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ABSTRACT

Negative relevancefeedbackis a specialcaseof relevancefeed-
backwherewe do not have ary positive example;this often hap-
penswhenthetopicis dif cult andthe searctresultsarepoor. Al-
thoughin principleary standardelevancefeedbackechniquecan
be appliedto negative relevancefeedbackit maynot performwell
dueto the lack of positive examples. In this paper we conducta
systematicstudy of methodsfor negative relevancefeedback.We
comparea setof representatie negative feedbackmethods,cov-
ering vectorspacemodelsand languagemodels,as well as sev-
eral specialheuristicsfor negative feedback. Evaluatingnegative
feedbackmethodsequiresatestsetwith sufcient dif cult topics,
but therearenot mary naturallydif cult topicsin the existing test
collections. We usetwo samplingstratgiesto adapta testcollec-
tion with easytopicsto evaluatenegative feedback Experimentre-
sultson several TREC collectionsshaw thatlanguagenodelbased
negative feedbackmethodsaregenerallymoreeffective thanthose
basedon vectorspacemodels,and using multiple negative mod-
elsis aneffective heuristicfor negative feedback.Our resultsalso
shaw thatit is feasibleto adapttestcollectionswith easytopicsfor
evaluatingnegative feedbackmethodgshroughsampling.

Categoriesand Subject Descriptors: H.3.3[Information Search
andRetrieval]: Retrieval models

General Terms: Algorithms

Keywords: Negative feedbackdif cult topics,languagemodels,
vectorspacemodels

1. INTRODUCTION

No retrieval modelis ableto returnsatishictoryresultsfor every
query Indeed,a query might be so dif cult that a large number
of top-ranled documentsare non-releant. In sucha case,a user
would have to eitherreformulatethe queryor go far dowvn on the
rankedlist to examinemoredocumentsThusstudyinghow to im-
prove searchresultsfor suchdif cult topicsis both theoretically
interestingandpracticallyimportant.

A commonlyusedstratey toimprove searctaccurag is through
feedbacktechniquessuchasrelevancefeedback12, 8], pseudo-
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relevancefeedbacl{1, 20], andimplicit feedbacK14]. In thecase
of a dif cult topic, we likely will have only negative (i.e., non-
relevant) examples raising the importantquestionof how to per

form relevancefeedbackwith only negative examples.We referto

this problemasnegativefeedbak. Ideally, if we canperformef-

fective negative feedbackwhentheusercouldnot nd ary relevant
documenton the rst pageof searchresults,we would be ableto

improve therankingof unseerresultsin the next afew pages.

However, whethersuchnegative feedbackcanindeedimprove
retrieval accuray is still largely an openquestion.Indeed the ef-
fectivenesof currentfeedbackmethodsoftenrely onrelevantdoc-
uments;negative information, suchas non-rel@ant documentsijs
mostlyignoredin pastwork [4, 8].

On the surface,ary standardrelevancefeedbackiechniquecan
be appliedto negative relevancefeedback. However, our recent
work [19] hasshavn that specialcare and specialheuristicsare
neededo achie/e effective negative feedback.Speci cally, in this
work, we have shavn that somelanguagemodel-basedeedback
methods althoughquite effective for exploiting positive feedback
information, cannotnaturally handlenegative feedback thus sev-
eral methodswere proposedo performnegative feedbackin lan-
guagemodelingframevork. However, this studyis neithercom-
prehensie nor conclusve for severalreasons(1) It is only limited
to languagemodels;vectorspacemodelshave not beenevaluated.
(2) Theresultsareevaluatedover only onecollection.(3) Thelack
of systematiexperimentdesignandresultanalysismakesit hard
to know theadwantage®r disadwantagef differentmethods.

In this paper we conducta more systematicstudy of different

methodsfor negative relevancefeedback. Our study is on two
representaike retrieval models:vectorspacenodelsandlanguage
models.We rst catgorizenegative feedbackechniquesnto sev-
eral generalstrataies: single query model, single positive model
with single negative query model,andsingle positive modelwith
multiple negative query models. Following thesestratgies, we
thendevelop a setof representatke retrieval methodsfor both re-
trieval models.Systematicomparisorandanalysisare conducted
ontwo large representafe TREC datasets.|deally, testsetswith
sufcient naturally dif cult topics are requiredto evaluatethese
negative feedbackmethods but thereare not mary naturally dif-
cult topicsin the existing TREC datacollections. To overcome
this dif culty , we usetwo samplingstrategjiesto adaptatestcollec-
tion with easytopicsto evaluatenegative feedback The basicidea
of our samplingmethodsis to simulatedif cult queriesfrom easy
onesthroughdeletinga setof relevantdocumentsothattheresults
becomepoor. The effectivenesof thesesamplingmethodss also
veri ed onthe TREC datasets.

Our systematicstudy leadsto several interestingconclusions.
We nd thatlanguagemodel-basemegative feedbackmethodsare



generallymore effective and robust than those basedon vector
spacemodelspossiblydue to more accuratdearningof negative

models. While clusterhypothesig7] generallyholdsfor relevant
documentspur resultsshav that negative documentsio not clus-

ter together Thusadaptingstandardelevancefeedbacko learna

singlequerymodelis not optimalfor negative feedbackandusing
multiple negative modelsis more effective thana single negative

model since neggative documentamay distractin different ways.
Our resultsalso shav thatit is feasibleto adapttest collections
with easytopics(throughsampling)to evaluatenegative feedback
methods.

