 100 524 88.4 100
L2 88.8 95.5 91.8 84 100
L3 71.8 90.8 86.1 66.3 100
L4 61.1 100 100 65.3 100
L5 65.9 100 100 68.7 92.4
L6 61.9 100 100 95.9 96.9
L7 62.6 82.9 71.9 67.7 92

Table 4 shows the percentage of all unseen strings
correctly classified (an indicator nGen) for the methods
Smart, nSmart, EDSM, GP, and GCS. Recall that the EDSM,
as a heuristic and non-evolutionary method, was single-time
executed during learning phase. Model GCS achieved the
best results from all tested approaches for L1, L2, L3, and L7
languages. For the language L4 the same 100% accuracy was
obtained by proposed method, nSmart, and EDSM. For the
L5 and L6 languages GCS obtained the second result, higher
than 90%.

5 Natural Language Grammar Induction

5.1 Preliminaries

Syntactic processing, one of the complex tasks on natural
language processing (NLP), has always been considered to be
paramount to a wide range of applications, such as machine
translation, information retrieval, speech recognition and the
like. It is therefore not surprising that natural language syntax
has always been one of the most active research areas in the
field of NLP. All of the typical pitfalls in language like
ambiguity, recursion and long-distance dependencies, are
prominent problems in describing syntax in a computational
context. Historically, most computational systems for
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syntactic parsing, employ hand-written grammars, consisting
of a laboriously crafted set of grammar rules to apply
syntactic structure to a sentence. But in recent years, a lot of
research efforts are trying to automatically induce workable
grammars from annotated corpora (for example [50]),
although the use of LCS in GI is still insignificant.

5.2 Experimental testbed

Bianchi [7] was not trying to use his system to induct a
grammar for huge NL corpora. However such an experiment
was performed using pure genetic algorithm and CFG by
Aycinena et al. [6]. Although [6] is unpublished project
report, to the author's knowledge is the first approach to build
non-probabilistic CFG for huge NL using grammar induction.
Their system used grammar in CNF and a CYK parser, and
as a corpora extensive part of various children books and the
Brown linguistic data. The corpora were part-of-speech
tagged using a Brill tagger. All English words were then
removed — leaving only the tags themselves, and number of
tags was reduced to 7 categories:

a — nouns, pronouns (NN, NNP, NNPS, NNS, PRP, WP),

b — verbs, helping verbs (MD, VB, VBD, VBG, VBN, VBP,
VBZ),

¢ — adjectives, numeral, possessives (CD, JJ, JIR, JJS, PRPS,
WP$),

d — adverbs (RB, RBR, RBS, WRB),

e — prepositions, particles (IN, RP, TO),

f— conjunctions, determiners (CC, DT, EX, PDT, WDT),

g — other (foreign words, symbols, and interjections) (FW,
SYM, UH).

The corpuses were divided into two parts, every third
sentence was used for testing evolved grammar, and the
remaining part of the corpora for inducing the grammars. The
incorrect sentences were generated randomly from uniform
distribution of length from 2 to 15 tags. The corpora include a
selection of children’s books (denoted children, 986 learning
correct sentences, and 986 learning incorrect sentences), The
Wizard of Oz (wizard, 1540/1540), Alice in Wonderland
(alice, 1012/1012), Tom Sawyer (tom, 3601/3601), and five
Brown corpora: brown_a (2789/2789), brown_b (1780/1780),
brown_c (1099/1099), brown d (1062/1062), and brown_e
(2511/2511).

5.3 Experiments

A comparison set of experiments with GCS was performed
on the above NL corpora. Ten independent experiments were
performed, evolution on each training corpus ran for 1,000
generations, with the following genetic parameters: number
of nonterminal symbols 19, number of terminal symbols 7,
crossover probability 0.2, mutation probability 0.8,
population consisted of maximal 40 classifiers where 30 of
them were created randomly in the first generation, crowding
factor 18, crowding size 3. In [7] grammars were evolved up
to 200,000 generations.

