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Abstract We introduce relational information gain, a refinement sgpfunction measur-
ing the informativeness of newly introduced variables. i can be interpreted as a con-
ditional entropy in a well-defined sense and can be effigieapiproximately computed. In
conjunction with simple greedy general-to-specific seafghrithms such as FOIL, it yields
an efficient and competitive algorithm in terms of predietaccuracy and compactness of
the learned theory. In conjunction with the decision tremrer TILDE, it offers a benefi-
cial alternative to lookahead, achieving similar perfoncewhile significantly reducing the
number of evaluated literals.

Keywords Relational Learning Inductive Logic Programminglnformation Gain

1 Introduction

Many ILP or relational learning systems build discrimimatimodels by a stepwise refine-
ment of logical-relational features. For example, in gaht&s-specific rule learners like
FOIL [16], features are the bodies of Horn clauses that amstcacted by adding one literal
at a time. In models that adopt a decision-tree style designyide sense), like TILDE [3],
Multi-Relational Decision Trees [11], Relational ProdapiTrees [13], or Type Extension
Trees (TETSs) [8], features are represented by brancheg itngh structure, which are con-
structed in an iterative top-down process.

A distinguishing characteristic of incremental featuraestouction in relational learning
is the possibility to refine a current feature for a given $edrdities X by introducing new
entitiesY and their attributes via relation$X,Y).
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The search for the best feature refinement is typically theby some scoring function
that evaluates its usefulness for discriminating the detssl of X. A refinement that does
not introduce any new entities can be scored in a relativiebightforward manner using
standard information gain metrics. A refinement introdgamew entities is more difficult
to evaluate, however: standard metrics can measurdiriaet informativenesef such a re-
finement, i.e., the direct improvement in the feature’s ritisimative power. However, it is
widely recognized that the main benefit of introducirigs not always its direct informa-
tiveness, but the possibility it opens up to construct, ithier refinement steps, informative
features forX by imposing suitable conditions an. Two main approaches have been used
to take into account thigotential informativenessf a literal introducing new entities. A first
approach evaluateketerminate literal§15], which are literals where for each there exists
exactly oney” with (X, Y'). Determinate literals are not directly informative, bugithnclu-
sion in the clause is computationally relatively inexpeasivhich is why, e.g., FOIL adds
all possible determinate literals to a clause in order tdaiheir potential informativeness.
A second approach consistslobkaheadtechniques [2,4, 18], where for the scoring of the
literal (X, Y") already further possible refinement steps udingre considered. Both de-
terminate literals and lookahead have severe limitatidresformer represents only a very
special kind of potentially informative literals, and tredtér is subject to a combinatorial
search space explosion when performing lookahead overpteutefinement steps (which
is why, in practice, lookahead may need to be constrainedrtaio user-defined refinement
patterns).

The goal of this paper is to develop a notionrefational information gain (RIG¥for
scoring candidate literals that introduce new variablashghat both direct and potential
informativeness can be measured. Specifically, we haveotlosving desiderata for RIG:

1. RIG captures a sound and general information theoreticeqat of reduction in condi-
tional entropy of the class label distribution. It therebyiidely applicable, and not a
specialized heuristic scoring function for a specific maatedearch strategy.

2. RIG increases as a function of ttigect informativenessf a literalr(X,Y"), defined as
the information about the target relation associated wigheixistence ok, Y such that
r(X,Y’) (or, more generally, with the number of such pairs).

3. RIG increases as a function of thetential informativenessf a literalr(X,Y’), defined
as the maximum information that can be gained about thetteet@ion thanks to the
introduction ofY viar(X,Y') and further refinements using(without lookahead, only
based on the immediate relational properties)of

In the following sections we develop a RIG score that is natéd by these desiderata.

2 Data: relational and pseudo-iid

Since information gain is a statistical concept based orobghilistic data model, we first

investigate what kind of statistical model of relationatalés appropriate to support the
definition of RIG. We assume that the data consists of a siedggional or logical database
containing constantsy, ..., cy, attributesay,...,a;, and relations-q,...,r;. We useC

to denote the set of constants. When taking a more semasti¢ wie may also refer to

the elements of asdomain elementsr entities The data set can be identified with an
interpretation function/ that assigns to each ground atafy(c) a value in the range of

attributea;, and to each ground atom(c) a truth valueirue, false (throughout we use bold

font to denote tuples of constants or variables). We caretber write a data set as a pair
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Fig. 1 A small relational structure

D = (C,I), and view it as a Herbrand interpretation (in the slightlpgmlized sense that
we allow non-boolean attributes).

Based on this logical view of relational data, we can use fogical expressiow in the
relations ofD the notationD = ¢ to say thatp is true inD.

Usually, there will be a distinguishexfassattribute or relation. For notational simplicity
we will assume thatlassis binary with valuegositive(+) andnegative(—). The domain
C will usually be partitioned into sets of constants représgndifferent types of objects,
and the arguments of attributes and relations will also Ipedy However, for notational
simplicity we will not make such type constraints explicit.

Figure 1 shows a graphical representation of a relation sket with 10 constants, a
class attribute, one further Boolean attribut@lements for whicla = ¢rue are represented
by grey shading), and one binary relatiofindicated by the edges in the graph). Tdiass
attribute here only applies to entities of a type that jushposescy, . . ., c4.

We note that in this data model we can also accommodate tleeveasre the data
consists of several relational structures, each repriegeobe observation or example (the
“learning from interpretations” setting [5], which is appriate, e.g., for molecular data,
where each example corresponds to a distinct moleculeh &ate can be encoded as a sin-
gle structure by introducing constants representing thengkes, and adding to each relation
an argument for the example identifier: if, e gontains(sulfur)s true in the 11th example
(molecule), then this becomesntainsé, 1 ,sulfur).

In a probabilistic interpretation of the data, one will vigwe ground atoms of the Her-
brand base as random variables, and the observed Herbtangratation as a draw from
the joint distribution of these atoms. It is a distinctivatigre of relational learning that
one does not want to make strong assumptions of indepenagdcielentical distributions
for these random variables. This leads to some limitationghfe applicability of standard
statistical and information-theoretic methods. For exami apply notions of informa-
tion gain, one would first have to be able to estimate the pytaf the class label dis-
tribution. However, without independence assumptiongterrandom variableslassc; ),
clasgcs), ..., clasgc,) one cannot use the observed empirical frequenciggsindneg
labels to estimate properties of the class label distdoutincluding its entropy.

