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Abstract

Knowledge intensive organizations have vast array of information contained in large document repositories. With the advent
of E-commerce and corporate intranets/extranets, these repositories are expected to grow at a fast pace. This explosive growth
has led to huge, fragmented, and unstructured document collections. Although it has become easier to collect and store
information in document collections, it has become increasingly difficult to retrieve relevant information from these large
document collections. Information Retrieval systems help users identify relevant documents for their information needs.
Matching functions match the information in documents with that required by users in terms of queries to produce a set of
documents to be presented to the users. It is well known that a single matching function does not produce the best retrieval
results for all contexts (documents and queries). In this paper we combine the results obtained from well known matching
functions in the literature. We employ Genetic Algorithms to do such combinations and test our method using a large well
known document dataset. It is observed that our method produces better retrieval results for both the consensus search and the
routing tasks in information retrieval.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction

Although finding information on the Internet using
web search engines is one of the top three Internet
activities [37], experience suggests that the search
engines’ performance in terms of finding relevant
documents for the user’s query is not satisfactory.
Users have to refine their search multiple times and
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scan through a long list of documents only to find a
few relevant documents [11]. A search engine’s
performance is affected by many factors like query
representation, indexing, controlled vocabulary, stem-
ming, stopping words, etc. [20]. But one of the most
important factors affecting the performance is the
matching function that is used to rank the documents
in the collection according to their match with the
user’s query. These matching functions typically
assign a matching score to each document in the
collection and then rank the documents in the
decreasing order of the score. The top few documents
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(known as the Document Cut-off Value—DCV) are
presented to the user as the result of the search. There
is a variety of matching functions available in the
literature in information retrieval (IR). They can be
classified as:

O Content based matching functions
These make use of many lexical/syntactical
statistics of words in a document collection e.g.
token frequency (¢f), document frequency (df),
document length, etc. Some of the well known
matching functions in this category are Okapi
[31] and Pivoted TFIDF [34].

O Link based matching functions
These use web interconnection information to
help boost the ranking performance. Some well
known functions in this category are PageRank
[5] and HITS [19]. These functions are quite
useful to identify authoritative pages that are
highly endorsed by others.

O  Structure based matching functions
These matching functions assign weights to
words appearing in different structural position
of the document such as the title, and the anchor
and use the weighting heuristics to improve the
ranking performance.

Although a large number of matching functions
have been tried in literature, no single matching
function has been proved to be the best [17].
Characteristics of retrieval environment such as the
size of the database, the type of the database, and the
nature of the user community affects which matching
function will perform better. Recently IR researchers
have made efforts to combine results from multiple IR
systems (using different query representations, docu-
ment representations, or matching functions). This
approach is the so called data fusion approach. In this
approach results obtained by various systems on the
same document database are combined. This differs
from the information fusion approach where the
results from various document databases are merged.
In this paper we will use the data fusion approach. A
fundamental problem in the data fusion approach is
how to combine the results obtained from various IR
systems. In this paper we propose a data fusion
approach based on linear combinations of retrieval
status values (RSV’s—explained later) obtained from

different matching functions or experts'. We use
Genetic Algorithms (GA) to find the best linear
combination of weights assigned to the scores of
different matching functions. For comparison purpo-
ses we would also use simulated annealing approach
[18] to find such weights. We will test our approach
on a 10 GB web data available from TREC evalua-
tions [12,13]. We will demonstrate how our approach
can be used for both the ‘Consensus Search’ task and
the ‘Routing’ task. Under consensus search we will
evolve just one set of weights across all the user
queries. Under routing task we will evolve an
individual set of weights for an individual query.
The importance of the consensus search task and the
routing task will be explained later in the paper. Since
GA'’s require fitness functions for training, we would
like to explore the effect of fitness functions on the
performance of our approach. We would use three
different fitness functions to train the GA. We would
compare our results against those obtained by the well
known matching functions.

