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Abstract

In this paperwe investigatethe applicability of on-line
learningalgorithmsto thereal-world problemofwebseach.
Considerthatwebdocumentsire indexedusing Boolean
featuies.We®stpresent practicallyef®cienbndinelearn-
ing algorithmTW2to seach for webdocumentsepresented
by a disjunctionof at most relevant featues. We then
designand implementWebSail, a real-time adaptiveweb
seach learner with TW2asits learningcomponent\eb-
Sail learnsfrom the user's relevancefeedbak in real-time
andhelpstheuserto seach for thedesiedwebdocuments.
Thearchitectue and performanceof WebSailare also dis-
cussed.

1. Intr oduction

Nowadaygtherearea numberof searchenginedor peo-
ple to searchfor their desiredweb documents Eachof the
existing searctengineshasa uniqueinterfaceandanindex
databaseoveringa differentportionof theweh They have
proved both usefulandpopular In generalwhenusinga
searclenginegheusemeedso repeatedlye®nénerqueryas
shedoesnothave enoughknowledgeto formulatethequery
precisely Usuallythe searchenginereturnstremendously
mary urls of webdocumentshatareirrelevant,forcingthe
userto manuallysift throughthe long list to locatethe de-
sireddocuments.

The way the userusesa searchengineis muchlike a
dialoguebetweertheuserandtheengine: Theusersendsa
gueryto theengine andtheengineuseshequeryto search
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theindex databasandreturnsalist of documentrls. Then,
theuserprovidestheenginerelevancefeedbackandtheen-
gineusedhefeedbacko improveits next searcrandreturns
are®nedist of documenurls. Thedialogueendswhenthe
engine®ndsthe desireddocumentdor the user Note that
conceptuallya queryenteredby the usercanbe understood
asthelogical expressiorof the collectionof thedocuments
wantedby theuser A list of documentrls returnedoy the
enginecan be interpretedas an approximationto the col-
lection of the desireddocuments.This type of scenarias
very similar to the procesf on-linelearningwith queries
[1, 17], whenthe useractsasateacherandthe engineasa
learner

Unfortunately in reality, the useris not quali®edas a
teacheras modeledin on-learning[1, 17]. Although the
averageuser(atthecommonsensdevel) knows whatkinds
of documentshewants,it is dif®cult,if notimpossiblefor
herto inform the searchenginewhatis wantedin an easy
way sothatthe searchengineunderstandsEvenwhendis-
junctionsor conjunction®f keywordsarechoserastheway
of expressinghe searclhgoalasexisting searchenginesdo,
theusermaynotknow whatsetof keywordssheshoulduse
to de®nehe collectionof the desireddocumentgprecisely
Ontheotherhand having recevedrelevancefeedbackrom
the user the searchengineneedsto ®ndan ef®cientway
to usethefeedbaclksothatit can,in real-time,improve the
resultof its next search.

From the perspectie of machinelearning, the funda-
mentalquestionaboutary learningalgorithmis of course
its applicability to real-world problems. Especiallywhen
the real-world problemof web searchis concerned few
theoreticallywell-establishedearningalgorithmsareready
to use,not only becauseahe usercannotbe modeledas a



teacherbut alsobecausdhe usermay make mistalesand
hasno patiencedo try morethana coupleof dozenf inter-

actions.Otherpracticafactorssuchasreal-timecomputing,
indexing andrankingareinvolvedaswell.

In this paper we ®rstinvestigatehe applicability of on-
linelearningalgorithmgowebsearch Sinceexistingsearch
enginessupportgueriesepresentedly disjunctionsor con-
junctionsof featureswe especiallywant to know how to
useon-linelearningalgorithmsto searchor a collectionof
documentgepresentedby a disjunctionof at most rel-
evant features. The conjunctioncasecan be copedwith
similarly. We chooséNinnow?2 [17] asthe startingpoint of
ourinvestigatiorbecausé haserrortolerantability andan
inherenrankingmechanisnftheinnerproductof theweight
vectorandthe documentvector)aswell assmallupdating
compleity. It alsohasthe bestknown mistale boundsfor
learningdisjunctionsof atmost relevantfeaturegor small

