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1. Introduction
Research performed in the field of Grammatical
Inference (GI) is, as the name suggests, directed
towards learning grammars from “sequential” data
(i.e. sequences, words or strings but also more complicated structures such as trees, terms or even
graphs). The induced, or inferred, grammars can
then be used to classify unseen data, compress this
data or provide some suitable model for this data.
The Omphalos competition focussed upon the inference of Context-Free Grammars (CFG’s).
Grammatical inference is a well established research field in Artificial Intelligence as it dates
back to the 1960s. Gold [1] originated this study
motivated by the construction of formal model of
human language acquisition. Since this seminal paper, grammatical inference has been investigated,
more or less independently, within many research
fields, including machine learning, computational
learning theory, structural and syntactic pattern
recognition, computational linguistics and computational biology. A good survey of the field is presented in [2] while [3] proposes a recent guide into
its bibliography.
Formal grammatical inference is predominantly
concerned with the learnability of specific types
of grammars. Learnability in this type of work
can be defined in different ways. For example, the
well-known work by [1] defines learnability in a
game theoretic way. The idea is that in the limit
a learner has to find the same grammar used by
the teacher to generate examples of the language
described by the grammar. The setting of active
learning, with the possibility of asking queries to
the teacher has also been studied [4]. A different
definition of learnability is called probably approximately correct (PAC) learning [5], where the goal
is to minimize the probability of learning an incorrect grammar. Within this field, proofs show that
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certain classes of grammars can be learnt according to the set of learnability criteria.
When considering efficiency, results are mainly
negative even for the simplest class of the Chomsky hierarchy if the presentation of the examples
is arbitrary. Gold [6] proved that the problem of
finding the smallest deterministic finite automata
(DFA) consistent with a given finite sample of positive and negative examples is NP-hard. Moreover,
Pitt and Warmuth [7] showed that no polynomial
algorithm could be guaranteed to find an approximation (in the size) of this target automata. In the
PAC setting, they also showed that the problem
of polynomially approximate predictability of the
class of DFA is hard [8], indeed this problem can
be linked with solving cryptographic problems believed to be intractable [9]. To allow efficient learnability, one has to assume that “good” examples
are provided to the learner: simple distributions
in the PACS setting [10] or presence of samples
containing characteristic sets formalized by de la
Higuera [11] in his model of identification in the
limit from polynomial time and data. This later
model enables all languages that can be described
using a DFA to be learnt but only when the training set contains a characteristic set of sentences.
Note that even in this setting, not all context-free
languages can be identified.
Due to the hardness of the task, the main
algorithms developed for the grammatical inference of context-free languages are either algorithms devoted to specific subclasses of grammars
[12,13,14,15,16] or heuristic approaches [17,18,19]
which are both difficult to compare from a theoretical or computational point of view. One of
the more objective ways of comparing these various approaches is to test their generalization performance on given data. Several benchmarks have
been constructed by the authors to test their
own algorithms1 but to really compare these various approaches, “neutral” benchmarks are needed.
This has been one of the achievements of grammatical inference competitions.
Here, we will describe Omphalos, a context-free
language learning competition held in conjunction
with the International Colloquium on Grammatical Inference 2004.2 Omphalos is the latest compe1 See for instance this GI benchmark repository
http://www.irisa.fr/symbiose/people/coste/gi benchs.html.
2 The competition data will continue to be available after
the completion of the competition and can be accessed via
http://www.irisa.fr/Omphalos/.

tition in a line of competitions within the GI field.
Whereas Abbadingo3 and its follow-on Gowachin4 ,
or the GECCO contest from noisy data5 were
directed towards learning deterministic finite automata, which can describe the class of regular
languages, Omphalos is the first GI competition
aimed at learning context-free languages.
Motivated by the progress permitted by the Abbadingo competition [20], the competition was set
up with the following aims:
– to promote the development of new and better
grammatical inference (GI) algorithms just
beyond the current state-of-the-art in grammatical inference,
– to provide a forum in which the performance
of different grammatical inference algorithms
can be compared on a given task, and
– to provide an indicative measure of the complexity of grammatical inference problems
that can be solved with the current state-ofthe-art techniques.
The rest of the article is divided as follows. We
will start with a description of context-free grammars for those unfamiliar with the concept. In that
section we will also define the notation used in this
paper. We will then describe the competition task
of Omphalos, in a section where we treat design
issues, the actual setup of the competition and different evaluation methods.
We propose in the next section a new complexity measure to estimate the difficulty of learning
a context-free grammar. The article will end with
the results of the competition, including the contribution of the competition to advancing the stateof-the-art and a discussion on the lessons that have
been learnt from the competition.
1.1. Context-Free Grammars
A context-free grammar can be represented by a
4-tuple G = (N, Σ, Π, S) where N is the alphabet
of non-terminal symbols; Σ is the alphabet of terminal symbols such that N ∩ Σ = ∅; Π is a finite
set of productions P of the form “L → s1 s2 . . . sn ”
where L ∈ N and each si ∈ (N ∪Σ); and S is a special non-terminal called the start symbol that represents all of the sentences generated by G. For the
3 See

http://abbadingo.cs.unm.edu/.
http://www.irisa.fr/Gowachin/.
5 See http://cswww.essex.ac.uk/staff/sml/gecco/NoisyDFA.html.
4 See

B. Starkie et al. / Omphalos

sake of brevity, a context-free grammar is sometimes described purely in terms of its production
rules. This is because as long as the start symbol
is known the values of N and Σ can be extracted
from the production rules. All example grammars
in this paper will use the start symbol S.
For example consider the following grammar.
Grammar 1.
S → i’d like to fly X
X → to LOC
X → from LOC to LOC
LOC → melbourne
LOC → sydney
Valid sentences of a language described by a
grammar can be created by selecting one of the
rules that has the start symbol on its left-hand
side. Each non-terminal Ni on the right-hand side
of a rule is then expanded by replacing Ni with
the right-hand side of a rule with Ni on its lefthand side. The process is repeated until no further
non-terminals can be expanded.
The notation “A ⇒∗ w” denotes that A can
be expanded via zero or more applications of a
production rule to become w.
For instance according to the Grammar 1:
S ⇒∗ i’d like to fly from melbourne to sydney
The sequence of rules used to generate a sentence can be represented by a structure known as
a derivation tree, that can be represented by either
by a tree diagram (Figure 1) or series of bracketings (Figure 2).
In this document we will use the following notations.
1. Lowercase letters represent terminal symbols,
e.g., “a”, “b”.
2. Uppercase symbols represent non-terminal
symbols, e.g., “A”, “B”. The symbol S will
be reserved to represent the start symbol.
3. Bold lowercase letters represent sequences of
one of more terminal symbols, e.g., “a”, “b”.
4. Italicized lowercase letters represent sequences
of zero of more terminal symbols, e.g., “a”,
“b”.
5. The symbol ε is used to represent the empty
string.
6. Bold uppercase letters represent sequences of
one or more terminal or non-terminal symbols, e.g., “A”, “B”.
7. The notation L(G) will be used to denote the
language defined by the grammar G.
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A special subclass of context-free grammar is the
right linear grammar. In a right linear grammar,
all production rules are either of the form “A →
bC”, “D → e”, or “F → ε”.
Any language that can be described using a
context-free grammar is known as a context-free
language. Similarly any language that can be described using a right linear grammar is known as a
regular language. The class of all regular languages
is a proper subset of the class of all context-free
languages.

2. Design issues
Apart from the class of grammars to be learnt,
several design issues have to be decided upon. The
main issues were:
Format of training data For the participants of
the competition to learn an unknown language, example sentences from that language
need to be made available to them. There are
many design choices to made about the format of these example sentences, for instance,
the amount of data, the type of data, completeness, amount of noise in the data, etc.
Method of evaluation To be able to determine a
winner of the competition, a means of evaluating the results needed to be decided upon.
There are several ways of doing this, with certain problems associated with each possibility. We could, for instance, judge entries by
measuring the difference between the inferred
language and the target language, or, alternatively, by measuring the difference between
derivation trees assigned to certain sentences
by the inferred grammar and the corresponding derivation trees of the target grammar.
Complexity of tasks One of the goals of the competition was to determine and advance the
state-of-the-art in grammatical inference. Therefore the competition tasks should be selected
so as to be neither too simple, nor too difficult to solve. To be able to rank the competition problems, the complexity of the learning
task should be quantifiable. This design issue
is, of course, closely related to several aspects
of the held-out data.
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Fig. 1. Example parse tree using the grammar of Grammar 1.

(S i’d like to fly (X from (LOC melbourne) to (LOC sydney)))
Fig. 2. Alternative parse tree notation.

