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Abstract

In this paperwe investigatethe applicability of on-line
learningalgorithmstothereal-worldproblemofwebsearch.
Considerthat webdocumentsare indexedusing � Boolean
features.We®rstpresentapracticallyef®cienton-linelearn-
ingalgorithmTW2tosearch for webdocumentsrepresented
by a disjunctionof at most

�

relevant features. We then
designand implementWebSail,a real-timeadaptiveweb
search learner, with TW2as its learningcomponent.Web-
Sail learnsfrom theuser's relevancefeedback in real-time
andhelpstheuserto search for thedesiredwebdocuments.
Thearchitecture andperformanceof WebSailare alsodis-
cussed.

1. Intr oduction

Nowadaysthereareanumberof searchenginesfor peo-
ple to searchfor their desiredwebdocuments.Eachof the
existingsearchengineshasa uniqueinterfaceandanindex
databasecoveringadifferentportionof theweb. They have
provedboth usefulandpopular. In general,whenusinga
searchenginetheuserneedstorepeatedlyre®neherqueryas
shedoesnothaveenoughknowledgeto formulatethequery
precisely. Usually the searchenginereturnstremendously
many urlsof webdocumentsthatareirrelevant,forcing the
userto manuallysift throughthe long list to locatethede-
sireddocuments.

The way the userusesa searchengineis much like a
dialoguebetweentheuserandtheengine:Theusersendsa
queryto theengine,andtheengineusesthequeryto search

theindex databaseandreturnsalist of documenturls. Then,
theuserprovidestheenginerelevancefeedback,andtheen-
gineusesthefeedbackto improveitsnext searchandreturns
are®nedlist of documenturls. Thedialogueendswhenthe
engine®ndsthedesireddocumentsfor theuser. Note that
conceptuallya queryenteredby theusercanbeunderstood
asthelogicalexpressionof thecollectionof thedocuments
wantedby theuser. A list of documenturls returnedby the
enginecanbe interpretedasan approximationto the col-
lectionof the desireddocuments.This typeof scenariois
very similar to theprocessof on-linelearningwith queries
[1, 17], whentheuseractsasa teacherandtheengineasa
learner.

Unfortunately, in reality, the user is not quali®edas a
teacheras modeledin on-learning[1, 17]. Although the
averageuser(at thecommonsenselevel) knowswhatkinds
of documentsshewants,it is dif®cult,if not impossible,for
her to inform the searchenginewhat is wantedin an easy
way sothatthesearchengineunderstands.Evenwhendis-
junctionsorconjunctionsof keywordsarechosenastheway
of expressingthesearchgoalasexistingsearchenginesdo,
theusermaynotknow whatsetof keywordssheshoulduse
to de®nethecollectionof thedesireddocumentsprecisely.
Ontheotherhand,having receivedrelevancefeedbackfrom
the user, the searchengineneedsto ®ndan ef®cientway
to usethefeedbacksothatit can,in real-time,improve the
resultof its next search.

From the perspective of machinelearning, the funda-
mentalquestionaboutany learningalgorithmis of course
its applicability to real-world problems. Especiallywhen
the real-world problemof web searchis concerned,few
theoreticallywell-establishedlearningalgorithmsareready
to use,not only becausethe usercannotbe modeledasa



teacher, but alsobecausethe usermay make mistakesand
hasnopatienceto try morethanacoupleof dozensof inter-
actions.Otherpracticalfactorssuchasreal-timecomputing,
indexing andrankingareinvolvedaswell.

In this paper, we ®rstinvestigatetheapplicabilityof on-
line learningalgorithmstowebsearch.Sinceexistingsearch
enginessupportqueriesrepresentedby disjunctionsor con-
junctionsof features,we especiallywant to know how to
useon-linelearningalgorithmsto searchfor a collectionof
documentsrepresentedby a disjunctionof at most

�

rel-
evant features. The conjunctioncasecan be copedwith
similarly. We chooseWinnow2 [17] asthestartingpointof
our investigationbecauseit haserror-tolerantability andan
inherentrankingmechanism(theinnerproductof theweight
vectorandthedocumentvector)aswell assmallupdating
complexity. It alsohasthebestknown mistake boundsfor
learningdisjunctionsof atmost