. However, themistaleboundsof Winnow arestill toohigh
for practicalusein web search. For example,with tuning
parameters 15and —, themistale boundof Win-
now2is13 14 In - for learningadisjunctionof atmost

relevant featuresover the Booleanvectorspace 0 1
As it is known, usuallya hugevocahuilary of keywordsis
usedto index documentsn web search. If, for example,
thevocahilaryhasjust10,000keywords,thenabout600re-
®nementgor mistales)areneededvhenWinnow?2 is used
to searchfor documentgepresentedhy a disjunctionof at
most5 relevantkeywords. Obviously, thesere®nementare
toomary for ary user

We examinethe propertiesof documentindexing, and
designatailoredversionTW2 of Winnow?2 in section3 for
thereal-world problemof web search.In searchor a col-
lectionof documentsepresentelly adisjunctionof atmost

relevant features the mistale boundof TW2 is at most
— 1 log , Wwhere is the promotion
anddemotionparameter is thethreshold,and is total
numberof distinctfeatureausedto index all thepositive ex-
amplegdocumentgudgedby theusersasrelevant)receved
in the searchprocess. Otherboundsare also obtainedfor
toleratingfeatureerrorsandfor theaveragenumberof rele-
vantfeatureccurredn eachpositve example.In practice

is very small,especiallywhenmeta-searcks concerned.
For example,in the projectYarrow [7] thatwe have imple-
mented, is usually smallerthan 640 whenthe top 100
matchesreneeded Evenif weassume 10 000for the
purposefcomparisonfor 15and <, TW2males
aboutabout256 mistalesin the worst casefor learninga
disjunctionof at most5 relevantfeatures.For 1 000,
theworstcasemistale boundof TW2is 194for learningthe
samedisjunction.

We have implementeda real-timeadaptie web search
learnerWebSail[d] with TW2 asits learningcomponent.
Interestedeadercanacces®ebSailvia its url givenatthe

endof the paper WebSaillearnsfrom the users relevance
feedbackandhelpsthe userto searchfor the desireddoc-
umentswith aslittle relevancefeedbackaspossible. It is
implementedbn a SunUltra oneworkstationwith storage
of 27 Giga-bytesharddisk on anIBM R6000workstation.
It hasaninternalindex databasenda meta-searckhompo-
nentthroughAltaVista[a]. Eachdocumenin theinternal
databasés indexed usingabout300 keywords. Whenthe
userperformsa searchprocess WebSail®rstsearchests
internaldatabaself no matchesanbe foundfor thequery
within theinternaldatabasehenit turnsto its meta-search
componento receve the matcheddocumentghroughAl-
taVista[a] andthenperformsthelearningprocesdocally.

Therehave beenconsiderablefforts applyingmachine
learningto websearchelatedapplicationsfor example sci-
enti®carticlelocatinganduserpro®ling[3, 4, 15], focused
crawling [20], andcollaboratve ®Itering[19].

Theremainingpartof this paperis organizedasfollows.
In section2, we examinethe similarity betweenon-line
learningandwebsearchanddiscussvhatpropertiesalearn-
ing algorithmshouldhave in orderto be applicableto web
searchln section3 wediscussomedifferencebetweeron-
learningapproachto web searchand the similarity-based
relevancefeedbackalgorithmin informationretrieval. In
section4, we examinethe propertyof web documentin-
dexing and designthe learningalgorithm TW2, a tailored
versionof Winnow2 [17] for web search. In section5,
we discusspracticalissuessuchas documentrankingand
equialenceguerysimulationregardingthe actualemploy-
mentof TW2 asalearningcomponentn WebSail[d]. We
alsodiscussthe architectureand performanceof WebSail.
We concludethe paperin section6.

