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Abstract Ranking documents according to the Probability Ranking Principle has
been theoretically shown to guarantee optimal retrieval effectiveness in tasks such
as ad hoc document retrieval. This ranking strategy assumes independence among
document relevance assessments. This assumption, however, often does not hold,
for example in the scenarios where redundancy in retrieved documents is of major
concern, as it is the case in the sub–topic retrieval task. In this chapter, we pro-
pose a new ranking strategy for sub–topic retrieval that builds upon the interde-
pendent document relevance and topic–oriented models. With respect to the topic–
oriented model, we investigate both static and dynamic clustering techniques, aim-
ing to group topically similar documents. Evidence from clusters is then combined
with information about document dependencies to form a new document ranking.
We compare and contrast the proposed method against state–of–the–art approaches,
such as Maximal Marginal Relevance, Portfolio Theory for Information Retrieval,
and standard cluster–based diversification strategies. The empirical investigation is
performed on the ImageCLEF 2009 Photo Retrieval collection, where images are
assessed with respect to sub–topics of a more general query topic. The experimen-
tal results show that our approaches outperform the state–of–the–art strategies with
respect to a number of diversity measures.

Teerapong Leelanupab
University of Glasgow, Glasgow, G12 8RZ, United Kingdom e-mail: kimm@dcs.gla.ac.uk

Guido Zuccon
University of Glasgow, Glasgow, G12 8RZ, United Kingdom e-mail: guido@dcs.gla.ac.uk

Joemon M. Jose
University of Glasgow, Glasgow, G12 8RZ, United Kingdom e-mail: jj@dcs.gla.ac.uk

H. Müller et al. (eds.), ImageCLEF, The Information Retrieval Series 32,
DOI 10.1007/978-3-642-15181-1 15, © Springer-Verlag Berlin Heidelberg 2010

277

mailto:kimm@dcs.gla.ac.uk
mailto:guido@dcs.gla.ac.uk
mailto:jj@dcs.gla.ac.uk
http://dx.doi.org/10.1007/978-3-642-15181-1_15


278 Teerapong Leelanupab, Guido Zuccon, and Joemon M. Jose

15.1 Introduction

Information Retrieval (IR) deals with finding documents relevant to a user’s infor-
mation need, usually expressed in the form of a query (van Rijsbergen, 1979). Doc-
uments are usually ranked and presented to the users according to the Probability
Ranking Principle (PRP), that is, in decreasing order of the document’s probability
of relevance (Robertson, 1977). This ranking strategy is well accepted in IR, and
can be justified using utility theory (Gordon and Lenk, 1999a). However, in particu-
lar scenarios, ranking documents according to the PRP does not provide an optimal
ranking for the user’s information need (Gordon and Lenk, 1999b). For example,
this happens when redundant documents are of major concern, or when a broad
view about the query topic is needed, thus aiming to retrieve all its possible sub–
topics. In this situation, the PRP does not provide a satisfying ranking because it
does not account for interdependent document relevance due to the assumption of
independence between assessments of document relevance.

A number of recent approaches attempt to overcome PRP’s limitations (Car-
bonell and Goldstein, 1998; Wang and Zhu, 2009; Zuccon and Azzopardi, 2010).
The suggested approaches were tested on a novel retrieval task, called sub–topic
retrieval (Zhai et al, 2003). In this task, documents are assessed with respect to the
number of sub–topics. Interdependent document relevance is introduced in the eval-
uation measures, which reward strategies that retrieve all the relevant sub–topics
at early ranks, while penalising unnecessary redundancy. This means promoting
novelty and diversity within the ranking. The need for diversity within document
rankings has been motivated by several empirical studies (Agichtein et al, 2006;
Eisenberg and Berry, 2007). Addressing diversity issues allows retrieval systems to
cope with poorly specified or ambiguous queries, maximizing the chance of retriev-
ing relevant documents, and also to avoid excessive redundancy, providing complete
coverage of sub–topics in the result list.

From the current strategies for sub–topic retrieval, two common patterns can be
observed with respect to the modality used to achieve ranking diversification:

Interdependent document relevance paradigm: Relationships between docu-
ments are taken into account when ranking. Strategies maximise, at each rank po-
sition, a function that mixes relevance estimates and document relationships. This
approach is followed by heuristics and strategies such as Maximal Marginal Rel-
evance (MMR) (Carbonell and Goldstein, 1998), interpolating document rele-
vance and diversity estimation, and Portfolio Theory (PT) (Wang and Zhu, 2009),
combining relevance estimations and document correlations with respect to the
previous ranked documents.

