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ABSTRACT
Negative relevancefeedbackis a specialcaseof relevancefeed-
backwherewe do not have any positive example;this often hap-
penswhenthetopic is dif�cult andthesearchresultsarepoor. Al-
thoughin principleany standardrelevancefeedbacktechniquecan
beappliedto negative relevancefeedback,it maynot performwell
dueto the lack of positive examples. In this paper, we conducta
systematicstudyof methodsfor negative relevancefeedback.We
comparea setof representative negative feedbackmethods,cov-
ering vector-spacemodelsand languagemodels,as well as sev-
eral specialheuristicsfor negative feedback.Evaluatingnegative
feedbackmethodsrequiresa testsetwith suf�cient dif�cult topics,
but therearenot many naturallydif�cult topicsin theexisting test
collections.We usetwo samplingstrategiesto adapta testcollec-
tion with easytopicsto evaluatenegative feedback.Experimentre-
sultsonseveralTRECcollectionsshow thatlanguagemodelbased
negative feedbackmethodsaregenerallymoreeffective thanthose
basedon vector-spacemodels,andusingmultiple negative mod-
els is aneffective heuristicfor negative feedback.Our resultsalso
show thatit is feasibleto adapttestcollectionswith easytopicsfor
evaluatingnegative feedbackmethodsthroughsampling.

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

GeneralTerms: Algorithms

Keywords: Negative feedback,dif�cult topics, languagemodels,
vectorspacemodels

1. INTRODUCTION
No retrieval modelis ableto returnsatisfactoryresultsfor every

query. Indeed,a querymight be so dif�cult that a large number
of top-ranked documentsarenon-relevant. In sucha case,a user
would have to eitherreformulatethe queryor go far down on the
rankedlist to examinemoredocuments.Thusstudyinghow to im-
prove searchresultsfor suchdif�cult topics is both theoretically
interestingandpracticallyimportant.

A commonlyusedstrategy to improvesearchaccuracy is through
feedbacktechniques,suchasrelevancefeedback[12, 8], pseudo-
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relevancefeedback[1, 20], andimplicit feedback[14]. 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 problemasnegativefeedback. Ideally, if we canperformef-
fectivenegativefeedback,whentheusercouldnot�nd any relevant
documenton the �rst pageof searchresults,we would be ableto
improve therankingof unseenresultsin thenext a few pages.

However, whethersuchnegative feedbackcan indeedimprove
retrieval accuracy is still largely anopenquestion.Indeed,theef-
fectivenessof currentfeedbackmethodsoftenrely onrelevantdoc-
uments;negative information,suchasnon-relevant documents,is
mostlyignoredin pastwork [4, 8].

On the surface,any standardrelevancefeedbacktechniquecan
be appliedto negative relevancefeedback. However, our recent
work [19] hasshown that specialcareand specialheuristicsare
neededto achieve effective negative feedback.Speci�cally, in this
work, we have shown that somelanguagemodel-basedfeedback
methods,althoughquiteeffective for exploiting positive feedback
information,cannotnaturallyhandlenegative feedback,thussev-
eral methodswereproposedto performnegative feedbackin lan-
guagemodelingframework. However, this study is neithercom-
prehensive norconclusive for severalreasons:(1) It is only limited
to languagemodels;vectorspacemodelshave not beenevaluated.
(2) Theresultsareevaluatedover only onecollection.(3) Thelack
of systematicexperimentdesignandresultanalysismakesit hard
to know theadvantagesor disadvantagesof differentmethods.

In this paper, we conducta moresystematicstudyof different
methodsfor negative relevancefeedback. Our study is on two
representative retrieval models:vectorspacemodelsandlanguage
models.We �rst categorizenegative feedbacktechniquesinto sev-
eral generalstrategies: singlequerymodel,singlepositive model
with singlenegative querymodel,andsinglepositive modelwith
multiple negative query models. Following thesestrategies, we
thendevelop a setof representative retrieval methodsfor both re-
trieval models.Systematiccomparisonandanalysisareconducted
on two largerepresentative TRECdatasets.Ideally, testsetswith
suf�cient naturally dif�cult topics are requiredto evaluatethese
negative feedbackmethods,but therearenot many naturallydif-
�cult topics in the existing TREC datacollections. To overcome
thisdif�culty , weusetwo samplingstrategiesto adaptatestcollec-
tion with easytopicsto evaluatenegative feedback.Thebasicidea
of our samplingmethodsis to simulatedif�cult queriesfrom easy
onesthroughdeletingasetof relevantdocumentssothattheresults
becomepoor. Theeffectivenessof thesesamplingmethodsis also
veri�ed on theTRECdatasets.

Our systematicstudy leadsto several interestingconclusions.
We �nd thatlanguagemodel-basednegative feedbackmethodsare



generallymore effective and robust than thosebasedon vector
spacemodelspossiblydue to moreaccuratelearningof negative
models. While clusterhypothesis[7] generallyholdsfor relevant
documents,our resultsshow thatnegative documentsdo not clus-
ter together. Thusadaptingstandardrelevancefeedbackto learna
singlequerymodelis not optimalfor negative feedback,andusing
multiple negative modelsis moreeffective thana singlenegative
model sincenegative documentsmay distract in different ways.
Our resultsalso show that it is feasibleto adapttest collections
with easytopics(throughsampling)to evaluatenegative feedback
methods.

