Cluster-Based Document Retrieval with Multiple Queries
Kfir Bernstein

Fiana Raiber

kfir90@campus.technion.ac.il fiana@verizonmedia.com
Technion
Yahoo Research

ABSTRACT
The merits of using multiple queries representing the same information need to improve retrieval effectiveness have recently been
demonstrated in several studies. In this paper we present the first
study of utilizing multiple queries in cluster-based document retrieval; that is, using information induced from clusters of similar
documents to rank documents. Specifically, we propose a conceptual framework of retrieval templates that can adapt cluster-based
document retrieval methods, originally devised for a single query,
to leverage multiple queries. The adaptations operate at the query,
document list and similarity-estimate levels. Retrieval methods are
instantiated from the templates by selecting, for example, the clustering algorithm and the cluster-based retrieval method. Empirical
evaluation attests to the merits of the retrieval templates with respect
to very strong baselines: state-of-the-art cluster-based retrieval with
a single query and highly effective fusion of document lists retrieved
for multiple queries. In addition, we present findings about the impact of the effectiveness of queries used to represent an information
need on (i) cluster hypothesis test results, (ii) percentage of relevant
documents in clusters of similar documents, and (iii) effectiveness
of state-of-the-art cluster-based retrieval methods.
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1

INTRODUCTION

The cluster hypothesis for ad hoc retrieval is: “closely associated documents tend to be relevant to the same requests” [17]. The operational
interpretation of the hypothesis is that relevant documents are more
similar to each other than to non-relevant documents. This interpretation has driven a large body of work on document retrieval methods
that utilize information induced from clusters of similar documents.
There are two main categories of cluster-based document retrieval
methods [22]. The first includes methods that rank document clusters by the estimated percentage of relevant documents they contain; then, the cluster ranking is transformed to document ranking [11, 14, 17, 20–23, 27–30, 35, 43–45]. A cluster-based document
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retrieval method using supervised learning was the best performing
run in the 2013 TREC Web track [9].
One of the main motivations for pursuing the cluster ranking task
is the optimal cluster phenomenon [12, 20, 28, 36, 43]: if the documents most highly ranked by an initial search are clustered, some of
the clusters tend to contain a high percentage of relevant documents;
the cluster with the highest percentage is referred to as the optimal
cluster. Positioning the constituent documents of the optimal cluster
at the top of the final result list results in much higher precision at
top ranks performance than that of other commonly used documentbased retrieval methods [20, 28, 43]. A case in point, for a standard
TREC corpus, the average precision of the top five (P@5) that results
from identifying the optimal cluster can reach 0.8 in comparison
to 0.46 attained with standard language model retrieval [20]1 .
The second category of cluster-based document retrieval methods includes those that enrich the document representation with
information induced from the clusters [19, 22, 27, 39]; e.g., in the
language modeling framework, document language models can be
smoothed using cluster language models [19, 22, 27]. The motivation
is to reduce potential vocabulary mismatches between queries and
relevant documents by enriching a document representation with
information induced from similar documents.
As in most prior work on ad hoc document retrieval, work on
the cluster hypothesis and cluster-based document retrieval was
confined to the standard setting where a single query represents an
information need. However, combining multiple queries which represent the same information need can dramatically improve retrieval
effectiveness [4, 5]. Recently, there has been a renewed interest in
the importance of the multiple-queries retrieval setting [2, 3, 6, 7, 26,
31, 42, 47], with growing evidence to its operational feasibility and
importance. The feasibility of operationalizing this idea was initially
explored nearly a decade ago in the Bing search engine [38]. It was
recently shown that query variations automatically selected from
a query log of a commercial search engine can be, on average, as
effective as human curated query variations [26].
In this paper, we explore the multiple-queries setting in the clusterbased document retrieval realm. To the best of our knowledge, there
are no previous studies of cluster-based document retrieval or the
cluster hypothesis with multiple queries. We propose a suite of
retrieval templates that adapt existing cluster-based retrieval approaches, which were originally designed to work with a single
query, to use multiple queries representing the same information
need. The templates can be instantiated in various ways to yield
specific retrieval methods; e.g., by selecting the clustering algorithm
and the specific cluster-based retrieval method to adapt, whether it is
based on cluster ranking or on enriching document representations
using cluster-based information. Our adaptation techniques operate
at the query level, document-list level and similarity-estimate level.
1 These performance numbers were reported for TREC’s AP corpus with the titles
of topics 51-150 serving as queries [20].

An extensive empirical evaluation validates the effectiveness gains
achievable when using the suggested retrieval templates for clusterbased retrieval with multiple queries. The resultant methods substantially outperform state-of-the-art cluster-based retrieval using a
single query as is standard. The performance of our methods is also
substantially better than that of the strongest baselines reported in
the literature for utilizing multiple queries for retrieval.
In addition, we test the cluster hypothesis with queries of varying effectiveness and arrive to an interesting finding: for queries of
relatively low effectiveness, the cluster hypothesis holds to a larger
extent than for highly effective queries. That is, using highly effective
queries for retrieval yields result lists where relevant documents are
less similar to each other than in the result lists retrieved for less effective queries. This finding provides additional insight into another
important, and somewhat striking finding that has emerged from
our analysis: state-of-the-art cluster-based retrieval methods can be
less effective than standard document retrieval when using highly
effective queries. However, the merits of cluster-based document
retrieval still hold in the vast majority of cases where the initial query
provided to the retrieval system is of average to poor effectiveness.
An additional important finding in our analysis is that the percentage of relevant documents in an optimal cluster is dramatically
affected by query effectiveness.
Our contributions can be summarized as follows:
• This is the first study of the cluster-based document retrieval realm
in a retrieval setting with multiple queries representing the same
information need.
• We study the cluster hypothesis with queries of varying effectiveness and empirically show that for highly effective queries
the test holds to a lower degree than for moderately and poorly
performing queries.
• We empirically demonstrate that the relative effectiveness of stateof-the-art cluster-based document retrieval methods with respect
to standard document-based retrieval methods can be dramatically
affected by the effectiveness of the query used.
• We propose a suite of retrieval templates that allow to adapt various cluster-based retrieval methods to utilize multiple queries.
The resultant effectiveness of retrieval methods instantiated from
these templates transcends the state-of-the-art in (i) cluster-based
retrieval using a single query and (ii) prior work on utilizing multiple queries for retrieval.

