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ABSTRACT

We present non-traditionaketrieval problemwe call subtopicre-
trieval. The subtopicretrieval problemis concernedvith nding
documentshatcover mary differentsubtopicof aquerytopic. In
sucha problem,the utility of a documentin a rankingis depen-
denton otherdocumentsn the ranking, violating the assumption
of independentelevancewhich is assumedn mosttraditionalre-
trieval methods.Subtopicretrieval poseschallengedor evaluating
performanceaswell asfor developing effective algorithms. We
proposea framework for evaluatingsubtopicretrieval which gen-
eralizesthe traditional precisionandrecall metricsby accounting
for intrinsic topic dif culty aswell asredundang in documents.
We proposeand systematicallyevaluateseseral methodsfor per
forming subtopicretrieval usingstatisticallanguagemodelsanda
maximalmaiginal relevance(MMR) ranking stratgy. A mixture
modelcombinedwith querylikelihoodrelevancerankingis shavn
to modestlyoutperforma baselinerelevancerankingon a dataset
usedin the TRECinteractie track.

Categoriesand Subject Descriptors

H.3.3[Information Search and Retrieval]: Retrieval Models—
language modelsdependentelevance

General Terms
MeasurementAlgorithms

Keywords
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1. INTRODUCTION

The notion of relevanceis centralto mary theoreticalandprac-
tical informationretrieval models. Traditionalretrieval modelsas-
sumethatthe relevanceof a documents independenbf therele-
vanceof otherdocumentsThis makesit possibleto formulatethe
retrieval problemas computingthe relevance(or somecorrelated
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metric) for eachdocumenseparatelyandthenrankingdocuments
by probability of relevance[11]. In reality, however, thisindepen-
dentrelevanceassumptiomarely holds;the utility of retrieving one
document,in general,may dependon which documentshe user
hasalreadyseen. As an extreme example, a relevant document
may be uselesgo a userif the userhasalreadyseenanotherdoc-
umentwith the samecontent. Anotherexampleis whenthe users
informationneedis bestsatis ed with several documentsvorking
togetherin this casethevalueof ary singledocumenmaydepend
on whatotherdocumentsrepresenteglongwith it. Someof the
issuesconcerningankinginterdependerdocumentsrediscussed
in[11,13].

In this paperwe studythe subtopicretrieval problem,whichre-
quiresmodelingdependentelevance.The subtopicretrieval prob-
lem hasto dowith nding documentghatcover asmary different
subtopicsof a generaltopic as possible. For example,a student
doing a literaturesuney on “machinelearning” may be mostin-
terestedn nding documentshatcover representatie approaches
to machinelearning,andthe relationsbetweentheseapproaches.
In general a topic often hasa structurethatinvolves mary differ-
entsubtopics. A userwith a high-recallretrieval preferencevould
presumablyiik e to cover all the subtopicsandwould thusprefera
rankingof documentsuchthatthe top documentsover different
subtopics.

The sameproblem, called “aspectretrieval,” is investigatedn
the interactive track of TREC, wherethe purposeis to study how
aninteractve retrieval systemcanbestsupporta usergatherinfor-
mation aboutthe differentaspectof a topic [9, 10, 5]. Herewe
study the task of automaticallyranking documentsso asto give
goodsubtopicretrieval. In otherwords,we retainthe basic“query
in—ranked list out” modelusedin traditionalretrieval, but seekto
modify the ranking so asto include documentgelevant to mary
subtopics.

Clearly, methodshasedn atraditionalrelevance-basedanking
areunlikely to beoptimalfor suchaproblem.Moreover, traditional
evaluationmetricsarealsoinappropriatdor this new retrieval task.
We presengninitial studyof this new problem,describingevalua-
tion metrics,possiblemethodsandexperimentakresultswith these
methods.

