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Introduction

When dealing with language, (machine) learning can take many different faces,
of which the most important are those concerned with learning languages and
grammars from data. Questions in this context have been at the intersection
of the fields of inductive inference and computational linguistics for the past
fifty years. To go back to the pioneering work, Chomsky (1955) and Solomonoff
(1964) were interested, for very different reasons, in systems or programs that
could deduce a language when presented information about it.
Gold (1967) proposed a little later a unifying paradigm called identification
in the limit, and the term of grammatical inference seems to have appeared in
Horning’s (1969) PhD thesis.
Out of the field of linguistics, researchers and engineers dealing with pattern
recognition, under the impulsion of Fu (1974), invented algorithms and studied
subclasses of languages and grammars from the point of view of what could or
could not be learned (Fu and Booth, 1975).
Researchers in machine learning tackled related problems (the most famous
being that of inferring a deterministic finite automaton, given examples and
counter-examples of strings). Angluin (1981, 1987) introduced the important
setting of active learning, or learning from queries, whereas Pitt and Warmuth
(1993) and Pitt (1989) gave several complexity inspired results, exposing the
hardness of the different learning problems.
In more applied areas, such as computational biology, researchers also worked
on learning grammars or automata from strings, e.g. Brazma et al. (1998). Similarly, stemming from computational linguistics, one can point out the work relating language learning with more complex grammatical formalisms (Kanazawa,
1998), the more statistical approaches based on building language models, or
the different systems introduced to automatically build grammars from sentences (van Zaanen, 2000; Adriaans, 1992). Surveys of related work in specific
fields can be found in Sakakibara (1997); de la Higuera (2005); Wolf (2006).
When considering the history of formal learning theory, several trends can
be identified. From “intuitive” approaches described in early research, more
fundamental ideas arose. Based on these ideas and a wider availability of data,
more research was directed into applied language learning. Recently, there has
been a trend asking for more theoretically founded proofs in the applied area,
mainly due to the increasing size of the problems and the importance of having
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guarantees over the results. These trends have led to the highly interdisciplinary
character of formal language learning. Aspects of natural language learning (as
an application arena), machine learning, and information theory can all be found
here.
When attempting to find the common features of work in the field of language learning, one should at least consider two dimensions. Learning takes
place in a setting. Issues in this dimension are properties of training data, such
as positive/negative instances, amount, or noise levels, but also the measure
of success. The other dimension deals with paradigms with respect to generalization over the training data. The goal of language learning is to find the
language that is used to generate the training data. This language is typically
more general than the training data, requiring a generalization approach.
This chapter is organized along the learning setting and paradigms dimensions. Firstly, we will look at different learning settings and their parameters.
Secondly, different learning paradigms are discussed, followed by a conclusion.

2

Settings

The task of language learning deals with finding a language given a sample taken
from that language. Typically, this language is described using a grammar,
which is a compact, finite representation of a possibly infinite language. This
general description of language learning leaves many questions open with two
main questions in particular. What does the sample look like? When are we
successful in learning the language? In the next sections we will concentrate on
possible answers to these questions.

2.1

Learning settings

To describe a learning setting we can discuss the sort of information we have access to, the process that is allowing us to access this information and the quality
of this information. These are parameters that define the learning settings.
In general, language learning is performed given strings sampled from a
language. Alternatively, both examples and counter-examples, i.e. strings with
the appropriate labels can be provided. This is called the positive versus positive
and negative input, and corresponds to learning from an informant.
The examples the learner receives from the language may be in the shape
of plain sequences, but the strings may also arrive with additional information, such as brackets or tags. This provides the learner with structured input
(learning from text).
Additional information may also come from an underlying distribution over
the strings that might be stable enough over time. This kind of additional
information is called distributional input.
The learner may have interaction with the environment and ask for the
status of some particular string or for some external expertise, which allows for
exploration of the input.
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Finally, the strings may have be corrupted, indicating the presence of noise.
2.1.1

Positive versus positive and negative input

Given data, a language learning system is supposed to make some hypothesis
as to what the corresponding language may be. From the view of positive and
negative input, there are two ways the system may receive information about
the language. In the first setting, which is usually called learning from text, the
learner is given only examples of strings in the language. In the second setting, called learning from an informant, the learner is also given some negative
examples, or counter-examples.
The first situation is considered closer to natural language acquisition problems. The child is being talked to and only positive instances of the language
are used1 . The second situation is closer to a pattern recognition or classification task, where we must learn to separate one class (the language) from the
complement.
2.1.2