2

RELATED WORK

The two lines of work most related to ours are using multiple queries
for retrieval and cluster-based document retrieval.
Using multiple queries for retrieval. The merits of applying fusion to document lists retrieved for queries representing the same
information need is now well understood [3–7, 34]; reciprocal rank
fusion (RRF) [10] consistently yields state-of-the-art performance in
this setting [6]. Our best performing methods outperform this fusion
approach. Furthermore, some of our suggested retrieval templates
apply RRF before or after cluster-based re-ranking is applied to document lists retrieved for multiple queries. We note that reciprocal
rank fusion is an unsupervised fusion method. One could potentially
further improve the performance of our methods that utilize fusion

of document lists by using supervised fusion (e.g., [38]). We leave
this exploration for future work.
It was recently shown that the relative prediction quality posted by
various query performance predictors can significantly vary when
varying the effectiveness of a query used to represent an information
need [47]. In a conceptually similar vein, we show that state-ofthe-art cluster-based document retrieval methods can actually be
outperformed by standard bag-of-words document retrieval models
if highly effective queries are used to represent information needs.
There was work on improving search efficiency when using multiple queries by clustering queries offline [7]. In contrast, we use
document clusters created at query time.
Cluster-based document retrieval. Work on (i) studying the cluster hypothesis [13, 15, 17, 36, 40, 44], (ii) analyzing optimal document
clusters [12, 20, 28, 36, 43], and (iii) devising cluster-based document
retrieval methods (e.g., [11, 17, 19–23, 28–30, 32, 33, 35, 43–45]) was
confined to the standard setting of using a single query to represent
an information need. We address these tasks where multiple queries
representing the same information need are available.
Clusters of documents in lists retrieved by applying different retrieval approaches for a single query were used to fuse the lists [18].
This fusion approach can be easily instantiated from one of the
retrieval templates we present for retrieval using multiple queries.
While the resultant performance is effective, we present much more
effective cluster-based approaches for utilizing multiple queries.
Cluster-based document retrieval methods can also be used to
improve search results diversification [35]. Integrating fusion of
ranked lists and topic modeling was also shown to be effective in
improving diversification [25]. Diversification of search results is
outside the scope of this paper.

3

RETRIEVAL FRAMEWORK

Suppose that the queries in a set Q = {𝑞 0,...,𝑞𝑚 } can represent —
to varying degrees of effectiveness — a given information need for
retrieval over a document corpus D. Our goal is to devise retrieval
methods that utilize Q to produce a single result list of 𝑛 documents.
We assume some document retrieval method, M𝑑𝑜𝑐 , that will be
used to produce initial rankings upon which cluster-based document
retrieval methods will operate; this re-ranking mode is common practice in work on cluster-based document retrieval [21, 23, 28–30, 35].
We also assume a document clustering algorithm and a cluster-based
document retrieval method, M𝑐𝑙𝑢𝑠𝑡 . The method can be used to
rank the documents in a set 𝑆 by utilizing the set of clusters, 𝐶𝑙 (𝑆),
created from 𝑆. Several of the methods we present utilize some fusion
method, M 𝑓 𝑢𝑠𝑒 , to merge document lists.
Details of the document retrieval method, the clustering algorithm,
the cluster-based document retrieval method and the fusion method
we use for experiments are provided in Section 3.2. The retrieval
approaches we present are not committed to any of these specific
choices. However, we make one assumption about the cluster-based
retrieval method: it uses a single query (which is standard practice)
and only for measuring similarities with documents or clusters. This
assumption holds for the vast majority of cluster-based document
retrieval methods [19–23, 27–29, 35].
[M;𝛾 ]
We use 𝐿𝑞,𝑆
to denote the list of 𝛾 documents most highly
ranked by retrieval method M when applied for query 𝑞 over the

document set 𝑆. 𝑆𝑖𝑚(𝑥,𝑦) is a similarity estimate for two texts 𝑥 and
𝑦; Section 3.2 provides details of the estimate.

underlying assumption is that each re-ranked list will be of higher
effectiveness than the initial list, and fusion of the re-ranked lists
will further improve performance.

3.1

PoolClust. The PoolClust method is inspired by a previously proposed cluster-based approach to fusion of retrieved document lists [18].
We apply the document-based method M𝑑𝑜𝑐 in response to each

Retrieval Templates

We next present five retrieval templates. These represent different
adaptations of a cluster-based retrieval method designed to work
with a single query to a setting where multiple queries, Q, are available. We call these “templates” as they can be instantiated in various
ways to yield specific retrieval methods; specifically, by selecting a
document retrieval method, a clustering algorithm, a cluster-based
retrieval method and a document fusion method.
QueryConcat. Inspired by work on query expansion using multiple queries [31], the QueryConcat method first concatenates all the
queries in Q to yield a single query 𝑞𝑐𝑜𝑛 . The order of concatenation has no effect since all retrieval models we apply use bag-ofterms representations. We then apply a document retrieval method,
M𝑑𝑜𝑐 , over the corpus using 𝑞𝑐𝑜𝑛 ; the list of 𝑛 most highly ranked
[M

𝑑𝑒 𝑓

,𝑛]

documents is: 𝐿𝑐𝑜𝑛 = 𝐿𝑞𝑐𝑜𝑛𝑑𝑜𝑐
. We re-rank this list using the
,D
cluster-based approach applied with 𝑞𝑐𝑜𝑛 to yield the final result list:
𝑑𝑒 𝑓

