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Abstract.

Inductive logic programming (ILP) algorithms are classification algorithms that construct classifiers
represented as logic programs. ILP algorithms have a number of attractive features, notably the ability
to make use of declarative background (user-supplied) knowledge. However, ILP algorithms deal poorly
with large data sets (> 10* examples) and their widespread use of the greedy set-covering algorithm
renders them susceptible to local maxima in the space of logic programs.

This paper presents a novel approach to address these problems based on combining the local search
properties of an inductive logic programming algorithm with the global search properties of an evolution-
ary algorithm. The proposed algorithm may be viewed as an evolutionary wrapper around a population
of ILP algorithms.

The evolutionary wrapper approach is evaluated on two domains. The chess-endgame (KRK) problem
is an artificial domain that is a widely used benchmark in inductive logic programming, and Part-of-Speech
Tagging is a real-world problem from the field of Natural Language Processing. In the latter domain,
data originates from excerpts of the Wall Street Journal. Results indicate that significant improvements
in predictive accuracy can be achieved over a conventional ILP approach when data is plentiful and noisy.
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1. Background to constructing classifiers are inductive logic pro-

gramming and evolutionary algorithms.

This work addresses the classification problem in
machine learning. That is, given training exam-
ples of the form {(x1,y1),-- ., (Xm,ym)} for some
unknown function y = f(x), where the x; values
are vectors of the form (z;1,%i2,...,2Zin), and
y values are drawn from a discrete set of classes
{1,...,K}; find a definition of function f such
that the y value for any x; from the same distribu-
tion is accurately predicted [10]. Two approaches

1.1.  FEwolutionary Approaches to Classification

Evolutionary algorithms [2] are domain-independent
search algorithms inspired by principles of popu-
lation genetics. Using very simple mechanisms,
evolutionary algorithms exhibit complex search
behaviour that has been harnessed to solve some
difficult problems, e.g. [7, 16].



Evolutionary algorithms (EA) have in the past
successfully been used for the classification prob-
lem. GABIL [9] and REGAL [13] for example
create a mapping between logical expressions and
fixed-length binary strings. A genetic algorithm
then searches the space of strings. To evaluate
strings they are mapped back to the corresponding
logical expression which may then be interpreted.
Other work has been done on suitably modifying
the operators in genetic algorithms to manipulate
logical expressions directly, e.g. SAMUEL [39],
GLPS [43].

However, conventional evolutionary algorithms
have three weaknesses that hinder their appli-
cation to the problem of discovering classifiers.
Firstly, because of the difficulty of encoding prob-
lems, evolutionary operators can construct can-
didate solutions that either have no correspond-
ing classifier (syntactically invalid) or are mean-
ingless in the problem domain (semantically in-
valid). Secondly, EAs perform well in the absence
of domain knowledge. Yet when such knowledge
is available, it is difficult to exploit. Thirdly, while
EAs are good at locating good solutions in com-
plex search spaces, they are poor at refining these
solutions.

Two of the above problems, namely represent-
ing the space of classifiers and the use of declar-
ative domain knowledge, may be elegantly ad-
dressed by using a grammar to make the syn-
tax of classifiers explicit. A classifier can be rep-
resented as a derivation tree with respect to a
grammar and such trees can be manipulated by
a crossover operation similar to the operator in
genetic programming [26]. Previous approaches
to constraining search with an explicit grammar
include GA-Miner [38], STGP [29, 23], LOGEN-
PRO [46, 45, 44, 47] and [41, 40, 21]. Successful
applications have been reported in medicine [35]
and ecological modelling [42].

This leaves the third problem: allowing evolu-
tionary algorithms to refine the classifiers they
construct. Previous approaches have supple-
mented the genetic operators with operators that
add or remove propositions (or conditions) from a
rule. This approach is adopted in GABIL [8, 9],
GIL [24], SAMUEL [17, 39, 20, 18, 19], SIA01 [1],
REGAL [13, 14, 34]. A second approach found in
REGAL and GIL involves selecting two rules at

random. These rules are then replaced with either
a (most specific) generalisation or (most general)
specialisation.

There is accumulating evidence to indicate that
the performance of evolutionary algorithms can
be improved through the introduction of a local
search method [6, 22]. A local method progresses
by refining an existing solution; instead of con-
sidering the entire search space, a small subset —
the solution’s neighbourhood — is examined. This
can result in the rapid location of good solutions.
However, if all the points in the neighbourhood
are inferior, then the algorithm becomes trapped.
Unless the local method is perturbed in some way,
no further improvements can be made. Evolution-
ary algorithms are relatively robust against such
local maxima, but are poor at local refinement
[15]. Next, we describe a local search method for
constructing classifiers.

