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Abstract

Recent studies suggest that significant improvermemtformation retrieval performance
can be achieved by combining multiple represematiof an information need. The paper
presents a genetic approach that combines thetgesam multiple query evaluations. The
genetic algorithm aims to optimise the overall valece estimate by exploring different
directions of the document space. We investigatgesw@improve the effectiveness of the genetic
exploration by combining appropriate techniques lagwkistics known in genetic theory or in the
IR field. Indeed, the approach uses a niching teglnto solve the relevance multimodality
problem, a relevance feedback technique to perfagmemetic transformations on query
formulations and evolution heuristics in order toprove the convergence conditions of the
genetic process.The effectiveness of the globalommh is demonstrated by comparing the
retrieval results obtained by both genetic multigleery evaluation and classical single query
evaluation performed on a subset of TREC-4 usirgMercure IRS. Moreover, experimental
results show the positive effect of the varioushtegues integrated to our genetic algorithm
model.

Keywords Information retrieval; Genetic algorithm; Releearfeedback

1. Introduction

Relevance estimation is critical in the processittémpting to satisfy the user query and is
the main goal of modelling in IR. In traditional ,IR single retrieval algorithm is used in order to
perform this task. However, it has been observead tbtrieval effectiveness can often be
improved significantly by using a number of diffeteetrieval algorithms (Katzer & al, 1992)
(McGill & al, 1979) (Lee, 1997). This is becausdfetient retrieval algorithms emphasize
different document and query features when meagutie relevance and therefore retrieve
different sets of documents. Since different akjpons can retrieve documents with different
representations, the overall performance of thebteed algorithm may be higher.

In this paper, we present a genetic method whefereint query formulation results are
combined in order to estimate the overall relevascere. Genetic algorithms constitute an
interesting category of modern heuristic searclseaon the powerful principle odurvival of
the fittest,genetic algorithms model the natural phenomenanétic inheritance and Darwinian
strife of survive. Genetic algorithms have beenwshdo be a powerful search mechanism and
seem to be suitable in IR for the main followingsens (Tamine & Boughanem, 2000) :

- The document space represents a high dimensgpaale. As GAs have been shown to be
powerful search mechanisms due to their robustreatnd quick search capabilities, they seem
to be suitable for information retrieval. Due teithinherent properties of implicit parallelism,
a GA could perform the search in different regiohthe document space simultaneously.

- Contrary to the classical retrieval models, th& @anipulates a population of queries rather
than a single query. Each query may retrieve aetubk relevant documents that can be
merged. We believe that this is more efficient themng a hill-climbing search based on a
single query.



- The classical methods of query expansion manigwach term independently of each other.
Several experiments have however already showntligaterms occur in the documents by
groups. The GA would contribute in this case tespree useful information links representing
a set of terms indexing the relevant documents.

- The classical methods of relevance feedback arefficient when no relevant documents are
retrieved with the initial query. In contrast, theobabilistic exploration induced by the GA
allows the exploration of new zones in the docunsdce independently from the initial

query.

In the context of our study, a GA seems to be Blgtéor optimising the relevance score
value by combining the evaluation results of a pafen of different query formulations. Each
query selects a subset of relevant documents arshaw that this is more efficient than using a
hill-climbing search based on a single query. Femtiore, the GA proposed is improved using
the following heuristics.

1- Niching technique

Despite no formal description, we believe thatrélevance function is multimodal in the sense
that relevant documents corresponding to the sasee guery may be located in different
regions of the document space and therefore hawee sdescriptors that are different.

According to this assumption, we use the nichingagical technique (Chen, 1995) (Goldberg,
1994) in order to explore the document space bypwaging the reproduction of queries in

different directions rather than reaching a uniqpéamal query when using a classical genetic
exploration.

2- Application of enhanced operators
Relevance feedback is an effective technique comymaged in IR (Harman, 1992) (Kwok,
1995) (Robertson & al, 1995) (Boughanem & SouleBypl997). Rather than using blind
genetic operators, we propose enhanced ones winthoaexpand and reweight individual
gueries using the user’s judgements.