[M

;𝑛]

𝐿QueryConcat = 𝐿𝑞𝑐𝑜𝑛𝑐𝑙𝑢𝑠𝑡
,𝐿𝑐𝑜𝑛 .
In comparison to cluster-based document retrieval in the standard
setting of using a single query, QueryConcat leverages the multiple
queries in two ways: (i) to produce a potentially improved initial
document ranking — to be re-ranked by the cluster-based approach
— by the virtue of using a richer information need representation
(𝑞𝑐𝑜𝑛 ), and (ii) to apply the cluster-based retrieval method with this
improved representation.
FuseClust. The FuseClust method employs a different approach than
QueryConcat to improve the initial ranking upon which cluster-based
re-ranking is applied. That is, rather than integrating evidence about
the information need at the query level, the evidence is integrated
at the retrieved list level. Specifically, multiple initial lists, each retrieved for a query in Q, are fused. The resultant list should be highly
effective with respect to the lists that are fused [2, 3, 5, 6]; hence, it
should serve as an effective basis for cluster-based re-ranking.
More formally, retrieval is performed for each query 𝑞𝑖 (∈ Q) us𝑑𝑒 𝑓

ing the document-based method M𝑑𝑜𝑐 to produce the list 𝐿𝑖 =
[M ;𝑛]
𝐿𝑞 ,D𝑑𝑜𝑐 . The lists {𝐿𝑖 } are then fused to one list, and the top-𝑛
𝑖
documents serve as the list 𝐿 𝑓 𝑢𝑠𝑒 . The next step is to apply the clusterbased method upon 𝐿 𝑓 𝑢𝑠𝑒 to yield the final result list. We replace
the document-query similarity estimates used by the cluster-based
retrieval method with the documents’ fusion scores. The latter are
presumably better document relevance estimates than those based
on the similarity of a document to a single query2 .
ClustFuse. The ClustFuse method, as FuseClust, utilizes fusion of
document lists. The difference is that the cluster-based re-ranking
is applied before the fusion. More specifically, as in FuseClust, we use
the document-based method M𝑑𝑜𝑐 with each query 𝑞𝑖 to produce
𝑑𝑒 𝑓

[M ;𝑛]
𝐿𝑞 ,D𝑑𝑜𝑐 .
𝑖

the list: 𝐿𝑖 =
We then use the cluster-based method
to re-rank each of the lists 𝐿𝑖 , and we fuse the re-ranked lists. The
2 In case the cluster-based method also utilizes cluster-query similarities, we can
replace each of these estimates with an aggregate (e.g., arithmetic or geometric means)
of the fusion scores of the cluster’s constituent documents.

𝑑𝑒 𝑓

[M

;𝑛]

query 𝑞𝑖 to yield 𝐿𝑖 = 𝐿𝑞 ,D𝑑𝑜𝑐 . We then form a set of documents,
𝑖
𝑆, from all those that appear at the top-𝜈 ranks of at least one of the
lists 𝐿𝑖 ; 𝜈 is set to the maximal value such that 𝑆 includes at most
𝑛 documents. We then apply the cluster-based method upon 𝑆; in
doing so, each document (𝑑) - query (𝑞) similarity estimate, 𝑆𝑖𝑚(𝑞,𝑑),
Í
is replaced with | Q1 | 𝑞𝑖 ∈Q 𝑆𝑖𝑚(𝑞𝑖 ,𝑑); and, each cluster (𝑐) - query (𝑞)
Í
similarity estimate, 𝑆𝑖𝑚(𝑞,𝑐), is replaced with | Q1 | 𝑞𝑖 ∈Q 𝑆𝑖𝑚(𝑞𝑖 ,𝑐).
SimClust. The SimClust method applies the same principle applied
by the PoolClust method: document-query and cluster-query similarity estimates in the cluster-based method are replaced with the
arithmetic means, over the queries in Q, of the corresponding estimates. The difference with PoolClust is the set of documents upon
which the cluster-based method is applied: some query 𝑞 from Q
is selected, retrieval is performed over the corpus with respect to
this query using the document-based method, and the resultant list,
𝑑𝑒 𝑓

[M

;𝑛]

𝐿 = 𝐿𝑞,D𝑑𝑜𝑐 , is re-ranked using the cluster-based method. The
goal of studying this method is to evaluate the merit of re-ranking a
single retrieved list using the cluster-based retrieval method where
query-similarity estimates are based on the set of queries rather than
on a single query as is standard.

3.2

Retrieval Methods

The retrieval templates described above can be instantiated in various
ways by selecting the document-based retrieval method, the clustering algorithm, the cluster-based retrieval method and the fusion
method. We next describe the instantiations we experimented with.
All the methods we present operate in the language modeling
framework as was the case in the vast majority of previous work
𝐷𝑖𝑟 ;𝜇
on cluster-based document retrieval [19–23, 27–29, 35]. Let 𝜃 𝑥
denote the Dirichlet smoothed unigram language model induced
from text 𝑥 using the smoothing parameter 𝜇 [48]. The inter-text