1.2.  Inductive Logic Programming

Inductive logic programming (ILP) [32] is an ap-
proach to constructing classifiers that draws on
the foundations of logic programming. The task
tackled by ILP is that of developing predicate
descriptions given training examples and back-
ground knowledge. More specifically, given sets of
positive E* and negative £~ examples and back-
ground knowledge B, an ILP algorithm searches
for an hypothesis H that is consistent and com-
plete with respect to the training data and back-
ground knowledge. B,ET,E~ and H are each
logic programs. A logic program is a set of defi-
nite clauses each having the form

h & b1,bs,...

where h is an atom and b1, ba, . .. is a set of atoms.
Usually, Et and E~ contain only ground clauses,
with empty bodies. The following symbols are
used below!: A (logical and), V (logical or), =
(logically proves), O (falsity). The conditions for
construction of H are [30]

Necessity: B [£ E*

Sufficiency: BA H = E*

Weak consistency: BA H (0O
Strong consistency: BAHAE~ £ O



ILP algorithms perform a structured search
through the space of hypothesis clauses. For in-
stance, in the ILP algorithm Progol [33], a partial
ordering is imposed on the space of clauses and
this structures hypotheses by generality allowing
large parts of the search space to be pruned. For
example, if a clause C' does not cover a positive ex-
ample, then none of the specialisations of C' need
be considered. In practice, however, sufficiency
and strong consistency conditions must be relaxed
in order to tolerate noise in training data.

ILP algorithms are typically based on the set
covering algorithm which is a greedy search al-
gorithm. An optimisation algorithm is greedy if
(1) it has to construct a solution in a sequence of
stages, i.e. incrementally; and (2) at each stage
the best possible local choice is made. The aim of
a greedy algorithm is to construct a global opti-
mum by a succession of local optimisations. But
greedy algorithms are susceptible to local max-
ima in the search space, and an ILP algorithm
based on a greedy algorithm may return subopti-
mal classifiers. For instance, to address this greed-
iness some approaches perform a stochastic search
for clauses as in SFOIL [36] and MILP [25] which
both use a heuristic based on a Markovian neural
network.

Inductive logic programming is an appealing lo-
cal search method as it allows the easy incorpora-
tion of domain-specific knowledge.

2. Evolutionary Inductive Logic Program-
ming

Inductive logic programming and evolutionary al-
gorithms have appealing properties which appear
to be complementary. Evolutionary algorithms
have good global search properties, whereas in-
ductive logic programming algorithms have good
local refinement characteristics. This provokes
the question can a classification algorithm be con-
structed that captures both of these properties?

2.1. An Overview

In many real-world applications, there is too much
data to use in one batch. One approach is to sam-
ple the training data and supply only a subset to
the learning algorithm. But as the sample be-
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comes smaller it may be less representative of the
underlying distribution and as a result less accu-
rate rules may be induced. There is therefore a
trade-off between run time and variance in accu-
racy. This is the basis for ensemble methods such
as bagging [3]. As will be seen EVIL_1 exploits
this property.

EVIL_1 is a hybrid algorithm consisting of an
evolutionary algorithm and an ILP algorithm.
The evolutionary component corresponds to a
global strategy and maintains a population of
clausal theories (logic programs). Data is parti-
tioned into training, validation and test sets as
shown in Figure 1. In EVIL_1, small samples of
training data are supplied to an ILP algorithm
and the risk of inaccurate rules is high. But to
compensate for this, a theory’s survival from one
generation to the next is based on an estimate of
its predictive accuracy. To compute this estimate
logic programs are tested on a validation set.

Conventional mutation and crossover operators
are replaced and mutation is performed by an in-
ductive logic programming algorithm. Crossover
is an operator which in some respects is similar
to crossover in Genetic Programming [26]. The
EVIL_1 algorithm may be informally described as
follows:

1. Repeat for n generations:
(a) Repeat for each individual in population
i. sample training set
ii. apply ILP algorithm to induce theory
iii. add theory to population
iv. if clause-exchange condition satisfied:
A. select two parent individuals
B. construct two new theories by ex-
changing parts of theory
C. add to the population
v. compute accuracy on validation set
(b) stochastically select population for next
generation based on validation set accu-
racy.
2. Return theory with highest accuracy.

2.2. The EVIL_1 algorithm

EVIL_1 may be defined as follows. An individual
is a clausal theory T which consists of background
knowledge clauses B and hypothesis clauses H
such that T = B A H. The population P is a
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Fig. 1. Separation of data.

multiset of theories {T4,Ts,...,T,}. Fitness is a
function f : T+ R. The fitness of a theory f(T)
is its accuracy on the validation set. Selection is a
function S : P — P. Let P; be the population of
theories at time t. The population at time ¢+ 1 is
Piy1 = S(P) s.t. for all T € P; the probability of
T € P44 is given by

p(T € Py1) = %-

The algorithm is detailed in Appendix A.1 and
proceeds as follows. Initially, each theory in the
population consists of the background knowledge
and the null hypothesis (an empty set of induced
clauses). In each of the following generations, an
individual takes as input a small random sample of
the training data and induces zero or more clauses
using the Progol ([33]) inductive logic program-
ming algorithm. The risk of inaccurate rules is
high. But to compensate for this, the survival of
a theory to the next generation is (probabilisti-
cally) determined by an estimate of its predictive
accuracy.

