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Abstract. Arti�cial intelligence models may be used to improve performance of
information retrieval (IR) systemsand the genetic algorithms (GAs) are an example
of such a model. This paper presents an application of GAs as a relevance feedback
method aiming to improve the document representation and indexing. In this par-
ticular form of GAs, various document descriptions compete with each other and a
better collection indexing is sought through reproduction, crossover and mutation
operations. In this paradigm, we are searching for the optimal balance betweentwo
genetic parameters: the population size and the number of generations. We try to
discover the optimal parameter choice both by experiments using the CACM and
CISI collections, and by a theoretical analysis providing explanation of the exper-
imental results. The general conclusion tends to be that larger populations have
better chance of signi�can tly improving the e�ectiv enessof retrieval.

1 In tro duction

Probabilistic algorithms are relatively recent in computer sciencebut their
range of applications has increasedrapidly. They present the advantage of
being able to take di�eren t decisionsat di�eren t moments while solving the
sameproblem (Brassardand Bratley 1994[2]). If they do not �nd the solution
to a problem the �rst time, they can still �nd it in another trial. The GAs
are a special caseof such algorithms. Sincetheir development (Holland 1975
[10]), they have beenapplied to various problems, and information retrieval
is an example.

Inspired by the natural selectionof living organisms,the GAs are adapt-
ableto a largenumber of problemsbecausethey o�er a very generalparadigm,
where the domain-speci�c knowledgecan easily be plugged in. Their robust-
ness,simplicit y, and variety of solutions they can �nd makethem attractiv e in
various �elds and especially for problemsdi�cult to solveby more traditional
approaches(De Jong and Spears1989[4], Sushil and Gong 1997[21]).

The GAs work within a spaceof possiblesolutions to a given problem.
Starting with a number of such potential solutions, they will seekbetter ones
by operations of reproduction, crossover and mutation. For the GAs to be
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e�cien t, the userneedsto provide a good representation of their own problem
and a �tness function describing how `close'a solution guessis to the goal of
the search, departing `good' from `bad' solutions. Thesetwo aspectsrepresent
the main di�cult y of the GAs.

Information retrieval researchers have suggestedthese algorithms to im-
prove the performanceof their systems.Gordon (1988 [8]), and Blair (1990
[1]) have used them to improve document indexing. Chen (1995 [3]), Petry
et al. (1993 [14]), Yang et al. (1992 [24], 1992 [24]), Kraft et al. (1992 [11])
and Sanchezet al. (1992 [19]) present an approach basedon GAs to enhance
the query description. Finally, Gordon (1991[9]) hasemployed them to build
document clusters.

In our previousresearch (Vrajitoru 1997[22]), wehaveusedthe GAs in in-
formation retrieval to improve the document representation within the vector
spacemodel (Salton 1971 [15]). Our results have shown that this paradigm
can be an interesting approach for this research �eld. As a sidee�ect, we have
also found that the parameter settings are very important when the problem
size is rather large.

In the present research we start from the idea that information retrieval
is a problem of large size. Thus, the available memory imposeslimitations
concerning the size of the genetic population and the number of genera-
tions. Following this idea, the present paper analysesthe importance of the
population sizefor the GAs in general,and its implications for real informa-
tion retrieval tasks. The question we would like to addressis: for the same
computational e�ort, what advantage can we take from constructing larger
populations, or, on the contrary , can a greater number of generationslead to
better performance?

To answer this question, this paper presents an experimental and a theo-
retical approach. Thus, Section 2 intro ducesthe GAs, the problem we want
to use them for, and its genetic representation. Section 3 presents our ex-
periments and their results, as well as a theoretical discussion about the
implications of the parameter choice we have studied.

2 Genetic algorithm and information retriev al

This sectionpresents the GAs and the genetic representation of our informa-
tion retrieval problem. In the �rst subsection,we present the main guidelines
and terminology of the GAs. In a second,we exposehow the GAs may be
usedwithin the context of information retrieval. Finally, the last subsection
intro ducesthe main parameter setting we have usedin our research.

2.1 The functionalit y of GAs

The GAs are evolutionary algorithms initially elaborated for optimization
problems, but that can be used in many other contexts.
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Problem. Let E be a setof potential solutions to a problem. A �tness function
taking real values f : E ! R tells us, for each element of E , how good a
solution it is for the given problem. We search for one of the elements in E
that maximize the �tness function:

e0 such that f (e0) = max(f (e); e 2 E) (1)

In the context of GAs, each solution is represented as a vector of length
L , whereeach position is called a locusand the vector's value at that position
is called a gene.The elements of this form are called individuals or chromo-
somes.The genesare usually binary, a representation that is easyto handle
and o�ers many possiblecombinations.

ind = < i 1; i 2; : : : ; i L > (2)

A GA will start with a number of individuals chosen by various crite-
ria from E and will seeka better solution by making these individuals and
their descendants compete with each other through a number of iterations or
generations.The simplest GA constructs a new generation from an old one
following three steps:

� reproduction
� crossover
� mutation

If P0 is the initial population, the reproduction operation choosesa num-
ber of individuals from P0 equal to its cardinal, using a random selectionwith
replacement. The selectionis biasedaccordingto the �tness of the underlying
individuals. Thus, the `good' individuals have a better chanceto be selected,
and can appear several times after reproduction, while the `weak' individuals
tend to disappear. This form of reproduction is called the `roulette wheel' or
`�tness-proportionate' (Goldberg 1989[7]).