2. DATA SET

In orderto measurdow well arankingcoversdifferentsubtopics
of somehigh-level topic, we musthave judgmentghattell uswhich
documentscover which subtopics. Fortunately the TREC inter
active track hasaccumulatednary suchjudgmentsover the three
yearswhenthetaskwasevaluated TREC-6, TREC-7,andTREC-
8). We collectall thesejudgmentsand usethemfor our analysis



andexperiments.The documentcollectionusedin theinteractve
trackis the FinancialTimesof London1991-1994collection(part
of the TREC-7adhoccollection). This collectionis about500MB
in sizeandcontains210,158documentswith anaveragedocument
length of roughly 400 words. Six to eight new topicswereintro-
ducedeachyear for atotal of 20 topics,all of which wereusedin
thework reportechere.Theseinteractize tracktopicswereformed
by slightly modifyingtheoriginaladhoc TRECtopics,typically by
removing the“Narrative” sectionandaddingan“Instance”section
to explain what a subtopicmeansfor the topic. We generatehe
queryfor eachtopic by concatenatinghetitle andthe description
of thetopic?

Thefollowing is anexamplequeryfrom TREC7interactvetrack
(number392i).

Number : 392i

Title: robotics

Descri ption:
What are the applications of robotics in the world
t oday?

I nstances:
In the time alloted, please find as nany DI FFERENT
applications of the sort described above as you can.
Pl ease save at |east one document for EACH such
DI FFERENT application. If one docurment discusses
several such applications, then you need not save
ot her docunents that repeat those, since your goal
is to identify as nany DI FFERENT applicati ons of
the sort described above as possible.

For eachtopic, the TREC (NIST) assessoraould reada pool
of documentsubmittedby TREC participantsandgraduallyiden-
tify alist of instancegi.e., subtopicsandrecordwhich documents
containor coverwhichinstancesFor example for thesampleopic
392i shavn abore, they identi ed 35 differentsubtopics someof
which areshavn below:

1 ’'clean rooni applications in healthcare &
preci si on engi neering

2 spot-wel ding robotics

3 controlling inventory - storage devices

For this topic, the judgmentfor eachdocumentcan be repre-
sentedasabit vectorwith 35 bits, eachindicatingwhetherthedoc-
umentcoversthe correspondingubtopic.In our dataset,thenum-
berof subtopicqi.e., therangeof vectorlengths)rangedrom 7 to
56, with an averageof 20. The numberof judgedrelevant docu-
mentsavailable alsodiffers for differenttopics,with a rangeof 5
to 100 andanaverageof about40 documentspertopic. Thereare
alsosomejudgmentsf non-releant documents. We did not use
thesejudgmentsjnstead,we assumehatary unjudgeddocument
is non-rel@ant,andthereforecoversnorelevantsubtopic.Thisis a
strongassumption,but our hopeis thatthis biasedevaluationwill
still beusefulfor comparingdifferentrankings.More detailsabout
thesedataandtheinteractve trackcanbefoundin [9, 10, 5].

Note that the granularity of subtopicsand the criteriato judge
whetheradocumentoversasubtopicareinevitably vagueandsub-
jective. A binaryjudgmentalsomeanshata documenis assumed
to eithercover or notcoverasubtopicwhile in reality, thecoverage
may be somavherein between.

3. EVALUATION METRICS

We wish to explore methodsfor producinga ranked list which
performswell on the subtopicretrieval task. It is notimmediately

While we have notexploredit, astructuredquery(cf. [6]) canpo-
tentially beformulatedto includekeywordsfor differentsubtopics.
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, defined as the minimal rank at which
subtopic recall of is reached for system and an optimal
system Subtopic precision is defined as the ratio of

and

obvious hown one should evaluatesucha ranking. Intuitively, it
is desirableto include documentdrom mary different subtopics
early in the ranking, and undesirableo include mary documents
thatredundantlycover the samesubtopics.