Since an individual is a clausal theory, the pop-
ulation represents a sample over the space of the-

ories. The selection process manipulates this sam-
ple with respect to an estimate of predictive accu-
racy. To compute this estimate theories are tested
on the validation set. The entire training set is
used as a validation set—as some of the data will
already have been used as training data, the esti-
mate will be optimistic, but this is not important
as the bias is the same for all theories and it is the
accuracy relative to the population average that is
used to determine survival. The estimate of pred-
icative accuracy is used as the fitness of a theory.
Consequently, those theories with poor predictive
accuracy risk extinction, while those with high
predictive accuracy are likely to occupy a larger
proportion of the population in the next genera-
tion. In subsequent generations, a theory begins
with the clauses induced in the previous genera-
tion. Learning is therefore incremental, with zero
or more clauses being added each generation.

2.8. Clause Crossover

Crossover operators (as in genetic algorithms) ma-
nipulate fixed-length strings. However, logic pro-
grams do not map naturally to this setting; in-



stead logic programs are of variable length and are
better represented by a tree. Genetic Program-
ming (GP) [26] refers to a class of evolutionary al-
gorithms that manipulate tree structures and con-
sequently a variant of the GP crossover operation
is used.

In EVIL_1, a clause tree T = (V, E) is a rooted
binary tree where the vertices V are either the
induced clauses in hypothesis H or null (L), i.e.
V Cc HU{Ll}. As a result, a theory is not only
represented as a set of clauses, but additional in-
formation is stored that captures relationships be-
tween them. Note that the clause tree does not in-
clude background knowledge, although this is an
interesting direction that could be pursued.

The tree-structure specifies the interrelation-
ships between clauses in the theory. Given any
two clauses in the clause tree c;,c; € V, there
exists a unique path c;,ciy1,--,c;. We define
the clause distance A(c;,c;) to be the path length
7 —t. Initially, clauses are randomly placed in the
tree and so clause distance is arbitrary. However,
in practice, over a number of generations, certain
clauses are observed to group together, reducing
their clause distance.

Clause crossover is a function

C:TxTw—=TxT

that involves choosing a random node on each
tree and exchanging the subtrees below the chosen
points. Since the crossover operator cannot cause
a split within a clause, only syntactically valid the-
ories can be generated; and because of the modu-
lar semantics of clauses, the addition and removal
of clauses from a theory has a well-defined effect
on the theory’s semantics.

Given a tree T, the probability of any two
clauses c;,c; € V being separated by a crossover
operation is given by

A(ClaCZ)
14

Consequently, the tree implicitly encodes the
probability of clauses being separated by a
crossover operation. The clause crossover algo-
rithm is shown in Appendix A.1 and an exam-
ple of a crossover operation is shown in Figure 2.
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The frequency with which crossover is applied is
governed by a parameter w. such that crossover
operations occur exactly every w, generations.

The Clause-Tree/Logic Program Mapping

It remains only to define the mapping between
logic programs and trees.

1. Creating a clause-tree from a logic program.

(a) If no clause-tree exists. A tree is initially
constructed by taking clauses in the logic
program at random (without replacement)
and creating either a root node or, if the
root node already exists, attaching it at a
random position in the tree. This results
in a random mapping between clauses and
their position in the clause tree.

(b) If a clause-tree erists. From generation to
generation, Progol may add, remove or re-
place clauses in a theory. In order to pre-
serve the properties of crossover the struc-
ture of clause trees should be disrupted as
little as possible. This is achieved as fol-
lows. Copy the corresponding clause tree
from the previous generation and replace
all clauses with a null (L) symbol. Then
for each clause in the logic program, check
if the clause tree of the previous gener-
ation contained that clause. If so, it is
placed in the position it held previously.
If the clause was not in the tree before,
place it in a random position on the tree.
Thus clauses keep their previous position
and removed clauses are replaced with null
(L) placeholders thereby maintaining the
tree structure. (This procedure is called
map2tree in Appendix A.1).

2. Creating a logic program from a clause-tree.
Construct an empty logic program; then per-
form an in-order traversal of the clause tree
and for each node append the correspond-
ing clause, thus building up a logic pro-
gram. (This procedure is called map2LP in
Appendix A.1).

The following sections describe empirical anal-
yses of the EVIL_1 algorithm.
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C1: class(A,mammal) :- has_milk(A).

C2: class(A reptile) :- has_covering(A,scales), habitat(A,land).
C3: class(A,bird) :- has_covering(A feathers).

C4: class(A fish) :- has_gills(A).

C5: class(A reptile) :- has_covering(A,scales), has legs(A,4).
C6: class(A fish) :- has_eggs(A).

C10:
C11:
Ci12:
C13:
Cl4:
C15:

class(A,bird) :- has_legs(A,2), has_eggs(A).
class(A,mammal) :-has_legs(A,2), homeothermic(A).
class(A,reptile) :- has_legs(A,4).

class(A fish) :- has_gills(A), habitat(A,water).
class(A ,bird) :- habitat(A,land).

class(A,mammal) :- habitat(A,caves).

C1: class(A,mammal) :- has_milk(A).
C2: class(Areptile) - has_covering(A,scales), habitat(A,land).

C15:

class(A,mammal) :- habitat(A,caves).

C4: class(A fish) - has_gills(A).

C10:
C11:
Ci12:
C13:
Ci4:

class(A,bird) :- has_legs(A,2), has_eggs(A).
class(A,mammal) :-has_legs(A,2), homeothermic(A).
class(A reptile) :- has_legs(A 4).

class(A fish) :- has_gills(A), habitat(A water).
class(A ,bird) :- habitat(A,land).