2.0n-Line Learning vs. Web Search

In the on-line learningmodel[1, 17] with equivalence
gueries,the goal of a learnerfor learninga conceptclass
C overthedomainZ is to learnary unknown target con-
cept C thathasbeen®xed by a teacher In orderto
obtaininformationabout , thelearnercanasktheteacher
equialenceajuerieshy proposinghypotheses from a®xed
hypothesispaceH over with f , thenthe
teachesays® ©°, sothelearnersucceedslf , then
theteacherespondsvith anexample in
for some . In sucha case we saythatthe algorithm
malke a mistale. is calleda positive exampleif it is in

anda negative exampleotherwise.Eachnew hypothesis
issuedby theleanermay dependon the earlierhypotheses
andthe examplesrecevedsofar. A learnerexactly learns

, if for ary targetconcept ,it canlearn . We say
thata classC is polynomialtime learnablef alearnercan
exactly learnary targetconceptn C andthetime required
by the learneris polynomialin the size of the domainand



thesizeof thetargetconcept.Besideshetime compleity
of thealgorithm,we arealsointerestedn the total number
of mistalesthe algorithmmay malke in orderto learnary
target concept It is easyto seethat the number
of equivalencequeriesneededdy the learningalgorithmto
learnthetargetconcepts oneplusthe numberof mistales
thealgorithmmaymalke duringits learningprocess.

We now consideihow to useon-linelearningfrom equiv-
alencequeriesto approactthe problemof web search.We
usethe vectorspacemodel [21, 22, 2] to representlocu-
ments.Thevectorspacanay consistof booleanvectors.It
mayalsoconsistof discretizedrectors for examplethefre-
gueng vectorof theindexing keywords. A targetconcept
is a collectionof documentswhich is equivalentto the set
of vectorsof thedocumentén thecollection. Thelearneris
thesearclrengineandtheteacheis theuser Thegoalof the
searclenginds to ®ndthetargetconcepin @real-time"with
aminimal numberof mistales(or equivalencequeries).

Let us de®nean interaction betweenthe userand the
searchengineasthe procesghat startsat the time the user
providesherfeedbacKor searctgueryattheverybeginning
of the search}o the searchengineandendsat thetime the
searclrenginedisplaysthesearctresultbackto theuser At
eachinteraction,it is not unreasonablé assumehatthe
usercanontheaveraggudge®\we documentasrelevantor
irrelevantto provide relevancefeedbackio the searchen-
gine. On the averageno userwould like to performmore
thana dozenof interactions. Hence,we considerthat on
theaveragetheusermayjudgeabout60 documentssrele-
vancefeedbacko thesearctengineduringtheentiresearch
process.Sinceexisting searchenginessupportdisjunctions
or conjunctionf featuresasqueryformationthatis prac-
tically acceptabldy the averageuser in this papernwe will
focuson the problemof searchingor collectionsof web
documentsepresentedly disjunctionsof relevantfeatures.
Conjunctionscan be copedwith similarly. Basedon the
above analysisa learningalgorithmL shouldhave thefol-
lowing propertiesn orderto beapplicableto thereal-world
problemof websearch:

L shouldhavethe ability to tolerate errors sud as
featue errors andclassi®catiomrrors.

L shouldhavea 2pr actically small" mistale bound.
For example whenusedto search for documentsep-
resenteddy a disjunctionof at most relevant fea-
tures, its mistale boundshouldbe very small, say
about60 for 5.

L shouldhavea built-in rankingmedtanismto move
the mostrelevantdocumentgo the top andthe least
relevantto thebottom.

Finally, itscomputatiorior eachinteractionshouldbe
performedin timelinear in the dimensionalityof the

vectorspaceor a few dozenf secondsn practice

In reality, theuseris de®nitelynotquali®edsa®teacher"
asmodeledin on-linelearning[1, 17]. Shedoesnotknow
thelogical representationf the targetconceptnor how to
answerequivalencequeries. However, it is reasonabléo
assumethat the usercan judge whethera particularweb
documents relevantor not to her searchthoughshemay
alsomake mistalesin this aspect.lt shouldbe pointedout
that thereare casesn which the usermay not be able to
tell whetherawebdocuments relevantor not. Suchcases
arebeyondthe scopeof this paperandshouldbe studiedin
futureresearch.