It seems that in order to leverage certain types of stadistinalysis tools, one actu-
ally has to compromise the holistic relational data modedl extract from the overall re-
lational structure a number of separate sub-structureghwdre then treated as iid sam-
ples. Such a transformation of relational data into a codecof pseudo-iiddata fragments
is performed in various ways by several relational learrsggtems. For example tHe-
cal training setsemployed by FOIL can be seen in this way; the learning roatinethe
Proximity system fittp://kdl.cs.umass.edu/software ) operate on collections
of sub-graphs extracted from the underlying database. Ruatsbly, perhapsgroposition-



alization approaches to relational learning can be seen as consitegonstruction of a
pseudo-iid data view in the sense of the following definitiand the subsequent application
of a standard learner for attribute-value data on this daa Ysee [6, Chapter 4] for an
overview of propositionalization).

Before formally defining pseudo-iid data views, we introglsome notational prelimi-
naries. Uppercase lettel§ X1, Xo,Y,. .. are used to denote variables. Tuples of variables
are denoted in boldfack,Y,. ... Tuples are also seen as the set of variables they contain,
and set-theoretic notation lik€ UY, X \ Y, ... can be used to construct new sets of vari-
ables. A substitution of constants for variabl¥sis a mappingX — C, andcX is the set
of all such substitutions.

We use, @', . .. to denote substitution mappings. The concrete substittiiat mapsX
to the tuple of constantsis denotedX /c. We write F'(Y')[0] for the result of performing
substitutiond on the free variabley” of a formula F. When 9,6’ are substitutions that
are defined on disjoint domains of variables, we can wFit&")[,¢’] for the result of
performing both substitutions.

Definition 1 Let D = (C, I) be a relational data set. pseudo-iid (p-iid) data vievef D
consists of

i an integenn, and variableX = X1,..., Xm.
i a set of examples, where each example consists of a sutimtiy € ¢X. We usually
write examples as tuples; = (c;,,--.,c¢,, ), Where it is understood that, is the

substitution value forX ;.
iii Asetof attributesF'(Xy, ..., Xm) defined orc*X, where an attribute can be any function
(e.g., boolean, integer-, or real-valued).

We writedv(X7, ..., Xm) to denote a p-iid data view in the variabl&s, ..., X,.

Part (iii) of this definition is extremely general. Usualbye will only consider attributes
that only depend on the relational structureipfand, thus, are invariant under renaming of
the constants. However, for the purpose of the present papereed not formalize these
natural restrictions.

Table 1 shows two possible extractions of p-iid data viewsifthe relational structure of
Figure 1. In the first viewn = 1. The first two attributes in this data view are just the orjin
attributesclasg X1 ), a(X1) given in the data. The third attribute, denot#dr(X,;,Y), is a
boolean attribute that has valuewe for an example:; if D E 3Yr(¢;, Y). The attribute
#Yr(X1,Y) is integer-valued, and it represents, for examplethe number of entitieg
for whichr(c;, ¢) is true. Table 1 (b) shows a p-iid data view of the same reiatidata with
m = 2 obtained by selecting attconnected pairs of entities with the first component being
one ofcy, ..., cq. The first four columns here are attributes that are direathained from
the attributes and relations in the data. The last two at&ibare derived attributes, similar to
the ones in Table 1 (a). Note that attributes in a pseudoaiid dew can baternal attributes
of the example tuples, i.e., attributes whose values ishied only by the substructure
induced by the example-tuple (the first two, respectively four attributes in Tablé) and
(b)), orembeddingttributes whose values depend on the relational conmesctietween the
example tuples and the rest of the domain (the last two atéshin both tables).

Data-tables such as the ones shown in Table 1 could be geddram the underlying
relational data for any number of purposes. We refer to them-iéd data views when the
tables are used to support operations that usually requiiid assumption. For the purpose
of this paper, this is mostly the computation of entropied eanditional entropies between



Table 1 Pseudo-iid relational data

Example
X1 ClaSS(X1) a(X1) E|YT(X17Y) #YT(X1,Y)
(a) c1 + f t 2
Cco + t t 2
c3 — t f 0
cq — f t 1
Example
X1, X2 clas§X1) a(X1) r(X1,X2) r(Xo,X1) 3IYr(Xe2,Y) #Yr(Xa,Y)
c1,c] + f t f t 2
(b) c1,¢4 + f t f t 1
c2,c] + t t f t 2
ca2,ch + t t f t 2
ca,ch - f t f t 1

different data columns. In other cases, a p-iid data view amaderly the split of a relational
data set into test and training sets. The implicit iid assionpfor p-iid data views can
be technically incorrect (e.g., in Table 1 (b) the attribute(;) corresponds to the same
random variablex(c;) in the first and second example, and so, with probability dmis,
attribute has the same value in the two examples), but mayaatwally hold (e.g., when
the examples in the p-iid data view correspond to the origideobservations of distinct
relational structures).

As mentioned above, an important example of p-iid data viavestables created in
propositionalization approaches to relational learnlhg important to note, however, that
when we talk about p-iid data views we are not implicitly asfng a propositionalization
approach to relational learning. P-iid data views are ontpraceptual model that provide
the foundation for the application of certain statistigaémations. It is not assumed that any
p-iid data views are explicitly generated and operated othbylearner (even though the
local training sets of FOIL, and the local example sets inOME.can be seen as 'material-
ized' p-iid data views). Furthermore, it is not assumed thatattributes in the p-iid data
views we consider are the attributes actually availabletferfinal model. For example, the
definition of relational information gain that we proposéased on p-iid data views con-
taining attributes of the form defined by equations (6) ar)d&low. However, these views
are only used to justify the definition of a particular refirerhscoring function for use in
existing rule learning systems. In the actual learning @sscno tables containing values for
these attributes are constructed, and the learned modebtcase the attributes (6) and (7)
directly.

3 Relational Information Gain

Our goal is to set up a general framework for measuring inftion gain of refinements.
The p-iid data views introduced in the previous section sew the basis for information
theoretic concepts. We now proceed to relate p-iid datas/iegith refinement steps in induc-
tive learners, and to use information gain measures cordpuig-iid data views to score
candidate refinements.

We assume that the following is given in a learning scenamig€oring a refinement:

— A p-iid data viewdv(X7, ..., Xm).



— Acurrent queryQ(Y), i.e., a conjunction of literals jointly containing varlaBY .

We refer to a paidv(X), Q(Y) as arefinement scenaricA candidate refinemerih a
refinement scenario is

— Aliteral I(Z) containing variableZ. We calll(Z) abasic refinemenf Q(Y) if Z C
X UY; otherwisel(Z) is called avariable introduction refinement (VI-refinementye
write Znew:= Z \ (X UY") for the new variables introduced b§Z).