Onenaturalwayto quantifysuccessiccordingo the rst goal—
of covering mary different subtopicsquickly—is to measurethe
numberof differentsubtopicscoveredasa functionof rank. More
precisely consideratopic  with subtopics ,and
aranking of documentslLet bethe
setof subtopicsto which  is relevant. We de ne the subtopic
recall (S-recall) atrank  asthe percentagef subtopicscovered
by oneof the rst  documentsi.e.,

S-recall at

3.1 Accounting for intrinsic dif®culty

Clearlyit is desirablefor subtopicrecallto grow quickly as
increasesHowever, it is not at all clearwhat constitutesa “good”
level of recallfor a particulartopic . For example,considertwo
topics and For topic , thereare relevant doc-
umentsand subtopics,and every document  covers ex-
actly onedistinct subtopic . For topic , thereare rel-
evant documentsbut subtopics,and every document  cov-
erssubtopics . Forboth and ,theranking

is clearly the bestpossible: however, subtopic

recallfor smallrankingsis muchbetterfor ~ thanfor . Simi-

larly, for any naturalmeasurdor redundang (the degreeto which

documentsn arankingrepeathe samesubtopics}he rankingfor
would appeamuchworsethantherankingfor

Thisexamplesuggestshatfor ameasurgo bemeaningfulacross
different topics, it must accountfor the “intrinsic dif culty” of
rankingdocumentsn a topic. We proposethe following evalua-
tion measurelf is somelR systemthat producesankingsand

is arecall level, , we de ne asthe
minimalrank  atwhich therankingproducedby hasS-recall

. We de ne thesubtopicprecision(S-pecision)atrecall as

S-pecisionat



where is a systemthat produceshe optimal rankingthat ob-
tainsrecall —i.e., isthesmallest suchthat
somerankingof size  hassubtopicrecallof .

The ideaof comparingperformanceo a theoreticaloptimal is
notnew [6]; however, thisformulationof thecomparisorhassome
niceproperties Speci cally, we claim thatsubtopicrecallandpre-
cision, as de ned above, are natural generalizationf 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

to .

To seethis, considetthe hypotheticacurvesfor
and shavnin Figurel. Suppos¢hat and
areordinaryretrieval systemsand is de nedin termsof
ordinaryrecall. Since ordersall therelevantdocumentsrst,

(where is the numberof relevant
documentdor the topic). Now considera non-optimalsystem
thathasprecision andrecall inthe rst documentsSincere-
callis , retrieves relevantdocumentsn the rst , andits
precisionis .

The hypotheticalcurvesin Figure 1 areconsistentvith the per
formanceof ordinaryrankedretrieval systems:
grows linearly, and becomesnoregraduallydis-
tant from the line for the optimal system, re ecting the fact
that precisiondecreasess recall increases. Since the shapeof

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
shav subtopicrecall and subtopicprecisionfor various ranking
schemesinterpolatedover 11 pointsin the usualway, and aver
agedover all 20topicsin ourtestsuite.

The S-precisionand S-recallmetricsare broadly similar to the
cumulatedyain(CG) measurg@roposedy Janelin andKekalianen
[6]. However, the CG measureassumeshe gainof eachdocument
to be independenbf otherdocumentsandthusis insufcient for
our purposesijn contrast,the “gain” of eachdocumentin the S-
precisionmetricdepend®n otherdocuments.

3.2 Penalizingredundancy

Intuitively, it is undesirableao includemary documentghatre-
dundantlycover the samesubtopics;however, this intuition is not
accountedor in themeasuresf subtopicrecallandprecision.

Onewayto penalizeedundangis to includeanexplicit measure
of thecostof aranking.We let thecostof arankingbede ned as

cost

Here isthecostof presentingadocument toauserand isthe
incrementakostto the userof processing singlesubtopicin
Proceedindy analogyto the measuréntroducedabore, we de-
ne to betheminimalcost atwhichtheranking
producedby hasS-recall . Wethende ne theweightedsubtopic
precision(WS-pecision)at recall level tobe

WS-pecisionat

whereagain
obtainsrecall .

produceghe optimal (lowest-cost)ranking that
Note that S-precisionis a specialcaseof WS-

Greedy Ranking Algorithm
Inputs: Setof unrankeddocuments ; rankingsize
for do

endfor
return theranking

Figure 2: A generic greedy ranking algorithm

precisionwhere and

of for WS-precision.
Again, as concreteexamples,the right-handgraphsin Figures

3 and4 shav subtopicrecall andweightedsubtopicprecisionfor

variousrankingschemes.