The paper is organized as follows. Section 2 will
present related work in the area of matching function
adaptations and data fusion as applied to IR. Section 3
will describe our GA based methodology in detail. We
will discuss the experiments conducted in Section 4.
Section 5 will present the results of our experiments
and discuss the implications of the results. We will
conclude the paper in Section 6 by presenting the
contributions of our approach to the literature in IR
and also by discussing some of the possible avenues
for further research in this area.

2. Related work

Data fusion techniques in IR have typically
focused on combining similarities obtained from
different query representations and also on combining
query representations directly [3,4]. It was found that
progressive combination of different Boolean query
formulations lead to improved retrieval performance
as compared to performance obtained by an individ-
ual system. Combinations of the vector space model
and the probabilistic models have been used [26] but

! We will use matching functions and experts interchangeably
throughout the paper.
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the results have been mixed. The fusion approach did
not significantly improve the performance over that
of a single system. Bartell et al. [1] used combina-
tions of three different experts on two test collec-
tions. A ‘count’ expert counted the number of query
terms in the document while two other experts
analyzed different types of terms. They found that
an optimized combination performed better than any
individual system. Lee [21] showed how different
properties of weighting schemes may retrieve differ-
ent types of documents. Savoy et al. [33] combined
OKAPI probabilistic model with various vector space
schemes. They used a heuristic which tried to
determine the best retrieval expert for a given query.
Hence they did not combine any retrieval status
values or document ranking information. The advant-
age of their approach is that the search time is
limited to only one retrieval expert. But they did not
find any performance gains over individual experts
as determining query features that determine which
retrieval expert to be used has been found to be
difficult. Fox et al. [8] used six different formulae for
combining similarity values of different retrieval
experts. They used the minimum, maximum, or the
sum of the individual similarities to combine retrieval
results from different experts. They found CombMNZ
[8] as the best performing formula. Lee [22]
extended this work by analyzing the effect of using
rank instead of similarity values in the functions used
by Fox et al.

There have been some efforts in using linear
mixture of expert approaches, which is similar in
philosophy to our approach. Bartell et al. [2] have
used numerical methods to optimize the parameters of
a matching function. But they have chosen to optimize
only the parameters involved in a standard inner
product measure. Hence their adapted matching
function is limited to variations of standard inner
product measures. As an example, their adaptation
leads to the use of one of the following matching
functions: inner product, cosine, or pseudo-cosine. By
contrast, our research looks at adaptation of various
different forms of matching functions and is not
restricted to a particular form of the matching
function. In addition Bartell et al.’s work faces another
limitation. The authors have assumed that the IR
model have criteria (like ordering of documents) that
are differentiable in nature. This assumption leads

them to use numerical methods. This assumption of
existence of differentiable criteria may not hold for
discrete criteria like precision and recall. Hence
numerical methods may not always be useful. Our
research uses genetic algorithms that do not suffer
from such a limitation in assumptions regarding the
nature of the criteria used.

Vogt et al. [36] used linear combinations of three
experts: a binary scheme for vector space model, a
tf-idf weighted scheme, and the last based on latent
semantic indexing. They determined a set of
parameters through training on top 100 documents
for each query. Although their method worked well
on training set of documents they observed that the
results did not generalize well to unseen test docu-
ments. In fact their method could find results that
were comparable only to the second best individual
function or expert. Using our method we later
demonstrate that we could get performance results
which were significantly better than any of the
individual matching function or expert.

In another paper Vogt and Cottrell [35] did a
theoretical and empirical study on combining two IR
systems and demonstrated conditions under which the
linear combination model might work. However, this
paper failed to provide any insights into how to
combine more than two IR expert matching systems,
and how to optimize the weights of combination
directly on the standard performance measure like
average precision. Our work does not have the
limitation of just two expert systems. In fact our
methodology can incorporate any number of experts
in combinations. Moreover our work does not face the
limitation of using any particular performance meas-
ure or the fitness function. We will demonstrate later
that our method has worked well across three different
well known fitness functions.

In the next section we present our methodology in
details.

