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ABSTRACT

The diversity of a set of search results reflects that set’s
coverage of multiple interpretations of the query it is based
upon. Interest in search result diversity has increased as
search engines struggle to return relevant information for
ambiguous queries from an increasingly large data set. We
develop a result diversification system which uses probabilis-
tic latent semantic indexing to form clusters that are then
used to reorder search results and increase result list diver-
sity scores. We show that adjusting the influence of rank
in the reordering algorithms improves their performance by
finding a balance between the importance of rank and the
importance of generated clusters. Finally, by applying the
result diversification system to the known clusters used in
judging, we generate reordered lists that estimate upper-
bounds of the diversity scores.

1. INTRODUCTION

The standard in ranking documents is to order them by
probability of relevance to the information need, giving doc-
uments that are more relevant a higher rank. This method
is referred to as the probability ranking principle (PRP) [13]
and can be used to justify common information retrieval
scores such as Precision, MAP, and nDCG. Given a query
q, document d, and binary relevance function R, the PRP
states that documents should be ordered by decreasing value
of P(R = 1]d, q). This formula assumes g is the actual infor-
mation need, which is tendentious considering recent work
showing that a significant number of queries are ambiguous
[14] and may denote multiple differing information needs.
A further problem is that, under the PRP, two documents
with the same content have the same probability of rele-
vance and, supposing they have the highest relevance, will
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'The inherent ambiguity of word senses demonstrates this
difficulty. A common example of ambiguity is the query
“Jaguar”, which may refer to the brand of car, the feline,
the operating system, or perhaps something more obscure.
Intertwined with sense ambiguity is dynamic sense reference,
wherein the information needs expressed by a query, and
their associated probabilities, change over time. The query
“president of the united states” is a typical example of a
query with a dynamic referent.

be ranked in the top 2 positions. In this case, the under-
lying problem is the PRP’s assumption that the relevance
of one document is independent from the other documents
returned. In practice this assumption fails, a duplicate doc-
ument adds little (if any) value.

In search, and especially web search, there is often a one
to many mapping from the text of a user’s query to the infor-
mation needs that can be represented by this query. There-
fore optimizing search results to satisfy only one of these
many information needs will leave some users’ needs unful-
filled and be biased towards redundancy within the chosen
information need. To address this we can increase search
result novelty (lack of redundancy) and diversity (coverage
of multiple topics) by optimizing search results’ coverage of
the information needs a query could represent.

In addition to suggesting the content of our search result
list, a set of topics for both a query and the documents
it returns provides a method of evaluating our retrieval al-
gorithm. The a-nDCG@E metric introduced in [5] modi-
fies nDCG@¥k by rewarding result lists for novelty amongst
their returned documents. The intent aware precision, or
P-TA@k, metric introduced in [1] modifies Precision@k by
summing the precision for each topic weighted by the prob-
ability that topic is intended by the query.

These topic based metrics and a general topic based solu-
tion to diversity raise two fundamental questions:

1. What topics are represented by a query and what is
the probability distribution over the query’s topics?

2. What topics are represented by each document and
what is the probability distribution over each docu-
ment’s topics?

The result diversification system we present uses probabilis-
tic latent semantic indexing to generate a topic model for
the top n documents returned by a query, giving us a prob-
ability distribution of topics over documents. We then use
these document topics to create a topic distribution for a
query based on the documents returned for that query using
standard retrieval methods. There are numerous alternative
methods that can be used to create these topics and distri-
butions, in Section 3 we examine some of these alternatives.

Using topic distributions, in combination with the result
reordering algorithm IA-SELECT [1], we are able to im-
prove on the baseline scores for a-nDCG@{5, 10, 20} and
P-TAQ{5, 20}. We analyze the effects of modifying the dis-
tribution of probability mass in the IA-SELECT algorithm
and find that better results are achieved when a document’s



rank significantly affects its probability of relevance. Fur-
thermore, by generating topics and probabilities for the TA-
SELECT algorithm based on the known topics (as used by
the diversity evaluation metrics) we create a reordered list
and metric scores that approximate the upper-bound on the
performance of IA-SELECT.

We proceed in Section 2 by providing an overview of di-
versity metrics and reviewing a system that was built to op-
timize for these metrics. Next we present our experimental
approach in Section 3 and our evaluation and results in Sec-
tion 4. In Section 5 we discuss our results and we conclude
in Section 6.

2. RELATED WORK

Diversity research in information retrieval has progressed
in parallel with the two tasks of designing metrics that ac-
curately measure the diversity of a list of search results and
designing algorithms that optimize the order of search re-
sult lists to score highly on these metrics and satisfy the
needs of users. The earliest diversity metric and algorithm
that was formally explored is maximum marginal relevance
(MMR). In the MMR strategy for ranking documents, we
define marginal relevance as a document’s relevance to a
query given its similarity to already returned documents,
and then maximize a linear interpolation of the similarity be-
tween the document and the query minus the similarity be-
tween the document and the previously returned documents
[3]. Given R is a ranked list of documents, S C R is a set of

previously selected documents, and dj = maxq,es Sima(d;, d;),

we define:

MMR = argmax[ASimi(di, q) — (1 — \)dj)] (1)
d;ER\S

where A is an interpolation parameter, ¢ is the user query,
and the Sim; functions are similarity metrics. Increasing A
gives preference to narrower results, while decreasing A\ gives
preference to broader results. In practice an effective search
strategy has been to start with a broad result set and narrow
over time by increasing A. In MMR, diversity and novelty
are produced through the choice of similarity functions.

