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Abstract. Description logics have emerged as one of the most successful
formalisms for knowledge representation and reasoning. They are now
widely used as a basis for ontologies in the Semantic Web. To extend
and analyse ontologies, automated methods for knowledge acquisition
and mining are being sought for. Despite its importance for knowledge
engineers, the learning problem in description logics has not been inves-
tigated as deeply as its counterpart for logic programs.
We propose the novel idea of applying evolutionary inspired methods to
solve this task. In particular, we show how Genetic Programming can be
applied to the learning problem in description logics and combine it with
techniques from Inductive Logic Programming. We base our algorithm on
thourough theoretical foundations and present a preliminary evaluation.

1 Introduction

Ontologies based on Semantic Web technologies are now amongst the most
prominent paradigms for knowledge representation. The single most popular
ontology language in this context is OWL1. However, there is still a lack of
available ontologies and tools for creating, extending and analysing ontologies
are most demanded. Machine Learning methods for the automated learning of
classes from instance data can help to overcome these problems.

While the learning, also referred to as induction, of logic programs has been
studied extensively in the area of Inductive Logic Programming (ILP), the anal-
ogous problem for description logics has been investigated to a lesser extend,
despite recent efforts [9,11]. This is mainly due to the fact that description log-
ics have only recently become a popular knowledge representation paradigm.
The rise of the Semantic Web has increased interest in methods for solving the
learning problem in description logics.

Genetic Programming (GP) has been shown to deliver human-competitive
machine intelligence in many applications [12]. We show how it can be applied
to the learning problem in description logics. Further, we discuss the advantages
and drawbacks of this approach and propose a framework for hybrid algorithms
combining GP and refinement operators.

Refinement operators are central in ILP and we can base our methods on a
thorough theoretical analysis of their potential and limitations. We will design
1 http://www.w3.org/2004/OWL



concrete refinement operators and show that they have the desired properties.
For the novel algorithm we obtain, a preliminary evaluation is performed, com-
paring it with standard GP and an other non-evolutionary algorithm for learning
in description logics.

The paper is structured as follows. In Section 2 we briefly introduce descrip-
tion logics, Genetic Programming, the learning problem, and refinement opera-
tors. Section 3 shows how to apply GP to the learning problem in description
logics. The main section is Section 4, in which we show how refinement operators
fit in the GP framework. In 5 we report on our prototype implementation. We
discuss related work in 6 and draw conclusions in Section 7.

2 Preliminaries

Description Logics Description logics represent knowledge in terms of objects,
concepts, and roles. Objects correspond to constants, concepts to unary pred-
icates, and roles to binary predicates in first order logic. In description logic
systems information is stored in a knowledge base, which is a set of axioms. It
is divided in TBox, containing terminology axioms, and ABox, containing asser-
tional axioms.

construct syntax semantics

concept A AI ⊆ ∆I

role r rI ⊆ ∆I ×∆I

top > ∆I

bottom ⊥ ∅
conjunction C uD (C uD)I = CI ∩DI

disjunction C tD (C tD)I = CI ∪DI

negation ¬C (¬C)I = ∆I \ CI

existential ∃r.C (∃r.C)I = {a |
∃b.(a, b) ∈ rI and b ∈ CI}

universal ∀r.C (∀r.C)I = {a |
∀b.(a, b) ∈ rI implies b ∈ CI}

Table 1. ALC syntax and semantics

We briefly introduce the ALC description logic, which is the target language
of our learning algorithm and refer to [3] for further background on description
logics. Let NI denote the set of objects, NC denote the set of atomic concepts,
and NR denote the set of roles. As usual in logics, interpretations are used to
assign a meaning to syntactic constructs. An interpretation I consists of a non-
empty interpretation domain ∆I and an interpretation function ·I , which assigns
to each object a ∈ NI an element of ∆I , to each concept A ∈ NC a set AI ⊆ ∆I ,
and to each role r ∈ NR a binary relation rI ⊆ ∆I × ∆I . Interpretations are
extended to elements as shown in Table 1, and to other elements of a knowledge
base in a straightforward way. An interpretation, which satisfies an axiom (set
of axioms) is called a model of this axiom (set of axioms). An ALC concept is
in negation normal form if negation only occurs in front of concept names.