𝑑𝑒 𝑓
𝐷𝑖𝑟 ;𝜇
similarity measure is: 𝑆𝑖𝑚(𝑥,𝑦) = exp(−𝐶𝐸 𝜃 𝑥𝐷𝑖𝑟 ;0 ||𝜃 𝑦
); 𝐶𝐸
is the cross entropy measure; 𝜃 𝑥𝐷𝑖𝑟 ;0 is the unsmoothed maximum
likelihood estimate induced from 𝑥.
Document-based retrieval method. We use standard languagemodel-based retrieval [24] for the document-based retrieval method
M𝑑𝑜𝑐 . This is the common practice in most previous work on clusterbased document retrieval [19–23, 27–29, 35]. The retrieval score of
document 𝑑 for query 𝑞 is 𝑆𝑖𝑚(𝑞,𝑑) which is rank equivalent to the
query likelihood retrieval score [41].
Clustering algorithm. The merits of using small (overlapping)
nearest-neighbor clusters for cluster-based document retrieval have
long been demonstrated [19, 22, 23, 28, 29, 35]; e.g., with respect to
using various hard clustering techniques [19, 35]. To create the set
of clusters 𝐶𝑙 (𝑆) from a document set 𝑆, we define a cluster based on
each document𝑑 in𝑆 as follows. We declare𝑑 and the𝑘 −1 documents
𝑑 ′ in 𝑆 (𝑑 ′ ≠𝑑) that yield the highest 𝑆𝑖𝑚(𝑑,𝑑 ′ ) to be a cluster.

Table 1: TREC collections used for experiments.

Data
Documents
Topics
Average number of
queries per topic

ROBUST

CW12

Disks 4 & 5 (-CR)
528,155
301-450, 600-700
12.5

ClueWeb12 Category B
52,343,021
201-300
45.4

Cluster-based retrieval method. We use three different clusterbased retrieval methods to instantiate the retrieval templates. The
first is the state-of-the-art ClustMRF method [35]. ClustMRF was the
best performing document retrieval method in the Web track of
TREC 2013 [9]. It is based on supervised ranking of the clusters. The
cluster ranking is transformed to document ranking by replacing
each cluster with its constituent documents while omitting repeats.
The order of documents within a cluster is determined based on
their query similarity. ClustMRF uses three groups of features to rank
clusters: (i) query-similarity estimates of documents in clusters, (ii)
inter-document similarities in a cluster, and (iii) query-independent
relevance measures of documents in a cluster (e.g., entropy of the
term distribution of a document, its inverse compression ratio, and
stopwords-based features).
The second cluster-based retrieval method, GeoClust [21], is also
based on ranking clusters and transforming the cluster ranking to
document ranking as in ClustMRF [35]. Clusters are simply ranked
by the geometric mean of the query similarities of their constituent
documents. In fact, GeoClust is used as a feature in ClustMRF. The use
of the geometric mean was also shown to be of merit at the language
model level [37], specifically for ranking document clusters [30].
The third cluster-based retrieval method, Interp-f [19], directly
ranks documents using cluster-based information. To rank a document set 𝑆 for query 𝑞, documentÍ𝑑’s (∈ 𝑆) retrieval score is:
𝑆𝑖𝑚(𝑞,𝑑)
𝑐 ∈𝐶𝑙 (𝑆) 𝑆𝑖𝑚(𝑞,𝑐)𝑆𝑖𝑚(𝑐,𝑑)
Í
Í
(1−𝜆) Í
′ ) +𝜆
′ ;
′
′
𝑆𝑖𝑚(𝑞,𝑑
𝑑 ∈𝑆
𝑑 ∈𝑆 𝑐 ∈𝐶𝑙 (𝑆) 𝑆𝑖𝑚(𝑞,𝑐)𝑆𝑖𝑚(𝑐,𝑑 )
𝜆 is a free parameter. Interp-f rewards document 𝑑 if its query similarity is high and/or it is highly similar to document clusters whose
constituent documents are highly similar to the query.
Fusion method. We use the reciprocal-rank fusion method [10]
to fuse document lists 𝐿𝑖 . Specifically, document 𝑑’s fusion score is:
Í
1
𝐿𝑖 :𝑑 ∈𝐿𝑖 𝛼+𝑟𝑎𝑛𝑘 (𝑑;𝐿𝑖 ) , where 𝑟𝑎𝑛𝑘 (𝑑;𝐿𝑖 ) is 𝑑’s rank in 𝐿𝑖 (the rank
of the highest ranked document is 1) and 𝛼 is a free parameter. This
fusion method is highly effective in general [1], and was shown to
be highly effective for fusing document lists retrieved in response
to query variations representing the same information need [3, 6].

4 EVALUATION
4.1 Experimental Setting
Data. We use two TREC collections for experiments: ROBUST, a
small collection of mainly news documents and ClueWeb12, CW12
in short, a much larger Web collection. Each collection is associated
with a set of TREC topics portraying different information needs. In
prior work on cluster-based retrieval, a single query served for representing a topic. This query, henceforth title query, was the topic’s title.
In this work, in addition to the title query, we use queries which were