Example 1Suppose we use FOIL to learn a model for classifying theiestih the rela-
tional structure of Figure 1. The initial learning situatis given by the labeled entities, i.e.,
the p-iid data viewdv( X ) given by the first two columns of Table 1 (a), and an empty query
Q) = 0 (i.e., body of the clause under construction). The litéfal;) = a(X1) then
is a basic refinement, whereds\;, X5) = (X1, X2) is a VI-refinement. When refining
with (X7, X2) (i.e., constructing the claus#asg X;) < r(X1, X3)), FOIL constructs a
new local training set, which is a new p-iid data vidw( X, X5) consisting of the first two
columns of Table 1 (b). The refinement scenario in the next tsten consists of this data
view and the quer@ (X, Xs) = r(X1, Xo2).

Now consider using TILDE to learn a logical decision treee THitial learning situation
is analogous as in FOIL, with Table 1 (a) specifying the &isiet of examples. After refining
(the empty query) with-(X, X2) a new node is constructed with the associated set of
examples

@)

which is the p-iid data vievdV (X1) in the next refinement scenario (also consisting of
the queryQ(X, Xo) = r(X1, X2)).

Even though the p-iid data views are different when FOIL &DE go through the same
sequence of refinement steps, the definitions coincide wghrd to which refinements are
basic or VI-refinements.

A candidate refinemeri{Z) gives rise to a Boolean attribute in the p-iid data view that
represents whethéty ZQ(Y),(Z) is true for example: € dv(X). SinceY andZ may
also contain some of the variables fraxh for which we substitute the exampte we need
to write this feature more precisely 86y U Z) \ X Q(Y'),1(Z). Thus, we define (relative
to a given refinement contedt/( X ), Q(Y)):

Foiy gy o | frue if 30 € cZm D=3\ X 1 QYV)[0, X /cl,1(Z)[6, X /]
1(Z) false otherwise

)

The condition in theérue case of the above definition can be equivalently expressédias
IYU2Z)\ X : QY)[X/c],l(Z)[X/c]. The asymmetric treatment of the existential
quantification over the variableéghewandY \ X in (2) is motivated by the fact that in this
way we obtain a definition that is more uniform with the foliogy one. This second type of
feature that we now introduce is more informative tHefi's It returns the actual number
of substitutions folZ newthat makeQ(Y')[X /c], 1(Z)[X /] true:

Fegte) = o ec? | DIV \ X QV)(X/eL UZ)0. X /)| @)



Based onF®®U"or FSSfeatures one can score candidate refinemigats by standard
information gain

i9(Fy(z)) = H(clasg — H(class| Fy(z)) (4)

where H(-) and H(-|-) denote the entropy function and the conditional entropyction,
respectively. We omit the superscrigtsuntor existswhen statements or definitions apply
uniformly to both versions. The formal definitions of thE°“" and F**'Sfeatures apply to
basic and VI-refinements. For basic refinemert8"™ degenerates to a 0/1-valued equiv-
alent ofFle(’%S;S. Scoring refinements based t7°'" only is appropriate when the models
constructed from the resulting queR(Y ), !(Z) can actually use the guantitative informa-
tion of counts of substitutions, e.g., TILDE with countinigtals [19], Relational Probability
Trees [13], Markov Logic Networks [17], and Type Extensiareds [8]. Classic ILP sys-
tems with existential semantics for newly introduced Jalga, on the other hand, should
score all candidate refinements usifgjss

So far, we have set up a framework in which refinements candreddbased on stan-
dard information theoretic principles(;z)) scores the direct informativeness of the re-
finementl(Z), i.e., the improvement of discriminative power for the sldabel from the
new literal alone, without any further refinements. Morefoi@(Fc"“"t) can measure the
direct informativeness presented dggree disparityi.e., the situation in which positive ex-
amples tend to have more (or fewer) relational neighborsiected via/(Z) than negative
examples.

We now extend this approach to also measure potential igftvemess of VI-refinements.
To motivate our approach, consider the case where the ¢uefmement scenario consists
of a data viewdv(X), Q(Y) = 0 (as usually the case in the first step of the induction), and
we consider the VI-refinemem{(X, Z). Suppose that(X, Z) is adeterminate literali.e.,
for eache € dv(X) there exists exactly on€ € C with D = r(c, ). We can now con-
sider the set of domain entities that are associated wiigh positive and negative examples,
respectively:

BT :={d €| 3c€ dv(X) with clasgc) = + andr(c, )} ®)
B~ :={c €C|3c e dv(X) with clasgc) = — andr(c,c')}

If the two setsB™, B~ are sufficiently distinct, then we may be able to discriminbe-

tween positive and negative examples with a refined quexy 2), a(Z), wherea(Z) is an

attribute onZ that is correlated with membership ™ (or B™).

Figure 2 shows three different data sets, where in all cdetabeled nodes, .. ., cg
represent the entities in a current p-iid data view, and thens represent a binary relation
r. In (a) and (b)- is determinate. In (a) the seis" and B~ are disjoint, and if an attribute
(or conjunction of attributes) can be found that is truedpbut not forc}, then we would
be able to perfectly classify the examples. In (b), in caita™ = B~, and, moreover,
positive and negative examples have exactly the same piepwiith regard te, so that the
refinement withr (X, Z) is neither directly nor potentially informative. In Figue(c) r is
not determinate. Nevertheless, the sets = {c|,ch} andB~ = {c}, ¢} } are still defined
by (5). While the two sets are not disjoint, an attribute’) characterizing membership in
BT would still allow us to split with the query(X, Z), a(Z) the data set intdcy, ca, c3, c4}
and{cs, cs }. However, characterizing membershipdi here would not be optimal: if(2)
characterized membership i = {c}} instead, them(X, Z), a(Z) would yield a perfect
split.
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Fig. 2 Potential informativeness via determinate (a),(b) ancegar(c) relations

Table 2 Values for selected™®*SSattributes

Example
X exists exists exists Fexists
r(X,Z),Bt r(X,Z),Bt r(X,Z),Bt r(X,2).{c|}
c1 t t t
Cc2
Cc3
Cq
C5
C6

— = —h o~ —~+
—. .+ -+
—, =~ o~

t
t
f
f
f

@ (b) (c)

In general, for any seB C C we can define the Boolean featuFéE‘}S(‘SZ) g(c) that

represents whethehas any--successor itB. Table 2 gives the resulting values fBr= B™
in the three data sets of Figure 2. For data set (c) also the ¥at B = {c]} is shown.