3-Virtual individuals
In order to improve the convergence conditionst® GA, we propose the application of
evolution heuristics. These are advanced genetlbntques which aim to integrate other
individuals built on good retrieval criteria withenatural GA population.

The remainder of this paper is organised as followssection 2 we present an overview of
multiple query evaluation techniques. Section Jimes our genetic retrieval algorithm. Section 4
presents experiments performed on documents issuedlREC followed by a discussion of the
results. Section 5 concludes the paper.

2. Multiple query evaluation

2.1. General overview
The idea of combining multiple representationsitifex queries or texts, or of using different
retrieval techniques in order to improve the remleperformance has been suggested and



discussed with the name of *“data fusion”. Severatks in this general area give theoretical

rationales for combination techniques. The most mom stems from the observation that

different representations of the same query regrigifferent documents (both relevant and non
relevant) (see TREC track query, Buckley & Walz9a). This may be due to the fact that the

process of representation is so uncertain thatomeyrepresentation captures only a part of the
user’'s need. Thus, the combination of multiple espntations will address different aspects of
the user need and then retrieve more relevant decism

Robertson (1977) also give an interesting analigh suggests that each representation of a
query is a source of evidence and can be usedpimua prediction of probability of relevance.
McGill & Koll (1979) and Katzer & al (1982) find #t different query formulations generated
different documents. However, they noticed thatdheas a small overlap in the documents
retrieved.

Turtle & Croft (1991) propose an inference netwbdsed retrieval model which combines
different document representations and variousygieemulations in a probabilistic framework.
They demonstrate that combining the retrieval tesof natural language and Boolean query
formulations improves the effectiveness of IR. Bel& al (1993) investigate the effect of
progressively cumulating the evidence of variowdependently generated query representations
of one type in a probabilistic-inference networkisval system. Experiments carried out on a
TREC collection show that an appropriate combimatb different Boolean query formulations
has a positive effect upon retrieval performantee & al (1997) analyse the research results
obtained in the data fusion theory literature amngigested a new rationale for evidence
combination of different runs. They investigateeliént combining methods and show that using
rank order of the documents retrieved gives beétreval effectiveness than using similarity if
the runs in the combination generate different +sinkilarity curves.

Finally, it is concretely shown in the IR literaguthat significant improvements can be

achieved by combining various sources of evidehtmavever open questions still remain. The
most difficult is how to define the optimal strayegf combination. Belkin & al (1993) give an
interesting analysis that is quoted belowAll of the suggestions require some means of
estimating the performance of a source of formatatin advance of its use, an inherently
difficult problem which we have been enable to addiin our current study “
In this paper we address this question using atigeapproach. We suggest the combination of
retrieval results of the best query formulationsiegated according to a relevance prediction
function value and genetic enhanced operators.witide process of query evaluation is based
on both general genetic optimisation methodology r@evance feedback technique.

2.2. Multiple query evaluation based on genetic loioiaion

Genetic techniques combining retrieval results hbeen proposed by several authors.
Gordon (1988) adapt a GA to derive better desamgtiof documents. Each document is assigned
N descriptions represented by a set of indexinggeGenetic operators and relevance judgement
are applied to the descriptions in order to buile best document descriptions. The author show
that the GA produces better document descriptibas the ones generated by the probabilistic
model. Redescription improved the relative densityco-relevant documents by 39.74% after
twenty generations and 56.61% after forty genematicYang & Korfhage (1993) propose a GA
for query optimisation by reweighing the query teimdexing without query expansion. They



used a selection operator based on a stochastjgesaablind crossover at two crossing points,
and a classical mutation to renew the populatiogueties.

