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Abstract: Data fusion for Information Retrieval (TR) usually combines various strategies (schemes) to enhance
the performance. The process of selecting the top "'m' strategies with appropriate weights has been presented
in this study. Genetic Algorithm (GA) with relevant judgments obtained for the user specified queries as
traiming data 1s employed for the adaptive selection of the suitable strategies. The sigmficance of experimental
results obtained with three benchmark test collections 1s examined using Student-t test. The present adaptive
method has been observed to perform consistently well in comparison with the individual ones participating

in the fusion.
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INTRODUCTION

The process of finding the needy information from it's
repository is a non-trivial task! and it is necessary to
formulate a process that effectively proffers the pertinent
documents. The task of retrieving germane article is
termed as Information Retrieval (IR)?. Various models, the
loci-classics of TR and strategies have been proposed to
represent and organize the document collection with
less effort.

A “Model’ is a set of premises™™ with an algorithm for
ranking documents with regard to a user query. A
‘Strategy” or scheme is a method of assigning similarity
score between the query and the documents. A “System’
refers to the physical implementation of an IR algorithm,
which can have various operational modes or various
settings of parameters. Therefore, the same IR system may
be used to execute different IR schemes by adjusting the
various parameters involved i it.

Performance of the models and strategies differ from
corpus to corpus. An early literature™ indicates that, the
existing schemes are non-omnipotent. Hence, it is
essential to establish a process that yields reliable and
consistent results. Fusion is an active area of research
that successfully fulfills the above said need. In data
fusion, the data from the multiple sources are merged
together and the fusion function is based on either the
basic set theoretic operations like union, intersection or
normal arithmetic operations. Data fusion finds an

extended application to a wide variety of scientific and

engineermg areas like Remote sensing, Robotics,
Surveillance ete.

This study focuses on a method that adaptively
selects the top-m retrieval schemes. The tasks associated
with of the proposed techmique of three folded: It has to
select best combination function, top-m retrieval schemes
and suitable weights for the selected schemes. The

above-mentioned functions are carried out using GA.
THE GENETIC ALGORITHM

Genetic Algorithms are mnspired by the principle of
Darwin's theory of natural selection and survival of the
fittest. It 1s a stochastic search or optimization techmque,
which 1s used to find out the optimal solution in a complex
state space. It finds an extensive application m Web
search, Manufacturing methods and robotics ete. It
adapts the natural process such as Reproduction,
Crossover and Mutation as it's basic operators.

The Selection process in GA is fitness proportionate
one. The individuals present in a generation possess
some fitness value. The highly fit, most dominating
individual will pass on to the next generation (Survival of
the Fittest, Exploitation). The GA uses Crossover and
Mutatior, as it's primary tools for exploration. These two
processes depend on some probability value called as
crossover and mutation probability (p, and p,). The
crossover and mutation operations disturb the string
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structure of the chromosome and producing the new
ones. The newborn individuals facilitate the exploration
process.

GA mamtams the population of points in a selution
space and uses an implicit parallelism while analyzing
more mumber of individuals than those present in a single
generation. Though, there are various search/optimization
tools are available, GA 1s an active area of research and
extending it’s application to a wide range of areas like
robotics, pipeline construction, etc for the past two
decades.

FUSION TECHNIQUES

Fisher"! employed data fusion for information retrieval by
combining together two Boolean searches. His method 1s
confined only to two sources. A linear combination
method for fusing multiple sources by assigning weights
to the individual strategies was studied by Belkin and
Croft®”. The final relevance score assigned using the
weighted linear combination method for a document is
given by

R(q,d) = iei.El (q.d) (1

1=1

Where,

0,: Weight of the i" retrieval strategy,

Ei(q.d) Relevance score returned by the ith retrieval
strategy and

k: Number of retrieval strategies to be fused.

The weighted linear combination method has the
limitation of requiring prior knowledge about the retrieval
systems to assign the weights.

The Comb-functions for combimng scores that treat
all strategies equally have been proposed by Fox and
Shaw!®”. The various Comb-functions used for combining
scores are shown in Fig. 1. Lee' has carried out
extensive work on Comb-functions. Lee has proposed
new rationales and indicators for data fusion. He has
conducted experiments over TREC data collection and it
was concluded that functioning of CombMNZ is better
than the remaining.

The traimng data for the fusion operation are used to
select the best functioning scheme with appropriate
weights. Probabilistic approach is used for this purpose.
The strategy with best performance 15 selected
automatically from the pool of retrieval strategies based
on the predicted probability value in spite of the
appreciable performance of the remaining ones. Bilhart!™?
proposed a heuristic data fusion algorithm, which uses

CombMIN Minimum of Tndividual Similarities
CombMAX Maximurn of Individual Similarities
CombSUM Summation of Tndividual Similarities
CombANZ CombSUM + Number of non zero Similarities
CombMNZ, CombSUM = Number of non zero Similarities

Fig. 1: Comb-functions for combiming scores

Genetic Algorithm (GA) for combining the retrieval scores,
which assigns weights to independent retrieval strategies
and selects the sigmficant ones for fusion.