The main idea on which we build our definition of relationafoiimation gain, now,
is that the refinement(X, Z) is potentially informative if there exists at least some Bet
for which Fe{§ESZ)7 g is informative. To cast this into a formal definition, we fidsfine the

T

f«”le(’%SB attribute in the full generality for arbitrary refinemenesarios. In the general case
where the VI-refinement Z) introduces more than one new variable, we have to consider
subsetsB of possible substitutions for all new variables, i.8.,C CZ, rather than just

B C C. For any suctB we define as a small modification of (2):

exists true if30c B: DEIY \ X : Q)X /c],l(Z2)]0,X/c
Fl(Z;’B(C) = {false Iother\e/vise - ' O/l 1l /d (6)

As before, this definition is relative to a given refinemerdrario, and we also define
the more informative count version:

Fig)ple) =0 €B|DE3Y\X: QY)[X/c,U(2Z)6, X /c]} ()

For B = C%m (8) and (7) become our measures (2), respectively (3) fectinfor-
mativeness. Finally, we can now define relational infororatjain as a measure for direct



Table 3 Feature values in Example 3

X1 class  Fcount Fexists Fexists

r(X1,X2) r(X1,X2) r(X1,X2).{c],ch}

&1 + 2 t t
@ 2 + 2 t t

c3 - 0 f f

c4 — 1 t f

X1 | cass FN xy)  FiXaxs)  Frixexeief)
(b) c1 + 3 t t

Cco + 3 t t

cyq - 1 t f

and potential informativeness by maximizing over the infation gains obtained from the
featuresry ) g for any possible seb:

Definition 2 Let dv(X), Q(Y") be a refinement scenario. For a candidate refineriient
we define the existential and count versionalfitional information gairas follows:

RIGexists(l(Z)) = B?cagnewig(Fle(}s;?B) (8)
Rchouni(l(Z)) = Bglcagnewig(Flc(oZu;,tB)- 9)

Thus, in the definition oRIG we are taking an optimistic attitude towards evaluating
potential informativeness (or rather, stressing the “pidd’) by basing the definition on
the most discriminating subsé&t, even though we do not know whether we will be able to
characterize this optimaB by further refinements using the available attributes akad re
tions.

Example 2Consider the candidate refinemetif(, Z) for the refinement scenarios given
by the data views represented by Figure 2 (i.e., taking. . , cg as labeled p-iid examples),
andQ(Y) = 0. For Figure 2 (a) we have that fd8 = {c¢}} H(class| Ff(””}(s_tZS)VB) =
H(class | Ff(o)%jlzt)_’B) = 0, so bothRIG®®r(X, 7)), and RIG®“"{r(X, Z)) obtain the
maximal possible valué/ (class.

For Figure 2 (b) we have that for & botth&f% B ande&%@L p are constant for all
c; (beingtruelfalse, respectively 0/1, depending on whetlizcontainse} ), so allF,. x 7,5
have zero information gain, and herREG>*r (X, 7)) = RIG®""(r(X, Z)) = 0.

In Figure 2 (c) the maximab (£, x,z),p) scores are attained fa? = {c}}. Asin (a),
this leads to the maximal possifRIG™*SandRIG™"" scores.

Example 3We again consider the p-iid data view of the relational dataigure 1, as repre-
sented by the first two columns of Table 1 (a), together wighitiitial queryQ(Y) = 0. We
consider the candidate refinemek;, X»). The third column in Table 3 (a) shows the fea-
ture values forr 0% « ), i.e., our measure for the direct informativeness of thiimeenent
when guantitative information can be used. Since the valuethe positive examples are
distinct from the values for the negative examples, we hbﬂﬁg(FCE’;‘;‘lt,XZ)) = H(clasg

T
is the maximal possible, and hence aRIG™""(r (X1, X)) is the maximal possible. The

featureFfz“)?lS Xa) provides some information gain, but not a perfect split &f éxamples.
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Thus, for systems with an existential semantics, the refamém(X;, X») has some di-
rect information value, but does not yet lead to a perfectsifecation. However, the fea-

ture Fexists , ., has maximal information gain, which leads to a maximal vaifie
r(X1,X2), {Chcz}

RIG®™'S This shows that beyond its direct informativeness these & some additional
potential informativeness in the refinemenk’, Xs).
Suppose, now, that the initial query is refineddfy;, X2 ), and that the next refinement

scenario is given by thév(X) given by the first two columns of Table 3 (b), and the query

r(X1, X2) (this corresponds to a sub-problem that would be generat@dLibE). We now
consider the candidate refinemetif(s, X3). The featureFfE’}‘(”‘X (¢;), in this scenario,
represents the number of distinct entities reachable ftpwia a path of length 2. This
feature, again, has maximal information gain, and so a maxuossibleRIG™ " value is
obtained (however, if we were using a system that can utiizentitative count features,
then the induction would probably have ended after the fafsiement, and this score is not
very relevant any more). The featwéz‘}?fyxg) (i), on the other hand, has zero information
gain, showing that for systems with existential semantiesrefinement (X2, X3) is not
directly informative. Howeverlﬁ"x}s(;s Xs).{ey} (i), @gain, has maximal information gain,
indicating its potential informativeness. If the refinemianchosen, then in the next step it
would be found that the basic refinemenifX's) has maximal information gain, and that the
queryr(Xy, X2),7(X2, X3), a(X3) provides a perfect classification rule.

3.1 RIG in Practice

In this section we discuss several important propertiesI@, Bspecially those that have a
direct impact on an effective implementation of RIG scorexisting relational learners.

3.1.1 Direct vs. potential informativeness

The information gain from the non-B-conditioned featurgsand (3) can be seen as mea-
sures for direct informativeness (for systems using puiaycal and quantitative seman-
tics, respectively). Since these values are included innthgimizations (8) and (9) via
B = ¢Z%rev, we obtain thaRIG(I(Z)) scores are lower bounded by the direct informative-
ness scorey(Fy z)). Furthermore, the rati@(;z))/RIG(I(Z)) € [0, 1] shows to what
extent the RIG score is based on potential informativen®s®n the ratio is 0, then the RIG
score is entirely due to potential informativeness. Thisloaused in various ways to guide
the refinement search.

First, one can penalize or reward candidate refinementsanithv ig/RIG ratio, thus
allowing a choice between exploitation (prefer refinemenitd direct information value)
and exploration (encourage refinements that lead to an detiesearch along chains of
relations).