Therestof the papelis organizedasfollows. In Section2, were-
view therelatedwork. In Section3, we describeour problemsetup
and differenttechniquedor negative feedback. We describeour
samplingmethodgo simulatedif cult topicsby adaptingeasyones
in Sectiond4. Experimentsareanalyzedanddiscussedn Sections.
We concludethis paperanddiscussour futurework in Section6.

2. RELATED WORK

The study of dif cult querieshasattractedmuch attentionre-
cently partly dueto the launchingof the ROBUST track in the
TREC conferencewhich aimsat studyingthe robustnesof are-
trieval modelanddevelopingeffective methoddor dif cult queries
[18, 17]. However, the mosteffective methodsdevelopedby the
participantof theROBUST tracktendto rely on externalresources
(notablythe Web)to performqueryexpansionwhich hasin some
sensebypassedhe dif culty of the problemasin reality, thereis
often no suchexternalresourceto exploit, or otherwise the user
would have directly goneto the externalresourcgo nd informa-
tion. Indeed,the Webresourcewvould not helpimprove searchac-
curay for dif cult topicson the Webitself. In our work, we aim
at exploiting negative feedbackinformationin thetargetcollection
from which we wantto retrieve information.

Therehasbeensomework onunderstandingvhy aqueryis dif -
cult[6, 3, 2], onidentifying dif cult queried17], andonpredicting
queryperformancg21]. But noneof this work hasaddressedhe
importantquestionof how to improve searchaccurag for dif cult
queries.

Feedbackechniqueshave beenextensiely studiedand mostly
shavn to be effective to improve retrieval accurag [12, 10,1, 13,
5, 20, 22, 14]. In generalmostfeedbackechniquesely on posi-
tivedocuments-documentshatareexplicitly judgedasrelevantor
implicitly assumedo berelevant—to provide usefulrelatedterms
for queryexpansion.In contrastnegative (i.e., non-rel@ant)docu-
mentshave notbeenfoundto bevery useful.In general exploiting
non-rel@antinformationis largely unexplored;queryzone[16] ap-
pearsto bethe only major heuristicproposedo effectively exploit
non-rel&ant information in documentrouting tasks. It shaved
that using non-releant documentswvhich are closeto the original
queriesis moreeffective thanusingall non-rel@antdocumentsn
the whole collection. However, this problemwas studiedfor doc-
umentroutingtasksandalot of relevantdocumentsareused.Our
problemsettingis quitedifferentin thatwe only have non-rele&ant
documentdor feedbackandwe startwith non-releantdocuments
closeto aqueryto studyhow to usethis negative informationopti-
mally in adhocretrieval.

Ourrecentwork [19] isthe rst studyontheproblemof negative
feedbackin languagemodels.It shaws thatspecialtechniquesre
neededo handlenegative feedback.Our currentwork canbere-
gardedasan extensionof this previous work to include additional
retrieval models,additional heuristics,and making more conclu-
sive ndings. Themaindifferencesetweerour currentwork and
the previous work [19] include: (1) We extend previous studyand

proposeseveralgenerl negative feedbaclkstratgiesthatcanbeap-
plied to bothvectorspaceandlanguagemodels.(2) We studytwo
samplingmethodgto constructiarger collectionsto evaluatenega-
tive feedbackmethods. (3) Our experimentsare more systematic
andconductedver morecollections.

3. NEGATIVE FEEDBACK TECHNIQ UES

3.1 Problem Formulation

We formulatethe problemof negative feedbackn a similarway
aspresentedh [19]. GivenaqueryQ andadocumentollectionC,
aretrieval systenreturnsarankedlist of documentd . L; denotes
thei-th ranked documentn the ranked list. We assuméhatQ is
sodif cult thatall thetop f ranked documentgseenso far by a
user)arenon-releant. Thegoalis to studyhow to usethesenega-
tive examplesj.e.,N = fL1;:::; Lt g, torerankthenext r unseen
documentsn theoriginalrankedlist: U = fL¢ 4+ ;5 Li+rg. We
setf = 10to simulatethatthe rst pageof searchresultsareirrel-
evant,andsetr = 1000 We usethefollowing notationsin therest
of thepaper:

S(Q; D) is therelevancescoreof documenD for queryQ.
c(w; D) is the countof wordw in documenD .

c(w; Q) is thecountof wordw in queryQ.

jCj is thetotal numberof documentsn the collectionC.

d (w) is thedocumentrequeny of word w.

jDj isthelengthof documenD.

avd| is theaveragedocumentength.

N is thesetof negative feedbackdocuments.

U is thesetof unseerdocumentso bereranled.

3.2 General Strategiesfor Negative Feedback

3.2.1 QueryModi cation

Sincengyative feedbackcanberegardedasa specialcaseof rel-
evancefeedbackwhereno positive exampleis available, our rst
generalstratay is simply to apply ary existing feedbackmethods
(e.g.,Rocchig[12]) to useonly non-releantexamples We call this
stratgy querymodi cation becausenostexisting feedbackmeth-
odswould achieve feedbackhroughmodifying the representation
of aquerybasedn relevantandnon-releantfeedbaclkdocuments.
In effect, they oftenintroduceadditionaltermsto expanda query
andassigrmoreweightto atermwith moreoccurrences relevant
documentsandlessweightor negative weightto atermwith more
occurrencefn non-releantdocuments.

Someexisting feedbacknethodssuchasRocchiomethod[12],
alreadyhave a componenfor usingnegative information,so they
canbedirectly appliedto negative feedback However, othermeth-
ods,suchasmodel-basedeedbacknethodsn languagenodeling
approachef22], cannot naturallysupportnegative feedbackthus
extensionhasto be madeto make themwork for negative feedback
[19]. Laterwewill furtherdiscusghis.

