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Abstract

This paper deals with flexible information
retrieval. A method of partial relevance
feedback is presented. Users give partial
preference to document retrieved by the
system. Experiments carried out on the
TREC10 test collection showed the
effectiveness of the method.
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1  INTRODUCTION

The objective of Information Retrieval (IR) is to
retrieve relevant documents in response to a user
need [16] [19]. This need is expressed as a query
through keywords or terms in natural language.
However, it is often difficult for users to express
their needs since they have a vague or imprecise
idea of what they want. It is usually easier for them
to assess documents retrieved by the initial query.
Relevance feedback methods have been proposed
for this purpose for different IR models
(probabilistic, VSM, connectionist) [14], [10],
[15], [5]. Most of these methods consider the
relevance concept as binary. The user marks the
documents she/he considers as relevant (the others
are considered as nonrelevant). Terms extracted
from relevant documents are added to the new
query. However, the relevance cannot be
considered as binary, it is rather dynamic and
partial [13], [17], [18], [11], [12].

Our work focuses on relevance feedback (RF) and
particularly on partial judgements. We consider
that a binary judgement in RF leads to generating a
wrong query. Indeed a document which seems
partially relevant to the user can be assigned to
either the relevant or nonrelevant set of documents.
This assignation may bias the constructed final
query. For example, a document which seems
partially relevant is assumed to be relevant as the
user’s choice of judgement is limited. As a
consequence of this assignation, terms of this
document may appear in the final query. The
problem is that these terms may actually appear in
the non-interesting part of the document. Our goal
is to avoid such a mistake and to model and
interpret the partial judgements of users through
fuzzy logic. We choose fuzzy logic as it well
known that it gives a framework that can handle
uncertainty and vagueness. Uncertainty and
vagueness are intrinsic to the whole process of
information retrieval.
This is to be discussed along with motivation and
methodology in section 2. In section 3, we give an
overview of the experiments we carried out on the
TREC collection and conclude in section 4.

2 PARTIAL ASSESSMENTS IN
RELEVANCE FEEDBACK

In IR, fuzzy set methods [22] provide a framework
for modelling flexibility and handling vagueness
and uncertainty which are intrinsic to information.
The flexibility is expressed through different
processes of IRS. It has been applied to flexible
queries and document representation and to a
flexible evaluation when matching queries with
documents [1], [2], [3], [9]. Systems do not only
retrieve documents of which the representation
corresponds exactly to the query but also
documents that match the query partially. We
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extend this idea by giving the user the possibility
to assess documents that are partially relevant.
Instead of giving judgement on document parts
such as the title, section etc, the user judges the
whole document, giving partial relevance.
Assessments are done using linguistic quantifiers.
We first translate these judgements using the fuzzy
approach and then build a new query that is
submitted to the system.

2.1 PARTIAL ASSESSMENTS

Usually, in Classical Relevance Feedback (CRF)
method users are asked to judge documents in two
degrees of relevance (relevant/nonrelevant). A new
query is built by adding terms extracted from
relevant documents with weights higher than in the
nonrelevant ones. For example, in the VSM [14],
the new query is obtained as follows:
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where:
Q’ is the new query,
Q the initial query,
np (respectively nnp): the number of
relevant (respectively nonrelevant)
documents,
Dp (respectively Dnp): the relevant
(respectively nonrelevant) document
representation,
α,β,γ: constant.

We propose a new algorithm for query expansion
based on partial judgements of retrieved
documents. We introduce three levels of
judgements: ‘Very Relevant’ (VR), ‘Relevant’ (R)
and ‘Not Relevant’ (NR). These linguistic levels
are then translated in a mathematical way. We
define three fuzzy sets: VR, R, NR representing
the relevance levels.
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D: documents of the collection,

d: document representation.
The degree of membership of a document
to a relevance level is binary: since we
totally trust the user’s assessment. Then:
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This first step is to formalise the document
judgements; the second is to transfer them onto the
terms occurring in these documents. The objective
is to build the new query with the best couples
(term, weight).

2.2 NEW QUERY BUILDING
The new query is built by considering the terms
extracted from the judged document and the
judgements of these documents

We define the document representation as a
membership function (a term occurs in a document
at a certain degree of membership):
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Once the user gives her/his judgement, we extend
the document representation to a judgement-based
document representation. Therefore, we define a
binary relation which indicates the importance of a
term t in a document d of judgement j:
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where:
J=�VR, R, NR�,
T: collection terms,
d: document representation,
t: represents a term,
T: total collection terms.

( ) ( )tjt ddi µαµ ∗=, ,
α depends on the level of relevance decided by the
user and by the membership function of a term to



different levels of relevance. It is a constant
number obtained in an experimental way.

Figure 1 Membership functions of the three
relevance levels

The graph above illustrates the relevance levels.
We assume that VR document means that most of
its terms are VR, these terms are called VR terms.
A document is R if at least between 60% and 90%
of its most representative terms are R and NR
document is a document in which not more than
10% of its terms are relevant [6]. This assumption
gives the value of α.