It is the aim of inference algorithms to extract implicit knowledge from a
given knowledge base. Standard reasoning tasks include instance checks, retrieval
and subsumption. We will only explicitly define the latter. Let C, D be concepts
and T a TBox. C is subsumed by D, denoted by C v D, iff for any interpretation
I we have CI ⊆ DI . C is subsumed by D with respect to T (denoted by C vT D)
iff for any model I of T we have CI ⊆ DI . C is equivalent to D (with respect to
T ), denoted by C ≡ D (C ≡T D), iff C v D (C vT D) and D v C (D vT C).
C is strictly subsumed by D (with respect to T ), denoted by C @ D (C @T D),
iff C v D (C vT D) and not C ≡ D (C ≡T D).

Genetic Programming Genetic Programming is one way to automatically
solve problems. It is a systematic method to evolve individuals and has been
shown to deliver human-competitive machine intelligence in many applications.
The distinctive feature of GP within the area of Evolutionary Computing is to
represent individuals (not to be confused with individuals in description logics) as
variable length programs. In this article, we consider the case that individuals are
represented as trees. Inspired by the evolution in the real world, fit individuals
are selected from a population by means of different selection methods. New
individuals are created from them using genetic operators like crossover and
mutation. We do not introduce GP in detail, but instead refer to [12] for more
information.

The Concept Learning Problem in Description Logics In this section, we
introduce the learning problem in Description Logics. In a very general setting
learning means that we have a logical formulation of background knowledge
and some observations. We are then looking for ways to extend the background
knowledge such that we can explain the observations, i.e. they can be deduced
from the modified knowledge.

More formally, we are given background knowledge B, positive examples
E+, negative examples E− and want to find a hypothesis H such that from H
together with B the positive examples follow and the negative examples do not
follow. It is not required that the same logical formalism is used for background
knowledge, examples, and hypothesis. This means, that although we consider
learning ALC concepts in this article, the background knowledge can be a more
expressive description logic.

So let a concept name Target, a knowledge base K, and sets E+ and E−

with elements of the form Target(a) (a ∈ NI) be given. The learning problem
is to find a concept C such that Target ≡ C is an acyclic definition and for
K′ = K ∪ {Target ≡ C} we have K′ |= E+ and K′ 6|= E−.

For different solutions of the learning problem the simplest ones are to be pre-
ferred by the well-known Occam’s razor principle [5]. According to this principle,
simpler concepts usually have a higher predictive quality. We measure simplicity
as the length of a concept, which is defined in a straightforward way, namely
as the sum of the number of concept, role, quantifier, and connective symbols
occurring in the concept.



Refinement Operators Learning can be seen as a search process in the space
of concepts. A natural idea is to impose an ordering on this search space and use
operators to traverse it. This idea is prominent in Inductive Logic Programming
[18], where refinement operators are used to traverse ordered spaces. Downward
(upward) refinement operators construct specialisations (generalisations) of hy-
potheses.

A quasi-ordering is a reflexive and transitive relation. In a quasi-ordered
space (S,�) a downward (upward) refinement operator ρ is a mapping from S to
2S , such that for any C ∈ S we have that C ′ ∈ ρ(C) implies C ′ � C (C � C ′).
C ′ is called a specialisation (generalisation) of C.

Quasi-orderings can be used for searching in the space of concepts. One such
quasi-order is subsumption. If a concept C subsumes a concept D (D v C), then
C will cover all examples, which are covered by D. This makes subsumption a
suitable order for solving the learning problem.

Definition 1. A refinement operator in the quasi-ordered space (ALC,vT ) is
called an ALC refinement operator.