3.3 On computing the metrics

ComputingS-precisiorandWS-precisiorrequirecomputingthe
optimalvalues or . Unfortu-
nately this is non-trivial, even givenrelevancejudgments.indeed,
it can be reducedto a minimum set-caering problem, which is
NP-hard. Fortunately the benchmarkproblemsare of moderate
sizeandcompleity, andthe minimumsetcaover canoftenbecom-
putedquitequickly usingsimplepruningheuristics Furthermorea
simplegreedyapproximationrseemgo obtainresultsnearlyindis-
tinguishablefrom exact optimization,exceptat the highestrecall
valuesfor 2 In the evaluationsof this paper we used
exactvaluesof for all queries.We usedexactvaluesof

for all queriesbut one (query 352i), and useda greedy

approximatiorto for query352i.

. In this paperwe will usecosts

4. SUBTOPIC RETRIEVAL METHODS

Sinceit is computationallycomplex to nd an optimal ranking
for the subtopicretrieval problem, even when the subtopicsare
known, somekind of approximatioris necessarin practice.A nat-
ural approximatioris a greedyalgorithm,which ranksdocuments
by placingat eachrank the document thatis “best” for that
rankrelative to the documentdeforeit in the ranking. A generic
versionof this greedyalgorithmis shavn in Figure2.

The key hereis to appropriatelyde ne the value function—i.e.,
to quantify the notion of a “best” document for rank . Intu-
itively, shouldcover mary subtopicshotcoveredby theprevious
documents , andfew of the subtopicscoveredby the
previous documentsOf course pnecannotcomputesucha metric
explicitly in avaluefunction,sincethe subtopicsarenotknown to
theretrieval system—onlythe initial querytopic. Suchanevalua-
tion metricmustthereforebebasedbn a subtopicmodel.

An alternatve to explicity modeling subtopicsis to use a
similarity function that only implicitly accountsfor subtopicre-
dundang. One such similarity-basedapproachis the maximal
mauginalrelevance(MMR) rankingstratgyy [2]. MMR instantiates

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 considerechere, however, the greedy
algorithm's performancectuallyis muchbetter:for the 19 queries
for which could be computedexactly, the WS-precision
of the greedyapproximationis morethan99.6%for all recall val-
uesup to 0.9, andfor recall 1.0, the WS-precisionof the greedy
approximationis 84%. Codeimplementingthe exactandapprox-
imate greedysetcovering algorithmsis available on requestrom
theauthors.



thegreedyalgorithmof Figure2 usingthe valuefunction

where istheoriginalquery isaparametecontrollingtherela-
tiveimportanceof relevanceandnovelty, is atypicalretrieval
similarity function, and is a documentsimilarity function
thatis intendedo captureredundang (or equivalently novelty).
Herewe will studyboth novelty andrelevang in the language
modelingframeavork. First, we will presentwo waysto measure
the novelty of a documentpnebasedon the KL-divergencemea-
sure,andanotherbasedon a simple mixture model. We will then
discusshow to combinenovelty andrelevancein a costfunction.

4.1 Novelty and RedundancyMeasures

Let be the unigramlanguagemodelsfor
previously selecteddocumentswhich we referto asrefeencelan-
guage models Considera candidatedocument andthe corre-
spondinglanguagemodel . Ourgoalis to de ne a novelty score

for which will indicatehow much
novel informationdocument 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

?

Noticethatnovelty is anasymmetrianeasurewe areinterested
in measuringthe informationin which is new relatveto
not the otherway around. For unigramlanguagemodels,a natu-
ral asymmetrialistanceneasurés theKL-divergence
which canbeinterpretedastheinefciency (e.g.,in compressmn)
dueto approximatinghe truedistribution ~ with . Thisleads
to avaluefunctionof

Anotherplausiblenovelty measurés basedn aS|mpIem|xture
model. Assumea two-componengeneratre mixture model for
the new document,in which one components the old reference
topic modelandthe otheris a backgroundanguagemodel(e.qg.,
a generalEnglishmodel). Giventhe obsered newv documentwe
estimatethe mixing weightfor the backgroundnodel(or therefer
encetopic model),which canthensene asa measuref novelty or
redundang The estimatedveightcanbeinterpretedasthe extent
to which the new documentcan be explainedby the background
modelasopposedo thereferencdopic model. A similaridea,but
with three-componennixture models,hasbeenexploredrecently
to measureedundang in information Itering [16].