3. Methodology

In this section we first introduce our method-
ology for linear mixture of expert matching func-
tions and then proceed to show how to use our
method in real life setting involving search for new
documents.
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3.1. Linear mixture of expert matching functions

It is clear from previous section that combining
expert approaches in information retrieval has been
tried with mixed results. Either the methods were not
generalizable or they assumed certain criteria which
may not be always applicable in IR. Hence we
propose a new method for combining expert
approaches using linear combinations of retrieval
status values (RSV) obtained by each expert matching
function. We will demonstrate later that our approach
does not face any of the above limitations and still
beats the performance of any of the individual expert
matching functions.

For any given query each expert matching function
assigns a score (RSV) for each document. The
documents in the collection are ordered in the
decreasing order of RSV and presented to the user.
We will consider four different well known experts or
matching functions in our analysis. Each of them will
have a RSV value for each document in the collection.
We assign weights (in the range of —1.0 to 1.0) to the
RSV values obtained by each expert and combine the
scores to get a combined RSV value for each
document. A negative weight attached to a RSV
value signifies a reduced role in retrieval for the
particular matching function that produced that RSV
value. A positive weight, on the other hand, signifies
an increased role in retrieval. The documents are then
ordered in the decreasing order of this combined RSV
and then presented to the user for evaluations.
Mathematically the combined RSV can be expressed
as follows:

Combined RSV, = Y _ WS, (1)
i=1

Here, ‘n’ is the number of expert matching functions
used. S; is the RSV score produced by the ith expert
matching function for the mth document in the
collection. W; is the associated weight. ‘i’ varies from
1 to the maximum number of experts used in the
experiment. ‘m’ varies form 1 to the maximum
number of documents in the collection.

By proper selection of weights ‘W’ it should be
possible to increase the retrieval performance. This is
so because the expert matching functions are com-

plementary to each other in terms of their weighting
strategies for clues offered in the documents and
queries. A proper selection of weights, thus, tries to
exploit such complementarities. A detailed explan-
ation about this is discussed elsewhere [28,29].
Retrieval performance is expressed in terms of
P_Avg and P_10 measures. These are two most
important performance measures used in IR literature.
P_ Avg is the average of precisions every time a new
relevant document is found, normalized by the total
number of relevant documents. Here ‘precision’ is
defined as the ratio of relevant document retrieved to
the total number of documents retrieved. Recall is
defined as the ratio of number of relevant documents
retrieved to the total number of relevant documents in
the document collection. If the exact number of
relevant documents is not known in advance then a
proxy for that can be used [11]. Mathematically
P_ Avg [6] can be expressed as:

P_Avg = (2)

TRel

where (d)=(0,1) is the relevance score assigned to a
document, it being 1 if the document is relevant and 0
otherwise. |D| is the total number of retrieved docu-
ments. TRel is the total number of relevant documents
for the query. It is easy to see that the P_Avg
performance measure incorporates both the precision
and recall in its calculation. It is the most widely used
measure in retrieval studies for comparing perform-
ance of different systems.

P_10 performance measure is the precision
obtained in the top 10 retrieved documents. This
performance measure is important when the user is
not interested in looking at more than just a few (in
this case 10) documents presented to the user. User
looking for information on the web falls under this
category.

We will utilize Genetic Algorithms (GA) [15,27] to
explore the search space of the weights. GA’s emulate
the process of the evolution of species to search for
more ‘fit’ individuals. These algorithms are very well
suited to explore complicated multidimensional
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space. GA’s start with a population of individuals
known as chromosomes. Each chromosome repre-
sents a possible solution to the problem. The initial
population is either randomly generated or it can also
be generated using some known characteristics of the
problem. The individuals in the population change
with successive iterations of the algorithm (known as
generations) following the process of selection,
crossover, and mutation. Selection is based on the
fitness of each chromosome in the population.
Fitness is a numerical score assigned to each
chromosome. It is expected that the more fit (the
higher the fitness number) a chromosome the better
is the utility of the chromosome in solving the
problem at hand. Thus the selection of fitness
function is vital for the performance of the GA.
Crossover operator is used to transfer more fit
building blocks from one generation to another,
while the mutation operator is used to introduce
random diversity in the population so that the
population does not get stuck in a local optimum.
The process is stopped when either the preset
number of generations is reached or if there is no
improvement in the performance. The chromosomes
in the last generation are chosen as the best
individuals to solve the problem at hand.