3.0n-Line Learning vs. Similarity-Based Rel-
evanceFeedback

Oneshoulddistinguishour on-linelearningapproactio
websearctrom thesimilarity-basedelevancefeedbaclal-
gorithmin informationretrieval [21, 2, 12, 11, 13]. The
centralideaof relevancefeedbacks to improve searchper
formancefor a particularqueryby modifyingthequerystep
by step,basedon the users judgmentsof the relevanceor
irrelevanceof someof thedocumentsetrieved. In thevec-
tor spacemodel[21, 22], both documentsand queriesare
representedsvectorsin a discretizedsectorspace.In this
case relevancefeedbackis essentiallyan on-line learning
algorithm: A queryvectorandasimilarity measurareused
to classifydocumentasrelevantandirrelevant; the users
judgmentf therelevanceor irrelevanceof sometheclassi-
®eddocumentareusedasexampledor updatingthe query
vector as a linear combinationof the initial query vector
andthe examplegudgedby theuser Especiallywhenthe
innerproductsimilarity is usedrelevancefeedbacks justa
Perceptron-lik learningalgorithm[16, 9].

Therearemary differentvariantsof relevancefeedback
in informationretrieval. Themostpopularoneis Rocchios
similarity-basedelevancefeedbaclalgorithm[13, 11, 21],
which worksin a stepby stepadaptve re®@nementashion
asfollows. Startingat aninitial queryvector ;, thealgo-
rithm searchedor all the documents suchthat is very
closeto ; accordingto the similarity , ranksthem by

, and®nally presents shortlist of the top ranked
documentdo theuser The userexaminesthe returnedist
of documentsndjudgessomeof thedocumentssrelevant
or irrelevant. At step 1, assumehatthelist of docu-
mentsthe userjudgedis 1 1. Then,thealgorithm
updatests queryvectoras o 1 1 where
the coef®cients for 01 1. At step

1, the algorithmusesthe updatedqueryvector and
thesimilarity  to searctfor relevantdocumentstanksthe
documentgccordingo , andpresentshetoprankeddoc-
umentsto the user In practice,a threshold is explicitly



(or implicitly) usedto selectthe highly ranked documents.
Practicallythecoef®cients maybe®xedasl 1or05
[2, 21].

Someformal analysisaboutRocchios similarity-based
relevancefeedbackvasgivenin [9]. It wasprovedin [9] that
in the Booleanvectorspacamodel,for any of thefour typi-
cal similarities(innerproduct,dice coef®cientcosinecoef-
®cientandJaccarccoef®cient) Rocchios similarity-based
relevancefeedbaclalgorithmmakesat least 3 2
mistaleswhenusedto searcHor acollectionof documents
representedby a monotonedisjunctionof at most rele-
vantfeaturesoverthe -dimensionaBooleanvectorspace

0 1 . Thelower boundsareindependenbf the choices
of thethresholdandcoef®cientghatthealgorithmmayuse
in updatingits queryvectorandmakingits classi®cation.

The lower bounds establishedin [9] for Rocchios
similarity-basedelevancefeedbackalgorithmis basedon
the worst caseanalysis,hencethey may not affect the al-
gorithm's effective applicabilityto the real-world problems
despiteof their theoreticakigni®canceOn the otherhand,
theformalanalysismotivatesusto desigmew learningalgo-
rithmsfor informationretrieval. As the®rststep,we design
TW2 in the next section. TW2 hasa provablebettermis-
takesboundsfor learningdisjunctionsof atmost relevant
featuredor very small whentheinnerproductsimilarity
measurés used.

4. The Algorithm TwW2

When a setof Boolean-aluedfeaturesare usedto
index webdocumentsadocuments representedsavector
inthe -dimensionatpace 0 1 . Givenary document,

let 1 denoteits vectorrepresentatiorDe®ne
1 1
1
. 1
In otherwords, L is a collectionof docu-

mentswhosevectorssatisfy the monotonedisjunction of

. , and is the classof all collectionsof
documentsepresentedly monotonealisjunctionof atmost

relevantfeaturevariables. Usingmachinelearningtech-
niguessereralef®cientalgorithmshavebeenconstructedh
[8] for searchingary collectionof documentsn

Many theoreticallyef®cientalgorithmsexist for learn-
ing disjunctionsof at most relevant features. But few
meetthe applicabilityrequirementasdiscussedn section
2. Winnow2 [17] meetsall therequirementexceptthatits
mistale bound,thoughoptimalwithin a constanfactor, is
still too high for websearchusers.Becausef the log, —
lower bound[17] for learninga disjunctionof relevant
featuresin the -dimensionalBooleanvector space,it is

essentiallyimpossibleto improve the upperboundof Win-
now? in general.However, we canexploit the propertiesof
web documentindexing, and seekopportunitiesto reduce
theboundin theconcretecaseof websearch.