Second, a lowig/RIG ratio means that(Z) only is useful when further conditions
on Znew are imposed. This should influence the way new candidateeraénts are con-
structed. Specifically, it can be useful then to force thet nefinement to explore the po-
tential informativeness o€ new, i.€., to allow only literals that contaif new. Without such
a search bias, it can happen that in a purely greedy consinusticcessive refinements
1(Z),1(Z"),1(Z"), etc. are chosen which are merely syntactic variants of the saemlli
(differing only in the names of the new variables). Intwgtiy multiple (equivalent) lines
of possible exploration are opened, without pursuing anghei. This phenomenon does
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Table 4 ApproximateRIG computation

1. init B=0

2 Posconstants(); Neg.constants(

3. Pos score=0; Neg score=0

4. Candidateconstants= {cnew € CZnev | Ic € dv(X) :

D= 3Y \ X Q(Y)[X/c],1(Z)[X/c, Znew/ crewl}
5. forall cnew € Candidateconstants
6. score cnew) = i9(Fy(2), {cnon} )
7. if P(clas{X) = + | Fi(z),{cpeny = true) > P(clas{X) = +)
8 Posconstants= PosconstantsJ { cnew}
9. Posscore= Posscore+ scorg cnew)
10. else

11. Neg constants= Neg.constantsJ { cnew}
12. Negscore= Neg score+ Scorg cnew)

13. if Posscore> Negscore
14.  for cnew € Posconstantdn decreasing order afcore{cnew)

15. if ig(Fl(Z),BU{CneW}) > ig(Fl(z),B) B := B U {cnew}
16. else...// same as 14.,15 witegfor Pos
17. return ig(F, p) // as approximation oRIG(r)

not indicate a fundamental problem with RIG scoring. It osthypws that scoring functions
that take into account potential informativeness may neduetcombined with somewhat
different search strategies than other scoring functions.

3.1.2 Computing RIG

The definition of RIG includes a maximization over all sussatcZ", which is presum-
ably computationally intractable (the exact complexitycofnputing RIG is an open prob-
lem). In our implementation we use an approximate methoddarputing RIG scores. The
algorithm shown in Table 3.1.2 constructs a sethat approximates thargmaxin (8),
respectively (9).

First we observe that we only need to consider for inclusio® ituplescnew € CZme"
that make the extended quepyY '), (Z) true for at least one examptec dv(X) (line 4.).
Other tuples can have no impact on the feature valyps) g, and thus are irrelevant for
the RIG scores.

The construction consists of two main steps: in the first ategletermine whether the
set B should be composed of tuples that are mostly associatedpegtiive examples, or
of tuples that are mostly associated with negative examples whether we attempt to
obtain a featurefy z) g for which Fyz) g = true is predictive for the positive, or for
the negative class. This decision is made by computing thenmation gainig(F; z), )
for each singleton seB = {cnew}, and summing the information gain values separately
for tuples associated with the positive and negative classs(5.-12.). The obtained sums
serve as a heuristic decision criterion for whether we mdaeith a construction of a sét
associated with positive or negative examples (lines &3.,In either case, the construction
of B is a greedy process, adding one candidate tuple at a tines (li#.,15.).

4 Related Work

Most closely related to the RIG score in terms of purpose apliability are the already
mentioned lookahead strategies for relational learners.
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The most basic form of lookahead is an exhaustive fixed-depkahead, where all pos-
sible refinements consisting @for fewer literals are scored for their direct informativese
Due to the exponential search space explosion, this appis&pically not feasible in prac-
tice even for smaldl. To alleviate the problem, one can reduce the search spaoglging
user-defined constraints on admissible multi-literal esfients [2], or use purely syntactic
conditions on admissible refinementcros[4]. Seeing that even depth-1 lookahead can be
computationally very costly, Struyf et al. [18] propose #it&nt approximation to exhaus-
tive depth-1 lookahead, called feature based estimatiBE)Hn FBE the space of admis-
sible single-literal refinements is reduced, and infororatieeded for scoring the candidate
literals is pre-computed. None of these approaches triesdce the potential informative-
ness of a candidate literal without explicitly computingedi information scores obtainable
by further refinement steps. A distinguishing feature of Ri&re is that it measures the
potential informativeness of a single-literal VI-refinemenly based on the current refine-
ment scenario consisting of the pseudo-iid example set anmdrt query, but independent
of all relations in the data not yet occurring in the querye Hownside of this approach is
that it can lead to overly optimistic estimates of potentiddrmativeness, since the maxi-
mization overB sets in (8) and (9) is based on the implicit expectation thetata contains
sufficiently many and informative attributes and relatitimest will allow to characterize the
elements inB in subsequent refinement steps.

Also related to RIG scoring is ti ®CORAsystem described by Perlich and Provost [14].
This system constructs features for relational learningiegsuring to what extent positive
and negative examples are connected to different entitees \given candidate chain of
relations. This is related to the RIG approach in that thatitles of entities reached by
a relation are considered, and a relation is consideredniaftive if positive and negative
examples are connected to different entities. In a crudféérdnce to the RIG approach,
ACORA directly uses this kind of informativeness to constrfeatures that refer to the
identities of the objects reached by the chain. RIG, in astfris based on the assumption
that object identifiers are not available for feature cardion, and that therefore objects
associated with negative and positive examples, resgégtiveed to be indirectly charac-
terized by their attributes. The ACORA approach, thus, isliagble only when test and
training examples are connected to the same set of potgnméidted objects (as e.qg., in col-
laborative filtering scenarios, where test and trainingamsrs are connected to the same
set of books that they might potentially be interested in{5,Ron the other hand, is appli-
cable for the construction of models for domains that are'stationary” in this sense (in
molecular data, for example, no atom in a training molecsinnected to the same atoms
as any atom in a test molecule).

5 Implementation details
5.1 RIG-TILDE

TILDE is a popular ILP system for learning logical decisigrés in a top-down greedy
fashion inspired by the propositional decision tree lea@®5. We modified the algorithm
by simply replacing the scoring heuristic witiG™*"*whenever the refinemeitz) intro-
duces new variables, and standard information gain otlserwihe default scoring heuristic
in TILDE is actually gainratio, obtained by dividing information gain by the entropy ac-
cording to the outcomes of the test (instead of the labelis $plitting information should
de-emphasize tests evenly spreading examples and is @bpeffective for conditions hav-
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ing a large number of possible outcomes. While it is strédgitard to conceive a ratio
version for bothRIG™** and RIG™"™ it is not necessarily the case that a large splitting
information implies a lowepotentialinformativeness: even in the extreme case of a one-to-
one mapping between training exampteand bindingschew—a totally useless attribute in
itself—entitiesZ new could be easier to discriminate by further refinements.

