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ABSTRACT
We presenta non-traditionalretrieval problemwe call subtopicre-
trieval. The subtopicretrieval problemis concernedwith �nding
documentsthatcover many differentsubtopicsof a querytopic. In
sucha problem,the utility of a documentin a ranking is depen-
denton otherdocumentsin the ranking,violating the assumption
of independentrelevancewhich is assumedin mosttraditionalre-
trieval methods.Subtopicretrieval poseschallengesfor evaluating
performance,aswell as for developing effective algorithms. We
proposea framework for evaluatingsubtopicretrieval which gen-
eralizesthe traditionalprecisionandrecall metricsby accounting
for intrinsic topic dif�culty aswell as redundancy in documents.
We proposeandsystematicallyevaluateseveral methodsfor per-
forming subtopicretrieval usingstatisticallanguagemodelsanda
maximalmarginal relevance(MMR) rankingstrategy. A mixture
modelcombinedwith querylikelihoodrelevancerankingis shown
to modestlyoutperforma baselinerelevancerankingon a dataset
usedin theTRECinteractive track.

Categoriesand SubjectDescriptors
H.3.3 [Information Search and Retrieval]: Retrieval Models—
language models,dependentrelevance

GeneralTerms
Measurement,Algorithms

Keywords
Subtopicretrieval,maximalmarginal relevance,languagemodels

1. INTRODUCTION
Thenotionof relevanceis centralto many theoreticalandprac-

tical informationretrieval models.Traditionalretrieval modelsas-
sumethat the relevanceof a documentis independentof the rele-
vanceof otherdocuments.This makesit possibleto formulatethe
retrieval problemascomputingthe relevance(or somecorrelated
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metric)for eachdocumentseparately, andthenrankingdocuments
by probabilityof relevance[11]. In reality, however, this indepen-
dentrelevanceassumptionrarelyholds;theutility of retrieving one
document,in general,may dependon which documentsthe user
hasalreadyseen. As an extremeexample,a relevant document
maybe uselessto a userif theuserhasalreadyseenanotherdoc-
umentwith thesamecontent.Anotherexampleis whentheuser's
informationneedis bestsatis�ed with severaldocumentsworking
together;in thiscase,thevalueof any singledocumentmaydepend
on whatotherdocumentsarepresentedalongwith it. Someof the
issuesconcerningrankinginterdependentdocumentsarediscussed
in [11, 13].

In thispaper, we studythesubtopicretrieval problem,which re-
quiresmodelingdependentrelevance.Thesubtopicretrieval prob-
lem hasto do with �nding documentsthatcover asmany different
subtopicsof a generaltopic aspossible. For example,a student
doing a literaturesurvey on “machinelearning” may be most in-
terestedin �nding documentsthatcover representative approaches
to machinelearning,and the relationsbetweentheseapproaches.
In general,a topic oftenhasa structurethat involvesmany differ-
entsubtopics.A userwith a high-recallretrieval preferencewould
presumablylike to cover all thesubtopics,andwould thusprefera
rankingof documentssuchthat the top documentscover different
subtopics.

The sameproblem,called “aspectretrieval,” is investigatedin
the interactive track of TREC,wherethe purposeis to studyhow
aninteractive retrieval systemcanbestsupporta usergatherinfor-
mationaboutthe differentaspectsof a topic [9, 10, 5]. Herewe
study the task of automaticallyranking documentsso as to give
goodsubtopicretrieval. In otherwords,we retainthebasic“query
in—rankedlist out” modelusedin traditionalretrieval, but seekto
modify the rankingso as to includedocumentsrelevant to many
subtopics.

Clearly, methodsbasedon a traditionalrelevance-basedranking
areunlikely to beoptimalfor suchaproblem.Moreover, traditional
evaluationmetricsarealsoinappropriatefor thisnew retrieval task.
Wepresentaninitial studyof this new problem,describingevalua-
tion metrics,possiblemethods,andexperimentalresultswith these
methods.

2. DATA SET
In orderto measurehow well arankingcoversdifferentsubtopics

of somehigh-level topic,wemusthavejudgmentsthattell uswhich
documentscover which subtopics. Fortunately, the TREC inter-
active track hasaccumulatedmany suchjudgmentsover the three
yearswhenthetaskwasevaluated(TREC-6,TREC-7,andTREC-
8). We collect all thesejudgmentsandusethemfor our analysis



andexperiments.Thedocumentcollectionusedin the interactive
trackis theFinancialTimesof London1991-1994collection(part
of theTREC-7adhoccollection).This collectionis about500MB
in sizeandcontains210,158documents,with anaveragedocument
lengthof roughly 400 words. Six to eight new topicswereintro-
ducedeachyear, for a total of 20 topics,all of which wereusedin
thework reportedhere.Theseinteractive tracktopicswereformed
by slightly modifyingtheoriginaladhocTRECtopics,typically by
removing the“Narrative” sectionandaddingan“Instance”section
to explain what a subtopicmeansfor the topic. We generatethe
queryfor eachtopic by concatenatingthe title andthedescription
of thetopic.1

Thefollowing is anexamplequeryfrom TREC7interactivetrack
(number392i).

