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Abstract—Automatic query expansion (AQE) based on Pseudo
Relevance Feedback (PRF) is a useful technique for enhancing
the effectiveness of information retrieval systems. In this article,
we propose the study of the behavior of a set of features based on
the query and the set of feedback documents in the aim to control
automatically the convergence of the query expansion process to the
pertinent set of documents. It is a new look for which is commonly
known in IR community as prediction of query performance or
query ambiguity. The results obtained show that is very interesting
to use these features as good predictors for any PRF methods.

Index Terms— Information retrieval, Automatic query expansion,
pseudo-relevance feedback, query performance.

I. INTRODUCTION

Information retrieval (IR) system aims to find documents that
are relevant to a user’s information need. In general, the user’s
information need is typically expressed as a query consisting of
a small number of words due to the difficult to formulate it by
the user. In fact, the user’s original query consisting of just a few
terms is too short to describe the information need accurately
leading to make answer really difficult and a poor coverage of the
relevant documents [1]. To overcome this limitation, the user’s
original query is augmented by new features with a similar mean-
ing which is commonly known in information retrieval commu-
nity as automatic query expansion (AQE). The main purpose of
AQE is to improve the retrieval effectiveness of document rank-
ing by understanding automatically the query and produce related
terms that are close to the original query [2]. AQE is based on
Feedback documents that can come from user relevance judg-
ments (relevance feedback, RF), the top retrieved documents for
the initial query (pseudo-relevance feedback, PRF), or even the
whole collection of documents or external resources such as the-
saurus or ontology (global feedback) [3]. One of the most popular
AQE technique inspired directly from relevance feedback is PRF
method. PRF [4, 5, 6,7, 8,9, 10] aims to learn the user’s require-
ments during a search session and by implicit user involvement
adapt the behavior of the retrieval process. The basic idea is to
reformulate the query such that it gets closer to the relevant doc-
uments by using the first documents retrieved in response to the
original query as a more detailed description of the underlying
query topic, from which to extract the most important terms to be
used as expansion features. Since PRF is an important technique
to improve the effectiveness of IR systems, it is widely proposed
and studied for various retrieval models [4, 5, 11, 12, 13] and still
attract the attention of IR community [14, 15, 6, 16, 17, 8].

The implementation of PRF methods always requires two
rounds of retrieval. In the first round, an initial set of documents
is retrieved with respect to an original query. And in the second
round, another set of documents is retrieved based on an expand-
ed query, which is generated by expanding the original query
with relevant terms selected from the previously retrieved doc-
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ument set. This second round could be repeated more than one
time, but the challenge is how to ensure the effectiveness of the
IR system at each time. In other word, we still perform the second
round of feedback while the IR system retrieves more and more
relevant documents. In the other hand, there have been interests
in applying machine learning and clustering methods to select
a subset of documents deemed representative of the subject of
the query from the feedback documents [16, 18, 19, 20, 21].
Although it is well observed that cluster-based PRF improves
effectiveness, however, it is interesting to reuse feedback docu-
ments more than once in order to bring more relevant and novel
information to the user.

For this purpose, in this paper, we estimate the effectiveness
of any PRF methods by studying the behavior of a set of fea-
tures. This set of features can help us predict the effectiveness of
PRF rounds and to avoid query drift. It is a new look for which
is commonly known in IR community as prediction of query
performance or query ambiguity [22]. The experimental results
show that the proposed features have significant correlation with
IR effectiveness in term of mean average precision. One of the
major issues in PRF is selecting the most appropriate feedback
documents to be used in the expansion phase. In our work, we
consider PRF based on documents clustering.

The remainder of this paper has the following organization.
We first give a background on pseudo-relevance feedback and
query predicting effectiveness in Section II. Section III focuses
on the formulation of the problem. Section IV and V present FPF
classification algorithm and the set of the proposed features. Sec-
tion VI proposes our study on how to predict the effectiveness of
any PRF method. The evaluations are presented in section VII
and we conclude this paper with a look at the future work in sec-
tion VIII.