2.1 MMR and subtopic approaches

One may view the differences between documents as an
indication or approximation of their topical content, and a
measure that takes these differences into account as dividing
documents into different topics. Zhai, Cohen, and Lafferty
do exactly this in applying the MMR strategy to the prob-
lem of subtopic retrieval [19]. The authors begin by defining
scoring metrics that take subtopics into account by reward-
ing the inclusion of documents from many different subtopics
early in the ranking while discouraging the inclusion of many
documents from the same subtopic. The first metric, S-recall
at rank k, equals the sum of the number of distinct subtopics
found in the first k returned documents divided by the to-
tal number of subtopics. The second metric, S-precision at
recall 7, equals the minimum rank at which the optimally
ranked set has S-recall r divided by the minimum rank at
which the ranked set being evaluated has S-recall r.

The authors then derive a general scoring function by sum-
ming over a weighting assigned to all the probabilities for
combinations of relevant or not relevant and new or not new
attributes given a specific document. After some simplifying

assumptions, they define a scoring function:

s(disdiy..ydiz1) = p(qlds)(1 — p — valuen (05561, ...,0:-1))

(2)
where valuen (0;;01,...,0;—1) is a newness or novelty value
function — with 6; the language model of document d;, p is a
ratio indicating the cost of seeing a non-relevant document
compared to that of seeing a relevant but redundant docu-
ment, and p(g|d;) is the query likelihood. In experiments the
authors found that gains obtained by increasing the rank of
novel documents were offset by the cost of ranking a non-
relevant document higher. This is a common difficulty and
one which we also experience in our experiments.

In work which places novelty measurement and subtopic
retrieval in their broader context, Zhai and Lafferty explore
characterizing information retrieval in terms of risk mini-
mization [20]. They provide a risk minimization framework
in which the objective is to choose a set of documents and
a presentation strategy so as to minimize the integral of a
loss function defined over the system parameters, user fac-
tors, and document source factors, while accounting for a
posterior distribution on the system parameters. Both the
original MMR from [3] and the modified MMR from [19] can
be cast in this risk minimization framework. This character-
ization makes clear the potential shortcomings of assuming
independence between document novelty and relevance. Un-
der the independence assumption there is no “direct measure
of relevance of the new information contained in a new docu-
ment” [20]. An additional point of criticism is that subtopic
coverage is not directly measured. This applies saliently to
a diversity and novelty task where we would expect direct
measurement of these factors, and an algorithm allowing di-
rect optimization of this measurement, to yield improved
results.

2.2 Category based approaches

Category based approaches address some of the above
shortcomings of the MMR approach. Category based met-
rics are defined to explicitly measure subtopic (also known
as category, nugget, and facet) retrieval. In contrast to the
MMR approach based on document similarity, the work of
Clarke et al. attempts to increase novelty and diversity by
assigning information nuggets to the user’s query and the
documents returned for this query. Their method defines
the probability a document is relevant as the probability
there exists a nugget in the intersection of the nuggets in the
user’s query and those in the document [5]. Based on this, a
modified gain vector is defined by equating the relevance of
a document returned at position k to the sum over the rele-
vant nuggets it contains, discounted relative to the number
of documents up to position £ — 1 that are also judged to
contain these nuggets. The authors define a modified ver-
sion of nDCG, called a-nDCG, which rewards novelty by
using the modified gain vector. In exploratory experiments
Clark et al. use nuggets and relevance judgements taken
from the TREC 2005 and 2006 question answering tracks to
show that using pseudo relevance feedback on a result list de-
creases a-nDCG score. Because pseudo relevance feedback
focuses results on the content of the highest ranked results,
and through this reduces list diversity, these experiments
show that a-nDCG is functioning as a diversity metric.

One immediate shortcoming of a-nDCG is that all infor-
mation nuggets have the same relevance to a document and
a query. In practice there is no reason to expect a uni-



form distribution of nugget probabilities for a query. Cer-
tain nuggets are likely to be more popular and therefore
more probable (e.g. the query “Michael Jordan” likely refers
to the former basketball player and not the machine learn-
ing researcher). Similarly, it is highly probable that within
documents the representation of nuggets will be unequally
distributed. Agrawal et al. address this by introducing cat-
egories, which are synonymous to nuggets, and defining the
problem of result diversification. Given query ¢, a set of
documents D, a probability distribution of categories over
the query P(c|q), the probability V' (d|g, c) that a document
d satisfies a user issuing a query ¢ with intended category c,
and an integer k, the goal of result diversification is to find
S C D with |S| = k which maximizes

P(Slq) = ZP (cla)( 1—H(1—

des

Vidlg:e)  (3)

The product in Equation 3 makes the Naive Bayes assump-
tion in calculating the probability that all documents fail to
satisfy a given category. Summing over all categories, rel-
ative to their probabilities given the query, maximizes the
likelihood that the user finds results satisfying their query
— with respect to its category distribution — in the top k
results.