Our choice of GA was motivated by two
factors: (a) the large size of the search space,
and (b) the characteristics of the objective function.
First, using the real valued expression for weights
used in our model the search space is essentially
infinite and the problem is basically a needle-in-a-
haystack problem. Hence an exhaustive search will
take inordinate time. Second, our objective function
is to maximize the P_ Avg value for a given query
or a set of queries (routing task or consensus
search task)>. This is the most utilized objective
function in IR studies. From Eq. (2) it is clear that the
objective function is discrete in nature. GA does not
require that the objective function be continuous in
nature as long as it can differentiate good solutions
form bad ones.

For comparison purposes we will also use simu-
lated annealing (SA) technique [18] to search for the

2 To be explained later in the paper.

weights in our model. We will report comparative
results obtained by GA as well as by SA.

We now proceed to show how our method works in
real life setting.

3.2. Searching for new documents

A real life search for relevant documents follows
either of the two tasks: consensus search or routing
[30]. In consensus search the same expert matching
function is used for all types of queries issued to
the system. This is the typical scenario faced by
search engines where a search engine has very little
knowledge about the preferences of an individual.
Hence the expert matching function has to be
adapted for a set of queries or for the consensus.
One of the major benefits of consensus search is
that it fosters result-sharing among users [30].
Contrary to this, in routing task the expert matching
function is adapted to an individual query. For any
new retrieval for this particular query this adapted
expert matching function is used. This is the
scenario for a typical knowledge worker who
prefers search results to be tailored to his/her own
personal preference. Most current search engines do
not support such an advanced personalized search
feature.

We now show how our method of evolving
weights associated with expert matching functions
can be used in both the consensus search and the
routing task. Fig. 1 depicts how exactly the GA
process will be used. In consensus search task (part a
in figure) we will utilize just one GA process for all
the queries together i.e. we will evolve just one set of
weights which maximizes the retrieval performance
measures for all the queries put together. In contrast,
in the routing task (part b in figure) we will utilize the
GA process for every individual query for which
routing is preferred and thus evolve a personalized set
of weights for the individual query.

We now show how the evolved weights in Fig. 1
can be used to retrieve new documents for either the
consensus search or the routing task. The process is
described in Fig. 2.

First we calculate the retrievals status values for
each document for each expert matching function (S,
S, in the figure). Then we combine these scores using
the weights obtained from Fig. 1. If we are looking for
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GA Evolve one set Consensus

Process of weights Search

a) Evolving Weights for Consensus Search

GA Process H Evolve weights for each query‘

‘ Query ZM GA Process H Evolve weights for each query‘

‘ Query BH GA Process H Evolve weights for each query‘

‘ Query nH GA Process H Evolve weights for each query‘

b) Evolving Weights for Routing

Fig. 1. Evolving weights for consensus and routing tasks.

consensus search then we use the consensus weights ment cut off value which means the number of
or else the routing weights. The combined score CS is documents the user is willing to see.

used to rank the new documents in the decreasing The next section describes the experiments we
order of the score. The top DCV number of documents carried out to test our methodology on a large
are presented to the user. DCV stands for the docu- document collection with real user queries.

New

documents

for retrieval
Get weights (W1, W2 etc.)

for each MF Joutput of the GA
process (Consensus search or
routing)]

Calculate matching score (S, S,
etc.) for each document for each
individual expert MF (as is
normally done)

\/

Combined Score (CS) “
for each document = Z WiS;
(n = number of expert =l

MF)

’Rank Documents According to CS‘

l

’ Present documents in decreasing order of CS‘

MF = Matching Function

Fig. 2. New document retrieval.
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4. Experiments

In this section we describe the experiment we
carried out to test the viability of our methodology.
First we start with description of the expert matching
functions we used for combinations. Then we describe
the data used in the experiments, the fitness functions
used to train our GA, and finally a detailed description
of the training, validation, and testing phases used
during the genetic process.

