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SOMMARIO/ABSTRACT 2 Inductive Logic Programming

In questo articolo presentiamo un confronto tra dudLP [5] is a research field at the intersection of Machine
sistemi di Inductive Logic Programming (ILP) sul datasetLearning and Logic Programming. Its objective is the so-
Sisyphus. Lobiettivo del confronto & di indagare sullution of a learning problem where the language used for
comportamento di due sistemi allo stato dell'arte dell'lLPdescribing both the instances and the concept to be learned
su un dataset di “grandi” dimensioni. Il confronto mostrais logic programming. In particular, the main aim of ILP is
che le limitazioni dei sistemi di ILP riguardano principal- to devise algorithms that solve the following problem:
mente il tempo di calcolo piuttosto che I'occupazione diGiven:
memoria.

e asetE™ of positive examples (ground facts)
In this paper we present a comparison between two In-
ductive Logic Programming (ILP) systems on the Sisyphus
dataset. The aim of this comparison is to investigate the
behaviour of two state of the art ILP systems on a “large”
dataset. The comparison shows that the limitations of ILP 4 4 pynothesis spadk described by a language bias
systems regards mainly the execution time rather then the
memory requirements. Find: alogic programP € ‘H such that

e asetE~ of negative examples (ground facts)

¢ a background knowledgB (logic program)

Keywords: Machine Learning, Inductive Logic Program- ® Ve™ € BT, BUP et

ming, Relational Databases.
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1 Introduction Nowadays ILP is a mature field, many algorithms have
been proposed and they have been successfully applied to
In this paper we present a comparison of two Inducmany domains. Examples of ILP systems are FOIL [8],
tive Logic Programming (ILP) systems on the SisyphusProgol [6], Tilde [2] and Aleph [10]. ILP techniques have
dataset. The aim of the comparison is to show how thé&een successfully applied to problems in engineering, nat-
systems behave on a large dataset. The considered systemnal language processing, environmental sciences and life
are Aleph and Tilde. Both systems have an unacceptabkriences.
execution time on the whole dataset, so they are run over Recently, ILP has been the subject of great interest due

samples extracted from the dataset. to the fact that ILP techniques can be used for Data Mining
The comparison shows that, on average, Tilde find$rom relational databases. In fact, a relational database c
more accurate theories in a smaller time. be seen as a Prolog program: each relation can be repre-

The paper is organized as follows: section 2 presentsented by a Prolog predicate and each tuple is represented
the field of ILP, section 3 describes the Sisyphus dataset, iy a ground Prolog fact. In this way, ILP can be used
section 4 we illustrate the main feature of Aleph, in sectiorto mine knowledge from databases containing more than
5 the Tilde system is presented, in section 6 we report oone relation, differently from traditional Machine Learn-
the performed experiments, in section 7 we discuss relatedg techniques that require the data to be stored in a single
works and finally in section 8 we conclude. table.



3 The Sisyphus Dataset

Table | Filedimension (bytes) |

) ) tf komp 7,163,578
The Sisyphus dataset was made available through the web parrol 3,470,099
by the insurance company Swiss Life in 1998. It was sup- tFrol 2 852.867
posed to be the subject of a workshop in ECML98. The vvert 5 504.030
workshop was later cancelled due to too few submissions. part é12 1’54
The dataset was removed from the web a few years later padr 395’505
and now it is not publicly available. oadr 8,614
The Sisyphus dataset is an extract of the data warehouse taska 539 004

of Swiss Life, and contains information regarding life in-
surances and pension schemes of its clients. The dataset | Total | 17,145,251 |
is multi-relational and is composed of 8 tables, for a total
of 336.266 tuples. The number of tuples and attributes of
each relation is indicated in table 1.

Table 2: Dimension of the Sisyphus dataset tables.

puter with a 1133 MHz Pentium Ill Mobile, 512 MB of
Ram and the Windows 2000 operating system.