The experiments show that the queries converdeeio televant documents after six generations.
Kraft & al (1995) apply GA programming in order improve tweighted boolean query
formulations. Their first experiments show that @#¥gramming is a viable method for deriving
good queries. Horng & Yeh (2000) propose a novpt@gch to automatically retrieve keywords
and then use genetic techniques to tune the keyweights. The effectiveness of the approach is
demonstrated by comparing the results obtainelddset using a PAT-tree based approach.

In comparison with these studies, our genetic apgrdas two main advantages:
1- The genetic retrieval process deals with anyensl model.
2- The GA takes advantage of domain techniquessinyguappropriate heuristics in order to
improve the retrieval task.

3. Our Modd: Multiple query evaluation based on an enhanced genetic algorithm

3.1. The genetic relevance optimisation process

The retrieval process, as shown in figure 1, isetasn an iterative feedback evaluation of
query niches. First, the initial query is submittedhe IRS and then the population of queries is
organised into subpopulations, called niches, ategrto their evaluation results (retrieved
documents). At each generation, the evaluationaoh esubpopulation of queries produces a list
of documents. The merging process then producesutiteme list.
At this level, genetic techniques are applied ideorto transform the query formulations in the
direction of the fittest ones. The process is reggeéor a fixed number of feedback iterations.
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Figurel: The genetic retrieval process



3.2. The GA model

Our GA handles the process of relevance optimisatinus it aims to reach optimal or near
optimal query formulations which produce the bestcomes, according to the user query.
Indeed, we aim to increase the overall level oélld@bat is reachable.

3.2.1 Individual Encoding

In our approach, the genetic individual is a quernnulation. Eaclgene corresponds to an
indexing term or concept. Its value lmcus is represented by a real value and defines the
effectiveness of the term in the considered forthuta Each individual representing a query is of

the form Qu (Qu1, Quz,-..,qiT)

T : Total number of stemmed terms automaticallyaei@d from the documents
Oui : Weight of the termiin Q

Initially, a term weight can be computed by anyrguerm weight scheme; it will then evolve
through the generations. In our case, we usedtlmving formula :

qz{ NI it (ngmath

ng—qtf
gtfotherwise

qgtf : query term frequency
ng : number of query terms

Note that the above encoding is quite flexible wehpect to the length of the queries. Although
each chromosome has a fixed length, the genesitarpiieted (based on the value of the weight
qui equal or different to 0) in such way that the undiial phenotype (the query) has a variable
length.

3.2.2. Population

The population is organised into several nichesniéhe is a set of individual queries
exploring a potential region of the document spddee theory of genetic niching technique
(Goldberg, 1994) shows that the exploration proackssovers relevant regions using different
directions, that is we namgarallel and cooperative query searclhhe niches structure are
defined according to theonicheoperator=y defined as follows (Tamine, 2000):

(Q®=.Q¥) = ((DS(Q®,L))n (DY(Q?,L))>Coniche _Limit)

Q.®: individual query u at generation (s) of the GA

Ds(Q®L) : the L top documents retrieved by
Coniche _ Limit : the min number of common documesitieved by queries of the same niche

Thus, the queries belonging to the same niche tsemomon documents. The size and the
structure of the niches evolve at each generatientd both the retrieval process and genetic
transformations.

3.2.3. Fitness function
The fitness function measures the effectiveness @diery to retrieve relevant documents at
the top. It is computed using a formula built oa Guttman model:



> J(QP,dr)=J(QP,dnr)
. )= drODr g, dnrIDnr )
e S Qe a= (@ )

drODr (s),dnrODnr (s)

J : Jaccard measure defined as follows:

Z.T_ gid
>y, di= as

Dr® : set of relevant documents retrieved at the getin( s) of the GA
Dnr® : set of non relevant documents retrieved at tregation( s) of the GA
dr: relevant document

dnr : irrelevant document

JD,QN=

The most favorable feature of the Guttman modettion is that it is highly correlated with the
standard goodness measure in information retribealis average precision (Bartell & al, 1998).