2.1. Format of Training Data
On a high level, one needs to decide the type of
information that is given to the learning algorithm.
There are several options, among others:
positive examples only a set of sentences that are
part of the language,
positive and negative examples a set of sentences
where each is labelled to be a member of the
language or not,
(partially) structured examples a set of tree structures denoting the (partial) analysis of the
sentence according to the underlying grammar.
It is known that (within the framework of “identification in the limit”), many interesting classes
of grammars are not learnable from positive data
only. Context-free grammars are one of them
[1]. However, [21] gives an enumerative algorithm
that identifies Stochastic Context Free Grammars
(SCFGs) in the limit with probability one from
stochastic data, i.e. data generated by an SCFG.
The type and the amount of queries needed to
learn context-free grammars is still an open problem [4].
The goal of the competition is not to see whether
context-free grammars are learnable or not, but
to investigate the interaction between the learning
algorithms and the complexity of the grammars,
the amount and the type of data available. Many
parameters define the possibility of whether or not
context-free grammars are learnable.

In this competition, it was decided to provide
both positive or positive and negative examples.
Even though learning a grammar from structured
examples is not trivial, (partially) structured examples are too closely related to an underlying
grammar. Using positive and negative examples is
more in line with the previous (regular language)
competitions, and it is also possible for systems to
ignore the negative examples, if they want to claim
to learn the grammar using positive examples only.
Apart from the type of training data, there are
still a number of aspects of the data that are important for the setting of the problems. These aspects will be described below in section 3, where
the complexity of specific tasks is discussed.
2.2. Method of Evaluation
In order to find out when a system is successful in learning a grammar, a means of evaluation
needs to be decided upon. We must have a way
of knowing whether the grammar that underlies
the training sentences has been learnt. There are
several ways of tackling this problem. The actual
method should be automatic, objective, and easy
to use.
Before we can decide upon an evaluation method,
we must first decide what exactly we want to be
able to learn. A specific grammar defines a fixed
language that possibly contains an infinite number
of sentences. The sentences can be generated by
combining the grammar rules, which can be seen
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as a tree structure on top of the language. The
string language is now the set of plain sentences
that are part of the language and the tree language
is the set of sentences together with their derivation trees. There are often different ways to generate the same sentence using a grammar, which
means that one sentence can have different trees.
This is an important aspect in evaluation, because
we need to know exactly what the goal, or the output of the GI system should be.
There are many possible approaches to the evaluation of grammatical inference systems. Here we
will give an overview of several ways to evaluate
GI systems together with a discussion on the advantages and disadvantages of each [22].
2.2.1. Rebuilding known grammars
Starting from a pre-defined grammar, a set of
training sentences is generated. Using this set of
sentences, the GI system should recreate the original grammar. The output grammar of the GI system is then compared against the original grammar.
There are several advantages of this approach.
– The grammar can be created by hand, having
specific properties that might be difficult to
learn by grammatical inference systems.
– The complexity of the grammar can be varied
if needed by choosing a different grammar.
– It is easy to vary the amount of training data,
because if necessary, more data can be generated.
– The generation process can be adjusted, allowing, for example an ordering in the training
data or a preference for sentences with certain
aspects.
However, there are also problems with this approach.
– For most languages, there exists more than
one grammar that generates the same string
language. Although all regular grammars can
be transformed into a canonical form, no such
canonical form exists for context-free grammars. This implies that it is impossible to
compare context-free grammars directly and
the only way to know for sure if two grammars
are the same is to do manual investigation or
to compare the set of sentences that can be
generated by the grammars. Unfortunately, in
the general case a context-free grammar can
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have an infinite number of sentences and comparing two grammars may not be possible. It
is definitely the case that this cannot be performed automatically using the current stateof-the-art.
– The flexibility of sentence generation can also
be seen as a disadvantage. A decision has to
be made on how exactly the sentences are generated. Not only may this influence the applicability of certain GI systems, it also introduces a new design choice: should information
on the generation method be available to the
GI systems?
2.2.2. Comparison of treebanks
This evaluation approach is based on a treebank,
an annotated set of trees. A tree in this context
is a sentence in the language combined with its
derivation according to the grammar. The GI system may use the plain sentences from the treebank
to try and structure these sentences. The inferred
trees (which indirectly describes the grammar) are
compared against the structure of the original treebank. A distance measure is then used to rank the
similarity between the derivation trees assigned to
sentences by the GI system and derivation trees
that are in the original treebank.
Compared to the previous approach, the comparison has certain advantages.
– An automated comparison of the output of
the GI system against the original treebank
is possible. Comparing tree structures can be
done automatically.
– Even partial grammatical equivalence can be
measured by the distance metric. Once again,
because for most languages there is more
than one grammar describing that language, a
grammar submitted by a competitor may describe the target language exactly, but would
rank poorly according to the distance measure.
Again, there are certain problems with this approach.
– When ambiguity occurs in either the target or inferred grammar, multiple solutions
are then possible. The GI system must now
disambiguate between the multiple structurings (even though the string language of both
grammars is the same).
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– Related to the previous point, in addition to
learning a grammar, this approach also needs
a way to create structured versions of the input sentences.

– The way in which negative data is constructed
for the purposes of testing has a major impact upon the ability of the test to measure
the distance between the inferred grammar,
and the target grammar. For instance, if the
negative data varies greatly from the positive
data, then it may be possible to correctly classify negative and positive data with very little actual knowledge of the target language.
In contrast if the positive and negative examples are very similar then a much more accurate model of the target language is required
to accurately classify the test sentences.

2.2.3. Classification of unseen examples
The previous evaluation methods concentrate on
measuring the structure that is learnt by the GI
system. This can be a grammar as in the first
method or the structure of sentences as in the second method. Because these methods both have
problems related to comparing the structure, we
also describe two methods that do not necessarily
depend on the actual structure of the grammar or
the sentences.
In the classification of unseen examples approach, the GI systems receive unstructured training data. This training data can be labelled as positive (i.e. part of the language) only or positive
and negative (i.e. not part of the language). The
sentences in the language can be generated from
a grammar describing the language, negative sentences need to be generated in another way. Next,
the GI system should assign language membership
information to unseen (unlabelled) test data. In
other words, the system must say for each test sentence whether or not it is contained in the language
described by the underlying grammar.
There are several advantages of this approach.

2.2.4. Precision and recall
Each GI system receives unstructured training
data generated according to a target grammar.
From this training data a grammar is inferred.
Next, previously unseen sentences that are in the
target language are provided to the system. The
percentage of these sentences that are in the inferred grammar is then measured. This measure is
known as the recall. Next sentences are generated
according to the inferred grammar. The number of
these sentences that exist in the target language
is then measured. This measure is known as the
precision. Recall and precision can then be merged
into a single measure known as the F-score. The
F-score is a measure of the similarity between the
target and inferred languages.
Advantages of this approach are as follows.

– The evaluation is unaffected by the actual
structure of the grammar. This removes the
problems with comparing grammars. Additionally, a wider variety of inference techniques can be used by competitors which enables the competition to compare the results
of a wider range of techniques.
– The actual evaluation process is clear. The
labels can be correct or incorrect and not
partially correct (which may occur when tree
structures are compared).

– This approach is quite similar to the classification of unseen examples. The main difference is that it is more flexible; systems that
do not perform a perfect classification can still
be measured against each other.
– The precision and recall measures give a nice
indication on the correctness and completeness of the systems. The F-score combines
these measures together in one number, which
allows for an easy and direct comparison of
systems.

Of course, this approach has some problems as
well.
– Since this task is essentially a classification
task, no real grammatical information has to
be learnt as such. In fact, generic machine
learning classifiers can be used.
– If too little test data is used, it is hard to get
a good idea on the actual performance of the
GI systems.

Of course, this approach has disadvantages as
well.
– Once a test sentence has been used to measure recall it cannot be used to measure recall
a second time. This because that test sentence
can also be used as an additional training example.
– This technique requires that all grammatical
inference systems be capable of generating example sentences.
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2.2.5. Design choice
All these evaluation methods have problems
when applied to a generic GI competition as described above. It was decided, however, that for
the Omphalos competition, the technique of “classification of unseen examples” was to be used to
identify the winner of the competition. There are
several reasons for this. Firstly, this is the same
evaluation method that is used for the Abbadingo
[20] DFA (regular language) learning competition;
therefore this method already has some acceptance
in the GI community. Secondly, it allows for many
GI systems to participate (no structure needs to
be generated) and, lastly, automatic evaluation is
possible.
For Omphalos, a competitor was considered to
have solved a problem when the test sentences
were classified correctly with 100% accuracy, compared to 99% accuracy for the Abbadingo competition. This stricter requirement was used in an
effort to encourage the development of new truly
context-free learning algorithms.
The main benefit of this technique is that it
places few restrictions upon the techniques used to
classify the data. In addition, if the inferred grammar describes the target language exactly it will
classify the test examples exactly. The main disadvantage of this technique is that it is possible
for a (non-GI) classifier to classify all of the test
examples exactly without the classifier having an
accurate model of the target language.
One way to overcome the problem that classifiers can be used, is to only consider the problem to
be solved when the precision of the inferred grammar is greater than a threshold value. We have decided not to implement this additional constraint,
since it is believed that if the test sets contain negative examples that are sufficiently close to positive examples, then classification accuracy is a
suitable measure of how close the inferred grammar is to the target grammar.

