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ABSTRACT
Currently in document retrieval there are many algorithms
each with di�erent strengths and weakness. There is some
di�culty, however, in evaluating the impact of the test quer y
set on retrieval results. The traditional evaluation proce ss,
the Cran�eld evaluation paradigm, which uses a corpus and
a set of user queries, focuses on making the queries as re-
alistic as possible. Unfortunately such query sets lack the
�ne grained control necessary to test algorithm properties .
We present an approach called Controlled Query Generation
(CQG) that creates query sets from documents in the corpus
in a way that regulates the theoretic information quality of
each query. This allows us to generate reproducible and well
de�ned sets of queries of varying length and term speci�city .
Imposing this level of control over the query sets used for
testing retrieval algorithms enables the rigorous simulat ion
of di�erent query environments to identify speci�c algorit hm
properties before introducing user queries. In this work, w e
demonstrate the usefulness of CQG by generating three dif-
ferent query environments to investigate characteristics of
two blind relevance feedback approaches.

Categories and Subject Descriptors
H.3 [Information Storage and Retrieval ]: Systems and
Software| Performance evaluation (e�ciency and e�ective-
ness); H.3 [Information Storage and Retrieval ]: Infor-
mation Search and Retrieval| Query formulation,Relevance
feedback,Search process

General Terms
Algorithms, Experimentation, Performance, Theory

Keywords
Controlled Query Generation, Algorithm Evaluation, Con-
trol Environment, Blind Relevance Feedback
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1. INTRODUCTION
There are many algorithms available for document re-

trieval ranging from the classical retrieval algorithms [1 ]
of Boolean, vector space, and probabilistic modeling to the
more recent language modeling [20] approaches. While the
mechanics behind each algorithm are well understood, less
is understood about the e�ect of query selection on their
retrieval performance. Currently there is no clear top per-
forming retrieval algorithm across the range of query types ;
some algorithms perform better on some types of queries
than others. Understanding the relationships between query
properties and algorithm performance can help guide the re-
search and development of new and improved retrieval algo-
rithms.

A typical approach to evaluating retrieval algorithms fol-
lows what is known as the Cran�eld paradigm [24]. The per-
formance of an algorithm is measured using a set of queries
over a collection of documents or corpus. The relevant set of
documents (qrels) for a query is used to calculate retrieval
performance scores such as precision and recall. Popular test
collections include TREC [22] and CACM [8] which have
prede�ned query sets and qrels created by users or evalua-
tors. While these evaluations reveal to what degree an al-
gorithm satis�es those queries, each query has unique char-
acteristics and the composition of the corresponding qrels is
not necessarily reproducible. As such, it is di�cult to matc h
speci�c algorithm properties with speci�c query propertie s.
Overall, there is a lack of control and consistency in queries
based on user requests with respect to the characteristics of
the query and the de�nition of document relevancy.

In this paper we propose a method for evaluating re-
trieval algorithms that provides for greater control over t he
query set. We introduce this additional control using a syn-
thetic query generation method, Controlled Query Genera-
tion (CQG), to generate sets of queries from source docu-
ment sets which then also doubles as the corresponding qrels.
A query environment is a collection of synthetic queries gen-
erated in the same manner over di�erent source document
sets in a corpus.

CQG creates queries that are reproducible and theoreti-
cally consistent and, more importantly, has the capability to
generate di�erent query environments for the same corpus.
By carefully controlling the process in which the queries ar e
generated from the source documents, query environments
with very speci�c characteristics can be developed. For ex-
ample, longer vs shorter queries and queries with highly dis-
criminating terms vs queries with less discriminating term s.
Exposing retrieval algorithms to such query environments



allows us to study algorithm properties in a rigorous fashio n
not possible with user de�ned queries. While the traditiona l
style of evaluation will determine if users would be satis�e d
with the results of a retrieval algorithm, an evaluation us-
ing CQG will evaluate how an algorithm reacts to query
characteristics. These are complementary evaluations.

In this paper, we will describe the theoretical basis for the
CQG method and demonstrate its use by evaluating two
blind relevance feedback (BRF) approaches, one based on
the vector space model and the other on language modeling,
over three query environments, de�ned by the relative en-
tropy between the source document sets and the corpus. The
�rst query environment is composed of single term queries
with varying relative entropy contributions. The second en -
vironment contains two term queries where one of the query
terms is the largest relative entropy contributor. The thir d
environment is composed of multi term queries where the
query terms contribute the most to relative entropy. Expos-
ing algorithms to these environments will test how they will
react to queries of varying length and term quality.