3.2.4. Genetic operators

The genetic operators defined in our approach arelassical ones as they are not based on
the basic structure proposed in GA theory (Goldpé&894). They have been adopted to take
advantage of techniques developed in IR. Thus, watifg them as knowledge based operators.
In addition they are restrictively applied to thehes in order to focus the search in the
corresponding directions of the document space.

- Selection

The selection procedure is based on a varianteotiiual roulette wheel selection (Goldberg,
1994). It consists essentially of assigning to pvedividual of the population a number of
copies in the next generation, proportional toetative fitness.

- Crossover

The crossover operator is applied to a pair ofviddials that are selected in the same niche,
according to the crossover probabilRg. We define a crossover based on term weight, méth
crossing point. It allows the modifying of term \gbts according to their distribution in the
relevant and in the non-relevant documents. Leonsider
Q. and Q®two individuals selected for crossover. The resulhe new individual & defined
as:

{ Qu(s)( qul(S)v qu(S)y ey QT(S))v Q/(S)( Ov1 ©), q«z(s), s QT(S)) } = { Qp(s+1)( %1(S+1)y Cbz(s+l), sy %T(S+l)) }

We defined :
q%siﬂ) = Ma)(ql(Jis)1 (is)) if weightt;, DT(S)) = weightt;, Dnr(s))

Min(gtY, o) otherwise
Weigh(ti,D):Zdji )
d; : term weight ofitin ¢
D : a set of documents



In other words, if the weight of termin the set of relevant documents is higher thamviight in
the set of non-relevant documents, this term iaimet as significant and the highest weight
among (g, ) is assigned to this term in the new quep§i'®. Otherwise, the lowest weight
is assigned to it in the new query.

- Mutation

This consists essentially of exploring the termsuogng in the relevant documents in order
to expand and/or reweight the query selected fer rtutation. Let us consider ® as the
selected individual query and Lnfitas the set of terms from ®rthe relevant documents
retrieved at the last generation of the GA. Theatiom will alter genes of the selected individual
on the basis of the Lmtterms and on the probabilifym . The Lmuf terms are sorted
according to a score value calculated as follows :

Scordti) = ~d4Dr

The mutation operation is done as follows:
1. For each term; in Lmut®
2. 1f Srandom(p)<Pm then
3.q%= average(dS;)

4. Endif

5. Endfor

where random(p) generates a random number p irahge [0..1]. The average function is
computed as follows:

> ag
[0}
Where ng® is the number of ¥ # 0 in Q.

average(@®) =

3.2.5. Evolution heuristics

In order to improve the convergence conditions hed GA, we propose to add, at each
generation, a niche composed of two virtual indimad queries. The first one comes from
applying the elitist reproduction strategy where best individual of each generation is passed
unaltered to the next generation. The second ooengosed of a combination of the best terms
retrieved at the current generation, accordingpéostcore formula:

Thus, we aim to reduce the time cost of reachiegdevant regions of the document space.



3.3. Merging method

At each generation of the GA, the system presentiset user a limited list of new documents.
These documents are selected from all te retrideedments by all the individual queries of the
population, using a specific merging method. Indesd investigate two main methods for
building the merged list according to two differeank formulas.

3.3.1. Full Merging
This merging method runs in two steps.

Step 1.
A ranked list of documents is obtained from eactheiof the population by computing the
following relevance measure:

Rems(d,»):ﬁ > RSVQ¥,d)

i ofoni

RSV(Q®,d) : RSV (Retrieval Status Value) of the docurdeat the query ¢ at the generation (s) of the GA
N; : ith niche at the current generation of the GA

Step 2:
The local lists of the documents correspondinghte different niches of the population are
merged into a single list using the rank formula:

Nb_ Niche(s)

Re“(d)= ) Average Fit(N)*Rel{(dj)

Average Fit(N.)=—1- D FitnesgQy)

IN;

Nb_Nich& : number of niches at the generation s of the GA

Q,SS) ONi

The main feature of this relevance measure fornsulae use of the fitness value of the niches in
order to adjust the global ranking value of thepatitist of documents. Thus, ranking order given
by the fittest niches considered more when buildiregoutcome list of documents.