Maximizing Equation 3 is NP-hard, however a greedy al-
gorithm can be defined which is a (1 — 1/e)-approximation
[1]. Pursuing this, Agrawal et al. develop the IA-SELECT
algorithm, which at each step chooses the document with
the highest probability of satisfying the user assuming all
documents so far fail to do so. They further define a gen-
eral method for deriving intent aware versions of standard
information retrieval metrics by taking the sum over all cat-
egories for a query of the probability of the category given
the query multiplied by the value of the metric given the
category. Using this formulation they present (precision)
P-IA, (recall) R-IA, NDCG-IA, MAP-IA, and MRR-IA as
metrics evaluated relative to each intent the user’s query
could represent.

Agrawal et al. conducted retrieval experiments by first us-
ing the public ODP taxonomy? to classify intents (i.e. create
categories) and then incorporating relevance scores given by
both a propriety repository and users of Amazon Mechanical
Turk.® In these experiments they found that IA-SELECT
outperforms three leading search engines on all the intent
aware metrics. Although an important empirical test, if the
goal is to apply diversity reordering to web search at large
this approach is unsustainable because the relevance mea-
surement methods used cannot scale to the size of the web.

Both the category approach of Agrawal et al. and the
nugget approach of Clark et al. maximize diversity and pe-
nalize redundancy by defining measures for which a greedy
search is appropriate. Inherent in this strategy is the pos-
sibility that a relevant but rare nugget will be excluded
because it co-occurs only in documents containing other
nuggets that have already been returned. To address this,
we can maximize diversity without regard for redundancy
by assuming that a document is relevant if it contains any
relevant nuggets. Proceeding in this manner, Carterette and
Chandar define faceted topic retrieval in which there is one
“correct” interpretation of a query and the goal is to return

2Open Directory Project (ODP): wuw.dmoz. org
3 Amazon Mechanical Turk: www.mturk.com

a set of documents which covers all the facets of this inter-
pretation [4]. Because the system is specifically designed to
maximize the number of facets retrieved, which are analo-
gous to subtopics, it is evaluated with S-precision and S-
recall [19].

Here we reformulate an equivalent version of the likeli-
hood function presented in [4] so that it can be more easily
compared with Equation 3. Given a query ¢, a set F of
facets with |F'| = m, and a set D of documents, the goal is
to find S C D with |S| = k which maximizes the likelihood
function:

— P(Fj € d))) (4)

q|FD:f[ -]Ja

des

Note that the inner product term in Equation 4 is equivalent
to the product term in Equation 3 if V' is defined without
q in the likelihood. This formulation is reasonable because
we are attempting to cover all facets regardless of query
likelihood. Equation 4 makes two independence assump-
tions: that facets occur in documents independently and
that facets occur in documents independent of one another.
Maximizing Equation 4 is NP-hard and the authors propose
solving it by (4) using a greedy algorithm which takes the
marginal likelihood conditional on previously selected doc-
uments (comparable to the method of IA-SELECT), (4)
relaxing y to a vector of real numbers and solving with con-
jugate gradient descent, and (#i4) for each facet taking the
document with maximum P(F; € d). In evaluation the last
method was found to produce significantly higher S-recall
and lower redundancy scores when compared with the other
methods.

As mentioned by Carterette and Chandar, the criteria in
Equation 4 provides no information for ranking the docu-
ments. To account for this one could use Equation 4 for
document selection and Equation 3 for document ranking.
This model would first retrieve a document set that covers
the query’s facets and then rank it according to the proba-
bility each facet is relevant to the query.

2.3 Risk based approaches and axiomatization

A unique approach to diversity has been taken by Wang
and Zhu in which they draw on its commonalities with fi-
nancial portfolio selection, equating the set of returned doc-
uments with a portfolio of financial instruments and then
seeking to balance the mean value of this portfolio (the over-
all relevance of the documents) against its risk (the variance
in relevance) [17]. They define the relevance of a document
set of size n as:

R, = iwin (5)
=1

where r; is the estimated relevance score of document 7 and
wy, such that Y w; = 1, is the importance of the relevance
score at rank 7. Given the expected relevance E|r;] and a
matrix Cy such that ¢; ; is the covariance of the relevance
scores for documents ¢ and j we define:

E[R,] = Z w;i E[ry] (6)

Var Rn 722“—%”’]61,] (7)

=1 j=1



E[R,] is the collection mean and Var(Ry) is the collection
variance. From Equation 7 we see that decreasing the co-
variance — the correlation between documents — will decrease
the variance, or risk. Diversifying the documents within the
collection will accomplish this and therefore reduce the un-
certainty of the expected overall relevance.

The authors go on to define a ranking function that pa-
rameterizes and combines these measures so that the amount
of risk for a ranked document list can be adjusted. In evalua-
tions conducted on the TREC ad hoc retrieval and subtopic
retrieval tasks the authors found that by increasing the im-
portance of variance, and thereby increasing diversity, higher
mean reciprocal rank (MRR) scores were returned. In con-
trast, decreasing the importance of the variance increased
MAP scores, which is expected since diversity generally neg-
atively affects MAP score. Neither in this work nor in
other work we are aware of has this approach been eval-
uated against the previously mentioned metrics of MAP-TA
or a-nDCG. We would expect increasing the importance of
variance to be positively correlated with increased scores on
these metrics.