Therestof thepaperis organizedasfollows. In Section2, were-
view therelatedwork. In Section3, wedescribeourproblemsetup
anddifferent techniquesfor negative feedback. We describeour
samplingmethodsto simulatedif�cult topicsby adaptingeasyones
in Section4. Experimentsareanalyzedanddiscussedin Section5.
We concludethis paperanddiscussour futurework in Section6.

2. RELATED WORK
The study of dif�cult querieshasattractedmuch attentionre-

cently, partly due to the launchingof the ROBUST track in the
TREC conference,which aimsat studyingthe robustnessof a re-
trieval modelanddevelopingeffectivemethodsfor dif�cult queries
[18, 17]. However, the mosteffective methodsdevelopedby the
participantsof theROBUSTtracktendto rely onexternalresources
(notablytheWeb)to performqueryexpansion,which hasin some
sensebypassedthe dif�culty of the problemasin reality, thereis
often no suchexternal resourceto exploit, or otherwise,the user
would have directly goneto theexternalresourceto �nd informa-
tion. Indeed,theWebresourcewould not help improve searchac-
curacy for dif�cult topicson the Web itself. In our work, we aim
at exploiting negative feedbackinformationin thetargetcollection
from which wewantto retrieve information.

Therehasbeensomework onunderstandingwhyaqueryis dif�-
cult [6, 3, 2], onidentifyingdif�cult queries[17], andonpredicting
queryperformance[21]. But noneof this work hasaddressedthe
importantquestionof how to improve searchaccuracy for dif�cult
queries.

Feedbacktechniqueshave beenextensively studiedandmostly
shown to beeffective to improve retrieval accuracy [12, 10, 1, 13,
5, 20, 22, 14]. In general,mostfeedbacktechniquesrely on posi-
tivedocuments– documentsthatareexplicitly judgedasrelevantor
implicitly assumedto berelevant– to provide usefulrelatedterms
for queryexpansion.In contrast,negative (i.e.,non-relevant)docu-
mentshavenotbeenfoundto beveryuseful.In general,exploiting
non-relevantinformationis largelyunexplored;queryzone[16] ap-
pearsto betheonly majorheuristicproposedto effectively exploit
non-relevant information in documentrouting tasks. It showed
that usingnon-relevant documentswhich arecloseto theoriginal
queriesis moreeffective thanusingall non-relevantdocumentsin
thewholecollection. However, this problemwasstudiedfor doc-
umentroutingtasksanda lot of relevantdocumentsareused.Our
problemsettingis quitedifferentin thatwe only have non-relevant
documentsfor feedback,andwestartwith non-relevantdocuments
closeto a queryto studyhow to usethisnegative informationopti-
mally in adhocretrieval.

Ourrecentwork [19] is the�rst studyontheproblemof negative
feedbackin languagemodels.It shows thatspecialtechniquesare
neededto handlenegative feedback.Our currentwork canbe re-
gardedasanextensionof this previouswork to includeadditional
retrieval models,additionalheuristics,andmaking more conclu-
sive �ndings. Themaindifferencesbetweenour currentwork and
thepreviouswork [19] include: (1) We extendpreviousstudyand

proposeseveralgeneral negativefeedbackstrategiesthatcanbeap-
plied to bothvectorspaceandlanguagemodels.(2) We studytwo
samplingmethodsto constructlargercollectionsto evaluatenega-
tive feedbackmethods.(3) Our experimentsaremoresystematic
andconductedover morecollections.

3. NEGATIVE FEEDBACK TECHNIQ UES

3.1 Problem Formulation
Weformulatetheproblemof negative feedbackin a similarway

aspresentedin [19]. GivenaqueryQ andadocumentcollectionC,
a retrieval systemreturnsa rankedlist of documentsL . L i denotes
the i -th ranked documentin the ranked list. We assumethatQ is
so dif�cult that all the top f ranked documents(seenso far by a
user)arenon-relevant. Thegoal is to studyhow to usethesenega-
tive examples,i.e.,N = f L 1 ; :::; L f g, to rerankthenext r unseen
documentsin theoriginal rankedlist: U = f L f +1 ; :::; L f + r g. We
setf = 10 to simulatethatthe�rst pageof searchresultsareirrel-
evant,andsetr = 1000. Weusethefollowing notationsin therest
of thepaper:

S(Q; D ) is therelevancescoreof documentD for queryQ.
c(w; D ) is thecountof wordw in documentD .
c(w; Q) is thecountof wordw in queryQ.
jCj is thetotalnumberof documentsin thecollectionC.
df (w) is thedocumentfrequency of word w.
jD j is thelengthof documentD .
avdl is theaveragedocumentlength.
N is thesetof negative feedbackdocuments.
U is thesetof unseendocumentsto bereranked.

3.2 GeneralStrategiesfor NegativeFeedback

3.2.1 QueryModi�cation
Sincenegative feedbackcanberegardedasa specialcaseof rel-

evancefeedbackwhereno positive exampleis available,our �rst
generalstrategy is simply to applyany existing feedbackmethods
(e.g.,Rocchio[12]) to useonly non-relevantexamples.Wecall this
strategy querymodi�cation becausemostexisting feedbackmeth-
odswould achieve feedbackthroughmodifying therepresentation
of aquerybasedonrelevantandnon-relevantfeedbackdocuments.
In effect, they often introduceadditionaltermsto expanda query
andassignmoreweightto atermwith moreoccurrencesin relevant
documentsandlessweightor negative weightto a termwith more
occurrencesin non-relevantdocuments.