The crossover operation builds two new individuals or children from two
parents. We have used the 1-point crossover (Goldberg 1989[7]) which cuts
both parents at a random position 1 � site � L , and then swaps the second
part of the parents resulting from the cut.

0011j 0011101
1001j 1011001

+
0011j 1011001
1001j 0011101

Finally, the mutation simply replacesa random genein an individual to
its opposite:

01 0 01011! 01 1 01011
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This last operation is intro duced to guarantee that every value f 0, 1g
may always appear in every position or locus and to simulate spontaneous
information income.

Thesethree operations are repeated a number of times called the gener-
ation number. This parameter can be chosenby the user in advance,or can
be determined by a stop condition like the detection of convergenceor the
achievement of an upper bound for the �tness function. In our research, the
generation number is always �xed in advance and its `optimal' value is one
of the goalsof this paper.

2.2 From information retriev al to genetic algorithms

General Problem. Given a document collection D = f di ; i = 1 : : : mg and a
query q, �nd the set of documents f dr ; r = 1 : : : Rg that are relevant to the
query.

Our starting point is the vector spacemodel (Salton 1971[15]). According
to it, after removing the commonwords and the su�xes, each term t j occur-
ring in a document di is attributed a weight t ij re
ecting its importance in
the document representation. More precisely, we have computed this weight
as:

t ij = ntf ij � nidf j where ntf ij =
tf ij

maxk tf ik
and nidf j =

log(m) � log(df j )
log(m)

(3)
In Equation (3), wedenotedby ntf ij the normalized frequencyof the term

t j in the document di . It is computed as the actual frequencyof the term t j

in the document di divided by the maximal frequency over all the terms tk

occurring in the document di . The component nidf j denotesthe normalized
inverted frequencyof the term t j in the collection. In the formula de�ning it,
m in the sizeof the collection, and df j is the number of documents in which
the term t j occurs.

Intuitiv ely, Equation (3) meansthat terms that are frequent in a docu-
ment will get higher weights (component ntf ). On the other hand, we must
reducethe weights of a term that is frequent in the whole collection (compo-
nent nidf ).

The query is processedin the sameway as the documents according to
Equation (3). For each document in the collection, its similarit y with the
query is computed with the cosinemeasure(Salton 1971[15]):

sim (dk ; q) =
P

wqi tk iq P
w2

qi

P
t2
k i

(4)

within which, wqi represents the weight of the term t i in the query q.
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To evaluate the responseof the system, the user must specify which of
thesedocuments are really relevant to its needs.In practice, there exist sev-
eral test collectionsprovided with a set of querieswhoserelevancejudgments
are known. We have usedthe CACM collection (Communications of the As-
sociation for Computing Machinery) and the CISI collection (Collection of
the Institute for Scienti�c Information). Table 1 presents a short description
of thesecollections.

Table 1. Statistics of our test collections

CACM CISI

Number of documents 3204 1460

Number of queries 50 35

Number of unique indexing terms 5935 5823

Averagenumber of terms by query 11.24 7.43

Averagenumber of relevant documents by query 15.84 49.77

Averagenumber of indexed terms by document 58.57 119.80

Knowing the relevance judgments, there exist two well-known measures
to evaluate the system'sanswer to a query: the precision and the recall.

precision = number of r etr iev ed \ r elev ant documents
number of r etr iev ed documents

r ecall = number of r etr iev ed \ r elev ant documents
number of r elev ant documents

(5)

We have used a combined measure, the `average precision at 11 recall
points' (Salton and McGill 1983 [17]). This method has been adopted by
the scienti�c communit y thanks to the work of Cleverdon, to the Cran�eld
project (Lesk, 1997[13], Section7.6), and to the work of Sparck Jones(1977
[20]).

This measureis computed by �xing the recall at the values (0.0, 0.1, ...,
1.0), by interpolating the precision at these values and by computing the
averageat the 11 precision valuesobtained by interpolation. To compute the
precision at a given recall value, the list of retrieved documents is cut at the
corresponding number of relevant documents. For example, to compute the
precision at a recall value of 0.3, the list of retrieved documents is cut as
soon as 30% of the relevant documents have beenretrieved. If the entire list
contains lessthat 30% of the relevant documents, this value is obtained by
an interpolation making the precision depend on the recall in a monotonous
way.
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Speci�c Problem. Given a set of queries with known relevance judgments,
how can this information be usedto improve the retrieval e�ectiv enessof the
search system over time ?