Based on previous work in axiomatization of ranking and
clustering systems, Gollapudi and Sharma list 8 axioms “each
of which seems intuitive for the setting of diversification”
[8]. They go on to prove that a diversification function can-
not simultaneously satisfy all of the axioms. Given this,
determining what axioms a system does satisfy provides a
method for quantify choices made in the design of result
diversification systems. The authors provide an example di-
versification system that maximizes the weighted sum over
the relevance of returned documents and the dissimilarity
amongst returned documents. The system they use is quite
similar to MMR, as formulated in [3], although the specific
weighting is different. They show that this system fails to
satisfy the stability axiom, which requires that the output
set does not change arbitrarily with output size. Formally,
given an optimal set Sy where k denotes the size of the set,
the stability axiom requires Sy C Sk+1. The authors note
that the result diversification problem defined in [1], and
upon which the IA-SELECT algorithm is based, violates the
stability axiom and the independence of irrelevant attributes
axiom. This axiom requires that the score of a set is not af-
fected by most of the attributes of documents outside of the
set. Given there is a consensus that the axioms provided
by Gollapudi and Sharma are accurate, knowing what ax-
ioms a system does and does not satisfy can prove useful
in determining which diversification system is best suited to
a specific task. The diversification system used in this pa-
per is based upon IA-SELECT and will therefore violate the
stability and independence of irrelevant attributes axioms.

2.4 Optimizing for diversity

Experiments applying TA-SELECT, which are conducted
in [1], show that diversity scores can be improved through
reordering. In [6] Dou et al. present a reordering algorithm
that is similar to [1] but more general with regard to inputs
and formulation. Given r(q,d) is the original relevance of a
document d for a query ¢, their algorithm selects the next
best document as

djsj+1 = argmax[ar(q,d) + Reecv(d, 5,C)]  (8)
dER\S

where « controls the importance of the the original relevance

versus the diversity rank, similarly to the MMR algorithm
in Equation 1. R is an operator that combines multiple di-
mensions of subtopics. The dimensions used in [6] are anchor
texts, search result clusters as calculate by the learning to
cluster method presented in [18], and sites of search results.
v(d, S,C) is the importance of document d to category C
given the documents in S are already selected. This is cal-
culated as:

’U(d, S, C) = Z We - ¢(Cv S) : T(Qm d) (9)

ceC

where w,. is the weight of subtopic ¢, r(gc,d) is the impor-
tance of document d for subtopic ¢ with respect to query g,
represented as ¢., and ¢(c, S) is the importance of subtopic
c given the current selection of documents S. The authors
calculate ¢(c, S) as:

if S = {}

otherwise (10)

1
c,S) =
o9 ={ T, i1 rigod)
which is analgous to the calculation in the inner product of
Equation 3 used by the IA-SELECT algorithm.

3. RESULT DIVERSIFICATION SYSTEM

The diversification system we present uses the IA-SELECT
algorithm in combination with subtopics mined from docu-
ments using probabilistic latent semantic indexing. The al-
gorithm allows us to vary the influence of document rank in
reordering by adjust its use in subtopic to query assignment
and document relevance probability.

3.1 Diversification algorithm

The IA-SELECT algorithm, as presented in [1], depends
on P(c|q), a probability distribution of subtopics over a
query, and V (d|q, ¢), an estimate of the probability that doc-
ument d can satisfy subtopic ¢ for query ¢q. The methods
used for selecting both of these values significantly influence
the performance of the system. Given a set of documents R
returned for a query ¢ we calculate:

P(clg) = Y r(e,d)?rrentia®) (11)
deER

where r(c, d) is the probability d is a member of the subtopic
¢ and rank(q,d) is the rank of document d for query gq.
The function ¢, (z) was evaluated as constant, identity, and
1+log(x). We also experimented with a uniform distribution
that assigns equal probability mass to each subtopic for a
query.

The document probability function was similarly defined
as:

V(dlg,c) = r(c, d)*»renk@m) (12)

where all functions used are defined equivalently as in Equa-
tion 11 except that ¢.(z) is additionally evaluated as 22 and
2. In Equation 11 ¢, determines the importance the rank
of a document plays in calculating the probability that doc-
ument’s subtopics are relevant to a query. In Equation 12 ¢,
determines the importance a document’s rank plays in cal-
culating its own relevance. When ¢; is equal to a constant,
document rank is irrelevant, otherwise the greater the con-
vexity of ¢; the greater the influence of rank.

Given a set S of documents that have already been re-
ordered, the IA-SELECT algorithm first initializes U(c|q, S),



the conditional distribution over subtopics given S, using
the query subtopics P(c|g). To return a reordered list k
documents long the algorithm adds the document with the
highest marginal utility to S. If ties exist the first docu-
ment found to have the highest marginal utility is chosen.
The marginal utility of a document, g(d|g,c, S), can be in-
terpreted as the probability that this document satisfies the
user given all previously selected documents fail to do so and
is calculated as:

g(dlg,c, ) < > Ul(clg, )V (d|g,c) (13)
ceC(d)

After this document is chosen and added to S, the condi-
tional probabilities are updated using Bayes rule to account
for the new document being a member of S:

Ulclg,S) = (1 = V(d'lg,c)U(clg, S\ {d'})  (14)

where d’ is the newly added document. This process is re-
peated until |S| = k.