Someexisting feedbackmethods,suchasRocchiomethod[12],
alreadyhave a componentfor usingnegative information,so they
canbedirectlyappliedto negative feedback.However, othermeth-
ods,suchasmodel-basedfeedbackmethodsin languagemodeling
approaches[22], cannot naturallysupportnegative feedback,thus
extensionhasto bemadeto make themwork for negative feedback
[19]. Laterwe will furtherdiscussthis.

Note that with this strategy, we generallyendup with onesin-
gle querymodel/representationwhich combinesboth positive in-
formationfrom the original queryandnegative informationfrom
thefeedbackdocuments.

3.2.2 ScoreCombination
The querymodi�cation strategy mixesboth positive andnega-

tive informationtogetherin a singlequerymodel. Sometimesit is
not naturalto mix thesetwo kindsof informationasin thecaseof
usinggenerative modelsfor feedback[22]. A more�e xible alter-
native strategy is to maintaina positive queryrepresentationanda



negative queryrepresentationseparately, andcombinethe scores
of a documentw.r.t. both representations.We call this strategy
score combination.

With thisstrategy, negativeexamplescanbeusedto learnaneg-
ative queryrepresentationwhich canthenbeusedto scorea doc-
umentbasedon the likelihood that the documentis a distracting
non-relevantdocument;suchascorecanthenbeusedto adjustthe
positive relevancescorebetweentheoriginal queryandthecorre-
spondingdocument.

Intuitively, a documentwith higherrelevancescoreto thenega-
tive queryrepresentationcanbe assumedto be lessrelevant, thus
the�nal scoreof this documentcanbecomputedas

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

whereQneg is anegativequeryrepresentationand� is aparameter
to control the in�uence of negative feedback.When� = 0, we
do not performnegative feedback,and the rankingwould be the
sameastheoriginal rankingaccordingto queryQ. A largervalue
of � causesmorepenalizationof documentssimilar to thenegative
queryrepresentation.

Equation(1) shows thateithera highscoreof S(Q; D ) or a low
scoreof S(Qneg ; D ) wouldresultin ahighscoreof Scombined (Q; D ).
This meansthat the proposedscorecombinationmay favor non-
relevant documentsif they have lower similarity to the negative
model; this is risky becausethe negative query representationis
only reliable for �ltering out highly similar documents. Thus a
more reasonableapproachwould be to only penalizedocuments
which aremostsimilar to the negative querymodelandavoid af-
fecting the relevancescoresof otherdocuments.To achieve this
goal, insteadof penalizingall thedocumentsin U, we needto pe-
nalizeonly asubsetof documentsthataremostsimilar to thenega-
tivequery. Weproposeto usethefollowing two heuristicsto select
documentsfor penalization(i.e.,adjustingtheir scoresusingEqua-
tion (1)):
Heuristic 1 (Local Neighborhood): Rankall thedocumentsin U
by thenegative queryandpenalizethetop � documents.
Heuristic 2 (Global Neighborhood): Rankall the documentsin
C by thenegative query. Select,from the top � documentsof this
rankedlist, thosedocumentsin U to penalize.

In both cases,� is a parameterto control the numberof doc-
umentsto be penalizedand would be empirically set. The two
heuristicsessentiallydiffer in how this � value affects the num-
ber of documentsin U to be penalized.In Heuristic1, the actual
numberof documentsin U to be penalizedis �x ed, i.e., � , but in
Heuristic2, it is dynamicandcouldbesmallerthan� , becausethe
top � documentsmostsimilar to the negative queryaregenerally
notall in thesetof U. If weareto set� to aconstantfor all queries,
intuitively Heuristic2 canbemorerobustthanHeuristics1, which
is con�rmed in our experiments.

How dowecomputethenegativequeryrepresentationQn egand
the scoreS(Qneg ; D )? A simple strategy is to combineall the
negative informationfrom N to form a singlenegative queryrep-
resentation,whichwouldbereferredto as“SingleNegativeModel”
(SingleNeg). However, unlike positive information,negative infor-
mationmightbequitediverse.Thus,it is moredesirableto capture
negative information with more than one negative query model.
Formally, let Qi

neg , where1 � i � k, bek negative querymodels,
we maycomputeS(Qneg ; D ) asfollows:

S(Qneg ; D ) = F (
k[

i =1

f S(Q i
neg ; D )g)

whereF is anaggregationfunctionto combinethesetof k values.
We call this method“Multiple Negative Models” (MultiNeg).

3.2.3 Summary
We have discussedtwo generalstrategieswith somevariations

for negative feedback,which can be summarizedas follows: (1)
SingleQuery: querymodi�cation strategy; (2) SingleNeg: score
combinationwith a single negative query model; (3) MultiNeg:
scorecombinationwith multiple negative querymodels.For both
SingleNeg andMultiNegmodels,wecanuseeitherof thetwo heuris-
tics proposedin theprevioussubsectionto penalizedocumentsse-
lectively. In thenext subsection,we discusssomespeci�c waysof
implementingthesegeneralstrategiesin bothvectorspacemodels
andlanguagemodels:

3.3 NegativeFeedbackin Vector SpaceModel
In vectorspacemodels,documentsandqueriesarerepresented

as vectorsin a high-dimensionalspacespannedby terms. The
weightof a termw in documentD canbecomputedin many dif-
ferentwaysandtypically a similar measuresuchasdot productis
usedto scoredocuments[15].