Topic–oriented paradigm: Relationships between retrieved documents are used
to model sub–topics regardless of document relevance. Documents are thus char-
acterised with respect to the sub–topics they cover using techniques such as clus-
tering (Deselaers et al, 2009; van Leuken et al, 2009), classification (Huang et al,
1998), LDA (Blei et al, 2003), probabilistic latent semantic indexing (pLSI)
(Hofmann, 1999), or relevance models (Lavrenko and Croft, 2001; Carterette and
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Chandar, 2009). In our study, we are only interested in unsupervised clustering
techniques although other techniques might be used. When considering cluster–
based diversification methods, each cluster is assumed to represent a sub–topic
of the information need, and thus diversification is achieved by retrieving docu-
ments belonging to different clusters.

Intuitively, the ranking strategies belonging to the first paradigm do not explicitly
identify the sub–topic to be covered. Inter–document relationships, often based on
statistical features of the documents, are used when accounting for novelty and di-
versity. Even though the number of relevant sub–topics is of importance when evalu-
ating retrieval strategies, there is no explicit estimation of the number of sub–topics.
In order to maximise the number of sub–topics, the retrieval systems based on this
paradigm mainly rely on retrieving relevant documents that contain low redundant
information, i.e. they are different enough to each other that they might refer to
different sub–topics.

By contrast, clustering–based diversification methods, interleaving documents
belonging to different clusters, explicitly cover all possible (or identified) sub–topics
in top rankings. Nevertheless, this paradigm lacks an explicit model of relevance:
how to combine relevance and the information regarding sub–topic clusters is still
an open challenge. Documents that are selected after the clustering process to build
the ranking can contain lots of new information, but they might be non–relevant;
or even contain relevant information, but this might be redundant in the context of
the document ranking. Consequently, ranking documents by either paradigm might
produce unsatisfactory results.

Documents can cover several sub–topics (clusters), and these might even to some
extent overlap. For example, the topic ‘Victoria’ can contain a set of documents re-
garding people (Queen Victoria or Victoria Beckham) and places (the state in Aus-
tralia or the memorial in London) from a topical point of view. A document, clus-
tered into the sub–topic ‘Victoria Beckham’, can contain information about her ap-
pearance in the Victoria state, Australia. Motivated by these considerations, we aim
to alleviate the deficiencies of the two paradigms by combining their merits together.
To the best of our knowledge, no empirical study has been performed comparing and
integrating these two ranking paradigms in the context of sub–topic retrieval.

In this chapter, we propose a novel ranking strategy which explicitly mod-
els possible sub–topics and promotes diversity among documents in a ranking.
Our strategy enables the development of a variety of algorithms for integrating
statistical similarity, diversity structure, conveyed by clusters, and document de-
pendencies. The paradigm relies on the cluster hypothesis (van Rijsbergen, 1979;
Hearst and Pedersen, 1996), which assumes that relevant documents tend to be more
similar to each other than non–relevant documents. When clustering documents,
topically coherent groups of documents are formed by encoding possible aspects
(i.e. sub–topics) of a more general topic. Relevance and diversity evidence is then
merged in a ranking function (e.g. MMR), which selects documents from different
clusters. The result is a document ranking that covers all the identified sub–topics,
conveying at the same time relevant and novel information. This ranking approach
provides insights for integrating two ranking paradigms for sub–topic retrieval: this



280 Teerapong Leelanupab, Guido Zuccon, and Joemon M. Jose

can generally be applied to any method for estimating sub–topic classes (e.g. LDA,
pLSI, relevance models) and for considering document dependencies (e.g. QPRP,
PT, MMR). This study aims to investigate the performance gained from the ranking
strategy produced by the integration of two ranking models, not to propose a new
specific ranking model.

The contributions of this chapter are to:

• analyse and discuss the current state–of–the–art methods for diversity–aware in-
formation retrieval;

• investigate a new ranking strategy which is able to model sub–topics by means
of clustering techniques and promote diversity among documents in a document
ranking;

• conduct an empirical study comparing state–of–the–art ranking models for sub–
topic retrieval (e.g. MMR, PT, static and dynamic clustering) against the integra-
tion models we introduce based on MMR and clustering;

• discuss the results of this study, and show that our proposed solutions outperform
state–of–the–art strategies.

The chapter is structured as follows. In Section 15.2 we frame the sub–topic retrieval
problem and present existing strategies for encoding novelty and diversity in docu-
ment rankings. Next, we illustrate our approach based on clustering that considers
sub–topic evidence when ranking using an MMR–inspired approach (Section 15.3).
In Section 15.4, we present the methodology of our empirical investigation, which
employes the imageCLEF 2009 Photo collection (Paramita et al, 2009), an image
collection suited for the sub–topic retrieval task. The results obtained in the empir-
ical investigation are illustrated and discussed in Section 15.5, while Section 15.6
concludes the paper stating the major contributions of our work in the light of the re-
sults obtained on the ImageClef 2009 Photo Retrieval Task collection together with
lines of future investigation.