We need to introduce some notions for refinement operators. A refinement
chain of an ALC refinement operator ρ of length n from a concept C to a con-
cept D is a finite sequence C0, C1, . . . , Cn of concepts, such that C = C0, C1 ∈
ρ(C0), C2 ∈ ρ(C1), . . . , Cn ∈ ρ(Cn−1), D = Cn. This refinement chain goes
through E iff there is an i (1 ≤ i ≤ n) such that E = Ci. We say that D
can be reached from C by ρ if there exists a refinement chain from C to D.
ρ∗(C) denotes the set of all concepts, which can be reached from C by ρ. ρm(C)
denotes the set of all concepts, which can be reached from C by a refinement
chain of ρ of length m. If we look at refinements of an operator ρ we will often
write C  ρ D instead of D ∈ ρ(C). If the used operator is clear from the context
it is usually omitted, i.e. we write C  D.

Refinement operators can have certain properties, which can be used to eval-
uate their usefulness.

Definition 2. An ALC refinement operator ρ is called

– (locally) finite iff ρ(C) is finite for any concept C.
– (syntactically) redundant iff there exists a refinement chain from a concept C

to a concept D, which does not go through some concept E and a refinement
chain from C to a concept weakly equal to D, which does go through E.

– proper iff for all concepts C and D, D ∈ ρ(C) implies C 6≡ D.
– ideal iff it is finite, complete (see below), and proper.

An ALC downward refinement operator ρ is called

– complete iff for all concepts C,D with C @T D we can reach a concept E
with E ≡ C from D by ρ.

– weakly complete iff for all concepts C @T > we can reach a concept E with
E ≡ C from > by ρ.

The corresponding notions for upward refinement operators are defined dually.



3 Concept Learning using Standard GP

To apply GP to the learning problem, we need to be able to represent ALC
concepts as trees. We do this by defining the alphabet T = NC ∪ {>,⊥} and
F = {t,u,¬} ∪ {∀r | r ∈ NR} ∪ {∃r | r ∈ NR}, where T is the set of terminal
symbols and F the set of function symbols.

Example 1. The ALC concept Male t ∃hasChild.Female can be represented as
the following tree:

We say that an alphabet has the closure property if any function symbol can
handle as an argument any data type and value returned by an alphabet symbol.
Using the presented encoding the closure property is satisfied, because the way
trees are build corresponds exactly to the inductive definition of ALC concepts.
This ensures that tree operations like crossover and mutation can be performed
safely, i.e. the obtained trees also represent ALC concepts.

Fitness Measurement To be able to apply GP to the learning problem we
need to define a fitness measure. To do this, we introduce some notions.

Definition 3 (covered examples). Let Target be the target concept, K a
knowledge base, and C an arbitrary ALC concept. The set of positive examples
covered by C, denoted by posK(C), is defined as:

posK(C) = {Target(a) | a ∈ NI ,K ∪ {Target ≡ C} |= Target(a)} ∩ E+

Analogously, the set of negative examples covered by C, denoted by negK(C), is
defined as:

negK(C) = {Target(a) | a ∈ NI ,K ∪ {Target ≡ C} |= Target(a)} ∩ E−

Of course, the fitness measurement should give credit to covered positive ex-
amples and penalize covered negative examples. In addition to these classification
criteria, it is also useful to bias the GP algorithm towards shorter solutions. A
possible fitness functions is:

fK(C) = −|E
+ \ posK(C)|+ |negK(C)|

|E+|+ |E−|
− a · |C| (0 < a < 1)

The parameter a is the decline in classification accuracy one is willing to
accept for a concept, which is shorter by one length unit. Being able to repre-
sent solutions and measuring their fitness is already sufficient to apply Genetic
Programming to a problem. We discuss some advantages and problems of doing
this.



Advantages GP is a very flexible learning method. It is not only able to learn in
ALC, but can also handle other description languages (languages with role con-
structors can be handled using the framework of Strongly Typed GP). GP has
been shown to deliver good results in practice and is especially suited in situa-
tions, where approximate solutions are acceptable [13]. An additional advantage
is that GP algorithms are parallelizable and can make use of computational re-
sources, i.e. if more resources (time and memory) exist its parameters can be
changed to increase the probability of finding good solutions. This may seem ob-
vious, but in fact this does not hold for many (deterministic) solution methods.
GP also allows for a variety of extensions and is able to handle noise naturally
(the parameter a in the introduced fitness function is one way to handle noise).