Table | Tuples | Attributes |

tfkonp | 73.502 that contains tests on the attributes comparing them with

tfrol 73.332 constants. The possible tests differ depending on the type
t aska 17.627 of attributes: for nominal attributes only equality tesiti w

Total | 336.266 | 74 | be used, while for numerical attributes, besides equality
tests, also smaller than and greater than tests will be used.

vvert 34.986 18 Apart from the dimension, the dataset is not particularly
parrol | 111.077 S problematic for ILP systems: it is a typical example of a
part 17.267 8 dataset from a financial domain, where each client is con-
eadr 505 3 nected to the set of his/her transactions, each described by
padr 17.970 246 a number of attributes. The ILP system will find a theory
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Table 1: Tables of the Sisyphus Dataset.
Aleph

The tablepar t contains the data of all the clients (part- 4
ners). Tablegadr andpadr describe respectively their  ajeph [10] implements a learning algorithm similar to Pro-
electronic and postal addresses. Each partner has a roledg |t is a sequential covering algorithm (also called asep
one or more insurance policies (tableer t) that is de-  5rate and conquer algorithm) because it learns clauses one
scribed in the tablg@ar r ol . An insurance co_ntract can py one and, at each step, it removes the positive examples
have many components (e.g., a component in the case {fered by the clause. The main cycle is the following
which the insured person becomes disabled). Each com-
ponent (tabld f konp) is correlated with a record in the fynction AlephE+: pos. ex. E~: neg. ex. B: back. kn.)
tablet f r ol that specifies further properties of the tariffs p .—
applied to the partner. For this dataset, a class is assign¢gpeat I* covering cycle */

to every partner, described in thaska table . select one positive exampig
A diagram describing the schema of the database is  puild most specific clause;
shown in Figure 1. C :=GenerateClauge ;, ET, E~, B)
The dataset is distributed in the form of P:=PuU{C}
Prolog facts, each record being of type:  removefromE* the positive examples covered By
tabl enanme(attributel,...,attributen). until ET =

Every table is contained in a different file. In order to returnP

reduce the dimension of the files, the table names have

been abbreviated by using a single letter. The dimensions

in bytes of the obtained files is indicated in table 2. The function GenerateClause returns a clause that is more
The dataset is interesting due to its dimension: in fact itgeneral thanL; and that covers a number of positive ex-

dimension is large if compared to usual ILP datasets, thaamples and no (or a few) negative examples.

are of the order of a few hundred Kilobytes. However, itis The function GenerateClause searches the space of

not so large for it not to be contained in main memory ofclauses top-down, i.e., it starts from the most general

even an entry level personal computer. The time requiredlause p(X) < if p is the predicate to be learned) and

to load the whole database (excluding tabiska) into  gradually refines it by adding literals taken fram. The

memory is 56.13 seconds with Sicstus Prolog 3.11.0 andearch is performed by means of a branch and bound algo-

13.17 seconds with Yap Prolog 4.4.4, on a personal conrithm.
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Figure 1: Database schema of the Sisyphus Dataset.

function GenerateClauée, E*, E~, B)
bestclause := anything; bestscore := —inf; i :=0
active := {p(X) «}
while active is not empty and < n
[* specialization cycle */
remove the first clausP from active
letSp = {D,..., Dy} be the set of

and coverage for the evaluation function (the default set-

tings), the primary and secondary keys are respectiely

andP — N, whereL is the number of literals in the clause,

P isthe number of positive examples covered by the clause

andN is the number of negative examples covered by the

clause. This means that shorter clauses will be higher up

in active and, among clauses with equal length, those with
specializations oD a higher differencé® — N will be higher up.

compute the evaluation functidry for each The specialization of a clauge are obtained by using a
clause inSp refinement operator. Aleph adopts as a default the refine-

compute an upper bound of the evaluation ment operator of Progol that uses the most specific clause
function for each clause ifip L; for selecting literals to be added 3. In this way it

forj:=1tok ensures that all the refinements will be more general than

if u; < bestscore then 1, and therefore will cover at least the positive example
pruneD; used to generate;.

else The computation of the upper bound depends on the

if D; is a complete solution and search strategy and evaluation function. In cases where no

hj > bestscore then upper bound can easily be obtained it is taken to-bef,
bestclause := Dj; bestscore := h; resulting in minimal pruning.
prune nodes in active with upper bound A solution is complete when it satisfies two constraints:

lower thanh; it has a minimum accuracy (number of positive examples
addD; to active covered over the total number of examples covered, 0 by
i=i+1 default) and it covers a maximum number of negative ex-

returnbestclause amples (0 by default).