4.1. Expert matching functions

Although a variety of expert matching functions
have been tried in literature as mentioned in the
introduction section, the content based matching
functions are still quite dominant in their retrieval
performance [12,13]. We decided to use four very
well known content based matching functions as
experts in our experiments. They are Okapi BM 25,
Okapi BM2500, Pivoted TFIDF, and INQUERY
[9,34]. Their choice was motivated by the fact that
these experts have performed very well in the recent
TREC evaluation studies. More details about these
functions can be found elsewhere [9,34].

4.2. Data for experiments

We used the standard 10 GB Web Track collection
from recent TREC 9 and TREC 10 conferences
[12,13]. The same collection has been used exten-
sively to evaluate various web-based information
retrieval systems. Because our framework utilizes
machine learning techniques, we use the residual
collection method [32] to divide the entire data into
three parts: training (50%), validation (20%) and test
data (30%). The training data, along with the
relevance information for queries is used by the GA-
based system to generate a set of ‘“candidate”
weighting schemes. The validation data is used to
choose the candidate scheme that has the best
generalization capability for new data. The perform-
ance comparisons of all systems are based on the
results on the test data only.

There are 100 topics provided in TREC 9 and 10
web track. Since 12 of these queries do not have any
relevant documents in either the validation data set or
the test data set, we exclude them and use the rest 88

queries as the test queries for our experiments. All of
these 88 queries have their relevance information
available.

DCYV (document cut-off value) was set to 1000 i.e.
the user is presented with top 1000 documents. This is
the standard value used in TREC experiments. The
fitness calculations and other performance measures
are based on the top 1000 document retrieved.

4.3. Fitness functions used

To evaluate the impact of fitness functions on our
methodology we use three different order-based
fitness functions [23] in our experiments: P_ Avg,
CHK, and DCG. These have been used in other
evaluation studies of fitness functions [6,24,25].
Order based fitness functions take into account not
only when the relevant documents are retrieved but
also the order in which they are retrieved and
presented to the user. For example if we retrieve just
50 documents and only 2 of these are relevant.
These relevant documents could be document
number 1 and 2 in the order or they could be
document 49 and 50 in the order. The order based
fitness functions give greater importance to the
former case when relevant documents are retrieved
earlier in the order.

P_Avg is the most widely used fitness function
(and performance measure) in IR. It is defined as
shown in Eq. (2).

The CHK fitness function [6] is defined as follows:

D] D]

Fitness_CHK = ﬁ Z <V(di)* Zl> (3)
i1

=

The notations used are same as in Eq. (2).
The DCG fitness function [16] is defined as
follows:

Fitness_ DCG = DCGi]

N
1

3

1, i=1

DCG[i] = {DCG[i — 1]+ 1/logi, otherwise “)

where N is the total number of retrieved documents.
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4.4. Training, validation, and testing phases

The experiment is conducted in three phases. In the
first step, the training data is used to train the weights
associated with the chosen expert systems. The
validation phase is used to choose the best weighting
scheme that generalizes well on the validation data
set, while in the test phase we apply these weights on
the test data set. Details of the three phases are given
in Fig. 3.

Training phase uses the training data. It starts with
the generation of random weights associated with
each of the four expert matching functions for all of
the chromosomes/individuals in the population. A
sample chromosome/individual in the population is as
given in Table 1. A chromosome is a series of four
real numbers in the range —1.0 to 1.0. Each of the real
number in the chromosome is the weight associated
with an individual expert matching function.