C3: class(A,bird) :- has_covering(A feathers).
C5: class(Areptile) :- has_covering(A,scales), has_legs(A,4).
C6: class(A fish) :- has_eggs(A).

Fig. 2. An example of clause crossover. Each clause in the logic program has a corresponding node in the clause tree.
Subtrees are exchanged under the indicated crossover points. The resulting offspring trees correspond to two new logic
programs.

3.

Design of Experiments

The aim of this investigation is to examine the
effect of introducing the evolutionary elements of
EVIL1 and to examine the implications for prob-
lems where conventional Progol is weak. In par-
ticular, the objectives are:

1.

to examine the relationship between classifi-
cation accuracy and fitness-proportionate se-
lection on the population of theories.

. to examine the relationship between classifica-

tion accuracy and the type of clause exchange
mechanism used.

. to examine the relationship between classifi-

cation accuracy and the frequency of clause
exchange.

. to examine how the algorithm scales up to real

world problems which involve:

e noisy data, such as class and attribute er-
rors;

¢ larger datasets;

¢ more background knowledge.

5. and finally, to compare predictive accuracy

with Progol.

Given these aims, the follow criteria were used

in the choice of problem domains:

Large training sets. Most problems tackled us-

ing ILP algorithms deal with small datasets,
typically under 10* training instances. Datasets
should therefore exceed these limits.

Multiple-clause hypotheses. In EVIL1, the

clause-crossover operator exchanges clauses
between multiple instances of the ILP al-
gorithm. However, if the hypothesis to be
learned consists of only one clause, then the
effect of clause crossover will not be seen. The



hypothesis should therefore consist of several
clauses.
Of course, one may not know in advance
whether a hypothesis requires several clauses.
However, at this evaluation stage we address
problems where this information is available.
Background knowledge. A forte of ILP algo-
rithms is their ability to make use of explicit
background knowledge. It is therefore desir-
able to consider problems where this knowl-
edge can be exploited.

In the remaining sections, the evaluation of
EVIL1 is described for two domains. The
first problem concerns characterising illegal chess
endgame positions. This problem is widely used as
a benchmark for ILP systems. Secondly, a natural
language processing problem is tackled, where the
data comes from Wall Street Journal.

4. Empirical Study I:
The Chess Endgame Domain

4.1. Problem description

The Chess Endgame (KRK) problem [31] is a
widely used test problem for ILP systems. The
problem may be characterised as follows. There
are three pieces left on a chess board: the white
king, white rook, and the black king. The objec-
tive of the learning algorithm is to discover rules
to describe illegal positions when it is white’s turn
to move, given a set of positive and negative train-
ing instances. For example, an illegal position oc-
curs when the black king is in check with white
to move. The Progol algorithm, given all the data
in one batch, constructs a classifier with accuracy
99.42%.

4.2. Method

The predicate illegal/6 is the target to be
learned, and the attributes of the target predi-
cate are file and rank for white king, white rook
and black king respectively (Table 1). Examples,
therefore, take the form illegal(e,3,a,1,e,1)
and :- illegal(d,4,g,3,b,5) (where :- de-
notes negation). These examples correspond to
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board positions as illustrated in Figure 3. The
data consists of 20,000 examples which are split
into 10,000 training and validation instances and
10,000 test instances.

The following background knowledge is also
supplied. The adj/2 predicate defines cases where
the rank or file represented by the left argument
is adjacent to that represented by the right argu-
ment. The 1t/2 predicate defines pairs of ranks or
files, where the left argument is less than the right.
Consequently, rules considered might include:

illegal(A,B,C,D,E,F)
illegal(A,A,B,C,D,A)

:- adj(A,E).
:- 1t(A,B), 1t(D,B).

It should be made clear that training and vali-
dation data are distinct from the test set, which is
only used for evaluation independent of any learn-
ing.

The EVIL_1 algorithm was supplied with the
following parameters: population size 10, sample
size is 0.2% of the training set?, 100 generations,
50 repetitions®. The following experiments were
conducted.

Experiment 1. Selection The first experiment
considers the effect of fitness proportionate selec-
tion. Two cases were considered: (1) the popu-
lation for the next generation was chosen deter-
ministically: if a new theory was superior to its
parent, then it replaced the parent, otherwise the
parent was carried forward; and (2) the members
of the next generation were chosen stochastically
with elitist fitness proportionate selection. In or-
der to avoid confusion over which operator was
responsible for phenomena, a crossover period of
w. = 00 was used to disable crossover.

Figure 4 shows a scatter plot for the test set ac-
curacy of the fitness-proportionate selection case
(y-axis) against the no fitness proportionate se-
lection case (z-axis). Points above the line y = z
reflect an improvement in predictive accuracy for
the introduction of fitness-proportionate selection.
However, the distribution of points indicates that
while the introduction of fitness-proportionate se-
lection is not advantageous, it is also not disad-
vantageous.

Ezperiment 2. Clause crossover The second ex-
periment examined the effect of rule exchange be-
tween learners. At certain intervals denoted by the
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illegal(e3,a1,e1).
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not(illegal(d,4,9,3,b,5)).