Note that with this strateyy, we generallyend up with onesin-
gle query model/representatiowhich combinesboth positive in-
formationfrom the original query and negative informationfrom
thefeedbaclkdocuments.

3.2.2 ScoeCombination

The query modi cation stratgy mixes both positive and nega-
tive informationtogetherin a singlequerymodel. Sometimest is
not naturalto mix thesetwo kinds of informationasin the caseof
usinggeneratie modelsfor feedbacl22]. A more e xible alter
native strat@y is to maintaina positive queryrepresentatioanda



negative query representatioisepaately, and combinethe scores
of a documentw.r.t. both representationsWe call this stratgy
scoe combination

With this strateyy, negative examplescanbeusedto learnaneg-
ative queryrepresentatiomvhich canthenbe usedto scorea doc-
umentbasedon the likelihood that the documentis a distracting
non-rel&antdocument;suchascorecanthenbeusedto adjustthe
positive relevancescorebetweerthe original queryandthe corre-
spondingdocument.

Intuitively, a documentwith higherrelevancescoreto the nega-
tive queryrepresentatioicanbe assumedo be lessrelevant, thus
the nal scoreof thisdocumentanbecomputedas

Scombined (Q; D) = S(Q; D) S(Qneg ; D) 1

whereQneg iS anegative queryrepresentatioand is aparameter
to control the in uence of negative feedback. When = 0, we
do not perform negative feedback,andthe rankingwould be the
sameasthe original rankingaccordingto queryQ. A largervalue
of causesnorepenalizatiorof documentsimilarto thenegative
queryrepresentation.

Equation(1) shavs thateithera high scoreof S(Q; D) or alow

scoreof S(Qneg ; D) wouldresultin ahighscoreof Scombined (Q; D).

This meansthat the proposedscorecombinationmay favor non-
relevant documentsf they have lower similarity to the negative
model; this is risky becauseahe negative query representatiotis
only reliable for Itering out highly similar documents. Thus a
more reasonablepproachwould be to only penalizedocuments
which are mostsimilar to the negative querymodeland avoid af-
fecting the relevancescoresof otherdocuments.To achieve this
goal, insteadof penalizingall the documentsn U, we needto pe-
nalizeonly asubsebf documentshataremostsimilar to thenega-
tive query We proposeo usethefollowing two heuristicsto select
documentgor penalizatior(i.e., adjustingtheir scoresusingEqua-
tion (1)):

Heuristic 1 (Local Neighborhood): Rankall thedocumentsn U
by the negative queryandpenalizethetop documents.
Heuristic 2 (Global Neighborhood): Rankall the documentsn
C by the nggative query Select,from thetop documentsf this
rankedlist, thosedocumentsn U to penalize.

In both cases, is a parametetto control the numberof doc-
umentsto be penalizedand would be empirically set. The two
heuristicsessentiallydiffer in how this  value affects the num-
ber of documentsn U to be penalized.In Heuristic 1, the actual
numberof documentsn U to be penalizeds x ed,i.e., , butin
Heuristic2, it is dynamicandcouldbe smallerthan , becausehe
top documentsmostsimilar to the negative queryare generally
notall in thesetof U. If weareto set toaconstanfor all queries,
intuitively Heuristic2 canbe morerobustthanHeuristics1, which
is con rmed in our experiments.

How dowe computethenegative queryrepresentatio®, egand
the scoreS(Qneg ; D)? A simple stratgyy is to combineall the
negative informationfrom N to form a singlenegative queryrep-
resentationwhichwouldbereferredo as“Single Negative Model”
(SingleNg). However, unlike positive information,negative infor-
mationmightbe quitediverse.Thus,it is moredesirableo capture
negative information with more than one negative query model.

Formally, IetQineg ,wherel i Kk, bek negative querymodels,
we may computeS(Qneg ; D) asfollows:

k
S(Qneg;D) = F(* fS(Qneg:D)9)
i=1
whereF is anaggregationfunctionto combinethe setof k values.
We call this method“Multiple Negative Models” (MultiNeg).

3.2.3 Summary

We have discussedwo generalstratgieswith somevariations
for negative feedbackwhich canbe summarizedasfollows: (1)
SingleQuery. query modi cation strat@y; (2) SingleNeg score
combinationwith a single negative query model; (3) MultiNeg:
scorecombinationwith multiple negative querymodels. For both
SingleNg andMultiNeg models we canuseeitherof thetwo heuris-
tics proposedn the previous subsectiorio penalizedocumentse-
lectively. In the next subsectionywe discusssomespeci ¢ waysof
implementingthesegeneralstratgiesin bothvectorspacemodels
andlanguagemodels:

3.3 Negative Feedbackin Vector SpaceModel

In vectorspacemodels,documentsand queriesarerepresented
as vectorsin a high-dimensionakpacespannedby terms. The
weightof atermw in documentD canbe computedn mary dif-
ferentwaysandtypically a similar measuresuchasdot productis
usedto scoredocuments[15].

In our experimentsye usethefollowing BM25 weight[11]:

(k1 + 1) c(w;D)
b) + b2L) + c(w; D)

jiCi+ 1

2
ki((1 ) @)

wherek; andb are parametersThe weightof a querytermis set
to theraw termfrequeng, i.e.,c(w; Q). VYe cqmputethelrela/ar}ce

scoreusingthe dot product: S(Q; D) = Q D whereD andQ
representocumentvectorandqueryvector respectiely.