In order to comput®IG™'S the set of candidate constants to be considered for additio
to the setB needs to be generated. Given a refinement sceda( ), Q(Y"), which corre-
sponds to a node in the tree being constructed, and a camdefatement(Z), we need to
compute the set:

{cnew € ¢Zrew | DEIY\X :QY)[X/c,(Z)[X /e, Znew/cnewl } (10)

for each training example € dv(X) (cf Table 3.1.2, line 4.). Plain TILDE, on the other
side, simply needs to verify whether this set is non-empty:

ElCneWe CZnew . D ': EIY \ X . Q(Y)[X/C], l(Z)[X/C, Znew/CneW] (11)

Equation 10 was implemented with the following Prolog query

setof  (Znew, (Y \ X)™ (Q(Y),1(Z))[X /c],S) (12)

whereS collects the set of possible bindings.

To avoid the problem described in section 3.1.1 of introdgenultiple equivalent copies
of the same literal, we force the next refinement)gl”), ((Z) to only use literals with at
least one variable fronZ,ew. TO prevent too long clauses, we also bound the maximum
number of variablegY” U Z| which can appear in the query.

Finally, it is worthwhile noting that the post-pruning fae¢ implemented in TILDE has
an additional advantage in the RIG-TILDE version: whenélempotential informativeness,
which guided the selection of a certain relational refinetydoes not eventually materialize
further down in the search, the unlucky guess will be prungdyain the post-processing
phase.

5.2 WRIG-FOIL

The definition of RIG in section 3 is based on two major compsie(1) it was obtained as
a standard information gain from a suitably defined newlatte in a pseudo-iid data view
and (2) it measures potential informativeness by congidehe informativeness of subsets
B of possible bindings for the new variables.

When implementing RIG as a replacement for the natighted information gain
(WIG) scoring heuristic in the FOIL system, it turns out that thetfttesign principle of
RIG conflicts with the FOIL architecture: as a standard imfation gain measure, RIG is
symmetric in how it treats positive and negative examplemsdional class distributions
with a high posterior probability for the negative class i@ted just as highly as posteriors
with a high probability for the positive class. Moreover,evhconditioning on some feature
F, both conditionalsP(- | F = true) andP(- | F' = false) influence the score in the same
way. The FOIL architecture conflicts with these symmetresiio ways: first, FOIL itera-
tively covers positive examples, and can only make use afiere@sed posterior probability
for the positive class. Second, examples not covered byrarturefinement are discarded
(for the construction of the current clause), and thereforeduction in the conditional en-
tropy P(- | F = false) is of no interest. For these reasons we have implemented lih &O
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modification of the RIG scoring metric that is better adapgtethe FOIL architecture, and
combines elements of WIG and RIG score:

WRIG((Z)) =

ist:
s, (POTES s = )

(—log(P(class= true)) + log(P(class= true | Fle(}s)t?B = true))))

The WRIG measure borrows three main elements from WIG: theestepends only on
the change of- log(P(class= true)) as a measure of the proportion of positive examples.
When considering a VI-refinemehtZ), only those examples that have an extension in the
new local training set defined by the refinement are congid@neour setup, these are the
examples for WhiciFf(?fB = true). Finally, the change in class purity is weighted with the

_factorP(Fle(’%S)‘fB = m_Le) of how many examples of the original training s_et are repn_egb
in the new local training set. Two key elements are taken fRI@: potential informative-
ness is measured by considering and maximizing ovetelativized features 7).

Second,P(class= true | ﬂe(xgth = true) measures the proportion of positive examples
still in the original training set, not (as WIG) in the extentkraining set obtained from the
refinement/(Z). WRIG, unlike WIG, thus does not produce high scores jusabse pos-
itive examples tend to have more extensions (i) than negative examples (a behavior
of the score function that does not suit FOIL's existentehantics for new variables very
well).

The implementation of WRIG within FOIL system is hence sfhdiorward. When
building a clause, WRIG is used for the scoring refinememdhé case of basic refine-
ments, this is equivalent to using FOIL's original WIG me&su

The computation of WRIG can be performed using the sametttagkes which FOIL
generates as local training sets when computing weightiedniation gain: the compu-
tational cost is then linear in the dimension of such targbtets, and hence there are no
fundamental complexity differences between FOIL and WRIGIL.

6 Experiments
6.1 TILDE experiments
6.1.1 Synthetic data

We use synthetislotchaindata [8] to test RIG’s ability to identify potentially inforative
literals. This data set is a larger and more elaborate verdithe kind of structure shown in
Figure 1. In this data, an exampleis positive if and only if an entityZ with att(Z) = true
can be reached via the chain of relatiogg, r1,0, 72,0, 73,0. Thus, the target clause to find
in this data is

POSItiveX) «— 79,0(X,Y1),71,0(Y1,Y2),72,0(Y2, Y3),73,0(Y3, Z),att(Z).  (13)

The r; o-literals are neither directly informative nor determimalhe data set consists of
approximately 5,400 true ground facts and also includestneelations™; ; (: =0, ..., 3,
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j = 1,...,2) that have no predictive value. Standard TILDE is able tavec the tar-
get clause (13) only using an exhaustive lookahead of 4 wibe the gain ratio scoring
measure used by TILDE is not able to capture the potentiatimétiveness of the literals
composing the slotchain. Being limited to depth-1 lookahehe FBE algorithm [18], de-
scribed in section 4, also is unable to retrieve the targetishin clause. The total number
of Prolog queries required by Tilde-L4 to recover the slatohis 31,125. RIG-TILDE is
instead able to recover the target clause from data, wittheutise of lookahead, with only
43 queries.

6.1.2 Struyf et al’s data sets

We report here about the applicability and the performarideIG-TILDE in the data sets
employed in [18], i.e., Mutagenesis (Mutal88 and Muta2B#)ancial, Sisyphus, Carcino-
genesis, University of Washington (UWCSE), Yeast, and BotigFor details on the data
sets see [18] and references therein. Results obtainedry the same 10-fold cross vali-
dation as in [18] are shown in Table 5. We report accuracy areler the precision-recall
curve, the number of Prolog queries which are evaluatedigfirout the search and the num-
ber of literals in the final (pruned) tree, both averaged plet. f

6.1.3 Activities of daily living

Activities of daily living (ADL) [12] is an activity recogriion data set which describes the
activities of a user having breakfast at home. The data st.nsi observations of 4,597
tagged events divided in 20 time sequences, where the userme activities such as read-
ing the newspaper or toasting bread (19 total activitieduiting nil) and interacts with sev-
eral objects, such as kettle, teabag, butter (23 total t#)jeeor each time sequence, interac-
tions between user and objects are observed (data have bieémed using RFID readers),
and the duration of each activity is known as well. No addiiobackground knowledge
is used. We extracted three different binary classificatasks: ADL (any activity vs. no
activity), ADL, (readNewspapevs. rest), and ADL (makeCereal®atvs. rest). Asin [12],
a leave-one-sequence-out approach was used for the expesinvWe show in Table 6 the
F, measure rather than accuracy, owing to the unbalancedenatuhe data set. We also
report the number of evaluated refinements, the numbereséld in the final tree and the
computational time.