The main results of the NL grammar induction with GCS
are summarized in Table 5. For each learning corpus, the
table shows the target language, and four sets of results. The
first is the best fitness gained by GCS within 10 experiments
and compared approach presented in [6] (denoted by AKM).
The fitness describes the percentage of sentences (correct and
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incorrect) recognized correctly. The next results of the GCS
model refer to the experiment in which best fitness was
obtained. The second result, positive, shows the percentage of
correct examples from the train set classified correctly. The
third sort of results, negative, is the percentage of negative
examples classified incorrectly, and the last one indicates the
number of generations needed to reach the best fitness
(evals).

Table 5. Comparison of NL grammar inductions using genetic
approach (AKM) with GCS

Fitness Positive Negative Evals

Corpus | GCS | AKM | GCS | AKM | GCS | AKM | GCS | AKM
children 93.2 93.1 98.8 91.8 12.5 5.7 9 200,000
wizard 94.6 90.2 99.3 89.5 10.2 9.2 32 200,000

alice 89.5 92.1 96.8 92.5 17.9 8.4 81 200,000

tom 86.3 92.1 98.4 92.7 259 8.6 3 200,000
brown a 93.8 94.0 98.3 94.1 11.6 6.1 45 48,500
brown b | 94.6 94.0 99.3 94.7 10.2 6.7 506 200,000
brown ¢ | 92.5 87.9 96.7 80.5 11.7 4.7 592 15,500
brown d | 91.6 91.3 97.1 88.2 13.8 5.6 18 45,000
brown e 89.5 94 93.4 93.9 14.5 5.9 38 122,000

In case of 5 corpuses the GCS model induced a grammar
of higher quality fitness, for the brown this value is only
slightly lower (93.8% for GCS, and 94.0% for AKM), and in
the remaining 3 cases the estimator’s value is lower, but not
exceeding 5%. The values of the positive estimator are in 8
cases significantly higher for the GCS model (the differences
oscillate in the range of 4.2% and 16.2%), and for the brown
corpus the AKM approach got a result which is better by
0.5%. Undoubtedly, the worst for the GCS model comes up
the comparison of the negative values — for each corpus the
model got decidedly higher values of this estimator, and the
differences oscillate in the range 1% for wizard to 17.3% for
tom corpus. It indicates that during the grammar induction the
GCS model created in a few cases (for 5 bodies the
differences do not exceed 7%) productions which are too
universal in comparison to the AKM approach, which also
parse a part of negative sentences. The last parameter which
can be compared is the number of evolutionary steps (evals),
in which both approaches found their best solutions. In as
many as 6 cases the GCS model did not exceed 50 steps, in
the next case did not exceed 100 steps, and two longest
inductions took only slightly above 500 steps (somewhat over
an hour). The AKM approach took, in the best case, 15,500
steps, and for as many as 5 corpora — 200,000 steps, and,
according to the authors, 60 hours of calculation (!) The GCS
model proved to be incomparably more effective, being able
to find, in the majority of cases, the grammars with higher
values of fitness and positive estimators.

The results of the performed generalization tests do not
diverge considerably from values of fitness, positive, and
negative gained by the best grammars. It proves not about
properties of grammars as rather a homogeneous origin of
learning and testing corpuses.

An example of grammar learned for the corpus children is
shown in Fig. 3. Symbol S stands for the starting symbol of
CFG. The rule 3 forms quite obvious group adjective noun,
as well as rule 13 - noun verb. The model found in the corpus
also often appearing in English bigrams, such as noun adverb
(rule 14), noun conjunction (rule 15), verb adverb (rule 17),
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or verb conjunction (rule 18). The sentence can start from the
article (rule 10), why adding the article for the beginning of
sentence is also keeping its correctness. The vast majority of
context-free production rules (rules 1-11) is beginning from
the starting symbol S what suggests the big generality of
these rules. On one hand it will knock for economical writing
of the entire grammar, on the other hand, however, such a
versatility is also enabling the parsing of sentences not
belonging to the language.