The information contained in the relevance judgments of past queries
can sometimesbe used to increasethe performanceof the system on future
requests.This processof learning is known as the `relevance feedback'. The
methods in this category can be classi�ed by the object they modify: some
will try to improve the query representation (Dillon and Desper 1980 [5],
Salton and Buckley 1990 [18]) and others the documents indexing (Salton
1971[15], Vrajitoru 1997[22]).

In our work, we have chosen to improve the document representation
using a form of relevance feedback. To apply the GAs to this context, the
genetic individuals must contain a representation of the whole collection.

Gordon (1988[8]) hasapplied GAs to a similar problem by improving the
indexing of one document at a time. In this case,a genetic individual is a
particular description of a document.

If the collection is large, the cost of improving the document descriptions
one by one can becometoo large. Considering this, in our model a genetic
individual contains a particular description of all the documents in the col-
lection.

There are various ways to describe a document, and even two indexers
would give di�eren t answers to this problem. Several sourcesof information
can be taken into account, like the various logical sectionsof the document
(the title, the abstract, etc.) or the relevancefeedback (our special interest).
The idea is to make all thesesourcesof information compete with each other
with the help of GAs, and hope that the collection description coming out of
this operation will be signi�can tly better than what we have started with.

Wewill now mathematically de�ne the notions of document and collection
description. For a given document dj , where j = 1: : : m, and a set of terms
tk where k = 1: : : n, a description of dj takesthe form:

dj = < t1j ; t2j ; : : : ; tnj > (6)

The value t ij shows the importance of the term t i in description of the
document dj and comesfrom the ntf � nidf indexing (Equation 3). For per-
formance reasons,we have discretized the t ij values into the integer interval
[0,10] using a histogram of the weight values. These new term weights are
coded on 4 binary genesusing the canonical transformation from the base16
to the base2. This operation opens the way for higher weights than those
obtained by indexing the collections, but it does not present any technical
problem.

After the discretizing operation, each pair (document, term) is represented
by four binary genes.Thus, four `0' genesmean that the term is absent from
the document description, but the `1' genescontain now more information
than the presenceof the term in the document description.
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By putting together the description of all the documents in the collection
we obtain an individual (chromosome):

ind = < d1; d2; : : : ; dm > =

0

B
B
@

t11; : : : ; tn 1

t12; : : : ; tn 2

: : :
t1m ; : : : ; tnm

1

C
C
A (7)

We have noticed that in these individuals, the number of `1' values is
signi�can tly smaller than the number of `0' values.The reasonfor this is in
the fact that the averagenumber of terms per document is smaller than the
total number of terms in the collection (seeTable 1), and the `1' genesonly
appear in the 4 genesrepresenting a term present in a document. Concretely,
the number of `1' values in the matrix from Equation (7) represent around
1% of its sizefor the CACM collection, and around 2% of its sizefor the CISI
collection. This particularit y leadsus to represent the individuals in the rare
matrix form, which is nothing elsethan the usual indexing of the collection.

Basedon the averageprecisionat 11 �xed recall points (Salton and McGill
1983[17]), there are two possibilities to compute the �tness function : recur-
rent and transient.

According to the recurrent method, for each new individual, the �tness
function is computed as an averageover all the test queries,of the average
precision at 11 recall points. Thus, the size of the individual is equal to
the total number of terms in the collection multiplied by the number of
documents in the collection. Our previous research has shown that in this
case, the problem size is too large for the GA to be able to signi�can tly
improve the performance in a reasonableamount of time (Vrajitoru 1997
[22]).

In the transient approach, the GA considersonly one query at a time.
For each individual, its �tness value is computed as the average precision
at 11 recall points considering its answer to the current query. The size of
the individual is equal to the number of terms present in the indexing of the
current query multiplied by the number of documents in the collection and
by 4. As the individual sizedecreases,the GA can perform a more e�ectiv e
search.

The GA starts from a new initial population for each query, and selects
the best individual obtained after a given number of generations.In the end,
the performanceof the experiment is computed as the averageof the results
obtained by the best individual for each query. We have already obtained
interesting results with this approach (Vrajitoru 1997 [23]), that we extend
in the present research.

2.3 Initial populations

There are various ways to construct the initial population, but we are con-
fronted with a special constraint. As the goal of this research is to estimate
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whether it is better to have a large population or many generations,we have
to build the initial population in such a manner that we can vary its size
without loosing or adding information. This means that, for any position
in the individual, the set of genescorresponding to that position in all the
individuals from the population should be the same, independently of the
population size.

In our case,as the genesare binary, the constraint can be expressedby
the fact that if a gene is equal to `0' in an individual from one starting
population of the family, than any other starting population must contain at
least one individual with the samegeneequal to `0'. This can be expressed
by the fact that the and operation applied to that particular position to all
the individuals in each starting population must be constant for that family.

The following two starting populations contain the sameinformation con-
cerning the `0' values:

1011110111

1001011110

1100010110 1010110110

1001011010 1011011011

1001110110 1001010110

1000010010 1000010010

To obtain the result on the last line, we have applied the and operation
on each column.