3.3.1 SingleQuenstrategy

TheRocchiomethod[12] is acommonlyusedfeedbackmethod
in vectorspacemodels. Theideais to updatea queryvectorwith
bothrelevantandnon-releantdocumentsWhenonly non-releant
documentdN areavailable,the Rocchiomethodcanbewritten as

! 1 X

|
Qrew = — D: 3
Qm =0y ©

|
This givesusanupdatedjueryvector Q new , Which canbeusedto
rerankdocumentsn U.

3.3.2 SingleNg Strategy

SingleNg adjuststhe original relevance scoreof a document
with a single negative query We computethe na;jatr\{:@ queryas
the centerof negative documentsij.e., Qrleg = JN T DN
Using Equation(1), the combinedscoreof adocumenD is
1

Scombined (Q,D) = lQ !D !Qneg D: (4)

It is straightforvard to verify that Equation(3) and (4) areequi-
alent. However, SingleNg hasthe advantageof allowing usto
penalizenegative documentsselectvely using either of the two
heuristicgpresenteaarlier

3.3.3 MultiNeg Strategy

MultiNeg adjustsheoriginalrelevancescoreof adocumentvith
multiple negative querieswhich canbeobtainedg.g.,throughclus-
tering. In our experiments,we take eachnegative documentas
a negative queryand usemax asour aggrgationfunction. Intu-
itively, max allows usto penalizeary documenthatis closeto at
leastonenegative documentThus

o
S(Qneg:D) = max( fQ° Do):
Q02N



Thisscoreis thencombinedwith S(Q; D) to rerankthedocuments
in U. Again, we have two variantsof this methodcorrespondingo
applyingthetwo heuristicsdiscusse@bove.

3.4 Negative Feedbackfor LanguageModels

KL-divergenceetrieval model[9] is oneof themosteffectivere-
trieval modelsin thelanguagemodelingframevork. Therelevance
scoreis computedbasedon the negative KL-divergencebetween
querymodel g anddocumenimodel p

) log P @)
I - -\
Bt )log {03

S(Q;D)= D(qlip)=
whereV is the setof wordsin our vocalulary. The document
model p needdo besmoothedindaneffective methodis Dirich-
let smoothing[23]: p(wj p) = BL-P2ME) wherep(wiC) is
thecollectionlanguagenodeland is asmoothingparameter

Unlike vectorspacemodels,it is not naturalto directly modify
aquerymodelusingnegative informationin languagemodelsince
no term canhave a negative probability In our recentwork [19],
several methodshave beenproposedor negative feedbackin the
languagemodelframevork. We adoptthe methodghereandcom-
bine themwith the two heuristicsdiscussecearlierfor document
penalization.

3.4.1 SingleNg Strategy

SingleNeg adjuststhe original relevancescoreof a document
with asinglenegative model.Let o betheestimatedjuerymodel
for queryQ and p be the estimateddocumentmodel for docu-
mentD. Let n beanegative topic modelestimatechasedon the
negative feedbackdocumentadN = fLq;::;Lsg. In SingleNg
method thenew scoreof documenD is computecdas

S(Q;D)= D(«qjo)+ D(njo): ©)

Notethatwe only penalizedocumentselectedy eitherof thetwo
heuristics.

We now discusshow to estimatenegative model n givenaset
of non-relwantdocumentdN = fLi;::;; Lsg. We usethesame
estimationmethodasdiscussedn [19]. In particular we assume
thatall non-releantdocumentsaregeneratedrom a mixture of a
unigramlanguagenodel n (to generat@on-releantinformation)
and a backgroundanguagemodel (to generatecommonwords).
Thus,thelog-likelihoodof thesampleN is

X

LINj ~N) = c(w; D) log[(1

D2N w2D

)p(wj )+ p (WJC)]

where is a mixture parametemhich controlsthe weight of the
backgroundmodel and the backgroundmodelis estimatedwith
pwjC) = 2L Givena xed ( = 0:9in our experi-
ments),a standarcEM algorithmcanthenbe usedto estimatepa-
rameterp(wj ~ ). Theresultof theEM algorithmgivesadiscrim-

inative negative model n which eliminatesbackgrounchoise.

3.4.2 SingleQuenstrategy

SingleQuerymethodis to updateoriginal query with negative
information. Sinceevery term hasa non-ngative probability in
a querymodel, thereis no naturalway to updateoriginal queries
with negative information. However, given Equation(5), a Single-
Querymethodcanbederivedafterapplyingalgebraransformation
andignoring constantghat do not affect documentrankingin the
following way

S(Q;D) ) D(qii b)* D(niip)
B wavIPwi @) p(wi n)]log p(wj p)

Theabove equatiorshavs thattheweightof termw is [p(wj o)
p(wj )] logp(wj p), which penalizesa term that hashigh

probabilityin thenegative topicmodel v . In thisway, [p(wj q)

p(wj )] canberegardedasthe updatedquery model, which
in somesensds the languagemodelingversionof Rocchio. For
consistencavith vector spacemodel, we use to replace and
use[p(wj q) p(wj n~)] astheupdatedquerymodel.For this
querymodel,we usetheequatiorabove to rerankall thedocuments
in U. Notethatfor SingleQuerymethodwe cannot applythetwo
penalizatiorheuristics.