In ourexperiments,we usethefollowing BM25 weight[11]:

(k1 + 1) � c(w; D )

k1((1 � b) + b j D j
av dl ) + c(w; D )

� log(
jCj + 1
df (w)

) (2)

wherek1 andb areparameters.Theweightof a queryterm is set
to theraw termfrequency, i.e.,c(w; Q). Wecomputetherelevance
scoreusingthedot product:S(Q; D ) =

�!
Q �

�!
D where

�!
D and

�!
Q

representdocumentvectorandqueryvector, respectively.

3.3.1 SingleQueryStrategy
TheRocchiomethod[12] is a commonlyusedfeedbackmethod

in vectorspacemodels.The ideais to updatea queryvectorwith
bothrelevantandnon-relevantdocuments.Whenonly non-relevant
documentsN areavailable,theRocchiomethodcanbewrittenas

�!
Q new =

�!
Q � 
 �

1
jN j

X

D 2N

�!
D : (3)

Thisgivesusanupdatedqueryvector
�!
Q new , whichcanbeusedto

rerankdocumentsin U.

3.3.2 SingleNeg Strategy
SingleNeg adjuststhe original relevancescoreof a document

with a singlenegative query. We computethe negative queryas
the centerof negative documents,i.e.,

�!
Q neg = 1

jN j

P
D 2N

�!
D .

UsingEquation(1), thecombinedscoreof a documentD is

Scombined (Q; D ) =
�!
Q �

�!
D � � �

�!
Q neg �

�!
D : (4)

It is straightforward to verify thatEquation(3) and(4) areequiv-
alent. However, SingleNeg hasthe advantageof allowing us to
penalizenegative documentsselectively using either of the two
heuristicspresentedearlier.

3.3.3 MultiNeg Strategy
MultiNeg adjuststheoriginalrelevancescoreof adocumentwith

multiplenegativequerieswhichcanbeobtained,e.g.,throughclus-
tering. In our experiments,we take eachnegative documentas
a negative queryandusemax asour aggregationfunction. Intu-
itively, max allows us to penalizeany documentthat is closeto at
leastonenegative document.Thus

S(Qneg ; D ) = max(
[

Q 02N

f
�!
Q0 �

�!
D g):



Thisscoreis thencombinedwith S(Q; D ) to rerankthedocuments
in U. Again,wehave two variantsof thismethodcorrespondingto
applyingthetwo heuristicsdiscussedabove.

3.4 NegativeFeedbackfor LanguageModels
KL-divergenceretrieval model[9] is oneof themosteffectivere-

trieval modelsin thelanguagemodelingframework. Therelevance
scoreis computedbasedon the negative KL-divergencebetween
querymodel� Q anddocumentmodel� D

S(Q; D ) = � D (� Q jj � D ) = �
X

w 2 V

p(wj� Q ) log
p(wj� Q )
p(wj� D )

whereV is the set of words in our vocabulary. The document
model� D needsto besmoothedandaneffective methodis Dirich-
let smoothing[23]: p(wj� D ) = c( w ;D )+ �p ( w jC )

j D j + � wherep(wjC) is
thecollectionlanguagemodeland� is asmoothingparameter.

Unlike vectorspacemodels,it is not naturalto directly modify
a querymodelusingnegative informationin languagemodelsince
no term canhave a negative probability. In our recentwork [19],
several methodshave beenproposedfor negative feedbackin the
languagemodelframework. We adoptthemethodsthereandcom-
bine themwith the two heuristicsdiscussedearlier for document
penalization.

3.4.1 SingleNeg Strategy
SingleNeg adjuststhe original relevancescoreof a document

with asinglenegative model.Let � Q betheestimatedquerymodel
for queryQ and � D be the estimateddocumentmodel for docu-
mentD . Let � N bea negative topic modelestimatedbasedon the
negative feedbackdocumentsN = f L 1 ; :::; L f g. In SingleNeg
method,thenew scoreof documentD is computedas

S(Q; D ) = � D (� Q jj � D ) + � � D (� N jj � D ): (5)

Notethatweonly penalizedocumentsselectedby eitherof thetwo
heuristics.

We now discusshow to estimatenegative model� N givena set
of non-relevant documentsN = f L 1 ; :::; L f g. We usethe same
estimationmethodasdiscussedin [19]. In particular, we assume
thatall non-relevant documentsaregeneratedfrom a mixtureof a
unigramlanguagemodel� N (to generatenon-relevantinformation)
and a backgroundlanguagemodel (to generatecommonwords).
Thus,thelog-likelihoodof thesampleN is

L (N j� N ) =
X

D 2N

X

w 2 D

c(w; D ) log[(1 � � )p(wj� N ) + �p (wjC)]

where� is a mixture parameterwhich controlsthe weight of the
backgroundmodel and the backgroundmodel is estimatedwith
p(wjC) = c( w ;C)P

w c( w ;C) : Given a �x ed � (� = 0:9 in our experi-
ments),a standardEM algorithmcanthenbeusedto estimatepa-
rametersp(wj� N ). Theresultof theEM algorithmgivesadiscrim-
inative negative model� N whicheliminatesbackgroundnoise.