If we imposethe sameconstraint for the `1' values,we must apply the or
operation on each column. The two populations we have considereddo not
contain the sameinformation concerningthe `1' values:

1011110111

1001011110

1100010110 1010110110

1001011010 1011011011

1001110110 1001010110

1101111110 1011111111

We can now expressmathematically the two constraints by the following.
If G � N is an arbitrary set of integer numbers, and f Psg ; sg 2 Gg is a
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family of starting populations with size sg, where sg varies inside G, and if
we denote the individuals in each starting population by:

Psg = f ind sg1; ind sg2; : : : ; ind sg sgg;

then we must have:

ind sg1 and ind sg2 and : : : and ind sg sg = ind const 0; 8sg 2 G (8a)

ind sg1 or ind sg2 or : : : or ind sg sg = ind const 1; 8sg 2 G (8b)

where ind const 1 is a constant representing the entire set of genesequal
to `1' in the individuals from the starting population, like in the second
example, and ind const 0 is also a constant representing the sameconcept for
the `0' values,as in the �rst example.

Equation (8b) expressesthe fact that the union of all the genesequal
to `1' in any of the individuals of a population must be the same for any
population in the family. The condition (8a) incorporates the similar idea for
the `0' genes.

In our case,we have only insured that the condition (8b) holds, for two
reasons:

� the `1' values appear in casesof presenceof a term in a document de-
scription and we are more interested in what is present than in what is
absent,

� the number of `1' values is much smaller than the number of `0' values,
but have a greater impact on the �tness function.

We have found two ways to construct the family of starting populations
satisfying the (8b) constraint, and we named them as the `past queries' pop-
ulation and the `empty' population.

The question that arisesis how to form the �rst generation.The ntf �nidf
weighting schemeof the collection (Equation 3) provides us with an individ-
ual that we called `automatically indexed'. As it represents the baselinesolu-
tion we want to improve, this individual will be an element of each starting
population, for each of the construction methods we chose.

To form other individuals, the past queriespopulation contains oneauto-
matically indexed individual and a variable number of individuals built from
the known relevancejudgments of past queriesin the following manner:
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for id = 1 to sg � 1
indiv idual id = �0

id = 1;
for each ( query q)

for each (term t j 2 q with weight wqj )
for each (relevant document di for q)

t ij = wqj in indiv idual id ;
id = id mod (sg � 1) + 1;

indiv idual sg = the automatically indexed individual

wherethe mod operator represents the rest of the integer division, usually
called modulo.

According to this strategy, the �rst individual in the population is the au-
tomatically indexed one. Then the entire set of tuples (query, term, relevant
document) is partitioned to form the rest of the population (from indiv idual 1

to indiv idual sg� 1). The partition is accomplishedwith the round-robin strat-
egy, which consistsin adding the �rst tuple to the �rst individual, the second
tuple to the secondindividual, and so on. When we arrive at the last indi-
vidual, we start again from the �rst one. The operation of adding the tuple
(q; t j ; di ) to an individual consistsin setting the 4 genescorresponding to t ij

to the 4 binary valuesin wqj . This meansthat the term t j will have a weight
in the relevant document di equal to its weight in the query q.

To check that the condition (8b) is ful�lled, we can notice �rst that the
automatically indexed individual is present in any starting population, so
we must only check the condition (8b) for the sg � 1 other individuals. We
can notice that the or operation applied to each position in oneof the tuples
(query, term, relevantdocument) givesthe result `1', and applied to any other
position it has the result `0'. This meansthat the condition (8b) is ful�lled.

The empty starting population usesagain the automatically indexed in-
dividual and a variable number of individuals having all genesequal to 0.
We can clearly duplicate this kind of individual without changing the infor-
mation contained in the initial population according to Equation (8b). We
have called this starting population empty becausetheseindividuals contain
nothing in the rare matrix representation, and they also give no information
about the content of the documents in the collection.

2.4 Evaluation metho dology

In our research we have paid a special attention to the evaluation issues.
The �rst important question concernsthe evaluation of the �tness func-

tion for each individual. If the GA knows the relevance judgments of the
current query, its evolution will be biased.To remove this bias, we have sim-
ulated the user's implication in the genetic evolution by showing him the
�rst 30 documents appearing in the retrieved list for each new individual.
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Concretely, the list of relevant documents for the current query is empty in
the beginning, and each relevant document found in the top 30 of a list re-
trieved by each of the individual is added to this list as the generationsare
constructed. When the genetic evolution is over, the best individual from
the last generation is evaluated according to the complete list of relevance
judgments, and theseresult are presented in all the tables that follow.

A secondquestion concernsthe `past queries' family of starting popula-
tions.It is obvious that is the relevance judgments of the current query are
used to build the initial population, the results will be incredibly high from
the beginning, but will not show th real learning possibilities of the GA.