Number: 392i
Title: robotics
Description:

What are the applications of robotics in the world
today?

Instances:
In the time alloted, please find as many DIFFERENT
applications of the sort described above as you can.
Please save at least one document for EACH such
DIFFERENT application. If one document discusses
several such applications, then you need not save
other documents that repeat those, since your goal
is to identify as many DIFFERENT applications of
the sort described above as possible.

For eachtopic, the TREC (NIST) assessorswould reada pool
of documentssubmittedby TRECparticipants,andgraduallyiden-
tify a list of instances(i.e.,subtopics)andrecordwhichdocuments
containor coverwhichinstances.For example,for thesampletopic
392i shown above, they identi�ed 35 differentsubtopics,someof
which areshown below:

1 ’clean room’ applications in healthcare &
precision engineering

2 spot-welding robotics
3 controlling inventory - storage devices
... ...

For this topic, the judgmentfor eachdocumentcan be repre-
sentedasabit vectorwith 35bits,eachindicatingwhetherthedoc-
umentcoversthecorrespondingsubtopic.In ourdataset,thenum-
berof subtopics(i.e., therangeof vectorlengths)rangesfrom 7 to
56, with an averageof 20. The numberof judgedrelevant docu-
mentsavailablealsodiffers for differenttopics,with a rangeof 5
to 100andanaverageof about40 documentspertopic. Thereare
alsosomejudgmentsof non-relevant documents. We did not use
thesejudgments;instead,we assumethatany unjudgeddocument
is non-relevant,andthereforecoversnorelevantsubtopic.This is a
strongassumption,but our hopeis that this biasedevaluationwill
still beusefulfor comparingdifferentrankings.Moredetailsabout
thesedataandtheinteractive trackcanbefoundin [9, 10,5].

Note that the granularityof subtopicsand the criteria to judge
whetheradocumentcoversasubtopicareinevitablyvagueandsub-
jective. A binaryjudgmentalsomeansthatadocumentis assumed
to eithercoveror notcoverasubtopic,while in reality, thecoverage
maybesomewherein between.

3. EVALUATION METRICS
We wish to explore methodsfor producinga ranked list which

performswell on thesubtopicretrieval task. It is not immediately�
While wehavenotexploredit, astructuredquery(cf. [6]) canpo-

tentiallybeformulatedto includekeywordsfor differentsubtopics.
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obvious how one shouldevaluatesucha ranking. Intuitively, it
is desirableto includedocumentsfrom many different subtopics
early in the ranking,andundesirableto includemany documents
thatredundantlycover thesamesubtopics.

Onenaturalway to quantifysuccessaccordingto the�rst goal—
of covering many different subtopicsquickly—is to measurethe
numberof differentsubtopicscoveredasa functionof rank. More
precisely, considera topic " with #%$ subtopics& �(')')' � &�*!+ , and
a ranking , � � '-')' � ,/. of 0 documents.Let 1�2�3�465�7 ��8 1 � ,/9 � bethe
set of subtopicsto which ,/9 is relevant. We de�ne the subtopic
recall (S-recall) at rank � asthepercentageof subtopicscovered
by oneof the�rst � documents,i.e.,

S-recall at �;:
<-=?>9A@ � 1�2�3�465�7 ��8 1 � ,/9 � <

# $
3.1 Accounting for intrinsic dif®culty

Clearly it is desirablefor subtopicrecall to grow quickly as �
increases.However, it is not at all clearwhatconstitutesa “good”
level of recall for a particulartopic " . For example,considertwo
topics " � and "%B . For topic " � , thereare CED�F relevant doc-
umentsand CED�F subtopics,and every document , 9 covers ex-
actly one distinct subtopic G�9 . For topic "%B , thereare CHD�F rel-
evant documentsbut C subtopics,and every document,I9 cov-
erssubtopicsG 9 � G�JLK B � ')')' � G J . For both " � and " B , theranking
, � � ,IB � ')')' � , JLK B is clearly the bestpossible: however, subtopic
recall for small rankingsis muchbetterfor " B thanfor " � . Simi-
larly, for any naturalmeasurefor redundancy (thedegreeto which
documentsin a rankingrepeatthesamesubtopics)therankingfor
"%B would appearmuchworsethantherankingfor " � .

Thisexamplesuggeststhatfor ameasuretobemeaningfulacross
different topics, it must accountfor the “intrinsic dif�culty” of
rankingdocumentsin a topic. We proposethe following evalua-
tion measure.If

�
is someIR systemthatproducesrankingsand�

is a recall level, MON � NQP , we de�ne � �������	��

���������
asthe

minimal rank � at which the rankingproducedby
�

hasS-recall�
. Wede�ne thesubtopicprecision(S-precision)at recall

�
as

S-precisionat
� : � �������	��

���R���������!�

� �������	��

���������



where
�������

is a systemthatproducestheoptimal rankingthatob-
tainsrecall

�
—i.e., � ����������
 ��� ����� �����

is thesmallest� suchthat
somerankingof size � hassubtopicrecallof

�
.

