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ABSTRACT
To improve the precision at the very top ranks of a document list presented in response to a query, researchers suggested to exploit information induced from clustering of documents highly ranked by some initial search. We propose
a novel model for ranking such (query-specific) clusters by
the presumed percentage of relevant documents that they
contain. The model is based on (i) proposing a palette
of “witness” cluster properties that purportedly correlate
with this percentage, (ii) devising concrete quantitative measures for these properties, and (iii) ordering the clusters via
aggregation of rankings induced by these individual measures. Empirical evaluation shows that our model is consistently more eﬀective than previously suggested methods
in detecting clusters containing a high relevant-document
percentage. Furthermore, the precision-at-top-ranks performance of this model transcends that of standard documentbased retrieval, and competes with that of a state-of-the-art
document-based retrieval approach.
Categories and Subject Descriptors: H.3.3 [Information Search
and Retrieval]: Retrieval models, Clustering
General Terms: Algorithms, Experimentation
Keywords: clusters, query-specific clustering, cluster properties,
optimal cluster, language models, rank aggregation

1.

INTRODUCTION

Users of search engines expect to see the documents pertaining to their queries at the very top ranks of the retrieved
results. To address this challenge, some researchers proposed to utilize information captured by clusters of the documents most highly ranked by some initial search (a.k.a.
query-specific clusters) [28, 34, 11, 22, 31, 30, 24, 18, 26, 25].
Table 1 illustrates one of the most signiﬁcant (potential)
merits in employing query-speciﬁc clustering. The ﬁrst two
rows depict the precision of the top-5 retrieved documents
(p@5) performance obtained over three TREC benchmarks
[33] by a standard language model approach [27] and by
a state-of-the-art retrieval approach, namely, the relevance
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Standard LM
Relevance Model
Optimal Cluster

WSJ
53.6
58.8
81.5

TREC8
50.0
53.6
83.6

AP
45.7
50.3
79.6

Table 1: The average percentage of relevant documents in an optimal cluster of 5 documents in comparison to the p@5 performance obtained by a standard language model (LM) approach and a relevance
model (RM3) [1].
model (RM3) [20, 1]. Now, suppose that we use some clustering algorithm (for each query) upon the 50 highest-ranked
documents (henceforth referred to as the “initial list”) by the
standard language model approach to produce clusters of 5
documents; the bottom-most row in Table 1 then shows the
(average) percentage of relevant documents in the optimal
cluster — the cluster that contains the highest such percentage. (Further technical details regarding the retrieval
and clustering methods are elaborated in Section 4.) The
message rising from Table 1 is clear: if we were able to automatically detect for each query its optimal cluster(s), and
then position their constituent documents at the top of the
returned results, then the resultant retrieval performance
would have been substantially better than that of current
(state-of-the-art) document-based retrieval approaches.
The conclusion just drawn has long been echoed by researchers who employed various clustering techniques to topretrieved documents [11, 31, 14, 25] following van Rijsbergen’s cluster hypothesis [32]. Nevertheless, there are relatively few reports on concrete approaches for automatically
detecting optimal (query-speciﬁc) clusters [34, 24, 18, 26,
25]. Furthermore, most of these approaches are based on
comparing a cluster representation with that of the query,
and this turns out to have only limited success [34, 24, 26].
In this paper we propose a general framework for tackling
the problem of (automatically) identifying optimal queryspeciﬁc clusters. The intuitive basic principle underlying
our proposal is to
• identify a palette of “witness” properties of query-speciﬁc
clusters, such that the satisfaction-degree of each property can be arguably hypothesized to imply about the
percentage of relevant documents in a cluster, and
• aggregate the“testimonies” of these “witnesses” to overcome their individual biases and weaknesses, and thereby
improve the robustness of the overall cluster-evaluation.

Technically, this evidence-aggregation principle boils down
to rank aggregation of rankings induced over the clusters by
the individual “witness” properties. In particular, here we
propose four such qualitative properties that we hypothesize
to be connected to the percentage of relevant documents in
query-speciﬁc clusters. All four properties are derived from
insights — most of which are only indirectly related to the
task of optimal-cluster detection — on individual (and arbitrary sets of) relevant documents that have been gained in
prior work on (i) relevance feedback [29], (ii) cluster-based
retrieval [24, 18], and (iii) re-ranking the initial document
list using graph-based approaches [17, 7, 18]. We then suggest concrete estimation models for quantifying the extent
to which a cluster exhibits each of these qualitative properties, and utilize the aggregation of the induced estimates for
ranking the clusters at hand.
Through an array of experiments conducted over TREC
corpora we show that our approach is more eﬀective in detecting clusters containing a high relevant-document percentage than previous (state-of-the-art) methods [24, 18].
Furthermore, posting the constituent documents of the cluster most highly ranked by our approach at the top of the
retrieved document list yields precision-at-top-ranks performance that is substantially better than that of standard
document-based retrieval; the performance also competes
with that of a state-of-the-art document-based retrieval approach, namely, the aforementioned relevance model (RM3)
[20, 1].

2.