Structured input

In some cases, the data will not just be raw strings, but will also contain some
form of structure. Various levels of help are possible. In the simplest form,
sequences contain some partial bracketing. More information is contained when
the bracketing is complete. In this case, the string can be read as a tree whose
leaves are the symbols in the string and whose internal nodes are unlabeled.
More information is provided when the nodes of the tree are labelled. Clearly,
when the data contains more annotation, the learner will have more information
to build its hypothesis from.
2.1.3

Distributional input

If we suppose that the data has been obtained through sampling, then there is
an underlying probability distribution over the strings. In most cases, however,
we do not have a description of this distribution. We identify three approaches
that take this into account.
The first approach assumes that the data is sampled according to an unknown distribution, and that what we learn will be measured with respect to
the unknown distribution. This corresponds to the well-known Pac-learning
(Probably Approximately Correct) setting (Valiant, 1984).
The second approach assumes that the data is sampled according to a distribution itself defined by a grammar or an automaton. The goal is now no longer
to classify strings, but to learn this distribution. The learning process can be
evaluated either by accepting a small error (which happens most of the time,
since a particular sampling could have been corrupted), or in the limit, with
probability one (Carrasco and Oncina, 1994).
1 Note that the amount of information provided to children is also under discussion (Sokolov
and Snow, 1994).
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One can even hope for a combination of both these criteria, which is the third
approach. A probabilistic language 2 D is a probability distribution over Σ? . The
probability of a stringPx ∈ Σ? under the distribution D is denoted by a positive
value P rD (x), where x∈Σ? P rD (x) = 1. If the distribution is modelled by some
syntactic machine A, the corresponding probability distribution is denoted P rA
(de la Higuera and Oncina, 2004).
2.1.4

Exploration of the input

It is argued by a number of authors that (child or natural) language acquisition is
not a one directional process. For instance, a child can interact with its mother
through a number of means. Having access to an expert may help learning.
A framework to study learning through interaction with the teacher, or oracle, is that of active or query learning (Angluin, 1987). In this setting, a learner
can query an oracle by means of questions in a predefined format. Typically,
the learner may make a membership query (a string is submitted and the oracle labels it), or an equivalence query (a machine is submitted and the oracle
answers whether the corresponding language is the target or not). Many alternative queries have been defined (Angluin, 2004). Recently, correction queries
have been introduced (Becerra-Bonache and Yokomori, 2004; Becerra-Bonache
et al., 2008). If the query string is not in the target language, a correction inside
the language is provided.
2.1.5

Noise

There are many situations where the data is noisy. For example, in a speech
recognition task, there are many situations where transcription can have gone
wrong, where the sentences do not follow the ideal grammar one is hoping to
learn, or where a variety of utterances are possible. Transcription problems can
lead to data sets that, without being corrupt, are far away from the idealized
situation one encounters in formal language theory (Tantini et al., 2006).

2.2

Evaluation settings

When learning a language given a sample, a selection has to be made from many
languages that fit the sample. In order to evaluate effectiveness of learning, a
measure of success has to be defined. In this section different measures of success
in learning will be considered.
A distinction can be (and often is) made between formal language learning
in Sections 2.2.1–2.2.3 (aiming to proof learnability of classes of languages and
therefore yielding clarity and formalism) and empirical learning in Section 2.2.5
(aiming to build working models of naturally occurring data, addressing practical learning situations). These two fields have been and still are relatively dis2 We denote by L a class of languages. G is a class of representation of objects in this class
and L : G → L is the naming function, i.e. L(G) (with G ∈ G) is the language denoted,
accepted, recognized or represented by G. As usual, Σ is the alphabet of the language.
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tinct. It seems more work is necessary to define models that are both practically
applicable and at the same time provide users with mathematical guarantees.
Research in this direction is mentioned in Section 2.2.4.
2.2.1