Problems of the Standard Approach Despite the described advantages
of GP, there are some notable drawbacks. One problem is that the crossover
operator is too destructive. For GP to work well, it should be the case that high
fitness individuals are likely to produce high fitness offspring. (This is the reason
why selection methods are used instead of random selection.) For crossover on
ALC concepts, small changes in a concept can drastically change its semantics,
so it is not very likely that the offspring of high fitness individuals also has a
high fitness. Similar problems arise when using GP in ILP and indeed a lot of
systems use non-standard operators [7].

Another problem of the standard approach is that we do not use all knowledge
we have. An essential insight in Machine Learning [15] is that the approaches,
which use most knowledge about the learning problem they want to solve, usually
perform best. The standard GP algorithm does not make use of subsumption
as quasi-order on concepts. Thus, a natural idea is to enhance the standard GP
algorithm by operators, which exploit the subsumption order.

4 Refinement Operators in Genetic Programming

4.1 Transforming Refinement Operators to Genetic Refinement
Operators

As argued before, it is useful to modify the standard GP approach to make
learning more efficient. The idea we propose is to integrate refinement operators
in GP. This aims to resolve the two problems we have outlined above: Well-
designed refinement operators are usually less destructive, because applying such
an operator to a concept means that only a small change to the concept is
performed – syntactically and semantically. Moreover, refinement operators can
make use of the subsumption order and, thus, use more available knowledge than
the standard GP algorithm. We show how refinement operators and GP can be
combined in general and then present a concrete operator.

Some steps need to be done in order to be able to use refinement operators as
genetic operators. The first problem is that a refinement operator is a mapping
from one concept to an arbitrary number of concepts. Naturally, the idea is to



select one of the possible refinements. In order to be able to do this efficiently,
we assume that the refinement operators we are looking at are finite.

The second problem when applying refinement operators to GP is that a
concrete refinement operator only performs either specialisation or generalisa-
tion, but not both. However, in GP we are likely to find too strong as well as too
weak concepts, so there is a need for upward and downward refinement. A simple
approach is to use two genetic operators: an adapted upward and an adapted
downward refinement operator.

Another way to solve the problem is to use one genetic operator, which
stochastically chooses whether downward or upward refinement is used. This al-
lows to adjust the probabilities of upward or downward refinement being selected
to the classification of the concept we are looking at. For instance consider an
overly general concept, i.e. it covers all positive examples, but does also cover
some negative examples. In this case we always want to specialize, so the prob-
ability for using downward refinement should be 1. In the opposite case for an
overly specific concept, i.e. none of the negatives is covered, but some positives,
the probability of downward refinement should be 0. How do we assign prob-
abilities to concepts, which are neither overly specific nor overly general? Our
approach is as follows:

1. The probability of downward refinement, denoted by p↓, should depend on
the percentage of covered negative examples. Using α as variable factor we
get:

p↓(K, C) = α · |negK(C)|
|E−|

In particular for |negK(C)| = 0 (consistent concept) we get p↓(K, C) = 0.
2. The probability of upward refinement, denoted by p↑, should depend on the

percentage of covered positive examples. We use the same factor as in the
first case:

p↑(K, C) = α ·
(

1− |posK(C)|
|E+|

)
In particular for |posK(C)| = |E+| (complete concept) we get p↑(K, C) = 0.

3. For any concept p↓(K, C) + p↑(K, C) = 1.

From this, we can derive the following formulae for the probabilities of upward
and downward refinement:

p↓(K, C) =
|negK(C)|

|E−|

1 + |negK(C)|
|E−| − |posK(C)|

|E+|

p↑(K, C) =
1− |posK(C)|

|E+|

1 + |negK(C)|
|E−| − |posK(C)|

|E+|

Note that the return value of the formula is undefined, due to division by zero, for
complete and consistent concepts. However, in this case C is a learning problem
solution and we can stop the algorithm – or continue it to find smaller solutions
by just randomly selecting whether upward or downward refinement is used.