S—SE 8.
S—S§ 9.
S— CA
§— DS
S — BS
§— SK
S — MF

S — SB
S—ES
S—FS
. S—>GR
. R—>SM
M — AB
K— AD

G — AF
E— MM
C— BD
C— BF
S—a
. S—c
G—og

. Fof
E—e
D—d
C—c
. B—>b
. A—a

NoorwNE

Fig. 3. Induced grammar for corpus children

6 Promoter Regions Recognition

6.1 Preliminaries

Since a biological sequence is usually represented as a text
that consists of a finite set of characters that represent
nucleotides or amino acids, designing models based on
formal languages have been constantly proposed since the
early era of bioinformatics. Formal biosequence linguistic
research has used finite-state automata, stochastic grammars
based on hidden Markov models [15], and grammars based
on computational logic [48]. The logic grammar approach to
DNA language analysis involved mainly representing
structures of a biological sequence in Definite Clause
Grammar (DCG) and Prolog [41], [11], [46] or in systems of
equivalent representational power to DCGs [31]. A
formulation of DNA patterns in any formal grammar requires
support of human (time consuming, as well as error prone
method) and/or machine learning methods, such as a
knowledge-based neural network [49], [54], [31] or
grammatical inference methods [47]. It is worth mentioning
that the last approach concentrated mainly on the estimation
of probability parameters of stochastic grammars while the
problem of learning the structure of grammars remains a
difficult task with a few positive results on biological
sequences.

The use of GCS in learning formal grammar for DNA
sequence will be demonstrated in recognition of Escherichia
coli promoter sequences, which are probably the most studied
and cited sequences in molecular biology.

6.2 Experimental testbed

During the last years many prokaryotic genomes have been
sequenced, including that of Escherichia coli [8]. The gene
content of these genomes was mostly computationally
recognized. However, the promoter regions are still
undetermined in most cases and the software able to
accurately predict promoters in sequenced genomes is not yet
available in public domain. Promoter recognition, the
computational task of finding the promoter regions on a DNA
sequence, is very important for defining the transcription
units responsible for specific pathways (because gene
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prediction alone cannot provide the solution) and for analysis
of gene regulation. A promoter enables the initiation of a
gene expression after binding with an enzyme called RNA
polymerase, which moves bidirectionally in searching for a
promoter and starts making RNA according to the DNA
sequence at the transcription initiation site following the
promoter [35], [32]. The most significant patterns in E.coli
promoter sequences are the —10 and —35 regions, which are
approximately at the region of 10 bases and 35 bases before
the transcription initiation site. The spacing (gap) between the
—10 and —35 regions is not fixed, ranging from 15 to 19
bases. The —35 and —10 sequences together are the contact
region for RNA polymerase.

The genome is treated by GCS as a string composed of letters
{A, C, T, G}. The goal is, given an arbitrary potential
promoter region to be able to find out whether it is a true or
false promoter region. As the learning set the database
contributed by M. Noordewier and J. Shavlik to UCI
repository [36] was used. The database consists of 53 positive
instances and 53 negative instances, 57 letters each. Negative
learning sentences were derived from E. coli bacteriophage
T7 believed to not contain any promoter sites. In order to get
an estimate of how well the algorithm learned the concept of
promoter, the test set consisting of unseen 36 instances
including 18 positive and 18 negative examples was
prepared. Positive test instances were prepared by mutating
the bases of the randomly chosen positive learning sentences
in non-critical positions, negative test instances by mutating
in any positions of randomly chosen negative learning
sentences. This method increases the amount of available
examples and was first proposed in [38].

6.3 Experiments

Evolution on learning promoter database ran for 5,000
generations, with the following genetic parameters: number
of nonterminal symbols 19, number of terminal symbols 4,
crossover probability 0.2, mutation probability 0.8,
population consisted of maximal 150 classifiers where 130 of
them were created randomly in the first generation, crowding
factor 18, crowding size 3. The experiment was repeated 10
times because GCS uses random classifiers during
initialization and learning.