Identification in the limit

Identification in the limit (Gold, 1967) describes a process where learning is a
never ending process. The learner is given information, builds a hypothesis,
receives more information, updates the hypothesis, and so on. This setting may
seem an unnatural process, completely abstract, and incapable of corresponding
to concrete learning situation. However, it provides some useful insights.
Firstly, identification in the limit requires the notion of target. A target
language, from which the data is extracted, pre-exists to the learning process.
Secondly, even if more typical learning situations are not incremental, it is
still worth studying a learning session as part of a process. It may be that at
some particular moment the learning process returned a good hypothesis, but
unless we have some completeness guarantee about the data we have got, there
is no way we can be sure. In other words, one can study the fact that we are
learning a language but not that we have finished learning one.
Thirdly, even knowing that our algorithm does identify in the limit, does
not give us any guarantee on a specific situation. What we do know is that if
the algorithm does not identify in the limit, there is necessarily a hidden bias.
There is at least one possible language which, for some unknown or undeclared
reason, is not learnable.
The advantage of using an algorithm that has the propriety of identifying in
the limit is that you can argue, if the algorithm fails: “Don’t blame me, blame
the data” (de la Higuera, 2006).
Definition 1 Let L be a class of languages. A presentation is a function f :
N → X where X is some set. The set of
presentations for L is
 all admitted

denoted by Pres(L) which is a subset of N → X .
In some way these presentations denote languages from L, i.e. there exists
a function Yields : Pres(L) → L. If L = Yields(f) then we will say that
f is a presentation of L. We also denote by Pres(L) the set {f ∈ Pres(L) :
Yields(f) = L}.
A presentation of a language has to be meaningful. In other words, we should
be able to associate presentations with a unique language which means that for
the setting to be valid we require that Yields(f) = Yields(g).
We summarize these notions in Figure 1. The general goal of learning (in
the framework of identification in the limit) is to find a learning algorithm A
such that ∀f ∈ Pres(L), ∃n ∈ N : ∀m ≥ n, L(A(fm )) = Yields(f). When
this is true, we will say that class L is identifiable in the limit by presentations
in Pres(L).
Gold (1978) proved the first and essential results in this setting:
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Figure 1: The learning setting.
Theorem 1 Any recursively enumerable class of recursive languages is identifiable in the limit from an informant and no super-finite class of languages is
identifiable in the limit from text.
A super-finite language class is a class that contains all finite languages and at
least one infinite language. Of course, the theorem holds for the usual classes
of languages from the Chomsky hierarchy.
2.2.2

Identification in the limit with probability one

Let us suppose that we have a distribution over the set Σ? of all strings. If
we can identify this distribution, we can predict the next string, or the next
symbol in a string. For this, we need to extend the results of identification in
the limit to the probabilistic case. In this case, we assume that the distributions
are generated by probabilistic machines (Vidal et al., 2005).
In the framework of identification in the limit with probability one, the
learner is given an increasing sequence of strings and identification can only be
avoided for a finite period of time. Just like in the case of identification in the
limit, the actual moment at which identification will be achieved is usually not
guaranteed.
The analysis in this setting of the well-known algorithm Alergia is given
in Carrasco and Oncina (1999). A variety of alternative settings are scrutinized
by de la Higuera and Oncina (2004).
2.2.3

Pac-learning

In a probabilistic setting, it is unclear whether we need exact identification.
The distribution gives us a notion of distance to the target, which can be used
to define “not too far” identification. Since we do not have full control over
the sampling process we can only hope that in most cases (probably) we will
be approximately correct. This is the Pac (Probably Approximately Correct)
framework (Valiant, 1984).
Pac-learning grammars We suppose there is an unknown distribution under
which strings can be sampled. After learning, we hope to end up with an -good
hypothesis:
Definition 2 (-good hypothesis) Let G be the target grammar and H be a
hypothesis grammar over Σ. Let D be a distribution over Σ? . For
  > 0, H is
an -good hypothesis with respect to G if P rD x ∈ L(G) ⊕ L(H) ≤ .
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A learning algorithm is now asked to learn a grammar given a confidence
parameter δ and an error parameter . The algorithm must also know an upper
bound on the size of the target grammar and on the length of the samples.
The model has been adapted by taking into account only certain types of
distributions and simple Pac-learning has been considered with more success
(Denis et al., 1996).
Pac-learning distributions When trying to learn a probabilistic automaton
or grammar (instead of a classifier) we require an algorithm that makes an error
of less than  with high probability after seeing just a polynomial number of
examples. In this case, the problem is in keeping track of . Typically, one
will define a distance over distributions and require that the distance between
the target and the hypothesis be less than . Only recently, we have received
some insight in the importance of selecting a specific distance. Exploratory
publications on this topic are Thollard and Clark (2004).
2.2.4