3.2 Mining subtopics

To create subtopics we use the clustering algorithm prob-
abilistic latent semantic indexing based on the implementa-
tion presented in [15] and used in the Lemur Toolkit [11]. We
investigate generating topic membership probabilities using
two different partition methods. In the first method docu-
ments were taken as a single collection and topic probabili-
ties were generated for all documents at once. This method
is much less resource intensive, however it goes against the
spirit of category based diversity, in which categories are
relevant to a query and optimized for documents relative to
this query.

In the second method, upon which later experiments are
based, cluster probabilities were generated per query for the
documents returned. For each query the procedure is as
follows:

1. run TFIDF retrieval for the query

2. select the top k most relevant documents (which will
later be reordered)

3. generate cluster probabilities for these k documents

This procedure creates a separate set of clusters and distri-
butions over these clusters for each query evaluated.

4. EVALUATION

We evaluate our result diversification system using the
WebCLEF 2007 question answering corpus, which is pre-
sented in Jijkoun and de Rijke [9]. To convert this corpus
into a retrieval task with subtopics we parse the assessments
file, letting the topic of each question form the query and the
nuggets for answers to the question form the subtopics of the
query. Figure 1 presents an excerpt of the XML file used.
The content of the topic_title tag forms our query and
for each query (topic) we have a set of subtopics (nuggets),
each described by a set of excerpts (spans) that contain text
relevant for the specific subtopic (nugget). We perform a
text search of the WebCLEF document corpus for each span
within a subtopic to generate a list of documents relevant to
that subtopic.

After the above processing we have produced a list of tu-
ples containing queries, subtopics, and documents that form

the grels file which is used in scoring our retrieval results.
A total of 30 topics are used to form queries, however the
number of subtopics is not equal for all queries. After re-
moving a query for which there are no subtopics (topic 12),
the number of subtopics per query ranges from 2 to 40 with
a mean of 12. The final diversity scores are calculated by
taking the arithmetic mean of the diversity scores for each
query and we therefore expect differences produced by dif-
ferent numbers of subtopics per query to be insignificant.

4.1 Baseline experiment

To create a baseline ordering of documents and diversity
scores we retrieve the 200 top ranked documents accord-
ing to TFIDF using BM25 [10]. Later, when using the IA-
SELECT algorithm to reorder results, this is the result list
which will be reordered. Even given an oracle that can solve
the NP-hard result diversification problem, it will still be
restricted to reordering only documents in this list.

4.2 PLSI cluster reordering experiments

In the first experiment subtopics are induced for a query
by running PLSI clustering on the top 20 returned results.
The number 20 was chosen because the top 20 results are
the largest number of results that will be considered by the
scoring algorithms. To evaluate how increasing the number
of documents to be reordered effects diversity scores we per-
form a second experiment in which PLSI based subtopics are
formed for the top 200 returned results and then reordered
based on their subtopics. In both experiments the PLSI al-
gorithm clustered documents into 20 subtopics. In Figure
2 we present results for a-nDCG@{5, 10, 20} comparing a
baseline with results reordered using IA-SELECT and clus-
ters induced from 20 and 200 documents. The reordering
algorithm uses ¢,(x) = 1 + log(x) and ¢, (z) = 2* for both
the 20 and 200 document runs. In Table 1 we present the
full results for a-nDCG and P-IA metrics.

Reordering based on 20 documents, experiment IA-SELECT
20, gives the best results, outperforming on all diversity
scores except P-TA@10. In contrast, reordering based on 200

M Baseline [ IA-SELECT 20 [ IA-SELECT 200
0.180
0.180
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0.150 -
0.140 -
0.130
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0.120 -

0.110

0.100 -

a-nDCG@5

a-nDCG@10 a-nDCG@20

Figure 2: o-nDCG@{5,10,20} scores without re-
ordering (Baseline), reordering using PLSI cluster-
ing based on 20 documents (IA-SELECT 20), and
reordering based on 200 documents (IA-SELECT
200).



<topic id="webclef2007_topic_2">

<topic_title>Symptoms Avian Influenza or bird flu</topic_title>

<known_spans/>

<nuggets>
<nugget id="nugget_109">
<nugget_name>not symptoms</nugget_name>

<span id="span_376">H5N1 HPAI can be spread from birds to people as a result</span>

</nugget>

</topic>

Figure 1: Excerpt from the WebCLEF 2007 Assessments XML file.