. _ 5 Tilde
The nodes imictive are ordered according to a dual search

key. The value of this search key depends on the settingBlde solves a learning problem slightly different from the
imposed by the user for the search strategy and evaluatidgppical ILP problem:
function. For example, with breadth first as search strateg@iven:



e a setFE of examples (ground facts for a target predi-
catep/n) function GrowTreel: set of exampleg): query)

:= OptimalSpli JE
e an argument ofp/n to be predicted (e.g. C in ﬁ?bStopCFit(Qb.EF)) tﬁpe(r?)’ )

(X, 0)) returnieaf (Info(E))
¢ a background knowledgB (logic program) else )
conj == Qp — Q
e a hypothesis spack described by a language bias Ei:={e€ E|BU{p(X,C) + Qs} F e}
. . : - E, :={e € E[BU{p(X,C) < Qv} |~ €}
Find: afirst order logical decision treé € H such that T := inode(conj,
o T assigns to each exampiéx, c) the class:. retuanrTowTree{El, Qs).GrowTreg £, Q)

A first order logical decision tree (FOLDT) is a binary de-
cision tree in which: (1) the internal nodes of the tree con
tain a conjunction of literals (2) different internal nodes
may share variables under the following restriction: a-vari
able that is introduced in a node (which means it does n
occur in higher nodes) must not occur in the right branc
of that node.

An example of a FOLDT is:

The functionp(Q), given a conjunctiorf), returns the set

of all the specializations af) according to the refinement
operator. The function OptimalSplit, given a set of con-
binctions and a set of examplg returns the conjunction
hat best discriminates the examples of the various classes
The amount of discrimination is computed by using the
gain ratio heuristic function [7] of c4.5.

machi ne( A, B) The function StopCrit evaluates the split of the examples
worn(A C ? generated by);, and decides whether it is the case of stop-
+--yes: not_repl aceabl e(C) ? ping the tree growth. A typical case in \{vhich the growth_

| + -yes: [sendback] [6.0/6.0] is stopped is when one of the sets obtained from the split
| +--no:  [fix] [6.0/6.0] contains less than a predefined number of examples (2 by
+--no: [ok] [3.0/3.0] default).

The function Inf¢ E) returns the most common class in
This tree can be interpreted as follows: we first testhe set of example’.
whether a machine A has a part C that is worn. If so then The function Prungl’) returns the tre@" after the same
we test whether C is non repleaceable. If so then the clagguning as in c4.5 is performed.
of the machine (argument B) is sendback, otherwise it is
fix. If A does not have a part C that is worn, that the classg Experiments

is ok.
We use the following notation: a FOLDT is ei- We consider a learning task that consists in predicting
ther a leaf of class:, in which case we writél’ =  the class of the clients. The class is represented in table

leaf (¢), or it is an internal node with conjunctiafonj, t aska and can assume the values:
left child I and right childr, in which case we write
T = inode(conj,l,r).

A FOLDT can be used to classify an exampig, C) in e ‘1’: belonging to the class of interests:
two ways: by adopting a specialized classification function
that employs the tree or by first translating the FOLDT into e ‘2’: not belonging to the class of interests;
a logic program and then running the qug(y, C) against
it plus the background knowledge, whetestands for a
vector of constants.

Tilde learns FOLDT by upgrading to a first order setting
the c4.5 [7] learning algorithm. Therefore it performs a | Class | Examples | % |
simultaneous covering algorithm: it does not try to cover

¢ ‘0: not applicable;

e are particularly interested in correctly classifying
clients of class ‘1'.
The distribution of values is shown in table 3. To this

i 1 10.723| 62,10%

a number of examples in order to remove them from the
training set but it tries to cover all the examples at once. 2 2.599| 15,05%
0 3.945| 22,85%

The algorithm performs a standard recursive partitioning
approach and is shown below (we assume g, C) is | Total | 17.267] |
the target predicate):

Table 3: Class distribution in the Sisyphus dataset.
function Tilde(®: set of examples)

