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Abstract

Probabilistic databases compute the success
probabilities of queries. We introduce the
problem of learning the parameters of the
probabilistic database ProbLog. Given the
observed success probabilities of a set of
queries, we use a least squares approach to
compute the probabilities attached to facts
that have a low approximation error on the
training data as well as on unseen examples.!

1. Introduction

The statistical relational learning community has de-
voted a lot of attention to learning both the struc-
ture and parameters of probabilistic logics, cf. (Getoor
& Taskar, 2007; De Raedt et al., 2008), but so far
seems to have devoted little attention to the learn-
ing of probabilistic database formalisms. Probabilis-
tic databases (Dalvi & Suciu, 2004; De Raedt et al.,
2007) associate probabilities to facts, indicating the
probabilities with which the facts hold. This informa-
tion is then used to define and compute the success
probability of queries or derived facts or tuples. Be-
cause probabilistic databases do not constitute a gen-
erative model, it has — so far — been unclear as how
to learn such databases. In this paper, we introduce
the problem of learning the parameters of probabilis-
tic databases from a set of queries together with their
target probabilities. The approach is incorporated in

IThis is a shortened version of an extended abstract
submitted to the 6th International Workshop on Mining
and Learning with Graphs (MLG2008)

the probabilistic database ProbLog (De Raedt et al.,
2007), though it can easily be integrated in other prob-
abilistic databases as well. ProbLog has been designed
to support life scientists that mine a large network of
biological entities in interactive querying sessions..
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Figure 1. (a) Probabilistic graph. (b) Learning curve with
standard deviation, on test set for graph with 88 edges.

2. ProbLog

MSE on test set ——

ProbLog is a simple probabilistic extension of Prolog
introduced in (De Raedt et al., 2007). A ProbLog
program consists — as Prolog — of a set of definite
clauses. However, in ProbLog every fact ¢; is la-
beled with the probability p; that it is true, and those
probabilities are assumed to be mutually independent.
For ease of illustration, we will consider probabilis-
tic graphs like the one in Figure 1(a) in the follow-
ing, but the entire discussion carries over to arbitrary
ProbLog programs. Such a probabilistic graph can
be used to sample subgraphs by tossing a biased coin
for each edge. The corresponding ProbLog program
T ={p1:c1,"++ ,Pn : cn} therefore defines a probabil-
ity distribution over subgraphs L C Ly = {c1, -+ ,¢pn}
in the following way:

P(LIT) = HcieL Pi HcieLT\L(l — i)



It is straightforward to add background knowledge in
the form of Prolog clauses, say, the definition of a path
by combining edges. We can then ask for the probabil-
ity that there exists e.g. a path between nodes a and
¢ in our probabilistic graph, i.e. the probability that a
randomly sampled subgraph contains the edge from «a
to ¢, or the path from a to ¢ via b (or both of them).
Formally, the success probability Ps(q|T) of a query ¢
in a ProbLog program T is defined as

P@T) =3, ., PlalD)-PLIT), (1)

where P(g|L) = 1 if there exists a 6 such that L |= ¢f,
and P(g|L) = 0 otherwise. The success probability of
query q corresponds to the probability that the query
q is provable in a randomly sampled logic program.
Due to presence of multiple paths in samples, eval-
uating the success probability of ProbLog queries is
computationally hard, see (De Raedt et al., 2007) for
an approximation algorithm.

3. Parameter Learning

ProbLog does not provide a generative model for
sampling queries (e.g. paths between nodes). Thus,
we cannot directly apply standard maximum likeli-
hood techniques for parameter estimation based on
the EM algorithm. We consider parameter learning
for ProbLog as a function optimization problem:

Definition 1 (ProbLog Parameter Learning)
Given a set of training examples {qi, pi} 5., K > 0,
where each q; € H s a logical query with success
probability p;, find a function h : H — [0,1] with
low approximation error on the training data as well
as on unseen eramples. H comprises all parameter
assigments for a given logical program T.

We want to minimize the mean squared error (MSE):

MSET) = 23 (PalT) -5)* . (@)

It is easy to show that minimizing the squared error in
this case corresponds to finding a maximum likelihood
hypothesis, provided that for each training example
(¢i, Di), a Gaussian error is included, i.e. p; = p(q;)+e,
with p(g;) the actual probability of query g; and e;
drawn independently from a Gaussian with mean zero.
We now derive the gradient of the MSE. Applying the
sum and chain rule to Eq. (2) yields the partial deriva-
tive OMSE(T)/0p; =

2
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We apply standard gradient descent to minimize the
MSE. (3) can be evaluated by ProbLog inference di-
rectly (Part 1) and by slightly adapting the underlying
techniques (Part 2).

4. Experiments

We implemented the gradient descent algorithm in
Prolog (Yap-5.1.3). Since this is ongoing work, we pri-
marily try to answer the question: does the gradient
descent minimize the MSE?

As our test graph G, we used a real biological graph
around 3 random Alzheimer genes, with 45 nodes and
88 edges, cf. (De Raedt et al., 2007). We randomly
sampled 100 node pairs and calculated the probability
that there exists a path between them using approxi-
mative ProbLog inference. We performed 5-fold cross-
validation, initializing the parameters randomly, with
fixed seed for succeeding experiments.  Figure 1(b)
shows the learning curve for the test set. After 50 it-
erations, the MSE averaged over 5 folds is 0.00016 +
0.00001 on the training set and 0.00107 = 0.00065 on
the test set, answering our question positively.

5. Conclusions

We introduced an approach to parameter learning for
the probabilistic database ProbLog and successfully
showed it at work on a real biological application. In-
teresting directions for future research include optimiz-
ing the learning algorithm and regularization-based
cost functions. Those enable domain experts to refine
probabilities of a database by stating examples.
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