15.2 Background and Related Work

15.2.1 Sub–topic Retrieval

Conventional IR systems employ the PRP to rank documents with respect to the
user’s queries. Systems based on the PRP ignore interdependencies among docu-
ments ranked in the search results. These systems are generally appropriate when
there are very few relevant documents and high–recall is required. An example of
this situation is topic distillation in Web search, where a typical user wishes to
find very few relevant core websites rather than every relevant Web page (Soboroff,
2004).

The assumption of independence in document relevance assessments that accom-
panied IR evaluation since the adoption of the Cranfield paradigm and on which the
PRP is based, have recently been questioned. This generated a spate of work, not
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only on ranking functions that account for interdependent document relevance, such
as MMR (Carbonell and Goldstein, 1998), PT (Wang and Zhu, 2009), QPRP (Zuc-
con and Azzopardi, 2010), but also with respect to test collections, evaluation mea-
sures, and retrieval tasks (Zhai et al, 2003; Clarke et al, 2008; Paramita et al, 2009).
In fact, the relaxation of the independence assumption requires test collections to
encode information about relevance dependencies between documents and mea-
sures are developed so as to account for such relationships. Research on novelty
and diversity document ranking flowered from these needs, and a new retrieval task,
called sub–topic document retrieval (or alternatively, diversity retrieval, novelty and
diversity retrieval, facets retrieval), has been introduced. A number of collections
has been realised for this task, including the one based on the Text REtrieval Con-
ference (TREC) 6, 7, 8 interactive track (Zhai et al, 2003) and ImageCLEF 2008
and 2009 photo retrieval task collections (Sanderson, 2008; Paramita et al, 2009).
In these collections, query topics induce sub–topics (also called facets, nuggets, as-
pects, intentions): each document contains zero or more sub–topics of a query topic,
and one sub–topic can be contained in one or more documents. Note that if a docu-
ment contains at least one query sub–topic, then it is relevant. No assumptions are
made about the extent of the relevance of a document, i.e. grade of relevance: even if
a document covers more sub–topics than another, the former yet might not be more
relevant than the latter. Specifically, in all the collections produced for this retrieval
task until today, relevance is treated as a binary feature: a document is either relevant
or not, although it contains one or more sub–topics.

The aim of the task is to rank documents such that all the sub–topics associated
with a query topic are covered as early in the ranking as possible, and sub–topics
are covered with the least redundancy possible. Thus, the requirement that document
rankings should cover all the sub–topics is greater than that documents should be
relevant, since a document that covers a sub–topic is also relevant, but a list of
relevant documents covers just one sub–topic. As a matter of fact, however, pure
relevance ranking is unsuitable in this task.

This task resembles real situations. Often, in fact, there are an enormous num-
ber of potentially relevant documents containing largely similar content, resulting in
partially or nearly duplicate information being presented within the document rank-
ing. Secondly, in a large number of cases users pose a query for which the result set
contains very broad topics related to multiple search facets, or has however multiple
distinct interpretations. The query ‘London’ represents an example of a broad query.
This might refer to ‘London weather’, ‘London transport’, ‘London people’, ‘Lon-
don travel’, etc. The query ‘Chelsea’ represents an example of an ambiguous query
that might be interpreted as ‘Chelsea Clinton’, ‘Chelsea football club’, or ‘Chelsea
area in London’ etc. These are examples of situations where IR systems have to pro-
vide a document ranking that minimises redundant information and covers all the
possible search facets (sub–topics).

Clarke et al (2008) identify the precise distinction between the concepts of nov-
elty and diversity in information retrieval. Novelty is the need to avoid redundancy
in search results, while diversity is the need to resolve queries’ ambiguity. A popular
approach for dealing with the redundancy problem is to provide diverse results in
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response to a search adopting an explicit ranking function, which usually requires a
tuning of a user parameter. For example, MMR (Carbonell and Goldstein, 1998) and
the Harmonic measure (Smyth and McClave, 2001) combine similarity and novelty
in a unique ranking strategy. On the other hand, a traditional approach for coping
with poorly specified or ambiguous queries relies on promoting diversity. This is
motivated by the fact that the chances to retrieve relevant results can be maximised
if results containing information from different query interpretations are presented
within the document ranking.

15.2.2 The Probability Ranking Principle

The PRP (Robertson, 1977) is a well accepted ranking strategy that suggests pre-
senting documents according to decreasing probability of document relevance to
the user’s information need; and the relevance of one document is considered in-
dependent from the rest of the documents. Formally, given a query q, if P(xi) is
the relevance estimation for document xi and S(xi,q) is the similarity function em-
ployed for producing such estimation, then the PRP suggests to present at rank J +1
a document d such that:

PRPJ+1 ≡ argmax
xi∈I\J

[p(xi)] ≈ argmax
xi∈I\J

[S(xi,q)] (15.1)

where I is the set of results retrieved by the IR system; J is the set formed by the
documents ranked until iteration J; xi is a candidate document in I \ J, which is the
set of documents that have not been ranked yet.