3. Measuring the complexity of a learning task
Ideally, when constructing the learning tasks in
the Omphalos competition it should be known that
it is possible for a competitor to solve the problems. In addition it is desirable to know how difficult it would be for a competitor to solve those
problems. To do this a measure of the complex-
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ity of a grammatical inference task was needed.
Such a measure can be used to rank grammatical
inference tasks not only within the competition,
but can also be used to rank the complexity of GI
problems that can be solved using state-of-the-art
techniques at any point in time.
To determine the complexity of a grammatical
inference task, a measure was derived by modelling the learning task as a brute force search. To
do this a hypothetical grammatical inference algorithm called the BruteForceLearner algorithm was
created. This algorithm can identify any contextfree grammar in the limit in exponential time, using positive and negative data. The choice of modelling a grammatical inference algorithm that used
both positive and negative data was taken because it is known that context-free languages cannot be identified without negative examples, using the identification in the limit learning model.
The size of the hypothesis space considered by the
BruteForceLearner algorithm was used as a measure of the complexity of the learning task. The
model was also used to determine if the training
data was sufficient to identify the target grammar,
that is whether or not it was possible to solve the
competition problems. The model also gave insight
into the way in which the training data should
be constructed. As far as it is known this work
is the first to have quantified the size of a minimum hypothesis space for grammatical inference
of all context-free languages, as well as being the
first test that can be applied to determine if a set
of training examples is sufficient for at least one
algorithm to infer the target language.
The definition of the BruteForceLearner is given
in Algorithm 3. This function makes use of
the PruneGrammars and ConstructAllGrammars
functions given in Algorithm 1 and 2 respectively.
Definition 1. A context-free grammar is in Chomsky Normal Form (CNF) if all rules are of the form
“S → ε”,“A → BC” or “A → b” where S is the
start symbol, A, B, C are non-terminals, ε is the
empty string and b is a terminal symbol.
It will now be shown that the BruteForcerLearner algorithm can identify any context-free
language in the limit.
Lemma 1 (from [23]). All context-free languages
can be described by a grammar in CNF.
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Algorithm 1 ConstructAllGrammars(O)
1: {O = a set of positive training examples.}
2: Let Σ = {b|abc ∈ O} {i.e. the set of all terminal symbols in O.}
P
3: Let N = {Ni |1 ≤ i ≤ ((( j (2 × |Oj | − 2)) +
1)} ∪ {S} {i.e. a set of non-terminals.}
4: Let Π = {S → ε} ∪ {A → BC|A, B, C ∈ N } ∪
{A → a|A ∈ N, a ∈ Σ) {i.e. the set of all
possible CNF rules using Σ and N .}
5: Let G = (N, Σ, Π, S) {i.e. a CNF grammar
with all possible CNF rules using Σ and N .}
6: Let H = {(Ni , Σ, Πi , S)|Πi ⊆ G} {i.e. all possible sub languages of G.}
7: return H
Algorithm 2 PruneGrammars(O+, O− )
1: {O+ = a set of positive training examples and
O− = a set of negative training examples}
2: Let H = ConstructAllGrammars(O+ )
3: Eliminate all grammars in H that are inconsistent with O+ and O−
4: return H
Algorithm 3 BruteForceLearner
Let H = {({S}, ∅, {S → ε}, S)}.
loop
Randomly select one of the remaining grammars in H as being the hypothesis grammar.
Get the next sample On .
if On is a positive example then
Let O+ = O+ ∪ {On }.
end if
if On is a negative example then
Let O− = O− ∪ {On }.
end if
Eliminate all grammars in H that are inconsistent with O+ and O− .
if the |H| = 0 then
Let H = PruneGrammars(O+ , O− ).
end if
end loop
Definition 2 (redundant rules). A grammar
G = (N, Σ, Π, S) contains redundant rules if any
rule can be removed without affecting the language
generated by G.
Lemma 2. Let G = (N, Σ, Π, S) be a CNF grammar without redundant rules. CalcDerivations(G)
(as shown in Algorithm 5) returns a finite set

of derivations D with each unique derivation
di =“S ⇒∗ w”∈ D deriving a unique sentence w,
such that each rule of G is used at least once in D.
Proof. As listed in the comments of Algorithm 5
we know that w exists because if it did not exist
then we could remove the rule R from G and all
sentences could still be be derived. This would imply that R was a redundant rule. It can be seen
that |O| ≤ |Π| and |D| = |O|. Therefore both D
and O are finite. Each sentence in O has a unique
derivation in D, and every rule in Π is used at least
once in D.
Algorithm 4 CalcObservations(G)
Require: G = (N, Σ, Π, S) is a CNF grammar with
no redundant rules.
Let O = ∅
for all R ∈ Π do
construct a sentence w such that every derivation tree of w uses R. {We know that w exists because if it did not exist then we could
remove the rule R from G and all sentences
could still be be derived. This would imply
that R was a redundant rule.}
Let O = O ∪ {w}.
end for
return O

Algorithm 5 CalcDerivations(G)
Require: G = (N, Σ, Π, S) is a CNF grammar with
no redundant rules.
Let D = ∅
Let O = CalcObservations(G)
for all w ∈ O(G) do
Add a single derivation of the form “S ⇒∗ w”
to D
end for
return D

Lemma 3. Let G = (N, Σ, Π, S) be a CNF grammar with no redundant rules. The maximum number of unique non-terminals that can exist in
CalcDerivations(G) is defined by the following
equation.
X
(2 × |Oj | − 2)) + 1)
(1)
j
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Proof. According to [24] for any CNF grammar all
derivation trees of strings of length n have 2×n−1
interior nodes. The non-terminal attached to the
root is known to be the start symbol (S). The
maximum number of unique non-terminals occurs
when all other non-terminals differ, which corresponds to 2 × n − 2 non-terminals other than the
start symbol for each derivation of a sentence of
length n.
Lemma 4. Let L̂ be a context-free language. Let
O = CalcObservationsGivenLang(L̂) (described in
Algorithm 6).
Claims.
1. |O| is finite.
2. O ⊆ L̂.
3. When O is presented to the BruteForceLearner algorithm (labelled as positive examples) the algorithm constructs a finite set of
hypotheses languages Ĥ such that L̂ ∈ Ĥ.
4. After receiving O the BruteForceLearner algorithm will not construct an alternative set
of hypotheses languages.
Proof. According to Lemma 2 CalcObservations is
finite so CalcObservationsGivenLang is finite. It
can be seen from the definition of CalcObservations that O ⊆ L̂. According to Lemma 3 the maximum number of non-terminals that are required
to derive CalcObservations(G) is given by Equation 1. By definition it can be seen that the function ConstructAllGrammars constructs all possible CNF grammars using the terminal alphabet of
CalcObservations(G) and a set of unique terminals
N where |N | is described by equation 1. Therefore there is at least one grammar Ḡ in the set
H constructed by the function ConstructAllGrammars that is identical to G up to the renaming of
non-terminals. Therefore there is at least one language Ḡ in the set of hypotheses languages that
is identical to L̂. All subsequent positive examples
observed by the algorithm will be consistent with
Ḡ, and all subsequent negative examples observed
by the algorithm will be consistent with Ḡ therefore the set H will always include L̂. Therefore the
BruteForceLearner algorithm will not construct an
alternative set of hypotheses languages.
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Algorithm 6 CalcObservationsGivenLang(L̂)
Require: L̂ is a context-free language.
Let G = (N, Σ, Π, S) be a CNF grammar
with no redundant rules such that L(G) = L̂.
{According to Lemma 1 we know that G exists.}
Remove all redundant rules from G.
return CalcObservations(G).
Lemma 5. Let L̂ be a context-free language. Consider the scenario where the BruteForceLearner algorithm is presented with sentences marked as positive or negative according to L̂. Let Ĥ be a finite set of hypotheses languages such that L̂ ∈
Ĥ. Let the BruteForceLearner algorithm contain
Ĥ as its set of hypotheses languages. Let O =
CalcAdditional(H, L̂) as defined in Algorithm 7.
Claims.
1. |O| is finite.
2. Items in O are labelled as positive or negative
according to L̂.
3. If the BruteForceLearner algorithm subsequently receives O it eliminates all incorrect
hypotheses languages from it’s set of hypotheses languages.
4. After receiving O the BruteForceLearner algorithm will not construct an alternative set
of hypotheses languages.
Proof. From the definition of CalcAdditional it can
be seen that the number of samples added to O
is less than the number of grammars in H. |H|
is finite therefore |O| is finite. From the definition
of CalcAdditional it can be seen that all samples
added to O are labelled as positive or negative according to L̂. For all hi ∈ H one of the two following scenarios apply.
– L(hi ) = L̂ or
– L(hi ) 6= L̂
Case 1. L(hi ) = L̂
In this case all subsequent positive examples observed by the algorithm will be consistent with hi ,
and all subsequent negative examples observed by
the algorithm will be consistent with hi , therefore
the grammar hi will not be deleted from the set
H.
Case2. L(hi ) 6= L̂
In this case one of the two following scenarios
apply.
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– L(hi ) ⊂ L̂ or
– L(hi ) 6⊂ L̂
Case 2.1 L(hi ) ⊂ L̂
In this case from the definition of CalcAdditional
it is known that O contains a sentence w such that
w ∈
/ L(hi ) marked as a positive example. On receipt of this sentence the BruteForceLearner algorithm will eliminate hi from the set of hypotheses
grammars.
Case 2.2 L(hi ) 6⊂ L̂
In this case from the definition of CalcAdditional
it is known that O contains a sentence w such that
w ∈ L(hi ) marked as a negative example. On receipt of this sentence the BruteForceLearner algorithm will eliminate hi from the set of hypotheses
grammars.
It can be seen that the cases above cover all possibilities, and in all possibilities for any grammar
hi such that L(hi ) 6= L̂ there exists a sentence in
O that causes the BruteForceLearner algorithm to
eliminate hi from the set of hypotheses grammars.
In all other cases L(hi ) = L̂ and the BruteForceLearner algorithm will never eliminate hi from the
set of hypotheses grammars.