3.4.2 SingleQueryStrategy
SingleQuerymethodis to updateoriginal query with negative

information. Sinceevery term hasa non-negative probability in
a querymodel, thereis no naturalway to updateoriginal queries
with negative information.However, givenEquation(5), a Single-
Querymethodcanbederivedafterapplyingalgebratransformation
andignoring constantsthatdo not affect documentrankingin the
following way

S(Q; D ) = � D (� Q jj � D ) + � � D (� N jj � D )
rank
=

P
w 2 V [p(wj� Q ) � � � p(wj� N )] log p(wj� D )

Theaboveequationshows thattheweightof termw is [p(wj� Q ) �
� � p(wj� N )] log p(wj� D ), which penalizesa term that hashigh

probabilityin thenegativetopicmodel� N . In thisway, [p(wj� Q ) �
� � p(wj� N )] canbe regardedastheupdatedquerymodel,which
in somesenseis the languagemodelingversionof Rocchio. For
consistencewith vector spacemodel,we use
 to replace� and
use[p(wj� Q ) � 
 � p(wj� N )] astheupdatedquerymodel.For this
querymodel,weusetheequationaboveto rerankall thedocuments
in U. Notethatfor SingleQuerymethod,we cannot applythetwo
penalizationheuristics.

3.4.3 MultiNeg Strategy
MultiNeg adjuststheoriginalrelevancescoreswith multipleneg-

ative models.We usethesameEM algorithmasSingleNeg to esti-
mateanegativemodel� i for eachindividualnegativedocumentL i

in N . Wethenobtainf negative modelsandcombinethemas

Scombined (Q; D ) = S(Q; D ) � � � S(Qneg ; D )
= S(Q; D ) � � � max(

S f
i =1 f S(Qi

neg ; D )g)
= � D (� Q jj � D ) + � � min(

S f
i =1 f D (� i jj � D )g):

4. CREATE TEST COLLECTIONS WITH
SAMPLING

In orderto evaluatetheeffectivenessof negative feedbackmeth-
ods,it is necessaryto have testcollectionswith suf�cient dif�cult
topics.However, TRECcollectionsdonothavemany naturallydif-
�cult queries.In this section,we describetwo samplingstrategies
to constructsimulatedtestcollectionsby convertingeasytopicsto
dif�cult topics.

In our problemformulation,a queryis consideredto bedif�cult
if noneof the top 10 documentsretrieved by a retrieval model is
relevant. Thus,in orderto convert aneasyqueryto a dif�cult one,
our mainideaof samplingmethodsis to deletesomerelevantdoc-
umentsof aneasyqueryandassumethesedocumentsdo not exist
in thecollectionsothatall top 10 documentsarenon-relevant. We
now discusstwo differentwaysto deleterelevantdocuments:

Minimum Deletion Method: Givena queryanda rankeddoc-
umentlist for the query, we keepdeletingthe top ranked relevant
documentuntil noneof the top 10 ranked documentsof the list is
relevant. We assumethat the deletedrelevant documentsdo not
exist in thecollection.

Random Deletion Method: Given a queryandall of its rel-
evant documents,we randomlydeletea relevant documenteach
time until noneof the top 10 documentsof the ranked list is rele-
vant. Again,we assumethatthedeleteddocumentsdo not exist in
thecollection.

In bothmethods,wekeepdeletingrelevantdocumentsuntil none
of top 10 rankeddocumentsis relevant. Note that theconstructed
collectionsaredependenton retrieval models. After deletion,we
obtaina new rankedlist whosetop 10 documentsareirrelevantfor
a query. We thenusethese10 irrelevant documentsfor negative
feedbackto rerankthe next 1000 documentsin this new ranked
list.

5. EXPERIMENTS
To evaluatethe effectivenessof negative feedbacktechniques,

weconstructour testcollectionsbasedontwo representativeTREC
datasets:ROBUST trackandWebtrackdatasets.

5.1 Data Sets
Our �rst datasetis from theROBUST trackof TREC 2004. It

hasabout528,000news articles[17]. On average,eachdocument
has467 terms. We useall the 249 queriesasour basequeryset.
This datasetis denotedby “ROBUST.”



ROBUST GOV
LM VSM LM VSM

� = 2000 k1 = 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

Table2: The query setsusedin our experiments.

The seconddatasetis the GOV datasetusedin the Web track
of TREC 2003and2004. It is about18 GB in sizeandcontains
1; 247; 753 Web pagescrawled from the “.gov” domainin 2002.
Onaverage,eachdocumenthas1,094terms.In ourexperiment,we
only usethecontentof thepagesfor retrieval. Thereare3 typesof
queriesusedin Webtrack:homepage�nding, namedpage�nding,
andtopicdistillation. Weusethequerieswith topicdistillationtype
in bothWebtrack2003and2004. In total,we have 125queriesin
ourbaseset(50from Webtrack2003and75from Webtrack2004).
We denotethisdatasetby “GOV.”

For both datasets,preprocessinginvolves only stemmingbut
without removing any 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 set consistsof thosenaturally dif�cult

queries. In this paper, we saythat a query is a naturallydif�cult
queryif its P@10=0,givena retrieval model.

Forbothlanguagemodels(LM) andvectorspacemodels(VSM),
weusetheirstandardrankingfunctionsto selecttheirnaturallydif-
�cult queriesrespectively. We �rst optimizethe parametersof �
for LM andk1 andb for theVSM usingthebasesetof querieson
eachdataset. The optimal parametersareshown in Table1. All
theseparametersare�x edin all thefollowing experiments.Using
theoptimalparametersetting,we thenselectthosequerieswhose
P@10=0asour naturallydif�cult queries.Therow of QS0in Ta-
ble2 shows thenumberof queriesin this typeof querysets.