T:=GrowTree{, true) task we applied Aleph version 5 and Tilde version 2.2.
return Prun€l’) Aleph is implemented in Prolog and uses the Yap Prolog



compiler version 4.4.4. The implementation of Tilde thattion of literals instead of a single literal. In particulasith

has been used is the one contained in the ACE suite of ILEhe lookahead statements we force Tilde to add, besides

systems version 1.2.6. a database predicate, also a test on one of its arguments
All the experiments have been performed on a persondkqual, smaller or equal or greater or equal).

computer with a 1133 MHz Pentium Ill Mobile, 512 MB  Without these lookahead statements, Tilde would not be

of Ram and the Windows 2000 operating system. able to learn because the addition of a database predicate
No other transformation was necessary because thejone would not produce any improvement in the gain ra-

dataset is already distributed as prolog facts directlplgsa tio.

by Aleph and Tilde. We tried to run the two systems over the whole dataset.
For Aleph, we decided to consider examples belongUnfortunately, the training over the whole dataset was such

ing to class 1 as positive examples and those belonging hard task that after 24 hours of CPU time no system had

to classes 0 and 2 as negative, instead of opting for a segiven an answer. As a consequence, we decided to extract

arate classification of the three classes. The predicate g&mnall random samples from the whole dataset, to apply the

be learned is thereforeaska( X) whereX is the iden- algorithm to them and then to average the results, in order

tifier of the client. For Tilde, we learned the predicateto filter away variations due to randomness.

t aska( X, C) whereXis the identifier of the client an@ We considered samples containing 360 partners. The
is the classCis indicated as the argument to be predictedhumber was chosen for historical reasons: we had already
by Tilde. available from previous experiments one such sample on

Let us now discuss the settings used for the experimentwhich the learning times were acceptable.
The parameters of the two systems were chosen by running We have randomly selected 360 facts from the relation
repeatedly each system on a sample of the data with diffet-aska. The remaining facts where included in the testing
ent parameters and by testing the learned theory on the reagt. The background knowledge of each sample has been
of the data. The parameters that gave the best results fobtained by including in it all the facts that were related to
each system were chosen. the chosen partners. Five samples were extracted.

For Aleph we set to 6, minpos to 2, clauselength to The average dimension of the file containing just the ex-
8 andnoise to 2. The parametarindicates the maximum amples is 5 Kilobytes. The average dimension of the file
depth of the new variables that can appear in the body afontaining the background knowledge is 463 Kilobytes.
clausesminpos sets the minimum number of positive ex-  The theory learned on the reduced dataset was tested on
amples that a clause can cover in order to be added to tlike examples from the testing set. The background knowl-
current hypothesisclauselength is the maximum num- edge used for testing was the complete database (excluding
ber of literals that can be present in a clauseise is the  the relatiort aska).
maximum number of negative examples that a clause can The average number of positive and negative examples
cover. All the other parameters assume their default valuaf the training and testing sets is reported in table 4. The

For Tilde each parameter assumes its default value, since

these settings were found to yield the best results. | Examples | TrainingSets |  Test Sets |
The language bias that is used in both systems allows Et 223.4| 62% | 10,499.6| 62%

the database relations to be chained according to the for- E- 136.6| 38% | 6,407.4 | 38%

eign key links represented in the database schema. More- E| 360 16907

over, additional background predicates were used, hamely

the binary relations equak(/ 2), smaller or equal than Table 4: Example distribution for the experiments.

(sneq/ 2) and greater or equal thagr(eq/ 2). These
predicates are intensionally defined in the background aneesults of experiments are compared in terms of accuracy.
are used in order to compare the attributes of database r8uch a measure is defined as the number of positive test
lations that are not keys (primary or foreign) with con- examples covered by the theory plus the number of nega-
stants. In particular, for nominal attributes, only thedsre tive test examples not covered by the theory over the total
icate equal is used, while for numeric attributes (reals onumber of test examples.
integers) all the three predicates are used. The constantsThe average learning times obtained by Aleph and Tilde
that can appear as the second argument of these predicatesthe five training sets is shown in table 5 together with
are taken from those appearing in the extensional databa#iee average accuracies over the testing sets. In paresthese
relations. In the case of Tilde, they are obtained by runnings indicated the standard deviation. The testing time was
a query on the database and collecting the results, while ih1.60 hours on average for the theory learned by Aleph
the case of Aleph they are obtained by building the “bot-and 5.78 hours on average for the theory learned by Tilde.
tom clause”. Testing was performed using Yap 4.4.4.