Restrictions

The general setting described in the sections above is close to what has typically
been called inductive inference. But if we want to apply the theoretical algorithms in practice, it is necessary to come up with algorithms whose resources
are bounded in some way.
Bounding quantity of data Even if an a priori bound on the number of
examples needed for a particular learning algorithm to converge is not going to
mean anything (remember that we do not have any control over the sequence
of examples) (Pitt, 1989), it is possible to have an optimistic point of view.
We can bound the size of a set, called the characteristic set, whose presence
in the learning sample ensures identification. It is known that this quantity
is polynomial for Dfa but not for Nfa nor for context-free grammars (de la
Higuera, 1997).
Bounding time If we try to bound the overall time, the learning algorithm
is only allowed to access a polynomial number of items of data before returning
a correct hypothesis, or to say that the learner has update polynomial time:
constructing Hn = A(fn ) requires O(p(kfn k)), where p() is a polynomial.
However, neither definition is entirely convincing. In the first case, since we
have no control over the actual presentation, we cannot avoid that the presentation starts with very long and uninteresting examples. In the second case, Pitt
(1989) proves that identification can be postponed in such a way as to make
any identification in the limit algorithm have polynomial update time.
Bounding memory Practically speaking it seems to be unreasonable to consider that one should learn and keep track of all the data. In fact, learning
is about generalization, and hence allows forgetting. The question of studying
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learners that have access only to their previous hypothesis and to only some
of the examples seen up to then has not received sufficient attention. These
learners are called memory-limited scientists (Osherson et al., 1997).
Bounding prediction errors It is possible to put a bound on the number of
times the learning algorithm may output wrong hypotheses before converging.
The algorithm is therefore required to make a polynomial number of implicit
prediction errors (Ipe), where an implicit prediction error is made whenever
A(fn−1 ) 2 f(n). An algorithm that changes its mind when a newly presented
string is in error with respect to the current hypothesis is said to be consistent.
Identification in Ipe-polynomial time of G takes place when there is a learning algorithm which 1. identifies G in the limit, 2. has polynomial update time,
and 3. makes a polynomial number of implicit prediction errors. Pitt (1989)
showed that Dfa could not be identified in Ipe-polynomial time.
Bounding mind changes An alternative to counting the number of errors
is that of counting the number of changes of hypothesis. In general, there is
no reason why change is required, but combined with identification in the limit
the definition makes sense. A mind change (Mc) is made whenever A(fn ) 6=
A(fn−1 ).
An algorithm that never changes its mind when the current hypothesis is
consistent with the new presented element is said to be conservative.
Algorithm A is said to make a polynomial number of mind changes(Mc) if
for any presentation of L = L(G) the number of mind changes is polynomial
in kGk, and an algorithm A identifies a class G in the limit in Mc-polynomial
time if 1. A identifies G in the limit, 2. has polynomial update time, and 3. A
makes a polynomial number of mind changes.
2.2.5

Real world evaluation

The evaluation methods described so far assume that the underlying grammar
to be learned is known. Learning grammars in a real world setting, where the
underlying grammar is typically unknown, requires other evaluation techniques.
The evaluation methods can roughly be divided into four groups; van Zaanen (2002, pp. 58–62) describes three of them and van Zaanen et al. (2004)
also mentions the fourth group. Here, we will discuss all groups of evaluation
methods in more detail.
Looks-good-to-me In the looks-good-to-me approach, the output of the GI
system is analyzed manually. Since the output of the system can be a fair
amount, the analysis is often focussing on particular aspects of the GI system,
such as whether recursive structures occur.
This approach as two main advantages. Firstly, only unstructured data is
required as input, since the structured output is analyzed by hand. This makes
it easy to apply the system to different data sets, for example, natural language