�

relevantfeaturesfor small
�

. However, themistakeboundsof Winnow arestill toohigh
for practicalusein web search.For example,with tuning
parameters��� 1 � 5 and

�

��� � , themistake boundof Win-
now2 is 13

�	�

14
�

ln �
� for learningadisjunctionof atmost

�

relevant featuresover the Booleanvectorspace
 0 � 1 �

�

.
As it is known, usuallya hugevocabulary of keywordsis
usedto index documentsin web search. If, for example,
thevocabularyhasjust10,000keywords,thenabout600re-
®nements(or mistakes)areneededwhenWinnow2 is used
to searchfor documentsrepresentedby a disjunctionof at
most5 relevantkeywords.Obviously, thesere®nementsare
toomany for any user.

We examinethe propertiesof documentindexing, and
designa tailoredversionTW2 of Winnow2 in section3 for
thereal-world problemof websearch.In searchfor a col-
lectionof documentsrepresentedbyadisjunctionof atmost

�

relevant features,the mistake boundof TW2 is at most
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� , where � is thepromotion
anddemotionparameter,

�

is the threshold,and � is total
numberof distinctfeaturesusedto index all thepositiveex-
amples(documentsjudgedby theusersasrelevant)received
in the searchprocess.Otherboundsarealsoobtainedfor
toleratingfeatureerrorsandfor theaveragenumberof rele-
vantfeaturesoccurredin eachpositiveexample.In practice

� is verysmall,especiallywhenmeta-searchis concerned.
For example,in theprojectYarrow [7] thatwe have imple-
mented, � is usually smallerthan 640 when the top 100
matchesareneeded.Evenif weassume��� 10� 000for the
purposeof comparison,for ��� 1 � 5and

�

�

�

5 , TW2makes
aboutabout256 mistakes in the worst casefor learninga
disjunctionof at most5 relevantfeatures.For ��� 1 � 000,
theworstcasemistakeboundof TW2 is 194for learningthe
samedisjunction.

We have implementeda real-timeadaptive web search
learnerWebSail[d] with TW2 as its learningcomponent.
InterestedreaderscanaccessWebSailvia its url givenatthe

endof thepaper. WebSaillearnsfrom theuser's relevance
feedbackandhelpsthe userto searchfor the desireddoc-
umentswith aslittle relevancefeedbackaspossible. It is
implementedon a SunUltra oneworkstationwith storage
of 27 Giga-bytesharddisk on anIBM R6000workstation.
It hasaninternalindex databaseanda meta-searchcompo-
nentthroughAltaVista [a]. Eachdocumentin the internal
databaseis indexedusingabout300 keywords. Whenthe
userperformsa searchprocess,WebSail®rstsearchesits
internaldatabase.If nomatchescanbefoundfor thequery
within theinternaldatabase,thenit turnsto its meta-search
componentto receive the matcheddocumentsthroughAl-
taVista[a] andthenperformsthelearningprocesslocally.

Therehave beenconsiderableefforts applyingmachine
learningtowebsearchrelatedapplications,for example,sci-
enti®carticlelocatinganduserpro®ling[3, 4, 15], focused
crawling [20], andcollaborative®ltering[19].

Theremainingpartof thispaperis organizedasfollows.
In section2, we examine the similarity betweenon-line
learningandwebsearch,anddiscusswhatpropertiesalearn-
ing algorithmshouldhave in orderto beapplicableto web
search.In section3wediscusssomedifferencebetweenon-
learningapproachto web searchand the similarity-based
relevancefeedbackalgorithmin informationretrieval. In
section4, we examinethe propertyof web documentin-
dexing anddesignthe learningalgorithmTW2, a tailored
versionof Winnow2 [17] for web search. In section5,
we discusspracticalissuessuchasdocumentrankingand
equivalencequerysimulationregardingtheactualemploy-
mentof TW2 asa learningcomponentin WebSail[d]. We
alsodiscussthe architectureandperformanceof WebSail.
We concludethepaperin section6.