In the PRP, a document’s relevance judgements are assumed independent and
thus no relationship between documents is explicitly modelled in the ranking func-
tion. This is a known limitation of the PRP and, although it does not affect the
optimality of the ranking principle for tasks such as ad hoc retrieval, it is the cause
of the sub–optimality of the PRP in particular scenarios, such as sub–topic retrieval.

15.2.3 Beyond Independent Relevance

Maximal Marginal Relevance: Several techniques have been proposed for sub–
topic retrieval. A simple method to address diversity between documents is that of
MMR in set–based IR (Carbonell and Goldstein, 1998). Using a tuneable parameter,
this ranking method balances the relevance between a candidate document and a
query, e.g. the probability of relevance, and the diversity between the candidate
document and all the documents ranked at previous positions. The ranking is linearly
produced by maximising relevance and diversity scores at each rank. The MMR
strategy is characterised by the following ranking function:
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MMRJ+1 ≡ argmax
xi∈I\J

[λS(xi,q)+(1−λ )max
x j∈J

D(xi,x j)] (15.2)

where x j is a document in J, i.e. the set of documents that have been ranked already.
The function S(xi,q) is a normalised similarity metric used for document retrieval,
such as the cosine similarity, whereas D(xi,x j) is a diversity metric. A value of the
parameter λ greater than 0.5 assigns more importance to the similarity between
document and query rather than to novelty/diversity. Conversely, when λ < 0.5,
novelty/diversity is favoured over relevance.

In our work, when operationalising MMR, we modify how the diversity function
impacts on the ranking: we substitute the function max with avg, which returns the
average dissimilarity value between all pairs of xi and x j, instead of their largest
value. To compute the dissimilarity between documents, we resort to estimating
their similarity and then we revert this estimation. Specifically, the cosine function
is used as a similarity measure between documents’ term vectors obtained using the
BM25 weighting schema. Since its similarity values range between −1 and 1, we
can estimate the dissimilarity by the following formula:

avg
x j∈J

D(xi,x j) =
∑J

j=1(−S(xi,x j)))
J

(15.3)

In Figure 15.1a we depict the document selection procedure suggested by MMR.
In the figure, we simulate the possible clusters of documents that identify the sub–
topics covered by those documents. Documents inserted in the ranking following
the MMR strategy might come from the same group of sub–topics (i.e. x1 and x3),
colliding with what is required in the sub–topic retrieval task.

Portfolio Theory: Wang and Zhu (2009) suggested to rank documents according
to a paradigm proposed to select stocks in the financial market, PT. In the IR scenario
diversification is achieved using PT by reducing the risk associated with document
ranking. The intuition underlying PT is that the ideal ranking order is the one that
balances the relevance of a document against the level of its risk or uncertainty (i.e.
variance). Thus, when ranking documents, relevance should be maximised whilst
minimising variance. The objective function that PT optimises is:

PTJ+1 ≡ argmax
xi∈I\J

(
p(xi)−bwxiδ

2
xi
−2b ∑

xi∈J
wxk δxi δxk ρxi,xk

)
(15.4)

where b represents the risk propensity of the user, δ 2
xi

is the variance associated to
the probability estimation of document xi, wxi is a weight expressing the importance
of the rank position, and ρxi,xk is the correlation between document xi and docu-
ment xk.

In summary, intuitively MMR and PT have a similar underlying schema for com-
bining relevance and diversity. One common component of their ranking functions
is the estimation of the probabilities of relevance. In both methods, the relevance es-
timation is balanced by a second component, which captures the degree of diversity
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between the candidate document and the ranking. In the empirical study we present
in Section 15.4, we implemented both strategies and compared them to the novel
paradigm we propose.

15.3 Document Clustering and Inter–Cluster Document
Selection

15.3.1 Re–examining Document Clustering Techniques

It has been hypothesised that ‘closely associated documents tend to be more relevant
to the same requests’ (van Rijsbergen, 1979). Similarly, in our work we hypothesise
that clusters obtained considering the documents relevant to a user’s information
need have the potential to represent different sub–topics of the more general topic
the user is interested in. Thus, clustering using unsupervised learning models ex-
tracts meaningful and representative information from documents, that can be used
to model sub–topical diversity. The set of documents contained in each cluster is
assumed to resemble what users perceive as a sub–topic. We then believe that in-
corporating evidence drawn from clusters of similar documents can enhance the
performance of IR systems in the sub–topic retrieval task.

Although clustering can group documents containing similar contents, we do not
intend to use clustering in isolation, in particular when selecting documents from
such clusters. We hypothesise that clustering techniques combined with suitable
criteria for document selection can improve the performances of systems in the sub–
topic retrieval task. Regardless of the clustering technique used, strategies following
the cluster–based paradigm can be characterised by how documents are selected
from the clusters in order to output the final document ranking. In the following,
two common approaches are revised.