The ideaof comparingperformanceto a theoreticaloptimal is
notnew [6]; however, this formulationof thecomparisonhassome
niceproperties.Speci�cally, we claimthatsubtopicrecallandpre-
cision, as de�ned above, are natural generalizationsof ordinary
recall and precision, in the following sense: if � ����������
����������
were de�ned in termsof ordinary recall ratherthan subtopicre-
call, then ordinary precision could be de�ned as the ratio of
� �������	��

��� ����� �6���

to � ����������
����������
.

To seethis,considerthehypotheticalcurvesfor � ����������
����������
and� ����������
 �������������!�

shown in Figure1. Supposethat
�

and
�������

areordinaryretrieval systems,and � ����������

is de�ned in termsof

ordinaryrecall. Since
�������

ordersall therelevantdocuments�rst,
� �������	��

��� ����� �6��� � � � # � (where # � is thenumberof relevant
documentsfor the topic). Now considera non-optimalsystem

�
thathasprecision� andrecall

�
in the�rst ��� documents.Sincere-

call is
�
,
�

retrieves
� # � relevantdocumentsin the�rst � � , andits

precisionis � � � # � D	��� � � �������	��

��� ����� ����� D	� �������	��

�������!�
.

Thehypotheticalcurvesin Figure1 areconsistentwith theper-
formanceof ordinaryrankedretrieval systems:� �������	��

���������������
grows linearly, and � �������	��

���������

becomesmoregraduallydis-
tant from the line for the optimal system, re�ecting the fact
that precisiondecreasesas recall increases. Since the shapeof
� �������	��

���R�������6���

is predictablefor ordinary retrieval, it is not
necessaryto explicitly accountfor it in measuringperformance.
For subtopicretrieval, however, � �������	��

�������������!�

may have a
morecomplex shape.

As concreteexamples,the left-handgraphsin Figures3 and4
show subtopicrecall and subtopicprecisionfor various ranking
schemes,interpolatedover 11 points in the usualway, andaver-
agedover all 20 topicsin our testsuite.

The S-precisionandS-recallmetricsarebroadlysimilar to the
cumulatedgain(CG)measureproposedby Jarvelin andKekalianen
[6]. However, theCG measureassumesthegainof eachdocument
to be independentof otherdocuments,andthusis insuf�cient for
our purposes;in contrast,the “gain” of eachdocumentin the S-
precisionmetricdependson otherdocuments.

3.2 Penalizing redundancy
Intuitively, it is undesirableto includemany documentsthat re-

dundantlycover thesamesubtopics;however, this intuition is not
accountedfor in themeasuresof subtopicrecallandprecision.

Onewayto penalizeredundancy is to includeanexplicit measure
of thecostof a ranking.We let thecostof a rankingbede�ned as

cost
� , � � '-')' � , > � :

>�
9A@ �

� G < 1�2�3�465�7 ��8 1 � ,/9 � <
	�� �

� G
>�
9 @ �

< 1�2�3�465�7 ��8 1 � , 9 � <
	 � �

Here
�

is thecostof presentingadocument,I9 to auser, and G is the
incrementalcostto theuserof processinga singlesubtopicin , 9 .

Proceedingby analogyto themeasureintroducedabove, we de-
�ne � ����
 5�1�4 ���������

to betheminimal cost � at which theranking
producedby

�
hasS-recall

�
. Wethende�ne theweightedsubtopic

precision(WS-precision)at recall level
�

to be

WS-precisionat
� : � ����
 5�1�4 ���R�����������

� ����
 5�1�4 ���������
whereagain

�������
producesthe optimal (lowest-cost)rankingthat

obtainsrecall
�
. Note that S-precisionis a specialcaseof WS-

Greedy Ranking Algorithm
Inputs: Setof unrankeddocuments� ; rankingsize �
for � � P � F � ')')' � � do

,/9 � ����� � ������������ "! #%$ � ,�&�, � � ' ')' � ,/9(' � �
� � �*),+ , 9.-

endfor
return theranking / , � � ')'-' � , >10

Figure 2: A generic greedy ranking algorithm

precisionwhere
� � P and G � M . In this paperwe will usecosts

of G � � � P for WS-precision.
Again, asconcreteexamples,the right-handgraphsin Figures

3 and4 show subtopicrecall andweightedsubtopicprecisionfor
variousrankingschemes.

3.3 On computing the metrics
ComputingS-precisionandWS-precisionrequirecomputingthe

optimalvalues� �������	��

��� ����� �����
or � ����
 5�1�4 ��� ����� ���!�

. Unfortu-
nately, this is non-trivial, evengivenrelevancejudgments.Indeed,
it can be reducedto a minimum set-covering problem,which is
NP-hard. Fortunately, the benchmarkproblemsare of moderate
sizeandcomplexity, andtheminimumsetcover canoftenbecom-
putedquitequickly usingsimplepruningheuristics.Furthermore,a
simplegreedyapproximationseemsto obtainresultsnearlyindis-
tinguishablefrom exact optimization,exceptat the highestrecall
valuesfor � ����
 5�1�4 .2 In the evaluationsof this paper, we used
exactvaluesof � ����������


for all queries.We usedexactvaluesof
� ����
 5�1�4 for all queriesbut one(query352i), anduseda greedy
approximationto � ����
 5�1�4 for query352i.