2. BACKGROUND
The traditional approaches to evaluating document re-

trieval algorithms includes a corpus, a collection of queri es,
and corresponding query result evaluations, often called query
relevant sets (qrels). Algorithms are evaluated on how well
they retrieve the qrels from the corpus for each query. Two
general evaluation models dominate; controlled query sets
and user query sets. One of the �rst controlled evalua-
tions was the Cran�eld 1 test [13] using a corpus of 18 000
aeronautical research documents. Queries were derived from
source documents in the corpus and the qrel for each query
was then determined by evaluators assessing each document
in the corpus manually.

Many retrieval evaluations have been conducted by using
user query sets or in other words allowing users to inter-
act with the retrieval systems and providing the relevance
judgments themselves. The problem with user evaluations
is that it is very di�cult to then compare di�erent algorith-
mic approaches. As well, there are costs involved in running
user evaluations and endemic di�culties in replicating ex-
perimental results due to the natural behavior of users. The
Cran�eld paradigm imposes control by removing the user
from the evaluation but does not impose control over the
characteristics of the queries and does not scale well.

The use of source documents to create synthetic test queries
as in the Cran�eld 1 test has drawbacks [21]. Queries derived
from source documents do not necessarily represent actual
user queries and can be expected to produce more favorable
retrieval results. The Cran�eld paradigm though does allow
evaluations of di�erent algorithms to be compared directly
with each other within a speci�c set of constraints. Other
test collections such as TREC [22] and CACM [8] have been
developed following this paradigm.

The TREC test sets presents an additional challenge to
retrieval systems in having to deal with very large corpora
that contain hundreds of thousands of documents. With
such large corpora, the qrels can not be created by assess-
ing every document. A di�erent technique called pooling
[24] is used. In pooling, the retrieval results from multipl e
systems for a given query are collected together and judged
for relevancy. A drawback with pooling is that it does not
determine the complete membership for a qrels. This issue

is only problematic if there are few retrieved documents.
Voorhees [24] also explored the issue of how the de�nition
of relevance di�ers between human assessors and found that
while relevance judgments do vary signi�cantly, they seem t o
have little e�ect on how di�erent retrieval systems compare
to each other.

While these types of evaluations are useful for comparing
systems to each other in a controlled environment, they also
have a signi�cant shortcoming in their lack of control over
the queries. When evaluating any system, not just retrieval
systems, it is important to have complete control over the
system inputs in order to perform incremental adjustments
to them for experimentation that will speci�cally test syst em
properties. For a retrieval system, queries are the main in-
puts and typically little control or reproduciblilty is inc luded
in the selection of the query set. Consequently, many evalu-
ations indicate which retrieval algorithm performs better for
the given query set but this may not be generalizable and
does not indicate strengths and weaknesses viz a viz query
structure.

As a result of these traditional approaches to evaluation,
there has been very little work done in analyzing the impact
of query structure and composition on retrieval. Analysis
of search engine query logs has revealed that users generally
issues short queries consisting of 2 to 3 terms [19]. Empirical
studies have shown though that longer queries outperform
shorter queries [2, 11]. Kelly et al [11] also found that queries
pertaining to the user's motivation and background knowl-
edge about the search topic improve performance. While
these �ndings do give insight as to what ideal queries should
look like, their composition, properties, and impact on re-
trieval are still not well understood.

In this work, we use a method, Controlled Query Genera-
tion (CQG), which uses source document sets from the cor-
pus to engineer queries with speci�c characteristics. CQG
introduces incremental control over the queries in the quer y
set by deriving them from these source documents rather
than relying on users to author them. By using this tech-
nique it is possible to conduct retrieval algorithm evalua-
tions that speci�cally identify the impact of di�erent quer y
characteristics.

2.1 Language Modeling and Relative Entropy
To generate queries in CQG for this work we used relative

entropy [5] of the language models [20] for the source docu-
ment sets and the whole corpus. Language modeling is an
approach for calculating a probability mass function based
on a sample text, such as a document. A basic approach for
estimating a language model is to use the maximum likeli-
hood estimate (MLE), which generates a probability mass
function for a document using the ratios of its term occur-
rences to total term occurrences as shown below in Equation
1.

Pml (t jdk ) =
freq t;d kP

freq dk

(1)

where t is a term in the corpus vocabulary, dk is a document
in the corpus, f req t;d k is the frequency with which t occurs
in dk , and

P
freq dk is the sum of all the term frequencies

in dk . MLE assigns zero probabilities to terms that do not
appear in the sample text, which is extreme since the ab-
sence of a term in a document does not necessarily mean
that the document model could never generate it. Conse-
quently, smoothing techiques are generally used to remove



these zero probabilities. Zhai et al [27] give an overview of
these techniques. The Jelinek{Mercer method, given below
in Equation 2, is used in this work because of its e�ectiveness
on longer queries and ease of implementation.