The first approach, which is directly inspired by the cluster hypothesis, at-
tempts to retrieve documents that are more similar to each other at higher ranks.
Kurland and Lee (2004) propose a method, called the interpolation algorithm, to
compute a retrieval score by mixing the evidence obtained from clusters together
with document relevance estimations. The retrieval score of a candidate document
di given this approach is calculated as:

p̂(xi,q) = λ p(xi,q)+(1−λ )∑
tεX

p(c j,q)p(xi,c j) (15.5)

where λ indicates the degree of emphasis on individual document information. In
our study, we assume that p(a,b) is the similarity between objects a and b1. Note
that setting λ = 0 returns documents within the cluster with highest similarity to the
query, i.e. the cluster with the highest p(c j,q). We refer to this approach as Interp(.).

1 These can be queries, documents, or clusters.
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In the second approach we assume that each cluster represents a different sub–
topic. Thus, to cover the whole set of sub–topics all the clusters have to be chosen
at early ranks. In (van Leuken et al, 2009), three clustering methods with a dynamic
weighting function are exploited to visually diversify image search results. Only rep-
resentatives of visual–based clusters are presented to the users with the aim to facili-
tate faster browsing and retrieval. A similar work has been pursued in (Ferecatu and
Sahbi, 2008), where the ranking is formed by selecting documents from clusters in a
round–robin fashion, i.e. assigning an order to the cluster and selecting a document
when cycling through all clusters. Cluster representatives are selected according to
the order of the documents and are added to clusters 2. The same approach may be
applied to different clustering algorithms, i.e. k–means, Expectation–Maximisation
(EM), Density–Based Spatial Clustering of Applications with Noise (DBSCAN).

Once sub–topical clusters are formed, several approaches can be employed to
select a cluster representative. Deselaers et al (2009) propose selecting within each
cluster the document that is most similar to the query, whereas Zhao and Glotin
(2009) suggest choosing the document with the lowest rank within each cluster of
the top retrieved results. In (Leelanupab et al, 2009; Urruty et al, 2009), the medoid3

is assumed to be the best cluster representative. Finally, Halvey et al (2009) propose
selecting the document that is most similar to other members of the selected cluster.
In summary, these approaches ensure that documents are retrieved from all the clus-
ters, and thus from all the sub–topics if these are correctly captured by the clustering
process. However, document relevance and redundancy are not accounted for after
clustering. Furthermore, despite the selection of documents from clusters accord-
ing to their probability of relevance, documents at early ranks can contain duplicate
information.

As a result, the top ranked documents might still be similar or highly correlated
to each other. For example, as shown in Figure 15.1b, the distances of documents x1,
x2, x3, and x4 selected using the clusters’ medoids are constant and far away from
the query q, in particular x3 and x4. Furthermore, if the closest documents to the
query were to be selected, then the result will be documents that are close to each
other, in particular when the query lays in the centre of the document space, which
is surrounded by the clusters.

15.3.2 Clustering for Sub–topic Retrieval

As we have illustrated in the previous section, no current cluster–based method for
sub–topic retrieval addresses novelty and relevance at the same time. Motivated by
this consideration, this chapter investigates the effect of integrating intra–list depen-
dence ranking models, i.e. ranking strategies that account for dependencies amongst
ranked documents, and topic–oriented/cluster–based models, i.e. strategies that di-

2 This is possible because the clustering algorithm in (Ferecatu and Sahbi, 2008) builds clusters
iteratively by first selecting the centre of a cluster and then gathering its members.
3 The document closest to the centroid of the cluster.
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(a) MMR with possible clusters. (b) Clustering with fixed document selection.

(c) Clustering with MMR re–ranking for document selection.

Fig. 15.1: Re–ranking methods for promoting diversity.

vide documents into sub–topic classes and consider these when ranking. Specif-
ically, we propose two simple strategies that follow this idea, and evaluate them
in the context of sub–topic retrieval. In particular, document dependencies can be
exploited during the selection of representatives from sub–topic classes, obtained
by employing any of the latter models. Figure 15.1c depicts the result of this ap-
proach, in which documents x1, x2, x3, and x4 are selected according to particular
sub–topics, thus addressing diversity in the document ranking. We do not focus on
the retrieval and relevance estimation, but we assume to have a reliable function that
is able to provide an initial set of relevant documents. We suggest clustering these
documents and then ranking the clusters according to the average relevance of the
documents contained in each cluster. Given a query q and a cluster ck, the average
cluster relevance is defined as:

Savg(ck,q) =
1
Ik

I

∑
i=1

s(xk,i,q) (15.6)

where Ik is the number of documents in ck and X = {x1, ...,xn} is the initial set of
relevant documents. Average cluster relevance is employed for ordering the clusters;
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Algorithm 15.1 Intra-list dependency re-ranking (using MMR) on the evidence
gathered from clusters.