RANKING CLUSTERS

2.1 Preliminaries
Let q, d and D denote a query, a document and a corpus
N
of documents respectively. We use Dinit
(or simply Dinit ) to
denote the set of N most highly-ranked documents by some
initial search performed in response to q. We assume that
some clustering algorithm was run on Dinit and produced
a set of document clusters C l(Dinit) = {c1 , · · · , cM }, which
we wish to rank by the (presumed) percentage of relevant
documents that they contain1 .
Our ranking framework utilizes statistical language models [27, 5]. We use px (·) to denote a (smoothed) unigram
language model induced from x (a query, a document, or
a set of documents); language-model induction details are
described in Section 4.1. We also make use of Kronecker’s
delta function: for a predicate s, δ[s] = 1 if s is true, and 0
otherwise.
Our cluster-ranking methods utilize information about the
relative positioning of documents in ranked lists. For example, we will be interested in how cluster’s constituent documents are ranked when a search is performed upon the entire
corpus using a language model induced from the cluster (details below). To that end, we set the following deﬁnitions.
Let S ⊆ D be a set of documents and px (·) be some (unigram) language model. We use the standard language model
KL-retrieval approach [19] to rank the documents in S with
respect to px (·) by scoring each document d ∈ S with
˛˛
” X
“
px (w)
˛˛
,
(1)
px (w) log
KL px (·) ˛˛ pd (·) =
pd (w)
w
1
We discuss the computational aspect of employing such
online clustering in Section 4.

where the summation is over all terms w in the vocabulary. We also deﬁne the schematic function Lpx (·)||S (·) :
{1, . . . , |S|} → S to provide a strict ranking of S that is
consistent with the scores of its documents. (Score ties are
broken by document IDs.) For any subset R ⊆ S, we quantify the relative position of R’s documents in the ranking
induced by Lpx (·)||S (·) over S using the widely used noninterpolated average precision measure with cutoﬀ ν [33]:
def

APpx (·)||S (R; ν) =
ˆ
˜ i
ν
˜ (2)
1 X δ Lpx (·)||S (i) ∈ R X ˆ
δ Lpx (·)||S (j) ∈ R .
|R| i=1
i
j=1
For example, if R is the set of relevant documents for query
q, then APpq (·)||S (R; 1000) is the (non-interpolated) average precision at 1000 — TREC’s widely-used measure —
obtained by the standard KL-retrieval approach.
As mentioned above, the underlying principle of our proposed framework for detecting clusters that contain a high
percentage of relevant documents is integration of witnessproperties via rank aggregation. Informally, the framework
is based on
(1) identifying a set of qualitative properties of a cluster
in C l(Dinit ) that are purportedly connected with the
percentage of relevant documents the cluster contains,
(2) committing to concrete cluster-ranking functions for quantifying the extent to which a cluster exhibits each of
these qualitative properties, and
(3) committing to a principle for aggregating the rankings
induced by these ranking functions over the clusters in
C l(Dinit ).
In what follows, we describe our cluster-ranking model in
terms of these three components.

2.2 Characterizing optimal clusters
We begin with qualitatively describing the four characteristic properties of clusters in C l(Dinit ) that we argue to be
connected with the percentage of relevant documents that
the clusters contain. The qualitative description of each
property is then paired with a concrete ranking function
that quantitatively measures fulﬁllment of the property by
a cluster.

Query faithfulness (QF). Analogously to the case of ranking documents in response to a query, one might expect that
the more a cluster (as a whole unit) is “similar” to the query
the higher are the chances that it contains a high percentage
of relevant documents. There is evidence, however, that estimating (diﬀerent notions) of cluster-query similarity by the
“match” between a cluster and a query representation (e.g.,
their induced language models) is not eﬀective for detecting
the desired clusters [34, 24]. Stratifying this estimator, recent work on (re-)ranking the initial list Dinit for obtaining
high precision at top ranks using graph-based approaches
[17, 7] suggests that a document is likely to be relevant if it
is highly similar both to the query and to many documents
in Dinit that are highly similar to the query.
Following this observation we assume that a cluster containing a high percentage of relevant documents groups doc-

uments that exhibit high similarity to the query2 . This hypothesis leads us to take a document-mediated approach to
assessing the “faithfulness” (i.e., similarity) of the cluster to
the query. Speciﬁcally, we score cluster c by the relative positioning of its constituent documents in the ranking induced
on the initial list Dinit by the document-query (languagemodel) similarity, that is,
def

S coreQF (c) = APpq (·)||Dinit (c; ν) + ε;

(3)

the smoothing parameter ε, which we set here and after to
1
, ensures that the score of a cluster is greater than zero.
ν+1

Self faithfulness (SF). Work on relevance feedback showed
that inducing a “query model” from a set of relevant documents and using this model for ranking all documents in
the corpus yields highly eﬀective retrieval performance [29].
Now, suppose that cluster c contains only relevant documents; then, we should expect that ranking the corpus based
on a query model induced from c will result in relevant documents being positioned high in the ranked list. While at
ﬁrst view this prediction is not very operational, when combined with our assumption on the content of c it implies
that, in particular, the documents forming c will be positioned high in the ranked list. We therefore post as our
second witness property the “faithfulness” of the ranking induced on the corpus by the cluster model to the cluster’s
constituent documents. To quantify the degree of cluster’s
“self faithfulness”, each cluster in C l(Dinit ) is scored by
def

S coreSF (c) = APpc (·)||D (c; ν) + ε.