More formally, let ~ be a backgroundanguagemodelwith a
mixing weightof . The log-likelihood of a new document

is

andthe estimatechovelty 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 summarizedhovelty valuefor a document.One possibility is to
computea mixture (average)of thereferenceopic models,sothat
the problemis reducedo the singlereferencenodelcase Another
possibilityis to computea novelty scorefor  usingead previous

asareferencaopicmodel , andtothencombinethesescores.
The rst methodis straightforvard. For the secondthreeolvious
possibilitiesfor combiningtheindividual novelty scoresaretaking
the minimum, maximum,and average. However, usingthe maxi-
mum distances unreasonablesincea documentvould be judged
asnovel if it is differentfrom a singleold document , eventhe
casewhereit is identicalto another

With two novelty measure$or asinglereferencenodelandtwo
reasonablevaysof computinga combinedhovelty scoreover mul-
tiple referencemodels,we have six differentnovelty measuresas
shavn in Tablel.

Aggregation
Basic vs scorexombined
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 measure®n the subtopicretrieval
task. In orderto focus on the effectivenessof novelty detection
alone,we consideredhe specialtaskof re-rankingrelevantdocu-
ments,usingthe greedyalgorithmof Figure2 andvaluefunctions
which areappropriateaggreationsof the functions and

. Sincenoneof the novelty measuresanbeusedto se-
lectthevery rst documentwe usedthequery-likelihoodrelevance
valuefunctionwith Dirichlet prior smoothingessentiallyall differ-
entrankingsstartwith the same(presumablymostlikely relevant)
document.The samequery-likelihoodrelevancevaluefunctionis
alsousedto producearankingof all therelevantdocumentswhich
we useasour baseline.

We evaluatedthe ranking using both the S-precisionand WS-
precisionmeasuresThe resultsareshavn in Figure3. We make
thefollowing obsenations.

Overall, MixAvg is the bestperformingnovelty-basedanking,
followed by MinMix. Particularly at high recalllevels, MixAvg is
noticeablybetterthanary of theothermeasures.

For both measuresthe relevancebaselinerankingis relatively
goodat low levels of subtopicrecall,andrelatively poorat higher
levelsof subtopicrecall. Thisis intuitive, sincesubtopicsaaremore
likely to be duplicatedlater in a ranking whenwe will have ac-
cumulatedmore subtopicinstances. The novelty-basedranking
schemeoutperformthe relevancemeasuremost consistentlyon
the WS-precisionmeasure.This is to be expectedsincethe WS-
measurenoreheaily penalizesedundany

The KL-basedranking schemesare generally inferior to the
mixture-basedanking schemesby both measuresThey arealso
(perhapssurprisingly)generallyinferior to the baselinerelevance
ranking, especiallyat high subtopicrecall levels. The MinMix
measureperformsslightly betterthan the AvgMix measureand
similarly, the MinKL measuregerformsslightly betterthe AvgKL
measureWe notethatMinMix is mostsimilarto theoriginalMMR
measurg?2].
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baseline relevance ranking.

4.2 Combining Relevanceand Novelty

We now considerhow to combinenovelty andrelevancein a
retrieval model. Basedon otherrelevance-basedetrieval exper
iments[15, 8], we useKL-divergenceasa measureor relevance
( ) and MixAvg asa measureof novelty ( ). Unfor-
tunately a directinterpolationof thesemeasuresvould not make
much sense sincethey are not on the samescale. We note that
the MixAvg estimateof canbelooselyinterpretedasthe
expectedpercentagef novel informationin the documentor the
probability that a randomlychosenword from the documentrep-
resent:ew information. Thus,we may considertwo probabilities
associateavith adocument . Oneis the probability of relevance

, the otheris the probability thatary word in the docu-
mentcarriessomenew information . Thisleadsto the
following generaform of the scoringfunction

where , , ,and arecostconstants.