Require: q, a user query
Require: C = {c1,c2,c3, ...,ck}, set of clusters k ranked according to average cluster relevance

Savg(ck,q)
Require: Xk = {xk,1,xk,2,xk,3, ...,xk,n}, set of retrieved documents x within cluster ck
Require: j = 0, where j is the number of documents that has been already ranked
Require: maxDocs, the maximum number of retrieved documents

J0 = {}
while j ≤ maxDocs do

if j = 0 then
J0 = argmax

xk,n∈Xk\J
[S(xk,n,q)]

else
Jj = Jj−1 ∪ argmax

xk,n∈Xk\J
[λS(xk,n,q)+(1−λ ) avg

x j∈J
D(xk,n,x j)]

end if
j = j +1; k = k +1
if k ≥ j then

k = 0
end if

end while
return Jj = {x1,x2,x3, ...x j}, a set of re-ranked documents to present to the user

then a round–robin approach that follows the order suggested by average cluster rel-
evance is used in order to select individual documents within the clusters. To select a
specific document within each cluster, we have to employ an intra–list dependency–
based model: in our empirical study we choose to use MMR, for its simple formu-
lation. In this step, alternative ranking functions may be employed. The complete
algorithm is outlined in Algorithm 15.1: this is the same algorithm that has been
implemented to produce the results reported in our empirical investigation.

15.4 Empirical Study

To empirically validate our approach and contrast it to state–of–the–art ranking
strategies for sub–topic retrieval, we adopted the ImageCLEF 2009 photo retrieval
collection (Paramita et al, 2009). This collection is composed of almost 500,000 im-
ages from the Belga News Agency. A text caption is associated with each image; the
average length of the textual captions is 36 terms, while the total numbers of unique
terms in the collection is over 260,000. Textual captions have been indexed using
Terrier4, which also served as a platform for developing the ranking strategies using
Java. Before indexing the captions, we removed standard stop–words (van Rijsber-
gen, 1979) and applied Porter stemming. Low–level descriptors were not considered
as this year’s topics focus on topical, rather than visual, diversity. Moreover, the goal

4 http://ir.dcs.gla.ac.uk/terrier/

http://ir.dcs.gla.ac.uk/terrier/
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Fig. 15.2: Example of ImageCLEF 2009 database entry with sub–topic image (left)
and query topic format (right).

of our study is to determine whether the integration of two diversity-aware ranking
models is valid, and thus there is no major concern in ruling out visual features from
the empirical investigation. Query topics have been similarly processed to the text
captions. We used the set of 50 available topics, consisting of topic titles, cluster
titles, cluster descriptions, and image examples. We employ only the topic titles, so
as to simulate the situation where a user posts a broad or ambiguous query. Finally,
we used the sub–topic judgements associated with each topic that are provided with
the collection; an example of topic and image with related sub–topics is shown in
Figure 15.2.

Okapi BM25 has been used to estimate document relevance given a query: its pa-
rameters have been set to standard values (Robertson et al, 1995). The same weight-
ing schema has been used to produce document term vectors that are subsequently
employed by re–ranking strategies to compute similarity/correlation. In preliminary
results we have observed that this approach returns higher precision values, com-
pared with alternative strategies, e.g. TF–IDF weighting. We experiment with sev-
eral ranking lengths, i.e. 100, 200, 500, and 1,000, meaning that all the documents
retrieved at ranks lower than these thresholds are discarded. In this chapter we re-
port results for ranking up to 500 documents. Other ranking thresholds have shown
similar results, and are not reported here.

Once estimates of document relevance are obtained using Okapi BM25, we pro-
duce an initial document ranking according to the probability ranking principle, i.e.
we order documents with respect to decreasing probability of relevance. We denote
this run with PRP, and it represents the baseline for every re–ranking strategy. Fur-
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thermore, the initial document ranking obtained using the PRP is used as input of
the re–ranking functions. The runs obtained by implementing the maximal marginal
relevance heuristic and the portfolio theory approach are denoted with MMR and
PT, and they represent the state–of–the–art strategies for interdependent document
relevance in the context of this investigation.

For MMR, we investigated the effect on retrieval performances of the hyper–
parameter λ by varying it in the range 5 [0,1). The ranking function of MMR has
been instantiated as discussed in Section 15.2.3.

When testing PT, we set b, the risk propensity parameter, as ranging from ±1
to ±9; we treat the variance of a document as a parameter that is constant with
respect to all the documents, similarly to (Wang and Zhu, 2009). We experiment
with variance values δ 2 ranging from 10−1 to 10−9, and select the ones that achieve
best performances in combination with the values of b through a grid search of the
parameter space. The correlation between textual captions is computed as Pearson’s
correlation between the term vectors associated to the textual captions themselves.

