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1 Introduction

Why should Formal Language specialists get interested and involved in the area of
Grammar Induction (GI), likewise known as Grammatical Inference? This is the
question we try to answer in this paper. To keep this paper short, we mostly refrain
from giving technical details but rather cite according references. So, this is rather a
kind of hopefully inspiring (and by no means complete!) annotated bibliography than
a technical paper. However, we hope to present an inviting and inspiring panoramic
view on the scene.

We believe that there are indeed a number of good reasons, the most obvious being
that Grammar Induction, as well as Formal Language Theory, deals with formalisms
describing languages, i.e., grammars, automata, expressions, etc. This already implies
a lot of interesting issues:

• GI makes use of formal language methodologies for constructing learning algo-
rithms and for reasoning about them.

• GI tries to mathematically describe the classes of languages that can be learned
by a particular learning algorithm. Usually, little is known about these language
families regarding classical formal language questions.

• In GI, methods known within Formal Language Theory have been successfully
used to find and describe learnable language classes which contain non-regular
languages. Yet, this is a still largely open area in the sense that perhaps only
the best known language theoretic properties have been used so far to achieve
learning results.
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• GI offers a new motivation for exploring the descriptional complexity of lan-
guage description formalisms, namely by the fact that the time complexity of
a learning algorithm typically depends on some measures of descriptional com-
plexity in relation with the language class in question. Sometimes, also the
definition of some class of learnable languages depends on some measure of de-
scriptional complexity. Those measures of descriptional complexity could also
be “new” ones which deserve further studies from the viewpoint of Formal Lan-
guage Theory.

• For various reasons, learnability results in GI often rely on the existence of
suitable normal forms for the language classes in question. Formal Language
Theorists will find it interesting and stimulating to further study these normal
forms, or develop similar or alternative normal forms.

• In GI papers, one can sometimes find explicit formulations of open problems
which can be read as formal language problems rather than as problems in
learning theory.

We will give examples for each of the above-mentioned relations in what follows.
However, let us conclude this introduction by mentioning the main motivation for GI:
its wide applicability. Here, it actually touches many other areas which are usually
not considered to be closely related to formal languages:

• Machine Learning: in actual fact, GI can be seen as a sub-area of Machine
Learning. Machine Learning tries to derive concepts from examples in order to
solve tasks such as clustering or classification.

• Inductive Logic Programming (ILP) can be also viewed as a sub-area of Ma-
chine Learning, the task being to automatically generate logic programs. GI
techniques have been used to generate specific forms of logic programs, and ILP
techniques have been used for GI purposes, see [8, 11].

• In a certain sense, ILP is also a special case of a technique called Programming
By Example. Here, further applications of GI methodologies can be found [35].

• Within the area of Pattern Recognition, GI has found its place in the so-called
structural and syntactic approach [14]. This is also testified by the fact that
in nearly every main conference in that field (which is SSPR), you can find GI
papers.

• Techniques known from GI have also been applied in the area of Data Com-
pression [39, 42, 49], although in that case admittedly one of the basic features
of GI, namely generalization, is completely missing out. Yet, the way in which
“features” are extracted from a sample text looks very similar in this syntactic
data compression approach.

• GI has been used within natural language processing systems in a variety of
tasks where the construction of a language model is necessary. In speech recog-
nition the inferred finite state automata (usually probabilistic) can have several
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thousand states. In machine translation tasks [3], GI techniques have to infer
transducers with over 500,000 states and 1,500,000 transitions.

2 Common objects and techniques

Formal Language Theory and Grammar Induction share a lot of areas of interest. We
can present the main intersection of areas in two orthogonal ways:

• There are classes of languages and, related to this, classes of grammars, au-
tomata, expressions and so forth which are of interest (best from an application
point of view).

• There are properties of language and grammar families, as well as questions
on language and grammar families, for which people from Grammar Induction
would like to see answers.

Let us discuss these two aspects more systematically in the following.

2.1 Common objects

An important part of the research in Grammar Induction has concentrated on the
first stage of the Chomsky hierarchy: the regular (string) languages. And as even
this class of languages has proved too strong for learning to be achieved in certain
paradigms1 sub-classes have been described and studied. Since there are different
ways of describing regular languages, different algorithmic approaches are possible.
Let us now comment upon some of the best known classes of languages/generating
devices and consider them under the GI point of view. Our goal here is to convince
the language theoretician that whatever his favorite object is, there is room for its
study in GI.