Pjm (t jdk ) = (1 � � )Pml (t jdk ) + �P ml (t jcorpus) (2)

where � is a constant between 0 and 1 that regulates how
much Pml (t jdk ) and Pml (t jcorpus) contribute to the con-
struction of the model. For this work � is set to be :4
to be consistant with previous work done by Croft [6, 14].
Pml (t jcorpus) is the model for the corpus. This model is
estimated with the MLE using all the documents in the cor-
pus concatenated together. As all documents are used in
the estimation of this model, no terms are assigned a zero
probability and further smoothing is not required.

Relative entropy is a method for comparing two proba-
bility mass functions. While not a true distance function,
relative entropy can be used for comparing language models,
as shown below in Equation 3.

D (Pdk jjPd j ) =
X

t 2 V

P(t jdk ) log
P(t jdk )
P (t jdj )

(3)

where Pdk and Pd j are language models for documentsdk

and dj respectively. Relative entropy is calculated itera-
tively over all the terms in the vocubulary, V , used by the
corpus.

Language modeling has been used for document retrieval
by treating a query as a random event that can be generated
by a document model. Documents are ranked based on the
likelihood of their model generating the query. There have
been previous applications of relative entropy to informat ion
retrieval. Speci�cally, Cronen{Townsend et al used relative
entropy between the top ranked documents and the corpus
to measure query performance [6]. Zhai and La�erty ap-
plied relative entropy to both document retrieval [12] and
relevance feedback [28]. Caiet al developed scoring meth-
ods based on relative entropy and other divergence func-
tions to identify terms in the top ranked documents to use
for query expansion [4]. The use of relative entropy in this
paper is somewhat similar to Cai's work but di�ers in that
CQG uses source document sets to compare with the corpus
rather than the top ranked in retrieved sets.

2.2 Relevance Feedback Example
To demonstrate the use of CQG in algorithm evaluation,

an evaluation of two blind relevance feedback (BRF) al-
gorithms is conducted. BRF is a technique for improving
the query using the top ranked documents from the initial
search; this technique works on the assumption that these
top ranked documents are relevant to the user's search. In
relevance feedback [17] systems, the user �rst issues a query
and then provides feedback, typically as relevance judge-
ments, on the retrieved set. This feedback is then incor-
porated into the query to form a new search. Users, how-
ever, are reluctant to give feedback during search sessions.
Automatic methods for gathering feedback, referred to as
implicit feedback, attempt to overcome this lack of user in-
teraction though have only met with marginal success. BRF
algorithms, however, exclude user from the feedback process
entirely and assume that at least some of the top ranked doc-
uments are relevant and can be used to improve the query.
Clearly, this assumption does not always hold and noise in
the top ranked documents may lead to query drift [15].

Much of the initial work on BRF can be traced back
to Salton [3] and TREC [7]. Since then, there has been
much work done in exploring how to improve its applica-
tion. This work includes experimentation with the number
of top ranked documents to use [16], the number of terms
to extract from those documents [9], and the locality of the
terms to extract with respect to the query terms [9, 26].
Results indicate that the performance of BRF algorithms
depends on the type of query that has been issued. Sakai
attempted to �nd the optimal BRF settings for classes of
queries which led to his work on optimization tables [18].

There has been a lot of work exploring how to improve
BRF though it is not completely understood how di�erent
query characteristics a�ect retrieval performance and we b e-
lieve this is due to the lack of control over the queries in
the Cran�eld style evaluations that were conducted previ-
ously. In this paper we perform evaluations using CQG to
show that BRF behaves di�erently in di�erent query envi-
ronments. The lack of control in traditional evaluation pra c-
tices has prevented the identi�cation of query environment s
that BRF can be expected to provide optimal improvements.
CQG allows an algorithm evaluation to be constrained to
speci�c query environments and in using this style of evalua -
tion we have successfully identi�ed speci�c query conditio ns
in which to use BRF.

3. CONTROLLED QUERY GENERATION
Controlled Query Generation (CQG) generates a set of

queries based on a source document set. These queries are
synthetic in nature and are not necessarily representative
of real user queries. The purpose of CQG however is to
manufacture queries that will evaluate the impact of speci� c
query characteristics on algorithm performance. To initia te
this process, sets of related documents in the corpus must
be de�ned. CQG generates sets of queries based on and
targeting each of these sets of related source documents. It
identi�es the most discriminating terms in each source doc-
ument set using relative entropy. These terms are then used
to manufacture a set of queries, called a query environment,
targeting these source documents. The advantage that CQG
has over user de�ned queries is that di�erent query environ-
ments can be simulated by altering how the queries are man-
ufactured. Queries are also created iteratively in a manner
such that their information content and structure is strict ly
controlled. This type of query manipulation with incremen-
tal adjustments is very di�cult to do e�ectively with user
queries.

One of the challenges in using CQG is determining the
methods for generating queries for testing. In this work
we present three di�erent variations all based on relative
entropy of terms in the corpus. The �rst treats single terms
as queries using the relative entropy for each term in the
vocabulary of the source document set to select queries with
varying discriminative power. While single term queries do
not contain a lot of information to describe the information
need, it is not uncommon for users to issue them [19].