For Tilde, it was necessary to specify also lookahead Let us also distinguish the types of errors performed by
statements. They are used by the refinement operator the two systems. Table 6 shows the rate of errors of com-
order to specialize the current node by adding a conjunamission (negative examples classified as positive over the



| Algorithm [ Av. Time (hours) [ Av. Accuracy (%) |  language bias. It can be probably explained by the way
Aleph 9.13(3.73)| 68.92% (2.56%) in which the two system generate the constants to be in-
Tilde 0.96 (0.07)| 86.82% (0.84%) serted in comparison operators. While Aleph uses the con-
stants appearing in the bottom clause generated from a sin-
Table 5: Average execution time and accuracy obtained bgle example, Tilde extracts the constants directly from the
applying Aleph and Tilde to the Sisyphus dataset (standardatabase. So, while Aleph can insert in a single clause only
deviation in parenthesis). constants relative to a single example, Tilde can insert con
stants appearing in more than one example.
Looking at the error rates, we can observe that both sys-
ms have higher commission error rates, thus showing that
e learned theories in both cases are over-general. This is
probably due to the fact that the number of negative exam-

total number of negative examples) and the rate of errortse
of omission (positive example classified as negative ovetrh
the total number of positive examples).

| Algorithm | Commission (%) | Omission (%) | ples in the training sets is not sufficient to accurately nhode
Aleph 35.8% 58.2% the negative concept.
Tilde 20.9% 8.4%

7 Related Works
Table 6: Average commission and omission error rates.
The application of data mining techniques to the Sisyphus
Some of the clauses learned by Aleph are shown in Figdataset has been the subject of [4]. This paper reports the
ure 2. Part of the tree learned by Tilde in the same foldapplication of a number of propositional learning system
is shown in Figure 3. In order to test the theory learnedo the dataset. In order to apply propositional system to
by Tilde on the testing set, we used the Prolog progran®isyphus, the dataset has been transformed into a proposi-
equivalent to the learned tree. Moreover, in order to comtional form, i.e., into a database containing a single table
pare the results of Tilde with those of Aleph, we added tovhere each original example is represented by a single row.
the equivalent Prolog program the following clause The paper does not describe the details of the proposition-
) _ alization performed but the standard technigque consists in
taska(X):-taska(X Y), Y=1. aggregating the attributes of the tables connected with the
In this way, we could use testing sets composed of facts fa@xample table by a many to one relationship. For example,
thet aska( X) predicate. the tablet f r ol is connected by a many to one relation-
The application of Aleph and Tilde to the Sisyphusship to the tablgoar r ol that in its turn is connected by
dataset shows that, even if the dataset can fit in main mena&many one relationship to the tathlaska. The attribute
ory, the execution times are too large to apply the system§RTECEI NAL of tablet f r ol is the age at contract agree-
to the whole dataset. This suggests that the current limitanent: in the single table, for each client, the minimum, the
tions of ILP systems regard the execution times rather thamaximum and the average of this attribute for all the tuples
the memory space. Even with a dataset that is 2 % of theelated to the client will be included.
original dataset, the execution times are of the order of a In [4] the experimentation on the Sisyphus dataset was
few hours. performed by first removing the examples with class 0. In
The comparison between Aleph and Tilde over the conthis way, roughly 80% of the examples are positive and
sidered sample shows that Tilde is superior both in term20% are negative. Then the authors randomly split the ex-
of the accuracy of the learned theory and of the executioamples in a training set containing 70% of the instances
times. In particular, if we compute the two series of ac-and a testing set containing 30 % of the instances. The
curacies with a-test [3], we obtain 19.2 as the value of accuracy obtained by a number of propositional learner is
thet statistics, that means that the difference in accuracy ishown in table 7. The AllPos algorithm is an algorithm
significant at more than a 99.99% level.