4. SUBTOPIC RETRIEVAL METHODS
Sinceit is computationallycomplex to �nd an optimal ranking

for the subtopicretrieval problem, even when the subtopicsare
known, somekind of approximationis necessaryin practice.A nat-
ural approximationis a greedyalgorithm,which ranksdocuments
by placingat eachrank � the document, 9 that is “best” for that
rank relative to thedocumentsbeforeit in the ranking. A generic
versionof thisgreedyalgorithmis shown in Figure2.

The key hereis to appropriatelyde�ne the valuefunction–i.e.,
to quantify the notion of a “best” document,I9 for rank � . Intu-
itively, ,/9 shouldcovermany subtopicsnotcoveredby theprevious
documents, � � ')'-' � ,/9(' � , andfew of thesubtopicscoveredby the
previousdocuments.Of course,onecannotcomputesucha metric
explicitly in a valuefunction,sincethesubtopicsarenot known to
theretrieval system—onlythe initial querytopic. Suchanevalua-
tion metricmustthereforebebasedona subtopicmodel.

An alternative to explicitly modeling subtopics is to use a
similarity function that only implicitly accountsfor subtopicre-
dundancy. One such similarity-basedapproachis the maximal
marginal relevance(MMR) rankingstrategy [2]. MMR instantiates
B It is known that set cover is hard to approximateup to a log-
arithmic factor, and that the greedyalgorithm achieves this fac-
tor [3]. For the 20 topics consideredhere,however, the greedy
algorithm'sperformanceactuallyis muchbetter:for the19queries
for which � ����
 5�1�4 couldbecomputedexactly, theWS-precision
of thegreedyapproximationis morethan99.6%for all recallval-
uesup to 0.9, andfor recall 1.0, the WS-precisionof the greedy
approximationis 84%. Codeimplementingtheexactandapprox-
imategreedysetcovering algorithmsis availableon requestfrom
theauthors.



thegreedyalgorithmof Figure2 usingthevaluefunction
�� "! #%$������ � ,�&�, � � ')'-' � , 9(' � � �

��� ��0 � � , �	� � ) � P ) � � � ���
�� 9 � ��0 B � , � , 
 �

where
�

is theoriginalquery, � is aparametercontrollingtherela-
tiveimportanceof relevanceandnovelty, � � 0 � is atypicalretrieval
similarity function, and � ��0 B is a documentsimilarity function
thatis intendedto captureredundancy (or equivalentlynovelty).

Herewe will studyboth novelty andrelevancy in the language
modelingframework. First, we will presenttwo waysto measure
thenovelty of a document,onebasedon theKL-divergencemea-
sure,andanotherbasedon a simplemixturemodel. We will then
discusshow to combinenovelty andrelevancein a costfunction.

4.1 Novelty and RedundancyMeasures
Let +�
 � � '�'�' � 
 9(' � - be the unigramlanguagemodelsfor � ) P

previously selecteddocuments,whichwe referto asreferencelan-
guage models. Considera candidatedocument,I9 andthe corre-
spondinglanguagemodel 
 9 . Our goal is to de�ne a novelty score�� ! #�$��

for which
�� ! #�$�� � 
 9.&	
 � � '�'�' � 
	9(' � � will indicatehow much

novel informationdocument, 9 contains.

4.1.1 Single Reference Topic Model
Let us �rst considerthe simplestcase,wherewe have a sin-

gle referencemodel 
�� (wherethe � subscriptindicates“old”).
Suppose
 �

is the new documentmodel. How do we de�ne�� ! #�$��L� 
 � &	
�� �
?

Noticethatnovelty is anasymmetricmeasure:we areinterested
in measuringthe information in 
 �

which is new relative to 
�� ,
not the otherway around. For unigramlanguagemodels,a natu-
ral asymmetricdistancemeasureis theKL-divergence� � 
 � <�< 
�� �

,
which canbe interpretedasthe inef�ciency (e.g.,in compression)
dueto approximatingthe truedistribution 
 �

with 
 � . This leads
to a valuefunctionof

�� "! #%$ >�� � 
 � &	
�� � � � � 
 � <�< 
�� �
.

Anotherplausiblenovelty measureis basedon a simplemixture
model. Assumea two-componentgenerative mixture model for
the new document,in which onecomponentis the old reference
topic modelandthe other is a backgroundlanguagemodel (e.g.,
a generalEnglishmodel). Given theobserved new document,we
estimatethemixing weightfor thebackgroundmodel(or therefer-
encetopicmodel),whichcanthenserveasameasureof novelty or
redundancy. Theestimatedweightcanbeinterpretedastheextent
to which the new documentcanbe explainedby the background
modelasopposedto thereferencetopic model.A similar idea,but
with three-componentmixturemodels,hasbeenexploredrecently
to measureredundancy in information�ltering [16].

More formally, let 
�� be a backgroundlanguagemodelwith a
mixing weight of � . The log-likelihoodof a new document, �
� � '�'�' � * is

� � � < , � 
 � � � *�
9 @ �

� 5 � ��� P )�� ��� � � 9 < 
 � � 	 � ��� � 9 < 
�� ���

andtheestimatednovelty scoreis givenby
�� "! #%$���� � � ,�&	
 � � � ����� � ���

!
� � � < , � 
 � �

TheEM algorithmcanbeusedto �nd theunique�#" thatmaximizes
this score.