(4)

Initial-list faithfulness (ILF). The initial list Dinit can be
thought of as reﬂecting the “corpus-context” of the query by
the virtue of the way it is created. Indeed, this premise is
taken by many eﬀective pseudo-feedback-based approaches
for automatic query expansion [2, 35]. Furthermore, some
recent work has shown that clusters in C l(Dinit) that are
similar to many documents in Dinit — and hence can be
thought of as reﬂecting the corpus-context of the query —
tend to contain a high percentage of relevant documents
[18]. Here, we propose to measure the extent to which a
cluster exhibits the query’s corpus-context by the (relative)
situation of the documents from the initial list Dinit in the
ranking induced by the cluster model over the entire corpus,
that is,
def

S coreILF (c) = APpc (·)||D (Dinit ; ν) + ε.

(5)

Peer faithfulness (PF). The clusters in C l(Dinit ) are often
thought of as “reﬂecting” diﬀerent query-related aspects of
the corpus that are manifested in the initial list Dinit [28,
34, 11, 22, 24, 18]. Consequently, clusters that are associated with many such aspects (while still being relatively
focused by the virtue of being “clusters”) potentially contain
a high percentage of relevant documents. This hypothesis
leads us to employ the “faithfulness” of the cluster to the
corpus-speciﬁc query-related aspects (as manifested in its
peer clusters) as yet another witness property of the clusters
we look for. To quantitatively assess the “peer-faithfulness”
2
We focus on clustering techniques that do not have any
explicit knowledge of the query in hand.

of cluster c, we score it by the positioning of c’s constituent
documents in all rankings induced over the entire corpus by
the cluster models of c’s peer clusters C l(Dinit )\{c}, notably
X
1
def
APpc (·)||D (c; ν) + ε. (6)
S coreP F (c) =
M −1 
c =c

2.3 Rank aggregation
While we hypothesize that clusters containing a high percentage of relevant documents are likely to exhibit the four
witness properties presented above, obviously, “likely” does
not mean “always”. Our suggestion is thus to use these
four properties as a set of judges, and compute (via rankaggregation) a “consensus” cluster-ranking aiming at improving (on average) over each of the individual clusterrankings induced by the four properties. Note that,
• the “degree of exhibition” of all our four properties
is measured in the same terms of the average (noninterpolated) precision obtained by some ranking of
documents, and thus
• all these cluster scores have somewhat similar nature:
all lie in the interval [0, 1 + ε], and each cluster is associated with a vector of such fuzzy scores in [0, 1 + ε]4 .
There are a number of reasonable “aggregation functions”
from [0, 1 + ε]κ to [0, 1 + ε] that assign a score to a “conjunctive” combination of κ fuzzy-scored properties (e.g., see
Zimmermann’s textbook [41]). To promote clusters that exhibit a larger number of properties to high extent, here we
adopt the algebraic product aggregation function, and score
cluster c with respect to the set of properties Π by
Y
def
S core∧ (c; Π) =
S coreP (c).
(7)
P∈Π

Speciﬁcally, the AllProp algorithm that will be of our focus
here, uses all four properties for scoring cluster c, that is,
def

S coreAllP rop (c) = S core∧ (c; {QF, SF, ILF, P F }).
In Section 4.3 we compare the performance of this aggregation approach to that of some alternatives — regular sum
and Borda’s method.

3. RELATED WORK
Clustering the top-retrieved results of a search performed
in response to a query has long been proposed as means for
improving information delivery [28], especially via the design
of cluster-based results interfaces [11, 23, 22, 30]. Ranking (hard) clusters in such interactive retrieval systems, was
done, for example, based on the highest query-similarity exhibited by any of the clusters’ constituent documents [22].
However, this method, which is well-deﬁned only for hard
clustering, always ranks ﬁrst the single cluster that contains
the document most similar to the query [30]. In contrast,
our QF property leverages information about the querysimilarity of all the cluster’s constituent documents; furthermore, our framework is not committed to any speciﬁc type
of clustering.
Most previous work on ranking (various types of) clusters
has focused on comparing a cluster representation with that
of the query [12, 4, 34, 16, 24, 26]. We demonstrate the merits of our AllProp algorithm with respect to this approach
in Section 4.3.