Sincewhethera non-rel@ant documentcarriesary new infor-
mationis notinterestingto the user we assumehat . Fur-
thermore,we assumehatthereis no costif the documents both
relevantand( ) new, i.e., that

Intuitively, is thecostof userseeingarelevant butredundant
documentwhereas thecostof seeinga non-relevantdocument.
We will nally assumehat (i.e., thatthe usercaresabout
redundanyg), whichallows usto re-writethescoringfunctionin the
equivalentform

rank

rank .

where ™" indicatesthat the two scoresdiffer by a constant,and
thereforegive identicalrankings. Note that a higher
malkes the costscorebetter(i.e., lower). Further when — ,

a higher alsomalkesthe scorelower, but the amountof
reductionis affectedby the costratio —. This ratio indicatesthe
relative costof seeinganon-rele#antdocumentomparedvith see-
ing arelevantbut redundantocumentWhentheratiois large,i.e.,

, thein uence of could be negligible. This
meangthat whenthe userhaslow tolerancefor non-rel@ant doc-
ument,the optimal rankingwould essentiallybe relevance-based,
and not affected by the novelty of documents. When ,
we would scoredocumentdasedn , whichis
essentialljthe scoringformulafor generatingemporalsummaries
proposedn [1], where isreferredas . Ingen-
eral, therewill be a trade-of betweenretrieving documentswith
new contentandavoiding retrieval of non-releantdocuments.

Onetechnicalproblemremains,sincewe do not usually have
available when we score documentswith the KL-
divegencefunction. One possiblesolutionis to considerrank-
ing documentdasedon the querylikelihood,i.e., , Which
is equivalent to ranking basedon the KL-divergence[7]. Since
, we may furtherassumehat is pro-

portional to . Underthis assumptionthe scoringfunction
canberewrittenas

rank
where — , is thequerylike-
lihood, and is the estimatechovelty coef-

cient usingthe mixture modelmethod. We referto this scoring
functionasa cost-base@ombinationof relevanceandnovelty.

5. EXPERIMENTS

In orderto evaluatethe effectivenessof the proposedmethod
for combiningnovelty andrelevance,we comparedt with a well-
tunedrelevance-basedanking baseline. The baselineis the best
relevance-basedanking (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 documentgthe sametask usedabove
to evaluatenovelty methods),and ranking a mixture of relevant
and non-relevantdocuments The lattertaskis the “real” problem



of subtopicretrieval. For the sale of ef ciency, the resultsfor re-
rankingamixtureof relevantandnon-releantdocumentsrebased
onusingacost-basedankingschemeo re-rankthe 100top-ranked
documentseturnedby the baselinganking.

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-
creasahe diversity (andhencedecreaseedundanyg) of the docu-
mentsreturnedasrelevant. Thefeedbaclkapproachhatwe usecon-
structsan expandedquery modelbasedon an interpolationof the
original maximum-likelihood querymodelanda pseudo-feedback
modelwith aweightof - oneach.Thefeedbacknodelis estimated
basedon thetop 100documentgfrom the simplebaselineresults)
usinga mixture modelapproachto feedback{14] (with the back-
groundnoiseparametesetto 0.5.) The Dirichlet prior smoothing
parameters setto , whichis approximatelyoptimalfor
scoringtheexpandedquery

We variedthe costparameter betweenl and10. Notethatit is
unreasonabléo set to ary valuebelow 1, asit would meanthat
alargerrelevancevaluecorresponds$o greatercost. As  becomes
large, the combinationreliesmoreon relevance;with , the
formulais almostcompletelydominatedby relevance.Notice that
subtopicperformancecan be improved by eitherimproving rele-
vancerankingandkeepingredundang x ed,by improving redun-
dany andkeepingrelevance x ed,or by improving bothrelevance
andredundang

5.1 Re-ranking relevant documents

Figure4 presentsheresultsonthesimplertaskof re-rankingrel-

evantdocumentsWe shaw resultsfor the cost-baseanethodwith
and . Combiningrelevanceandnovelty with either

weightingschemegivesa consistenimprovementover bothbase-
lines,acrossall but the lowestrecalllevels,andfor bothmeasures.
This is in contrastto usingnovelty scoresalone,which improved
over the baselineonly for highersubtopicrecalllevels. This s de-
sirablebehaior for amethodthatcombinegelevance(which does
well at low subtopicrecall levels) with novelty (which doeswell
at high recalllevels). Feedbaclbarelyimprovesuponthe baseline
retrieval method.