• Most learning algorithms deal with deterministic finite automata (Dfa). The
advantage is that here we have a well-defined concept of a normal form in the
notion of the minimal Dfa. However, since nondeterministic finite automata
(or regular grammars) may give exponentially more succinct definitions of lan-
guages, this form of description of regular languages offers advantages. Con-
versely, regular expressions are the target structure for many applications (e.g.,
Xml Dtd inference, see [2, 10, 12, 25]). Also there, appropriate normal forms
are lacking, also for special forms of regular languages. Formal Language spe-
cialists might wish start reading about regular language inference in [4, 5]. One
research direction might be to investigate if there are algebraic or logics reasons
for the learnability in these cases, keeping in mind similar results, e.g., on tree
languages [43, 44].

1Without entering details, to be able to say that “learning has been achieved” you can rely on
a variety of different definitions, depending on whether you want exact learning or approximate
learning, on what you are learning from (examples and/or counter-examples), on if you are allowed
some additional help and knowledge, and how you count tractability.
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• Only few attempts have been undertaken to generalize regular string language
learners to the learning of other classes of structures definable by finite au-
tomata, as trees [6, 22, 27, 29, 41], graphs, infinite strings (discussed below),
power series, pictures [13, 46], traces [1, 23, 24], etc. The mentioned references
(besides the tree case) are rather exhaustive, as we fear. The importance of these
issues is underlined by the fact that recently a special workshop on learning tree
languages has been organized [38].

• Automata with outputs, likewise known as transducers [9], deserve further stud-
ies from the viewpoint of GI. As mentioned in the introduction, they are of
practical use in Machine Translation tasks, where one goal is to construct from
a corpus of translation pairs a transducer. Algorithms exist but many open
problems subsist, and a better knowledge of these objects would be of real use
to the field.

• Barely touched is the area of learning context-free languages, be it based on
grammars or automata. Here, as the problem is generally believed to be hard,
it could be also interesting to consider reasonable subclasses of context-free
languages. Actually, the first attempts in this direction were based on trans-
formations of regular inference techniques to the context-free case based on
the notion of control languages [50]. A notable exception is here the works of
Kanazawa and of Yokomori [28, 52, 56] whose algorithms are not relying on
“simple” translation of regular language learners. Works on counter-automata
also deserve to be mentioned here [7, 19, 20], as well as on linear languages [30].
Structural properties are underlined by considering pure context-free languages
[31] or trees and other forms of structural information, see [43, 44, 47, 48].

Another approach is undertaken by Starkie (ongoing work) in his PhD thesis.
There has also been a number of practical heuristics that have attempted to solve
some learning questions related with context-free grammar learning [32, 45].

• In the same line, although finite state automata have been a favored subject for
researchers in Grammar Induction, no work (to our knowledge) has taken place
on push-down automata learning, except from the counter-automata papers
already mentioned.

• To our knowledge, nearly completely untouched is the area of learning classes
containing non-context-free languages, Lindenmayer systems and regulated
grammars being some sort of exception [21, 36, 51, 55, 54].

• There has even been a small number of studies on learning Büchi automata, in
order to deal with reactive systems [26, 37, 46].

• Stochastic (or probabilistic) automata, grammars or transducers are of in-
creasing importance due to their capacity of dealing with noisy or ambiguous
data [40]. They intervene in areas where language models are needed. It should
be added that they generally involve very large alphabets, each symbol cor-
responding to one word in the dictionary (thus the size of this item should
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not be considered as a constant when dealing with complexity issues). Yet lit-
tle is known about the language theoretical properties of these objects: Can
equivalence be decided? What distances (between strings, between strings and
stochastica automata, between distributions/automata) can we compute? A
crucial question intervenes once the model is learned and used to put proba-
bilities on sentences: For a number of reasons null probabilities are harmful
and need to be avoided; This requires smoothing, for which good techniques,
adapted to stochastic automata, have yet to be invented.

• Cellular automata have been used to disretely model natural phenomena,
see [15]. Is it possible to “explain” natural phenomena by trying to automat-
ically induce suitable cellular automata models? No research has been under-
taken in this direction to our knowledge.