Following the approach by Struyf et al. [18], propositioatitibutes were encoded using
relations of the formAttribute; (id,value) for this reason, TILDE with no lookahead cannot
properly retrieve informative literals (results not rejeat).

6.1.4 Gene essentiality

This is a crucial problem in cellular biology, which can hétpunderstand the minimal
requirements of cellular life, as well as to develop new dride goal is to predict whether
a certain gene is essential for the life of the cell (a bindasgification task). Machine
learning algorithms for solving it have been recently stddn the literature [9, 1].

We started from the two propositional data sets used in [$&.STcerevisiadyeast) data
set contains 4,728 genes (967 essential and 3,762 nonafséescribed by 42 attributes.
The first 16 attributes (that include e.qg., phyletic ret@mtnumber of paralagous genes, aro-
maticity score, amino acid composition) are obtainablenfsequence data alone while the
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Table 5 Comparison between TILDE with lookahedd = 0, 1,2, FBE and RIG-TILDE on Struyf et
al’s data sets. Evaluated refinements, the number ofI§ténathe final tree, and computational time are
averaged per fold. Significant wins/losses of Tilde-Lx amERwith respect to RIG are indicated by and
o, respectively §-value < 0.01, paired t-test).

Data set Method Accuracy AUPRC Evaluated Literals in Time
refinements final tree (s)
Mutal88 LO 69.%7.5 08 © 168 1 0.0
L1 74.5+-4.7 84+7 50,880 26 28.5
L2 73.9£6.7 TH-6 517,383 39 689.9
FBE 74.3t8.6 85t8 5,253 28 2.9
RIG 72.8+8.3 84+10 15,388 13 41.7
Muta230 LO 63.943.3 65t+4 179 2 0.0
L1 74.8£5.8 84+3 178,867 38 5.0
L2 73.5t3.4 817 1,046,051 46 167.4
FBE 75.4£7.6 86+4 9,734 37 1.5
RIG 68.9+-8.8 68+17 11,309 14 43.0
Financial LO 86.80.7 o 13t1 o 28 0 0.0
L1 96.6£1.5 84+9 5,565 3 1.7
L2 96.2+1.8 819 71,417 8 461.9
FBE 96.6t2.5 84+9 510 3 1.7
RIG 95.8+1.2 9012 1,195 16 22.9
Carcinog LO 62.14.5 66t+4 14,283 15 1.4
L1 60.3+4.1 674 359,920 79 184.2
L2 60.0+£3.4 64+4 2,596,396 165 35,841.2
FBE 60.Gt7.6 6 A5 29,155 63 34.1
RIG 61.8+1.8 64+7 11,710 18 13.3
UWCSE LO 93.6:2.3 39+17 6,192 25 2.4
L1 94.0+2.3 29+14 253,425 113 71.9
L2 94.3+2.3 33t13 2,041,260 101 3,586.0
FBE 94.8t1.0 34+19 14,604 68 11.9
RIG 95.2+0.8 41+26 5,873 18 75.1
Yeast LO 87.40.4 682 399,203 91 50.7
L1 88.0+0.6 632 2,909,296 168 401.5
L2 88.0+0.5 62+2 92,638,421 154  16,708.5
FBE 88.7#0.7 TH1 527,758 154 106.6
RIG 87.6:0.8 6 A4 240,516 91 366.6
Bongard LO 98.1+0.4 9%8t1 © 2,404 11 6.1
L1 99.6£0.3 @ 10040 @ 10,399 19 15.2
L2 100.6t0.0 & 100+£0 & 86,072 13 1,595.7
FBE 99.5+0.8 10G+0 589 17 3.3
RIG 97.6+0.8 99+1 696 18 19.1
Sisyphus A LO 62.£0.0 © 62+0 © 40 0 0.4
L1 94.9+0.5 9A1 652,634 36 297.1
L2 96.6£0.2 @ 9840 1,621,575 66 14,140.2
FBE 94.8t0.3 9A1 16,651 34 54.8
RIG 95.5+0.4 9A1 13,850 42 1,598.1
Sisyphus B LO 71400 o 240 o 2 0 0.2
L1 75.440.7 © 541 © 1,458,210 115 286.9
L2 92.0+£0.3 & 86+1 1,886,339 32 18,255.0
FBE 76.H0.7 © 59+2 © 36,192 68 12.0

RIG 81.741.6 75+4 55,947 127 1,852.6
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Table 6 Results on activities of daily living dataHs the micro-average on the 20 sequences. Evaluated
refinements, the number of literals in the final tree and cdatfmnal time are averaged per sequence.

Dataset Method F AUPRC Evaluated Literals in Time
refinements final tree (s)

ADL L1 83.5 45.8:36.0 288,036 30 24.4
L2 82.6 47.6:33.1 1,449,520 39 220.1

FBE 84.4 39.%31.6 18,848 110 3.9

RIG 84.6 66.226.2 3,180 22 5.4

ADL o L1 88.2 90.8:10.0 50,791 36 4.5
L2 87.4 89.3:t13.0 401,738 52 151.7

FBE 88.5 91.@¢10.2 4,537 30 15

RIG 88.5 89.6:9.6 878 27 2.3

ADL 3 L1 80.4 86.1%12.5 23,734 153 2.0
L2 74.4 76.#16.6 506,127 157 69.0

FBE 80.4 86.%12.5 3,754 35 14

RIG 80.6 81.4-12.2 950 87 29

other 26 attributes (that include number of interactingqires, or subcellular localization)
require extensive wet laboratory work. For our experimentsonly considered the first set
of attributes. Thes.colidata set contains 3,570 genes (612 essential and 2,958se0tial
each described by 28 attributes obtainable from sequerge@uontinuous attributes were
discretized using the entropy minimization heuristic [Ffia[9].

We then enriched both data sets with relational informatimmsisting of protein-protein
interactions derived from the STRING data base [10]. Simeespurces of evidence for
association between proteins can be very noisy, we retaingdpairs with an interaction
score above 0.9.