written by crowd workers to represent the same topic [2, 6].3 Recent
work shows the performance similarities between these humangenerated queries and reformulations automatically selected from
a search engine’s query log [26]. Further details about the document
collections, topics and queries are provided in Table 1.4
All queries and documents were stemmed using the Krovetz stemmer. Stopwords on the INQUERY list were removed from queries.
We discarded duplicate queries and queries with out-of-vocabulary
terms. Our experiments were performed using the Indri toolkit.5
The set of queries Q per TREC topic consists of the title query (𝑞 0 )
and 𝑚 additional queries ({𝑞 1,...,𝑞𝑚 }) randomly sampled from all
those available for the topic. To prevent potential sampling bias, we
repeat the experiments 30 times by using 30 random samples of query
sets; we then report the average performance over the samples.
Evaluation metrics. To study the extent to which the cluster hypothesis holds for a document set 𝑆 (|𝑆 | > 1) retrieved for a topic, we
apply Voorhees’ nearest-neighbor test [44]. For each relevant document 𝑑 ∈ 𝑆, we count the number of relevant documents among its
𝑘 −1 nearest neighbors: the 𝑘 −1 documents 𝑑 ′ ∈ 𝑆 (𝑑 ′ ≠𝑑) that yield
the highest 𝑆𝑖𝑚(𝑑,𝑑 ′ ). These counts are averaged over the relevant
documents in 𝑆. The reported result is the average of per-topic values.
To evaluate retrieval performance, we use MAP@𝑛: Mean Average
Precision of the top-𝑛 documents, P@5: precision of the top-5 documents, and NDCG@20: Normalized Discounted Cumulative Gain of
the top-20 documents. Recall that the cluster-based methods in all the
templates re-rank lists of up to 𝑛 documents. Statistically significant
performance differences are determined using the two-tailed paired
t-test (𝑝 ≤ 0.05) with Bonferroni correction for multiple testing.
Baselines. We compare the performance of our proposed templates
when instantiated with different cluster-based retrieval methods
with the performance of these methods when a single title query is
used which is the standard practice.
We also use for reference the effectiveness of the different document lists upon which the cluster-based templates are applied. For
QueryConcat, the document list is retrieved in response to the concatenated query𝑞𝑐𝑜𝑛 . For FuseClust, the document list is created by fusing
the multiple initial lists retrieved in response to each of the queries
in Q. As already noted, we use the RRF method [10] that was shown
to be highly effective in fusing lists retrieved for multiple queries
representing the same information need [3, 6]. For SimClust, we use
the cluster-based templates upon the list of documents retrieved
with respect to the title query. Note that the initial lists used in the
PoolClust and ClustFuse templates cannot serve as baselines: in PoolClust the cluster-based methods are applied to an unordered set of
documents and in ClustFuse the methods are applied to multiple lists.
An additional baseline is the query expansion method AriRM which
utilizes multiple queries representing the same information need [31].
AriRM constructs a single relevance model by fusing the relevance
models induced from the lists retrieved in response to the queries.
Additional implementation details. To set the free-parameter
values of all methods, and to learn feature weights in ClustMRF,
we used cross validation over topics. The topics were divided into
3 The queries are publicly available at https://tinyurl.com/robustuqv and
https://tinyurl.com/clue12uqv.
4 Topic 672 for ROBUST was discarded as all judged documents were non-relevant.
5 www.lemurproject.org/indri

Table 2: The performance of the initial ranking (Initial) and the
cluster-based methods when queries of varying effectiveness
are used to represent topics. ‘★’ marks statistically significant
differences with Initial.
Title

Q1

Q2

Q3

Q4

Initial

MAP@100
P@5
NDCG@20

.216
.487
.410

.154
.383
.305

.199
.448
.377

.249
.562
.461

.342
.700
.578

ClustMRF

MAP@100
P@5
NDCG@20

.231★
.511★
.423★

.171★
.410★
.331★

.209★
.471
.392★

.262★
.578
.479★

.334★
.688
.565★

.169★

GeoClust

MAP@100
P@5
NDCG@20

.230★
.491
.417

.383
.327★

.218★
.492★
.406★

.271★
.599★
.493★

.339
.678★
.572

Interp-f

MAP@100
P@5
NDCG@20

.224★
.492
.418

.165★
.390
.316★

.212★
.492★
.408★

.261★
.582★
.484★

.348★
.714★
.588★

Initial

MAP@100
P@5
NDCG@20

.148
.444
.415

.081
.388
.321

.123
.482
.417

.160
.538
.484

.222
.718
.631

ClustMRF

MAP@100
P@5
NDCG@20

.143★
.436
.406

.085
.400
.318

.125
.504
.429

.160
.580★
.495

.207★
.692
.589★

GeoClust

MAP@100
P@5
NDCG@20

.142★
.422
.398★

.084
.388
.311

.122
.468
.397★

.162
.546
.490

.212★
.726
.596★

Interp-f

MAP@100
P@5
NDCG@20

.148
.444
.415

.081
.388
.321

.123
.482
.417

.159
.544★
.484

.222
.718
.631

ROBUST

CW12

five folds based on their IDs. One fold was retained for testing in a
round-robin fashion. For all the methods except for ClustMRF, freeparameter values were selected based on the four remaining training
folds. For ClustMRF [35], three out of the four folds were used to learn
feature weights for each configuration of the free-parameter values.
The learned models were applied to the fourth fold that served for
validation. This procedure was repeated four times where each time
a different fold was held out for validation. The free-parameter values were selected based on the average performance over the topics
in the four validation folds. A final model was then learned using all
four training folds. The feature weights in ClustMRF were learned
using linear SVM𝑟𝑎𝑛𝑘 6 applied with default hyper-parameter values.
We report in all cases the average performance over all the topics
per dataset when these were part of the test folds. MAP@100 served
for the optimization metric in all the experiments.
Cluster-based document retrieval methods were shown to perform particularly well when applied upon relatively short document
lists [35]. Accordingly, we set the number of documents in the initial
lists, 𝑛, to 100.7 The size of the nearest-neighbor clusters 𝑘 was selected from {5,10} as in past work [19–21, 35]. The Dirichlet smoothing parameter 𝜇 for inducing language models (Section 3.2) is set to
1000 [48]. The query set Q for a topic contains the title query and
𝑚 additional sampled queries; 𝑚 was set to values in {1,3,5,10} for
ROBUST and in {1,5,15,25} for CW12 [31]. The value of 𝛼 in the
RRF fusion method was selected from {30,60,90}. The value of 𝜆 in
Interp-f is in {0,0.1,...,1}. We clipped the concatenated query 𝑞𝑐𝑜𝑛
6 www.svmlight.joachims.org
7 Experiments with 𝑛 = 50 resulted in relative performance patterns highly similar

to those for 𝑛 = 100. Actual numbers are omitted as they convey no additional insight.

in QueryConcat to the {5,10,25,𝐴𝑙𝑙 }8 terms assigned with the highest probabilities by the unsmoothed maximum likelihood estimate
induced from 𝑞𝑐𝑜𝑛 . (Refer back to Section 3.2 for details.)
The AriRM baseline [31] was applied to the list 𝐿 𝑓 𝑢𝑠𝑒 which is also
used in the FuseClust template.9 The number of top-ranked documents used to induce the relevance models in AriRM was selected
from {25,50}; the term-clipping (𝛽) and query-anchoring (𝜆) parameters were set to values in {5,10,25,50} and {0,0.1,...,1}, respectively.
Efficiency considerations. The cluster-based methods we consider
rely on clustering only a few hundred documents. The clustering can
be performed very quickly; e.g., based on document snippets [46].
This observation is the basis for previous work on cluster-based
document retrieval [22, 23, 28, 30, 35, 45]. Furthermore, there are
recent techniques for highly efficient utilization of multiple query
variations that can be used to estimate document-query and clusterquery similarities in our setting [7, 8]. Hence, the computational
overhead incurred by using cluster-based methods with multiple
queries is not significant.