3.4.3 MultiNeg Strategy

MultiNeg adjustgheoriginal relevancescoreswith multiple neg-
ative models.We usethe sameEM algorithmasSingleNgj to esti-
mateanegative model ; for eachindividual negative document.;
in N . Wethenobtainf negative modelsandcombinethemas

Scombined (Q;D) = S(Q;D) S(gﬂeg;D) )
= S(QD)  max(" |_gf S(Qhey:D)Y)
= D(qjio)*+ min( | fD(iji 0)o):

4. CREATE TEST COLLECTIONS WITH
SAMPLING

In orderto evaluatethe effectivenesof negative feedbackmeth-
ods, it is necessaryo have testcollectionswith sufcient dif cult
topics.However, TRECcollectionsdo nothave mary naturallydif-

cult queries.In this section,we describewo samplingstratejies
to constructsimulatedtestcollectionsby converting easytopicsto
dif cult topics.

In our problemformulation,a queryis consideredo be dif cult
if noneof the top 10 documentgetrieved by a retrieval modelis
relevant. Thus,in orderto convert aneasyqueryto a dif cult one,
our mainideaof samplingmethodss to deletesomerelevantdoc-
umentsof aneasyqueryandassumeahesedocumentslo not exist
in the collectionsothatall top 10 documentarenon-releant. We
now discusswo differentwaysto deleterelevantdocuments:

Minimum Deletion Method: Givenaqueryandarankeddoc-
umentlist for the query we keepdeletingthe top ranked relevant
documentuntil noneof thetop 10 ranked documentf thelist is
relevant. We assumethat the deletedrelevant documentsdo not
exist in thecollection.

Random Deletion Method: Given a queryandall of its rel-
evant documentswe randomly deletea relevant documenteach
time until noneof the top 10 documentf the ranked list is rele-
vant. Again, we assumehatthe deleteddocumentsio not exist in
thecollection.

In bothmethodsye keepdeletingrelevantdocumentsintil none
of top 10 ranked documentss relevant. Note that the constructed
collectionsare dependenbn retrieval models. After deletion,we
obtaina new ranked list whosetop 10 documentsreirrelevantfor
aquery We thenusetheselO irrelevant documentdor negative
feedbackto rerankthe next 1000 documentsn this new ranked
list.

5. EXPERIMENTS

To evaluatethe effectivenessof negative feedbacktechniques,
we construcburtestcollectionshasedntwo representate TREC
datasets:ROBUST trackandWebtrackdatasets.

5.1 Data Sets

Our rst datasetis from the ROBUST track of TREC 2004. It
hasabout528,000news articles[17]. On average eachdocument
has467 terms. We useall the 249 queriesasour basequery set.
This datasetis denotedby “ROBUST.”



ROBUST Gov
LM VSM LM VSM
= 2000 | ky = 1:0;b= 0:3 = 100 | k1 = 4:2;b= 0:8

Table 1: Optimal parameter values.

QuerySets ROBUST GOV
LM | VSM | LM | VSM
QS0:P@10=0 26 25 54 63

QS12:0:1 P@10 0:2 | 57 61 56 46
QS46:0:4 P@10 0:6 | 67 78 6 6
ALL 150 | 164 | 116 | 115

Table 2: The query setsusedin our experiments.

The seconddatasetis the GOV datasetusedin the Webtrack
of TREC 2003and2004. It is about18 GB in size and contains
1; 247,753 Web pagescrawled from the “.gov” domainin 2002.
Onaveragegachdocumenhasl,094terms.In our experimentwe
only usethe contentof the pagedor retrieval. Thereare3 typesof
queriesusedin Webtrack: homepagending, namedpage nding,
andtopicdistillation. We usethequerieswith topicdistillationtype
in bothWebtrack2003and2004. In total, we have 125 queriesin
ourbaseset(50from Webtrack2003and75from Webtrack2004).
We denotethis datasetby “GOV."

For both datasets, preprocessingnvolves only stemmingbut
without remaving ary stopword. Sinceour goal is to study dif-

cult queries,we constructdifferenttypesof querysetsfrom our
basesetsasfollows.

5.1.1 Naturally Dif cult Queries

The rst type of query setconsistsof thosenaturally dif cult
queries. In this paper we saythata queryis a naturally dif cult
queryif its P@10=0givenaretrieval model.

Forbothlanguagaemodels(LM) andvectorspacenodelsVSM),
we usetheir standardankingfunctionsto selectheir naturallydif-
cult queriesrespectrely. We rst optimizethe parameter®of
for LM andk; andb for the VSM usingthe basesetof querieson
eachdataset. The optimal parametersreshovn in Tablel1. All
theseparametersire x edin all thefollowing experiments.Using
the optimal parametesetting,we thenselectthosequerieswhose
P@10=0asour naturallydif cult queries.Therow of QS0in Ta-
ble 2 shawvs thenumberof queriesn this type of querysets.

5.1.2 SimulatedDif cult Queries

Sincethereare not mary naturally dif cult queries,we further
usedthe two deletion-basedamplingmethodsto constructsimu-
lateddif cult queriesfrom easyones.In our experimentswe use
two typesof easyqueries.The rst type consistsof thosequeries
whoseP@10satisfy0:1 P@10 0:2 (QS12in Table2) andthe
secondconsistof thosequeriesvhoseP @10satisfy0:4 P@10
0:6 (QS46in Table2). Again, all thesequeriesareselectedor the
two retrieval modelson thetwo datasetsrespectiely.

Thelasttype of querysetsis the ALL querysetswhich arethe
unionof thethreetypesof querysets.Table2 givesa summaryof
all thequerysetsusedin our experiments.

5.2 Retrieval Effectiveness
Our experimentsetupfollows Section3 to rerankthe next un-

seenl000documents We usetwo setsof performancemeasures:

(1) MeanAveragePrecision(MAP) andGeometricMeanAverage
Precision(GMAP), which sene as good measure®f the overall
rankingaccuray. (2) MeanReciprocaRank(MRR) andPrecision
at 10 documentgP@10),which re ect the utility for userswho
only readthevery top rankeddocuments.
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Figure 1: The performance of Rocchio feedbackunder differ -
ent parameters.