3.3.2. Selective merging
This method runs in a single step. Rather thanideriag the fittest niches, we consider in
this case the fittest individual queries and penfaa global merging of the corresponding
documents retrieved using the rank formula:
Rds(d)= > > FitnesgQ¥ )*RSUQY,d)
NjOPops) Ql(f) ON i(S)

Pop® : population at the generation (s) of the GA
Q.® " individual queries characterised by a fithessuehigher than the average fitness of op

The main characteristic of this merging methodhis aise of the real fithess value of the fittest
individual queries rather than the average fitnelsshe corresponding niches. Thus, we may
reduce the error on the relevance assumption addbements issued from their evaluation.



4. Experiments and results

The experiments have been carried out on a subetiah of TREC-4 corpus. The documents
we use are the AP88 newswire. We use 24 queridR&C-4 (queries numbered 1-24). The
experiments have been run using the Mercure IRSigBanem & Soule-Dupuy, 1997) that
processes the spreading activation technique.
Prior experiments (Boughanem & al, 1999) allowag\valuate the main parameters of the GA :
crossover and mutation probability. The best pentorces were reached for these values: 0.7 and
0.07 respectively, which were then chosen for ladl temaining experiments presented in this
paper. The basic experimental conditions are theWwmg:

- There are fifteen (15) judged documents as confynased in relevance feedback works
(Harman, 1992) (Salton & Buckley, 1990).

- The number of feedback iterations has been fated. Each feedback iteration corresponds to
the judgment of the fifteen (15) documents seledtedh those retrieved by a new query
generation of the GA.

- The niches are delimited by computing the commoouments from the top fifty documents
selected by each individual query.

4.1. Population parameters

The retrieval approach developed in this studyased on an iterative evaluation of query
niches evolving through generations. As the pomradtructure is an important characteristic of
the approach, our first experiments aim to tunepthigulation size and coniche limit parameters.
Table 1 presents the number of relevant documesiteeved at each feedback iteration and
across feedback iterations, using various populaines (2, 4, 6) and coniche limit values (3, 9,
15).
Experimental results in table 1 indicate that tlaeameters pop size and coniche limit play an
important role in the effectiveness of the GA. dhde seen that the best values of cumulative
relevant documents retrieved at the fifth feedhgetiation (results highlighted) correspond to the
following population size and coniche limit valugs 3), (4, 9) and (6, 3). The results suggest
that a large population size (greater than 4) iedube crowding of query niches number. As a
niche traduces a retrieval direction, this wouldgably generate a noise that decrease the overall
number of relevant documents.
In order to tune the population parameters we atsopare the evaluation results measured by
average precision (Avg Prec) and precision at l&uaents cutoff (Prec@15) for the different
parameters values, as reported in table 2.
It can be seen as expected, that the best resaltshtained for a population size varying from 2
to 4 (results highlighted). In order to make a geodhpromise between the cumulative number
of relevant documents retrieved and the precisiothe retrieval process at the first feedback
iterations, we retain the pair value (4, 9) of pagan size and coniche limit values, for the
remaining experiments.
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Coniche limit Iterl Iter2 Iter3 Iterd Iter5
Pop size=2
172(172) 113(285) 87(372) 80(452) 70(522)
172(172) 113(285) 87(372) 75(447) 71(518)
15 172(172) 113(285) 89(374) 69(443) 69(513)
Average number of 2 2 1 1
niches
Pop size=4
180(180) 88(268) 93(361) 87(448) 61(509)
180(180) 88(268) 98(366) 75(442) 78(520)
15 180(180) 88(268) 97(365) 75(440) 57(497)
Averarg];iiﬁgsmber of 2 3 2 2
Pop size=6
177(177) 105(282) 80(362) 61(423) 68(491)
177(277) 105(282) 78(360) 64(424) 56(480)
15 177(177) 105(282) 60(342) 68(410) 50(460)
Average number of 2 4 4 2
niches

Table 1: Effect of the population size and coniche limitues

The values in parentheses represent cumulativénataber of documents retrieved.