The second CQG variation generates two term queries. It
combines the term that contributes the most to the relative
entropy between the source document set and the corpus
with other terms in the corpus vocabulary. This query envi-
ronment is representative of queries where one term is highly
discriminating while the other one varies in quality. This
method introduces noise into queries in a controlled man-



ner. Examining how algorithms perform with this query
environment may help determine how robust they are to
noise within a query.

In the third CQG method we generate queries of vary-
ing length that are the theoretically most discriminating
(TMD). These are queries that include the terms that con-
tribute the most to relative entropy. We construct these
queries by starting with the term that contributes the most
to relative entropy as the �rst query of the set. The next
query is the �rst query concatenated with the next term
that contributes the most to relative entropy. Each succes-
sively generated query is created by adding one term to the
previous query, where the new term is the next highest con-
tributor to relative entropy. This results in a series of que ries
that should theoretically best identify the source documen t
set. Examining how algorithms operate in this environment
should give an indication of what kind of performance to ex-
pect from them when they are presented with the minimal
and maximal ideal query.

The step for CQG are as follows:
Step 1. Create a set of related documents that will be

used as the source document set. These source documents
will be the qrel for the generated query set. An explanation
of how sets of related documents are de�ned in this work is
given in Section 4.

Step 2. De�ne language models for the source docu-
ments and for the corpus. A model for a source document
set is created by concatenating together all of its documents
and treating them like a single piece of sample text, R. A
language model is constructed from this sample text, R, us-
ing standard methods described in Section 2 and employing
Jelinek{Mercer interpolation to smooth the model built as
shown by Equation 3.

Step 3. Sort the terms in the vocabulary based on their
contribution to relative entropy. Once a model has been
de�ned for a source document set it can then be compared
to the corpus using relative entropy. As relative entropy is
calculated iteratively over all the terms in the vocabularl y,
it lends itself naturally to be used as a term discrimination
scoring function as shown by Equation 4.

score(t) = Pjm (t jR) log
Pjm (t jR)

Pml (t jcorpus)
(4)

This is similar to the work done by Cai et al [4] who used
the most discriminative terms in the top ranked documents
for query expansion. Here, terms are sorted by the amount
they contribute to relative entropy for use in steps 4 throug h
7, query generation.

Step 4: Identify the term that contributes the most to
relative entropy. Queries in CQG are constructed iterative ly
over the terms in the vocabulary. The most discriminating
term based on relative entropy is used to initiate this pro-
cess. For the single term queries, this term is the �rst one
generated. The �rst two term query is this term plus the
next largest contributor to relative entropy. For the TMD
query set, this term and its average raw term frequency in
the source documents form the initial query.

Step 5: Identify the term that contributes the most to
relative entropy and is not already in a query.

Step 6: Generate the next query using this term. For the
single term query sets, the next query is simply this term.
The next two term query is a combination of this term with
the term that contributes the most to relative entropy. For

Figure 1: An illustration of the steps in Controlled
Query Generation. Steps 4 to 6 can be varied in
order to simulate di�erent query environments.

the TMD set, the next query is this term concatenated to
the previously generated query with a term frequency equal
to its raw average from the source documents.

Step 7: Repeat Steps 5{6 until there are no more terms.
Figure 1 illustrates the steps in CQG. This process can

create a set of queries for each source document set by ex-
haustively iterating through the corpus vocabulary. In thi s
work, the cycle is halted when only terms that contribute
less than 1% to relative entropy between the source docu-
ments and the corpus remain to be selected in step 5. This
threshold was determined through experimentation, which
found that terms that contribute less than 1% to relative
entropy have a negligible impact on query performance.

4. A CQG EXAMPLE EVALUATION
The Reuters{21578 corpus [23] was used to evaluate CQG

as all its documents have been manually categorized for a
variety of schemes; every document has been evaluated by
a human assessor for membership into each categorization
scheme. The TOPICS and PLACES scheme in particular
can be used to identify sets of related documents to use as
source document sets. The TOPICS scheme labels docu-
ments based on economic themes and the PLACES scheme
labels them based on geographic themes. In this work, a
source document set contains documents that have a TOP-
ICS label and PLACES label in common. For example,
all documents with TOPICS = \grain" and PLACES =
\canada" are considered members of the same source doc-
ument set. Table 1 shows the distribution of the related
document set sizes; there are more smaller sets than larger
ones. There were two document sets that were much larger
than the rest, \acq usa" and \earn usa" which contained
1787 and 3143 documents respectively, that were considered
to be outliers and not used during the evaluation. Further-
more, some documents did not have a TOPICS or PLACES
label and these were not used during the evaluation here. As
such only 19,812 documents in Reuters{21578 were used.
Using the TOPICS and PLACES labels, a total of 1,882
source document sets were de�ned on the test corpus. A
standard index of keywords was created after standard stop
words were removed and terms were stemmed using Porters
algorithm [1].

