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Collection selection and result merging are two major sub-problems in the field of distributed 
information retrieval (DIR). Computing cost, retrieval precision and retrieval recall are three main 
evaluation indexes in DIR. This paper develops a multi-variable quantitative partial differential equation 
(PDE) model, linking collection selection method and result merging method with cost, precision and 
recall indexes. The model is inspired by the Laplace equations, and can be applied more generally to 
interactions between these variables in order to uncover how the different methods of collection 
selection and result merging influence the three evaluation indexes of the DIR. Experiments are then 
conducted to determine the empirical and practical evaluate performance of the model. Experimental 
results on 50 topics of TREC indicate that the multi-variable PDE model of evaluation in DIR has a good 
performance and is a practical alternative. 
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INTRODUCTION 
 
With the rapid development of the Internet, digital 
libraries and other information source, data items are 
spreading worldwide in special distribution and hetero-
geneous resource in data structure. How to present 
quickly what a user needs from the “information ocean” 
with lower cost, higher precision and higher recall from 
the distributed information resources is a challenging 
issue. Within the information retrieval community, the 
problem of retrieving data items from a set of collections 
distributed in different servers, which are retrieved using 
different information retrieval (IR) systems with 
heterogeneous data structure, is referred to as distributed 
information retrieval (DIR). 

The problem of DIR can be broken down into three 
major sub-problems as explained in the following steps:  

 
Step 1: Collection selection (the first step), is to choose 
the order in which the collections will be searched or 
alternately to choose a subset of  the  collections  charge  
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for search.  
Step 2: Sending the query and collecting the results (the 
second step), is to forward the user’s query to the 
selection collections. After each resource has retrieved a 
group of documents in individual text database with 
individual server, the DIR system collects the individual 
results from each of the selected collections.  
Step 3: Resulting merging (the finally step), is to merge 
all those results retrieved into a single coherent list to be 
presented to the user. 
 
A great deal of work has been done on these individual 
sub-problems, most of which separately focused on one 
side of the DIR. In fact, there is a dearth of research 
regarding the evaluation of DIR from the point of the 
holistic process, combining collection selection with result 
merging sides. The related work falls into two categories: 
(1) methods proposed for collection selection; (2) 
methods proposed for result merging.  
 
 
Collection selection methods 
 
However,  some  classical  collection  selection   methods  



 
 
 
 
were investigated. The Collection-Retrieval-Inference 
(CORI) applies inference networks for collection 
selection, using DF (document frequency, the number of 
times a documents occurs in a collection) and CF (the 
number of collections contained in the document), which 
is a modification of an INQUERY document ranking 
method (Callan et al., 1995). Some other approaches, 
such as decision-theoretic approach, consider word 
counts and merely utilize the summarized similarity of 
documents as a usefulness measure (Fuhr, 1999). The 
Cue-Validity-Variance (CVV) collection ranking method 
was based on the combination of document frequency 
and cue validity variance of query terms (Yuwono and 
Lee, 1997).  

More discriminate between the collections, is that the 
higher CVV terms contribute more to the score. Gravano 
et al. (1999) proposed the GIOSS (Glossary-of-Servers 
Server), as an approach to the resource selection for the 
Boolean information retrieval (IR) model and it was 
generalized as gGlOSS for any information retrieval 
model. The GlOSS /gGlOSS ranks collections according 
to their goodness for the submitted query, and sums the 
similarities in order to get the collection score (Gravano et 
al., 1999). 

On the other hand, some resource selection methods 
based on language model work with a database as a 
“virtual document” by concatenation of all its documents 
and a simulation of the document retrieved. Additionally, 
methods based on pseudo-relevance feedback, com-
bined the statistic of term frequency and language model 
(Chernov et al., 2007). Peers ranking and final 
documents ranking are refined with the use of pseudo-
relevance feedback from the best peer in the preliminary 
peers ranking. 