Algorithm 7 CalcAdditional(H, L̂)
Require: H is a finite set of context-free languages, L̂ is a context-free language.
Let O = ∅
for all hi ∈ H do
if L(hi ) 6= L̂ then
if L(hi ) ⊂ L̂ then
Let w be a sentence such that w ∈ L̂ but
w∈
/ L(hi ). {Due to the definition of ⊂ it
is known that such a sentence exists.}
Add w to the set O marked as a positive
example.
else if L(hi ) 6⊂ L̂ then
Let w be a sentence such that w ∈ L(hi )
but w ∈
/ L̂. {Due to the definition of 6⊂ it
is known that such a sentence exists.}
Add w to the set O marked as a negative
example.
end if
end if
end for
return O

Theorem 6. Let L̂ be a context-free language. Let O
= CalcCharacteristic(L̂) as defined in Algorithm
8.
Claims.
1. |O| is finite.
2. Items in O are labelled as positive or negative
according to L̂.
3. When O is presented to the BruteForceLearner algorithm, the algorithm identifies L̂
exactly.
4. After receiving O the BruteForceLearner algorithm will not construct an alternative set
of hypotheses languages.
Proof. According to Lemma 4 after the BruteForceLearner algorithm receives the sentences in
O constructed by CalcObservationsGivenLang the
BruteForceLearner algorithm constructs a set of
hypotheses languages Ĥ such that L̂ ⊆ Ĥ. This set
of hypotheses is the same set of hypotheses passed
to the function CalcAdditional in the function
CalcCharacteristic. Therefore according to Lemma
5 after receiving the remaining sentences in O the
BruteForceLearner algorithm eliminates all incorrect hypotheses languages from its set of hypotheses languages, and will not construct an alternative set of hypotheses languages. The fact that |O|
is finite, and items in O are labelled according to
L̂ can derived from the definition of CalcCharacteristic, Lemma 4 and Lemma 5.
Algorithm 8 CalcCharacteristic(L̂)
Require: L̂ is a context-free language.
Let O+ = CalcObservationsGivenLang(L̂)
Let O− ={ }
Let H = PruneGrammars(O+ , O− )
Let C = O + CalcAdditional (H, L̂) {Note C is
an ordered list.}
return C
Theorem 7. Let L̂ be a context-free language.
Let O = CalcObservationsGivenLang(L̂).
Let C = CalcCharacteristic(L̂).
Claim: On receipt of C the total number of hypotheses grammars considered by the algorithm is
described by the following equation where T (O) is
the set of terminal symbols in O.
P
P
(2×|Oj |−2)+1)T (O)))
(2×|Oj |−2))+1)3 +((
1+(((
j
j
(2)
2
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Proof. From the definition of ConstructAllGrammars it can be seen that the number of hypotheses
grammars constructed by the function when presented with O is given by Equation 2. It can also
be seen that if Q1 ⊆ Q2 then ConstructAllGrammars(Q1 ) ⊆ ConstructAllGrammars(Q2 ). From
the definition of the BruteForceLearner algorithm it can be seen that although the function
ConstructAllGrammars may be called numerous
times, each time that it is called, it is called with
a superset of the sentences that it was called with
previously. According to Theorem 6 the last time
that the function ConstructAllGrammars will be
called, it will be called with O. Therefore Equation
2 describes the total number of hypotheses grammars considered by the BruteForceLearner algorithm.
Lemma 8. If the BruteForceLearner algorithm correctly identifies a context-free language it does so
in time exponential with the size of the target language.
Proof. Let S1 be the the number of rules of the
smallest CNF context-free grammar that can be
constructed to represent the target language. Let
S1 be a measure of the size of the target language. Let T be the time taken by the BruteForceLearner algorithm to correctly identify the target
language. Let S2 be the number of candidate rules
that the function ConstructAllGrammars is considering when constructing its set of hypotheses
grammars. If the algorithm has correctly identified
the target language then S2 ≥ S1 . The number of
grammars created by the function ConstructAllGrammars is 2S2 . If we assume that the time taken
to construct each one of these grammars is t2 then
T > t 2 × 2 S 2 ≥ t2 × 2 S 1 .
At this point we have a method of constructing a set of positive and negative examples from
any context-free language, such that we know that
it is possible to infer the language exactly from
those training examples (although not necessarily in polynomial time). We also know the size of
the hypothesis space that would be considered by
at least one grammatical inference algorithm that
can do this, and the size of this hypothesis space
can be used as a metric of the complexity of the
grammatical inference task.
If the target language is described using a deterministic grammar in CNF, we know that it does
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not contain any redundant rules, and we know
that all derivations of any sentence generated by
a given rule R must use R. This is known because
each sentence has only one derivation. Therefore
given any deterministic context-free grammar G in
CNF, we can construct a set of sentences equivalent to CalcObservations(G) simply by generating for each rule in G one sentence derived using
that rule. It can be shown by constructive proof
that this technique can be used even if G is not
in CNF. Therefore we have a way of constructing
CalcObservations(G) in polynomial time with respect to the number of rules in the target grammar. Therefore this technique was used in the Omphalos competition to construct a portion of the
training sentences from each deterministic target
grammar. A similar technique was also used to
construct a set equivalent to CalcObservations(G)
from those non-deterministic grammars used in
the competition. This was made possible because
the non-deterministic grammars were created by
adding non-deterministic constructs to deterministic grammars.
The technique for constructing the set of sentences CalcCharacteristic(L̂) described in the proofs
however cannot be executed in polynomial time.
This is because the function PruneGrammars is
used which cannot be executed in polynomial time.
Therefore if the complexity of the learning tasks
was small enough to enable the set CalcCharacteristic(L̂) to be constructed, then the learning tasks
would be too easy. Instead we made use of the following theorem that can be informally interpreted
to mean that on receipt of a “sufficiently” large
enough set of unique sentences tagged according
to a target language L̂ the BruteForceLearner will
infer L̂ exactly. This theorem can also be formally
stated as “the BruteForceLearner can identify any
context-free language in the limit from positive
and negative data” [1].
Theorem 9. On receipt of an infinite stream of
unique sentences correctly labelled as being either
an element or not an element of a target contextfree language L̂, at some finite time the BruteForceLearner algorithm will contain a set of hypotheses grammars H such that for all hi ∈ H :
L(hi ) = L̂, and after that point the algorithm will
not change its hypotheses.
Proof. According to Lemma 4 there exists at least
one finite set of sentences O ⊆ L̂ labelled as pos-
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itive examples that when presented to the BruteForceLearner algorithm, will cause it construct a
set of hypotheses languages Ĥ such that L̂ ⊆ Ĥ,
and upon receipt of O the BruteForceLearner algorithm will not construct an alternative set of hypotheses languages. Therefore at some finite point
in time the algorithm will receive a set of sentences
O4 such that O ⊆ O4 . At that point the algorithm
will construct a set of hypotheses languages Ĥ such
that L̂ ⊆ Ĥ, and upon receipt of these sentences
the algorithm will not construct an alternative set
of hypotheses grammars.
According to Lemma 5 there exists at least one
additional set of positive and negative training
sentences O2 that when presented to the BruteForceLearner algorithm after the presentation of
O4 cause it eliminate all incorrect hypotheses
languages from it’s set of hypotheses languages.
Therefore at some finite point in time the algorithm will observe a set of positive and negative
sentences O5 such that O5 ⊆ O2 and after that
time the algorithm will have eliminated all incorrect hypotheses in its set of hypotheses grammars,
and after that point it will not change its set of
hypotheses.
3.1. Updated Theory
Theorem 9 would be more useful if it was known
how many more additional samples are needed to
be created, so that it can be guaranteed that the
problems can be solved by at least one grammatical inference algorithm. At the time of the creation
of the training sets for the Omphalos competition,
there was no known procedure for determining how
many samples in addition to the set CalcObservations should be produced. At the time of setting
the competition tasks a decision was made to make
the number of additional samples to be between
10 and 20 times the number of sentences in the set
CalcObservations(G). This number was somewhat
arbitrary based upon past experience and gut feel
(“instinct”). In hindsight it appears to have been
sufficient.
Since the completion of the competition however some improvements have made to the theory,
and we can now generate a conservative estimate
of the number of sentences that should be created for each competition task, using PAC learning theory. After the receipt of the set CalcObservations(G) the BruteForceLearner algorithm has