Fig. 3. Examples of legal and illegal positions.

Table 1. Attributes in the Target Predicate

Attribute  Description Values
1 File of white king a...h
2 Rank of white king 1...8
3 File of white rook a...h
4 Rank of white rook 1...8
5 File of black king a...h
6 Rank of black king 1...8

communication period w. theories are selected to
exchange parts of their clause tree. In the con-
trol case w, = 00, no rule exchange occurs. In
the treatment cases, w. = 3,5 or 10 generations.
The following types of rule-exchange were consid-
ered. (1) Union: new theories are constructed
by taking the union of two parent theories; (2)
Crossover: new theories are constructed by ex-
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Fig. 4. Fitness-proportionate selection versus no fitness-
proportionate selection.

Table 2. The statistical significance of introducing
crossover for rule exchange at different crossover frequen-
cies.

Crossover period w.  Significance
3 P < 0.0005
5 P < 0.05
10 P <0.1

changing rules using the crossover operator de-
scribed in Section 2.3.

Figures 5(a),(c),(e) show scatter plots for the
test set accuracy of rule exchange using union, and
Figures 5(b),(d),(f) the performance distributions
for crossover. The graphs indicate that (1) the
union operation increases the variance of predic-
tive accuracies but has little effect on the mean;
and (2) crossover has little effect on variance but
increases mean predictive accuracy. The overall
statistical significance of these results was exam-
ined using the paired t-test. For union periods 3,
5 and 10, the introduction of union does not result
in a statistically significant increase in predictive
accuracy and therefore it may not be reasonably
asserted that union improves performance in the
chess endgame problem. However, the exchange
of rules through crossover does result in a statis-
tically significant increase. See Table 2.

4.3. A Closer Look at Crossover

To examine the effect of crossover in greater de-
tail, learning curves are plotted for runs with and
without crossover. Figures 6 and 7 show the train-
ing set accuracy of eight representative runs selec-
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Fig. 7. Training set accuracy plotted against number of generations with crossover.

tion of runs. With no crossover (Figure 6) it can
be seen that in each case accuracy converges at
around 88%. However, when crossover is intro-
duced with w, = 5 the outcome is different (Fig-
ure 7). While in many runs the accuracy still con-
verges at around 88%, there are cases where ac-
curacy is dramatically increased to 97% and 99%.
Furthermore, it is interesting to note that in these
cases the accuracy dips after the crossover oper-
ation, shortly before reaching a maximum value.
This indicates that crossover is having a disrup-
tive effect that subsequently allows the rule in-
duction algorithm to construct a more accurate
set of rules. This is clearly a promising result.
However, it should be stressed that high training
set accuracy does not necessarily lead to high test
set accuracy.

5. Empirical Study II:
Part-of-Speech Tagging

The chess endgame problem used only 10,000
training examples and employed little background
knowledge (only 2 predicates) and the data for
this artificial domain was noiseless. In the fol-
lowing problem, the data is noisy and far more
background knowledge is required.

5.1.  Problem description

The problem addressed is a natural language pro-
cessing problem. In analysing the syntactic struc-
ture of sentences in a text it is necessary to group
words into classes or categories. Part-of-Speech



Tagging is a linguistic procedure which attaches
word category information to the words in a text.
Rules define how, given an input word sequence,
each word is assigned its corresponding part-of-
speech tag.

More formally, given a sentence .S, which can be
defined as a string of words wy,wa, ..., w,, part-
of-speech tagging is the process of assigning each
word w; of S a corresponding tag t; from the set
T of tags. These tags are defined a priori by the
user. Consequently for each sentence S we get an
alignment

(S,T) = ’LU1t1, ’ll)ztg,...,wntn.

Note, however, that sentences can have more than
one alignment because there exist more than one
tag for each word. But, only one should be consid-
ered correct, and the tagging process should select
this correct alignment.

A tagged corpus comprises of word and tag pairs
that have been identified manually. However, de-
veloping a tagged corpus is a laborious task and
consequently there is significant interest in au-
tomating this process. The learning task is to dis-
cover rules from a tagged corpus to disambiguate
sentences by eliminating sentence alignments.

Cussens [5] has used inductive logic program-
ming to tackle this problem. When only a sim-
ple grammar of English was supplied as back-
ground knowledge, ILP proved competitive at
this task. However, the algorithm employed (P-
Progol) could only use a fraction of the available
data. For instance, for one tag (nn) there are in ex-
cess of 100,000 examples yet only 6000 were used
for training. Even to deal with this small pro-
portion of the data the ILP algorithm had to be
extended by adding a caching facility [5].

5.2. Method

The tagged corpus used is the Wall Street Jour-
nal, which is part of the Penn Treebank [28]. The
corpus contains sentences such as “Rudolf Agnew,
55 years old and former chairman of Consoli-
dated Gold Fields PLC, was named a nonezecutive
director of this British industrial conglomerate”.
Each word in the corpus has been manually as-
signed one of 38 part-of-speech tags. For instance,
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cd is a cardinal number, dt is a determiner and
nn is a singular noun. (A list of tags is given in
Table 4). The Wall Street Journal data was pre-
pared for use with Progol by Cussens; details may
be found in [4, 5]. The data was partitioned into
2/3 training and 1/3 test data. Following Cussens,
the same simple grammar of English was used as
background knowledge. This grammar comprised
of some 120 Prolog clauses, an excerpt of which is
shown in Appendix A.2.