This way we have given a possible solution to both problems: transforming
the refinement operator to a mapping from a concept to exactly one concept



and managing specialisation and generalisation. Overall, for a given finite up-
ward refinement operator φ↑ and a finite downward refinement operator φ↓ we
can construct a genetic operator φ, which is defined as follows (rand selects an
element of a given set uniformly at random):

φK(C) =


rand(φ↓(C)) with probability

|negK(C)|
|E−|

1+
|negK(C)|
|E−|

− |posK(C)|
|E+|

rand(φ↑(C)) with probability
1− |posK(C)|

|E+|

1+
|negK(C)|
|E−|

− |posK(C)|
|E+|

(1)

In the sequel, we will call genetic operators, which are created from upward and
downward refinement operators this way, genetic refinement operators.

4.2 A Genetic Refinement Operator

To design a suitable refinement operator for learning ALC concepts, we first
look at theoretical limitations. The following theorem [14] is a full analysis of
the properties of ALC refinement operators:

Theorem 1. Considering the properties completeness, weak completeness, pro-
perness, finiteness, and non-redundancy the following are maximal sets of prop-
erties (in the sense that no other of the mentioned properties can be added) of
ALC refinement operators:

1. {weakly complete, complete,finite}
2. {weakly complete, complete, proper}
3. {weakly complete,non-redundant,finite}
4. {weakly complete,non-redundant, proper}
5. {non-redundant,finite, proper}

We prefer complete operators, because this guarantees that, by applying the
operator, we always have the possibility to find a solution of the learning problem.
As argued before, we also need a finite operator. This means that a complete
and finite operator is the best we can hope for. We will define such an operator
in the sequel.

For A ∈ NC and background knowledge K = (T ,A), we define nb↓(A) =
{A′ | A′ ∈ NC , there is no A′′ ∈ NC with A′ @T A′′ @T A}. nb↑(A) is de-
fined analogously. Furthermore, we define the operator φ↓ as shown in Figure
1. It works on concepts in negation normal form, so an input concept has to be
converted if necessary.

Proposition 1. φ↓ is an ALC downward refinement operator.

Proof. We show that D ∈ φ↓(C) implies D vT C by structural induction over
ALC concepts in negation normal form. We can ignore refinements of the form
C  C u >, because obviously C vT C u > (C ≡T C u >). We also ignore
refinements of the form C  ⊥, for which the claim is also true. All other cases
are shown below.



φ↓(C) =

8>>>>>>>>>>>>>>>>>>>>>>>>>>>><>>>>>>>>>>>>>>>>>>>>>>>>>>>>:

∅ if C = ⊥
{∀r.> | r ∈ NR} ∪ {∃r.> | r ∈ NR} ∪ {> t >} if C = >
∪ {A | nb↑(A) = ∅} ∪ {¬A | nb↓(A) = ∅}
{A′ | A′ ∈ nb↓(A)} ∪ {⊥ | nb↓(A) = ∅} ∪ {A u >} if C = A (A ∈ NC)

{¬A′ | A′ ∈ nb↑(A)} ∪ {⊥ | nb↑(A) = ∅} ∪ {¬A u >} if C = ¬A (A ∈ NC)

{∃r.E | E ∈ φ↓(D)} ∪ {∃r.D u >} ∪ {⊥ | D = ⊥} if C = ∃r.D
{∀r.E | E ∈ φ↓(D)} ∪ {∀r.D u >} ∪ {⊥ | D = ⊥} if C = ∀r.D
{C1 u · · · u Ci−1 uD u Ci+1 u · · · u Cn if C = C1 u · · · u Cn

| D ∈ φ↓(Ci), 1 ≤ i ≤ n} (n ≥ 2)