Some work on re-ranking an initially retrieved list utilizes language models of query-speciﬁc clusters to smooth
document language models [24, 14] so as to improve the
document-query similarity estimate. In a related vein, graphbased approaches for re-ranking [7, 17, 18] utilize interdocument similarities information. These approaches can
potentially be used to improve our QF estimate, which is
based on the document-query “match”.
A recently suggested decision procedure for employing either cluster-based or document-based retrieval in response
to a query [25] is based on the following observation: clusters containing a high-relevant document percentage exhibit
(high) query-similarity that does not deviate much from that
of the cluster’s constituent documents [25]. Cluster centrality [18, 15], as deﬁned by textual similarity to (many) other
(central) clusters or documents, its constituent documents’
centrality [15], and QF [15], were also shown to be potentially connected to the percentage of relevant documents in
a cluster. We compare our AllProp algorithm with some of
these approaches for ranking clusters in Section 4.3. However, integrating these cluster properties with the ones we
proposed here remains a challenge for future work.

4.

EVALUATION

4.1 Language model induction
Unigram language models are the means for producing
document rankings in our framework. We now present our
methods for inducing a query, a document, and a cluster
(unigram) language models — pq (·), pd (·), and pc (·), respectively.
Let pxM LE (w) be the maximum likelihood estimate (MLE)
of term w with respect to the text (or text collection) x. The
original query q is used in Eq. 3 to rank documents in the
initial list. We represent q by pqM LE (·). Documents, on
the other hand, are text objects that are being ranked (and
not “ranked with”) in our framework. Therefore, we use
Dir[μ]
pd
(·), the Dirichlet-smoothed unigram language model
(with smoothing parameter μ) induced from document d [40]
for d’s representation.
To represent cluster c, we adopt an approach previously
proposed for pseudo-feedback-based query expansion [39].
Speciﬁcally, we assume that each of c’s constituent documents d ∈ c is generated by a mixture of the cluster topic
model pc (·) — which we want to estimate — with the corpus
model. Then, the log-likelihood of the documents in c is
“
”
XX
tf(w ∈ di ) log (1 − λ)pc (w) + λpDM LE (w) , (8)
di ∈c w

where tf(w ∈ di ) denotes the number of occurrences of w in
di [39].
We ﬁnd pc (·) by setting λ to a constant and then applying the EM algorithm [39]. In addition, following common
practice in work on query expansion in the language model
framework [1, 8], we clip the cluster language model by setting pc (·) to zero for all but α terms with the highest pc (·).
(Normalization is then performed to yield a valid probabilM ix[λ;α]
(·) to denote the resulity distribution.) We use pc
M ix[0;ALL]
(·)
tant cluster language model. Observe that pc
(where “ALL” means no term clipping) is the MLE of the
big document that results from concatenating c’s constituent

documents; this big document served as a basis for cluster
representation in some past work [16, 24, 18].

4.2 Experimental setup
We conducted our experiments on three TREC datasets:
corpus
WSJ
TREC8
AP

# of docs
173,252
528,155
242,918

queries
151-200
401-450
51-64, 66-150

disk(s)
1-2
4-5
1-3

These data sets were also used in some previous work on
detecting optimal clusters with which we compare our approach [18]. We applied basic tokenization and Porter stemming via the Lemur toolkit (www.lemurproject.org), which
we also used for producing document rankings. We used the
titles of TREC topics as queries.
We deﬁne Dinit , the initially retrieved list upon which clustering is performed, to be {LpqM LE (·)||D (i)}50
i=1 — henceforth
referred to as the initial ranking. Thus, Dinit is composed of
the 50 highest-ranked documents by a standard languagemodel approach3 .
To produce the set of clusters C l(Dinit ), we use a simple nearest-neighbor approach that is known to yield (some)
clusters containing a high percentage of relevant documents
[14, 18, 25]4 . In fact, the optimal clusters for which the
relevant-document percentage is reported in Table 1 (Section 1) are such nearest-neighbor clusters. Speciﬁcally, for
each d ∈ Dinit , we deﬁne a cluster that contains d and its
k−1
in”Dinit as measured by
˛˛
“ nearest-neighbors
˛˛ Dir[μ]
(·) [18]. (Ties are broken by docKL pdM LE (·) ˛˛ pdi
ument IDs.) In all the experiments to follow we set k to
either 5 or 10.

4.2.1 Evaluation metric, parameters, and efficiency
issues
Given a cluster-ranking method, we measure for each query
the percentage of relevant documents in the cluster most
highly ranked by the method. We use “p@k” to denote this
percentage for cluster of size k, because it is exactly the precision at top k documents that is obtained if the constituent
documents of the cluster are positioned at the top of the
returned document list. (All the presented percentages are
averages over a given set of queries.) We use the Wilcoxon
two sided test at a conﬁdence level of 95% to determine statistically signiﬁcant diﬀerences of p@k performance.
Our goal in the evaluation to follow is to focus on the underlying principles of our methods. Therefore, rather than
engage in excessive parameter tuning, we ﬁx the following
parameter values while realizing that the performance attained by our methods is not necessarily the optimal one
they can achieve: (i) ν, the document-cutoﬀ used by our
property-quantiﬁcation approach (see Section 2) is set to
5000, (ii) μ, the document language model smoothing pa3
To produce an initial ranking of a “reasonable” quality, we
set the value of the document-language-model smoothing
parameter μ so as to optimize MAP@1000. Such practice
also facilitates the comparison to some previous work on
optimal-cluster detection that uses the same approach to
create an initial list of 50 documents [18].
4
Although the clusters are overlapping, we only care about
the cluster containing the highest relevant-document percentage as we discuss later.

rameter, is set to 2000 following some previous recommendations [40]5 , and (iii) α, the number of terms used for cluster representation (see Section 4.1), is set to 50. The single
free parameter tuned for our methods is λ, the smoothing
parameter that controls cluster representation (see Eq. 8,
Section 4.1); we set λ to a value in {0, 0.1, . . . , 0.9} so as to
optimize p@k for clusters of size k.