De®nition4.1. Givenanyfeatue andanydocument,

is saidto beanindexing featue for thedocument , if the
correspondingcomponentf thefeatue in thedocument
vector is1.

Although a hugecollectionof featureq in the simplest
case,keywords) are neededand usedto index web docu-
ments,for eachparticulardocument , the numberof its
indexing featuresis relatively small. Onecaneasilynote
thata web hypertext documenimay have severalhundreds
of distinctkeywords,while agooddictionarymayhave over
100,000words. Onemay arguethattherearelong docu-
ments. This is certainly true. But asfar asindexing is
concernednotall wordsin along documentreneededo
index it. Insteada smallportionof thewordsmaybeused.
Totheend,indexing is closelyrelatedto classi®cationThe
depthof theYYahoo! [b] classi®catiotreeis about30. Also
for the ef®cieny consideratiorof web crawling, normally
only the ®rsta few kilobytes of a documentis extracted,
whenit is long. The currentversionof the http protocol
allows the creatorof a web documentto list keywordsas
meta-attrilntesin adocumentor thepurposeof indexing or
classi®cationPeoplemay list abouta coupleof dozensof
keywords. If everyoneaddsmeta-attrilntesto herwebdoc-
umentsthenthechallengingproblemof documenindexing
or classi®cationvould be resohed with automaticextrac-
tion of thosekeywords. As far asthe authorsunderstand,
e-commerceaelatedweb documentsend to aggressiely
employ thosekinds of meta-attriltes. This mayin uence
averagewebuserdo follow the practice.

Whenthe userqueriesa searchengine the engine®nds
the matcheddocumentsranks them and returnsthe top
ranked onesto the user Variousstratgieshave beenstud-
ied for documentankingto move the mostrelevantdocu-
mentsto the top andthe leastrelevantto the bottom. For
example theclassicatf-idf schemeyectorspreador cited-
basedrankings[23]; the algorithmfor locatingauthorities
andhubs[14, 6, 10] which works effectively for document
ranking relatedto broadtopic queries;and PageRani{5]
which is the key rankingmethodfor Google[b]. A learn-
ing algorithmfor web searchshouldbe constructedo take
adwantageof the existing rankingmechanismsMore pre-
cisely whenthe userqueriesa searchengine,the learning
algorithmshouldusethe list returnedby the searchengine
asits initial searchspace|t thenusesrelevancefeedback
from the userto effectively propagatehe users preference
within theinitial list of documentseturnedandotherdoc-
umentsin the databasaswell. Becausedhe useris really
interestedin a shortlist of the top matched(or relevant)
documentsthe learningalgorithmshouldat the beginning
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Figure 1. Architecture of WebSail

paymoreattentionto the propagatiorof thein uenceof the
relevantdocumentgudgedby theuser

We now designTW2, atailoredversionof Winnow2, to
exploit the particularnatureof web search We alsopresent
four mistale boundsfor TW2 in this section. The actual
implementatiorof TW2 alongwith documentankingand
equialencequerysimulationwill begivenin the next sec-
tion. The key differencebetweenTW2 and Winnow?2 is
thatWinnow?2 setsall initial weightsto 1, while TW2 sets
all initial weightsto 0 andthusit hasa differentpromotion
stratgy accordingly Therationalebehindsettingall theini-
tial weightsto 0 is notassimpleasit looks. Themotivation
is to focusattentionon the propagatiorof thein uence of
therelevantdocumentsanduseirrelevantdocumentso ad-
justthefocusedsearchspace.Moreover, this approackcan
beeffectivelyimplementedecausexisting effective docu-
mentrankingmechanismsanbe coupledwith thelearning
processasdiscussedh next section.