∪ {C1 u · · · u Cn u >}
{C1 t · · · t Ci−1 tD t Ci+1 t · · · t Cn if C = C1 t · · · t Cn

| D ∈ φ↓(Ci), 1 ≤ i ≤ n} (n ≥ 2)

∪ {C1 t · · · t Ci−1 t Ci+1 t · · · t Cn | 1 ≤ i ≤ n}
∪ {(C1 t · · · t Cn) u >}

Fig. 1. definition of φ↓

– C = ⊥: D ∈ φ↓(C) is impossible, because φ↓(⊥) = ∅.
– C = >: D vT C is trivially true for each concept D (and hence also for all

refinements).
– C = A (A ∈ NC): D ∈ φ↓(C) implies that D is also an atomic concept or

the bottom concept and D @ C.
– C = ¬A: D ∈ φ↓(C) implies that D is of the form ¬A′ with A @T A′.

A @T A′ implies ¬A′ @T ¬A by the semantics of negation.
– C = ∃r.C ′: D ∈ φ↓(C) implies that D is of the form ∃r.D′. We have D′ vT C ′

by induction. For existential restrictions ∃r.E vT ∃r.E′ if E @T E′ holds in
general [4]. Thus we also have ∃r.D′ v ∃r.C ′.

– C = ∀r.C ′: This case is analogous to the previous one. For universal restric-
tions ∀r.E vT ∀r.E′ if E @T E′ holds in general [4].

– C = C1 u · · · uCn: In this case one element of the conjunction is refined, so
D vT C follows by induction.

– C = C1t· · ·tCn: One possible refinement is to apply φ↓ to one element of the
disjunction, so D vT C follows by induction. Another possible refinement is
to drop an element of the disjunction, when D vT C obviously also holds.

Proposition 2. φ↓ is complete.

Proof. We will first show weak completeness of φ↓. We do this by structural
induction over ALC concepts in negation normal form, i.e. we show that every
concept in negation normal form can be reached by φ↓ from >.

– Induction Base:
• >: > can trivially be reached from >.
• ⊥: > A1  . . . An  ⊥ (descending the subsumption hierarchy)
• A ∈ NC : >  A1  . . .  An  A (descending the subsumption

hierarchy until A is reached)
• ¬A(A ∈ NC): >  ¬A1  . . .  ¬An  ¬A (ascending the sub-

sumption hierarchy of atomic concepts within the scope of a negation
symbol)



– Induction Step:
• ∃r.C: > ∃r.> ∗ ∃r.C (last step by induction)
• ∀r.C: > ∀r.> ∗ ∀r.C (last step by induction)
• C1 u · · · u Cn: >  ∗ C1 (by induction)  C1 u >  ∗ C1 u C2  ∗

C1 u · · · u Cn

• C1 t · · · tCn: > >t> ∗ C1 t> (by induction)  C1 t>t> ∗

C1 t C2 t > ∗ C1 t · · · t Cn

We have shown that φ↓ is weakly complete. If we have two ALC concepts C and
D in negation normal form with C vT D, then for a concept E = D u C we
have E ≡T C. E can be reached by the following refinement chain from D:

D  D u > ∗ D u C (by weak completeness of φ↓)

Thus, we have shown that we can reach a concept equivalent to C, which proves
the completeness of φ↓.

Proposition 3. φ↓ is finite.

Proof. Some rules in the definition of φ↓ apply φ↓ recursively, e.g. specialising an
element of a conjunction. Since such applications are only performed on inner
structures of an input concept, only finitely many recursions are necessary to
compute all refinements. This means that it is sufficient to show that every single
application of φ↓ produces finitely many refinements under the assumption that
each recursive application of φ↓ on an inner structure represents a finite set.
Since NR and NC are finite, this can be verified easily by analysing all cases in
Figure 1.

We have shown that φ↓ is complete and finite, which makes it suitable to
be used in a genetic refinement operator. We defined a dual upward refinement
operator φ↑ and showed its completeness and finiteness. The definition of the
operator and the proofs are omitted, because they are analogous to what we have
shown for φ↓. From φ↓ and φ↑ we can construct a genetic refinement operator as
described in Equation 1. This new operator is ready to be used within the GP
framework and combines classical induction with evolutionary approaches.