The EVIL_1 algorithm was supplied with the
following parameters: population size 10, sample
size is 50 examples, 100 generations, 30 repeti-
tions. The following three experiments were con-
ducted.

Ezxperiment 1. Selection The first examined the
effect of fitness proportionate selection. Two cases
were considered: (1) the population for the next
generation was chosen deterministically: if a new
theory was superior to its parent, then it replaced
the parent, otherwise the parent was carried for-
ward; and (2) the members of the next generation
were chosen stochastically with elitist fitness pro-
portionate selection. In order to avoid confusion
over which operator was responsible for phenom-
ena, a crossover period of w. = oo was used to
disable crossover. The predictive accuracy on the
test set was recorded in each case. This procedure
was followed for one tag, nn, using only the first
6000 training examples. This methodology allows
comparison with the results obtained by Cussens
for the nn tag*

Examples of input and output may be found in
Appendix A.2. Figure 9 shows a scatter plot for
the test set accuracy of the fitness-proportionate
selection case (y-axis) against the deterministic
selection case (z-axis). Points above the line
y = z reflect an improvement in predictive accu-
racy for fitness-proportionate selection. The dis-
tribution of points indicates that the use of fitness-
proportionate selection is not advantageous, if
anything it is slightly disadvantageous. How-
ever, when the accuracy is compared to that ob-
tained using a greedy ILP strategy (73.8%), the
accuracies are consistently over 76% regardless
of whether deterministic or fitness-proportional
stochastic selection was used. This would indi-
cate that for the nn tag merely sampling the data
into subsets is advantageous.
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Fig. 9. Comparison of accuracies for the nn tag between
stochastic fitness-proportionate selection and deterministic
selection.

Ezxperiment 2. Clause crossover The second ex-
periment examined the effect of rule exchange be-
tween learners. Once again elimination rules are
learned for the nn tag using only the first 6000
training examples, but at certain intervals, gov-
erned by the communication period w,., theories
are selected for clause exchange. In the control
case w, = 00, no clause exchange occurs. In the

Table 3. The statistical significance of introducing
crossover for rule exchange at different crossover frequen-
cies.

Crossover period w.  Significance
3 P < 0.05
5 P < 0.01
10 P <0.2

treatment cases, (w. = 3,5 or 10 generations), new
theories are constructed using clause crossover.
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Fig. 8. 'Test set accuracies for the nn tag for crossover
periods w. = 3, 5,10 plotted against no crossover, w. = co.



Figure 8 shows scatter plots for the test set
accuracy of rule exchange using crossover. The
graphs indicate that there are a number of in-
stances where the introduction of crossover in-
creases predictive accuracy. Furthermore, the
improvement is more significant with increas-
ingly frequent crossover. This would suggest that
crossover is directly contributing to an increase
in test set accuracy. The statistical significance
of introducing crossover was examined using the
paired t-test®. For crossover periods 3 and 5, the
introduction of crossover results in a statistically
significant increase in predictive accuracy at the
95% confidence level (Table 3).

Experiment 3. Large data-sets The third and fi-
nal experiment examined the effect of sampling
from the entire training set instead of only the first
6000 examples. The EVIL_1 algorithm was run
once for each tag with crossover periods 00,3,5,10.

The test set accuracies are shown in Table 4.
Results indicate that when crossover is used with
period w, = 5 the greatest increase in accuracy
is achieved. Compared with no crossover this in-
crease is statistically significant (P < 0.002).

Finally, the performance of the greedy ILP
strategy may be compared with EVIL_1. Re-
sults indicate that of the 34 tag concepts learned,
EVIL_1 with crossover period w, = 5 resulted
in an improvement for 28 tags, statistical signif-
icance (P < 0.005). While these results appear
very promising, there is a caveat. Because of the
properties of the ILP algorithm he used, Cussens
placed an upper bound on the size of training and
test data. In the method reported here, no such
upper bound was used; all the data was used (in
some cases over 70,000 training examples). The
increased accuracies in the last experiment could
therefore be accounted for by changes in the un-
derlying distribution in the data, i.e. Cussens’
6000 training and 3000 test examples were unrep-
resentative of the true distribution. However, it is
perhaps unlikely that this should occur in so many
cases.

6. Discussion and Future Directions

There is a price to pay for sampling. Regulari-
ties that occur in a dataset may not be present
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in samples taken from it. For the chess endgame,
the accuracy of the evolutionary approaches never
exceed 94%, while Progol using all the data at
once obtains 99.42%. One can conclude (1) that
the KRK domain is sensitive to sampling and (2)
that this domain does not suffer from local optima.
The same is not true for the Wall Street Journal
data. For the majority of tags, the rules learned
had higher accuracy through sampling. But the
use of less training data to construct better clas-
sifiers is distinctly counter-intuitive and warrants
further consideration. The clause-crossover oper-
ation produced only small improvements in accu-
racy in both domains. These were regular enough
to be statistically significant.

