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Due to an error in the data preprocessing step, the reported results of LFI-
ProbLog applied on the WebKB dataset are incorrect. In turn, the conclusions
for Q1, Q2 as well as the graphs in Figure 3 are affected. In the following we
give the corrected results for these experiment and questions.

Section 5.1 in the original paper should be replaced by the corrected Section
5.1 below.

Further experiments with WebKB and LFI-ProbLog relevant to answering
Q1 and Q2 can be found in a forthcoming paper [1].

5 Experiments

5.1 WebKB

The goal of this experiment is to answer the following questions:

Q1 Is LFI-ProbLog competitive with existing state-of-the-art frameworks?
Q2 Is LFI-ProbLog insensitive to the initial probabilities?
Q3 Is the theory splitting algorithm capable of handling large data sets?

In this experiment, we used the WebKB [2] dataset. It contains four folds,
each describing the link structure of pages from one of the following universities:
Cornell, Texas, Washington, and Wisconsin. WebKB is a collective classification
task, that is, one wants to predict the class of a page depending on the classes
of the pages that link to it and depending on the words being used in the
text. To allow for an objective comparison with Markov Logic networks and
the results of Domingos and Lowd [3], we used their slightly altered version of
WebKB. In their setting each page is assigned exactly one of the classes “course”,
“faculty”, “other”, “researchproject”, “staff”, or “student”. Furthermore, the
class “person”, present in the original version, has been removed. We use the
following model that contains one non-ground probabilistic fact for each pair of
Class and Word. To account for the link structure, it contains one non-ground
probabilistic fact for each pair of Class1 and Class2.

P :: pfWoCla(Page,Class,Word).
P :: pfLiCla(Page1, Page2,Class1,Class2).
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Fig. 3. Area under the ROC curve against the learning time (left) and test set log
likelihood for each iteration of the EM algorithm (right) for WebKB.

The probabilities P are unknown and have to be learned by LFI-ProbLog. As
there are 6 classes and 771 words, our model has 6×771+6×6 = 4662 parameters.
In order to combine the probabilistic facts and predict the class of a page we
add the following background knowledge.

cl(Pa, C) :- hasWord(Pa, Word), pfWoCla(Pa, Word, C).
cl(Pa, C) :- linksTo(Pa2, Pa), pfLiCla(Pa2, Pa, C2, C), cl(Pa2, C2).

We performed a 4-fold cross validation, that is, we trained the model on three
universities and then tested it on the fourth one. We repeated this for all four
universities and averaged the results. We measured the area under the precision-
recall curve (AUC-PR), the area under the ROC curve (AUC-ROC), the log
likelihood (LLH), and the accuracy after each iteration of the EM algorithm.
Our model does not express that each page has exactly one class. To account for
this, we normalize the probabilities per page.

Figure 3 (left) shows the AUC-ROC plotted against the average training
time. The initialization phase, that is running steps 1-4 of LFI-ProbLog, takes
≈ 68 seconds, and each iteration of the EM algorithm takes ≈ 23 seconds. We
initialized the probabilities of the model randomly with values sampled from the
uniform distribution between 0.1 and 0.9, which is shown as the graph for LFI-
ProbLog [0.1-0.3]. After 10 iterations (≈ 335 s) the AUC-ROC is 0.886 ± 0.01
and the AUC-PR is 0.654± 0.03

We compared LFI-ProbLog with Alchemy and LeProbLog. Alchemy is an im-
plementation of Markov Logic networks. We use the model suggested by Domin-
gos and Lowd that uses the same features as our model, and we train it according
to their setup.1. The learning curve for AUC-ROC is shown in Figure 3 (left).
After 943 seconds Alchemy achieves an AUC-ROC of 0.923±0.016, an AUC-PR
of 0.788 ± 0.036, and an accuracy of 0.746 ± 0.032. LeProbLog is a regression-
based parameter learning algorithm for ProbLog. The training data has to be
provided in the form of queries annotated with the target probability. It is not
possible to learn from interpretations. For WebKB, however, one can map one
interpretation to several training examples P (class(URL,Class) = P per page
where P is 1 if the class of URL is Class and else 0. This is possible, due to the
existence of a target predicate. We used the standard settings of LeProblog and
1 Daniel Lowd provided us with the original scripts for the experiment setup. We

report on the evaluation based on the rerun of the experiment.



limit the runtime to 24 hours. Within this limit, the algorithm performed 35 iter-
ation of gradient descent. The final model obtained an AUC-PR of 0.419±0.014,
an AUC-ROC of 0.738±0.014, and an accuracy of 0.396±0.020. Hence Alchemy
performs slightly better than LFI-ProbLog on this dataset. However, Alchemy
was trained using a discriminative learning approach while LFI-ProbLog is a
generative approach. Therefore further experiments are necessary to answer Q1.

We tested how sensitive LFI-ProbLog is for the initial fact probabilities by
repeating the experiment with values sampled uniformly between 0.0001 and
0.0003. The graphs in Figure 3 indicate that the final results depend on the
starting values (Q2).

Further experiments with WebKB and LFI-ProbLog relevant to answering
Q1 and Q2 can be found in a forthcoming paper [1].

The BDDs for the WebKB dataset are too large to fit in memory and the
automatic variable reordering is unable to construct the BDD in a reasonable
amount of time. We used two different approaches to resolve this. In the first
approach, we manually split each training example, that is, the grounded the-
ory together with the known class for each page, into several training examples.
The results shown in Figure 3 are based on this manual split. In the second ap-
proach, we used the automatic splitting algorithm presented in Section 4.2 The
resulting BDDs are identical to the manual split setting, and the subsequent
runs of the EM algorithm converge to the same results. Hence when plotting
against the iteration, the graphs are identical. The resulting ground theory is
much larger and the initialization phase therefore takes 29 minutes and 30 sec-
onds. However, this is mainly due to the overhead for indexing, database access
and garbage collection in the underlying Prolog system. Grounding and Clark’s
completion take only 5 seconds each, the term simplification step takes roughly
29 minutes, and the final splitting algorithm runs in 25 seconds. As we did not
optimize the implementation of the term simplification, we see a big potential
for improvement, for instance by tabling intermediate simplification steps. This
affirmatively answers Q3.
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