Coniche limit Iterl Iter2 Iter3 Iterd Iter5
Avg Prec Awg Prec Avwg Prec Avg Prec Avg Prec
Prec @15 Prec @15 Prec @15 Prec @15 Prec @15
Pop size=2
020 047 010 031 007 024 005 0.22 0.03 0.19
0.20 0.47 0.10 0.31 0.07 0.24 0.05 0.20 0.03 0.19
15 0.20 0.47 0.10 0.31 0.07 0.24 0.05 0.19 0.04 0.19
Pop size=4
021 051 007 024 006 025 0.06 0.24 0.03 0.16
0.21 051 0.07 0.24  0.06 0.27 0.06 0.21 0.04 0.21
15 0.21 051 0.07 0.24 0.06 0.26 0.05 0.20 0.03 0.15
Pop size=6
022 049 009 029 005 022 0.04 0.6 0.03 0.18
0.22 0.49 0.9 0.29 0.05 0.21 0.04 0.17 0.03 0.15
15 0.22 0.49 0.09 0.29 0.04 0.16 0.04 0.18 0.03 0.13

Table 2 : Variation of the precision values
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4.2. Genetic multiple query evaluation Vs singlergevaluation
At this level, we address the question of how well genetic combination performs relative
to a single query evaluation. For this, we comphee performance results (recall-precision)
from two distinct runs:
- the first one is based on a genetic combinatiomoltiple query evaluation results as
described above,
- the second one is based on a classic single qualyation as performed in the Mercure
IRS

Due to the multiple iteration aspect of the genetialuation and the use of relevance judgments,
the results reported for the multiple query evatratire based on a residual ranking evaluation.
In our context, we measure at each iteration (spording to a GA generation), the performance
retrieval after removing the documents retrieved ardged in the previous iterations. Let us
consider that the iteration (i+1) of the GA is penfied. In order to measure the effectiveness of
the GA at this iteration, we compare the 15 topeeed documents at that iteration to the single
query evaluation results at the same iterationhvaarresponds to the list resulting from just
keeping the next 15 documents at the iteration This implies the basic question: what
represents atterationin the case of the single query evaluation progessder to make sense to
the performance comparison? To answer this questierconsider that an iterative single query
evaluation process may be based on the scanniting @fverall initial output list, from the top to
the bottom, using sub-lists presented to the ubkey.Means that we analyze at each iteration, the
following sub-list of documents (a sub-list is camspd of 15 documents in the case of our
experiments) ordered after the above list presetatdkde user according to the output list. Each
sub-list represents the reference evaluation topemen with the genetic evaluation results
obtained at the same related iteration.

Table 3 present the details of the evaluation tegubeasured by average precision (Avg Prec),
precision at 15 documents cutoff (Prec @ 15) andbar of relevant documents retrieved (Rel.

Doc)) of the two runs using the merging methodyipresly presented.

Single Query Evaluation

Iterl Iter2 Iter3 Iter4 Iter5
Avg Prec| 0.12 0.07 0.05 0.03 0.02
Prec @ 0.30 0.25 0.22 0.18 0.17

15
Rel. Doc | 110(110) 92(203) 82(285) 65(351) 61(412)
Genetic M ultiple Query Evaluation

Full merging
Iterl Iter2 Iter3 Iterd Iter5
Avg Prec| 0.21 0.04 0.07 0.05 0.03
Prec @0.5 0.18 0.20 0.20 0.19

15
Rel. Doc | 180(180) 65(245) 86(331) 74(406) 69(475)
Selective merging

Iterl Iter2 Iter3 Iterd Iter5
Avg Prec| 0.21 0.10 0.07 0.05 0.03
Prec @ 0.5 0.31 0.24 0.20 0.19

15
Rel. Doc | 180(180) 88(266) 97(366) 75(442) 78(520)

Table 3: Retrieval performances
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Table 4 provides a summary of the performance of pyoposed approach measured by the
improvement achieved compared to the single quaaluation method.