Moreover, a multi-object mode for resource selection 
considered a document’s relevance to the given query, 
time, monetary cost and chance of getting document 
duplicates from resources simultaneously (Wu and 
Crestani, 2003). Central-rank-based approach (Shokouhi, 
2007) proposed a new collection-selection method based 
on the ranking of downloaded sample documents for 
collection selection in uncooperative distributed infor-
mation retrieval, with the assumption that all collections 
are using the same retrieval model with equal effect-
tiveness. It was put forward that mapping users queries 
into the controlled indexing vocabulary and employing the 
controlled indexing vocabulary, would achieve perfor-
mance gain for resource selection (French et al., 2001). 
Moreover, a set-covering-based approach for overlapping 
resource selection for DIR was introduced (Wang and Ju, 
2009). 
 
 
Result merging methods 
 
This paper reviews a few representative result-merging 
methods. A number of combination techniques which 
include  operators  like  Min,  Max,  Ave,  CombSum  and  
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CombMNZ were proposed (Fox and Shaw, 1994). Result 
merging, with six different servers, were further focused 
on and it was proven that CombMNZ worked best, 
followed by Comb Sum, while operators like Min and Max 
were the least (Lee, 1997). Several data fusion methods 
using Bayesian inference, Borda fusion and Condorcet 
fusion were introduced (Aslam and Montague, 2003). 
Multiple regression models were used in the result 
merging algorithm (Paltoglou et al., 2007). In addition, 
other methods were put forward, including the use of 
linear regression analysis and shadow document 
merging. For result merging, there is an overlapping 
existence between different results in a distributed 
information retrieval system (Wu and McClean, 2007). 

The methods described in the literature can be used to 
model one sub-side of DIR, but may not be suitable for 
modeling the evaluation of the integrated process of DIR. 
PDEs model is scarcely used in DIR field. The goal of our 
research effort is to determine a technique to evaluate 
the integrated efficiency and effectiveness of distributed 
information retrieval.  

An important step in the process is the synthetic 
evaluation model. A candidate design model for this 
research is the partial differential equations (PDEs) 
evaluation model, with several basic mathe-matical 
problems involved in. This paper was organized as 
follows: firstly, the review of related work. Secondly, the 
establishment of multivariable partial differential 
equations model for DIR. Finally, the presented work and 
future research were discussed. 
 
 
PDE MODEL FOR EVALUATION OF DIR 
 
Train of thought 
 
Generally speaking, Partial differential equations (PDEs) 
have many kinds: such as first-order, second-order to 
higher-order PDEs; linear, quasi-linear, semi-linear and 
none-linear PDEs, continuous and discrete PDEs. On the 
one hand, PDEs occur in technical computing fields 
widely in physics, image processing, engineering design, 
financial and material fields. Examples of such are in 
Control of a flexible two-link manipulator (Zhang et al., 
2005) and in image processing (Tony et al., 2003). On 
the other hand, PDEs were hardly used in the information 
retrieval field. Azzopardi (2008) analyzed the multi- 
variable Bernoulli models against the popular multinomial 
model by specifically examining the differences between 
the models and how these affect the retrieval 
performance both in terms of efficiency and effectiveness 
(Losada, 2008). 

We focus on the demonstration of new strategy for the 
evaluation of DIR. Laplace's equation is a partial 
differential equation named after Pierre-Simon Laplace 
who was the first to studied its properties. The solutions 
of Laplace's equation are important in many fields of 
science, notably the fields of electromagnetism,  astronomy, 
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Evalua tion of DIR 
U(X,Y) 

Collection selection 
X(c,p,r) 

Result merging 
Y(c,p,r) 

Variables cost(c ) 
Precision (p)  reca ll
(r) 

Variables cost (c) 
Precision (p) reca ll
(r) 

X and Y are discrete 
variables and inter-

independent 

c, p and r are continous 
variables and inter-

dependent   
 
Figure 1. Evaluation variables in DIR. 

 
 
 
and fluid dynamics, because they describe the behavior 
of electric, gravitational and fluid potentials. According to 
the DIR practice, we try to examine the Laplace's PDEs 
to develop an appropriate PDE model for distributed 
information retrieval evaluation, combining the collection 
selection with result merging sides. 
 