We chose population size (the number of chromo-
somes in each generation) to be 75 after doing some
preliminary exploratory analysis. The fitness of each
individual is calculated using the chosen fitness
function and the individuals are sorted in the
decreasing order of their fitness values. We store the
top 10 individuals for later analysis. We chose three
different fitness functions (discussed later in the

» Training Phase

Table 1
Sample chromosome

Chromosome weights 0.3937  0.8032 —0.2927 —0.8429
Associated expert Okapi  Okapi Pivoted INQUERY
matching function BM 25 BM2500 TFIDF

paper) to evaluate the effect of fitness functions on
our methodology.

The next step is to perform genetic modifications
to generate a new population. We copy the top 15% of
the individuals in a generation into next generation.
The remaining 85% individuals are selected using
tournament selection. The crossover rate is chosen as
70%. We use Blx _alpha crossover operator as it has
proved very effective in other evaluation studies with
real-valued genes (components of chromosomes or
individuals) [10,14]. In this crossover method the idea
is to first get the maximum (¢ nax) and minimum (¢ i)
of the current parents for each of the fitness functions.
Letting /=(¢max—Cmin) the crossover is to randomly
select a child from the [¢cpin— & *1, ¢pmaxt & *I] Where
a is the crossover rate. Mutations are performed by
introducing Gaussian noise in randomly selected
(according to mutation rate of 15%) genes. Training
was done for 30 generations. The parameters involved
in genetic operations (the elitist rate, crossover rate,
mutation rate, and the number of generations) were

— Generate initial random weights for the population
— Repeat the following for 30 generations

« Evaluate each individual’s fitness

+ Sort the individuals in decreasing order of fitness

« Store the top 10 individuals for later analysis

» Perform Genetic Modification to get new population
— Selection, Reproduction, Crossover, and Mutation

— We have stored 300 individuals (10 times 30) at the end of training

phase
» Validation Phase

— Apply the top individual in each generation on the validation dataset

and note the fitness

— Choose the best performing individual to be tested on test dataset

* Test Phase

— Apply the individual chosen in the validation phase on the test dataset
— Calculate performance measures (P_Avg and P_10)

 Calculate performance improvement over chosen expert

functions

Fig. 3. Training, validation, and test phases.
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chosen after initial exploratory analysis. We carried
out each step using 5 different random starting seeds.
The results reported are for averages of these runs.

At the end of the training phase we have
information about 300 individuals (as stated earlier
we stored top 10 individuals in each of the 30
generations).

The next phase is the validation phase. In this
phase we use the information from the training phase.
For each of the 300 individuals available, Eq. (1) is
used to calculate RSV for each document in the
validation data set. The documents are arranged
according to RSV and the fitness of each individual
is calculated (with DCV of 1000). The best performing
individual on the validation data set is used in the test
phase.

The last phase of the experiment is the test phase.
Test data set is used in this phase. We use the chosen
individual from the validation phase. Eq. (1) is used to
calculate RSV for each document in the test data set.
The documents are arranged according to RSV and the
performance measures are calculated (with DCV of
1000). We use the two performance measures P_ Avg
(Eq. (2)) and P_10 discussed on pages 8 and 9 for
reporting our results.

At the end of the test phase we will compare the
performance results obtained by our methodology
with those obtained by the standalone expert matching
functions.

It is to be noted that the training and validation
phases together constitute the ‘GA Process’ men-
tioned in Fig. 1. Thus if we are interested in the
consensus search we would use the training and
validation phase just once. In this scenario the fitness
values used to train the GA will be the average of the
fitness values over all the queries. At the end of the
GA process we would have a set of weights that will
be used (in Fig. 2) to retrieve new documents for any
query. On the other hand, if we are interested in
personalized search or routing then we would use the
training and validation phases on each query. Thus we
will have a set of weights tailored for each query.
These personalized weights will be used (in Fig. 2) to
retrieve new documents for that particular query.

It can be argued that the worst the GA can do is to
match the performance of the best matching function
as this will mean GA will assign a weight of 1.0 to the
best matching function while assigning 0.0 as the

weights for the remaining matching functions. This is
true for performance on training dataset as the weights
are evolved on the training dataset. But the real test of
our methodology is the retrieval performance on the
test dataset. So it is not necessary that GA should
match the performance of the best matching function
for the test dataset.