a finite hypothesis space of known size. Therefore
we can use the following equation that provides a
upper bound on the number of additional labelled
samples (m) sufficient for any consistent learner
(and therefore the BruteForceLearner ) to probably (with probability 1 − δ) approximately (within
error ε) infer the correct language [25].
1
(ln |H| + ln(1/δ))
(3)
ε
The number of samples returned by the Equation 3 using Equation 2 to calculate |H| is very
large indeed. For instance if Equation 3 is used
with |H| defined using Equation 2 for the simplest
9
grammar in the competition with |H| = 21.1×10
and ε, δ = 0.01 at least 7.62 × 1010 examples in addition to the 16 examples in O would be required
(The target grammar had 23 rules). In actuality
the problem was solved by three different competitors with only 266 positive and 802 negative examples.
As a result of this the BruteForceLearner was
examined again to see if the size of the hypothesis
space could be drastically reduced, while preserving the identification in the limit properties. The
intuition that lead to the definition of the BruteForceLearner algorithm was that given a set of sentences like the one generated by function CalcObservations, there are a finite number of unlabelled
derivation trees that can be assigned to those sentences, and a finite number of maximum nonterminals that could be used by those derivations.
On receipt of these sentences however the BruteForceLearner algorithm would not know when it
had received a superset of CalcObservations, but
would rather take a guess at the number of nonterminals required, and then only reconstruct a
larger hypothesis set, when no grammar in the hypothesis set was consistent with the training data.
An alternative strategy is to use a variable n̂ to
denote a guess of the number of non-terminals in
the target grammar. Whenever a new hypothesis
set needs to be constructed the algorithm could
just increment n̂ and construct all CNF grammars
with exactly n̂ non-terminals. With a slight modification to the proofs listed earlier in this document it can be seen that the algorithm will at some
point, create a hypothesis space that is sufficient
while consider the following number of hypothesis
grammars.
m≥

3

21+n

+n×T (O)

(4)
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where n is the number of non-terminals in the
smallest CNF grammar that can represent the target language. The set of additional sentences could
then be created using the function CalcAdditional
using the smaller set of hypothesis grammars. It
should be noted that in this case not only would
creating this number of grammars be sufficient,
but that the target language could not be identified with a smaller hypothesis of the number of
non-terminals than n. For this reason Equation 4
is a better measure of the complexity of the grammatical inference task than Equation 2. For the
sake of consistency however we will continue to
use Equation 2 in this paper as the measure of
the complexity of a grammatical inference task, although in future competitions Equation 4 may be
used.
It is however still possible for the BruteForceLearner to consider an even smaller set of hypothesis grammars, and still identify all contextfree grammars in the limit. Constructing this
smaller set however would most likely result in
even longer execution times however, but considering this smaller hypothesis set is of use in determining the number of additional samples that
should be constructed to pass to the BruteForceLearner algorithm in addition to those constructed
using CalcObservations. The BruteForceLearner
algorithm can consider a smaller set of grammars
because the Chomsky normal form is not a unique
normal form. Therefore many of the grammars in
the set of hypothesis grammars will describe the
same language. This can lead to problems even
when using Equations 3 and 4 to estimate the number of additional samples required. This is because
the value returned by Equation 3 is close to the
lower bound on the number of additional labelled
samples required only when the number of incorrect hypotheses in H is close to |H|. This is only
the case when every grammar in H describes a
unique language, which is not the case. For instance consider any grammar in H that has r nonterminals (including the start symbol) out of a possible n non-terminals (including the start symbol).
In this case the number of other grammars that
are isomorphic (identical up to the renaming of
non-terminals) to this grammar in H would be the
number of permutations of (n−1) in (r−1)−1, i.e.
((n−1)!/(n−1−(r−1))!)−1 = ((n−1)!/(n−r)!)−1.
In addition, because the CNF is not a unique normal form, many of the grammars will describe the
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same language even if they are not isomorphic. For
instance all grammars that contained useless rules
will describe the same language as the grammar
with those useless rules removed (which will also
exist in H). Also many instances of left recursion
can be replaced by an instance of right recursion
without changing the language described by the
grammar. The hypothesis space will also include
some languages that cannot generate the training examples from which the hypotheses space was
created.
As an alternative to using the ConstructAllGrammars described early, the BruteForceLearner
algorithm could construct a set of hypothesis
grammars in which no grammar is isomorphic to
another, the start symbol exists in every grammar, and for all terminal symbols a there is at
least one rule of the form N → a. It can be
shown that the size of this set of grammars is
2
N P
n
P
r(2r −1)×T (2r −1)×2
. This equation can be
(r−1)!
n=1 r=1

approximated using the following equation.
P

N −1

log2 N +N 2 +log2 T +N +1−

2

log2 x

x=1

(5)

Table 1 gives the number of estimated additional samples required using Equations 3 and 4
and Equations 3 and 5. The table also gives an indication of the reduction in |H| using the different
techniques described in this section (i.e. columns
2 to 5).

4. Constructing the Competition Tasks
This section of the document describes the
mechanism by which the competition tasks were
constructed. First we will discuss the way in which
the complexity of the competition tasks were chosen. Then the method by which grammars were
constructed will be discussed, followed by the way
in which the training and testing examples were
created.
4.1. Setting the complexity of the competition
tasks
As one of the major motivations of the Omphalos competition was to promote the development
of new grammatical inference algorithms, it was
desirable that the learning tasks in the competi-
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Table 1
Estimates of required number of additional training sentences using different equations
Problem

Complexity

Size of Training Set

Theoretical Size
Required

Eq 2

Eq 4

Eq 5

Eq 4 & 3

Eq 5 & 3

2 & 6.2

7.12 × 108

2.54 × 105

3.76 × 103

280

7.66 × 106

113,239

4 & 6.4

1.13 × 1010

5.68 × 106

3.08 × 104

418

1.71 × 108

927,348

tion were sufficiently hard so as to be just outside
the state-of-the-art. Ideally, the best of the current
systems should be able to solve the simplest problems, but not the more difficult ones. Omphalos
should give an idea of where the current state-ofthe-art currently is, and try to push the boundary
from there.
As discussed earlier in this paper, Equation 2
was considered to be a suitable measure of the
complexity of a grammatical inference task. To apply this equation one begins with a grammar defining the target language. Then a set of positive
examples is generated from the grammar using a
function that approximates the function CalcObservations. Then the number of terminal symbols
in this set is calculated, and finally Equation 2 is
applied.
In order to estimate the complexity of problems
that could be solved by state-of-the-art algorithms
the literature was reviewed to identify pre-existing
benchmark grammatical inference problems. The
work in [26] and [27] identified some benchmark
problems, i.e. grammars that can be used as some
sort of standard to test the effectiveness of a GI
system by trying to learn these grammars. The
grammars were taken from [28] and [24]. Using
Equation 2 the complexities of these grammars
were calculated. A description of these grammars
and their complexity measures are listed in Table 2. Using these results the complexities of the
target grammars of the competition problems were
selected. Once again based upon “gut feel” it was
decided to set the complexity of the easiest com9
petition problem at around 210 despite the fact
that the complexity of the most difficult problem
5
listed in Table 2 was around 210 .
Table 3 lists the complexities of the Omphalos competition problems. It can be seen that the
competition included several grammatical inference tasks that were ranked according to difficulty.
The ranking of these problems was based upon

three axes of difficulty in grammatical inference,
specifically:
1. The complexity of the underlying grammar
(as defined by Equation 2),
2. whether or not negative data is available and,
3. how similar the negative examples in the
test set are to positive examples of the language. For instance whether or not the test
set includes sentences that can be generated
by regular approximations to the target language but not the target language itself.
At the close of the competition the competitor that
had solved the highest ranking problem was declared the winner of the competition overall.
The reason why the complexity measure defined
using Equation 2 was not used as the sole metric
for ranking the problems was to encourage participation from as many researchers as possible. For
instance the ranking methodology enabled algorithms that used positive data only, to compete
with algorithms that used both positive and negative data. Specifically, the successful inference of a
target language from positive data only was ranked
higher than the successful inference of a language
from positive and negative data, all other things
being equal. For instance, problem 2 is ranked
higher than problem 1.
During the lifetime of the competition the third
axis of difficulty was introduced when it became
clear that some of the original test data did not
accurately determine whether or a competitor had
inferred the target language or a regular approximation to it. Correctly labelling a test set in which
the negative sentences closely resembled the positive sentences was ranked higher than correctly labelling a test set where the negative examples differed greatly from the positive examples. For instance, problem 6.1 is ranked higher than problem
1 and even problem 6.
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Table 2
Benchmark grammatical inference problems.

1

Description

Example phrase

log2 compl.