4.2

Experimental Results

4.2.1 Query effectiveness. The choice of a query to represent a
given information need was shown to substantially affect the performance of standard language-model-based document retrieval [31,
47] and the relative quality of query performance predictors [47].
We study the impact of the chosen query on the (i) performance of
existing cluster-based document retrieval methods, (ii) results of the
cluster hypothesis test and (ii) percentage of relevant documents in
the optimal cluster, which is the cluster that contains the highest
percentage of relevant documents among all those created from
top-retrieved documents [12, 20, 28, 43].
We assume in this study that a single query, not necessarily the
title query, is used for retrieval per topic. To select the query, we
divided all the queries of a topic into quartiles based on the effectiveness (determined using Average Precision; AP@𝑛) of the initial
lists (henceforth denoted Initial) that were retrieved in response to
these queries by the basic language-model approach; these lists are
the ones re-ranked by cluster-based retrieval methods. We consider
the lower quartile (Q1), median (Q2), upper quartile (Q3) and best
performing (Q4) queries; and the title (Title) query which was used
to represent topics in past research on cluster-based retrieval.
Cluster-based retrieval. Table 2 presents the effectiveness of the
initial lists (Initial) retrieved in response to each of the queries (Q1,
Q2, Q3, Q4 and Title) by the basic language-model approach and the
cluster-based methods applied upon these lists. Our first observation
is that the cluster-based retrieval methods (ClustMRF, GeoClust and
Interp-f) outperform Initial in the majority of the cases. This indicates
that cluster-based retrieval is often effective in re-ranking regardless
of the effectiveness of the queries used; many of the improvements
over Initial are statistically significant, especially for ROBUST. The
main exception is for highly effective queries (Q4) discussed below.
We also see in Table 2 that ClustMRF is better than Interp-f on
ROBUST for Title and Q1 queries, while the reverse holds for Q2
and Q4 queries. On CW12, ClustMRF is better than GeoClust for Title,
8 “𝐴𝑙𝑙 ” means that no clipping was applied.
9 Applying AriRM on the initial document list retrieved for the title query resulted
in inferior performance.

Table 3: The cluster hypothesis test. ‘★’: statistically significant
difference with Q1. Underline: best result per collection.

ROBUST
CW12

Title

Q1

Q2

Q3

Q4

.159
.080★

.171
.097

.166
.084★

.152★
.074★

.137★
.071★

Table 4: The percentage of relevant documents in the optimal
cluster. ‘★’: statistically significant differences with Q4. Underline:
highest value per collection.

Table 5: Main result. Comparing the two most effective methods
instantiated from our templates, ClustMRFClustFuse and InterpfQueryConcat , with the baselines. 𝑚 = 5 and 𝑚 = 15 queries, in
addition to the Title query, were used for ROBUST and CW12, respectively. Scripts ‘1’ - ‘7’ indicate statistically significant differences
(after Bonferroni correction) with respect to the numbered baselines.
Underline: best result in a column.
ROBUST
MAP@100

ROBUST
CW12

Title

Q1

Q2

Q3

Q4

82.2★
80.2★

76.5★
74.6★

83.2★
82.0★

86.3★
85.2★

89.6
91.6

Q1 and Q2 queries, but the reverse holds for Q3 and Q4. Thus, we

arrive to the conclusion that the relative effectiveness of different
cluster-based document retrieval methods can change depending
on the effectiveness of the query used to represent the information
need. This conclusion has far reaching implications since previous
work on cluster-based document retrieval (as most other work on
document retrieval) used the Title queries for evaluation. As noted
above, a similar conclusion was drawn about the relative prediction
quality of query-performance prediction methods [47].
Another interesting observation that we make based on Table 2
is that the relative improvements over the initial rankings of the
cluster-based retrieval methods tend to decrease for exceptionally
effective queries. For example, the relative improvements attained
for Q4 queries are often lower than those attained for Q1, Q2 and Q3.
In fact, in most cases, cluster-based retrieval does not improve performance over the initial document ranking when using Q4 queries.
A case in point, the state-of-the-art ClustMRF method can actually
post performance inferior to that of the initial ranking for Q4 queries.
Cluster hypothesis. In Table 3 we present the results of the cluster hypothesis test. The test is applied to the initial document lists
retrieved with respect to the Title, Q1, Q2, Q3 and Q4 queries. We see
that the hypothesis holds to a larger extent as the query representing
the information need becomes less effective, e.g., contrast Q1 with Q2,
Q2 with Q3 and Q3 with Q4. Most of the differences with Q1, the least
effective query which is also the one for which the hypothesis holds
to the largest extent, are statistically significant. This finding, which
is novel to our work, implies that relevant documents retrieved with
respect to poorly (highly) performing queries tend to be more (less)
similar compared to those retrieved with respect to more (less) effective queries. Moreover, this finding can explain to some extent the
phenomenon we observed in Table 2 about cluster-based retrieval
methods being relatively less effective for highly performing queries:
the clusters are of lower quality (than for less effective queries) in that
they conatin, on average, a lower percentage of relevant documents.
Optimal cluster. Table 4 presents the (average) percentage of relevant documents in the optimal cluster for queries of different effectiveness. The optimal cluster for a query is the one that contains the
highest percentage of relevant documents among all clusters created
from the top-𝑛(= 100) documents in the initial ranking for that query.
We see that the percentages can vary substantially with respect to
the query used; e.g., from 74.6% for Q1 to 91.6% for Q4 on CW12.
As could be expected, the percentage of relevant documents in the