2. On-Line Learning vs. WebSearch

In the on-line learningmodel [1, 17] with equivalence
queries,the goal of a learnerfor learninga conceptclass
C over the domainZ is to learnany unknown target con-
cept ���� C that hasbeen®xed by a teacher. In order to
obtaininformationabout�!� , thelearnercanasktheteacher
equivalencequeriesby proposinghypotheses" from a®xed
hypothesisspaceH over # with $&%(' . If ")�*�!� , thenthe
teachersaysª +-,/. º, sothelearnersucceeds.If "�0 �1�2� , then
theteacherrespondswith anexample3 in

�

�2�

�

"4�/5

�

"

�

���6�

for some3� 7# . In sucha case,we saythat thealgorithm
make a mistake. 3 is calleda positive exampleif it is in

�
� anda negativeexampleotherwise.Eachnew hypothesis

issuedby the leanermaydependon theearlierhypotheses
andtheexamplesreceivedso far. A learnerexactly learns

$ , if for any targetconcept�
�

 8$ , it canlearn �
� . We say

thata classC is polynomialtime learnableif a learnercan
exactly learnany targetconceptin C andthetime required
by the learneris polynomialin thesizeof the domainand



thesizeof thetargetconcept.Besidesthetime complexity
of thealgorithm,we arealsointerestedin thetotal number
of mistakesthe algorithmmay make in orderto learnany
target concept� �  $ . It is easyto seethat the number
of equivalencequeriesneededby thelearningalgorithmto
learnthetargetconceptis oneplusthenumberof mistakes
thealgorithmmaymakeduringits learningprocess.

Wenow considerhow touseon-linelearningfromequiv-
alencequeriesto approachtheproblemof websearch.We
usethe vectorspacemodel [21, 22, 2] to representdocu-
ments.Thevectorspacemayconsistof booleanvectors.It
mayalsoconsistof discretizedvectors,for examplethefre-
quency vectorof the indexing keywords. A targetconcept
is a collectionof documents,which is equivalentto theset
of vectorsof thedocumentsin thecollection.Thelearneris
thesearchengineandtheteacheris theuser. Thegoalof the
searchengineis to®ndthetargetconceptin ªreal-time"with
aminimalnumberof mistakes(or equivalencequeries).

Let us de®nean interaction betweenthe userand the
searchengineastheprocessthatstartsat thetime theuser
providesherfeedback(orsearchqueryattheverybeginning
of thesearch)to thesearchengineandendsat thetime the
searchenginedisplaysthesearchresultbackto theuser. At
eachinteraction,it is not unreasonableto assumethat the
usercanon theaveragejudge®vedocumentsasrelevantor
irrelevant to provide relevancefeedbackto the searchen-
gine. On the averageno userwould like to performmore
thana dozenof interactions. Hence,we considerthat on
theaveragetheusermayjudgeabout60documentsasrele-
vancefeedbackto thesearchengineduringtheentiresearch
process.Sinceexistingsearchenginessupportdisjunctions
or conjunctionsof featuresasqueryformationthat is prac-
tically acceptableby theaverageuser, in this paperwe will
focuson the problemof searchingfor collectionsof web
documentsrepresentedby disjunctionsof relevantfeatures.
Conjunctionscan be copedwith similarly. Basedon the
aboveanalysis,a learningalgorithmL shouldhave thefol-
lowing propertiesin orderto beapplicableto thereal-world
problemof websearch:

� L shouldhavethe ability to tolerate errors such as
featureerrors andclassi®cationerrors.

� L shouldhavea ªpr actically small" mistake bound.
For example, whenusedto search for documentsrep-
resentedby a disjunctionof at most

�

relevant fea-
tures, its mistake boundshouldbe very small, say,
about60 for

�

� 5.

� L shouldhavea built-in rankingmechanismto move
themostrelevantdocumentsto the top andthe least
relevantto thebottom.

� Finally, itscomputationfor eachinteractionshouldbe
performedin timelinear in thedimensionalityof the

vectorspace, or a few dozensof secondsin practice.

In reality, theuserisde®nitelynotquali®edasaªteacher"
asmodeledin on-line learning[1, 17]. Shedoesnot know
thelogical representationof the targetconcept,nor how to
answerequivalencequeries. However, it is reasonableto
assumethat the usercan judge whethera particularweb
documentis relevantor not to hersearch,thoughshemay
alsomake mistakesin this aspect.It shouldbepointedout
that therearecasesin which the usermay not be able to
tell whethera webdocumentis relevantor not. Suchcases
arebeyondthescopeof this paperandshouldbestudiedin
futureresearch.