The Algorithm TW2 (The Tailored Winnow2). TW2
maintainsnon-n@ativereal-valuedwveights ; for
featues 1 , respectively It also maintainsa
real-valuedthreshold . Initially, all weightshavevalue
0. Let 1 bethe promotionand demotionfactor TW2
classi®edocumentsvhosevectos 1 satisfy

asrelevant,andall others asirrelevant. If
the userprowdesa documenthat contradictsto the clas-
si®cationof TW2,thenwe saythat TW2malesa mistale.
Let and denotethe weight  before the current
updateandafter, respectivelyWhentheuserrespondsvith

a documentvhich contradictsto the currentclassi®cation,

TW2updategheweightsin thefollowing two ways:

Promotion: Foradocumenjudgedbytheuserasrel-

evantwith vector 1 , for 1 ,
set

0

1 0

1 0

Demotion: For a documengudged by the user as

irr elevant with vector 1 , for

1 , set —

Let denotethe total numberof distinctindexing fea-
turesof all the relevantdocumentghat are judgedby the
userduringthelearningprocess.Thefollowing theoretical
mistale boundsareobtainedor TW2.

To learn a collectionof documentsepresentedy a
disjunctionof at most relevant featues over the
-dimensionaBooleanvectorspace TW2malesat

most 1 In mistales.

Whenon the aveiage out of relevant featues
appearas indexing featues for any relevant docu-
ment judged by the user during the learning pro-
cess the bound in Theoem 3.2 is improved to
In ontheavelage.

1
TW2 hasthe ability to toleratefeatureerrorsand clas-

si®catiorerrors. Givenanexample andaBooleanvalue
, we saytheexample pairedwith the classi®cationalue

, denotedby , has featureerrorswith respecto
atargetconcept , if is the minimal numberof features
or bitsof thathave to be changedsothat is trueif and

only if . The numberof featureerrorswith respect
to atargetconceptfor a sequencef examplespairedwith
their classi®catiowalues 1 1 is
is simply thetotal numberof featureerrorsfor theall pairs
. Whenalearningalgorithmlearnsa targetcon-
cept , the featureerrorsoccurredin the learningprocess
is the numberof featureerrorswith respecto for the se-
guenceof pairs 1 1 , Whereeach
isanexamplerecevedby thealgorithmand istheclas-
si®catiorvalueof judgedby theuser Givenanexample
anda Booleanvalue , a classi®catiorrrorfor the pair
with respecto thetargetconcept isthat istrue
but or is falsebut . As pointedout in [18],
a classi®catiorerror can be compensatedvith at most
featureerrors(or attributeerrorsin theirterm)for ary target
conceptrepresentetly a disjunctionof relevantfeatures.
Hencewe only statefeatureerrortolerantooundsor TW2.
Thefollowing errortolerantmistale boundis obtainedfor
TW2.

Let denotethe total numberof feature errors oc-
curred during the learning processof a collectionof
documentgepresentedby a disjunction of at most

relevant featuesover the -dimensionalBoolean
vector space TW2 males at most
1 In 1 mistales.

Whentheuserjudgesadocumenexample asrelevant,
theindexing featuresof may containmorethanonerel-
evantfeatureof the targetconcept. Thus,a bettermistale
boundis alsoobtainedior TW2 in thefollowing.
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Figure 2. Interface of WebSalil

Whenon the avermge out of relevant featues
appearas indexing featues for any relevant docu-
ment judged by the user during the learning pro-
ceis, then TW2 has an improved mistale bound
L in 1

1

5. The WebSalil

We now presenthedesignandimplementatiorof Web-
Sailanddiscus$ow TW2is usedasits learningcomponent.
Aswementionedn theprevioussection,TW2 mustbeused
with the help of documentrankingand equivalencequery
simulation.