4.1.2 Multiple Reference Topic Models
Whenthereis morethanonereferencetopic model,an appro-

priate accountof the previous modelsmustbe madeto compute

a summarizednovelty valuefor a document.Onepossibility is to
computea mixture(average)of thereferencetopic models,sothat
theproblemis reducedto thesinglereferencemodelcase.Another
possibilityis to computeanovelty scorefor , 9 usingeach previous
, 
 asareferencetopicmodel 
�� , andto thencombinethesescores.
The �rst methodis straightforward. For thesecond,threeobvious
possibilitiesfor combiningtheindividual novelty scoresaretaking
the minimum,maximum,andaverage.However, usingthemaxi-
mumdistanceis unreasonable,sincea documentwould bejudged
asnovel if it is differentfrom a singleold document, 
 , even the
casewhereit is identicalto another, 
%$ .

With two novelty measuresfor asinglereferencemodelandtwo
reasonablewaysof computingacombinednovelty scoreovermul-
tiple referencemodels,we have six differentnovelty measures,as
shown in Table1.

Aggregation
Basic , � � ' ')' � ,/9(' � ,/9 vs , 
 scorescombined

measure averaged min average
KL KLAvg MinKL AvgKL

Mixture MixAvg MinMix AvgMix

Table 1: Novelty measures based on language models.

4.1.3 Comparison of Novelty Measures
We comparedall six novelty measureson thesubtopicretrieval

task. In order to focus on the effectivenessof novelty detection
alone,we consideredthespecialtaskof re-rankingrelevantdocu-
ments,usingthegreedyalgorithmof Figure2 andvaluefunctions
which areappropriateaggregationsof the functions

�� ! #�$ >�� and�� "! #%$ J'&)( . Sincenoneof thenovelty measurescanbeusedto se-
lectthevery�rst document,weusedthequery-likelihoodrelevance
valuefunctionwith Dirichlet prior smoothing;essentiallyall differ-
entrankingsstartwith thesame(presumablymostlikely relevant)
document.Thesamequery-likelihoodrelevancevaluefunction is
alsousedto producearankingof all therelevantdocuments,which
we useasourbaseline.

We evaluatedthe rankingusing both the S-precisionand WS-
precisionmeasures.The resultsareshown in Figure3. We make
thefollowing observations.

Overall, MixAvg is the bestperformingnovelty-basedranking,
followedby MinMix. Particularlyat high recall levels,MixAvg is
noticeablybetterthanany of theothermeasures.

For both measures,the relevancebaselineranking is relatively
goodat low levelsof subtopicrecall,andrelatively poorat higher
levelsof subtopicrecall.This is intuitive,sincesubtopicsaremore
likely to be duplicatedlater in a ranking when we will have ac-
cumulatedmore subtopicinstances. The novelty-basedranking
schemesoutperformthe relevancemeasuremost consistentlyon
the WS-precisionmeasure.This is to be expectedsincethe WS-
measuremoreheavily penalizesredundancy.

The KL-based ranking schemesare generally inferior to the
mixture-basedrankingschemes,by both measures.They arealso
(perhapssurprisingly)generallyinferior to the baselinerelevance
ranking, especiallyat high subtopicrecall levels. The MinMix
measureperformsslightly better than the AvgMix measure,and
similarly, theMinKL measureperformsslightly bettertheAvgKL
measure.WenotethatMinMix is mostsimilarto theoriginalMMR
measure[2].
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Figure 3: Comparison of the curves of S-precision (left) and WS-precision (right) versus S-recall for the six novelty measures and the
baseline relevance ranking.

4.2 Combining Relevanceand Novelty
We now considerhow to combinenovelty and relevancein a

retrieval model. Basedon otherrelevance-basedretrieval exper-
iments[15, 8], we useKL-divergenceasa measurefor relevance
(
�� ! #�$ � ) andMixAvg asa measureof novelty (

�� ! #�$��
). Unfor-

tunately, a direct interpolationof thesemeasureswould not make
much sense,sincethey are not on the samescale. We note that
the MixAvg estimateof

�� "! #%$��
canbe looselyinterpretedasthe

expectedpercentageof novel informationin the document,or the
probability that a randomlychosenword from the documentrep-
resentsnew information.Thus,we mayconsidertwo probabilities
associatedwith a document, . Oneis theprobabilityof relevance������� � < , � , theotheris theprobability thatany word in the docu-
mentcarriessomenew information

� ����� � < , � . This leadsto the
following generalform of thescoringfunction� � ,/9.&�, � � '�'�' � ,/9(' � � � � � � ����� � < ,/9 �������	� � < ,/9 �	 � B � ����� � < , 9 ����� �	� � < , 9 �	 ��
 � � ��� � < ,/9 �������	� � < ,/9 �	 ��� � � ��� � < , 9 ����� �	� � < , 9 �
where � � , � B , � 
 , and �
� arecostconstants.