5.1.2 SimulatedDif�cult Queries
Sincetherearenot many naturallydif�cult queries,we further

usedthe two deletion-basedsamplingmethodsto constructsimu-
lateddif�cult queriesfrom easyones.In our experiments,we use
two typesof easyqueries.The �rst typeconsistsof thosequeries
whoseP@10satisfy0:1 � P@10� 0:2 (QS12in Table2) andthe
secondconsistsof thosequerieswhoseP@10satisfy0:4 � P@10�
0:6 (QS46in Table2). Again,all thesequeriesareselectedfor the
two retrieval modelson thetwo datasetsrespectively.

The last typeof querysetsis theALL querysetswhich arethe
unionof thethreetypesof querysets.Table2 givesa summaryof
all thequerysetsusedin ourexperiments.

5.2 Retrieval Effectiveness
Our experimentsetupfollows Section3 to rerankthe next un-

seen1000documents.We usetwo setsof performancemeasures:
(1) MeanAveragePrecision(MAP) andGeometricMeanAverage
Precision(GMAP), which serve asgoodmeasuresof the overall
rankingaccuracy. (2) MeanReciprocalRank(MRR) andPrecision
at 10 documents(P@10),which re�ect the utility for userswho
only readthevery top rankeddocuments.
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Figure 1: The performanceof Rocchio feedbackunder differ -
ent parameters.

5.2.1 ApplyExistingRelevanceFeedback
In this section,we usetheRocchiomethodin VSM to show that

existingrelevancefeedbacktechniquesdonotwork well if weonly
have negative information. ThestandardRocchiomethodupdates
a queryas

�!
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 �
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whereR is the setof relevant feedbackdocuments.We usethe
querysetsof “ALL” type.For any query, we �rst obtainits original
ranking list. Startingfrom the top of the ranking list, we search
downward until we arrive at a cuttingpoint, beforewhich we just
�nd 10 irrelevant documents.All the documentsbeforethe cut-
ting points, including both relevant and non-relevant documents,
areusedin the Rocchiofeedback.The updatedqueryvectorsare
thenusedto rerankthenext 1000documentsstartingfrom thecut-
ting points. In our experiments,we set� = 1:0 andvary � and

 . The resultsareshown in Figure1. From this �gure, we can
seethat if we have relevant information,i.e., � > 0, theMAP val-
uescanbeimproveddramatically. However, whenwe do not have
any relevant information,i.e., � = 0, negative informationalways
hurtsMAP. This meansthat the existing relevancefeedbacktech-
niquesarenoteffective if only negative informationis availablefor
feedback,althoughthey are very effective for positive feedback.
Thisalsoshows thatspecialtechniquesareneededfor negative rel-
evancefeedback.

5.2.2 Overall AccuracyComparison
Usingnaturallydif�cult querysetsQS0,in thissection,westudy

theeffect of differentnegative feedbacktechniques.For bothLM
andVSM on the two datasets,we show their performanceof the
original ranking(OriginalRank)andthe5 negative feedbackmeth-
ods:SingleQuerymeanstheSingleQuerystrategy; SingleNeg1and
SingleNeg2aretheSingleNeg strategy plusHeuristic1 andHeuris-
tic 2 respectively; MultiNeg1 and MultiNeg2 are the MultiNeg
strategy plusHeuristic1 andHeuristic2 respectively.

We vary the parametersfor eachmethod: 
 from 0.01 to 1 for
SingleQuery, � from 0.1to0.9and� from 50to1000for SingleNeg
andMultiNeg methods.In Table3, we comparethe optimal per-
formance(selectedaccordingto GMAP measure)of all methods.
Fromthis table,we have thefollowing observations:

(1) LM approachesusuallywork betterthanVSM approaches.
On theROBUST data,LM canimprove theMAP 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 approachescansigni�cantly improveover bothOriginal-
RankandSingleQueryapproaches,but VSM approachescannot
consistentlygive improvements.



ROBUST+LM
MAP GMAP MRR P@10

OriginalRank 0.0293 0.0137 0.1479 0.076
SingleQuery 0.0325 0.0141 0.2020 0.076
SingleNeg1 0.0325� 0.0147 0.2177 0.084
SingleNeg2 0.0330� + 0.0149 0.2130 0.088
MultiNeg1 0.0346� + 0.0150 0.2368 0.072
MultiNeg2 0.0363� + 0.0148 0.2227 0.076

ROBUST+VSM
MAP GMAP MRR P@10

OriginalRank 0.0223 0.0097 0.0744 0.0416
SingleQuery 0.0222 0.0097 0.0629 0.0375
SingleNeg1 0.0225� + 0.0097 0.0749 0.0375
SingleNeg2 0.0226� + 0.0097 0.0739 0.0375
MultiNeg1 0.0226� + 0.0099 0.0815 0.0375
MultiNeg2 0.0233� + 0.0100 0.0855 0.0416