This approach for creating these sets of related documents



Size Documents Number of
per Set Source Document Sets

Too 1 831
Small 2 346

3 177
Very 4 85
Small 5 71

6 50
Small 7 50

8 25
9 23
10 20

Medium 11 to 15 75
16 to 20 35

Large 21 to 50 64
51 to 400 28

Table 1: Distribution of source document set sizes.

has been used before in previous work [10]. While it is arti-
�cial in nature, it is su�cient as it does identify documents
that are related categorically. It is recognized that some
sets generated in this manner may be topically very broad.
Using subject matter experts to create these related sets
similar to the work in TREC [22] would be ideal as it would
help ensure that the all documents in a set are strongly re-
lated to each other. Using human assessors in this manner
however is very costly particular if a large number of relate d
sets are to be de�ned and if every document in the corpus
is to be evaluated in order to assess complete membership
for each one. In using the categorical approach on Reuters-
21578, complete membership to the related document sets
is known and we avoid the cost of having to use assessors to
de�ne them.

Queries generated by CQG were used to evaluate 3 BRF
retrieval algorithms (Blind Relevance Feedback Rocchio us-
ing 5 documents (ROC5), Blind Relevance Feedback Roc-
chio using 10 documents (ROC10), Relevance Modeling(RM))
and two baseline retrieval models (Vector Space Model (VSM)
and Song's Language Modeling (LM)). The two BRF ap-
proaches, Rocchio and Relevance modeling, are used to re{
rank the retrieved set for the original query. We have as-
sumed that relevant documents would contain at least one of
the original query terms. This assumption does not always
hold, of course, especially with short queries.

In performing the statistical analysis, we looked at the
retrieval performances for queries generated at beginning,
middle, and end of the CQG process. Queries generated
at these di�erent periods have di�erent compositions. As
such, we have devised three query groups, �rst, middle, and
bottom, to group queries from these respective points of gen-
eration during CQG. We also conduct the same statistical
analysis over the entire set of queries generated by CQG.

The VSM does not use feedback and is a baseline for the
two Rocchio BRF algorithms. The ROC5 and ROC10 are
Rocchio relevance feedback algorithms [17] using the top
5 and top 10 documents as positive feedback respectively.
Song's approach to language modeling [20] is used as the
baseline for relevance modeling. In this work we use the
Jelinek{Mercer method for smoothing instead of the Good
Turing approach used by Song. Relevance modeling [14]
is a BRF approach to language modeling that uses the top

ranked documents to construct a probabilistic model for per -
forming the second retrieval. The contribution that each of
the top ranked documents makes to this model is directly
related to their retrieval score for the initial query. To be
consistant with Lavrenkos work, the top 50 documents are
employed in the construction of the relevance models.

5. RESULTS
We observed that retrieval performance tended to be bet-

ter on smaller target sets than on larger ones. One reason
we believe to be the cause of this result is the overlap of
vocabulary between documents in a set. It does not neces-
sarily follow that all documents in the same set share a large
common vocabulary. With a large set, the vocabulary used
in each document may vary greatly thus decreasing the dis-
criminative power of the terms used to distinguish it in the
corpus. For evaluation purposes, sets are grouped together
by sizes 1 to 10, 11 to 15, 16 to 20, 21 to 50, and 51 to
400. It is natural for the size of the relevant sets to vary in
a corpus as not all topics will have equal coverage. Smaller
relevant sets are representative of topics that are not well
covered by the corpus.

Both Mean Average Precision (MAP) and R{Precision
were measured during these trials. MAP provides a mea-
sure of how precise the top ranked documents are while R{
Precision reports recall as a percentage of the top R docu-
ments, where R is the number of relevant documents for a
given query.

For these trials, the algorithms are evaluated on the three
di�erent query environments discussed previously. For each
environment, all possible queries are generated by CQG. Of
these queries, 100 are randomly selected from the begin-
ning, middle, and end of the CQG process to form three
query quadrants. As well, 100 queries are randomly selected
from the entire query set. Hence, there are four sets of 100
queries from di�erent points in the CQG process that the
algorithms are evaluated on for each environment. The re-
sults from trials over the CQG queries are shown in Figure
2 for MAP and Figure 3 for R-Precision. All trials are ana-
lyzed by a randomized complete block design ANOVA and a
Tukey HSD [25] to determine any signi�cant di�erences be-
tween the algorithms. For each TMD query environment, at
least one algorithm was signi�cantly di�erent ( p < 0:0001).
For many of the single term query trials over the small and
medium sets, the algorithms were not signi�cantly di�erent .
For the large sets though, at least one of the algorithms is
signi�cantly di�erent ( p < 0:05). In the two term query
environment, the ANOVAs revealed that at least one algo-
rithm is signi�cant di�erent for each trial ( p < 0:0001).