(aa)∗

aa, aaaa, aaaaaa

1.34 × 103

Properties
Regular

103

Regular

2

(ab)∗

ab, abab, ababab

2.22 ×

3

Operator precedence (small)

(a+(b+a))

9.37 × 103

Not regular

4

Parentheses

(), (()), ()(), ()(())

2.22 × 103

Not regular

5

English verb agreement (small)

that is a woman, i am there

5.33 × 105

Finite

6

English lzero grammar

a circle touches a square, a
square is below a triangle

4.17 × 106

Finite

7

English with clauses (small)

a cat saw a mouse that saw
a cat

6.59 × 105

Not regular

8

English conjugations (small)

the big old cat heard the
mouse

9.13 × 105

Regular

9

Regular expressions

ab∗(a)∗

9.39 × 103

Not regular

aaa, ba

6.90 × 104

Not regular

ωR

10

{ω =

, ω ∈ {a,b}{a,b}+}

11

Number of a’s=number of b’s

aabbaa

4.29 × 104

Not regular

12

Number of a’s=2×number of b’s

aab, babaaa

3.01 × 105

Not regular

13

{ωω|ω ∈ {a,b}+}

aba, aa

9.12 × 104

Regular

14

Palindrome with end delimiter

aabb$, ab$, baab$

1.18 × 105

Not regular

15

Palindrome with center mark

aca, abcba

4.96 × 103

Not regular

16

Even length palindrome

aa, abba

9.30 × 103

Not regular

17

Shape grammar

da, bada

2.45 × 104

Not regular

All other things being equal, solving a problem with a higher complexity measure was ranked
higher than solving one with a lower complexity
measure. For instance, problem 3 is ranked higher
than problem 1.
In addition it was decided to make the highest ranking problems non-deterministic languages,
while the lowest ranking problems were deterministic languages. There were two reasons for this.
Firstly it was been noted by [27] that the inference of non-deterministic languages is a more
difficult task than the inference of deterministic
languages. Therefore solving those problems that
involved non-deterministic languages was ranked
higher than solving those problems that involved
deterministic languages. Secondly deterministic
languages form a useful subset of context-free languages that are a superset of regular languages.
There is a large amount of background knowledge
on deterministic languages, that might useful for
the inference of deterministic languages, but at the
time of the setting of the competition was not being applied to the task of grammatical inference. It
was hoped that the focus on the inference of deterministic context-free languages might be a catalyst
for advances in grammatical inference.

Lastly it should be noted that the Omphalos
competition employed an interactive technique in
setting the complexity of the grammatical inference tasks. Although an initial set of six problems were created, the competition was arranged
so that if these problems were solved early in the
life of the competition, then additional more difficult problems could be added. Similarly, if after
an extended amount of time the competition tasks
were not solved, easier problems could be added
to the list of competition tasks. By the setting of
the difficulty of the competition tasks using this
technique, we could get a feel of the complexity
of grammatical inference problems that could be
solved by state-of-the-art algorithms.
4.2. Creation of the Target Grammars
After examining the complexities of those languages listed in Table 2 it was decided that the
complexity of the easiest tasks (tasks 1 & 2) should
9
be in the order of 210 . This complexity measure
was chosen for three reasons. Firstly it was a few
orders of magnitude higher than those tasks listed
in Table 2. Secondly problems of this complexity could not be learnt using a brute force tech-
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Table 3
Complexities of Benchmark Inference Problems in Omphalos Competition.
Training data

Properties

1

Positive and negative

Not regular, deterministic

log2 compl.
1.10 × 109

2

Positive only

Not regular, deterministic

7.12 × 108

3

Positive and negative

Not regular, deterministic

1.65 × 1010

4

Positive only

Not regular, deterministic

1.13 × 1010

5

Positive and negative

Not regular, non-deterministic

5.46 × 1010

6

Positive only

Not regular, non-deterministic

6.55 × 1010

6.1

Positive and negative

Not regular, deterministic

1.10 × 109

6.2

Positive only

Not regular, deterministic

7.12 × 108

6.3

Positive and negative

Not regular, deterministic

1.65 × 1010

6.4

Positive only

Not regular, deterministic

1.13 × 1010

6.5

Positive and negative

Not regular, non-deterministic

5.46 × 1010

6.6

Positive only

Not regular, non-deterministic

6.55 × 1010

7

Positive and negative

Not regular, deterministic

5.88 × 1011

8

Positive only

Not regular, deterministic

1.63 × 1011

9

Positive and negative

Not regular, non-deterministic

1.08 × 1012

Positive only

Not regular, non-deterministic

9.92 × 1011

10

nique (such as the BruteForceLearner algorithm)
in time to be entered into the Omphalos competition. Thirdly based upon published execution
times of existing algorithms it was estimated that
these problems could not be solved using existing
published techniques in time to be entered into the
competition. This decision was made to encourage the development of new grammatical inference
techniques.
It was decided that higher ranking problems
should have a complexity measure that was at least
an order greater than similar tasks lower in the ordering to ensure that they truly were more difficult
tasks. Once the form and complexities of the target grammars were decided upon, the grammars
were created as follows:

symbol, rules were added to ensure the rule
was reachable from the start symbol. For instance if the non-terminal N was unreachable from the start symbol, a rule was created with the start symbol on the left hand
side of the rule, and N on the right hand side
of the rule.
4. Additional rules were added to ensure that
the grammar did not represent a regular language. Specifically rules containing center recursion were added.
5. The complexity of the grammar was calculated and if it was not in the desired range,
then the grammar was deleted.

1. The number of non-terminals, terminals and
rules were estimated based upon the number
of non-terminals, terminals and rules in the
benchmark problems (Table 2).
2. A set of terminals and non-terminals were
created. Rules were then created by randomly selecting terminals and non-terminals.
A fixed number of rules were created to contain only terminal strings.
3. Useless rules were then identified. If a nonterminal could not generate a terminal string,
a terminal rule was added to it. If a nonterminal was not reachable from the start

Tests were then undertaken to ensure that grammars 1–4 represented deterministic languages.
Specifically LR(1) parse tables were constructed
from the grammars using Bison [29]. To ensure that grammars 4 and 5 represented nondeterministic languages, rules were added to the
target grammars. After problem 6 was solved,
problems 7 to 10 were added to the competition.
Problems 6.1 to 6.6 were added later in the competition when it appeared that problems 7 to 10
would not be solved during the life of the competition.
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4.3. Construction of training and testing sets.
Once the target grammars were constructed,
sets equivalent to CalcObservations were constructed for each grammar. Sets of positive examples were then created using the GenRGenS software [30].
For the first six problems additional examples
were then created by randomly generating sentences of length up to five symbols more than
the length of the longest sentence in CalcObservations(G). These sentences were then parsed using the target grammar and were labelled as being
either in or out of the target language. This set
of sentences was then randomized and split into
testing and training sets, but in such a way as to
ensure that the training set contained a superset
of CalcObservations(G). For those problems that
were to be learnt from positive data only the training sets had all negative examples removed.
For problems 6.1 to 10 a more rigorous method
of constructing negative data was used as follows:
– For each context-free grammar an equivalent
regular grammar was constructed using the
superset approximation method based on Recursive Transition Network (RTN) described
in [31]. Sentences that could be generated
from this regular approximation to the target language were included as negative data.
These sentences were included to distinguish
between competitors who had created regular
approximations to the underlying context-free
languages, and competitors who had identified a non-regular language.
– A context-free grammar that defined a grammar that was a superset of the the target language was constructed by treating the target grammar as a string rewriting system,
and normalizing the right hand sides of rules
using the normalization algorithm described
in [32]. That is, a context-free grammar was
constructed that described a language that
was a superset of the target language, but in
which the right hand side of each rule could
not be parsed by the right hand side of any
other rule. Negative examples were then created from this approximation to the target
language.
– Each target grammar in the competition included some deliberate constructs designed to
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trick grammatical inference algorithms. For
instance most included sequences that were
identical to center recursion expanded to a finite depth. An example is an bn where n < m,
m is an integer > 1. To ensure that the training and testing examples tested the ability
of the inferred grammars to capture these
nuances, the target grammars were copied
and hand modified changing the an bn where
n < m to become an bn where n > 1. In
addition, where center recursion existed of
the form an bn in the target grammar the
regular approximations a∗ b∗ were included
in the “tricky” approximation to the target
grammar. Negative examples were then created from these approximations to the target
grammar and added to the test set.
– There were an equal number of positive and
negative examples in the test sets.
In addition for problems 6.1 to 10:
– The longest training example was shorter
than the longest test example.
– The grammar rules for problems 7 to 10 were
shorter than for problems 1 to 6.6 and had
more recursion. Some non-LL(1) constructs
were also added to the target grammars for
problems 7 to 10.
4.4. Competition Infrastructure
The Omphalos competition reused a number of
pieces of software from the Abbadingo competition [20] and the Gowachin server, including the
Oracle that was consulted by competitors to determine if they had successfully solved the competition tasks or not. To enter the competition,
competitors needed to:
1. Download the training data and test data
from http://www.irisa.fr/Omphalos/.
2. Train their system using the training data.
3. Apply their system to the test data, resulting
in a list of 1’s and 0’s, indicating that each
sentence in the test set is either in or is not
in the language (respectively).
4. Submit the list of 1’s and 0’s to the Omphalos
“Oracle” using an html form on the web-site.
5. The Oracle would then notify the competitor, that either they were successful or unsuccessful.
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The decision to provide only a pass or fail to competitors was a deliberate design choice, to prevent
that information to being used by competitors for
Hill Climbing (test set tuning). In addition if any
competitor had deliberately consulted the Oracle
more than 25 times in one day they would have
been disqualified.