For comparison purposes in addition to the GA
process, we trained the weights using simulated
annealing (SA) technique as well. We will report the
performance measures obtained by SA and compare
those with the measures obtained by the GA process.

5. Results and discussion

In this section we report the result of the experi-
ments carried out in the last section. We first report
results for the routing task in retrieval.

5.1. Results for routing task

As stated earlier, for routing task the weights have
been evolved separately for every query.

Table 2 shows the performance comparisons for
the routing task using P_ AVG fitness function. Two
performance measures have been reported (P_Avg
and P_ 10) for each of the individual expert matching
functions, and also for our GA based system and for
simulated annealing (SA) based system. The numbers
reported are the averages across all queries. It was
noted that there were no significant outliers in the

Table 2
Performance comparisons for routing task with P_AVG fitness
function

Method Performance measures
P_AVG Performance P_10  Performance

improvement improvement
by GA based by GA based
system (%) system (%)

GA based 0.2767 0.2966

Linear Mixture

Pivoted TFIDF ~ 0.1736 59 0.2080 43

INQUERY 0.1749 58 0.2227 33

Okapi BM25 0.2247 23 0.2420 23

Okapi BM2500  0.2397 15 0.2602 14

SA based 0.2402 15 0.2613 14

Linear Mixture
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data. The table also reports the improvements in
performance measures obtained by our GA based
system over the other methods. We notice that our GA
based system outperforms any of the individual expert
matching functions on both the performance meas-
ures. In fact the performance improvements over
Pivoted TFIDF, INQUERY, and Okapi BM25 are of a
significantly large magnitude (ranging from 23% to
59%). Our system also outperforms the best of the
individual expert matching functions, the Okapi
BM2500. We conducted paired ¢-tests and found that
the differences in performance results between our
system and any of the individual expert matching
functions are statistically significant (at »<0.05). This
is a significant result because as noted earlier some
other studies [35,36] could not generalize well on
unseen test document data sets with more than two
expert matching functions. In fact although the earlier
noted systems trained well on training data sets, they
could get performance measures on the test data sets
that were only as good as those obtained by the
second best expert. Looking at the results for the
system based on simulated annealing we note that the
SA system could get results that matched the best
expert matching function. Thus our approach of linear
combination of retrieval status values obtained from
expert matching functions can work with techniques
other than GA and still get results that are at least as
good as the best individual expert matching function.
However, utilizing the GA-based system, we signifi-
cantly outperformed even the SA based system for
routing tasks. We now look at the results for the
consensus search task.

5.2. Results for consensus search task

Table 3 shows the performance comparisons for
the consensus search task using the P_ AVG fitness
function. As in Table 2 we report the P_ Avg and P_10
performance measures.

The numbers reported here are the average values
obtained across all the queries. As we did in routing
task, in consensus search too we note that our GA
based system performs significantly better than any of
the individual expert matching functions, with
improvements ranging from 9% to 51% in P_ Avg
and from 4% to 31% in the P_10 performance
measure with the paired #-tests again indicating that

Table 3
Performance comparisons for consensus search with P_ AVG fitness
function

Method Performance measures
P_AVG Performance P_10  Performance

improvement improvement
by GA based by GA based
system (%) system (%)

GA based 0.2617 0.2716

Linear Mixture

Pivoted TFIDF 0.1736 51 0.2080 31

INQUERY 0.1749 50 0.2227 22

Okapi BM25 0.2247 16 0.2420 12

Okapi BM2500  0.2397 9 02602 4

SA based 0.2387 10 02591 5

Linear Mixture

all the differences are statistically significant at
p<0.05. As in routing task, in consensus search too
the SA based system could do only as well as the best
individual expert matching function. The slight drop
in performance for the SA based systems from the
performance of the best matching function Okapi
BM2500 is not statistically significant. However, the
GA based system still outperformed the SA based
system with statistically significant differences.