Regarding the runs based on the topic–oriented paradigm, we adopt two different
static and dynamic clustering algorithms: k-means and expectation maximization
(EM), although alternative strategies may be suitable. For each query, the number of
clusters required in k–means was set according to sub–topic relevance judgements
for that query. In contrast, we allow the EM algorithm to determine the optimal
number of clusters using cross validation, and set the minimum expected number of
clusters using the sub–topic relevance judgements. After clusters are formed, doc-
uments are ranked according to techniques for selecting documents within clusters
as illustrated in Section 15.3, specifically:

Interp(.): selects documents that maximise the interpolation algorithm for cluster–
based retrieval;
PRP(.) : selects documents with the highest probability of relevance in the given
clusters;
Mediod(.): selects the medoids of the given clusters as cluster representatives;
MMR(.) : selects documents according to maximal marginal relevance, as an
example of a strategy based on an interdependent document relevance model.

Techniques that implement PRP(.) and Medoid(.) do not require any parameter
tuning, whereas when instantiating Interp(.) and MMR(.), we varied their hyper–
parameters in the range [0,1), and selected the value that obtained the best per-
formance. In total, the combination of clustering algorithms and document se-
lection criteria forms eight experimental runs that we tested in this study, i.e.
Interp(k–means), PRP(k–Means), Medoid(k–means), MMR(k–means), Interp(EM),
PRP(EM), Medoid(EM), and MMR(EM).

We employed three measures to assess the effectiveness of different ranking
strategies in sub–topic retrieval. The first measure, called α–NDCG, extends the
normalised discounted cumulative gain to the case of the sub–topic retrieval task;
the parameter α ranges between 0 and 1 and directly accommodates novelty and

5 We excluded the value λ = 1, since MMR’s ranking function would be equivalent to that of PRP.
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diversity (Clarke et al, 2008). We set α = 0.5, as it is common practice (Clarke et al,
2009b): intuitively, this means that novelty and relevance are equally accounted for
in the measure. Novelty and rank biased precision (NRBP) (Clarke et al, 2009a) in-
tegrate nDCG, rank–biased precision (RBP) and intention aware measures in order
to model the decreasing interest of the user examining documents at late rank posi-
tions. Sub–topic recall (S-R) (Zhai et al, 2003) monitors sub–topic coverage in the
document ranking.

15.5 Results

In Table 15.1 we report the results obtained by the instantiations of the ranking
strategies considered in our empirical investigation and evaluated them using α-
NDCG@10, α-NDCG@20, NRBP, and S–recall. Due to the presence of varying
parameters that require tuning, we only report the best results obtained by each strat-
egy with respect to α-NDCG@10. Percentage improvements over the PRP of each
re–ranking strategy are reported in the table. The instantiations of the approaches we
propose in this study, i.e. MMR(k–means) and MMR(EM), underlined in the table,
provide an example of the results the integration approach, based either on static or
dynamic clustering, and MMR, can achieve. Statistical significance against MMR
and PT using a t–test is calculated for each of the eight runs reported in the lower
part of Table 15.1, and it is indicated with ∗, w.r.t. MMR, and †, w.r.t. PT.

The results suggest that the integration of either static or dynamic clustering
techniques with interdependent document ranking approaches can improve the
performance in sub–topic retrieval. In particular, the percentage improvements of
MMR(k–means) and MMR(EM) are greater than the one obtained by their peers in
all the evaluation measures, except in NRBP, for which however a consistent trend
can not be extracted. Furthermore, it can be observed that even applying the integra-
tion paradigm on a simple lightweight clustering algorithm such as k-means, which
can be executed in runtime, can increase the retrieval performance when compared
to MMR or k–means alone.

Our empirical investigation also suggests that selecting clusters in a round–
robin fashion when ranking, as is done in PRP(k–means), PRP(EM), or Medoid(k–
means), Medoid(EM), outperforms other policies, such as the one implemented by
Interp(.). This result is consistent for all the investigated measures. Note that rank-
ing documents according to Interp(.) may result in documents from the same cluster
being ranked consecutively: this might be the case when the probabilities of cluster
relevance and of the document being in the specific cluster are high. In addition, the
results suggest that the runs based on the topic–oriented paradigm produce better
rankings than the ones based on the interdependent document relevance paradigm
(i.e. MMR and PT) in terms of α-NDCG@10, that has been used as an objective
function for parameter tuning.

