
Categorizing Unsupervised Relational Learning Algorithms∗

Hannah Blau Amy McGovern
Department of Computer Science

University of Massachusetts
Amherst, Massachusetts 01003-9264

{blau,amy}@cs.umass.edu

Abstract

We outline some criteria by which to compare un-
supervised relational learning algorithms, and illus-
trate these criteria with reference to three examples:
SUBDUE, relational association rules (WARMR),
and Probabilistic Relational Models. For each al-
gorithm we ask, What form of input data does it
require? What form of output does it produce?
Can the output be used to make predictions about
unseen inputs? Categorizing the existing unsuper-
vised relational learning algorithms helps us to un-
derstand how each algorithm relates to the others
(no pun intended). We can identify important gaps
in coverage that could be fruitful areas for future
research.

1 What do we mean by unsupervised?
In this paper we outline some criteria by which to compare
unsupervised relational learning algorithms. We begin by
clarifying what we mean by an unsupervised learning algo-
rithm. A supervised learning algorithm distinguishes one at-
tribute of its input instances as the target and learns a model
designed to predict the value of the target attribute for pre-
viously unseen inputs. The target attribute can be discrete,
as in classification, or continuous. An unsupervised learning
algorithm does not treat any particular attribute of its input
instances as the target to be learned. There is no teacher who
gives the correct answer; there is no one correct answer. In
some cases, the model produced by an unsupervised learning
algorithm can be used for prediction tasks even though it was
not designed for such tasks. The distinction between super-
vised and unsupervised learning is a spectrum on which some
algorithms are at the extremes and others are toward the mid-
dle. SUBDUE is clearly an unsupervised learning algorithm.
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It recognizes repeated substructures in a labeled graph, and
can be used for graph compression [Cook and Holder, 1994]
and for hierarchical clustering [Jonyer et al., 2001], but not
prediction. Relational Markov Networks [Taskar et al., 2002]
are designed for discriminative training: they fall at the super-
vised end of the spectrum. Probabilistic Relational Models
are more toward the middle. PRMs learn a dependency struc-
ture which can enhance a domain expert’s understanding of
the data [Getoor et al., 2001]. They can model uncertainty
in the relational structure of the domain [Getoor et al., 2002].
They can be used for classification and for clustering [Taskar
et al., 2001]. The underlying learning algorithm is the same,
but the relational data structures given as input are adapted to
the desired task.

2 Criteria of comparison
Unsupervised relational learning algorithms can be catego-
rized along several different axes:

• What form of input data does the algorithm require?

• What form of output does it produce?

• Can the output be used to make predictions about unseen
inputs?

To describe the input data configuration, we employ the
terms object, link, and attribute. (We choose link instead of
relation to avoid confusion with the terminology of relational
database management systems.) In our framework, relational
data consist of objects connected together by links. Both ob-
jects and links can have attributes. An attribute is a name-
value pair.

The input for any learning algorithm that claims to be “re-
lational” must have links as well as objects. A link can be
represented explicitly by an edge in a graph, or implicitly by
a pointer to the related object. The number of attributes al-
lowed for each object or link can be none, exactly one, or
many. The input database can consist of a single connected
component, or a set of connected components.

The output of a relational learning algorithm is a pattern
(using the term loosely) that expresses a generalization sup-
ported by the input data. The scale of the pattern might be
a single object, or a structure consisting of a group of related
objects and the links that connect them. All patterns produced
by a relational learning algorithm are descriptive because they



capture regularities of the input data; some patterns can also
be used to make predictions about unseen data.

Categorizing the existing unsupervised relational learning
algorithms helps us to understand how each algorithm relates
to the others (no pun intended). Our goals in developing this
categorization are
• to establish a common vocabulary in which to express

the similarities and differences of relational learning al-
gorithms;

• to identify interesting areas of unsupervised relational
learning that are currently underdeveloped.

3 Three example algorithms
We illustrate our multi-dimensional categorization of unsu-
pervised relational learning algorithms by comparing three
systems that differ widely in their input and output formats.

The WARMR algorithm [Dehaspe et al., 1998; Dehaspe and
Toivonen, 2001] finds relational association rules or, to use
the vocabulary of the authors, query extensions. The algo-
rithm takes as input a Prolog database and a specification (in
the WARMODE language) that limits the format of possible
query extensions. The output of WARMR is a set of query ex-
tensions, all of which refer to the object designated as the key
parameter. The query extensions are not limited to attributes
of the key object, but can include its links to other objects and
their attributes.

The SUBDUE system [Cook and Holder, 1994] iteratively
discovers repeated substructures in a graph and compresses
the graph by replacing the repeated substructure with a single
vertex. The algorithm takes as input a labeled graph and a
set of rules intended to bias the search process toward struc-
tures that are deemed more interesting. SUBDUE returns as
output the substructure selected at each iteration as the best
to compress the graph.