A note on efficiency. We pose our cluster-ranking algorithms as means for obtaining high precision at the very top
ranks of the retrieved document list. The users of a system employing our methods should not be concerned with
the fact that clustering, or any other computation enhancing the information delivery for that matter, is utilized, as
long as the incurred computational overhead is not significant. This is, in fact, the case with our methods. After
creating the initial list Dinit by standard retrieval, its clustering can be performed very quickly [38]. (Note that our
framework is not committed to any speciﬁc clustering algorithm; also, recall that the initial list contains only 50
documents.) Furthermore, creating a cluster model takes
only a few iterations of the EM algorithm [39]. Finally,
using the (no more than 50) cluster models for quantifying the properties can be implemented as a single run of
a single expanded query that contains the terms used for
representing all the clusters. (The total number of unique
terms used in the clusters’ models is relatively small since
the clusters are query-speciﬁc and we are using only α = 50
terms to represent each cluster.) Similar eﬃciency considerations for using several (query) models were described in
some recent reports on predicting query performance and on
robust query expansion [36, 3].

4.3 Experimental results
We now present the results of our empirical evaluation.
First, we compare our AllProp algorithm with a standard
document-based retrieval approach, as well as with previouslyproposed (state-of-the-art) approaches for detecting optimal
clusters. Then, we present a comparison of AllProp with
a state-of-the-art pseudo-feedback-based retrieval method.
Finally, we perform some in-depth analysis of the marginal
contribution of our four cluster properties and the rank aggregation method that we employ to the overall eﬀectiveness
of AllProp.

4.3.1 Main results
Comparison to standard document-based retrieval. In
Table 2 we compare the performance of our AllProp algorithm with that of the initial ranking from which Dinit was
derived. Clearly, the performance attained by AllProp is
substantially better than that of the initial ranking. These
results attest to the eﬀectiveness of AllProp in detecting
clusters of documents from Dinit that contain a high percentage of relevant documents.
Furthermore, AllProp is superior to document-based retrieval
˛˛ over the”entire corpus using
“ performed
˛˛ Dir[μ]
M LE
(·) ˛˛ pd
(·) with μ optimized for precisionKL pq
at-top-ranks performance. Case in point, the p@5 perfor5

The only exception is when evaluating the QF property,
where we use the same value of μ that was used for creating
the initial list Dinit .

mance numbers of such a p@5-optimized baseline are 56.0,
51.2, and 46.5 for WSJ, TREC8 and AP, respectively; the
p@10 performance numbers of a p@10-optimized baseline
are 49.4, 46.4, and 43.9, respectively.

init. rank.
AllProp

WSJ
p@5
p@10
53.6
48.4
62.8∗
53.8

TREC8
p@5
p@10
50.0
45.6
54.8
49.6

p@5
45.7
49.5

AP
p@10
43.2
45.8

Table 2: Performance comparison between the AllProp algorithm and the initial ranking. The best
result in each column is boldfaced; ’*’ marks statistically signiﬁcant diﬀerence with the initial ranking.

Comparison to previous methods for optimal-cluster
detection. A common approach to ranking (various types
of) clusters in response to a query is to measure the similarity of a cluster (as a whole unit) to the query [12, 4, 34,
16, 24, 26]. (We denote this approach by “CQS”.) Specifically, CQS was used in the language model framework to
rank (hard) query-speciﬁc clusters [24]. To compare CQS
with our AllProp algorithm, we follow [24] and treat a cluster c as the “big document” that results from concatenat6
ing “
c’s constituent
documents
; we then rank clusters by
˛˛
”
˛˛ Dir[μ]
M LE
(·) ˛˛ pc
(·) . (μ = 2000 as at the above.)
KL pq
In addition, we compare the AllProp algorithm with a
recently proposed approach for detecting optimal clusters
[18]. The approach is based on deﬁning a one-way bipartite
digraph wherein the initial-list (Dinit ) documents and the
query-speciﬁc clusters C l(Dinit ) form the two sides of the
graph. The edges are from each document d to each of its δ
nearest-neighbor clusters;
˛˛
” ´ of d are de“ the nearest-neighbors
`
˛˛ Dir[μ]
(·) , which also
termined by exp −KL pdM LE (·) ˛˛ pci
serves as a weight function for the edges [18]. (Cluster c is
represented as at the above, by the “big document” that results from concatenating its constituent documents.) Then,
Kleinberg’s HITS algorithm [13] is run over the graph, and
the clusters are ordered by their induced authority scores;
indeed, clusters with high authority scores are shown to contain a high percentage of relevant documents [18]. Following
[18], we set δ to values in {2, 4, 9, 19, 29, 39, 49} so as to optimize p@k performance for clusters of size k; μ = 2000.
Since the reference comparisons just described utilize a
concatenation-based representation for clusters (henceforth
denoted with “C”), we also test a version of the AllProp algorithm that uses the same cluster representation approach.
(We use pcM LE (·) in Eq. 4-6.) The performance comparison
of the methods is presented in Table 3. (We also present
for reference the performance of AllProp with the original
mixture-model-based representation, denoted with “M”.)
Table 3 shows that both implementations of AllProp post
performance that is better to a statistically signiﬁcant degree in all relevant comparisons than that of the CQS approach. (Since CQS ranks query-speciﬁc clusters based only
on cluster-query similarity, the performance is not very effective [24, 18].) We can also see that both implementations
of AllProp outperform the HITS method in most relevant
comparisons. These results attest to the eﬀectiveness of the
6
The order of concatenation has no eﬀect since we only deﬁne unigram language models.

