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Abstract. We consider the problem of learning Boltzmann machine classifiers
from relational data. Our goal is to extend the deep belief framework of RBMs to
statistical relational models. This allows one to exploit the feature hierarchies and
the non-linearity inherent in RBMs over the rich representations used in statistical
relational learning (SRL). Specifically, we use lifted random walks to generate
features for predicates that are then used to construct the observed features in the
RBM in a manner similar to Markov Logic Networks. We show empirically that
this method of constructing an RBM is comparable or better than the state-of-theart probabilistic relational learning algorithms on four relational domains.

Introduction
Restricted Boltzmann machines (RBMs)([23]) are popular models for learning probability distributions due to their expressive power. Consequently, they have been applied
to various tasks such as collaborative filtering [31], motion capture [32] and others.
Similarly, there has been significant research on the theory of RBMs: approximating
log-likelihood gradient by contrastive divergence (CD) [11], persistent CD [33], parallel tempering [7] , extending them to handle real-valued variables and discriminative
settings. While these models are powerful, they make the standard assumption of using
flat feature vectors to represent the problem.
In contrast to flat-feature representations, Statistical Relational Learning (SRL) [10,
5] methods use richer symbolic features during learning; however, they have not been
fully exploited in deep-learning methods. Learning SRL models is computationally intensive [26] however, particularly model structure (qualitative relationships). This is
due to the fact that structure learning requires searching over objects, their attributes,
and attributes of related objects. Hence, the state-of-the-art learning method for SRL
models learns a series of weak relational rules that are combined during prediction.
While empirically successful, this method leads to rules that are dependent on each
other making them uninterpretable. We propose to use a set of interpretable rules based
on the successful Path Ranking Algorithm (PRA, [21]). Recently, [14] have employed
logical rules to enhance the representation of neural networks. There has also been work