Sincewhethera non-relevant documentcarriesany new infor-
mationis not interestingto theuser, we assumethat � 
 ���
� . Fur-
thermore,we assumethat thereis no costif the documentis both
relevantand( P)M�M�� ) new, i.e., that � � � M .

Intuitively, � B is thecostof userseeingarelevant, but redundant
document,whereas�

 thecostof seeinga non-relevantdocument.
We will �nally assumethat � B�� M (i.e., that theusercaresabout
redundancy), whichallowsusto re-writethescoringfunctionin the
equivalentform� � , 9 &�, � � '�'�' � , 9(' � �

� � 
 	 � B � ����� � < , ��� P ) � 
� B ) � ����� � < , ���
rank� � ����� � < , ��� P ) �

� B ) � ����� � < , ���

where rank� indicatesthat the two scoresdiffer by a constant,and
thereforegive identical rankings. Note that a higher

�����	� � < , �
makes the costscorebetter(i.e., lower). Further, when �������� P ,

a higher
� ����� � < , � alsomakesthescorelower, but theamountof

reductionis affectedby thecostratio ������ . This ratio indicatesthe
relativecostof seeinganon-relevantdocumentcomparedwith see-
ing arelevantbut redundantdocument.Whentheratio is large,i.e.,� B�� ��
 , the in�uence of

�����	� � < , � could be negligible. This
meansthat whenthe userhaslow tolerancefor non-relevant doc-
ument,the optimal rankingwould essentiallybe relevance-based,
and not affectedby the novelty of documents.When ��
 � � B ,
wewouldscoredocumentsbasedon � ����� � < , � � ���	� � < , � , which is
essentiallythescoringformulafor generatingtemporalsummaries
proposedin [1], where� ����� � < , � is referredas� ��!#"
$%$ #�! < , � . In gen-
eral, therewill be a trade-off betweenretrieving documentswith
new contentandavoiding retrieval of non-relevantdocuments.

One technicalproblemremains,sincewe do not usually have������� � < , � available when we score documentswith the KL-
divergencefunction. One possiblesolution is to considerrank-
ing documentsbasedon thequerylikelihood,i.e.,

� �'& < , � , which
is equivalent to ranking basedon the KL-divergence[7]. Since�� "! #%$ � � � �'& < , � , we mayfurtherassumethat

������� � < , � is pro-
portional to

���'& < , � . Underthis assumption,thescoringfunction
canberewrittenas� � ,/9.&�, � � '�'�' � ,/9(' � � rank�

�� "! #%$ � � 
 9 &	
)( �-� P )+* ) �� ! #�$ � � 
 9 &	
 � � '�'�' � 
 9 ' � ���
where* � ������,� P , �� ! #�$ � � 
 9.&	
 ( � � ���'& < ,/9 � is thequerylike-
lihood,and

�� "! #%$��L� 
 9 &%
 � � '�'�' � 
 9 ' � � is theestimatednovelty coef-
�cient usingthe mixture modelmethod. We refer to this scoring
functionasa cost-basedcombinationof relevanceandnovelty.

5. EXPERIMENTS
In order to evaluatethe effectivenessof the proposedmethod

for combiningnovelty andrelevance,we comparedit with a well-
tunedrelevance-basedrankingbaseline. The baselineis the best
relevance-basedranking (in termsof the subtopiccoveragemea-
sure) using the original (short) queries. This baselineranking
is achieved using the Dirichlet prior ranking method[15] with
smoothingparameterset to - � 20,000. We explored two
tasks: re-ranking relevant documents(the sametask usedabove
to evaluatenovelty methods),and ranking a mixture of relevant
andnon-relevantdocuments. The latter taskis the“real” problem



of subtopicretrieval. For thesake of ef�ciency, the resultsfor re-
rankingamixtureof relevantandnon-relevantdocumentsarebased
onusingacost-basedrankingschemeto re-rankthe100top-ranked
documentsreturnedby thebaselineranking.

As a further comparisonpoint, we also tried using pseudo-
feedbackon top of our simplebaseline.Intuitively, sincepseudo-
feedbackaddsnew termsto a query, it might be expectedto in-
creasethediversity (andhencedecreaseredundancy) of thedocu-
mentsreturnedasrelevant.Thefeedbackapproachthatweusecon-
structsan expandedquerymodelbasedon an interpolationof the
original maximum-likelihoodquerymodelanda pseudo-feedback
modelwith aweightof

�B oneach.Thefeedbackmodelisestimated
basedon thetop 100documents(from thesimplebaselineresults)
usinga mixture modelapproachto feedback[14] (with the back-
groundnoiseparametersetto 0.5.) TheDirichlet prior smoothing
parameteris setto - ��� � M�M�M , which is approximatelyoptimalfor
scoringtheexpandedquery.

We variedthecostparameter* between1 and10. Notethatit is
unreasonableto set * to any valuebelow 1, asit would meanthat
a largerrelevancevaluecorrespondsto greatercost.As * becomes
large,thecombinationreliesmoreon relevance;with * � P M , the
formulais almostcompletelydominatedby relevance.Noticethat
subtopicperformancecanbe improved by either improving rele-
vancerankingandkeepingredundancy �x ed,by improving redun-
dancy andkeepingrelevance�x ed,or by improving bothrelevance
andredundancy.