IL

Pseudo relevance feedback learn from the top retrieved docu-
ments set to expand terms to the original query by assuming this
set of documents as relevant documents when there are no user
relevance judgments available. It is a significant technique in IR
and is proved to improve the average effectiveness of a number of
retrieval models for the past decades [14, 23, 24, 25, 26, 27]. But
can also fail, particularly for ambiguous queries [28] [29]. And, it
is observed in several works [18, 16] that the quality of selected
expansion terms from top ranked documents (which may contain
irrelevant information) have a strong effect on the effectiveness
of PRF methods. Thus, the major issues are selecting the most
appropriate documents from feedback documents. Clustering is
one of techniques adopting to improve PRF and to overcome this
problem. It is well studied in many researches [20, 19, 30, 31].
The main idea of clustering methods is to exploit the relationship
between documents of the top ranked list and to detect clusters
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with similar topics to the query.

In the other hand, estimating the quality of the retrieved doc-
uments set for a query is regarded as predicting the query per-
formance. It is an important and challenging task in IR research
[22, 32]. The central goal of this field of research is to identify
features that can be used for predicting query performance. These
features are categorized into pre-retrieval methods and post-re-
trieval methods [33].

Our work is between the field of PRF methods and the field
of query performance prediction. Through this study, we want to
identify a number of post-retrieval features to guide the evolution
of any PRF method in the case where it is performed more than
once which means if the first pass of PRF retrieve more relevant
document (according to features) we perform another pass and so
on. But, once no more relevant documents retrieved we stop the
process of PRF.

III. PROBLEM FORMULATION

Let be an IR system R with any information model. For any
given query Q and a document collection C, R returns a ranked
list of documents L. Any PRF method assumes that the set S con-
taining the N top-ranked documents of L are relevant and uses
them to enhance the IR effectiveness by adding to the original
query terms derived from these first N documents. Due to the
fact that PRF has proven to be an effective strategy for improving
retrieval accuracy in all retrieval models, why not don’t repeat
this strategy more than one time to retrieve more and more rele-
vant documents. In the below, the circle at the left represents the
retrieved documents, the other circle at the right the set of the
relevant documents for the given query Q. As described in this
figure, after the first PRF pass we are faced with two situations. In
the situation A, our system R retrieves more relevant documents,
but in the situation B no more relevant documents are retrieved.
So, if this IR system detect that he is in the situation A, he still
performs more and more PRF pass until to be in the situation B.
In this case, the system stops.

Fig.1. Cases of PRF pass.

Our goal is to estimate the contribution of any PRF method
by studying the quality of the N top-ranked documents of L in
relation to the query which will be rephrased it in order to retrieve
more relevant documents. Since we use PRF as AQE method, we
have in the top-ranked documents relevant and irrelevant docu-
ments. So, in order to detect the most useful subset from S for
query expansion, we use clustering methods.

Since in PRF, the main unit is the expansion terms, we pres-
ent each documents d in S by a vector of the term weights in S.
We rank unique terms in S according to their Kullback-Leibler
Divergence (KLD) weights. It has been shown that KLD is an ef-
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fective weighting mechanism in many state-of-art AQE methods
[34] [35]. Terms with higher KLD score are the more informative
ones and then they will be well to represent documents. Other
terms with lower score are ignored.

KLD measures divergence term’s distribution in the set of
feedback documents S from its distribution in the whole collec-
tion. The KLD weight is given by:

KLD(E) = plE|SHaga(

)
ol LY

il

Where p(t | S) is the probability of presence of term t in the
set S of the N top-retrieved document, given by

p(t|s) =

clid]

ol §)

c(t, S) is the frequency of the term t in S, and ¢(S) is the count
of terms in S. And p(t|C) is the probability of presence of the term
t in the entire document collection C. It is defined as follow:

coft, )

plelC) = 0)

c(t, C) is the frequency of the term t in collection C, and c(C)
is the count of terms in the whole collection C.

One of the major issues in PRF is selecting the most appro-
priate feedback documents to be used in the expansion phase.
Document clustering is one way to select appropriate documents
for AQE. Many clustering techniques have been developed and
can be applied to clustering documents. The document clustering
used in this study has been carried out using FPF (Furthest Point
First) clustering algorithms which are presented below [36].