 
Hypothesis conditions of the model 
 
While modeling, some appropriate hypothesis is abso-
lutely necessary. To this distributed information retrieval 
practice, we have some hypothesis conditions as follows: 
 
(1) Collection selection and result merging are two 
independent sides. 
(2) Different methods, either on collection selection side 
or on result merging side, are independent and discrete 
each other. 
(3) The three variables, cost, precision and recall of one 
sub-problem in one retrieval time, are dependent and 
continuous. 
 
 
Formulation of the PDE model 
 
Here, firstly, both sides of database selection and result 
merging jointly affect the cost, precision and recall 
indexes in a course of DIR. So, we observed the two sub-
problems collection selection and result merging as two 
independent variables X and Y, respectively, of 
distributed information retrieval evaluation function 
U(X,Y); a function used to estimate the value or 
goodness of a set of resource selection and result 
merging algorithms in a completed distributed information 
retrieval process.  

Practically, different collection selection methods and 
different   result   merging    approached    have   different 

information retrieval cost, precision and recall. These 
implies that different X and Y will bring about different 
parameter c, p and r, which can be depicted as X(c, p, r), 
Y(c, p, r). The k is weighted parameter between sides of 
collection selection and result merging to DIR evaluation 
function marked as U(c, p, r). Figure 1 demonstrates the 
relationship between the variables in the evaluation 
process of DIR. 
 
The PDE model occurs as follow: 
 

0U∆ =                                                                     (1) 
 

2

1

n

i ix=

∂∆ =
∂�

                                                               (2) 
 
Here, Equation (2) is Laplacian. Therefore, to this issue, 
we get the following equation: 
 

2 2 2

2 2 2 0
U U U
c p r

∂ ∂ ∂+ + =
∂ ∂ ∂                                                     (3)  

 
The variables c, p and r are the related factors, which 
affect the evaluation of DIR via different collection 
selection and result merging methods, and k is the 
weighted parameter between contributions of X and Y to 
evaluation of DIR. Then the expressions are given as: 
 
U X kY= +                                                               (4) 
 

( , , )U U c p r=                                                             (5) 
 

( , , )X X c p r=                                                             (6) 
 

( , , )Y Y c p r=                                                              (7) 
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Table 1. Evaluation on Multi-variable PDE Model for DIR. 
 
Evaluation on proposed method CORI CVV gGlOSS 
Round-robin 0.8121 0.8405 0.8743 
ComMNZ 0.6174 0.6400 0.6511 
Bayesian 0.7896 0.8107 0.8536 

 
 
 
From Equations 4, 5, 6, the following multi-variable PDE 
model of evaluation in DIR can be obtain as: 
 

2 2 2 2 2 2

2 2 2 2 2 2( ) 0
X X X Y Y Y

k
c p r c p r

∂ ∂ ∂ ∂ ∂ ∂+ + + + + =
∂ ∂ ∂ ∂ ∂ ∂                     (8) 

 
Computationally, U(c, p, r), as given by Equations (4) - 
(8), can be determined only for an infinite number of 
terms. 
 
 
Boundary conditions 
 
The model is not an initial problem, but a boundary 
problem. The boundary conditions are as follows: 
 
(1) When the precision is zero either in collection 
selection process or in result merging process, the 
evaluation result U = U (p, c, r) is zero. The boundary 
conditions is given: 
 

( ,0, ) 0U c r =                                                             (9) 
 
(2) When the recall is zero either in collection selection 
process or in result merging process, the evaluation 
result is zero. Then boundary conditions are: 
 

( , ,0) 0U c p =                                                          (10) 
 
(3) When the cost exceeds set Cm value, the evaluation 
result is zero. Then boundary conditions are: 
 

( , , ) 0mU c p r =                                                            (11) 
 
 
Solution of the PDE model 
 
It is a problem of a discrete partial differential equation 
(PDE) model. The evaluation function U=U (p, c, r) will 
get some increment with the increase of precision, or 
recall, while with the decrease of computational 
complexity (computing cost). In addition, three evaluation 
items c, p and r are generally interrelated, for that 
increasing precision and recall is usually at the expense 
of computing cost, and precision and recall are seldom 
concurrently increased.  The  only  balance  between  the 

computing cost, precision and recall is optimal solution of 
the PDE model. 
 