In a real situation, the system would keep track of the user's judgments
for each submitted request,and usethis information to improve the retrieval
e�ectiv enesson new queries.To evaluate this assumption,we only disposeof
a rather limited number of queries with known relevance judgments in our
test-collections,which makesit di�cult to evaluate the learning systemin an
accurate way (Kulik owski and Weiss1991[12]). It would not be statistically
correct to use the samequeries to train and to test the system, so we must
clearly state the `past-future' distinction. This is a well known problem for
classi�er systems(Efron 1986[6]).

As the number of samples(test queries)is small (35-50), the `leaving-one-
out' model presents variousadvantages(Efron 1986[6]). This method consists
in separating one sample(the test set) from all the others (the training set),
in repeating the experiment for each sample, and in computing the average
result.

The theory shows that this strategy estimates the error rate in a very
accurate way, even if the sampleset is small.

In our case,the `leaving-one-out' method is the following:

for each query qi 2 Q = f q1; q2; : : : ; qsg
tr aining seti = Qnf qi g
test seti = f qi g
build a number of generationsbasedon tr aining seti
r esult i = evaluate the best individual from the last generation

using test seti
r esult = 1

s

P s
i =1 r esult i

In this algorithm, Q is the entire set of queries with known relevance
judgments. The evaluation of the best individual usesthe averageprecision
at 11 recall points asdescribed in Section2.2. The meaningof this algorithm
is that for each query, the construction of the starting population will usethe
relevancejudgments of all the queriesexcept the current one. The relevance
judgments of the current queriesare usedto evaluate each individual created
by the GA in the way we have described in the beginning of this subsection.
This method is therefor fair and unbiased.
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3 Large population size or many generations ?

The number of individuals contained in the initial population is an important
parameter for the GAs. Usually, this choice is limited by the available mem-
ory, especially in our context wherethe individual sizeL is relatively large. In
this sectionwe analyzethe in
uence of this parameter on the performanceof
the GAs, �rst from an experimental perspective and secondin a theoretical
way. In other terms, for the samecomputational e�ort, should the results be
better when starting with a large population, or when the GA exploresmany
generations?

3.1 Exp erimen tal approac h

We have already described the main aspects of the problem representation,
parameter settings, and some evaluation issuesin the previous section. In
this subsection,we are concernedby two parameters,namely, the population
size and the number of generations.To evaluate our experiments correctly,
two essential conditions must be respected:

� The number of individuals generatedon the whole in onerun must be the
samein all experienceswithin the samefamily of starting populations.
This value is equalto the number of generationsmultiplied by the number
of individuals by generation. This obvious condition is the expressionof
the goal of our experiences:

if P = f Psg ; sg 2 Gg is a family of starting populations of sizesg;

then we must have 8sg 2 G; sg � number of generations = constP

� The information contained in any initial population from a family must be
the same,no matter what its sizeis, otherwisewecould not fairly compare
their results. In the previous section we have expressedthis constraint
with Equation (8b). We have alsoshown that the two families of starting
populations (`past queries' and `empty') both ful�ll this condition.

Tables2 and 3 present the results of the experiments on the two families
of starting populations with the number of generations multiplied by the
population size (constp) being equal to 80 in all runs. The choice of this
constant is essentially due to limitations concerning memory consumption
and computational time.

As mentioned in the previous section, the numbers in Tables 2 and 3
represent the averageprecision at 11 recall points computed in a transient
way (seeSection 2.2).

The baselineperformancerepresents the �tness value of the best individ-
ual from the starting population. For the empty family of starting popula-
tions, this is the automatically indexed individual.
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For the past queriespopulation, the baselineperformancevaries with the
population size,and has beenmentioned for each experiment. For both pop-
ulations, the number inside parenthesis represents the percentage of change
from the baseline.Usually, if this percentage is equal or greater to 5%, the
di�erence will be consideredas signi�can t (Sparck Jones [20]). Finally, all
these results represent the performance of the best individual occurring in
the last generation,which is alsothe best individual amongthe 80 individuals
totally generated,as our GA is monotonic (seeSection 2).

Table 2. Results obtained from the `past queries' family of initial populations

Population size/ CACM CISI

number of generations baseline best individual baseline best individual

2/40 36.26 37.24 (+2.71%) 20.29 22.15 (+9.17%)

4/20 35.37 37.37 (+5.65%) 20.01 21.71 (+8.53%)

6/13 35.10 37.96 (+8.15%) 20.80 23.21 (+11.61%)

8/10 34.42 38.16 (+10.84%) 20.52 24.90 (+21.34%)

10/8 35.48 39.43 (+11.15%) 20.48 24.14 (+17.87%)

14/6 34.54 40.62 (+17.61%) 20.55 24.77 (+20.5%)

16/5 34.72 37.96 (+9.34%) 20.54 24.24 (+18.02%)

20/4 34.36 41.61 (+21.11%) 21.48 24.96 (+16.23%)