GOV+LM
MAP GMAP MRR P@10

OriginalRank 0.0257 0.0054 0.0870 0.0277
SingleQuery 0.0297 0.0056 0.1070 0.0277
SingleNeg1 0.0300� 0.0056 0.1013 0.0277
SingleNeg2 0.0289� 0.0055 0.0899 0.0259
MultiNeg1 0.0331� + 0.0058 0.1150 0.0259
MultiNeg2 0.0311� + 0.0057 0.1071 0.0277

GOV+VSM
MAP GMAP MRR P@10

OriginalRank 0.0290 0.0035 0.0933 0.0206
SingleQuery 0.0301 0.0038 0.1085 0.0349
SingleNeg1 0.0331� 0.0038 0.1089 0.0396
SingleNeg2 0.0298� 0.0036 0.0937 0.0349
MultiNeg1 0.0294 0.0036 0.0990 0.0349
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, respectively, are statistically signi�cant. We only show the signi�cance testson MAP values. Note that the valuesare
not comparableacrosstablessinceeachtable correspondsto a differ ent QS0query setin Table2.

POS NEG MNEG
Group2relevant 0.0039 0.0032 0.0081
Group2irrelevant 0.0024 0.0034 0.0096

Table 4: Similarity betweenPOS,NEG, MNEG learned fr om
Group1 and relevant/irr elevant documentsin Group2.

(2) For LM approaches,MultiNeg alwaysworksbetterthanSin-
gleQueryand SingleNeg. This shows that irrelevant documents
may distract in different ways and do not form a coherentclus-
ter. To verify this,weusethecuttingpointde�ned in Section5.2.1
to form two groupsof documentsfor eachquery: all documents
beforethe cutting point form Group1andthe next 50 documents
after thecuttingpoint form Group2. We learna positive (denoted
asPOS)anda negative languagemodel (denotedasNEG) using
the relevant and non-relevant documentsin Group1. Using the
exponentialtransformof negative KL-divergenceasthesimilarity
measure,we calculatethe averagesimilarity betweenPOS/NEG
andrelevant/irrelevant documentsof Group2. The averagevalues
over all queriesareshown in Table4. We can seethat POShas
a notablyhighersimilarity to relevantdocumentsthanto irrelevant
documentsin Group2,but NEGdoesnothaveanotablyhighersim-
ilarity to irrelevant thanrelevantdocuments.In this table,we also
show theresultsof multiple negative models(denotedasMNEG).
Clearly, MNEG can distinguishbetweenrelevant and irrelevant
documentsbetterthanNEG, con�rming that negative documents
are more diverseand MultiNeg is more appropriatefor negative
feedback.

(3) The resultsof VSM aremixed,andMultiNeg cannot yield
notableimprovementon theGOV data.Onepossiblereasonis that
thenegative queryvectorgeneratedusingonesingledocumentin
MultiNeg tendsto over-emphasizerare termsduetheir high IDF
values.In Table5, we show two documentsG37-07-3260432and
G43-41-3966440in theGOV datasetandtheir high-weightterms
in theextractednegative queryvectors.It is clearthatVSM is bi-
asedtowardsthoserarewordssuchas“xxxxx” and“4294”, which
makesthecomputednegative vectorslesspowerful to pushdown
thosesimilar irrelevantdocuments.For LM, theextractedtermsare
muchbetter. ThismeansthatLM is morepowerful to pick upmore
meaningfultermsfrom negative documentsandthusworks better
on GOV data.

Thismayalsoexplainwhy SingleNeg in VSM is generallymore
effective thanMultiNeg on theGOV dataset:SingleNeg usesmul-

G37-07-3260432 G43-41-3966440
VSM LM VSM LM

xxxxx 22.15 mine0.1166 pest17.16 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

bitumin18.65 or 0.0305 ipm 13.46 nih 0.0436

Table5: Two examplesof extractednegative models.

tiple negative documentsto computethe negative models. While
therarewordsmaybiasthenegative modelcomputedfrom a sin-
glenegative documentin MultiNeg, their weightsaresmallin Sin-
gleNeg sincethey arenotcommonin all thenegative documents.

5.2.3 Resultswith SimulatedDif�cult Queries
Wehaveproposedtwodeletion-basedsamplingmethodsto make

aneasyqueryarti�cially dif�cult. In this section,we show there-
trieval resultson simulateddif�cult queriesusingALL querysets.
Weonly show theGMAP valuesin Table6. For RandomDeletion,
werun it 10 timesandtheaverageperformancevaluesarereported
here. In this table,we show the resultsof both deletionmethods
on both retrieval modelsandboth datasets.SinceRandomDele-
tion deletesmorerelevantdocumentsfor eachquerythanMinimum
Deletion,it is expectedthat its overall performanceis muchlower
thanthat of Minimum Deletion. The relative performanceof dif-
ferentnegative feedbackmethodsis, however, similar to what we
observed on the naturally dif�cult query sets,further con�rming
thattheeffectivenessof LM approachesandtheMultiNeg strategy.

5.3 Effectivenessof SamplingMethods

5.3.1 EvaluationMethodology
To seewhetherasimulatedtestsetgeneratedusingoursampling

methodsis asgoodasa testsetwith naturallydif�cult queriesfor
evaluatingnegativefeedback,weusebothto rankdifferentnegative
feedbackmethodsbasedontheirretrieval accuracy (e.g.,MAP) and
comparethe two rankings;if they arehighly correlated,it would
indicatethatthesimulatedtestsetcanapproximatea“natural” data
setwell.