Probabilistic Relational Models (PRM) reinterpret
Bayesian networks in a relational setting. PRMs have been
evolving rapidly over the past few years; we focus here
on the version described in [Getoor et al., 2002]. A PRM
captures the probabilistic dependence between the attributes
of interrelated objects. It can also model uncertainty about
the link structure. Reference uncertainty means we know
how many links there are in the graph, but we don’t know
what their endpoints are. Existence uncertainty means we
don’t know how many links there are and have to consider the
possibility that any pair of objects (of the appropriate types)
might be linked. The input to the PRM learning algorithm is
a database schema (specifying objects, links, and attributes)
and an instantiation of that schema (a set of relational tables).

4 Input criterion of comparison
The first criterion of comparison concerns the input to the
unsupervised relational learning algorithm. Our three exam-
ple algorithms have very different data representations, but
conceptually we can view their input in terms of objects and
links. For SUBDUE the mapping is straightforward: objects
correspond to vertices in the graph, and links to edges. SUB-
DUE requires exactly one attribute on each object and link in
the graph: a label.

In the Inductive Logic Programming approach of WARMR,
the input data are a set of Prolog facts, describing both objects
and links. The predicate name is the equivalent of a type
attribute. For example (from [Dehaspe and Toivonen, 2001,
p. 191]), a fact such as

customer(allen).

represents an object of type customer with identifier allen. A
fact such as

parent(allen, bill).

represents a link of type parent between the allen object and
the bill object. The WARMR data model allows both ob-
jects and links to have multiple attributes besides type, which
would be represented by additional arguments to the cus-
tomer and parent predicates.

Our use of the terms “object” and “link” does not coincide
with the terminology of [Getoor et al., 2002]. What we call
an object corresponds to the instantiation of an entity class in
the PRM. What we call a link corresponds to the instantiation
of a relationship class. The reference slots of the relationship
class tell us the endpoints of the link. Both entity classes and
relationship classes can have descriptive attributes, which we
would simply call attributes. So any object or link in the PRM
input can have multiple attributes. Could there be a link with
no attributes? No. Even if the relationship class has only ref-
erence slots and no descriptive attributes, we still say that the
link has one type attribute because in the PRM we know to
what class this link belongs. For example, the PRM for the
citation domain has a class representing the “cites” relation-
ship between one paper and another. This is equivalent in our
vocabulary to a link of type “cites” going from the citing pa-
per to the cited paper. Keeping this translation of terminology
in mind, we conclude that every object and link in the PRM’s
input has at least one attribute, its type, and possibly more.

5 Output criterion of comparison
The second criterion of comparison concerns the output
produced by the unsupervised relational learning algorithm.
Does the algorithm discover patterns at the level of individ-
ual objects, or at the level of subgraphs? (By “subgraph” we
mean a structure containing at least one link with its associ-
ated objects.) SUBDUE searches for repeated substructures
using an approximate graph match, and at each iteration re-
turns the substructure which achieves the maximum graph
compression when it is collapsed to a vertex. These are cer-
tainly patterns at the subgraph level. PRMs also discover pat-
terns at the subgraph level. The result of training a PRM is an
estimate of the joint probability distribution of attribute val-
ues (and link structure, in the case of reference or existence
uncertainty) over the entire network.

Relational association rules are in a gray area. The
WARMR algorithm requires that some predicate be designated
as the key. All query extensions must contain the key pred-
icate. For example, if customer is the key then all the rules
will be about customers. (A link predicate such as parent
can also be designated the key.) The association rules men-
tion other objects to which the customer is linked, and the



attributes of those related objects. So all the discovered pat-
terns concern the key object (or link) but can draw upon the
relational neighborhood surrounding the key.

6 Predictive criterion of comparison

Generally the goal of an unsupervised learning algorithm is
descriptive. We hope that the discovered patterns capture the
essential regularities of the input dataset. However, for some
algorithms it is possible to make predictions about new inputs
based on the patterns observed in the training data. Relational
association rules could be applied to make predictions about
the key object (or link). As noted in Section 1, PRMs can
be used for classification [Taskar et al., 2001; Getoor et al.,
2002]. SUBDUE’s output cannot be exploited for prediction.
There is no reason to assume the substructure that provides
maximum compression in one input graph would do the same
in another graph.

7 Conclusion

We have presented one approach to categorizing unsuper-
vised relational learning algorithms, and applied it to three
examples. These same criteria of comparison would be rele-
vant for other algorithms we have not discussed, such as fre-
quent subgraph discovery [Kuramochi and Karypis, 2001],
and stochastic link and group detection [Kubica et al., 2002].
We aim to establish a common vocabulary in which we can
compare systems that have very different input/output specifi-
cations. Categorizing the current algorithms helps us identify
important gaps in unsupervised relational learning that could
be fruitful areas for future research.
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