Table 3. Results obtained from the `empty' family of initial populations

Population size/ best individual

number of generations CACM CISI

baseline 32.70 19.83

2/40 33.05 (+1.09%) 21.06 (+6.21%)

4/20 33.59 (+2.74%) 21.86 (+10.24%)

6/13 35.18 (+7.60%) 21.75 (+9.70%)

8/10 36.00 (+10.11%) 22.88 (+15.38%)

10/8 36.17 (+10.63%) 22.85 (+15.26%)

14/6 36.71 (+12.28%) 23.73 (+19.68%)

16/5 37.65 (+15.16%) 22.81 (+15.04%)

20/4 38.30 (+17.13%) 22.88 (+15.40%)
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We would like to interpret theseresults to deducethe total gain in perfor-
manceobtained by variation of theseparameters.For this, wehavecompared,
in each family of starting populations, the parameter valueshaving shown the
worst and the best performance,as shown in Table 4.

Table 4. The best and the worst parameter values

CACM CISI

past queries empty past queries empty

worst parameter values 2/40 2/40 4/20 2/40

performance 37.24 33.05 21.71 21.86

best parameter values 20/4 20/4 20/4 14/6

performance 41.61 38.30 24.96 23.73

di�erence between them +11.73% +15.87% +14.97% +12.69%

The parameter values of 20 individuals by generation and 4 generations
produce almost always the best performance. The exception is the empty
population for the CISI collection where the best performanceis given by a
population of 14 individuals and 6 generations.

The caseof 2 individuals with 40 generationsrepresents the worst choice
for almost all the experiences,except for the past queries population for
the CACM collection, where the worst results are given by the caseof 4
individuals by generation and 20 generations.

From Table 4 we can conclude that a larger population size is a better
choice than many generations. We should also remark that the di�erence
betweenthe worst and the best performancesis signi�can t.

To inquire more about the meaningof this conclusion,an overall measure
like the mean may hide someirregularities. We have usedthe fact that each
of theseresults is an averageover 50 queries(CACM) and 35 queries(CISI).
As a consequence,more comparison measurescan be imagined basedon an
analysis query by query. Thus, Table 5 presents a more detailed comparison
following this idea.

First, we want to comparethe averagebest and worst parameter choices
to each other for each query. More precisely, we would like to know the
number of queries where each of the parameter choices has shown better
performancethan the other in a simpleand signi�can t way. Wehaveexpressed
these measuresby the two �rst questions in Table 5. For example, on the
CACM collection and the `past queries' starting population, the averagebest
parameter choice performs better than the averageworst parameter choice
on 38 queries. The reversehappens for 10 queries. As the total number of
queriesis 50, we can deducethat their performanceis equal on 2 queries.
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Table 5. Analysis query by query

Number of CACM CISI

queries past queries empty past queries empty

Total 50 35

Which population is better ?

the best 38 44 24 30

the worst 10 1 9 4

Which population is signi�can tly better ?

the best 24 28 14 22

the worst 7 1 5 2

Does the population improve the baseline ?

the best 48 45 33 33

the worst 10 9 23 18

Does the population signi�can tly improve the baseline ?

the best 32 30 24 27

the worst 7 5 16 8

Second,we thought it interesting to know how each parameter choice
improves the baseline performance on each query. This measuregives the
next two questions in Table 5. For example, on the CISI collection and the
`empty' starting population, the averageworst parameterchoiceimprovesthe
baselineperformancein a signi�can t way on 8 queries.

The new comparisonmeasuresenforceour conclusion,that large starting
populations are a better choice than many generations.

3.2 Theoretical analysis

In this subsectionwe intend to give a partial explanation of the experimental
results by theoretically analyzing someof the implications of the variation of
the two parameters.

Convergence .
The �rst factor that is strongly in
uenced by the population size is the

convergenceof the genetic population to an individual representing an op-
timum for the �tness function. This phenomenonis the greatest danger for
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the GAs, especially when the dominate individual is a suboptimal solution.
The evolutionary potential of a population is closely related to having very
di�eren t parents to explore di�eren t solutions and usually the mutation rate
is too small to ensureit.

We will now considerthe casewherean individual in the starting popula-
tion has an important �tness advantage over the others. We will compute its
expected number of occurrencesin future generationsunder the hypothesis
of the �tness-proportionate selection.

Let i max be an individual whose �tness value is f max . The population
of size sg contains sg � 1 more individuals of average �tness value f min ,
where f max � f min . Let ek be the expected number of occurrencesof i max

in generation number k. The �tness-proportionate selectiontells us that the
probabilit y that i max getsselectedin oneselectionoperation is proportionate
to its �tness value:

P(i max ) =
f max

f max + (sg � 1) � f min
(9)

According to the �tness-proportionate selection, the probabilit y that an
individual is selectedin oneselectionoperation is equal to its �tness value di-
vided by the sum of the �tness valuesof all the individuals in the population.
In Equation (9), the denominator on the right side is equal to this sum.