Experiment a-nDCG@5 | a-nDCGQ10 | a-nDCG@20 | P-TAQ5 | P-IA@10 | P-IAQ20
Baseline 0.145 0.155 0.175 0.051 0.046 0.031
TA-SELECT 20 0.151 0.157 0.180 0.055 0.044 0.049
TA-SELECT 200 0.136 0.152 0.173 0.049 0.040 0.032

Table 1: Diversity scores for all result diversification systems. IA-SELECT algorithms use ¢,(z) = 1 + log(x)

and ¢,(z) = x°.
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Figure 3: Percent change from baseline score ac-
cording to all diversity measures for IA-SELECT
reordering with 20 and 200 documents.

documents, experiment IA-SELECT 200, underperforms, giv-
ing the worst performance on all diversity scores except P-
TA@20. To some extent as k increases the performance of
the reordering algorithms improves. Figure 3 presents the
reordering experiments’ percent changes from the baseline
for all diversity scores. Increasing k monotonically increases
a-nDCG score for reordering 200 documents but not for re-
ordering 20 documents. A greater improvement of the 200
document score with increasing k, as compared to the 20
document score, should be expected because, once k reaches
20, the 200 document reordering can improve its score by
adding documents not in the top 20 as well as reordering
documents already within the top 20, whereas the 20 doc-
ument reordering can only improve its score by reordering
documents within the top 20. Still, this advantage is not
enough to improve beyond the score achieved by only re-
ordering the top 20 documents.

4.3 Changing the influence of rank

Variations to the ¢, function are able to produce signifi-
cant changes in the diversity scores. Increasing the influence
of rank by increasing the convexity of the ¢, function will
increase diversity scores up to a point. In Table 2 we present
diversity scores for various ¢, functions using the reordering
algorithm with 20 documents. As can be seen, ¢,(z) =
produces the best scores in all cases except P-IA@10.

Up to and including ¢, (2) = ? a-nDCG scores increase
as function convexity increases. With the P-IA scores we
also see an increasing trend but it is much less pronounced.
Ignoring rank, by setting ¢, to a constant, produces the
lowest scores in all runs except P-IA@20, which is generally
an outlier in terms of the relationship between its score and
the ¢, function used. Increasing the exponential, and setting
¢o(x) = 23, decreases scores, which shows that excessively
increasing the influence of rank will degrade performance.

4.4 Empirical upper bound

A drawback of the intent aware diversity metrics is that
the range is not necessarily in [0, 1]. Unless there is a single
perfect ordering for all subtopics the maximum value of TA
scores will be less than 1 and the only so far known way to
calculate the maximum value is through exhaustive search
[1]. In addition to the possibility that the maximum IA score
is analytically below 1, the specific empirical methods used
in these experiments place additional limits on the maxi-
mum obtainable score. The reordering algorithms only take
into account the top 20 or top 200 documents according to
their BM25 ranking score. Therefore, if the perfect ordering
relies on a document outside of the set being considered for
reordering, it will be impossible to achieve the maximum
diversity score. This limitation will apply equally to both
a-nDCG and TA metrics.

To estimate an upper bound for the scoring metrics, given
the experimental procedure used, we devise a method to
produce reordered lists based on the known queries and



¢v () a-nDCGQ5 | a-nDCGQ10 | a-nDCG@20 | P-IAQ5 | P-IA@10 | P-TA@20
constant 0.108 0.129 0.166 0.040 0.036 0.032
1+ log(z) 0.129 0.150 0.171 0.047 0.045 0.033
T 0.142 0.155 0.176 0.046 0.046 0.031
z? 0.151 0.157 0.180 0.055 0.044 0.049
z° 0.149 0.156 0.179 0.052 0.040 0.032

Table 2: Diversity scores for IA-SELECT 20 reordering algorithm using ¢,(z) = 1+ log(z) and variations in

¢v(x) as shown.

subtopics for documents. We first assign subtopics to docu-
ments based on the qrels file and then assign a uniform prob-
ability distribution to P(c|q) in Equation 11 and V (d|q,c)
in Equation 12. Because we are reordering the list based
on the subtopics and subtopic assignments that will be used
when the list is evaluated, we expect the produced list to
approximate the scoring metric’s upper bound.

The results of reordering based on subtopics mined from
the qrels file are presented in Table 3. As predicted, these
scores are significantly higher than the baseline scores or
scores achieved through reordering based on clusters gener-
ated by PLSI in all cases except P-IAQ@Q20 for QRELS 20.
In this case the QRELS 20 score beats the baseline and re-
ordering with 200 documents scores but is significantly less
than reordering with 20 documents. Note that these scores
are presented as only estimated upper bounds. There is
no guarantee that these are true upper bounds (indeed we
see an example were this is not the case) and testing for
true upper bounds would require an exhaustive search. The
a-nDCG@{5, 10, 20} score is perfect for 1 query when re-
ordering based on 20 results and perfect for 2 queries when
reordering based on 200 results. For both 20 and 200 results
the P-TA scores are never perfect overall and for all eval-
uated metrics there remain some queries were the score is
0.

In additional results using known subtopics we find that
modifying V' (d|g, ¢) to give more weight to documents with
higher rank decreases diversity metric scores, the opposite of
what occurs when using induced subtopics. This result is ex-
pected if the subtopics we are using are more relevant to im-
proving diversity scores than the rank of documents, which
we presume them to be if we are using accurate subtopics.
This provides anecdotal evidence that for some scores these
estimates can provide a reasonable upper bound.

4.5 Examining scores per query

As mentioned before, subtopics are not evenly distributed
among queries and we might expect that this will have an
impact on how and why our diversification system produces
the scores it does. To measure this effect, as well as mea-
sure why reordering with 20 results is able to improve on
the baseline scores, we review the a-nDCG@5 scores per
query as presented in Figure 4. The line graph represents
the scaled number of subtopics per query and shows there is
no significant pattern between the number of subtopics in a
query and the baseline or reordered score for that subtopic.