5. Results of Omphalos
The Omphalos competition ran for eight months
in 2004 from February the 5th until October 11th .
During that time the competition data was downloaded from seventy different internet domains, on
almost all continents.
The web-site itself received over 1000 visits from
over 270 domains.6 There were 139 label submissions by 8 contestants to the Oracle. Of the 16
competition problems, 8 were solved during the life
of the competition, and one other was solved after the competition had closed. Most importantly
the winner of the competition developed some new
techniques that have pushed the state-of-the-art in
grammatical inference. Table 4 contains details of
key dates in the competition. Alexander Clark was
declared the winner of the competition on October 1st . A detailed journal article on his winning
techniques has been submitted [33].
If the number of different domains from which
the competition data was downloaded from is indicative of the number of competitors, then the
number of competitors (70) is almost 50% more
than the number of people who attended ICGI
2004, and greater than the number of estimated
individuals who downloaded the Abbadingo competition data. The number of individuals who actually submitted submitted labellings to the Oracle however was extremely low. From discussions
during the Omphalos session at ICGI 2004, email
correspondence and from published comments [34]
the reason for this rate of submission was two fold.
Predominantly many competitors stated that they
run their existing grammatical inference systems
on the competition data, and using cross validation decided that the performance of their algorithms on this data was too poor to warrant the
submission of a test set to the Oracle. Other researchers reported that due to other commitments
6 Attempts

were made to discard crawlers and bot hits.

they were unable to spend enough time on the
tasks. It should be noted that all machine learning algorithms contain learning bias, as does the
method by which the target grammars were generated. Nevertheless, because of the high participation rate and the complexity of the problems
solved we consider that it can be concluded the
winning algorithm is world class and the complexity of the solved problems represent the limit of
problems that can be solved using state-of-the-art
algorithms.
5.1. Problems 1, 3, 4, 5, and 6
Problem 1 was solved by Joan Andreu Sánchez
from the Departament de Sistemes Informàtics i
Computació, Universitat Politècnica de València.
Although Sánchez originally tried to solve the
problem using the Inside-Outside algorithm, he actually solved it manually. After discovering the
regularities in the positive examples he used a regular expression constructed by hand to classify the
test examples as being either positive or negative.
Although the target grammar was not a regular
language the test sets did not include a single nonregular example. This in addition to the speed in
which the problem was solved suggests that the
first task was overly simple, and the negative examples were too different from the positive examples to be an accurate test of whether or not the
language had been successfully learnt.
Problems 3, 4, 5, and 6 were solved by Erik
Tjong Kim Sang from the CNTS - Language Technology Group at the University of Antwerp in Belgium. Tjong Kim Sang used a pattern matching
system that classifies strings based on n-grams of
characters that appear either only in the positive examples or only in the negative examples.
With the exception of problem 1 this technique
was not sufficient to solve the problem, so Tjong
Kim Sang generated his own negative data, using
the principle that the majority of randomly generated strings would not be contained within the
language. His software behaved as follows;
1. Firstly it loaded positive examples in from
the training file.
2. It then generated an equal number of unseen
random strings, and added these to the training data as negative examples.
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Table 4
Competition time line.
Date

Event

February 15th 2004
February

20th

2004

Competition begins
Problem 1 solved by Joan Andreu Sánchez

March 22nd 2004

Problems 3, 4, 5 and 6 were solved by Erik Tjong Kim Sang

April 14th 2004

Problems 7, 8, 9 and 10 were added

June 7th 2004

New larger testing sets were added for problems 1 to 6

September 6th

Problems 2 and 6.2 were solved by Alexander Clark

September 7th

Problem 6.4 was solved by Alexander Clark

October 1st 2004

Competition closed

October 1st 2004

Alexander Clark was declared the winner of the competition

October 11th 2004

Omphalos session at ICGI 2004

3. A n-gram classifier was then created as follows: A count was made of n-grams of length
2 to 10 that appeared uniquely in the positive examples or uniquely in the negative examples. A weighted (frequency) count of such
n-grams in the test strings was then made.
For each sentence in the test set. If the positive count was larger than the negative count
then the string was classified as positive, otherwise it was classified as negative. If a string
contained two zero counts then that sentence
was classified as unknown.
4. Steps 2 and 3 were repeated thirty times.
5. Strings that were always classified as positive
in all thirty tests were then assumed to be
positive examples. Strings that were classified
as negative one or more time were classified
as negative. Other strings were classified as
unknown.
5.2. Problems 6.2 and 6.4
Problems 6.2 and 6.4 were solved by Alexander
Clark from the University of Geneva. Clark’s approach was based on a simplified version of the
algorithm described in [35] that also made use
of some of properties of deterministic context-free
grammars. Alexander also used some Alignmentbased learning techniques [36]. It should be noted
that not only did Clark correctly label a large number of similar test sentences (12,004 and 17,230) after training his algorithm from an extremely small
number of positive sentences (281 and 419), at the
completion of the competition his grammars were
compared to the target grammars and it was found
that he had identified the target languages exactly.

The target grammars had 24 and 38 rules respectively.
Clark’s algorithm can best be described as a
model merging technique, whereby constituents
are firstly identified and assigned arbitrary nonterminals. The constituents and sentences are then
reduced using other constituents. This reduction
process adds structure to the sentences, and reduces the size of the hypothesis grammar. Nonterminals are then merged, which generalizes the
language described by the grammar.
There are two features of Clark’s technique that
make it distinct from other model merging techniques. The first of these is the use of mutual information to filter candidate constituents [35]. The
second is the use of substitution graphs to identify whether or not constituents can be used interchangeably.
Mutual information is an information-theoretically
motivated measure for discovering interesting collocations between different events, in this case the
collocations of words before
P and after constituents.
Consider the alphabet
augmented with a distinguished symbol #. For a substring w that occurs in the sentence a w b with a, b ∈ Σ∗ , we can
define l to be the final symbol of a if there is one,
or to be # if a = ε. Similarly we define r to be the
first symbol in b or #.
Let a(l, w, r) be the number of times that w occurs in the context (l, r).
Let b(l, w) be the number
P of times l appears before the substring w i.e.
a(l, w, r).
r
Let c(w, r) be the number
P of times r appears
after the substring w i.e.
a(l, w, r).
l
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Let d(w) be the number of times that the
substring
w appears in the training sample i.e.
P
a(l, w, r).
l,r
Clark uses these counts in the following equation
to calculate mutual
P information.
P
a(l,w,r)
a(l,w,r)d(w)
M I(w) =
d(w) log b(l,w)c(w,r)
l∈Σ∪{#} r∈Σ∪{#}
Clark claims that substrings that are constituents will tend to have a high value of this
quantity, whereas substrings that are not constituents will have a low value of this quantity.
As an example, the counts of the local contexts
of the string “q g m t” in the training set of problem 6.4 are given in Table 5. According to Table 5
for instance the sequence “k q g m t h” appeared
69 times in the training set. From these counts mutual information is calculated as shown in Table 6.
It can be seen that the mutual information of the
sequence “q g m t” is 1.00.
Table 5
Counts of all contexts of the sequence “q g m t”.
h

k

r

k

69

14

0

n

0

0

75

Table 6
Mutual information of the sequence “q g m t”.
l

r

a(l, w, r)

b(l, w)

c(w, r)

d(w)

MI

k

h

69

83

69

158

0.41

k

k

14

83

14

158

0.08

n

r

75

75

75

158

0.51

Total

1.00

Whether or not the mutual information is sufficiently high depends upon the setting of a threshold value in the algorithm. In this case the high
value of mutual information calculated (1.00) suggests that “q g m t” is a true constituent. Thus
Clark’s algorithm assigned the non-terminal NT16
to it, e.g. NT16 ⇒∗ qgmt. As a result the grammar inferred by Clark contains three rules as follows.
NT16
NT14