8

for which no manually annotated corpora exist. Secondly, the evaluation can
focus on specific structures. Not only can the output of the GI system be easily
searched for this structure, the input of the system can be tailored to learning
these structures as well.
The main disadvantage of this approach is that it can only provide a useful
means of comparison of systems if the evaluation is performed by an independent
expert (or experts) comparing outputs of rival systems at the same time.
In practice, however, several GI developers have applied the looks-good-to-me
evaluation to their own systems, rather than perform objectively quantifiable
comparisons. This gives rise to the name of the approach. Most often, according
to this evaluation method the system seems to perform well.
It has to be noted that human evaluation of output is accepted standard
practice in some other fields, for example, in machine translation evaluation
where a range of translations may be equally valid (Elliott et al., 2003).
Rebuilding known grammars In this evaluation approach, one or more
“toy” grammars are selected beforehand. These grammars are most often relatively small and typically have known properties, such as context-freeness. In
practice, there are some grammars that are considered “standard” test grammars (Cook et al., 1976; Hopcroft et al., 2001).
Using these grammars sentences are generated, which are then used as input
for the GI system. The output of the system (i.e. the grammar or the structured
version of the input) is then compared against the original data or grammar.
There are two ways of testing for grammar equivalence: language equivalence, where the languages of two grammars should be the same, and structural
equivalence, where the language as well as the analyzes, modulo the naming of
non-terminal type labels are the same.
Whereas measuring structural equivalence is possible (automatically) by
analyzing the grammar rules, evaluating language equivalence is undecidable.
Whereas for finite languages all sentences can be generated and compared, this
is not possible for infinite languages. This also explains scalability problems,
resulting in the use of small artificial grammars.
There are other problems with this approach as well. Firstly, grammars
can be selected specifically for the algorithm under consideration, allowing for
unfair comparisons. Secondly, the way strings are generated from the grammar
may have an influence on the learning as well. Instead of trying to learn the
grammar, this may result in learning the distribution that is used to generate
the strings. From the generation point of view, requirements need to be made
as well, for instance, at some point all grammar rules have to be used or it may
be necessary to restrict the generation method to limit the sentence length.
Compare against treebank The next approach evaluates GI systems based
on information contained in an annotated treebank. This treebank is considered
a “gold standard” and the full content is taken as correct. To evaluate a system,
all structure is stripped from the treebank. The plain strings are given to the
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GI system and the resulting structures are compared against the gold standard,
which measures how well the GI system can find the original structure.
The gold standard may contain manually annotated data or structures generated by a grammar, allowing flexibility in the data or grammars used. Different
natural languages or data from specific domains can be tested and like “standard” evaluation grammars, “standard” evaluation treebanks can be designed.
Note that GI systems may need to be adapted to generate structured versions
of the input sentences. When GI systems output grammars, the test sentences
need to be be parsed, which may introduce problems when the grammar is ambiguous. Compare this to the rebuilding known grammars evaluation approach,
where the output of the GI system needs to be a grammar.
The main problem with this approach is that a collection of structured sentences is needed, which may not be a problem when evaluating known grammars, but when evaluating on natural languages, a treebank will need to be
build manually (or semi-automatically).
Language membership This method has been used in GI competitions such
as Abbadingo (Lang et al., 1998a), Gowachin, Omphalos (Starkie et al., 2005),
and Tenjinno (Starkie et al., 2006)3 . GI systems are tested according to their
effectiveness to decide on language membership of test sentences4 .
The precision-oriented language membership evaluation method measures
the effectiveness of the system to decide language membership. After training,
the GI system should decide given a set of sentences which of these are in the
language. The classifications can be correct (which means that the sentence was
classified correctly) or incorrect. Precision is defined as the ratio of correctly
classified sentences.
Measuring coverage can be done by generating sentences using the learned
grammar. This shows how much of the original language is covered by the
grammar and how many sentences outside the language can be generated. It is
essential (just as with the computation of precision) that the sentences generated
are distinct and different from the sentences in the training data.
Increased precision means that more sentences of the learned language are
contained in the original language. With perfect precision, all sentences of
the learned language are in the original language. Conversely, increasing recall
means more sentences in the original language described by the learned language. Perfect recall occurs when all sentences of the target language are in the
learned language.
Another metric, which can be used to describe the descriptive power of grammars, or language models in general, is perplexity. The perplexity of a string
Pn
2 P (ai )
.
a1 . . . an is computed as 2H with H being entropy H = − i=1 P (ai ) log
n
This measures how well the probability distribution P , defined by the language
model, predicts the elements in the string. Lower perplexity means that fewer
3 In

fact, these competitions only considered the precision metric in this context.
as such, no actual learning of a grammar is required. A generic machine
learning classifier may suffice.
4 Implemented
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bits are needed to describe the sequence.