By looking at individual queries we see that the reordered
list produces better results by matching or edging out the
baseline on most queries and significantly beating the base-
line on a few queries. For queries 2 and 11 the reordered list
scores significantly higher, for query 11 the baseline score is

0. This method of improving the baseline is likely a result
of the heavy influence put upon document rank by the algo-
rithm. It is a conservative approach, were reordering occurs
in cases where both document rank and subtopic probability
are high.

S. DISCUSSION

The results presented above show that a simple clustering
system with largely untuned parameters is capable of im-
proving diversity scores through reordering. However, the
improvement is small and requires placing significant weight
on document rank. This could be caused by poor quality
subtopics, problems in the diversification algorithm and/or
the probability measures that it uses, or by poorly set pa-
rameters. Most likely a combination of all these factors
is liming the evaluated systems’ improvement in diversity
scores.

5.1 Generating accurate subtopics

In an approach based on reordering results according to
subtopics, the effectiveness of the system is dependent on
the ability to generate accurate subtopics, or the ability to
generate subtopics aligned with the subtopics that will be
used by the scoring function (let these be the known clus-
ters). A lack of agreement between generated clusters and
known clusters will result in a poorly performing system,
but this is not necessarily an indication of a poorly perform-
ing clustering algorithm. There are multiple ways to cluster
documents and the generated clusters may be accurate but
different from the known clusters. Putting this aside, let us
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Figure 4: o-nDCGQ@5 per query for IA-SELECT
with 20 documents and the baseline. The last col-
umn is the arithmetic mean. The line plots the num-
ber of subtopics per query normalized to the range
[0, 0.8].



Experiment | a-nDCG@Q5 | a-nDCG@Q10 | a-nDCG@20 | P-IA@5 | P-IA@10 | P-IAQ@Q20
QRELS 20 0.324 0.305 0.287 0.080 0.050 0.033
QRELS 200 0.611 0.632 0.621 0.134 0.102 0.079

Table 3: Empirically estimated diversity score upper bounds.

QRELS 20 reorders the top 20 documents

based on the known subtopics and QRELS 200 reorders the top 200 documents.

assume the known clusters are the “correct” clusters, that
a perfect clustering algorithm generates these clusters, and
that the better the clustering algorithm we use the closer to
the known clusters we come.

Under these conditions, it’s important to consider that
PLSI is only one clustering algorithm among many and no
longer the dominant algorithm. Latent Dirichlet allocation
[2], pachinko allocation models [12], and many other meth-
ods ([16] and [21] among others), have been shown to pro-
duce superior performance in clustering tasks. We should
determine if these alternative clustering algorithms can pro-
duce more representative clusters and through this higher
diversity scores.

Additionally, the specific number of clusters was set at
20 throughout all experiments. Future experiments should
evaluate how modifying the number of clusters affects diver-
sity scores. Overestimating the number of clusters should
produce excessive reordering as documents are reordered
due to clusters that they’re not evaluated against. However,
if the clusters are accurate, this shouldn’t pose a problem
because clusters that form sub-clusters of a known cluster
should be similar in content and reordered in a similar man-
ner. On the other hand, underestimating the number of
clusters should produce too little reordering and be detri-
mental to score. We therefore expect that having the num-
ber of clusters closer to the number of known clusters will
increase scores and that overestimating the number of clus-
ters generally produces better scores than underestimating.
This hypothesis should be empirically tested. Note that ad-
justing cluster size based on the known number of subtopics
for a query would produce unrealistic results since in a real
experiment, or in the real world, this number would not be
known. This does not preclude an adaptive algorithm that
finds the maximum diversity score for a variable number of
clusters. An alternative method is to parameterize the clus-
ter size and modify it depending on perhaps the cardinality
of the vocabulary of the documents being clustered, or other
heuristics.

We suspect that the success of using methods that put
significant emphasis on a document’s rank is due primarily
to the poor quality of induced clusters. As demonstrated
by experiments generating an upper bound using the known
clusters, increasing cluster quality and decreasing rank’s im-
portance correlate with increasing diversity scores. In eval-
uations of alternative clustering methods various strategies
for incorporating rank should be used so that the diver-
sity benefits of a new clustering algorithm aren’t masked
by heavily weighting rank.

5.2 Diversification algorithm

The significant impact modifying the influence of rank has
on the diversification algorithm informs us of the function
of this algorithm in addition to the quality of the subtopics.
Although the ¢, function was tested in multiple forms there
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Figure 5: a-nDCG@5 per query for IA-SELECT

with 20 documents using ¢,(z) =
¢v(x) =1 (Constant).

(rank2) and

are still other variations that may produce improved diver-
sity scores. A starting point is to find the value 1 < n < 3,
in ¢ (x) = 2", such that diversity scores are maximized. As
Table 2 shows, n = 2 doesn’t maximize all diversity scores
and changing n will likely increase some scores while low-
ering others. The fact that increasing n leads to decreas-
ing scores at some point is an encouraging result because it
shows that the clusters are providing us with valuable in-
formation about how to reorder results and increasing the
influence of rank to infinity (thereby generating the original
ordering) is not optimal.