(C) CQS
(C) HITS

p@5
44.0
53.6c

WSJ
p@10
37.0
49.0c

TREC8
p@5
p@10
39.6
40.6
50.8c
46.6

p@5
39.2
49.5c

p@10
38.8
47.2c

(C) AllProp
(M) AllProp

61.2c
62.8ch

51.8c
53.8ch

52.0c
54.8c

45.9c
49.5c

47.4c
45.8c

48.4c
49.6c

AP

Table 3: Performance comparison of methods for
detecting optimal clusters; ’C’ and ’M’ respectively
indicate whether concatenation-based or (our originally proposed) mixture-model-based representation was used for clusters. The best result in each
column is boldfaced; statistically signiﬁcant diﬀerences with the CQS [24] and HITS [18] methods are
marked with ’c’ and ’h’, respectively.
AllProp algorithm as a cluster-ranking approach that can
eﬀectively accommodate diﬀerent cluster representations.

Comparison to pseudo-feedback retrieval. To further explore the performance of our AllProp algorithm, we now
compare it with that of a state-of-the-art pseudo-feedbackbased approach, namely, the relevance model [20, 21].
The relevance model RM1 is based on a mixture of the
language models of documents in Dinit [21]. Speciﬁcally, if
w is a term in the vocabulary, {qi } is the set of query terms,
J M [β]
(·) is a Jelinek-Mercer smoothed document lanand pd
guage model with smoothing parameter β [40], then RM1 is
deﬁned by
Q J M [β]
X J M [β]
(qi )
def
i pd
pRM 1 (w; β) =
.
pd
(w) P
Q J M [β]
(qi )
d∈Dinit
dj ∈Dinit
i p dj
RM1 is often clipped by setting pRM 1 (w; β) to 0 for all but
the α terms with the highest pRM 1 (w; β) to begin with; further normalization is then performed to yield a valid probability distribution — denoted p̃RM 1 (·; β, α) [1, 8]. For additional performance enhancement, RM1 is anchored to the
original query [1, 8] to yield the RM3 model:
def

pRM 3 (w; β, α, γ) = γpqM LE (w) + (1 − γ)p̃RM 1 (w; β, α);
γ is a free interpolation parameter.
The documents
in the
˛˛
”
“
˛˛ Dir[μ]
(·)
corpus are then ranked by KL pRM 3 (·; β, α, γ) ˛˛ pd
— the KL divergence of their language models from RM3.
(μ is set to 2000 as at the above.)
We (independently) optimize the p@5 and p@10 performance of RM3 by choosing the values of its free parameters from the following sets: (i) β ∈ {0, 0.1, 0.3, . . . , 0.9},
(ii) α ∈ {25, 50, 75, 100, 500, 1000, 5000, ALL} where “ALL”
stands for all terms in the corpus (i.e., no clipping), and
(iii) γ ∈ {0, 0.1, 0.2, . . . , 0.9}. The resultant performance is
presented in Table 4.
Table 4 shows that our AllProp algorithm outperforms
RM3 on WSJ and TREC8, and underperforms it on AP.
(None of the performance diﬀerences are statistically signiﬁcant.)7 However, RM3 posts more statistical signiﬁcant
improvements over the initial ranking than AllProp. All in
7
Similar performance patterns are observed if we use
RM3 for re-ranking Dinit , rather than for ranking the entire
corpus. Speciﬁcally, the optimized p@5 of such a model is
58.8, 53.6, and 51.1 for WSJ, TREC8, and AP, respectively;
the optimized p@10 is 53.0, 48.4, and 48.3, respectively.

init. rank.
RM3
AllProp

WSJ
p@5
p@10
53.6
48.4
58.8∗
53.4∗
62.8∗
53.8

TREC8
p@5
p@10
50.0
45.6
53.6
48.2
54.8
49.6

AP
p@5
45.7
50.3∗
49.5

p@10
43.2
48.6∗
45.8

Table 4: Comparison of our AllProp algorithm with
a relevance model (RM3) [1, 8]. Boldface: best performance in a column; ’*’: statistically signiﬁcant
diﬀerence with the initial ranking.

