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Abstract

Relational learning analyzes the probabilis-
tic constraints between the attributes of en-
tities and relationships. We extend the ex-
pressiveness of relational models by introduc-
ing for each entity (or object) an infinite-
dimensional latent variable as part of a
Dirichlet process (DP) mixture model. We
discuss inference in the model, which is based
on a DP Gibbs sampler, i.e., the Chinese
restaurant process. We extended the Chi-
nese restaurant process to be applicable to
relational modeling. We discuss how infor-
mation is propagated in the network of la-
tent variables, reducing the necessity for ex-
tensive structural learning. In the context of
a recommendation engine our approach re-
alizes a principled solution for recommenda-
tions based on features of items, features of
users and relational information. Our ap-
proach is evaluated in three applications: a
recommendation system based on the Movie-
Lens data set, the prediction of gene func-
tion using relational information and a med-
ical recommendation system.

1 Introduction

Relational learning (Dzeroski & Lavrac, 2001; Raedt &
Kersting, 2003; Wrobel, 2001; Friedman et al., 1999) is
an object oriented approach that clearly distinguishes
between entities (e.g, objects), relationships and their
respective attributes and represents an area of growing
interest in machine learning. A simple example of a
relational system is a recommendation system: based
on the attributes of two entities, i.e. of the user and
the item, one wants to predict relational attributes like
the preference (rating, willingness to purchase, ...) of
this user for this item. In many circumstances, the
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attributes of the entities are rather weak predictors
in which case one can exploit the known relationship
attributes to predict unknown entity or relationship
attributes (Yu et al., 2004). In recommendation sys-
tems, the latter situation is often referred to as col-
laborative filtering. Although the unique identifier of
an entity to which a relationship exists might often be
used as a feature, it has the disadvantage that it does
not permit the generalization to new entities. From
this point of view it is more advantageous to intro-
duce a latent variable representing unknown attributes
of the entities, which is the approach pursued in this
paper. Attributes of entities are now children of the
corresponding entity latent variable and attributes of
relationships are children of the latent variables of the
entities participating in the relationship. By introduc-
ing the latent variables the ground network forms a re-
lational network of latent variables. Thus, our hidden
relational model can be viewed on as a direct gener-
alization of hidden Markov models used in speech or
hidden Markov random fields used in vision (such mod-
els are discussed, for example, in Yedidia et al. 2005).
As in those models, information can propagate across
the network of latent variables in the hidden relational
model, which reduces the need to extensive structural
model selection. Structural model selection is a major
problem in relational learning due to the exponentially
many features an attribute might depend on. Thus in-
formation about my grandfather can propagate to me
via the latent variable of my father.

Since each entity class might have a different number
of states in its latent variables, it is natural to allow the
model to determine the appropriate number of latent
states in a self-organized way. This is possible by em-
bedding the model in Dirichlet process (DP) mixture
models, which can be interpreted as a mixture models
with an infinite number of mixture components but
where the model, based on the data, automatically re-
duces the complexity to an appropriate finite number
of components. The DP mixture model also allows
us to view our infinite hidden relational model as a
