Applications of Evolutionary algorithm in the area of
TR and the usefulness of the GA to i) Indexing, ii)
Clustering, 111) Query definition, iv) Matching function
learmng, v) Image retrieval and v1) User profile updating
have been described in detail by cordon'.

COMBINATION FUNCTIONS AND
RETRIEVAL STRATEGIES

In the presented study, four combination functions
are used: C-maxmax, C-maxmirn, C-minmax and C-minmin!™,
The functions used to assign the final relevance score to
the documents are given in the Fig. 2 and are labeled as 0,
1, 2 and 3, respectively.

Retrieval strategies: The sunilarity measures of Vector
Space Model (VSM) and P-norm model with p value 1.5
and 2.5 are chosen as the retrieval strategies. The
similarity measure of VSM and the P-norm model is given
in the given Eq. 2-4.

Inner product 8{q.d)= » w,_ *w,, (2

tegnd

2 W, *w
t;d q.t dt (3)

Dice coefficient 8(q.d) = W
q d

......... +(1*Wm)p (4)

P-norm 3(q,,,.d,)=1-

Where,

w,, weight of a term in the document,

w,. weight of a term in the query,

Wq, Wd-weight of the query and document
respectively,

Wm-weight of the m® term in P-norm medel and

m-Number of terms present i the corpus for the P-
norm model.
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Where,
ik Document identifier,
1 retrieval strategy and
g relevance score of j* document in i® retrieval strategy.

Fig. 2: C-functions for combining scores
The above-mentioned retrieval schemes are labeled
as 0,1, 2 and 3, respectively.

Proposed selection scheme: The intention of combining
more sources is to merge the merits of all. Since the
functioning of the fusion operation depends on the
participating strategies, it is necessary to properly select
the members. In the proposed work, GA 13 used as a
search mechanism to find the optimal solution. The role of
GA 1n the selection method 1s of three fold. First it has to
find out the best combination function from the pool.
Second 1t has to select best-m schemes and at last the
optimal weights for the selected schemes. For these, GA
uses the relevant judgment of a query as the traimng data
and by using it, the selection mechanism adaptively
choose the optimal solution.

Fitness function: The non-interpolated average precision
value is used as the fitness function and it is given by (5)

ia\’e p,(q;) (5)

Fit(f) ==
n

Where,
n-number of queries and
ave p,-average precision of the query.

In order to eliminate the premature convergence,
Fitness Scaling mechanism is used. The scaling operation
maps the original raw fitness value (f) to the new one (7).
Linear fitness scaling is chosen as a scaling method and
1t 1s given by

Scaled Value {'=af _+b
z'fave — fave
= =
fm

8% 7fam3

13

_fave(f . —-2f,.)
fm

b

& _fave

Where,
f_.: raw fitness value.
f,. average fitness value and,
f .. maximum fitness value.

String coding: The Binary coding method 15 used code
the chromosomes. The individuals present in the
population representing the best combination function,
top-m retrieval strategies and weights for the selected
retrieval strategies. The number of bits used to represent
the string is depends on the "m' value. In the proposed
method, value of 'm' 15 chosen as 2, 3 and the
corresponding number of bits used to encode the string
are 11 and 13, respectively. The string structures for the
both cases are explained below.
m=2
no of bits 11: b= <b,b,,.....b,>
<by,b;,b=-Weight of the First Retrieval Strategy (Wel)
Wel = 4xb, + 2xb, + b,

<b,,b,,b;>-Weight of the Second Retrieval Strategy (We2)

We2 = 4xb, + 2xb, + b,
<b,, b, b,=-Retrieval Schemes to be selected (Sh)

Sh = 4xb, + 2 xb; + b,

Sh =0 — Schemes 0 and 1

Sh=1 — Schemes 0 and 2

Sh =2 — Schemes 0 and 3

Sh =3 — Schemes 1 and 2

Sh =4 — Schemes 1 and 3

Sh =35 — Schemes 2 and 3
Sh 6 and 7 are unused. If a string with Sh value 6 or 7 is
encounter in a generation due to crossover and mutation
operation, fitness wvalue of 0 18 fixed for that
corresponding string.
<b,,b,;>-Combination Function (Cf)

Cf=2xb, + by,

Cf = 0 — Combination Function 0

Cf =1 — Combination Function 1

Cf = 2 — Combination Function 2

Cf = 3 = Combination Function 3

m=3
noofbits 13: b=<b,b,,.....