all, these results are gratifying, because the performance of
AllProp was optimized with respect to a single free parameter (λ) , while that of RM3 was optimized with respect to
three (β, α and γ).
Perhaps not less important is the following observation.
Recall that AllProp looks for relevant documents (via cluster
ranking) in an initially retrieved list Dinit , while pseudofeedback-based methods such as RM3 use documents from
Dinit for deﬁning a (query) model using which the entire
corpus is (re-)ranked. Thus, in principle, AllProp can be
employed as a “ﬁlter” on Dinit , providing pseudo-feedbackbased approaches with a “relevance-focused” subset of Dinit
upon which they can operate. In fact, the potential merits of
such integration were demonstrated in some previous work
on implementing relevance-feedback on top of documents
selected from manually chosen query-speciﬁc clusters [30].
Exploring this direction is thus a promising venue for future
research on pseudo-feedback retrieval.

4.3.2 Further analysis
Heretofore we have focused on the AllProp algorithm,
which ranks clusters based on the extent to which they exhibit all four “faithfulness” properties that were deﬁned in
Section 2. Having read this far, the reader may rightfully
wonder whether all these properties in fact contribute to the
overall performance of the AllProp algorithm. Here we show
that the answer to this question is aﬃrmative, and even to
a quite surprising extent.
Table 5 shows the resultant performance of using each of
our four properties individually, as well as using all their
possible combinations (based on Eq. 7). When using each
of the properties by itself, PF turns out to be the most effective such property. In fact, it is the only single property
that consistently yields performance superior to that of the
initial ranking (from which Dinit was derived) in all relevant comparisons. This ﬁnding attests to the importance of
measuring the (targeted by PF) extent to which a cluster
exhibits diﬀerent “aspects” in the initial list, as manifested
in its clustering.
Note that the other three properties, namely, QF, SF, and
ILF, appear to be rather noisy when used in isolation (as
their performance is often below that of the initial ranking),
and thus these results as if suggest that using these properties is likely to harm the overall ability to detect the desired
clusters. Table 5, however, shows that this is very much not
the case. Indeed, perhaps the most interesting observation
that can be made based on Table 5 is that in all six relevant
comparisons (3 corpora × 2 evaluation measures) the performance mostly improves from using any subset of properties
X to any of its proper extensions X ∪ {P}, where P is a
single property in {QF, SF, ILF, P F }. More speciﬁcally,

init. rank.