1 Initial

P@5

CW12
NDCG@20 MAP@100

P@5

NDCG@20

FuseClust
SimClust
3 Initial
QueryConcat
4 ClustMRF
Title
5 GeoClust
Title
6 Interp-f
Title
7 AriRM

.268
.2241
.28812
.23113
.23013
.22413
.27123

.593
.4811
.6032
.51113
.49113
.49213
.57623

.481
.4051
.49612
.42313
.41713
.418123
.47623

.197
.1481
.1571
.14313
.14213
.1481
.188123

.560
.4441
.51112
.43613
.42213
.44413
.50712

.512
.4151
.45812
.40613
.39813
.41513
.47712

ClustMRFClustFuse
Interp-fQueryConcat

.28012
456
.29012
4567

.60824567
.60812
4567

.49912
4567
.50212
34567

.210123
4567
.19323
456

.640123
4567
.57723
4567

.566123
4567
.52223
4567

2 Initial

46

46

46

46

6

46

optimal cluster increases with an increase in query effectiveness
as the number of relevant documents at the top-ranks of the initial
ranking increases.
4.2.2 Main results of the retrieval templates. Thus far, we studied the performance of existing cluster-based document retrieval
methods when a single query is used for retrieval per topic. In what
follows, we examine the effectiveness of our cluster-based templates
instantiated using these methods when multiple queries are used.
For a cluster-based method X (∈ {ClustMRF, GeoClust, Interp-f }) and a
template Y (∈ {QueryConcat, FuseClust, ClustFuse, PoolClust, SimClust }),
we use XY to indicate that X was used to instantiate Y. In addition,
we use InitialY to refer to the initial document list upon which Y is
applied and XTitle to the cluster-based method X when a single title
query is used as is standard. We compare in Table 5 the performance
of our two best-performing methods (full analysis of all methods is
provided in Section 4.2.3), the ClustFuse template instantiated with
ClustMRF (ClustMRFClustFuse ) and the QueryConcat template instantiated with Interp-f (Interp-fQueryConcat ), with that of all baselines:
the three initial lists upon which the cluster-based retrieval methods are applied in our templates (InitialFuseClust , InitialSimClust 10
and InitialQueryConcat ), the cluster-based methods when only the
title query is used (ClustMRFTitle , GeoClustTitle and Interp-fTitle ), and
the AriRM query expansion method. We use 𝑚 = 5 for ROBUST and
𝑚 = 15 for CW12 which represent a descent percentage of all available queries. In Section 4.2.4 we study the effect of varying the value
of 𝑚 on the performance of our approaches.
We see in Table 5 that our two methods Interp-fQueryConcat and
ClustMRFClustFuse almost always outperform all the baselines; the
vast majority of the improvements are statistically significant. There
is a single case where one of our methods does not outperform a
baseline. Both methods are always statistically significantly more
effective than the initial list retrieved in response to the title query
(InitialSimClust ) and all the cluster-based methods when only the
title query is used. Our methods also outperform the highly effective
reciprocal-rank fusion approach (InitialFuseClust )11 and the query
10 This is the initial list retrieved in response to the title query.
11 Reciprocal rank fusion is a strong baseline in work on using multiple queries [6].

0.3

ROBUST

0.2

0.28
0.27

InitialFuseClust
InitialQueryConcat
ClustMRFClustFuse
Interp-fQueryConcat

0.26

MAP@100
1 Initial
FuseClust
2 Initial

QueryConcat

3 ClustMRF

Title
ClustMRFQueryConcat
ClustMRFFuseClust
ClustMRFClustFuse
ClustMRFPoolClust
ClustMRFSimClust

4 GeoClust

Title
GeoClustQueryConcat
GeoClustFuseClust
GeoClustClustFuse
GeoClustPoolClust
GeoClustSimClust

5 Interp-f

Title
Interp-fQueryConcat
Interp-fFuseClust
Interp-fClustFuse
Interp-fPoolClust
Interp-fSimClust

P@5

CW12
NDCG@20 MAP@100

P@5

InitialFuseClust
InitialQueryConcat
ClustMRFClustFuse
Interp-fQueryConcat

0.18
0.17
0.16

0.24

NDCG@20

MAP@100

0.19

0.25

ROBUST

CW12B
0.21

0.29

MAP@100

Table 6: Comparison of all methods instantiated from our templates
and the most effective baselines. 𝑚 = 5 and 𝑚 = 15 queries, in addition
to the Title query, were used for ROBUST and CW12, respectively.
Underline marks the best result in a column. Subscripts (numbers)
indicate a statistically significant difference (after Bonferroni
correction) with the corresponding numbered method.

0.23

0.15
1

3

5

m

10

1

5

m

15

25

.268
.288

.593
.603

.481
.496

.197
.157

.560
.511

.512
.458

.231
.267
23
.233
12
.280
123
.203
123
.242

.511
.543
12
.554
123
.608
3
.457
123
.554

.423
.458
123
.436
12
.499
13
.383
123
.462

.143
.189
23
.197
23
.210
123
.165
13
.156

.436
.613
123
.626
123
.640
123
.537
3
.514

.406
.531
23
.538
23
.566
123
.489
3
.467

Figure 1: The effect on performance of the number of queries used
(𝑚) in addition to the Title query. Note: figures are not to the same
scale.