<by,b;,b=-Weight of the First Retrieval Strategy (Wel)
Wel = 4xb, + 2xb, + b,
<b,,b,,b;>-Weight of the Second Retrieval Strategy (We2)
We2 = 4xb, + 2x b, + b,
<b;,b..b>-Weight of the Third Retrieval Strategy (We3)
We3 = 4xb, + 2x b, + by,
<b, b, >-Retrieval Schemes to be selected (Sh)
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Sh=2xb, + by,
Sh=0— Schemes 0, 1 and 2
Sh=1— Schemes 0,1 and 3
Sh=2— Schemes 0, 2and 3
Sh=3 — Schemes 1, 2 and 3
<b,,,b,>-Combination Function (Cf)
Cf=%2xb, + by,
Cf = 0 — Combination Function 0
Cf =1 — Combination Function 1
Cf = 2 = Combination Function 2
Cf =3 — Combination Function 3

RESULTS

The experiments are conducted on the three
benchmark test collections namely ADI, CISI and MED.
All the queries present in each of the collections used for

traiming purpose.

GA parameters: The number of generation 1s fixed at 100.
The crossover and mutation probability (P, and P,) are
chosen as 0.6 and 0.01 respectively. In the experiment
elittsm 18 used. A highly fit individual from each
generation will pass on to the next generation without
undergoing crossover and mutation. Roulette Wheel
method" is used for the selection. Tn order to over come
the draw back of the single pomt crossover (poised
towards the end) two-point crossover is used. The
mumber of individual present in a generation is chosen as
10. The Table 1 summarizes the GA parameters used in the
experiment.

Algorithm: The algorithm explains the process of finding
the optimal solution in a controlled manner. The steps
mvolved in finding the solution are given below.

i

Initialize the number of generations g
Imitialize the number of chromosome n
Randomly generate the initial population p(g)
Evaluate p(g)

While (non termination condition)

do

d

g=gtl

Reproduce n-1 chromosomes p(g) from p(g-1)
Select a highly fit string form p(g) and pass it to the next
generation g+1

Recombine p(g)

Mutate p(g)

3

3

Table 1: GA parameters

No. of generations 100
No. of individuals 10
Crossover probability p, 0.6
Mutation probability p,, 0.01

Table 2: Average precision value
ADI

Best 8ingle Scherme
Combination Precision Improvement
Best 2 Combination 0.4572 7.73

Best 3 Combination 0.456 747

MED

Best Single Scheme
Best 2 Combination
Best 3 Combination
CIST

Best Single Scheme
Best 2 Combination
Best 3 Combination

0.4243

0.4544
0.4854 6.8
0.4963 84

0.2205
0.2386 82
0.2328 5.57

Table 3: T Value

ADI

2 Combination 7.756
3 Combination 5.547
CISI

2 Combination 2.639
3 Combination 3511
MED

2 Combination 8.817
3 Combination 7.306

The ‘elitism’ 15 used to exploit the highly fit
individual and it maintaining a history but the period of
the history 1s restricted to one generation in our case.

The non-interpolated average precision value 1s used
as the performance indicator in the experiment. The
Table 2 shows the value of the precision for the best
single and the 3
combination obtained over the three-benchmark test

strategy, best 2 combinations
collections rounded of to 4 decimal place.
The Table gives the maximum value for the precision
and the corresponding % of improvement obtained in the
experiment over the number of trials with out changing the
parameters. The Fig. 3 shows the 11 pt interpolated
precision curve to simplify the comparison process.

Test of significance: The experiment 1s conducted over a
number of times and the maximum value obtained is
presented in the Table 2. Even though the results look
very promising, we planed to test it's significance. For the
above said purpose, student-t test 1s used and the number
of trial for the experiment is fixed at 30. The indention of
the significance test is to check whether the proposed
method yields consistent performance. The hypothesis
used for the test is given below.
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Fig. 3: 11-Point Interpolated precision for best single, two
and three combination schemes

Hy: p < Average non-interpolated precision value of the
best single retrieval scheme

H,;: p > Average non-interpolated precision value of the
best single retrieval scheme

The null hypothesis is successfully rejected as
per the calculated t value, which 15 shown m the
Table 3.

The wvalue of 't for the best 2 and 3
combination over the 3 test collections m the table

indicates that, the proposed Adaptive Selection
method  signmificantly  yields  the better and
consistent results than the best single strategy

participating in the selection process. The proposed
selection process is proved to be a better one at 1%
standard error level.

15

CONCLUSION

The method
significantly improves the performance of the fusion

proposed  adaptive  selection
system. The experiments are conducted over a medium
As  GA passes a highly fit

individual to the next generation, it 1s indented to test the

sized test collection.
impact of number of individuals to be passed to next
generation as well as the history duration 1.e. the number
of generations to be considered for selecting the highly fit
individual.
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