5.2.1 ApplyExistingRelezanceFeedbak

In this section we usethe Rocchiomethodin VSM to shav that
existing relevancefeedbackechniquesio notwork well if we only
have negative information. The standardRocchiomethodupdates
aqueryas

| | 1 X X
Qnew = Q+ v D

jRj D 2R jN J D 2N
whereR is the setof relevant feedbackdocuments.We usethe
querysetsof “ALL" type. For ary query we rst obtainits original
rankinglist. Startingfrom the top of the ranking list, we search
downward until we arrive at a cutting point, beforewhich we just
nd 10 irrelevant documents.All the documentsbeforethe cut-
ting points, including both relevant and non-rel@ant documents,
areusedin the Rocchiofeedback. The updatedqueryvectorsare
thenusedto rerankthe next 1000documentstartingfrom the cut-
ting points. In our experimentswe set = 1:0 andvary and
. Theresultsare shavn in Figurel. Fromthis gure, we can
seethatif we have relevantinformation,i.e., > 0, the MAP val-
uescanbeimproved dramatically However, whenwe do nothave
ary relevantinformation,i.e., = 0, nggative informationalways
hurtsMAP. This meanghatthe existing relevancefeedbackech-
niguesarenoteffective if only negative informationis availablefor
feedback,althoughthey are very effective for positive feedback.
This alsoshavs thatspecialtechniquesreneededor negative rel-
evancefeedback.

5.2.2 Ovenll AccuracyComparison

Usingnaturallydif cult querysetsQSO0,in thissectionwe study
the effect of differentnegative feedbackiechniques.For both LM
andVSM on the two datasets,we shaw their performanceof the
original ranking(OriginalRank)andthe 5 negative feedbackmeth-
ods: SingleQuernyneanghe SingleQuernstratgy; SingleNg1and
SingleNg2 arethe SingleNg strategyy plusHeuristicl andHeuris-
tic 2 respectrely; MultiNegl and MultiNeg?2 are the MultiNeg
stratgy plusHeuristic1 andHeuristic2 respectiely.

We vary the parametergor eachmethod: from 0.01to 1 for
SingleQuery from0.1to0.9and from50to 1000for SingleNey
andMultiNeg methods.In Table 3, we comparethe optimal per
formance(selectedaccordingto GMAP measurepf all methods.
Fromthistable,we have thefollowing obserations:

(1) LM approachesisuallywork betterthanVSM approaches.
Onthe ROBUST data,LM canimprove the MAP from 0.0293to
0.0363,23.8%relative improvement,but VSM canonly improve
from 0.0223to 0.0233,4.4% relative improvement. On the GOV
data,LM approachesansigni cantly improve over both Original-
Rankand SingleQueryapproacheshut VSM approachesan not
consistentlygive improvements.



ROBUST+LM ROBUST+VSM

MAP GMAP | MRR | P@10 MAP GMAP | MRR | P@10

OriginalRank | 0.0293 | 0.0137 | 0.1479] 0.076 OriginalRank| 0.0223 | 0.0097 | 0.0744| 0.0416
SingleQuery | 0.0325 | 0.0141 | 0.2020| 0.076 SingleQuery [ 0.0222 | 0.0097 | 0.0629| 0.0375
SingleNg1 0.0325 0.0147| 0.2177 0.084 SingleNg1 | 0.0225* | 0.0097 | 0.0749| 0.0375
SingleNg2 | 0.0330* [ 0.0149 | 0.2130( 0.088 SingleNg2 | 0.0226* | 0.0097 | 0.0739| 0.0375
MultiNegl | 0.0346* | 0.0150| 0.2368| 0.072 MultiNegl | 0.0226% | 0.0099 | 0.0815| 0.0375
MultiNeg2 | 0.0363* | 0.0148 | 0.2227| 0.076 MultiNeg2 | 0.0233* | 0.0100 | 0.0855| 0.0416

GOV+LM GOV+VSM

MAP GMAP | MRR P@10 MAP GMAP | MRR | P@10

OriginalRank | 0.0257 | 0.0054 | 0.0870| 0.0277 OriginalRank | 0.0290 | 0.0035 | 0.0933| 0.0206
SingleQuery | 0.0297 | 0.0056 | 0.1070| 0.0277 SingleQuery | 0.0301 | 0.0038 | 0.1085| 0.0349
SingleNg1 0.0300 0.0056 | 0.1013( 0.0277 SingleNg1 | 0.0331 | 0.0038| 0.1089| 0.0396
SingleNg?2 0.0289 0.0055 [ 0.0899| 0.0259 SingleNg?2 | 0.0298 | 0.0036 | 0.0937 | 0.0349
MultiNegl | 0.0331* | 0.0058| 0.1150]| 0.0259 MultiNegl 0.0294 | 0.0036 | 0.0990 | 0.0349
MultiNeg2 | 0.0311* | 0.0057 | 0.1071] 0.0277 MultiNeg2 0.0290 | 0.0036 | 0.0985| 0.0333

Table 3: Optimal resultsof LM and VSM on the ROBUST and GOV data sets.* and + meanimpr ovementsover OriginalRank and
SingleQuery, respectiely, are statistically signi cant. We only show the signi cance testson MAP values. Note that the valuesare
not comparableacrosstablessinceeachtable correspondgo a different QSOquery setin Table 2.