A more effective algorithm would be capable of biasing
towards the original ranking of documents when doing so
benefits diversity scores and biasing away from the original
ranking when it is detrimental to diversity scores. Figure 5
presents the a-nDCG@5 score per query using a method that
heavily weights rank, ¢,(z) = 2, and a constant method
that ignores rank, ¢,(x) = 1. Although the overall score of
the constant method is much lower, we see that on certain
individual queries (queries 2 and 16) it significantly outper-
forms the method that heavily weights rank. We suspect
that the reason the constant method outperforms on these
queries is that the clusters generated for them closely match
the known clusters.

Considered at a general level, the diversification algorithm
presented is quite limited because it only uses clusters to cre-
ate its reordering. As shown in [6], incorporating multiple
features in the reordering can improve diversity scores. Fu-
ture implementations should investigate various methods of
accounting for additional document features when reorder-
ing.

5.3 Parameter tuning

Beyond what has been mentioned above, adjusting various
other parameters may improve performance. The number



of documents reordered, k, was tested at 20 and 200. As
Figure 3 shows, the improvement in a-nDCG is highest for
the 20 document reordering at 5, the smallest document
set size at which it was evaluated, and highest for the 200
document reordering at 20, the largest document set size at
which is was evaluated. This pattern, in combination with
the increasing a-nDCG score for reordering 200 documents
as the evaluation size increases, suggests that there is an
optimal value of k for improving diversity metrics evaluated
at their various document sizes.

Patterns seen in a-nDCG scores do not carry over to P-IA
scores were the size of the evaluation set seems uncorrelated
with improvements over the baseline. Interestingly, the es-
timated upper bounds have a very difficult time improving
P-TA score and at 20 documents actually score lower on P-
TA@20 than the IA-SELECT reordering algorithm using 20
documents, although still an improvement over scores for
the baseline and reordering the top 200 documents. PLSI
is able to capture something informative about reordering
the top 20 documents that is not found by reordering us-
ing known clusters. Although, when we increase the upper
bound estimation algorithm to reordering 200 documents it
dramatically improves the P-IA@20 score and whatever ad-
vantage PLSI had is lost.

The upper bound diversity scores increase across the board
as the number of documents is considered. We expect that
increasing the considered number of documents further would
continue to improve scores monotonically, but by decreasing
amounts. This is because the algorithm will not inaccu-
rately reorder documents if it knows the correct subtopics,
and can therefore only benefit from having more documents
to reorder.

5.4 Parameterizing diversity

In many of the reviewed diversification systems there is
an adjustable value (such as A in Equation 1 or « in Equa-
tion 8) specifying how broad a user’s information needs are,
or how tolerant a user is of lower relevance or higher redun-
dancy. This is best construed as a dynamic value that varies
for different types of users or searches and can change while
interacting with the search system. In the result diversifi-
cation system we present, we would expect changes in the
importance of diversity to be expressed by changing the in-
fluence of rank in the ¢, function. We would further expect
that the more influential the ranks of documents are, the
less diverse reordered results are, and vice versa. However,
Table 2 demonstrates that this is not strictly the case, di-
versity scores improve as the influence of rank increases. To
more accurately characterize the relationship between rank
and diversity we propose that after the influence of rank has
been increased to produce the maximum diversity scores,
further increasing the influence of rank reduces the impor-
tance of diversity.

In recent work Fuhr defines a cost function based on the ef-
fort and average benefit of viewing reordering results. From
this he defines a probabilistic ranking principle for inter-
active information retrieval (PRP for IIR) which selects a
result ordering based on minimizing the cost function [7].
The presented result diversification system can be integrated
with this PRP for IIR by adjusting the importance of di-
versity (through adjusting the choice of ¢,) in response to
the predicted effort and benefit of viewing redundant versus
novel documents.

6. CONCLUSIONS

With the exceptional growth in online documents and in-
ternet users comes an increase in query ambiguity as well
as possible information needs, and with this a justification
for retrieval methods designed to satisfy these multifarious
needs. Diversity research has moved beyond independent
analysis of document novelty and relevance (as in MMR) to
measuring a document’s contribution in relation to the ad-
ditional information it provides, given an external partition
on information content, i.e. categories or nuggets. In this
paper we have shown that using PLSI to create an external
partition that is used to reorder search results improves di-
versity. We have seen that the functioning of the reordering
algorithm is sensitive to, and can be tuned through, changes
in the influence of a document’s original rank. Decreasing
the influence of rank puts more trust in the accuracy of in-
duced clusters while increasing the influence of rank puts
less trust in clusters.

Future work includes inducing clusters with alternative
clustering algorithms as well as using different values for pa-
rameters used by the clustering algorithms. By using the
known clusters in generating the reordering we see that sig-
nificant improvements over the baseline score can be achieved.
The known cluster reordering scores highly precisely be-
cause it uses accurate clusters. This demonstrates that as
we improve cluster accuracy, and reduce reliance on rank,
improved scores are obtainable.

Diversification is a relatively new area of research in in-
formation retrieval with links to tasks such as subtopic re-
trieval, question answering, and ad hoc retrieval. Diversity
research can benefit by incorporating ideas from all these
areas. We expect significant benefits to diversity can be ob-
tained by incorporating ideas from topic modeling, where
creating accurate clusters with accurate interrelations be-
tween clusters is a primary goal.
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