For the sake of comparison, we replicated the bootstrappiaduation procedure re-
ported in [9]: data was split maintaining 50% of the exammégach class, both in the
training and in the test set. The procedure was then repeatetes and final gene essen-
tiality probabilities were obtained as the averages of tiobgbilities assigned in each trial.
When reproducing results in [9] we observed no significantathges in using more than
10 repetitions so we report results with n = 10 rather than 8G=ds in [9].

As in the ADL data sets, propositional attributes were repnéed by relations so TILDE
with no lookahead cannot properly retrieve informativertis (results not reported).

Following the approach in [9], we show in Table 7 the precisabtained when pre-
dicting as positives the top% of the genes ordered by predicted probability, with=
1,5,10, 15, 20. Since TILDE-L2 ran for over 24 hours on a single train/tgtt svithout
terminating, we compare only to TILDE-L1 on this data setERRsults are also not re-
ported, because the system crashed when run on this daBogeRIG-TILDE and Tilde-
L1 achieve state-of-the-art results for this task.

6.2 FOIL experiments
6.2.1 Synthetic data
We performed also with WRIG-FOIL the same experiment oncBlain data set described

for RIG-TILDE: the use of WRIG is again decisive in order tareetly retrieve the tar-
get clause (13), which plain FOIL is otherwise not able to .fMtRIG-FOIL was also run
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Table 7 Results on protein essentiality data. Positive predic@devat topn% predictions is reported.
Evaluated refinements, the number of literals in the fin@, teexd computational time are averaged per run.

Dataset Method Top Top Top Top  Top Evaluated Literalsin  Time

1% 5% 10% 15% 20% refinements final tree (s)
s.cerev L1 62 72 64 59 54 370,431 30 119.7
RIG 79 74 64 58 53 2,275 38 48.4
ref. [9] 81 64 57 54 49 - - -
e.coli L1 89 72 60 50 43 572,530 57 70.1
RIG 80 73 61 53 45 7,835 66 114.8

ref. [9] 82 68 58 48 40 - - -

in a second setting, without performing the maximizatiorrothe B set (called WRIG-
FOIL,,,r.4). This modified version of our algorithm does not take adagetof the “looka-
head” capacity of WRIG—nbut, differently from FOIL, employise counting of examples
rather than substitutions—and it is therefore not able tideree the slotchain target clause.

6.2.2 Real data
Table 8 Results on real world data sets using plain FOIL, WRIG-FOid &/RIG-FOIL, 1 4. F1 is the

micro-average over the 10 folds. The accuracy, the numbkzaofied clauses, the number of evaluated re-
finements, and the computational time are averaged per fold.

Method Accuracy r Learned Evaluated Time

clauses refinements (s)

Carcinogenesis  FOIL 514%6.4 52.9 9.9 23,036 77.1
WRIG-FOIL 56.14+8.3 56.2 10.3 73,206 1779.7
WRIG-FOIL,,,4  50.9£5.9 426 9.5 8,845 49.1

Mutal88 FOIL 66.610.4 744 8.4 53,709 200.2
WRIG-FOIL 74.0£9.7 811 7.2 10,267 97.1
WRIG-FOIL,,,,4  78.8£8.3 84.6 6.4 6,706 72.6

Muta230 FOIL 62.27.0 68.1 7.2 80,835 680.5
WRIG-FOIL 68.3t8.7 73.8 8.4 27,053 1165.5
WRIG-FOIL,,z4 74.6£5.7 80.1 5.8 7,273 101.3

UWCSE FOIL 95.30.8 13.6 34 6,394 9.5
WRIG-FOIL 94.5+2.0 187 2.8 3,005 5.0
WRIG-FOIL,,z4 94814 19.1 2.8 2,363 1.3

For FOIL experiments we employed the Carcinogenesis, Mutagjs and UWCSE data
sets, which were used also for RIG-TILDE. For all the taslGILFs threshold for the mini-
mum acceptable accuracy of a rule has been set to 50%, andéigerals were forbidden.
A 10-fold cross-validation was performed on each data segm for UWCSE, where we
used the leave-one-area-out setting. Results obtainezhaven in Table 8.

6.3 Discussion
The experiments performed with TILDE show that the use of Bi€atly lowers the number

of queries being evaluated throughout the search, withersp lookahead: RIG-TILDE
evaluates a number of queries which is usually of the samer afdmagnitude of TILDE
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without lookahead, and abou% (from 0.6% fors.cerevto 20% for Financial) an®.5%
(from 0.2% for ADL; to 20% for Financial) of the ones evaluated by TILDE-L1 an@,-L
respectively. Note that our savings in the number of evelliajueries does not directly
translate into faster learning, because of the differeratevdien computing (10) and (11)
which is highly problem-dependent. Using the naive impletaton reported in (12), we
obtained comparable computing times on average betweerRTRIBE and TILDE-L1,
whereas TILDE-L2 was generally one or two orders of mageitsidwer.

RIG-TILDE achieves results which are on average compatalilee best ones obtained
by varying the amount of lookahead, while generating simpiedels in terms of number
of literals in most cases.

The gene essentiality task shows that the use of RIG can beaf ignpact also in real-
world complex problems, in which the use of deep lookaheadbeavery expensive, and
sometimes prohibitive. The relational approach in thisadst outperforms results in [9]
that are based on a simple propositional Naive Bayes.

The additional FOIL experiments demonstrate the applitpluf RIG scoring in dif-
ferent learning systems. However, since the new WRIG sdffersifrom the native FOIL
scoring function also in other aspects than RIG’s implicitkahead capabilities, it is not
directly clear to what extent the observed improvement ofl @HROIL over FOIL is due to
this main novel feature of WRIG. Experiments with the modifiersion WRIG-FOIL, 1, 4
provide inconclusive results, with only the experimentsGarcinogenesis indicating a ma-
jor impact of the lookahead feature.

7 Conclusions

Relational information gain is a refinement scoring functibat has a sound information-
theoretic justification. We have introduced an algorithm dalculating approximate RIG
scores and implemented it in conjunction with two populaP lystems that use literal
scoring heuristics: TILDE and FOIL. RIG, however, is notafieally conceived for these
systems and its scope and applicability is more generalotjuaction with both learners,
our experiments on synthetic slotchain data clearly shenattility of RIG in discovering
potential informativeness of a literal, without requiriaglookahead. In the experiments
with real data RIG was competitive in terms of accuracy arekdpwith other state of the
art methods. However, no evidence was found that long sotdike dependencies played
a major role for the prediction tasks in these datasets. Weherefore conclude that RIG
scoring is a widely applicable approach that is generabiyphd, with the potential of giving
superior results in domains that are characterized by pititic dependencies transmitted
over chains of several relations.
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