In order to measure the µd(t) we extended [7] the
term weight formula used in the Mercure IRS [4].
This formula is as follows:
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Where:
µd(t) =dij

ijd : link weight between term it  and document j ,

ijtf : frequency of occurrence of term i in document
j,

in : number of document containing the term it ,

jdl : width of document jd ,
N: number of documents of the collection,
h1, h2, h3, h4: constant parameters

Knowing this, a given term may belong to VR, R
or NR documents. The final weight of this term is
aggregated either by OWA operators [21] or the
Maximum/Minimum pair. We choose the

Maximum/Minimum pair aggregation operation.
We define two classes:

- the relevance levels VR and R define the
class of positive terms,
- the class of negative terms is defined by
the relevance NR.

The final weight of a term Wt is calculated as
following:

( )( )jtMaxW dit ,µ=  , if t∈ VR∨ R
( )( )jtMinW dit ,µ=  , if t ∈ Positive ∧ NR.

At this stage, a list of all terms occurring in all the
judged documents is produced. Usually only X=20
top terms are selected as a final query. We choose
to process only one feedback iteration.

3 EXPERIMENTS AND RESULTS

The goal of the experiments is to evaluate the
effectiveness of the partial judgement in query
expansion. These experiments are carried out on
TREC10 test collection provided by TREC
programme [20]. This collection contains
documents (10 Go of texts), queries (50), and
relevance judgments (which documents are
relevant to the query). TREC 10 collection
provides three relevance levels expressed through
numbers (0,1,2).
In order to evaluate the effectiveness of the
proposed method called Fuzzy Relevance
Feedback (FRF), we compare this method to the
Classical (binary) Relevance Feedback (CRF)
presented in section 2.1.
The experiment is done as follows:

For each relevance feedback methods
- For each query

o submit the query to the IRS (we
used our local IRS system called
Mercure [4])

o the system returns 1000 documents
o the top 12 documents are judged

according to the considered RF
method

o a new query is then built according
to the considered method

o this query is submitted to the IRS
which returns a ranked list of 1000
documents.

Thus, at the end of the experiment two lists of
1000 documents are selected for each query. One
list is the result of FRF and the other is the list of

1

VR:Very
Relevant,
R: Relevant,
NR:
NonRelevant.NR R VR



CRF. These lists are then evaluated using the
standard measure precision developed in IR
domain and mostly used in TREC programme
[20]. Eight precision measures noted P5, P10, P15,
P20, P30, P100, P1000 and AvgPr were used in
our experiments. Pn (n=5, 10, …,1000) is  the
precision at n documents, it is measured as follows
Pn= r/n. Where, r: Number of relevant document.
n: Number of retrieved documents which are kept.
AvgPr is the average precision at the two related
documents.

Notice that the precision values listed in the
different tables and figures are the average
precision computed on the 50 used queries.

Figure 2 shows the precision curves, at different
points Pn .
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Figure 2 Precision curves for the two methods

The proposed method improves the classical
method with two main important results:
i) the retrieved list is always better Pi
ii) the best documents are in the top of the

retrieved-document list.

Table 1 shows the different values of Figure 2. The
fourth line indicates the improvement measured
by:

RVi = ( )( CRFFRF PiPi − *100),

Table 1 Precision values

P5 P10 P15 P20 P30 P10
0

P100
0

Avg
Pr

CR
F

0.32
89

0.29
11

0.26
07

0.24
56

0.21
78

0.12
96

0.035
2

0.108
7

FRF 0.34
67

0.30
67

0.27
85

0.25
44

0.22
81

0.13
73

0.038
0

0.118
2

V.R
*

5.41
19

5.35
89

6.82
77

3.58
30

4.72
91

5.94
13

7.954
5

8.739
6

*V R:. Variation rate ( %) ,
AvgPr: Average Precision.

Where:
RVi is the variation at precision point i ,

CRFFRF PiPi ,  are the precision at point i of
FRF and CRF respectively.

The second experiment compares the FRF to the
initial search, i.e. the search performed by the
initial query. The goal is to measure how well the
partial judgments are benefit comparing to “no
feedback”. The evaluation method that has been
used is called the residual ranking evaluation [8].
In this method the documents that have been seen
(judged) are dropped from the both lists (feedback
and no feedback) of retrieved documents.
Precision measures are then computed. This
method tells us how much we gained by doing the
feedback comparing to the initial search. Figure 3
compares the FRF, named feedback in the figure,
and the initial search.

Precision   Curves

0
0,05
0,1

0,15
0,2

0,25
0,3

0,35
0,4

 P5 P10 P15 P20 P30 P100 P1000

feedback initial

Figure 3. Precision curves for the two methods



As expected, the feedback curve is definitely
higher for the points 5, 10, 15, 20, 30.

4 CONCLUSION

The work presented in this paper introduces partial
relevance in the process of relevance feedback. A
users’ partial preference is close to human
reasoning. When users have several levels, they
can easily make choices to assign documents to
relevance levels which best match their idea and
perceptions of the documents. Elements of fuzzy
logic give an adequate framework to handle these
partial judgements. Experiments undertaken on
TREC collection show the effectiveness of the
approach. A false judgement on a document entails
generating a false query and therefore decreases
the system’s performance. The next work will give
users the possibility to judge documents relatively,
so as to express that documents d1, d2 are relevant
but d2 is better (more relevant ) than d1.
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