5.2 Ranking mixed documents

Resultsare presentedn Table 2 for the more dif cult task of
rankinga mixed pool of documentsalongwith an“upperbound”
of performancevhich will bediscussedh Section5.3. We seethat
thecost-basedombinatiormethodstill improvesoverthebaseline
on bothmeasuredyut only slightly, andonly for largervaluesof .
Interestingly the pseudo-feedbackpproactalsoimprovesslightly
over the baselinemethodfor both S-precisionand WS-precision.
In fact, for S-precisiorthe improvementobtainedby the feedback
methodis somevhatlarger thanthe improvementobtainedby the
cost-basedombinationof novelty andrelevance®

5.3 Analysisand Discussion

It is likely that with the addition of non-rel&ant documents,
performancegainsdueto improving the novelty of documentsn
a ranking are largely offset by correspondingerformancdosses
dueto imperfectrelevanceranking. Sincea relevantdocumentis
muchmorelikely to overlapwith anotherrelevant documenthan
is anon-relvantdocumentemphasizingnovelty maywell tendto
move non-rel&#antdocumentsip in theranking. It is possiblethat

Graphsarenot shavn for theseresults,but the curvesfor all the
methoddrackeachotherquite closely

RankingMethod | Avg S-Precision| Avg WS-Precision
baseline 0.332 — | 0.468 —

cost, 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 the costof alsopulling up non-releant
documentsn theranking.

This hypothesisis supportedby the performanceof the cost-
basedmethodon the task of re-rankingrelevant documents. To
furthertestthis possibility we conductedanothertest. Recallthat
thede nitions of (weighted)S-precisiorandS-recallarebasedon
comparinga rankingsystem with anoptimalsystem . One
can usethe samemethodologyto compareary two ranking sys-
tems. To simplify the discussion/et us call the systemplaying
thepartof in atestof this sortthe bentimarled systemandthe
systemplaying the part of the target system De ne the WS-
precision(at ) of a bentimarled system relativeto a target
system as

WS-pecisionat

Relative WS-precisionis a measureof the differencein perfor
mancebetween and —thelowertheWS-precisionthelarger
the performancalifference.

We took the rankingsproducedby the baselineretrieval sys-
tem, henceforth , and removed all non-releant documents,
to producerankingsfrom a hypotheticalsystem . Wethen
performedthe sametransformationon the cost-basedanking for

, henceforth , to producerankingsfor the hypothetical
system

Our conjecturds thatthe cost-basednethodranksrelevantdoc-
umentsbetterthanthe baselinesystemjut alsoranksnon-releant
documentshigher Statedin termsof thesehypotheticalranking
systemsthe conjectureis that (a) WS-precisionfor relative
to will behigher(i.e.,indicatea smallerdifferencein per
formance)hanthe WS-precisiorfor relative to and
(b) WS-precisiorfor relativeto will belower (i.e.,in-
dicatea larger performancadifference)thanthe WS-precisionfor

relative to

This conjectureis con rmed by experiments;the resultsare
shawvn in Figure5. For clarity, we shav WS-precisioratinterme-
diatelevelsof S-recall,wherethe differencedetweerthe systems
aregreatest.