What are the differences between classical refinement operator based ap-
proaches and our evolutionary approach? Usually, in a classical algorithm a re-
finement operator spans a search tree and a search heuristic guides the direction
of search. The heuristic corresponds to the fitness function in a GP and usually
both bias the search towards small concepts with high classification accuracy.

The search space in a classical algorithm is traversed in a well-structured and
often deterministic manner. However, such an algorithm has to maintain (parts
of) a search tree, which is usually continuously growing. In a GP, the population
has, in most cases, a constant size. This means that a GP can run for a long time
without consuming more space (assuming that the individuals themselves are not
constantly growing, which is not the case for our genetic refinement operator). In
this sense, a GP can be seen as a less structured search with individuals moving



stochastically in the search space. Another difference is that classical algorithms
often traverse the search space only in one direction (bottom-up or top-down
approach), whereas genetic refinement operators use both directions and can
start from random points in the search space. In general, it is not clear whether
a classical or hybrid approach is to be preferred and the choice – as usual in
Machine Learning – depends on the specific problem at hand.

5 Preliminary Evaluation

To perform a preliminary evaluation, we have chosen the FORTE [20] family
data set. We transformed it into an OWL ontology about family relationships
and defined a new learning task. In our case, the ontology contains two disjoint
concepts Male and Female, the roles parent, sibling (symmetric), and married
(symmetric and functional). The family tree is described by 337 assertional ax-
ioms. As learning target, we have chosen the concept of an uncle. A possible
definition of this concept is:

Male u (∃ sibling.∃ parent.> t ∃ married.∃ sibling.∃ parent.>)
86 examples, 23 positive and 63 negative, are provided. This learning task can
be considered challenging, since the smallest possible solution is long (length
13) and there are no restrictions on the search space. For our experiments, we
have chosen to let the GP algorithm run a fixed number of 50 generations. We
used a generational algorithm and initialised it using the ramped-half-and-half
method with maximum depth 6 for initialisation. The fitness measure in Section
3 with a non-optimised value of a = 0.0025 was used, i.e. a length unit is worth
a accuracy decline of 0.25% . As selection method, we have chosen rank selection
defined in such a way that the highest ranked individual has a ten times higher
probability of being selected than the lowest ranked individual.
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Fig. 2. classification accuracy on family data set

Since our main contribution is the provision of a new operator, we have tested
three sets of operator probabilities. All sets have a 2% probability for mutation.



The standard GP set has an 80% probability of crossover (the remaining 18%
are used for reproduction). The mixed set uses 40% crossover and 40% genetic
refinement operator and the refinement set uses only 5% crossover and 85%
genetic refinement operator. We have varied the population size from 100 to 700
and averaged all results over 10 runs. Figure 2 depicts the results we obtained
with respect to classification accuracy of the examples (defined as in the first part
of Equation 3). Under the assumptions of a t test, the difference in accuracy for
standard GP compared to one of the two others is statistically significant with
a confidence interval of 95% for population sizes higher than 200.

Apart from the classification accuracy, we also measured the length of the
concepts, which were returned as solutions by the algorithm. The results are
shown in Figure 3. All algorithms were always able to find at least a concept of
length 3 with a classification accuracy of 88%. Since the number of ALC concepts
grows exponentially with their length, it is much harder for a learning algorithm
to find promising long concepts. In most cases, standard GP failed to do so,
whereas the other algorithms had high success rates for high population sizes.
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Fig. 3. length of learned concepts on family data set