In summary, the results show that integrating the two paradigms for sub–topic re-
trieval based on interdependent document relevance and topic–oriented models can
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Table 15.1: Sub–topic retrieval performances obtained in the ImageCLEF 2009
photo retrieval collection. Percentage improvements refer to the PRP baseline. Pa-
rameters are tuned with respect to α–NDCG@10, in particular: MMR (λ = 0.6),
PT (b = 9, δ 2 = 10−3), Interp(k–means) (λ = 0.8), MMR(k–means) (λ = 0.8), In-
terp(EM) (λ = 0.9), and MMR(EM) (λ = 0.7). The best performance improvements
are highlighted in bold, and statistical significance at 0.05 level, computed using a
t–test, against MMR and PT are indicated by ∗ and † respectively.

Model α-NDCG@10 α-NDCG@20 NRBP S-R@10
PRP 0.425 0.467 0.270 0.542

MMR
0.484 0.516 0.288 0.661

+13.88% +10.49% +6.67% +21.90%

PT
0.470 0.511 0.287 0.629

+10.59% +9.42% +6.30% +16.09%

Interp(K-Mean)
0.448 0.475 0.302 0.524∗†

+5.41% +1.71% +11.85% -3.32%

Medoid(K-Mean)
0.463 0.490 0.291 0.591∗

+8.94% +4.93% +7.78% +8.93%

PRP(K-Mean)
0.486 0.515 0.309 0.617

+14.35% +10.28% +14.44% +13.87%

MMR(K-Mean)
0.491 0.520 0.302 0.655

+15.53% +11.35% +11.85% +20.83%

Interp(EM)
0.457 0.486 0.311 0.532∗

+7.53% +4.07% +15.19% -1.84%

Medoid(EM)
0.497 0.524 0.320† 0.646

+16.94% +12.21% +18.52% +19.11%

PRP(EM)
0.502† 0.536 0.314 0.670

+18.12% +14.78% +16.30% +23.61%

MMR(EM)
0.508† 0.539† 0.311 0.681†

+19.53% +15.42% +15.19% +25.59%

deliver better performance than state–of–the–art ranking strategies. In three out of
four measures, our best approach based on the integration paradigm, i.e. MMR(EM),
outperforms state–of–the–art approaches with statistical significance against our
instantiation of PT. Despite the integration–based strategies providing less perfor-
mance increments than other re–ranking approaches with respect to NRBP, the dif-
ference is very limited and might be related to the settings of the parameters internal
to NRBP. Furthermore, it is difficult to quantify how this small difference in NRBP
affects the user.

15.6 Conclusions

Diversity with respect to the sub–topics of the query topic is a highly desired feature
for generating satisfying search results, in particular when there is a large number of
documents containing similar information, or when a user enters a very broad or am-
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biguous query. Common diversity–based ranking approaches are devised on the ba-
sis of interdependent document relevance or topic–oriented paradigms. In this chap-
ter, state–of–the–art strategies for diversity–aware IR are reviewed and discussed.
We propose a new ranking approach, which incorporates two ranking paradigms
with the aim to explicitly model sub–topics and reduce redundancy in document
ranking simultaneously. An empirical investigation was conducted using the Im-
ageCLEF 2009 photo retrieval task collection, where we contrast state–of–the–art
approaches against two instantiations of the integration approach we propose. Maxi-
mal marginal relevance and portfolio theory for IR are examined as examples of the
interdependent document relevance paradigm, whilst k–means and EM clustering
methods are employed to explicitly model sub–topics. Various criteria for selecting
documents within clusters are investigated in our study, and their performance is
compared. The interpolation algorithm assumes that relevant documents tend to be
more similar to each other; whereas the selection methods based on cluster represen-
tatives or PRP stem from the hypothesis that clusters can represent the sub–topics
of a query. Parametric ranking functions are tuned with respect to α–NDCG@10,
which is used to measure retrieval effectiveness in the sub–topic retrieval tasks. We
also evaluate the strategies in terms of NRBP and S–recall.

The results of our empirical investigation suggest that ranking strategies built
upon the integration of MMR and EM clustering significantly outperform all other
approaches. Furthermore, we show that the integration intuition can be ideally ap-
plied to any clustering algorithm. The comparison between interdependent docu-
ment relevance and topic–oriented paradigms suggests that the cluster-based re-
trieval strategies perform better than the former in sub–topic retrieval. With re-
spect to our study, the interpolation algorithm in cluster–based retrieval is not suit-
able for results diversification, while still being suitable for the ad hoc retrieval
task (Kurland and Lee, 2004). The round–robin policy for selecting clusters per-
forms consistently better than the interpolation strategy; furthermore, selecting doc-
uments within clusters using the PRP is better than doing so by using cluster repre-
sentatives such as medoids.

In summary, the integration approach effectively improves diversity performance
for sub–topic retrieval. Further investigation will be directed towards the empirical
validation of our integration approach on other collections for sub–topic retrieval,
such as TREC 6, 7, 8 interactive and ClueWeb 2009. Furthermore, image low–level
features can be employed to refine the results from text clustering since they can
enhance visual diversity in addition to topical diversity.
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