Genetic Multiple Query Evaluation
Full Merging
Iterl Iter2 Iter3 lterd Iter5
Avg Prec 75% -43% 40% 67% 50%
Prec @ 15 67% -28% -9% 11% 12%
Rel. Doc 63% 20% 16% 15% 15%
Selective merging

Iterl Iter2 Iter3 lterd Iter5
Avg Prec 75%  43% 40% 67% 50%
Prec @ 15 67% 24% 9% 11% 12%
Rel. Doc 63% 32% 28% 25% 26%

Table 4: Improvements of the genetic approach

As the tables illustrate, unless the second itmatihe genetic multiple query evaluation
approach yields large improvements in average §igeti precision at 15 documents cutoff and
number of relevant documents, for both merging wdsh The negative values in the second
iteration may be due to the relative important ioy@ment achieved at the first iteration. Indeed,
no much more relevant documents are retrievedistdtel. Furthermore, we note however that
the improvements obtained by using the selectivegimg method are better than those obtained
using the full one. In light of these results, ibwid seem that the query fithess value is more
significant than the niches average fithess whergimg the evaluation results. This might be due
to the probable variation of the performances ef itidividual queries belonging to the same
niche. Furthermore, the results suggest that waldhgerform a prior selection of the individual
queries before merging the corresponding results.

According to these results, we choose the selechiggging method to perform the remaining
experiments. The details of each experiment tedfmegeffects of the various aspects of the
genetic combination method proposed are presemedvb

4.3. Knowledge based operators vs. classical opesat

Table 5 compares the results of the GA using botwkedge based and classical operators.
The classical crossover is based on the classiéatr@ssover operator. Let us considef*@nd
Q.®two individuals selected for crossover witlas the crossing point and®”and Q™ as
the new individuals resulting from the classicalssover. This operator is defined as follows.

Qp1(5+1)( w®?, 0, 4P e ... g1)

Qp2(5+1)( qVl(s+1)’ q\/2(s+1)’ QJC(S)'CIucﬂ(S),---, QJT(S))

& = © _q(s)

. ) pli—Yui pli—vi
if(c<i)the els
ge=q® ge=q®
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In classical mutation, the genes are mutated byifyind their weights arbitrarily.

Iterl Iter2 Iter3 Iterd Iter5
Class Op 171 (171) |79 (250) 65 (315) 65 (380) 68(449)
Knl. Op

180(180) |88 (268) 97 (366) 75 (442) 78 (520)
I mprovement/ 5,2% 7,2% 16% 16% 15%
Cum_Doc

Table5: Results for knowledge based operators
vs. classical operators

We clearly notice that the knowledge-based opesadoe more effective than the classical ones.
Indeed, both the number of relevant documents hadctmulative number of documents are
much higher when applying enhanced operators ralizer classical ones with an improvement
of 15% at the fifth generation. This supports ontuition behind the interesting use of
information retrieval techniques when performinghgc transformations on the individual
queries.

4 4. Virtual individuals

The artificial niche integrated to the populatiencomposed of the fittest individual and the
best concepts of the latter generation. Comparatyeriments have been carried out in order to
evaluate the independent effects of each virtudlidual (cf. 3.2.5) and combined effects on the
retrieval results and then plot histogram aspresemt figure 2. A bar indicates the percentage
difference between the application of each virgaéry and then both in comparison with the
baseline that indicates the non integration ofatttiicial niche.

We clearly notice that each virtual individual hagositive effect on the search results with
respectively 16% and 23% of improvement at thé figneration of the GA.