5.1 Re­ranking relevant documents
Figure4 presentstheresultsonthesimplertaskof re-rankingrel-

evantdocuments.We show resultsfor thecost-basedmethodwith* ��� and * � P ' � . Combiningrelevanceandnovelty with either
weightingschemegivesa consistentimprovementover bothbase-
lines,acrossall but thelowestrecall levels,andfor bothmeasures.
This is in contrastto usingnovelty scoresalone,which improved
over thebaselineonly for highersubtopicrecall levels. This is de-
sirablebehavior for amethodthatcombinesrelevance(whichdoes
well at low subtopicrecall levels) with novelty (which doeswell
at high recall levels). Feedbackbarelyimprovesuponthebaseline
retrieval method.

5.2 Ranking mixed documents
Resultsare presentedin Table 2 for the more dif�cult task of

rankinga mixedpool of documents,alongwith an“upperbound”
of performancewhichwill bediscussedin Section5.3.Weseethat
thecost-basedcombinationmethodstill improvesover thebaseline
onbothmeasures,but only slightly, andonly for largervaluesof * .
Interestingly, thepseudo-feedbackapproachalsoimprovesslightly
over the baselinemethodfor both S-precisionandWS-precision.
In fact, for S-precisiontheimprovementobtainedby thefeedback
methodis somewhat larger thanthe improvementobtainedby the
cost-basedcombinationof novelty andrelevance.3

5.3 Analysisand Discussion
It is likely that with the addition of non-relevant documents,

performancegainsdueto improving the novelty of documentsin
a rankingare largely offset by correspondingperformancelosses
dueto imperfectrelevanceranking. Sincea relevant documentis
muchmorelikely to overlapwith anotherrelevant documentthan
is a non-relevantdocument,emphasizingnovelty maywell tendto
move non-relevantdocumentsup in theranking. It is possiblethat

Graphsarenot shown for theseresults,but thecurvesfor all the

methodstrackeachotherquiteclosely.

RankingMethod Avg S-Precision Avg WS-Precision
baseline 0.332 — 0.468 —
cost, * � P ' � 0.305 -8.1% 0.456 -2.6%
cost, * ��� 0.339 +2.1% 0.474 +1.2%
baseline+FB 0.344 +3.6% 0.470 +0.4%
“upperbound” 0.416 +25.3% 0.516 +10.3%

Table 2: Comparison of S-precision and WS-precision, aver-
aged across 11 S-recall levels, for the task of re-ranking a mix-
ture of relevant and non-relevant documents, using the cost-
based combination of MixAvg novelty and a KL-divergence
based relevance ranking.

the gainsobtainedby increasingthe rank of novel relevant docu-
mentsarelargely offsetby thecostof alsopulling up non-relevant
documentsin theranking.

This hypothesisis supportedby the performanceof the cost-
basedmethodon the task of re-rankingrelevant documents.To
further testthis possibility, we conductedanothertest. Recallthat
thede�nitions of (weighted)S-precisionandS-recallarebasedon
comparinga rankingsystem

�
with anoptimal system

� �����
. One

can usethe samemethodologyto compareany two rankingsys-
tems. To simplify the discussion,let us call the systemplaying
thepartof

�
in a testof this sort thebenchmarked systemandthe

systemplaying thepartof
� �����

the target system. De�ne theWS-
precision(at

�
) of a benchmarked system

� � relative to a target
system

� B as

WS-precisionat
� : � ����
 5�1�4 ��� B �����

� ����
 5�1�4 ��� � �����
Relative WS-precisionis a measureof the differencein perfor-
mancebetween

� � and
� B —thelower theWS-precision,thelarger

theperformancedifference.
We took the rankingsproducedby the baselineretrieval sys-

tem, henceforth
��������	

, and removed all non-relevant documents,
to producerankingsfrom a hypotheticalsystem

� �����
	
� 	�� 
���� � . We then

performedthe sametransformationon the cost-basedranking for* ��� , henceforth
��� � � �

, to producerankingsfor thehypothetical
system

� � � � �
� 	�� 
���� � .

Ourconjectureis thatthecost-basedmethodranksrelevantdoc-
umentsbetterthanthebaselinesystem,but alsoranksnon-relevant
documentshigher. Statedin termsof thesehypotheticalranking
systems,theconjectureis that (a) WS-precisionfor

� ������	
relative

to
� ������	
� 	�� 
���� � will behigher(i.e., indicatea smallerdifferencein per-

formance)thantheWS-precisionfor
��� � � �

relative to
��� � � �
� 	�� 
���� � and

(b) WS-precisionfor
� ������	
� 	�� 
���� � relativeto

� �����
will belower(i.e., in-

dicatea larger performancedifference)thantheWS-precisionfor� � � � �
� 	�� 
���� � relative to

�������
.

This conjectureis con�rmed by experiments; the resultsare
shown in Figure5. For clarity, we show WS-precisionat interme-
diatelevelsof S-recall,wherethedifferencesbetweenthesystems
aregreatest.