There exist a number of further directions that
are being pursued:

Automatic Parameterisation. Experiments are
necessary to investigate how EVIL1 behaves
as parameters are varied. At present, the
parameters that must be supplied include
training set sample size, population size, and
crossover frequency. The automatic variation
of parameters from generation to generation
has previously been studied in evolutionary
algorithms [2]. This may provide a way of
avoiding the problem of supplying implicit
bias.

Sampling Strategy. Another interesting area
that should be analysed more closely relates
to the sampling strategy used. At present
EVIL1 takes a random sample with replace-
ment. However, Progol’s set-covering algo-
rithm immediately removes all covered exam-
ples. Consequently, new clauses are learned
only on the remaining examples, which may
be considerably less than the original sample.
Alternative strategies to study include 1) sam-
ple only from uncovered examples; 2) let the
training set of generation n + 1 be the train-
ing set at generation n plus a sample of the
complete data; 3) Windowing [37].

Crossover. EVIL1 constructs new clausal theo-
ries by exchanging clauses of the target con-
cept only. The effect of allowing crossover to
exchange background knowledge clauses be-
tween classifiers has not been investigated.
This would have the effect of allowing the
hypothesis language to be manipulated too.
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Table 4. Part-of-Speech tags; the distribution of examples; accuracy using ILP by Cussens [5]; accuracy using EVIL_1 with
different crossover frequencies. n/a indicates insufficient data to learn rules.

Tag Data Accuracy

Pos Neg Total | ILP EVIL_1

We=00 We=3 we=5 w,=10
cc 1192 338 1530 | 59.1 77.65  78.24  T7.65 77.65

cd 797 2327 3124 | 75.1 79.65 78.98  80.13 81.77
cln 8 0 8| n/a n/a n/a n/a n/a
cma 0 0 0| n/a n/a n/a n/a n/a
dt 11778 6770 18548 | 82.9 85.77  86.01 85.93 85.71
dlr 0 0 0| n/a n/a n/a n/a n/a
ex 182 660 842 | 88.1 94.68 95.04  94.68 94.33
fw 362 163 525 | 28.4 75.43 77.71 77.71 75.43

in 16448 25100 41548 | 82.0 77.60  77.51 77.40 77.90
ji 40041 35149 75190 | 62.7 74.67  76.13  75.88 74.66
jir 3255 4182 7437 | 76.6 77.89  80.19  79.83 78.30

jis 879 1068 1947 | T71.4 80.59 79.82 81.51 80.43
lpn 0 0 0| n/a n/a n/a n/a n/a
lqt 0 0 0| n/a n/a n/a n/a n/a
Is 5 4 9| n/a n/a n/a n/a n/a

md 209 102 311 | 94.1 78.10  79.05  78.10 78.10
nn 54837 50394 105231 | 73.8 78.34  78.81 78.81 78.81
nns 7826 13460 21286 | 79.4 80.90  82.20  82.00 80.95
np 16526 21672 38198 | 62.8 79.02  79.09  79.05 78.97
nps 5817 3483 9300 | 65.0 63.77  63.29  62.94 63.90
pdt 3231 470 3701 | 90.8 90.93 91.98 91.98 92.47

pnd 0 0 0| n/a n/a n/a n/a n/a
pos 1185 14318 15503 | 98.8 99.15 99.15  99.15 99.15
pp 511 168 679 | 83.7 91.19  90.31  90.75 91.19

PPz 152 511 663 | 82.1 91.86 91.86 92.31 92.31
rb 29352 13483 42835 | 64.7 71.99  73.92  73.80 74.51
rbr 5150 2855 8005 | 56.8 74.07  73.96  75.46 74.86
rbs 1064 720 1784 | 78.3 87.75 8775  87.75 87.75
Ip 6757 2414 9171 | 61.7 71.48  71.08  72.78 71.48

rpn 0 0 0| n/a n/a n/a n/a n/a
rqt 1043 0 1043 | 100.0 0.00 0.00 0.00 0.00
stp 11 1 12 0.0 n/a n/a n/a n/a
sym 11 18 29 | 100.0 81.82 81.82 81.82 81.82
to 0 0 0| n/a n/a n/a n/a n/a
uh 195 33 228 | 824 89.47  81.58  88.16 81.58

vb 42673 29464 72137 | 924 95.06 95.35 95.35 95.32
vbd | 27664 22701 50365 | 84.9 84.25 85.68  85.30 85.88
vbg 9701 8738 18439 | 679 78.10 77.47 77.96 78.71
vbn | 28046 26665 54711 | 78.2 78.36 81.38  81.38 80.23
vbp | 29465 10875 40340 | 89.2 92.32 93.50  92.32 92.32
vbz | 22611 4745 27356 | 78.7 89.22 91.43 91.57 90.20
wdt 8954 3287 12241 | 92.5 97.21 97.30  97.48 97.48
wp 10 5 15 | 20.0 20.00 20.00  20.00 20.00
wpz 0 0 0| n/a n/a n/a n/a n/a
wrb 0 0 0| n/a n/a n/a n/a n/a




This could be useful where the background
knowledge is possibly erroneous.