The superiority in terms of execution time is not surpris- | Algorithm | Accuracy (%) |
ing, since Tilde implements a “simultaneous covering” al- J48 89.7%
gorithm in which the conditions of multiple rules are cho- Naive Bayes 81.8%
sen at once. Moreover, once a condition is chosen, it is Linear SVM 89.9%
never retracted. On the contrary, Aleph implements a “se- WBCsvum 80.0%
quential covering” algorithm where the conditions of each OneR 83.4%
rule are chosen separately. Moreover, Aleph keeps a set of AllPos 80.5%

clauses in its search, therefore, after the addition of a con
dition to a clause, it can still consider clauses without thaTable 7: Accuracy of propositional learner on the Sisyphus
condition. dataset.

The superiority in terms of accuracy is more surpris-
ing, especially since the two system are given the samthat classifies all the examples as positive.



taska(A) :-

part (A B,C, D EF, GH), snmeq(B,55), eq(G 2).
taska(A) :-

parrol (B,A C D E), eq(E 1), tfrol(F,B,GHI,J,K L), eq(H 32).
taska(A) :-

parrol (A, B,C, D, E F,GH), eq(D, 1941).

Figure 2: Some of the rules learned by Aleph from one of thepdasn

t aska( A, B)

parrol (C, A D E F), eq(E 11) ?

+--yes: parrol (G A H1,J),eq(l,17) ?

| +--yes: [2] [16.0/16.0]

| +--no: tfkomp(L,DbLMNOP QRS T,UVWXY,ZALBIL,Cl, D1, E1, F1, G1, H1), eq(M 6) ?
| +--yes: padr (A 11,31, K1), eq(K1, 89411) ?

| | +--yes: [1] [2.0/2.0]

+-no: tO] [ 76. 0/ 76. 0]
Figure 3: Part of the tree learned by Tilde from one of the damp

The results can be compared with ours with caution fosamples.
two reasons. The first is that the authors use a dataset with The results show that Tilde is both faster (around 1 hour
a different ratio of positive and negative examples. In,facton average against around 9 hours) and significantly more
by classifying all the examples as positive they get an accuaccurate (86.82% against 68.92%). The speed of Tilde is
racy of 80.5%, while we get an average accuracy of 62.1%not surprising, since in building the tree it applies a gyeed
The second is that propositionalization requires a manuallgorithm for choosing the conjunction that gives the op-
intervention in order to choose the different aggregatingimal split: once a conjunction is selected, it is never re-
functions to be applied, while ILP looks for interestingfea tracted. The difference in accuracy is instead surprising
tures by using brute force. given that in [1] Tilde is reported to have accuracy results

[4] reports also the result of applying Tilde to the datasethat are comparable (not superior) with those of FOIL and
with the same settings (no 0 examples, 70% training, 30%rogol.
testing): the achieved accuracy is 94.7% (they do notreport The experiments show that the main limitations of ILP
execution time). The difference with our results is due tosystems regards execution times rather than memory re-
two factors: the different experimental settings and tloé fa quirements. A preliminary analysis shows that most of the
that we do not have used the discretization feature of Tildetime is spent checking the coverage of examples, there-
The reason why we did not use discretization is that wdore we think that methods of stochastic matching, such
wanted to try the simplest approach and also that Aleplas those used in [9], are particularly useful and should be
does not offer it, so the comparison would not have beeintegrated with these ILP systems.
totally fair. Another approach that could speed up Tilde (but not
Aleph) is the use of its discretization algorithm that shibul
reduce the number of constants that are tried for inclusion
in conjunctions.

Sisyphus is an interesting data because of its size, that is A" interesting line of future research would be to in-
one order of magnitude larger than that of the average IL¥eStigate how many more examples are needed for obtain-
dataset. ing good classifiers (i.e., with more than 90% accuracy).

To this dataset we have applied two state of the art II_F;l'his requires the execution of multiple experiments with

systems: Aleph and Tilde. Aleph learns logic programs,IncreaSing number of examples. For this to be accom-

while Tilde learns first order logical decision trees. plished a faster machine and speeding up techniques for
The application of the two systems to the whole datasetﬂ1e two systems are needed.

was impossible: after 24 hours of CPU time none of the
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