A �nal setof experimentsonrankingamixedpoolof documents
wasbasedon theobservation thatnoneof themethodsconsidered
morethanmodestlyimprovesperformanceover the original rele-
vancebaseline. For eachquery, we createda subtopicquery, or
“subquery,” for eachsubtopic,by concatenatingtheoriginal query�

with thedescriptionof thesubtopic.For instance,for thesam-
ple query392i, we created35 subqueries,the �rst of which was
“What aretheapplicationsof roboticsin theworld today? 'clean
room' applicationsin healthcare& precisionengineering.” Wethen
retrievedthetop500documentsfor eachsubquery, usingthebase-
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Figure 4: Comparison of the curves of S-precision (left) and WS-precision (right) versus S-recall for the task of re-ranking relevant
documents, using a cost-based combination of MixAvg for novelty, and a KL-divergence measure for relevance.
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Figure 5: Comparison of relative WS-precision versus S-recall for the task of re-ranking a mixed pool of documents. On the left,
WS-precision of a “real” ranking system relative to a hypothetical ranker that rejects all non-relevant documents, but otherwise does
re-order documents. On the right, WS-precision of the hypothetical relevant-document-only ranking relative to the optimal ranking.

line methodwith pseudo-feedback,andplacedall of thedocuments
returnedby any subqueryfor

�
into a singlepool for

�
. Finally,

we rana noise-tolerantversionof a greedyset-coveringalgorithm.
Thisalgorithmusesasavaluefunctiontheexpectednumberof new
subtopicscoveredby a document,usingsubqueryrelevancescores
to estimatetherelevanceof a documentto a subtopic.

Unlike the MMR-style algorithmsconsideredabove, this algo-
rithm usesan explicit model of the subtopics,which is acquired
from the subtopicdescriptionsusingpseudo-feedback.It is quite
unreasonableto assumethat this muchinformationis availablein
practice,especiallygiven that the useris unlikely to know all the
subtopicsin advance. However, it may be useful to considerthe
performanceof this systemasaninformalupperboundon theper-
formanceof retrieval systemsthatmustoperatewithoutany explicit
modelof subtopics.

Theperformanceof thismethodis shown in Table2 undertheti-
tle “upperbound.” AverageS-precisionandaveragedWS-precision
areimproved,but by surprisinglylittle: S-precisionis improvedby
about20% over the bestrealisticmethod(the baselinewith feed-

back), andWS-precisionis improved by about9% over the best
realisticmethod(cost-basedretrieval with * � � ).

6. CONCLUDING REMARKS
In this paper, we studied a non-traditionalsubtopic retrieval

problemwheredocumentrankingis basedondependentrelevance,
insteadof independentrelevance,ashasbeenassumedin mosttra-
ditional retrieval methods.The subtopicretrieval problemhasto
do with �nding documentsthat cover asmany differentsubtopics
as possible,which is often desirable(e.g., when the user is per-
forming a survey on sometopic). Traditional retrieval methods
andevaluationmetricsareinsuf�cient for subtopicretrieval since
thetaskrequiresthemodelingof dependentrelevance.

We proposeda new evaluationframework for subtopicretrieval,
basedon the metricsof S-recall(subtopicrecall) andS-precision
(subtopicprecision). Thesemeasuresgeneralizethe traditional
relevance-basedrecall andprecisionmetrics,andaccountfor the
intrinsic dif�culty of individual topics—afeaturenecessaryfor



subtopicretrieval evaluation. We also introducedWS-precision
(weightedsubtopicprecision),a further generationof S-precision
thatincorporatesa costof redundancy.

We proposedseveral methodsfor performingsubtopicretrieval
basedon statisticallanguagemodels,taking motivation from the
maximalmarginal relevancetechnique.We evaluatedsix novelty
measures,andfoundthatasimplemixturemodelis mosteffective.
We thenproposeda cost-basedcombinationof this mixturemodel
novelty measurewith thequerylikelihoodrelevanceranking.This
methodwasshown to slightly outperforma well-tunedrelevance
rankingbaseline.However, the improvementis mostclearlyseen
for rankingonly relevantdocuments;whenworkingonamixedset
of relevant andnon-relevant documents,the improvementis quite
small,slightly worsethanatunedpseudo-feedbackrelevancerank-
ing of thesamedocuments.Thisindicatesthatwhile bothrelevance
andnovelty/redundancy play a role in subtopicretrieval, relevance
is a dominatingfactorin ourdataset.

In futurework, we needto furtherstudythe interactionof rele-
vanceandredundancy, perhapsby usingsyntheticdatato control
factorssuchasthelevel of redundancy andthenumberof subtopics.
A majorde�ciency in all of theMMR styleapproachesconsidered
hereis the independenttreatmentof relevanceandnovelty. As a
result, there is no direct measureof relevanceof the new infor-
mationcontainedin a new document.Thus,a documentformed
by concatenatinga seen(thusredundant)relevantdocumentwith a
lot of new, but non-relevant informationmayberankedhigh,even
thoughit is uselessto theuser. It will beinterestingto studyhow to
identify andmeasuretherelevanceof thenovel partof adocument,
which is relatedto theTRECnovelty track[4].
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