5.1 DocumentRanking

Let 1 be the weightvectormaintained
by TW2. Let g bearankingfunctionindependenof TW2.
We de®néherankingfunction for TW2 asfollows: For
ary webdocument with vector 1 ,

1

remainsconstanfor eachdocument duringthelearning
procesof TW2. Variousstratgiescanbe usedto de®ne

, for example,PageRanK5], the classicaltf-idf scheme,
vector spread,or cited-basedankings[23]. Thetwo ad-
ditional tuning parametersre usedto performindividual
documentpromotionsor demotionsof the documentghat
have beenjudgedby the userasrelevancefeedbackduring
thelearningprocesof TW2. Themotivationfor individual
documenpromotionor demotionis thatwhenthestatusof
adocuments determinedecaus®f theusersjudgment;t
shouldbeplacedcloserto thetopthantheranksupportedy
theweightedsumof TW2if it is relevantor placedcloserto
the bottomotherwise. Initially, let 0and 1.
and canbeupdatedn thesimilarfashioras isupdated
by TW2.

5.2 EquivalenceQuery Simulation

WebSailusesthe ranking function to rank the docu-
mentsclassi®ethy TW2 andreturngthetop  relevantdoc-
umentgotheuser Thesdop rankeddocumentsepresent
an approximatiorto the classi®catiomadeby TW2. The
usercanexaminethis shortlist of the  documentslIf she
feelssatishctorywith theresultthenshecanendthesearch
process. If she®ndsthat somedocumentsn the list are
misclassi®edhenshecanindicatesomeof thosemisclas-
si®eddocumentgo TW2 asrelevancefeedback. Because
normallytheuseris only interestedn thetop10to 50ranked
documents, canbetunedbetweeril0and50. In orderto
provide a betterview of the classi®catiomadeby TW2,
sometimeghe systemmay give the usera secondist of
documentswhich areranked belov top . Oneway for
selectingdocumentsn the secondist is to randomlyselect

documentsankedbelov top . Anotherwayis to select
thebottomranked documents.

5.3 The Ar chitecture of WebSail

WebSailis a real-timeadaptve web searchlearnerwe
designedandimplementedluringthewinterbreakof 1999-
2000. It is implementedn a SunUltra-1 workstationwith
storageof 27 Giga-bytesarddiskonanIBM R6000work-
station. Our goal of the projectis to shav that TW2 not
only works in theorybut alsoworksin practice. WebSail
employs TW2 asits learningcomponenandis ableto help
the userto searchfor the desireddocumentswith aslittle
relevancefeedbackaspossible. Its architecturds givenin
Figurel. A demonstratioversionof WebSailis available
for interestedeaderdo acceswia the url givenat the end
of thepaper

5.4 How WebSailWorks

WebSaihasaninterfaceasshavnin Figure2to allow the
userto enterherqueryandto specifythe numberof thetop
matchedlocumentirlstobereturned WebSaimaintainan
internalindex databasef 834,000documerts. Eachof those
documentss indexedwith about300keywords. It alsohas
a meta-searcltomponento queryAltaVista[a] wheneer
needed.Whenthe userentersa queryandstartsa search
processWebSail®rstsearchegsinternalindex databaself
norelevantdocumentganbefoundwithin its databaséhen
it recevesallist of top matcheddocumentsxternally with
the help of its meta-searcltomponent. WebSaildisplays
the searctresultto the userin aformatasshawvn in Figure
3.

Alsoasshavnin Figure3, ateachinteractiorwe provide
thetop (normallyl0)andthebottom rankeddocument
urls. Eachdocumentrl is precededby two radiobuttonsfor



Figure 3. Initial Query Result for 2Colt"

theuserto indicatewhetherthe documents relevantto the
searchqueryor not'. The documenturls are clickable for
viewing the actualdocumentcontentsso that the usercan
judgewhethermdocuments relevantor notmoreaccurately
After the userclicks a few radio buttons,shecanclick the
feedbackbutton to submitthe feedbackto TW2. WebSalil
hasa function to parseout the feedbackprovided by the
userwhenthefeedbackouttonis clicked. Having receved
the feedbackrom the user TW2 updatests weightvector

and also performsindividual documentpromotionsor
demotions.t thenre-rankshe documentsnddisplaysthe
top andthebottom documenurlstotheuser

At eachinteraction, the dispatcherof WebSail parses
gueryor relevancefeedbacknformationfrom theinterface
anddecideswhich of the following componentshouldbe
invoked to continuethe searchprocess: TW2, or Index
DatabaseSearcheror Meta-Searcher When meta-search
is needed Meta-Searcheis calledto query AltaVista [a]
to receve a list of the top matcheddocuments.the Meta-
Searchehasa parserandanindexerthatwork in real-time
to parsethe receved documentsandto index eachof them
with at most64 keywords. Thereceved documentspnce
indexed,will alsobecachedn theindex databae.After this,
WebSailusesTW2 andthe rankingfunction to process
relevancefeedback Thiskind of real-timeclientsidemeta-
searchlearningfeaturehasbeenexpandedin our project
Yarrow [7].