Orthogonally, for the development of learning algorithms, Grammar Induction mainly
uses the following techniques in each of the cases sketched above. Actually, the exact
list of interesting techniques may vary with the concrete learning scenario (a topic
which we are deliberately keeping out of our discussion here).

2.2 Common properties

Learnability of language families L which are of interest to Grammar Induction (for
various reasons) will often depend on some specific properties that are also of inde-
pendent interest:

• The equivalence problem for the descriptional devices characterizing L should
be solvable in polynomial time. It is known that if this is not true, the intended
class is not even teachable,i.e. the quantity of information that an learning
algorithm has to be fed in order to learn can be more than polynomial.

• For each language from L, a normal form should be available. Indeed the
learner is both learning a language and a grammar. In certain cases it is essen-
tial (for reasons depending on the intended application) that some specific form
is learned, but in other cases even a black box is good enough, provided it can
correctly classify new strings. To illustrate this point take the case of context-
free grammars. It is generally admitted that learning these is a hard problem,
even if the data we are learning from is bracketed or structured. But on the other
hand [43], each context-free language admits a grammar in a special normal form
(called reversible) for which learning is possible from positive bracketed infor-
mation only. Mostly, normal forms are available for “deterministic devices.”
Formal Language Theorists might find it interesting to propose alternative lan-
guage families plus normal forms. The study of residual automata [17, 18] could
be an inspiring starting point.

• The use of standard representations for the language classes under study is also
a problem: even if automata and grammars are appealing, they have serious
drawbacks when it comes to learning as numerous studies have shown. For
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example, regular expressions may be better readable for humans than finite
automata. Alternative representations of languages, generative or recognizing
devices should be studied. Unfortunately, the use of non-standard representa-
tions in learning theory is scarcely developed: [53] uses context-free expressions,
[17] use special forms of nondeterministic finite automata.

• Parsing should be possible in linear time if possible. Indeed, during the learn-
ing process, strings from the learning set are parsed many times against the
candidate grammars. For this, sub-classes of context-free languages should be
proposed. 2

• Many learning algorithms can be seen as realizing operators on language de-
scribing devices. For example, state merging is one favorite technique for imple-
menting generalization, since an automaton after merging states will still parse
the same sentences as before, together with possible additional ones. Here,
operators which preserve inclusion are of specific interest.

• Implementation issues are strong: the fact that in language modeling or com-
putational biology tasks the size of the data, and thus of the grammars or the
automata to be manipulated is huge, means that standard textbook representa-
tions and corresponding algorithms will not be good enough.

3 Two open problems

In this section, we describe only two concrete formal language problems that show
up either explicitly or implicitly in recent papers from GI. Many more such examples
can be found.

Garofalakis et al. propose a specific scheme to describe words given a regular
expression as a “theory,” see [25] and also [16]. This is needed within their minimum
descriptional principle approach to Grammar Induction, where the number of bits
needed to encode words by a given regular expression is of interest. The choice of
the encoding obviously influences the measure and thereby the choice of the “best”
regular expression. Formal Language Theory might wish to systematically study
this influence of the encoding scheme. This kind of question is also of interest to
applications of information theory and Kolmogorov complexity as outlined in [34].

Lange and Nessel described in [33] so-called decision lists over regular patterns
as an alternative to decision trees. They mention that “it is of interest to relate the
size of a given decision tree to the shortest decision list that accepts the same regular
language.” Especially, the question whether there exists an inherent exponential
blow-up when transforming trees into lists is open.

2This issue is also discussed in Brad Starkie’s PhD (in preparation).
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4 Conclusion

We have presented here a number of reasons for which Language Theoreticians can
find interesting problems in Grammar Induction: the objects that are been manipu-
lated are the same, the properties on which the tractability of learning will depend
are properties they are used to study.

The open problems we have proposed are just a few of those that are known in
the community. Most of them (as usually is the case when dealing with strongly
applicative fields) need yet to be formalized.

There is a final argument towards using theory skills in this field: the problems
are real, the applications are numerous. It is possible to see how useful one’s theoretic
study is on true, motivating and hard tasks.

So, how can you—as a Formal Language Specialist—become involved in GI? As
a starting point, simply take one of the papers in the reference list, start reading and
possibly contact the authors. Or simply continue reading in this special issue. We
are sure you will have fun, and this is not the worst motivation for doing research,
isn’t it?
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