After each execution four numbers were calculated: True
Positives (correctly recognized positive examples), True
Negatives (correctly recognized negatives), False Negatives
(positives recognized as negatives), and False Positives
(negatives recognized as positives). Then the average of these
numbers were found and the following measures were
calculated: Specificity, Sensitivity, and Accuracy. Specificity
is a measure of the incidence of negative results in testing all
the non-promoter sequences, i.e. (True Negatives/(False
Positives + True Negatives)) x 100. Sensitivity is a measure
of the incidence of positive results in testing all the promoter
sequences, i.e. (True Positives/(True Positives + False
Negatives)) x 100. Accuracy is measured by the number of
correct results, the sum of true positives and true negatives, in
relation to the number of tests carried out, i.e. ((True
Positives + True Negatives/Total) x 100. GCS achieved
74.5% accuracy, 87.5% specificity, and 62.5% sensitivity in
the learning set. Much more interesting are the results gained
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during generalization tests on the previously unseen examples
from test set. Table 6 compares the results of GCS and two
formal system based methods presented in [31].

Table 6. Comparison of different promoter recognition methods

Method Specificity Sensitivity | Accuracy

KBANN 97 16 56

WANN 82 69 75
GCS 94 61 78

It would be useful if the ROC (Receiver Operating
Characteristic) curve [51] could be plotted, and the area
under the ROC curve could be used for comparison of above
methods. Note though, that in the GCS approach it is
impossible to obtain decision threshold, i.e. the sample
sentence can be true or false entirely, and is accepted or
rejected by CYK entirely.

Leung at all [31] introduced Basic Gene Grammars
(BGG) to represent many formulations of the knowledge of
E.coli promoters. BGG is able to represent knowledge
acquired from knowledge-based artificial neural network
learning (KBANN approach [54]), and combination of
grammar of weight matrices [45] and KBANN (denoted as
WANN). Development of BGG is supported by DNA-
ChartParser. The method was tested on 300 E.coli promoters
and 300 non-promoter random sequences. Authors have not
announced what length of sequences was examined. GCS
achieved better accuracy then individual KBANN grammar
and combined grammars, and better specificity then WANN
approach.

7 Summary

Grammar-based Classifier System was found to be a
promising tool for grammatical inference. GCS has been
proposed to address both the RL and NL grammar induction
as well as learning formal grammar for DNA sequence. In all
cases near-optimal and/or better than reported in the literature
solutions were obtained. More detailed conclusions are given
below.

Our experiments attempted to apply GCS to evolutionary
computation in evolving an inductive mechanism for the
Tomita language set. Performance of GCS was compared to
the Evidence Driven State Merging algorithm, one of the
most powerful known DFA learning algorithms. GCS with its
ability of generalizations outperforms EDSM, as well as other
significant evolutionary method.

GCS provided comparable or better results to the pure
genetic NL induction approach, but in a significantly shorter
time. The efficient implementation for grammar induction is
very important during analysis of large text corpora. The
evolved grammars accept quite a lot of sentences that are not
valid English, but reject most non-English sentences. At the
same time automatically induced grammars, although they
are dissimilar to hand-written grammars, recognize very
good, near 100% correct English sentences.

GCS proved to be useful in finding and representing
E.coli promoter region. The proposed method provided
comparable or better results to the specialized formal system
based on human-devised domain theory and knowledge
discovered by neural network learning. It is worth
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mentioning, that proposed approach does not break up
promoter regions into important or unimportant parts (such as
contact, conformation, minus_35, minus_10), but treats them
as whole entities. Therefore, this method could be preferable
in cases when we have sufficient number of known promoter
regions, but might not know anything about their
composition. The results suggest that the information in
“unimportant” parts (gaps) might also be important for right
recognition.
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