WSJ
p@5
p@10
53.6
48.4

TREC8
p@5
p@10
50.0
45.6

p@5
45.7

AP
p@10
43.2

QF
ILF
SF
PF

55.2
46.0
52.0
56.0

49.2
41.4∗
50.4
51.2

46.8
40.0∗
44.4
50.4

49.6
36.4∗
48.0
46.6

42.6
39.6∗
43.2
48.7

47.0∗
37.0∗
45.1
46.2

QF ∧ SF
QF ∧ ILF
QF ∧ PF
SF ∧ ILF
SF ∧ PF
ILF ∧ PF

59.6
57.2
59.2
52.4
55.6
56.4

53.6∗
51.2
51.4
52.8
51.2
50.8

50.8
50.8
53.2
48.0
52.4
55.2

49.8
48.4
48.8
48.0
49.2
48.8

45.1
44.0
47.5
47.5
45.9
47.1

45.3
44.6
47.4
43.6
45.4
45.9

QF ∧ SF ∧ ILF
QF ∧ SF ∧ PF
QF ∧ ILF ∧ PF
SF ∧ ILF ∧ PF

59.2
62.8∗
61.2∗
58.4

53.2∗
52.6
51.8
51.6

54.0
53.6
55.6
56.8

51.8∗
49.4
48.8
49.6

47.3
48.1
48.3
45.9

46.1
47.4
47.0
45.5

AllProp

62.8∗

53.8

54.8

49.6

49.5

45.8

Table 5: The performance of ranking clusters by
single cluster-properties, as well as by their combinations (using Eq. 7). Recall that AllProp stands
for QF ∧ SF ∧ ILF ∧ PF. Best result in each column
is boldfaced; statistically signiﬁcant diﬀerences with
the initial ranking are marked with ’*’.
• The performance either remains the same or improves
in 83% of such extensions of X to X ∪ {P}. Moreover,
across the relevant comparisons, the absolute best-case
improvements in p@k are more substantial (between
+9% and +18%) than the worst-case such degradations in p@k (between -0.4% and -2.8%).
• Even the worst-performing single property, ILF ,8 helps
to improve the performance in about 80% of the extensions of X to X ∪ {ILF } as above. In short, “very
noisy” does not mean “uninformative”!
• Considering the few cases wherein the extension of X
to X ∪ {P} results in performance degradation, no single property of the clusters suggests itself as a clear
“destroyer”. Speciﬁcally, the properties QF, SF, ILF,
and PF partition these cases by their responsibility
for being the degrading P into 11%, 32%, 28.5%, and
28.5%, respectively.
• For all pairs of properties P, P  in {QF, SF, ILF, P F },
there appears to be no visible symmetry in the performance change between extending a subset of properties
X to X ∪ {P} and to X ∪ {P  }. This suggests that
the cluster-properties we have deﬁned are eﬀectively
treated by the rank aggregation process as “pseudoindependent” classiﬁers of the query-speciﬁc clusters.
• Last but not least, our AllProp algorithm that integrates all four properties is superior in most relevant
comparisons to using any subset of the four.
In light of the demonstrated eﬀectiveness of aggregating
estimates of the diﬀerent witnessing properties of the clusters, we now turn to study some alternative rank-aggregation
8
The fact that the list-faithfulness property, ILF, is the
worst performing (used alone) property can be attributed
to the fact that for many queries, many of the documents in
Dinit are not relevant; hence, imposing faithfulness to these
documents (without using other properties) yields degraded
performance.

approaches. Recall from Section 2 that our original rankaggregation method for property integration uses the algebraic product of the per-property scores of clusters. (See
Eq. 7.) We ﬁrst explore an intuitive alternative that uses
sum [10] instead of product:
X
def
S core∨ (c; Π) =
S coreP (c),
P∈Π

where Π = {QF, SF, ILF, P F }. This aggregation procedure has a more “disjunctive” nature — S core∨ (·; ·) and
S core∧ (·; ·) are ranking-wise equivalents of the arithmetic
and geometric means of the individual scores, respectively.
Now, suppose that we are to believe that the only semantics of our ranking functions is ordinal, that is, either the absolute scores have no meaning, or this meaning signiﬁcantly
varies among the four ranking functions. If so, then sometimes the absolute scores are better ignored, and we should
resort to one of the ordinal rank aggregation methods [6,
10]. For instance, one of the most popular such methods is
Borda’s method [37], which in our context, scores cluster c
by:
X ˆ
X
˜
def
δ S coreP (c) > S coreP (c ) ,
S coreBorda (c; Π) =
P∈Π c ∈C l(Dinit )

where Π = {QF, SF, ILF, P F }; then, the clusters are ranked
in descending order of their Borda scores. Similarly to productbased or sum-based score aggregations, “positional” methods
such as Borda’s are appealing because they are computationally easy9 . In fact, note that Borda’s method boils down to
sum-based score aggregation of certain, inter-comparable between the individual properties, yet basically ad hoc scores
of the clusters. Hence, if the scores provided by diﬀerent
cluster-ranking properties have similar quantitative nature
— as is the case with our average-precision-based measures
of the four “faithfulness” criteria — then a priori Borda’s
method is less appealing.

init. rank.

WSJ
p@5
p@10
53.6
48.4

TREC8
p@5
p@10
50.0
45.6

p@5
45.7

AP
p@10
43.2

∧
∨
Borda

62.8∗
59.2
59.6

54.8
50.4
54.4

49.5
43.2
48.9

45.8
46.7
46.2

53.8
52.0
54.4∗

49.6
51.0∗
49.8

Table 6: Comparison of rank-aggregation methods:
product (∧, as in our AllProp algorithm), sum (∨),
and Borda’s method. Boldface marks the best performance in each column, and ’*’ marks statistically
signiﬁcant diﬀerence with the initial ranking.
Table 6 provides a performance comparison between the
aforementioned three rank-aggregation methods. Carefully
looking into the numbers, it appears that both the productbased method (∧) employed by our AllProp algorithm and
Borda’s method are superior to the sum-based method (∨)
in most of the relevant comparisons. (While ∧ is superior
to Borda for clusters of size 5, the reverse is true for clusters of size 10.) Having said that, we believe that the more
9

Depriving from positional methods very quickly brings us
to NP-hard methods such as Kemeny optimal aggregation,
footfule optimal aggregation, etc. [9].

important observation is that all three rank-aggregation approaches yield performance that transcends (in most relevant comparisons) that of the initial ranking that was used
to create Dinit . Thus, it seems that using cluster-properties
of a somewhat “complementary” nature, as is the case for
our properties (see at the above), yields satisfactory performance with diﬀerent rank-aggregation approaches.

5.

SUMMARY AND FUTURE WORK

We presented a novel framework to ranking query-speciﬁc
clusters by the presumed percentage of relevant documents
that they contain. The framework is based on proposing
cluster properties that presumably correlate with this percentage, and integrating their estimates via rank aggregation. We showed that our approach outperforms previous
methods for detecting clusters containing a high relevantdocument percentage, and also produces document-ranking
with substantially higher precision-at-top-ranks performance
than that of standard document-based retrieval.
We intend to integrate additional cluster properties in
our framework [25, 18, 15] and to study alternative rankaggregation methods. Another future direction is to introduce diversity in the resultant list of documents, which is important for handling ambiguous queries. Using documents
from diﬀerent presumably-optimal clusters can potentially
be eﬀective in such cases.
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