 
EXPERIMENT DESIGN  
 
Experiment design 
 
The experiments are conducted on a Dell desktop computer 
equipped with a 2.60 GHz Intel Pentium Processor and 1.00 GB 
RAM. The experiments were based on TREC text collection 
including AP88, CR93, FR94, FT91-94, WSJ90-92 and ZF 50 
TREC ah hoc topics (251-300). The set of data used consisted of 
approximately 524,000 files. The information retrieval tool kit Lemur 
was used, which provides three options as retrieval models: Vector 
space, okapi and the language model. In addition, MATLAB 7.2 
was used to compute. The collection selection methods including 
CORI, CVV and gGlOSS and the result merging methods including 
Round-robin, ComMNZ and Bayesian (let parameter be 2.5) were 
focus in this experiment. Three measurements including average 
precision, recall and cost of methods for 50 topics of TREC were 
investigated. The following indicators evaluate the precision and 
recall: 
 

Pr
true positive

ecision
true positive flase positive

 =
 +                          (12) 

 

Re
true positive

call
true positive flase negative

 =  
 +                          (13) 

 
In Formula 8, parameter k determines the amount of weight 
assigned to collection selection and result merging. We used k = 1 
for equal weight of the two sub-problems. Here precision, recall and 
cost were given the same weight and we focused on the 
comprehensive performance of them in evaluating the experiment.  
 
 
EXPERIMENTAL RESULTS AND DISCUSSION 
 
The scores of evaluation by multi-variable PDE model 
were listed in Table 1. 

The experimental results, based on the proposed 
model used for evaluation, show that collection selection 
methods combined with the result merging method have 
a good comprehensive performance with Round-robin, 
but did not with ComMNZ. Moreover, result-merging 
methods combined with collection selection methods 
have a good performance with gGlOSS, but did not with 
CORI. Round-robin method for result merging combined 
with gGlOSS method for collection selection, outperforms 
others in DIR with highest evaluation score of 0.8743.  All  
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this is in accordance with the fact that Round-robin and 
gGlOSS have good performance in result merging and 
collection selection, respectively, and the model was 
proved reasonable. The consensus choice selection 
method was proposed based framework to evaluate the 
performance of cooperative information retrieval tasks of 
the multiple agents (Jung, 2009). The measure to com-
pare results of a distributed retrieval system to those of a 
centralized system was introduced (Witschel et al., 2008). 
They are not suitable to evaluate the performance of 
result merging and collection selection methods in DIR. 
Therefore, the proposed multi-variable PDE model is a 
practical evaluating model for DIR. 
 
 
Conclusions 
 
This paper investigates previous collection selection and 
result merging work in the distributed information 
retrieval, and the good use of partial differential equations 
in information retrieval field. Furthermore, the paper 
addresses the challenge issue of how to balance the 
evaluation indexes cost, precision and recall in the whole 
course of DIR, including collection selection and result 
merging models and algorithms. Laplace model was 
proposed to illustrate how the models and algorithms of 
the two main sub-problems (collection selection and 
result merging) in the distributed information retrieval 
codetermine the three evaluation items. Considering the 
weighted contribution of the two sub-problems to DIR 
evaluation, multi-variable PDE model of evaluation in DIR 
was deduced as follow: 
 

2 2 2 2 2 2

2 2 2 2 2 2( ) 0
X X X Y Y Y

k
c p r c p r

∂ ∂ ∂ ∂ ∂ ∂+ + + + + =
∂ ∂ ∂ ∂ ∂ ∂                     (8) 

 
This subject shows that PDE has a key role to play in 
addressing the real-world sub-problems in DIR. 
Experiments indicate that the method on multi-variable 
PDE model is a practical alternative to evaluate perfor-
mance in DIR. Some challenges for the future are further 
theoretical study on the variation and PDE models 
developed here, including the discussion on the existent 
conditions of solution for the model, discussion on the 
property of solutions, and to analyse the physics sense 
and related information from the equations. 
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