5.5 The Performance

Theactualperformancef WebSailis promising.We use
thefollowing relative Recallto measuréhe performancef

1Thesearctprocesshavn in Figures3 and4 wasperformecbnJanuary
25,2000. The queryword is 2colt" andthe desiredweb documentsare
thoserelatedto 2computationalearningtheory". After 3interactionand9
relevantandirrelevantdocumentgudgedby theuserasrelevancefeedback,
all thecoltrelatedvebdocumentamongheinitial L00matchedneswvere
movedto thetop 10 positions.

WebSail: For ary query , therelatve Recallis

20

where s thetotal numberof relevantdocumentamong
thelist of  retrieved documentsand o is the number
of relevant documentganked amongthe top 20 positions
in the ®nalsearchresult of the searchengine. We have
selectedlO0queriedo calculatehe averagerelative Recall
of WebSail. Eachqueryis representedby a collection of
at most5 words. For eachquery we testedWebSailwith
the returningdocumentnumber  as 50, 100, 150, 200,
respectiely. For eachtest, we recordedthe number of
interactionsusedandthe numberof documentgudgedby
theuser Therelative Recallwascalculatedasednmanual
examinatiorof therelevanceof thereturneddocuments. Our
experimentsevealthatWebSailachievesanaverageof 0 95
relative Recallwith an averageof 3.72interactionsandan
averageof 13.46documentgudgedasrelevancefeedback.

6. Concluding Remarks

Web search,an interfacebetweenthe humanusersand
the vast information gold mine of the web, hascometo
peoples daily life asthe web evolves. Designingpracti-
cally effective web searchalgorithmsis a challengingtask.
It calls for innovative methodsand stratgies from mary
®eldsincluding machinelearning. As we pointedout web
searchcanbe understoodn somesenseson-linelearning
from queries. However, few learningalgorithmsareready
to beusedn websearchecausef anumberof realisticre-
guirementsin generalthefundamentatjuestioraboutary
learningalgorithmis certainlyits applicability to the real-
world problemssuchaswebsearch.Our goalin this paper
is to take Winnow?2 [17] asa startingpointto investigatein
theoryandin practice the applicability of the well-studied
learningalgorithmgo thereal-world problemof websearch.
We designa tailoredversionTW2 of Winnow2, which has
small enoughmistale boundsfor practicalapplicationto
websearch We have designedindimplementedreal-time
adaptve websearcHearnetWebSailwith TW2 asits learn-
ing component. WebSailshowvs that TW2 indeedworks
effectively in practice.

Becausen-linelearningis incrementabnddepend®n
thehistoryof alearningprocesgo improvelearningperfor
mance WebSailcreatesandmaintainsa speci®c¢hreadfor
eachwebsearctprocessWhenasearchprocesss ®nished,
its relatedthreadwill beterminated.We believe from our
experiencehaton-linelearningalgorithmssuchasTW2 can
bewell employedattheclientsideasaplug-incomponenof
thewebbrowserto effectively helptheusersearcitheweh
However, it may not be very realisticto employ anon-line
learningalgorithmat a popularweb sener side. Becausea



Figure 4. Re®ned Result for 2colt" after 3 In-
teractions and 9 Examples

popularweb sener may have thousand®f usersaccessing
it in every single minute, it cannotafford to maintaintoo
mary threaddor individual searctprocesses.

URL References:

[a] AltaVista: www.altavista.com.

[b] Yahoo!: www.yahoo.com.

[c] Google:www.google.com.

[d] WebSail:
www.cs.panam.edu/chenBlSearch/\&bSail.ttiml.
[e] Yarrow:
www.cs.panam.edu/chenAl'Search/arrow.html.
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