POS NEG | MNEG
GroupZ2relevant 0.0039| 0.0032| 0.0081
Group2irrelevant | 0.0024 | 0.0034 | 0.0096

Table 4: Similarity betweenPOS,NEG, MNEG learned from
Groupland relevant/irr elevant documentsin Group?2.

(2) For LM approachedyiultiNeg alwaysworksbetterthanSin-
gleQueryand SingleN@. This shavs that irrelevant documents
may distractin differentways and do not form a coherentclus-
ter. To verify this, we usethe cuttingpointde nedin Section5.2.1
to form two groupsof documentgor eachquery: all documents
beforethe cutting point form Grouplandthe next 50 documents
afterthe cutting point form Group2. We learna positive (denoted
asPOS)and a neggative languagemodel (denotedas NEG) using
the relevant and non-rel@ant documentsn Groupl. Using the
exponentialtransformof negative KL-divergenceasthe similarity
measurewe calculatethe averagesimilarity betweenPOS/NEG
andrelevant/irreleyant documentof Group2. The averagevalues
over all queriesareshavn in Table4. We canseethat POShas
anotablyhighersimilarity to relevantdocumentghanto irrelevant
documentsn Group2 but NEG doesnothave anotablyhighersim-
ilarity to irrelevantthanrelevantdocumentsin this table,we also
shaw the resultsof multiple negative models(denotedasMNEG).
Clearly MNEG can distinguish betweenrelevant and irrelevant
documentdetterthan NEG, con rming that negative documents
are more diverseand MultiNeg is more appropriatefor negative
feedback.

(3) Theresultsof VSM are mixed, and MultiNeg cannot yield
notableimprovementonthe GOV data.Onepossiblereasoris that
the negative queryvectorgeneratedisingonesingledocumentn
MultiNeg tendsto overemphasizeare termsduetheir high IDF
values.In Table5, we shav two document€537-07-3260432nd
G43-41-3966440n the GOV datasetandtheir high-weightterms
in the extractednegative queryvectors.lt is clearthat VSM is bi-
asediowardsthoserarewordssuchas“xxxxx” and“4294”, which
malkesthe computednegative vectorslesspowerful to pushdown
thosesimilarirrelevantdocumentsFor LM, theextractedtermsare
muchbetter This meanghatLM is morepowerful to pick up more
meaningfultermsfrom negative documentsandthusworks better
on GOV data.

Thismayalsoexplainwhy SingleNg in VSM is generallymore
effective thanMultiNeg onthe GOV dataset: SingleNeg usesmul-

G37-07-3260432 G43-41-3966440
VSM LM VSM LM
XXXXX 22.15 mine0.1166 pestl7.16 pest0.1052
csic20.85 industri0.0475 [| mgmt16.82 | safeti0.0861
quarri20.13 miner0.0357 || 429415.91 ds0.0600
naic19.48 metal0.0319 ds14.30 mgmt0.0451
bitumin 18.65 or 0.0305 ipm 13.46 nih 0.0436

Table5: Two examplesof extracted negative models.

tiple negative documentso computethe negative models. While
the rarewordsmay biasthe negatve modelcomputedrom a sin-
gle negative documenin MultiNeg, their weightsaresmallin Sin-
gleNeg sincethey arenotcommonin all the negative documents.

5.2.3 Resultswith Simulatedif cult Queries

We have proposedwo deletion-basedamplingnethodso make
aneasyqueryarti cially dif cult. In this section,we shav there-
trieval resultson simulateddif cult queriesusingALL querysets.
We only shawv the GMAP valuesin Table6. For RandomDeletion,
werunit 10timesandtheaverageperformancevaluesarereported
here. In this table, we shav the resultsof both deletionmethods
on bothretrieval modelsandboth datasets. SinceRandomDele-
tion deletesnorerelevantdocuments$or eachquerythanMinimum
Deletion, it is expectedthatits overall performances muchlower
thanthat of Minimum Deletion. The relative performanceof dif-
ferentnegative feedbackmethodss, however, similar to whatwe
obsered on the naturally dif cult query sets,further con rming
thattheeffectivenesf LM approacheandthe MultiNeg strateyy.

5.3 Effectivenessof Sampling Methods

5.3.1 EvaluationMethodolay

To seewhetherasimulatedtestsetgeneratedisingour sampling
methodss asgoodasa testsetwith naturallydif cult queriesfor
evaluatingnegative feedbackwe usebothto rankdifferentnegative
feedbacknethoddasedntheirretrieval accurag (e.g.,MAP) and
comparethe two rankings;if they are highly correlated,t would
indicatethatthesimulatedestsetcanapproximate “natural” data
setwell.

Formally, assuméhatwe have n negative retrieval functions.We
canrankthembasedon their performanceon the “gold standard”
set(i.e., the naturally dif cult queries). This would be our “gold
standardranking! Similarly, we can usethe simulateddif cult
queriesto rank all theseretrieval functions. We thencomputethe



ROBUST+LM ROBUST+VSM GOV+LM GOV+VSM

Minimum | Random| Minimum | Random| Minimum | Random| Minimum | Random
OriginalRank | 0.0468 0.0126 0.0455 0.0115 0.0116 0.0069 0.0094 0.0056
SingleQuery 0.0467 0.0126 0.0454 0.0114 0.0119 0.0071 0.0104 0.0061
SingleNg1 0.0473 0.0127 0.0451 0.0114 0.0118 0.0071 0.0105 0.0063
SingleNg?2 0.0475 0.0127 0.0454 0.0114 0.0120 0.0071 0.0103 0.0061
MultipleNeg1 0.0486 0.0129 0.0460 0.0116 0.0129 0.0075 0.0101 0.0059
MultipleNeg2 0.0487 0.0130 0.0465 0.0117 0.0129 0.0074 0.0100 0.0059

Table 6: The GMAP valuesof differ ent methodson the simulated dif cult query setsusingMinimum and Random Deletionmethods.