→ qgmt
→ nNT16 rq

NT4

→ kNT16 NT4 owNT3

These three rules map onto the following three
rules in the grammar from which the training examples were generated.
Y3 → qgmt
Y11 → nY3 rqY5 xe
Y6 → kY3 Y6 owY9
The identification of constituents enables the introduction of non-terminals into the hypothesis
grammar, but for the grammatical inference algorithm to generalise from the training examples,
some assumptions need to be made about the substitutability of constituents. A common guessing
strategy used by grammatical inference algorithms
is that if A →∗ u, A →∗ v and x uy ∈ L then it
is assumed that x vy ∈ L. While this holds true
for some context-free languages, in general it cannot be assumed. To identify the instances when
this guessing strategy should be applied, and when
it should not, Clark constructed a data structure
that he calls a substitution graph. For each substring u observed in the training sample a node is
constructed in an undirected graph. An arc is then
created between two nodes u and v (representing
the substrings u and v) if there are strings l and r
such that both l u r and l v r are in the training
sample. For instance Figure 3 shows part of such a
graph inferred by Clark’s algorithm for problem 4.
Here we can see that the constituents “q t b u r d
b o v”, “v k g i o o” and “p i p l d s k” are observed
to be fully interchangeable with one another in the
training sample. In contrast however if the constituents “q t b u r d b o v” and “v k g i o o” were
interchangeable with another and similarly “v k g
i o o” and “p i p l d s k” were interchangeable but
“q t b u r d b o v” and “p i p l d s k” were not then
with a sufficiently large enough training sample a
substitution graph similar to that shown in Figure
4 would be constructed.
Clark’s technique can be summarized as follows.
– The algorithm calculated all substrings observed in the training sample using a suffix array. All substrings that occurred greater than
a predefined number (fmin ) of times were considered to be candidate constituents.
– The algorithm then discarded all candidate
constituents whose mutual information was
less than a predefined number (Mmin ).
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Fig. 3. Part of a substitution graph showing the observed
substitutability of constituents (from [33])
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string in the training sample the occurrence of B in
this rule is expanded by a particular rule B → w,
then he sometimes made the grammar more specific by replacing the first rule with A → UwV. In
addition there were a number of free parameters
that could be tweaked. Therefore there appears to
still be a certain amount of “gut feel” and “tweaking” involved in the solving these problems. This
would appear to be a sound strategy for solving
complicated tasks like the Omphalos competition,
or real world applications. Clark’s advice for a successful strategy is to exploit useful properties that
randomly generated grammars are likely to have.
Although it is known that all context-free languages cannot be learnt using positive examples
only 7 Clark’s algorithm used a range of techniques
to prevent the algorithm from overgeneralizing as
summarized below.
– The context distributions needed to be similar
using a local measure of similarity (MI).
– There needed to exist two strings c and d such
that c a d and c b d appeared in the training
set (as identified in the substitution graph).
– There should not be any substring of a or b
in the set of constituents except when a is a
substring of b.

Fig. 4. An alternative substitution graph showing an incomplete subgraph (limited substitutability)

– A substitution graph was then constructed to
identify cliques, i.e, which constituents were
substitutable with one another.
– Sentences were then reduced using the constituents.
Clark made multiple attempts at those problems that he solved. For instance he made seven
attempts at problem 6.2 before solving it. After
inferring a grammar from the training data that
did not give a correct answer on the test data,
Clark assumed that his inferred grammar was too
specific and so he generalized it. He did this by
implementing a series of heuristic modifications to
the hypothesised grammars. Given two rules in the
hypothesis grammar of the form A → UWV and
B → W, he sometimes generalised the first rule by
replacing it with A → UBV. Conversely, if a rule
existed of the form A → UBV such that for every

These techniques enabled Clark to identify the
target grammars exactly, despite the lack of any
explicit negative examples.
As a result of his involvement in the Omphalos competition and the success of his techniques,
Clark believes that with further research he will be
able to prove that strict deterministic languages
are PAC-learnable when the distributions of the
training examples are generated by suitable probabilistic deterministic push down automata.
Additionally he envisions that his techniques
could be extended into more powerful algorithms
with (string) sample complexity that could work
left-to-right and have provable convergence properties.

6. Conclusions
The main conclusions that can be drawn from
the competition is that it has achieved all of the
goals that were attempted. The competition has
7 in

the identification in the limit scenario.
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provided a forum for the comparison of different
GI algorithms on a given task. It has brought some
existing techniques to the foreground [35] and has
resulted in the refinement of these and other techniques. It has also stimulated research into the
field in general. For instance the number of competitors who downloaded the competitor data suggests that many non-GI researchers attempted to
solve the problems. In particular four of the eight
problems solved during the lifetime of the competition were solved by a competitor (Tjong Kim
Sang) who has not published any prior research on
grammatical inference. The competition has also
defined a method of calculating the complexity of
grammatical inference tasks, and because of the
participation rate we can conclude that the complexity of the highest ranked competition problem
is indicative of the complexity of GI problems that
can be solved using state-of-the-art techniques.
As with all small scale experiments when we
consider the statistical significance of the results,
we know that we can’t confidently state these conclusions with certainty. For instance being able to
identify two target grammars exactly does not imply that all deterministic context-free languages
can be PAC learnt using these techniques. Similarly the fact that some algorithms performed better on these tasks than others does not imply that
this will be the case on all target languages, or
even the majority of other languages. However we
believe that due to the participation rates, and the
repeated success of the winning technique, that the
competition gives valuable insights into the stateof-the-art of the field.
6.1. Lessons Learnt
One important lesson learnt from the competition with respect to the setting of grammatical inference competitions is that great care needs to be
taken in the generation of negative examples for
training and particularly for testing purposes. This
probably also applies to other classification and
modelling tasks, where the majority of randomly
selected examples are negative examples.
Both Sánchez and Tjong Kim Sang solved the
easier problems using techniques that had approximated the target language with a regular language. It was therefore known that although they
had correctly classified the test examples, they
did not have an accurate model of the target lan-

guages. As organizers of the competition it was a
little disappointing that the competitors did not
use context-free GI techniques to solve the problems, as this does not progress that state-of-theart in context-free grammatical inference. This was
however a possibility that we were prepared for.
We had deliberately designed the competition so
that not only would differing GI techniques be pitted against one another, but also GI techniques
would be pitted against non-GI techniques, such as
generic classification techniques and even solving
the problems by hand.
After problems 1,3,4,5 and 6 had been solved
a great deal of effort was put into constructing
test data sets that were more accurate indications
of whether or not the competitor had successfully
constructed an accurate model of the target language. Specifically new problems were added to
the competition on April 14th and on June 7th additional test sets for problems 1 to 6 were added to
the competition. These test sets became problems
6.1 to 6.6. At the completion of the competition it
was discovered that when Clark had solved problems 6.4 and 6.6 he had accurately identified the
target languages exactly. Similarly the techniques
used by Sánchez and Tjong Kim Sang could not be
used to solve these harder problems. This suggests
that the strategy of careful selection of test data,
in particular negative data, was successful.
6.2. Recommendations for future competitions
Over the last decade, much of the research in
machine learning has focused on problems like
classification and regression, where the prediction
is a single univariate variable. A challenge for machine learning in the next decade is to transfer
successes in these areas into the area of inferring
complex objects like grammars, trees, sequences,
or orderings. Perhaps this is one reason why grammatical inference is becoming a more active area
of research. In this respect regular grammars are
ideal for modelling sequences. Context-free grammars are also well suited to modelling sequences,
but in addition can be used to model hierarchical structures within sequence (such as the phrase
structure of language). Future grammatical inference competitions like the Omphalos competition
can continue to play a part in the development
of the field, by providing common tasks for re-
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searchers to focus on, thus providing a good means
of comparing techniques.
At the end of the Omphalos session at ICGI
2004 a discussion was held to provide the opportunity for those present at the conference to provide feedback to the Omphalos committee members. Topics of discussion included “was the competition a success”, “how could the competition
be improved for subsequent years” and “should
the competition be continued for subsequent ICGI
conferences”. There was a general agreement that
the shared task was a good opportunity to compare algorithms and promote the development of
new techniques and that the competition should
be continued. As a result we will couch the received comments in terms of how subsequent GI
competitions were held, in the remainder of this
section.
There was a request for the competition tasks
to have a practical application focus, and that the
application should dictate the metric used to evaluate the task. In this case the practical application
would dictate the form in which training and testing data should take. For instance if the task is to
infer a grammar for use with a speech recognition
system, then speech recognition accuracy would
be a suitable metric. Similarly if the application
task is to infer the meaning of sentences, then the
phrase structure of sentences is more useful than
classifying whether or not a sentence is grammatical. This opinion was expressed more than one
member present. This is therefore believed to be
the majority opinion.
There was also a range of specific suggestions and comments made by varying individuals
present. These suggestions were not universally accepted, and some suggestions made by some people were in conflict with other suggestions made
by other people. These specific suggestions were as
follows.
– There was a request for more than one type
of data, e.g. partially structured data, in the
belief that with a greater variety of data more
people will compete.
– Some people expressed the opinion that if
more than one type of data were available
then the number of competitors per task
would be low.
– There was a request for the task to be an
approximation (rather than an identification)
task.
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– There was a request for the winner of the task
to be the competitor that obtained the best
accuracy.
– There was a request for the task to be related
to identifying the structure of language. That
is identification of a grammar rather than of
a language. In this case the target language
could be regular or finite acyclic languages.
– There was a complaint that the alphabet size
was too small to be comparable to real world
tasks.
– There was a request for the task to be one
in which the training and test sets contained
noise.
As a result of these discussions it is planned to
continue the GI competition tradition and include
another GI competition at the next ICGI to be
held in 2006. At this point it is planned to, as discussed at ICGI, to model the competition tasks on
real world applications. There will most likely be
two competition tasks, one in the area of natural
language, and the other in computational biology
(DNA or protein sequences). Ideally we would like
to use real world data in the competition, but this
approach suffers from several problems. The first
is that competitors may be able to bring external
knowledge to the task at hand in way that does not
encourage the development of the state-of-the-art.
For instance native English speakers would have no
problem labelling grammatical and ungrammatical English sentences. Another major problem is
that “real” data, like DNA sequences and natural
language have an inherent bias that is unknown
beforehand. Also it becomes difficult to scale the
competition problems to a size that is just outside
the state-of-the-art, when there is no control over
the underlying target model.
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