70% -

60%
60%

60% -
50% -
40% -+

33%
32%

30% -
20% +

Improvement / Baseline

10% 4

0% -
q0%) Gl G2  G3 £G4 G5

Generation

OBest Ind EBest Conc OBest Ind + Best Conc

Figure 2 : Effect of the virtual individual queries

Furthermore, we notice that the effects of eachviddal query are not linearly added. For
example, the results show that at the second gemerahe independent application of these
virtual queries are 33% and 13% but the improvendert to the combined application of the
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virtual queries is only 5%. This may be justifieg the impact of the merging method. Indeed,
the rank order based on the fitness values of tleeygndividuals are not necessary correlated to
the relevance value of the corresponding retrigl@iments.

4.5. Niching technique

The main goal of using niching technique is to healifferent optima for a specific
optimisation problem. In the context of our studyching would allow the recall of relevant
documents with quite different descriptors. In ortle evaluate its precise effect on the search
results, we have organised the query collectiohitge bins. Indeed, using Jaccard similarity
measure for document selection, each query bineponds to a document region. It is
characterised by a corresponding average similagtye between relevant documents in fixed
intervals:[20 25[, [25 30[, [30 35[. After this, weve plotted the histogram presented in figure 3.
The x-axis represents the document bins and thesyfapresents the cumulative number of
relevant documents retrieved at the fifth genenatibthe GA.
It can be seen that a niching technique improvesdBults for the first and the second bin with
respectively 42% and 45% compared to the basdineontrast, the performances decrease in
the case of the third bin. This might be due to fdmt that because of the relative quite large
distance between relevant documents ([30 35])ctimergence of the GA becomes slow. This
suggests the use of more suitable combinationsdagtwhe coniche operator definition and prior
user relevance judgements.
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2 S5 200
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E5 2

g % S 100

gc 19 27

E g N

zZ ©
[20 25] [25 30 [30 35]

Distance between relevant documents

|0No Niching B With Niching |

Figure 3: Effect of the niching technique

5. Conclusions

We propose in this paper a genetic approach forbamation of multiple query retrieval
results. The GA handles the process of relevantienization. It is adapted to the retrieval task
context by using knowledge-based operators to ghieleetrieval process, a niching technique to
encourage exploration in different directions oé thocument space and virtual individuals to
reduce the cost convergence. The results preseaftede prove the effectiveness of our
approach.
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Prior experiments have been performed on TREC Geomg genetic multiple query evaluation
and single pass searches equivalent to a Rocchitelntgpe search (Boughanem & al, 2000).
The results have shown that the genetic approachoig effective particularly in improving
recall. This is due to the robust capacity of tlemegic model to reach relevant documents in
different directions of the document space due poulation of query formulations, rather than
a single one. Furthermore, we have showed in thigep that adding a niching technique
improves the exploration effectiveness by orgagizthe population into niches exploring
potential relevant directions of the document space

The results presented above show also that the b#wistics integrated with the GA improve
the results in few generations.

Our next goal in the near future is to integrateiotss advanced techniques. Our prospects
concern mainly three points. The first one relatethe revision of the application of the genetic
operators. More precisely, we direct ourselves tdwa restrictive application of the crossing
and exploitation of the principle of self-adaptimgitation by controlling the probability mutation
during the search (Back 1995), (Back & Schutz 1996)s adaptation will be controlled by the
distribution of the terms in the relevant documeartd, by the density of the areas of relevance
determined by the niches of the queries.The seqamdt would consist in exploiting the
technique of clearing proposed by (Petrowski 199¥s technique leads to the safeguarding of
the best queries of each niche and thus to seaswljpe effects of dispersion in search space due
to the application of the genetic operators in baad, and fusion in the second hand. Lastly, it
would be interesting to exploit the theory of swahide optimisation (Venturini & Slimane 1997)
in order to put the genetic information retrievabsch within a more adapted framework to the
co-operation between the user and the IRS.
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