If there are ek occurrencesof i max , then P(i max ) is multiplied by this
number and the denominator also changesaccording to it:

P(i max ) =
ek � f max

ek � f max + (sg � ek ) � f min
(10)

As P(i max ) is the probabilit y of selectingi max in oneselectionoperation,
and on the whole we have sg selectionoperations, then we can expressek as
a recurrent sequence:

e0 = 1
ek+1 = sg � P(i max ) = sg � ek � f max

ek � f max +( sg� ek ) � f min

(11)

The sequenceek convergesin two situations, that are if the sequenceis
monotonically ascendant or descendant, giving two possiblelimits, elim 1 and
elim 2. Thesevaluescan be computed by imposing the following condition:
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ek+1 = ek )

sg�ek � f max
ek � f max +( sg� ek ) � f min

= ek )

a) elim 1 = 0; or, by division with ek 6= 0

b) sg�f max
ek � f max +( sg� ek ) � f min

= 1 )

sg � f max = ek � f max + (sg � ek ) � f min )

sg � (f max � f min ) = ek � (f max � f min ) )

if f max 6= f min then elim 2 = sg

(12)

From Equation (12) we can deducethat if the sequenceis monotonically
ascendant, then it convergesto sg, the population size,and if it is monotoni-
cally descendant, it convergesto 0. The monotony condition can be expressed
by:

ek+1 � ek ,

sg�ek � f max
ek � f max +( sg� ek ) � f min

� ek ,

sg�f max
ek � f max +( sg� ek ) � f min

� 1 ,

sg � f max � ek � f max + (sg � ek ) � f min ,

(sg � ek ) � f max � (sg � ek ) � f mim ,

f max � f mim

(13)

To solve the inequality (13), we have usedthe facts that ek > 0 and that
sg � ek > 0. It is clear that ek � 0 and sg � ek . Both equalities happen in
casesof convergence,asshown in Equation (12). We have assumedthe strict
inequalities becausewe are checking the monotonicity of the sequencebefore
it converges.

And last, the principle of �tness-proportionate selection in the form we
have used it, only works in the casewhere the �tness function f is strictly
positive, which is true in our case.Even the empty individuals present a very
low but non zero �tness, due to interpolation reasons(seeTables 6 and 7).
Thus, we are sure that ek � f max + (sg� ek ) � f min > 0, and we have also used
this fact to solve the inequality (13).

Equations (12) and (13) signify that the population convergestowards
the best individual and that the others tend to disappear. The convergence
rate is faster if sg is small.
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In our case,the individual obtained from automatic indexing (seeSubsec-
tion 2.3), presents a much higher �tness value than the others. The di�erence
is even more important for the `empty' family of populations. In this case,the
number of occurrencesof the automatically indexed individual for the CACM
collection is expected to increaseaccording to the sequencein Table 6.

Table 6. CACM, f max = 32:70; f min = 1:43

g e0 e1 e2

2 1 1.92 (95.8% ) 2.00 (99.8% )

4 1 3.64 (90.9% ) 1.99 (99.1% )

20 1 10.88 (54.4% ) 19.26 (96.3% )

From Table 6 we can seethat for a population sizeof 2, in onegeneration
the non-dominate individual haslessthat 5%of 2 = 0.1expectedoccurrences,
which practically meansthat it vanishesvery quickly. For a population of 20
individuals, in onegeneration the dominate individual occupiesabout half of
the population, which makesthe evolution still possible.

For the CISI collection, the convergencerate of the population to the
dominate individual in 3 generations is also impressive, but slower because
the di�erence betweenf mim and f max is lessimportant (seeTable 7).

Table 7. CISI, f max = 19:83; f min = 4:65

g e0 e1 e2 e3

2 1 1.60 (80.2% ) 1.87 (93.6% ) 1.96 (98.0% )

4 1 2.34 (58.5% ) 3.43 (85.7% ) 3.84 (96.0% )

20 1 3.67 (18.3% ) 9.26 (46.3% ) 15.71 (78.5% )

Tables 6 and 7 can explain the fact that if the population size is small,
the number of queries for which the system's performance improves is very
small (seeTable 5).

Crossoverselection .
The condition (8b) which imposesthe fact that all starting populations

from a family must contain the sameprior information, can lead to the sit-
uation where a number of individuals are almost identical. This is actually
the casefor the `empty' populations. We can also remark that individuals
of high �tness value, like the automatically indexed one, could be selected
several times for reproduction, which is equivalent to the previous case.
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This alsomeansthat we can expect several crossover operations to be ap-
plied to the sameparents. In this case,we will show that the probabilit y that
theseindividuals produce interesting o�spring increaseswith the population
size.

For two individuals, let p1 be the probabilit y of randomly choosing a
`good' cross position. For example, if the parents were the automatically
indexed individual and an empty individual, p1 would be the percentage of
crossover sitesthat producechildren of �tness valuessuperior to their parents.