A nal setof experimentsonrankingamixedpool of documents
wasbasedon the obsenration thatnoneof the methodsconsidered
more thanmodestlyimproves performanceover the original rele-
vancebaseline. For eachquery we createda subtopicquery or
“subquery for eachsubtopic,by concatenatinghe original query

with the descriptionof the subtopic. For instance for the sam-
ple query 392i, we created35 subqueriesthe rst of which was
“What arethe applicationsof roboticsin the world today? ‘clean
room' applicationsn healthcar& precisionengineering. Wethen
retrievedthetop 500documentgor eachsubqueryusingthebase-
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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-feedbaclendplacedall of thedocuments
returnedby ary subqueryfor  into asinglepoolfor . Finally,
we rana noise-tolerantersionof a greedyset-caveringalgorithm.
Thisalgorithmusesasavaluefunctiontheexpectechumberof new
subtopicscoveredby adocumentusingsubqueryrelevancescores
to estimatetherelevanceof a documento a subtopic.

Unlike the MMR-style algorithmsconsideredabore, this algo-
rithm usesan explicit model of the subtopics,which is acquired
from the subtopicdescriptionausing pseudo-feedbacKit is quite
unreasonabléo assumehatthis muchinformationis availablein
practice,especiallygiven that the useris unlikely to know all the
subtopicsin advance. However, it may be usefulto considerthe
performancef this systemasaninformal upperboundon the per
formanceof retrieval systemshatmustoperatevithoutary explicit
modelof subtopics.

Theperformancef thismethodis shavn in Table2 undertheti-
tle “upperbound. AverageS-precisiorandaveragedVS-precision
areimproved, but by surprisinglylittle: S-precisioris improved by
about20% over the bestrealistic method(the baselinewith feed-

back), and WS-precisionis improved by about9% over the best
realisticmethod(cost-basedetrieval with ).

6. CONCLUDING REMARKS

In this paper we studied a non-traditional subtopic retrieval
problemwheredocumentankingis basedndependentelevance,
insteadof independentelevance ashasbeenassumedn mosttra-
ditional retrieval methods. The subtopicretrieval problemhasto
do with nding documentghatcover asmary differentsubtopics
as possible,which is often desirable(e.g., whenthe useris per
forming a suney on sometopic). Traditionalretrieval methods
andevaluationmetricsareinsufcient for subtopicretrieval since
thetaskrequireshe modelingof dependentelevance.

We proposech new evaluationframework for subtopicretrieval,
basedon the metricsof S-recall(subtopicrecall) and S-precision
(subtopic precision). Thesemeasuregyeneralizethe traditional
relevance-basedecall and precisionmetrics,and accountfor the
intrinsic dif culty of individual topics—a feature necessaryfor



subtopicretrieval evaluation. We also introducedWS-precision
(weightedsubtopicprecision),a further generatiorof S-precision
thatincorporates costof redundang

We proposedsereral methodsfor performingsubtopicretrieval
basedon statisticallanguagemodels,taking motivation from the
maximal maiginal relevancetechnique. We evaluatedsix novelty
measuresandfoundthata simplemixturemodelis mosteffective.
We thenproposed cost-base@ombinationof this mixture model
novelty measurewith the querylikelihoodrelevanceranking. This
methodwas shavn to slightly outperforma well-tunedrelevance
rankingbaseline.However, the improvementis mostclearly seen
for rankingonly relevantdocumentswhenworking on amixedset
of relevantandnon-rel&ant documentsthe improvementis quite
small,slightly worsethanatunedpseudo-feedbadlelevancerank-
ing of thesamedocumentsThisindicateghatwhile bothrelevance
andnovelty/redundang play arole in subtopicretrieval, relevance
is adominatingfactorin our dataset.

In future work, we needto further studythe interactionof rele-
vanceandredundany, perhapshy using syntheticdatato control
factorssuchasthelevel of redundang andthenumberof subtopics.
A majorde ciency in all of the MMR styleapproachesonsidered
hereis the independentreatmentof relevanceand novelty. As a
result, thereis no direct measureof relevanceof the new infor-
mation containedin a nev document. Thus, a documentformed
by concatenating seen(thusredundantyelevantdocumentwith a
lot of new, but non-rel&antinformationmay be ranked high, even
thoughit is uselesgo theuser It will beinterestingo studyhow to
identify andmeasurégherelevanceof thenovel partof adocument,
whichis relatedto the TREC novelty track[4].
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