5.1 Signi�cant Differences in MAP
With regards to MAP, we found that for the single term

queries, relevance modeling is signi�cantly better than la n-
guage modeling over the large source document sets except
for queries selected from the bottom quadrant; queries from
the bottom quadrant are possibly too poor in quality for
feedback to be able to improve performance on them. The
Rocchio BRF algorithms were only signi�cant better than
VSM for a few trials over the large document sets. For the
two term queries we found that relevance modeling is signif-
icantly better than language modeling for medium and large
sets except for queries selected from the �rst quadrant, pos-
sibly a result of queries from the �rst quadrant containing



Figure 2: MAP performance over the three query environments



Figure 3: R-Prec performance over the three query environme nts



two highly discriminative terms. On the TMD queries we
�nd the opposite in that language modeling is signi�cantly
better than relevance modeling for all sizes. VSM is only
signi�cantly better than the Rocchio BRF algorithms for
small sets.

5.2 Signi�cant Differences in R­Precision
We found the results to be similar for R-Precision. For

single term queries, we found that relevance modeling is
signi�cantly better than language modeling over large sets
for queries from the �rst and middle quadrants. Relevance
modeling is signi�cantly better than language modeling ove r
the two term queries for medium and large sets except for
queries from the �rst quadrant. Language modeling how-
ever is signi�cantly better for the TMD queries except for
small sets. Rocchio BRF is signi�cantly better than VSM
for a few of the single query term trials over large document
sets. VSM is signi�cantly better than both of the Rocchio
BRF algorithms in the TMD query environment for queries
selected from the bottom quadrant over all document set
sizes and over small and medium sizes for queries selected
from the middle quadrant.

5.3 Discussion
The results from these trials are not entirely surprising.

BRF has received a lot of attention as a simple method for
improving the user query. These trials indicate that rele-
vance modeling improves performance for short queries but
damages it for the TMD queries. This result makes sense
as relevance modeling expands the query based on the top
ranked documents. The single and two term queries are ap-
parently capable of retrieving at least a few relevant docu-
ments in the top ranks which relevance modeling then builds
upon. Single term queries from the bottom quadrant though
seem to be too poor to improve using feedback and two term
queries from the �rst quadrant appear to have enough dis-
criminative power negate its positive e�ects. Conversely, the
TMD queries create an environment of very comprehensive
queries. These queries are di�cult to improve upon and
consequently relevance modeling fails to provide signi�cant
improvements.

It is interesting that the VSM and Rocchio BRF algo-
rithms do not di�er signi�cantly for most trials. We at-
tribute this result to the queries being formed from terms se -
lected by their relative entropy contribution. In other wor ds,
the query terms that are used during the CQG process here
had the greatest probability in the source document models
and the lowest in the corpus model. Such query terms are
naturally favored by probabilistic approaches to retrieva l.
Perhaps if the terms were selected for query generation us-
ing a term frequency scoring scheme there would be a greater
di�erence in performance. Exploration of alternative term
scoring functions is left to future work.

From these results, it appears that a good heuristic would
be to apply BRF techniques whenever a single term query is
issued. Even though the di�erence in performance was not
always signi�cant, there is a chance that BRF will improve
performance. Single term queries describe information needs
very poorly. BRF however is to able to improve these queries
given that they had su�cient discriminative power and at
least one relevant documents in the top rank.

As for two term queries, it appears that the most dis-
criminating term for a relevant set is signi�cant enough to

nullify the positive e�ects of BRF should the second term
be drawn from the �rst quadrant. In other words, if the
second term also has a high discriminative power then this
two term query will not need BRF. Terms of less discrimina-
tive power however will bene�t from the application of BRF.
An analysis of typical user queries needs to be performed to
determine the discriminative power of terms users generally
select for a query. If this analysis reveals that when users
issue two term queries that only one of the terms has signif-
icant discriminative power then BRF should be prescribed
for these types of queries as well.

6. CONCLUSION
The Cran�eld paradigm of creating test queries from doc-

uments in a corpus is a proven approach to evaluating re-
trieval algorithms however it is limited in that it can only
indicated to what extent information needs were met by re-
lying on assessments of relevance. Even though the queries
used may be very representative of actual user queries, there
is little control over speci�c query properties which may af -
fect an algorithms performance. To this end, we introduce
an approach to query generation called Controlled Query
Generation (CQG) that provides greater control thus allow-
ing for query environments with speci�c properties to be
created.

The query sets created in CQG target prede�ned sets of
related source documents. While these queries and source
documents are arti�cial in nature, they a�ord direct contro l
over the amount of information a query contains. CQG pro-
vides a means to generate controlled query environments for
use in comparisons between di�erent retrieval algorithms a s
a complement to real user queries. Through CQG evalua-
tions, it is possible to identify the strengths and weaknesses
of an algorithm with respect to the e�ects of query term
quality and query length.