IV. FPF ALGORITHM

FPF algorithm is a polynomial clustering algorithm intro-
duced by Gonzalez [36]. Unlike K-means algorithm, FPF algo-
rithm doesn’t choose randomly the k-centroids but it builds them
iteratively. At each iteration, it calculates the cosine similarity de-
fined above between documents and centroid within their cluster.
The furthest document from the current set of centroids is chosen
as new centroid and it will be added to this set of centroids. We
can summaries the FPF algorithm in two steps, step of initializa-
tion and step of iteration as follow:

* Initialization
- Pick an arbitrary document as centroid1, centroid of clus-
ter 1,
- Assign all documents of S to cluster 1,
o Iteration I (i=2,...,K)
- Designate the furthest document from the current set of
centroids as centroidi,
- Assign to cluster i each document closer to centroidi than
to its current centroid.
The similarity used in this work is Cosine distance. The Co-
sine distance between a document d and a center cte is defined as:
@ cte
T )

Cosine(d, cte) =
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V.

In order to predict the robustness of any PRF method and to
perform it more than one time, we propose some features that
capture intrinsic characteristics of the query and of the feedback
documents selected from the N top-ranked documents via docu-
ment clustering algorithm and their relationship. The proposed
list of features is inspired from previous works [37] [38] and it
is intuitive, simple to implement and have a very low compu-
tational cost. These features are mainly based on the query, the
retrieved documents and the relationship between them.

FEATURES

. Query Clarity (QC). Query clarity is an intrinsic fea-
ture of a query. It has be shown that it predict query ambigui-
ty well [38, 39]. So, we expect it to predict the effectiveness of
PRF method. In the definition, the clarity of a query is the Kull-
back-leibler divergence of the query model from the collection
model. To overcome the computational cost of this definition, we
follow the work of [39]. It is a simplified formula of clarity and
doesn’t need the computation of the relevance scores for the que-
ry model which is defined as:

6C = = h(rl6)of i (3)
In this definition
il E‘I;:II= L] , wheere c[F, ) 1=

the count of term t in the query Q, and ¢(Q) is the total num-
ber of terms in Q.

* Feedback Documents Clarity (FDC). Similar to the query
clarity used above, we define FDC as the kullback-leibler di-
vergence of the feedback documents model from the collec-
tion model. Intuitively, a large value of this feature possibly
means that the set of feedback documents on the same topic
and far away from noise. Therefore, we hope that this feature
give us more information to perform positively another PRF
pass. So, this feature is defined as:

[].5)
FDC = Syecp(tls) log o)

(4}

* Query Entropy (QE). as mentioned in [37], the query is often
very short, then, we compute query entropy base on the set of
feedback documents S. it is defined as follows:

QF = Epec —p(t]5) logg pl]S) (5

* Selected Documents Entropy (SDE). In our work, the PFR
process is increased by a clustering phase in order to detect
the most useful documents for query expansion. At this stage,
each cluster is treated as a large document constructed by
concatenating all documents belonging to it. So after form-
ing clusters, the clusters are ranked by the query-likelihood
retrieval model [40]. This retrieval model scores a document
d with the respect to a query Q as bellow:

plgd) = npiﬂd’:l (63

e
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* c(t,d) is the count of the term t within the document d and
c(d) is the total number of the document d. p is a smoothing
parameter used to estimate non-zero values for terms in the
query which are not in a document.
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The documents belonging to the top ranked cluster constitutes
the set of the selected documents for query expansion. We call
this set SD. So, we get the entropy of the selected documents by:

-

S0E =%, ¢ —plE| 507 log. pit]| 5D (7

* Feedback Documents Broadness (FDB). To compute this fea-
ture, we use the set of the N top retrieved documents S. Intui-
tively, if the documents in this set are more discriminating, it
may mean that they focus more on the same topic and away
from the noise. The broadness of the set S is defined as the
average distance between each document and the centroid of
the set S.

(welldg)
FDE = ZZM“W.H'UH b
151 L iy g |5|,.‘. neradds
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VI. STUDY OF THE DEPENDENCE BETEWEEN THE FEATURES

AND PRF PASS

The central problem in pseudo relevance feedback is how
to select the appropriate documents from the top-retrieved doc-
uments since not all these documents are relevant and there is
a high chance that we use irrelevant documents for expansion.
To overcome this issue, we use clustering techniques which are
proved as an effective way. We construct clusters using FPF al-
gorithm [41].