For the experiments we used the reasoner Pellet2 (version 1.4RC1), which
was connected to the learning program using the DIG 1.1 interface3. Most of
the runtime of the algorithm (98%) was spent for reasoner requests. Since the
genetic refinement operator is not proper and performs only small changes on
concepts, we built up a caching mechanism for it. Before saving a concept in
the cache, we normalized it. First, we defined a linear order over ALC concepts
and ordered elements in conjunctions and disjunctions according to this order.
Additionally, we converted the concept to negation normal form and applied
equivalence preserving rewriting rules e.g. C u > → C. This techniques allowed
us to use the cache for approximately 65% of the computed refinements of the
genetic refinement operator. Due to more cache hits, the performance of the
2 http://pellet.owldl.com
3 http://dl.kr.org/dig/



genetic refinement operator is even better than for crossover and mutation. The
overall runtime varied from approximately 100 seconds on average for a popula-
tion size of 100 to 950 seconds on average for a population size of 700 on a 2,2
GHz dual core processor4 with 2 GB RAM.

The YinYang system [11] has a runtime of 200 seconds for this example, a
classification accuracy of 73.5%, and a concept length of 12.2 averaged over 10
runs5. We could not use other systems for comparison. The system in [6] is not
available anymore and the approach in [4] was not fully implemented.

6 Related Work

To the best of our knowledge, there has been no attempt to use evolutionary
approaches for learning concepts in description logics. Hence, there is no closely
related work we are aware of. Approaches for concept learning in description
logics are described in [6,4,9,11]. Although evolutionary methods have not been
considered for learning in description logics before, they have been used for
inducing logic programs. A recent article [7] provides a good overview.

Evolutionary ILP systems usually use variants of Genetic Algorithms or Ge-
netic Programming. The goal is to learn a set of clauses for a target predicate.
EVIL 1 [19] is a system based on Progol [16], where an individual represents a
set of clauses (called the Pittsburgh approach) and crossover operators are used.
REGAL [17] is a system, which consists of a network of genetic nodes to achieve
high parallelism. Each individual encodes a partial solution (called the Michigan
approach). It uses classic mutation and several crossover operators. GNET is
a descendant of REGAL. It also uses a network of genetic nodes, but takes a
co-evolutionary approach [1], i.e. two algorithms are used to converge to a so-
lution. DOGMA [10] is a system, which uses a combination of the Pittsburgh
and Michigan approach on different levels of abstraction. All these systems use
a simple bit string representation. This is possible by requiring a fixed template,
which the solution must fit in. We did not consider this approach when learning
in description logics due to its restricted flexibility.

The following systems use a high level representation of individuals. SIA01
[2] is a bottom-up approach, which starts with a positive example as seed and
grows a population until it reaches a bound (so the population size is not fixed
as in the standard approach). ECL [8] is a system using only mutation style
operators for finding a solution. In contrast GLPS [23] uses only crossover style
operators and a tree (more exactly forest) representation of individuals. In [22] a
binary representation of clauses is introduced, which is shown to be processable
by genetic operators in a meaningful way. [21] extends this framework by a fast
fitness evaluation algorithm.

The systems based on Genetic Programming, i.e. SIA01, ECL, and GLPS
are closest to our approach. Similar to our research, they also concluded that
4 Our current GP implementation does not efficiently use the second CPU.
5 3 out of 86 examples could not be used, because YinYang could not calculate most

specific concepts for them, which are needed as input for their algorithm.



standard GP is not sufficient to solve their learning problem. As a consequence,
they invented new operators. As far as we know, they did not try to connect
refinement operators and GP explicitly as we did. We cannot directly compare
the operators, which are used in ILP systems, with the genetic operator we have
developed, since the target language (logic programs) is different.

7 Conclusions, Further Work

In the article, we have presented a hybrid approach for learning concepts in
DLs, which combines GP and refinement operators. We first presented how to
solve the problem using standard GP, outlined difficulties and showed how they
can be overcome using refinement operators. To the best of our knowledge, this
is the first time a framework for transforming refinement operators to genetic
operators has been proposed and the first time that evolutionary techniques have
been applied to the concept learning problem in description logics. Based on a
full property analysis [14], we developed a concrete genetic refinement operator
and provided a preliminary evaluation.

In the future we plan to extend our evaluation, propose benchmark data sets
for the learning problem, and analyse the interaction between genetic refinement
operators and traditional operators.
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