3

Paradigms

Over the years different language learning approaches have been investigated.
These approaches can be roughly divided into three different paradigms. The
first two paradigms (state-merging and substitutability) start with a simple
structure describing the samples and then use different approaches to generalize
the structure. The third paradigm (counting) fixes the structure first and then
learns weights on parts of the structure.

3.1

State-merging

State-merging algorithms start by building tree-like automata based on the
training data. Next, pairs of states are chosen and a compatibility test is performed. Two states are compatible when merging them into a unique state
results in a better automaton, i.e. consistent with the data and/or with some extra combinatorial properties. Since state merging can lead to non-determinism,
more node merges, or a folding operation, might be needed.
The crucial issue how to choose the pairs to be tested, and, when various
merges are possible, how to find the best one. Evidence driven methods (Lang
et al., 1998b) use the quantity of resulting merges for this.
State-merging algorithms have been used to learn finite state automata
and extensions of these algorithms for probabilistic automata (Carrasco and
Oncina, 1994), Büchi automata (de la Higuera and Janodet, 2004), or transducers (Castellanos et al., 1993) have been proposed.

3.2

Substitutability

The idea behind substitutability-based approaches is that when substrings occur
in the same context, they have properties in common. Such substrings are
therefore combined in a cluster, which is denoted by a non-terminal.
Essentially, the idea is substitutability is derived from Harris (1951), who
states: “If [elements] are freely substitutable for each other they are descriptively equivalent, in that everything we henceforth say about one of them will
be equally applicable to the others.” Harris also explains how substitutable
elements can be found, which comes down to: unequal parts are substitutable.
More formally, consider two strings w = lur and x = lvr. Applying substitutability results in w = l(u)X r and x = l(v)X r. The evidence in the form of the
strings leads to the assumption that both u and v can be generated from an underlying non-terminal X, which is used in the context of l and r. It may be clear
that the idea of substitutability, as shown in these strings can be generalized in
with multiple substitution in one pair of strings.
Alignment-Based Learning (ABL) (van Zaanen, 2000, 2002) makes direct
use of the idea of substitutability. Comparing natural language sentences pair-
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wise, structure is learned. A more efficient implementation based on suffix-trees
is proposed in Geertzen and van Zaanen (2004). A similar system, EMILE,
finds more structure by replacing all occurrences of substrings that have been
grouped together with the corresponding non-terminal (Adriaans, 1992). More
recently, the idea of substitutability has also led to formal proofs of learnability
(Clark and Eyraud, 2007; Yoshinaka, 2008).

3.3

Counting

In contrast to the approaches discussed so far, we are often not necessarily
concerned with the exact underlying structure. Instead, we would only like to
know whether strings are elements of the language or not. To decide this, the
shape of the structure is irrelevant.
There are several approaches that, instead of learning the structure, fix a
structure beforehand and estimate probabilities on the structure. Well-known
examples are the Baum-Welch algorithm, which finds unknown parameters of
Hidden-Markov Models (Baum et al., 1970). This algorithm is a generalized
version of the Expectation Maximization algorithm (Dempster et al., 1977). A
similar algorithm, which can be used to estimate probabilities in a probabilistic
context-free grammar is the Inside Outside algorithm (Lari and Young, 1991).
More recently, another approach has been investigated, taking many possible
(sub)structures concurrently into account and allowing statistics to select preferred structures (Bod, 2006).

4

Conclusion

The research performed in the area of formal learning theory deals with learning
compact representations of languages. This can be tackled from many different
points of view. Depending on specific settings, one may wonder whether a
particular class of languages can be learned efficiently. We recognize different
means of measure success which all lead to different learnability results.
In addition to the different settings and parameters, there is the dimension of
paradigms. Many different approaches to language learning have been proposed.
In this chapter we have provided an overview of the most well-known settings
and paradigms. This should provide enough information for people to investigate in more detail the existing literature on language learning in this field
and related fields, such as computational linguistics, computational biology, or
pattern recognition.
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