An interesting observation can be made about the
drop in performance when we move from the routing
task to the consensus search task. From Table 2 and
Table 3 we observe that the performance of our GA
based system reduces from 0.2767 to 0.2617 (5.4%
drop) on P_Avg and from 0.2966 to 0.2716 (8.4%
drop) on P_ 10 performance measures. In the routing
task the weights in our system are adapted for
individual queries while in consensus search task just
one set of weights is evolved for the complete query
set. Hence the adapted set of weights in consensus
search task may not be individually optimal for
individual queries. However, we see (from Table 3)
that our method of evolving just one set of weights for
the consensus search task still outweighs the perform-
ance of individual expert matching functions.

5.3. Effect of different matching functions

Since our GA system needs to use a fitness
function for training, we wanted to test the effect of
fitness function on performance. Table 4 lists the
performance measures (P_ Avg and P_10) obtained
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Table 4
Effect of fitness functions on performance

Fitness functions
P_AVG CHK DCG

Performance P_Avg 0.2767 0.2747 0.2737
measure P_10  0.2966 0.3034 0.3068
Consensus Performance P_Avg 0.2617 0.2550 0.2612
Search measure

Task Routing

P_10  0.2716 0.2591 0.2534

while using P_ Avg, CHK, and DCG fitness functions
respectively. The numbers are noted for both the
routing task and the consensus search task.

It can be observed from this table that the
performance does not vary by much (maximum
variation of 2.6%) when the performance measure is
P_ Avg. The variation is a little more (maximum range
of 6.7%) when the P_10 performance measure is used.
P_10 measure captures the information of how many
relevant documents are found in the top 10 retrieved
documents. Hence when we are interested in retriev-
ing very few documents, it might be useful to select an
appropriate fitness function as the choice can mean
increased retrieval performance. But when we are
interested in retrieving a lot of documents and using
P_Avg as the performance measure, then any well
known fitness function can be used.

6. Conclusion

In this paper we proposed a new genetic algorithm
based data fusion approach in IR. It is based on
combinations of retrieval status values obtained from
different expert matching functions. The weights
associated with combinations are evolved using
Genetic Algorithms. We found that our method
produces retrieval performance that is better than any
of the individual expert matching functions used. We
see a number of contributions of this research:

O Our method is independent of the individual
expert matching functions used. There is no
restriction on the form of the matching function.
All that is required of a matching function is that
it produces a retrieval status value for a docu-
ment. This is a very useful property because IR
researchers have developed a variety of matching

functions like structure based, content based, and
link based matching functions which have com-
pletely different underlying structure. Current
data fusion techniques tend to exploit this under-
lying structure of the matching functions which
makes them restrictive in use and suitable only
for certain types of matching functions. Our
method can seamlessly incorporate any matching
function with any underlying mechanism.

O Our method is scalable. There is no restriction on
the number of expert matching functions that can
be used.

O Our method works well for both the consensus
search task and the routing task in information
retrieval.

O Our method can incorporate any of the three
well known fitness functions while evolving
the weights associated with expert matching
functions.

We see a number of exciting opportunities for
further research in this area of research.

O Currently, we use four well-know expert match-
ing functions in our experiment. Although these
functions have very good retrieval performance,
there maybe other high-performing matching
functions that are yet to be discovered and later
combined using our methodology. Fan et al. [6,7]
have used genetic programming technique to
successfully discover even better matching func-
tions than the baseline expert matching functions
used in this study. It would be interesting to see
the incremental effects of combining these new
ranking functions in our mixture of experts
approach.

O Another direction worth exploring is the inclu-
sion of matching functions that leverage the
structural and semantic information available in
HTML and XML document collection. As
mentioned earlier, all four expert matching
functions used in this paper are based on content
information only. It would be interesting to see
whether the inclusion of new types of matching
functions provide any additional benefits in
retrieval performance improvement.

O This paper has explored linear mixture of expert
matching functions. It would be interesting to see
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if a general polynomial form function can be used
for combinations.
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