So, after the selection of the most useful documents, the que-
ry is expanded with new terms and another set of documents are
retrieved. At this stage, if we suppose that the expanded query
presents well the user’s information need then the novel set of re-
trieved documents must contain more relevant documents. In this
case, another PRF pass will be beneficial. For this purpose we
study the behavior of the set of features described above (section
4). After each PRF pass we compute the features QC, FDC, QE,
SDE, DSD_S and FDB.

Our studying procedure follows the five steps below:

Step 1: For a given query Q retrieve a set S of the N top-
ranked documents according to their system relevance.

Step 2: Split the set S in K clusters using the FPF clustering
algorithm.

Step 3: Rank the resulting K clusters according to their score
using formula (6).

Step 4: Use the K’ top ranked clusters as the set of documents
to be used for feedback pass.

Step 5: compute the set of features QC, FDC, QE, SDE and
FDB.

These steps are performed for many times in order to observe
the features behavior according to IR system performance. In our
experiments, we have performed five pass.

VII. EVALUATION

In this section, we report our experimental investigation of
the proposed scheme. The objective of our experiments is to
investigate how we can predict the positive contribution of any
PRF method in unsupervised manner by studying the set of the
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features described above.
A. Experimental Setup

We utilize in our study the TREC ad-hoc test collection (Disks
4, 5). The data set contains about 528,000 news documents from
various sources such as Federal Register, Financial Times, etc...,
which are considered as high-quality text data with minimum
noise. On average, each document includes 557 terms. The topic
set used constitutes the TREC 6 ad-hoc task topics. The topics
are numbered from 301 to 350, each one consists of three fields.
These are the title, which includes the most related words (1-3
words); the description, which gives a wider explanation about
the query; and a narrative, which contains specific conditions on
accepting or rejecting documents. The 50 ad-hoc queries were
taken from only title field of the corresponding query topics be-
cause it is a realistic setting that reflects the concise nature of real
user’s queries [35]. The average query length in TREC 6 is 2.64.

We use the full-featured text search engine library Lucene! ,
an open source IR framework. For all queries and documents in
the test collections, each term is stemmed using Porter’s English
stemmer [42], and stop words are removed.

To measure the correlation of each feature and its behavior
with the query performance, we use the Mean Average Precision
(MAP) as the focus measure representing the queries perfor-
mance. MAP is defined as

__1 ||
MAP = — ¥

NG| AF

(10)

Where [NQ| is the number of queries and APj is the average
precision for a given query Qj is defined as:

AP =Y, P@k (11)

nj is the number of relevant documents for Qj . P@k is the
precision at k, it is the fraction of the top k retrieved documents
that are relevant.

B. Results

The main aim of this work is to study the correlation between
the set of features described above and the IR system effective-
ness.

A well-known problem in a typical pseudo relevance feed-
back algorithm is its instability with respect to the variation of
two major parameters, namely, the number of feedback docu-
ments and the number of terms [1]. Since our purpose is not to
show the contribution of the classification task in the retrieval
phase, we have fixed the number of cluster in all experiments
at five and we have varied the values of number of documents
and terms. Figures 1, 2 and 3 present results when then number
of feedback documents is fixed to 20, 50 and 100 respectively.
At each figure, the two graphics show the correlation between
features and MAP when number of terms is 5 and 10 respectively.

All experiments show that the features forms two classes, one
class is formed by FDC and QC and the other class is formed by
FDB, QE and SDE. When the MAP increases the features of the
first class increases proportionally but features of the second class
decreases. We note that, FDB is the most sensitive feature to the
MAP variation. It is logical since when the feedback documents
forms a cluster of a high quality IR system retrieves more rele-
vant documents and consequently the MAP increases in general.

1 https://lucene.apache.org
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VIII. CONCLUSIONS

This paper presented the results of an experimental study of
some features in the aim to control automatically any PRF meth-
ods. We have Remarque that we can control this scheme of PRF
by just monitoring the behavior of a set of features. We believe
that the main reason for this result is that when the PRF method
is effective the set of feedback documents contributes positively
in the IR system performance and has lower entropy and so the
expanded query entropy.

We plan to pursue several directions in our future work. We
will investigate the robustness of this proposition by doing more
extensive experiments in different ways. Moreover, further works
will focus on developing more efficient
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