ROBUST+LM | ROBUST+VSM GOV+LM GOV+VSM

MAP [ GMAP | MAP | GMAP | MAP | GMAP | MAP | GMAP
Minimum | 0.2990( 0.4417 | 0.5015( 0.7815| 0.5382| 0.7608 | 0.4932| 0.6907
Random | 0.3387| 0.4537| 0.3577| 0.7417| 0.5669| 0.8071( 0.5779| 0.7271

Table7: Kendall's coef cients betweennaturally dif cult and simulated dif cult queries.

correlationbetweenthesetwo ranking lists basedon Kendall's
rank coefcient. Giventwo rankinglistsr; andr, of n retrieval
functions,thecoefcient is de ned as

2jf (u; v) : rq;ro agreeonorderof (u; v); u 6 vgj

1:
n (n 1)

(ri;r2) =

Therangeof thecoefcient isbetween landl. When (ri;r2) >
0, r1 andr, arepositively correlated. The larger the value, the
higherthe correlation. (ri;rz) = 1if r1 andr, areexactly the
same.

5.3.2 Results

We constructhesimulateddif cult querieausingbothMinimum
andRandomDeletionmethods Again we run the Randonmethod
10timesanduseshe averagevaluesto rankretrieval functions.

Ourretrieval functionsarefrom the5 methods For eachmethod,
we vary its parametessettingin a certainrange. Eachparameter
settingwill give usa differentretrieval function. In total we have
110retrieval functions.

Table7 shavs the Kendalls correlationcoefcients between
thenaturallydif cult queriesQS0andthesimulatedif cult queries
on ALL querysetsusingthe two deletionmethods.Fromthis ta-
ble, we canseethatbothdeletionmethodsarepositively correlated
with the naturallydif cult queries.Thiscon rm thatour two dele-
tion methodsarereasonabléo corvert an easyqueryto a dif cult
one. Overall, RandomDeletionis betterthanMinimum Deletion.
Comparingtwo measureSSMAP and MAP, we can seethat the
simulateddif cult queriesare more consistentwith the naturally
dif cult queriesonthe GMAP measureThisindicateshatGMAP
is moreappropriateasa measureon the simulateddif cult queries
thanMAP. Indeed GMAP hasbeenusedn ROBUST trackto eval-
uatedif cult queriesandthisshavsthereasonableness ourdele-
tion methodgo simulatedif cult queries.

5.4 Parameter Sensitvity Study

In this sectionwe studythe parametesensitvity. Dueto space
limit, we only shav theresultson ROBUST datasetwith the natu-
rally dif cult querysetQSO0;otherresultsaresimilar.

Figure2 shawvs theimpactof on the SingleQuerymethodfor
bothLM andVSM. We canseethatSingleQuenycannoteffectively
usethe negative feedbackinformationandit is quite sensitve if
is larger. Figure3 shaws the impactof scorecombinationparam-
eter whereweset = 200. All methodshave the samelevel of
sensitvitiesto  value. Figure4 shavs theimpactof the penaliza-
tion scopeparameter . It canbe seenthatSingleNg1 andMulti-
Negl arevery sensitve to this parameterwhile SingleNg?2 and
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MultiNeg2 aremorerobust. Theseresultscon rm thatHeuristic2
is more stablethanHeuristic1 in general. Eventually when is
large enough the performanceof SingleNg2 andMultiNeg2 will
drop as we penalizemore documentswvhich are not very similar
to negative models.Finally, we studytheimpactof the numberof
feedbacldocumentdn MultiNeg. We setf = 10 but we only use
a subsebf thesel0 documentsn negative feedback Theresultis
in Figure5 andit shavs thatwe cangetmoreimprovementaccord-
ing to bothMAP andGMAP if we usemoredocumentsn negative
feedback.This meanghatour methodcanhelp morewhena user
accumulatesnorenegative information.

6. CONCLUSIONS AND FUTURE WORK

Negative feedbackis very importantbecauset canhelp a user
whensearchresultsare very poot. In this paper we conducteda
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systematicstudy of negative relevancefeedbacktechniques. We
proposed setof generaktratgyiesfor negative feedbackandcom-
paredtheir instantiationsn bothvectorspacemodelandlanguage
modelingframevork. We alsoproposedwo heuristicsto increase
therobustnes®f usingnegative feedbacknformation. Experiment
resultsshav thatmodelingmultiple negative modelsis moreeffec-
tive thana single negative modelandlanguagemodelapproaches
are more effective thanvectorspacemodelapproachesStudying
negative feedbackneedsa testsetwith sufcient dif cult queries.
We further proposediwo samplingmethodsto simulatedif cult
queriesusingeasyones.Our experimentshav thatbothsampling
methodsareeffective.

This work inspiresseveralfuture directions.First, we canstudy
a more principledway to modelmultiple negatve modelsanduse
thesemultiple negative modelsto conductconstrainecquery ex-
pansionfor example avoidingtermswhich arein negative models.
Secondwe areinterestedn a learningframevork which canuti-
lize bothalittle positive information(original queriesiandacertain
amountof negative informationto learnarankingfunctionto help
dif cult queries. Third, queriesaredif cult dueto differentrea-
sons.ldentifying thesereasonsandcustomizingnegative feedback
stratgieswould be muchworth studying.
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