Formally, assumethatwehaven negativeretrieval functions.We
canrank thembasedon their performanceon the “gold standard”
set (i.e., the naturallydif�cult queries). This would be our “gold
standardranking.” Similarly, we can usethe simulateddif�cult
queriesto rankall 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
SingleNeg1 0.0473 0.0127 0.0451 0.0114 0.0118 0.0071 0.0105 0.0063
SingleNeg2 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

Table6: The GMAP valuesof differ entmethodson the simulateddif�cult query setsusingMinimum and RandomDeletionmethods.

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 simulateddif�cult queries.

correlationbetweenthesetwo ranking lists basedon Kendall's �
rank coef�cient. Given two rankinglists r 1 andr 2 of n retrieval
functions,thecoef�cient is de�ned as

� (r 1 ; r 2 ) =
2jf (u; v) : r 1 ; r 2 agreeonorderof (u; v); u 6= vgj

n � (n � 1)
� 1:

Therangeof thecoef�cient isbetween� 1 and1. When� (r 1 ; r 2) >
0, r 1 and r 2 are positively correlated. The larger the value, the
higherthe correlation. � (r 1 ; r 2) = 1 if r 1 andr 2 areexactly the
same.

5.3.2 Results
Weconstructthesimulateddif�cult queriesusingbothMinimum

andRandomDeletionmethods.Againwerun theRandommethod
10 timesandusestheaveragevaluesto rankretrieval functions.

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

Table7 shows the Kendall's � correlationcoef�cients between
thenaturallydif�cult queriesQS0andthesimulateddif�cult queries
on ALL querysetsusingthe two deletionmethods.From this ta-
ble,wecanseethatbothdeletionmethodsarepositively correlated
with thenaturallydif�cult queries.This con�rm thatour two dele-
tion methodsarereasonableto convert aneasyqueryto a dif�cult
one. Overall, RandomDeletionis betterthanMinimum Deletion.
Comparingtwo measuresGMAP and MAP, we can seethat the
simulateddif�cult queriesare moreconsistentwith the naturally
dif�cult queriesontheGMAP measure.This indicatesthatGMAP
is moreappropriateasa measureon thesimulateddif�cult queries
thanMAP. Indeed,GMAP hasbeenusedin ROBUSTtrackto eval-
uatedif�cult queriesandthisshows thereasonablenessof ourdele-
tion methodsto simulatedif�cult queries.

5.4 Parameter Sensitivity Study
In this section,we studytheparametersensitivity. Dueto space

limit, weonly show theresultsonROBUST datasetwith thenatu-
rally dif�cult querysetQS0;otherresultsaresimilar.

Figure2 shows the impactof 
 on theSingleQuerymethodfor
bothLM andVSM. WecanseethatSingleQuerycannoteffectively
usethenegative feedbackinformationandit is quitesensitive if 

is larger. Figure3 shows the impactof scorecombinationparam-
eter� wherewe set� = 200. All methodshave thesamelevel of
sensitivities to � value.Figure4 shows theimpactof thepenaliza-
tion scopeparameter� . It canbeseenthatSingleNeg1 andMulti-
Neg1 arevery sensitive to this parameter, while SingleNeg2 and
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Figure3: Impact of � for SingleNegand MultiNeg.

MultiNeg2 aremorerobust. Theseresultscon�rm thatHeuristic2
is morestablethanHeuristic1 in general.Eventually, when� is
largeenough,theperformanceof SingleNeg2 andMultiNeg2 will
drop as we penalizemore documentswhich are not very similar
to negative models.Finally, we studytheimpactof thenumberof
feedbackdocumentsin MultiNeg. We setf = 10 but we only use
a subsetof these10 documentsin negative feedback.Theresultis
in Figure5 andit shows thatwecangetmoreimprovementaccord-
ing to bothMAP andGMAP if weusemoredocumentsin negative
feedback.This meansthatour methodcanhelpmorewhena user
accumulatesmorenegative information.

6. CONCLUSIONS AND FUTURE WORK
Negative feedbackis very importantbecauseit canhelp a user

whensearchresultsarevery poor. In this paper, we conducteda
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systematicstudy of negative relevancefeedbacktechniques.We
proposedasetof generalstrategiesfor negative feedbackandcom-
paredtheir instantiationsin bothvectorspacemodelandlanguage
modelingframework. We alsoproposedtwo heuristicsto increase
therobustnessof usingnegativefeedbackinformation.Experiment
resultsshow thatmodelingmultiplenegative modelsis moreeffec-
tive thana singlenegative modelandlanguagemodelapproaches
aremoreeffective thanvectorspacemodelapproaches.Studying
negative feedbackneedsa testsetwith suf�cient dif�cult queries.
We further proposedtwo samplingmethodsto simulatedif�cult
queriesusingeasyones.Ourexperimentsshow thatbothsampling
methodsareeffective.

This work inspiresseveral futuredirections.First,we canstudy
a moreprincipledway to modelmultiple negative modelsanduse
thesemultiple negative modelsto conductconstrainedquery ex-
pansion,for example,avoidingtermswhicharein negativemodels.
Second,we areinterestedin a learningframework which canuti-
lize bothalittle positiveinformation(originalqueries)andacertain
amountof negative informationto learna rankingfunctionto help
dif�cult queries. Third, queriesaredif�cult due to different rea-
sons.Identifying thesereasonsandcustomizingnegative feedback
strategieswould bemuchworthstudying.
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