If p2 is the sameprobabilit y for the casewhere we perform two crossover
operations between the same individuals, then p2 can be computed as the
union of two independent events of probabilit y p1:

p2 = p1 + p1 � p2
1 = 1 � (1 � p1)2 (14)

We can generalizethis sequenceby:

pk = p1 + pk � 1 � p1 � pk � 1 = 1 � (1 � p1) � (1 � pk � 1) )

pk = 1 � (1 � p1)k (15)

As k is the number of performed crossover operations, we have k � sg=2.
For sg ! 1 and k ! sg=2, the sequencepk ! 1 because1 � p1 < 1 )

(1 � p1)k ! 0.
We can concludethat if the population size is su�cien tly large, then the

baselineperformancemay be improved with a big probabilit y. This observa-
tion can also be an argument for choosing larger starting populations.

Crossovercombination .
In this paragraph we will demonstrate that larger populations can allow

better crossover combinations. However, a minimal number of generationsis
always necessaryto obtain the `best' solution.

First, we notice that the composition of crossover operations is commu-
tativ e. The proof is obvious, and Figure 1 illustrates it. Thus, the result of
the successive application of the crossovers of sites labeled 1 and 2 doesnot
depend on their order.

1 2

1

2

2

1

Fig. 1. Two crossover operations

The secondstep is to show that three crossover operations can be done
in two generations. Figure 2 shows the result of three successive crossover
operations in three generations.
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Fig. 2. Three crossover operations

A generationcontains only individuals onecrossover away from the previ-
ousgeneration.We must �nd out if a crossover betweenindividuals obtained
from two di�eren t crossover operationscangivethe sameresult asin Figure 2.
They can, indeed, and Figure 3 shows how.

1 2 3

1

3

2

2

Fig. 3. Crossover combination

Let us considernow an optimal solution found after a number of genera-
tions ng. We can expressthis processasa binary tree with the root represent-
ing the optimal solution, where each leaf belongs to the initial population,
and whereany ancestornode is obtained from its descendants by a crossover
operation (Figure 4). In this tree, the ancestor-descendant notation is the
reverseof the genetic parent-child notation, and for more clarit y, the arrows
in Figure 4 show the direction of action of the crossover operations.

Fig. 4. Binary tree with nn d nodes
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Then the solution is at a crossover distance from the initial population
equal to the total number of nodesin the tree nnd. The number of generations
ng represents the depth of the tree. It is well known that the minimal value for
ng is dlog2 nnde when the tree is complete.This tells us that by increasingthe
population size,the tree linking the initial population to the optimal solution
can gain width and loosedepth, which would make the search more balanced
and increasethe chancesfor good performance.

As the crossover operations are arranged in a tree, we know that a tree
with nnd nodes cannot have a depth less that dlog2 nnde. This meansthat
to �nd a given optimal solution from a given starting population, we need
a minimal number of generations that do not depend on the probabilistic
behavior of the GA. This number is equal to the binary logarithm of the
distance between the optimal solution and the starting population in terms
of crossover operations.

Wecanconcludethat if the information contained in the initial population
is the same,we should expect a limit for the gain in performancewe obtain
by increasingthe population size.

Related to this observation, Figures 5 and 6 show the evolution of the
performanceaccordingto the population size.We could say that the limit we
have predicted is achieved for the CISI collection and the `empty' starting
population, but we think that the parameter values we have used are too
small comparedto the problem size to allow us to trust this conclusion.

Fig. 5. Plot of results for the CACM collection

The three factors we have analyzed in this subsection also stand for the
choiceof large populations. If the problem sizeis large, asfor our experiment,
the available memory spaceshoulda�ect this choicemore than the limitations
presented in the last paragraph.

4 Conclusion

When GAs must deal with very large search spaces,as in information re-
trieval, the di�cult y of the problem imposesa �ne parameter tuning without
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Fig. 6. Plot of results for the CISI collection

which the search for good solutions may simply fail. In this context, this pa-
per has tried to answer the question of whether it is better to build many
generationsor to start with a large population.

In Section 2 we intro duced the general notions underlying the GA ap-
proach to information retrieval, and the way GAs can be applied to our
problem. We alsopresented the speci�c di�culties for this problem and some
practical details reducing them. Section 3 presented and discussedthe re-
sults of our experiences,as well as a mathematical analysis that shows the
theoretical implications of the parameter choice we have studied.

Both the experimental and the theoretical investigations lead to the same
conclusion. It seamsthat larger populations are a better choice than many
generations, as far as memory spaceallows it. We have also shown some
theoretical arguments against a too small number of generationsthat could
eventually have in
uenced one of our results (seeFigure 6). The comparison
between the best and the worst choiceshas shown that the more di�cult a
problem is, the more advantage we can take of choosing the right values for
the genetic parameters(seeTables4 and 5).

Our experienceshave alsoproved that GAs may signi�can tly improve the
performance of information retrieval systems and that the relevance judg-
ments of past queriescan be very useful for this task.

Finally, we can say that although the GAs are widely employed in many
�elds, various aspects of their behavior are still barely known and can open
interesting directions of exploration.
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