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The goals of this presentation are as follows:
• Review some key ideas and developments in

inductive logic programming.

• Show how these ideas can be used in other
learning settings, and in particular for the compu-
tational scientific discovery of quantitative laws.

• Encourage more research on learning in rich
representations, such as relational representations
and differential equations, which can be used for
modeling a variety of real world problems.

Inductive logic programming (ILP) is concerned with
learning from data and domain knowledge in rela-
tional representations. ILP started off by addressing
the task of learning logic programs from examples and
background knowledge (Muggleton 1992; Lavrač and
Džeroski 1994; De Raedt 1996). Recent developments,
however, have broadened its scope to address a variety
of learning tasks in relational representations. A signif-
icant part of ILP research now goes under the heading
(Multi)Relational Data Mining – (M)RDM (Džeroski
and Lavrač 2001) – and is concerned with finding pat-
terns such as relational association rules and relational
decision trees from multi-table relational databases.
As another example, ILP has been also used in a
reinforcement learning context (Džeroski et al. 1998;
2001; Driessens and Džeroski 2002).

Key ideas from ILP include:
• Transforming ILP problems to propositional form

(Lavrač and Džeroski 1994);

• The use of background knowledge;

• Refinement operators (Shapiro 1983);

• Declarative language bias (Nedellec et al. 1996);

• Theory revision (De Raedt 1992; Wrobel 1996).
These ideas have received significant attention within
ILP, but are not specific to it. We have successfully
used most of these ideas also within the context of
computational scientific discovery of quantitative laws.

Computational scientific discovery (Langley et al.
1987; Shrager and Langley 1990) is concerned with
applying computational methods to automate scien-
tific activities. Early research on computational dis-
covery (Langley et al. 1987) focussed on reconstruct-
ing episodes from the history of science by model-
ing the scientific activities and processes that led to
the scientist’s insight. Recent efforts in this area (for
overviews see Langley 2000; Džeroski and Todorovski
2002) have focussed on individual scientific activities
(such as formulating quantitative laws). Much of the
work in computational scientific discovery has put em-
phasis on formalisms used to communicate among sci-
entists, including numeric equations, structural mod-
els, and reaction pathways.

Over the last decade, we have developed a number of
approaches to discovering quantitative laws in the form
of algebraic, ordinary differential (ODEs) and partial
differential (PDEs) equations (Džeroski and Todor-
ovski 1993; Todorovski and Džeroski 1997; Todorovski
et al. 2000). They have been applied to a number
of practical modeling problems, mainly in the area of
ecology (Todorovski et al. 1998; Džeroski et al. 1999).
We have devoted special attention to the use of var-
ious forms of domain knowledge: we use declarative
bias (Todorovski and Džeroski 1997) and background
knowledge (Džeroski and Todorovski 2001; Langley et
al. 2002), and also address the problem of revising
theories that consist of quantitative laws (Todorovski
and Džeroski 2001). A number of key ideas from ILP
were used in these developments:

• Introducing ordinary and partial derivatives by
numerical derivation and transforming the prob-
lem of discovering ODEs and PDEs to the prob-
lem of discovering algebraic equations.

• Using declarative bias and refinement operators
to define and search the space of equations.

• Revising quantitative laws in the light of new ob-
servations, trying to retain as much as possible of
the originals laws.



Learning in rich representations (such as relational
representations and differential equations) allows for
a realistic approach to learning in difficult domains.
Rather than trying to solve a difficult problem by
starting from scratch, one can use existing domain
knowledge in addition to collected observations (ex-
amples) and build upon it. Different types of domain
knowledge can be taken into account, such as concepts
already in common use (background knowledge), intu-
itions about the form of the target theory (declarative
bias) and existing theories (theory revision). In this
context, one can trade-off between the quantity and
quality of observations and domain knowledge: high
quantities of quality data may suffice to generate a
good theory even with no domain knowledge, while
smaller quantities of (lower quality) data may suffice
if relevant domain knowledge is available. We believe
this is of great importance and would like to encourage
further research on learning in rich representations.
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Džeroski, S., De Raedt, L., & Blockeel, H. (1998). Re-
lational reinforcement learning. In Proc. 15th In-

ternational Conference on Machine Learning (pp.
136–143). Morgan Kaufmann, San Francisco, CA.
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