In this work, single term, two term, and Theoretically
Most Discriminating (TMD) query environments were cre-
ated and two BRF approaches were evaluated. The results
indicated that relevance modeling is signi�cantly better t han
language modeling on short queries while it is signi�cantly
worse on the TMD queries. The performance of Rocchio
BRF approaches and VSM however, did not di�er greatly
in these environments. The results indicate that for single
term queries BRF should be used. For the two term queries
tested here, applying BRF does provide an advantage.

Language models for the relevant sets were used here as
the basis for the generation of queries. All documents in a
source document set are treated as being equally important
in the construction of the model. Typically all documents
are not equally relevant. Sometimes only part of the doc-
ument, perhaps a few paragraphs, are relevant to the users
query. An advantage of the CQG method is that it can use
alternative theoretical approaches to query term selectio n,
such as maximal gain or chi squared. CQG increases the
level of control and consistency of the query set used for the
evaluation process.

In this sample provided here, a general analysis was con-
ducted where the query sets as a whole were used in the cal-
culation of summarization performance metrics, MAP and
R-Precision. Other types of analysis can be conducted on
these results such as speci�cally examining the queries in
each set where an algorithm fails to improve performance.
More extensive analysis of these various situations may lead



to a more re�ned understanding of how BRF based algo-
rithms react to the natural language in a corpus. It is left
to future work to explore di�erent means of mining these
results from CQG evaluations.

One weakness of CQG is that it requires access to a corpus
with consistently de�nable sets of related documents. Manu -
ally de�ning such sets on a corpus requires a large e�ort and
is in
uenced by the evaluators. Corpora, like Reuters-2157 8,
that are rigorously categorized are unfortunately rare. Th e
TREC corpora have qrels de�ned on them though not ev-
ery document has been evaluated for membership. Even
so, these qrels can potentially be used as source document
sets and will be the subject of future experimentation using
CQG.

CQG evaluations are not intended to replace the need for
user evaluations but rather to complement them. It is quite
obvious that the queries generated by CQG are often times
not representative of actual user queries. These synthetic
queries however, can be manufactured in di�erent ways to
embody di�erent query properties and consequently are a
relatively e�cient way to assess the strengths and weak-
nesses of di�erent retrieval algorithms. CQG evaluations a re
relatively inexpensive to conduct and should be performed
before the more costly user trials. In this manner, algo-
rithms can be modi�ed and optimized for di�erent query
environments in a controlled manner. User evaluations then
can be used to validate their retrieval e�ectiveness.

One of the future challenges for CQG is in developing new
methods to generate queries. Simply concatenating terms
together will not result in a query environment that is op-
timal for the evaluation of particular characteristics for an
algorithm. Much thought must be given to how to control
the manufacturing of the queries as this process will ulti-
mately determine the quality of the resulting query environ -
ment. By creating a query environment that isolates spe-
ci�c query properties, the impact of these respective prop-
erties on retrieval algorithms can be evaluated. Knowing
how document retrieval algorithms are e�ected by di�erent
query properties may enable better algorithms and poten-
tially methods for improving users queries to be developed.

7. ACKNOWLEDGMENTS
This research was funded by the Natural Sciences and

Engineering Research Council of Canada, NSERC.

8. REFERENCES
[1] Baeza-Yates R. and Ribeiro-Neto B.: Modern

Information Retrieval. Addison-Wesley (1999)
[2] Belkin, N. J., Kelly, D., Kim, G., Kim, J., Lee, H.,

Muresan, G., Tang, M., Yuan, X., and Cool, C.:
Query length in interactive information retrieval. Proc.
of the 26th Int. ACM SIGIR Conf. on Research and
Development in Information Retrieval (2003) 205{212

[3] Buckley C., Salton G., Allan J., and Singhal A.:
Automatic Query Expansion Using SMART: TREC 3.
Proc. of the 3rd Annual Text REtrieval Conf. (1994)
69{80

[4] Cai D., van Rijsbergen C.J., and Jose J.M.:
Automatic query expansion based on divergence.
Proc. of the 10th Int. Conf. on Information and
Knowledge Management (2001) 419{426

[5] Cover T.M. and Thomas J.A.: Elements of
Information Theory. John Wiley & sons. (1991)

[6] Cronen{Townsend S., Zhou Y., and Croft W.B.:
Predicting Query Performance. Proc. of the 25th
Annual Int. ACM SIGIR Conf. on Research and
Development in Information Retrieval (2002) 299{306

[7] Evans D. and Le�erts R.: Design and Evaluation of
the CLARIT{TREC{2 System. Proc. of the 2nd
Annual Text REtrieval Conf. (1993) 137{150