Population-based Prediction. The output of
EVIL1 is the classifier with the highest fit-
ness in the final generation. However, results
obtained with ensemble methods, e.g. Bag-
ging [3], suggest that better predictions can
be obtained using multiple classifiers. This
may prove beneficial in EVIL1 providing the
population has not converged to a unique clas-
sifier.

7. Conclusions

A new classification algorithm has been presented
that uses an evolutionary algorithm as a wrap-
per around an inductive logic programming algo-
rithm. A key feature of the approach is the use
a population of competing classifiers constructed
from small samples of the training set. The fit-
ness of classifiers is defined as the accuracy on a
validation set.

The algorithm’s learning properties were exam-
ined on both artificial and real-world data. Re-
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sults indicated that this approach was subopti-
mal with smaller noise-free data-sets. However,
when data-sets are large and noisy, this approach
is highly effective. One possible explanation for
these results is that the ILP algorithm is based
on the greedy algorithm which is susceptible to
local minima. The evolutionary wrapper serves
as a global strategy, which can redirect the ILP
algorithm to other areas of the search space.
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Appendix
A.1. The Evil 1 Algorithm

The EVIL_1 algorithm. The induce procedure refers to a call of the Progol inductive logic programming
algorithm.

1. procedure EVIL_1 is

2. begin

3. initialise(population);

4 fitness = accuracy(population,validation set);

5. while not termination_criterion loop

6. for each member of population loop

7. theory = select_parent(population);

8. subset = sample(training set,sample size);

9. new_theory = induce(background knowledge, theory, subset);
10. fitness(new_theory) = accuracy(new_theory, validation set);
11. end loop
12. if generation % w, = 0 then
13. crossover(population);

14. end if

15. new_population = select(population);
16. population = new_population;

17. generation = generation + 1;

18. end loop

19. return fittest(population)

20. end EVIL_1;

1. procedure crossover(population) is
2. begin
3 for each member of population / 2 loop
4 parent_program_1 = select_parent(population);
5. parent_program 2 = select_parent(population);
6 parent_tree_1 = map2tree(parent_program_1);
7 parent_tree_2 = map2tree(parent_program_2);
8 (offspring_tree_1, offspring_tree_2) = exchange random subtree(parent_tree_1,parent_tree_2);
9. offspring_program_1 = map2LP (offspring_tree_1);
10. offspring_program_2 = map2LP (offspring_tree_2);
11. fitness(offspring_program_1) = accuracy(offspring_program_1, validation _set);
12. fitness(offspring_program_2) = accuracy(offspring program 2, validation set);
13. end loop
14. return population;

15. end crossover;



A.2. Examples of training data, background knowledge and induced theories
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A sentence from the Wall Street Journal corpus together with two examples constructed for the highlighted

word. The negative example is preceded by :-.

Rudolf Agnew, 55 years old and former chairman of Consolidated Gold Fields PLC, was named

a nonexecutive director of this British industrial conglomerate.

:- rmv([in,nn,jj,cc,jj,nns,cd,cma,np,npl,
[np,np,np,cma,vbd,vbn,dt,jj,nn,in,dt,jj,jj,nn,stpl,
np) .

rmv([in,nn,jj,cc,jj,nns,cd,cma,np,npl,
[np,np,np,cma,vbd,vbn,dt,jj,nn,in,dt,jj,jj,nn,stpl,
ji).

Excerpts of the grammar used as background knowledge (in Prolog).

/%noun classes

%proper noun
pronoun([np|S],8) :- !.
prnoun([nps|8],S).

% noun phrase - used

nounp(L1,L2) :- noun(L1,X), !, (X=L2 ; snp(X,L2)). ) "Pierre Vinken"
nounp([pplS],S) :- !'. % "us, him"

nounp(L1,L2) :- dtz(L1,L3), !, (snp(L3,L2) ; adjp(L3,L4), snp(L4,L2)).
nounp(L1,L2) :- cncy(L1,L3), !, cds(L3,L2). % "$ 20 billion "
nounp([ecd|Y],L2) :- !, (X=Y ; cds(Y,X)), (X=L2 ; snp(X,L2)). % "20, 20%"
nounp(L1,L2) :- adjp(L1,L3), snp(L3,L2). % "green man"

A theory learned for the in tag.

rmv(A,B,in) :- sverb(B,C).
rmv(A,B,in) :- dt(A,C).

rmv(A,B,in) :- vpart(4,C), vp1(C,D).
rmv(A,B,in) :- noun(B,C), stp(C,D).
rmv(A,B,in) :- nounpi(4,C), cma(C,D).
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Notes

1.

2.

A more complete set of logic programming definitions
may be found in [27].

The choice of sample size was based on a trade-off be-
tween providing enough data for rules to be found while
avoiding excessive run-times.

The number of repetitions was chosen for statistical
significance.

Cussens also evaluated the tag theories as a complete
tagging system together with statistical extensions. Al-
though this provides a more accurate reflection of the
value of the induced theories, this is not the aim in this
work.

It should be noted that when comparing classifiers, the
paired t-test can give over-optimistic results [11]. The
statistical significance of these results should be treated
with appropriate caution.
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