.230
.286
14
.270
24
.281
14
.223
12
.249

.491
.580
24
.578
24
.606
4
.451
124
.580

.417
.494
4
.485
24
.498
14
.391
12
.471

.142
.189
124
.190
124
.199
24
.128
12
.147

.422
.577
24
.542
4
.562
24
.281
124
.479

.398
.511
24
.500
24
.522
24
.301
124
.430

.224
.290
15
.269
25
.273
125
.233
1
.249

.492
.608
15
.587
25
.598
5
.525
1
.575

.418
.502
125
.484
25
.489
15
.443
1
.474

.148
.193
25
.195
125
.197
25
.155
1
.159

.444
.577
125
.561
25
.560
25
.464
1
.509

.415
.522
25
.511
25
.512
25
.435
1
.468

Recall that ClustFuse first applies cluster-based retrieval upon each
of the lists retrieved for the queries, and then fuses the resultant lists.
QueryConcat simply concatenates the queries and feeds them to a
cluster-based retrieval method. The two best performing methods
that are instantiated from these templates are Interp-fQueryConcat
and ClustMRFClustFuse which consistently, and almost always statistically significantly, outperform the two baselines.
The least effective template, across the cluster-based methods
used for instantiation, is PoolClust. The second least effective template is SimClust. They are also consistently (and often statistically
significantly) outperformed by the two baselines. Both these templates leverage the multiple queries at the query-document and/or
query-cluster similarity level; that is, the similarity to a single query
is replaced with the average similarity to all given queries. We note
that the method instantiated from PoolClust using the Interp-f cluster
retrieval model is a conceptual analog of a method proposed for
cluster-based fusion of document lists retrieved for a single query
by different retrieval systems [18].
Additional observation based on Table 6 is that the FuseClust template is more effective than PoolClust and SimClust and less effective
than ClustFuse and QueryConcat. The comparison with the first two
further attests to the merits of integrating information induced from
multiple queries by fusion at the document list level rather than by
improving query-similarity estimates. The superiority of ClustFuse to
FuseClust means that it is more effective to first re-rank each retrieved
list using cluster-based information and then fuse the resultant lists
than to first fuse the lists and then utilize cluster-based information
from the fused list so as to re-rank it.
We also see in Table 6 that in most cases the standard single-query
cluster-based retrieval methods (Title rows) are less effective than the
templates. This finding further attests to the merits of using multiple
queries for retrieval, specifically, with a cluster-based approach.

123

124

15

123

24

15

123

24

5

13

1

15

3

14

15

13

124

15

expansion method AriRM;12 most of the improvements over these
two baselines are statistically significant. The best performance is
always attained by one of our methods: Interp-fQueryConcat is the
best performing method for ROBUST and ClustMRFClustFuse is the
best performing method for CW12.
To summarize, the best performing methods instantiated from our
templates using existing cluster-based document retrieval methods
are significantly more effective than (i) using the same cluster-based
retrieval methods with a single query (as is standard), and (ii) using
very strong baselines for utilizing multiple queries.
4.2.3 Comparison of templates. In Table 6 we compare the performance of all methods instantiated from our templates. As reference
comparisons we use the two baselines which were, in general, the
most effective among those we considered: the initial document lists
used by FuseClust and QueryConcat. (Refer back to Table 5.) The former is the reciprocal rank fusion of the lists retrieved for the queries,
and the latter is standard language-model retrieval with a query
which results from concatenating all those available.
We can see in Table 6 that ClustFuse and QueryConcat are the two
most effective templates across the cluster-based retrieval methods
used to instantiate the templates. Indeed, all underlined numbers
in the table, which are the best performance per corpus and evaluation metric, appear in rows corresponding to these two templates.
12 The relative performance patterns of AriRM with respect to some of the baselines
are not as those originally reported [31]. The reason, as it turns out, is that we operate
in a re-ranking setting where AriRM is used to re-rank a list fused from those retrieved
for the queries. In the original report, AriRM and the reference comparisons were used
to rank the entire corpus [31]. To further validate our findings, we have tested our
implementation of AriRM in ranking the entire ROBUST corpus with multiple queries
and found the resultant MAP performance to be as good as that originally reported [31].

4.2.4 The effect of the number of queries. In Figure 1 we study
the effect on performance of the number of queries, 𝑚, in the query
set Q used in addition to the Title query. We present the results for
our two best performing methods, Interp-fQueryConcat and
ClustMRFClustFuse , and the two best performing baselines,
InitialFuseClust and InitialQueryConcat . The baselines are affected by
the number of queries since InitialFuseClust is the list attained from
fusing (using reciprocal rank fusion) the lists retrieved in response

to the queries and InitialQueryConcat is the list attained from applying standard retrieval in response to the concatenation of all given
queries.
We see in Figure 1 that the performance of all methods, except for
InitialQueryConcat on CW12, increases with an increased number of
queries. In InitialQueryConcat all the queries are concatenated, and
the standard language model retrieval applied here is not necessarily
very effective for very long queries [16]. Figure 1 also shows that for
each of the two corpora, our best performing method almost always
consistently outperforms the two baselines; the single exception is
𝑚 = 1 for CW12. This finding further attests to the effectiveness of
our templates in utilizing information induced from multiple queries,
specifically, in a cluster-based document retrieval framework.

5

CONCLUSIONS

We presented the first study of using multiple queries to represent
an information need in the cluster-based document retrieval realm.
We found that the cluster hypothesis holds to a larger extent for less
effective queries than for highly effective queries. We also found
that the relative effectiveness of cluster-based document retrieval
methods can change with respect to the effectiveness of the query.
We proposed a suite of retrieval templates that allow to adapt existing cluster-based document retrieval methods which were designed
to work with a single query to utilize multiple queries. Empirical
evaluation showed that the best performing methods instantiated
from the templates outperform very strong baselines.
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