[8] Fox E.A.: Characterization of Two New Experimental
Collections in Computer and Information Science
Containing Textual and Bibliographic Concepts.
Technical Report, 83{561. Cornell University (1983)

[9] Gu Z. and Luo M.: Comparison of Using Passages and
Documents for Blind Relevance Feedback in
Information Retrieval. Proc. of the 27th Annual Int.
ACM SIGIR Conf. on Research and Development in
Information Retrieval (2004) 482{483

[10] Jordan C. and Watters C.: Extending the Rocchio
Relevance Feedback Algorithm to Provide Contextual
Retrieval. Proc. of the 2nd Int. Atlantic Web
Intelligence Conf. (2004) 135{144

[11] Kelly, D., Dollu, V. D., and Fu, X. 2005. The
loquacious user: a document-independent source of
terms for query expansion. Proc. of the 28th Int. ACM
SIGIR Conf. on Research and Development in
Information Retrieval (2005) 457{464

[12] La�erty J. and Zhai C.: Document Language Models,
Query Models, and Risk Minimization for Information
Retrieval. Proc. of the 24th Annual Int. ACM SIGIR
Conf. on Research and Development in Information
Retrieval (2001) 111{119

[13] Lancaster, F.W. and Mills, J.: Testing Indexes and
Index Language Devices { ASLIB Cran�eld Prbject.
American Documentation, 15 (1), (1964) 4{13

[14] Lavrenko V. and Croft W.B.: Relevance Based
Language Models. Proc. of the 24th Annual Int. ACM
SIGIR Conf. on Research and Development in
Information Retrieval (2001) 120{127

[15] Mitra M., Singhal A., and Buckley C.: Improving
automatic query expansion. Proc. of the 21st Annual
Int. ACM SIGIR Conf. on Research and Development
in Information Retrieval (1998) 206{214

[16] Montgomery J., Si L., Callan J., and Evans D.A.:
E�ect of Vary Number of Documents in Blind
Feedback: Analysis of the 2003 NRRC RIA Workshop
\bf numdocs" Experiment Suite. Proc. of the 27st
Annual Int. ACM SIGIR Conf. on Research and
Development in Information Retrieval (2004) 476{477

[17] Rocchio J.J.: Relevance Feedback in Information
Retrieval. The SMART Retrieval System:
Experiments in Automatic Document Processing
(1971) 313{323

[18] Sakai T. and Robertson S.E.: Flexible
Pseudo{Relevance Feedback Using Optimization
Tables. Proc. of the 24th Annual Int. ACM SIGIR
Conf. on Research and Development in Information
Retrieval (2001) 396{397

[19] Silverstein C., Henzinger M., Marais H., and Moricz
M.: Analysis of a Very Large AltaVista Query Log.
Technical Report, 1998-014. Digital SRC. (1998)

[20] Song F. and Croft W.B.: A General Language Model



for Information Retrieval. Proc. of the 8th Int. Conf.
on Information and Knowledge Management (1999)
316{321

[21] Sparck Jones, K.: The Cran�eld tests. In Sparck
Jones, K. editor, Information Retrieval Experiment,
Chapter 13, 256{284. Butterworths, London (1981)

[22] Text REtrieval Conference (TREC).
http://trec.nist.gov/ (2005)

[23] UCI KDD Archive. Reuters{21578 Text
Catergorization Collection.
http://kdd.ics.uci.edu/databases
/reuters21578/reuters21578.html (2005)

[24] Voorhees, E. M.: The Philosophy of Information
Retrieval Evaluation. In Revised Papers From the
Second Workshop of the Cross-Language Evaluation
Forum on Evaluation of Cross-Language information
Retrieval Systems (September 03{04, 2001). C. Peters,
M. Braschler, J. Gonzalo, and M. Kluck, Eds. Lecture
Notes In Computer Science, vol. 2406.
Springer-Verlag, London, (2002) 355{370.

[25] Winer B.J., Brown D.R., and Michels K.M.:
Statistical Principles in Experimental Design.
McGraw{Hill. 3rd edition (1991)

[26] Yu S., Cai D., Wen J., and Ma W.: Improving
Pseudo-Relevance Feedback in Web Information
Retrieval Using Web Page Segmentation. Technical
Report, MSR-TR-2002-124. Microsoft Research.
(2002)

[27] Zhai C. and La�erty J.: A Study of Smoothing
Methods for Language Models Applied to Ad Hoc
Information Retrieval. Proc. of the 24th Annual Int.
ACM SIGIR Conf. on Research and Development in
Information Retrieval (2001) 334{342

[28] Zhai C. and La�erty J.: Model{Based Feedback in the
Language Modeling Approach to Information
Retrieval. Proc. of the 10th Int. Conf. on Information
and Knowledge Management (2001) 403{410