3. On-Line Learning vs. Similarity-Based Rel-
evanceFeedback

Oneshoulddistinguishour on-linelearningapproachto
websearchfrom thesimilarity-basedrelevancefeedbackal-
gorithm in informationretrieval [21, 2, 12, 11, 13]. The
centralideaof relevancefeedbackis to improvesearchper-
formancefor aparticularqueryby modifyingthequerystep
by step,basedon the user's judgmentsof the relevanceor
irrelevanceof someof thedocumentsretrieved. In thevec-
tor spacemodel [21, 22], both documentsandqueriesare
representedasvectorsin a discretizedvectorspace.In this
case,relevancefeedbackis essentiallyan on-line learning
algorithm:A queryvectorandasimilaritymeasureareused
to classifydocumentsasrelevantandirrelevant; theuser's
judgmentsof therelevanceor irrelevanceof sometheclassi-
®eddocumentsareusedasexamplesfor updatingthequery
vector as a linear combinationof the initial query vector
andtheexamplesjudgedby theuser. Especially, whenthe
innerproductsimilarity is used,relevancefeedbackis justa
Perceptron-like learningalgorithm[16, 9].

Therearemany differentvariantsof relevancefeedback
in informationretrieval. Themostpopularoneis Rocchio's
similarity-basedrelevancefeedbackalgorithm[13, 11, 21],
which works in a stepby stepadaptive re®nementfashion
asfollows. Startingat an initial queryvector � 1, thealgo-
rithm searchesfor all the documents� suchthat � is very
closeto � 1 accordingto the similarity � , ranksthem by

�

�

�-���-� , and®nallypresentsa short list of the top ranked
documentsto theuser. Theuserexaminesthereturnedlist
of documentsandjudgessomeof thedocumentsasrelevant
or irrelevant. At step ��� 1, assumethat the list of docu-
mentstheuserjudgedis 3 1 �!�2�!�2� 3 �

� 1. Then,thealgorithm
updatesitsqueryvectoras �

�
�*�

� 0 � 1
�
	

�

� 1
���

1 �
��


3

�

� where
the coef®cients�

��

 �� for �8� 0 � 1 �2�!�!�����

�

1. At step
�

�

1, the algorithmusesthe updatedqueryvector �
� and

thesimilarity � to searchfor relevantdocuments,ranksthe
documentsaccordingto � , andpresentsthetoprankeddoc-
umentsto the user. In practice,a threshold

�

is explicitly



(or implicitly) usedto selectthehighly rankeddocuments.
Practically, thecoef®cients� � 


maybe®xedas1 �

�

1 or 0 � 5
[2, 21].

Someformal analysisaboutRocchio's similarity-based
relevancefeedbackwasgivenin [9]. It wasprovedin [9] that
in theBooleanvectorspacemodel,for any of thefour typi-
calsimilarities(innerproduct,dicecoef®cient,cosinecoef-
®cient,andJaccardcoef®cient),Rocchio'ssimilarity-based
relevancefeedbackalgorithmmakesat least

�

�

� � �

3��� 2
mistakeswhenusedto searchfor acollectionof documents
representedby a monotonedisjunctionof at most

�

rele-
vantfeaturesover the � -dimensionalBooleanvectorspace


 0 � 1 � �
. The lower boundsareindependentof thechoices

of thethresholdandcoef®cientsthatthealgorithmmayuse
in updatingits queryvectorandmakingits classi®cation.

The lower bounds establishedin [9] for Rocchio's
similarity-basedrelevancefeedbackalgorithmis basedon
the worst caseanalysis,hencethey may not affect the al-
gorithm'seffectiveapplicabilityto thereal-world problems
despiteof their theoreticalsigni®cance.On theotherhand,
theformalanalysismotivatesustodesignnew learningalgo-
rithmsfor informationretrieval. As the®rststep,wedesign
TW2 in the next section. TW2 hasa provablebettermis-
takesboundsfor learningdisjunctionsof atmost

�

relevant
featuresfor very small

�

whentheinnerproductsimilarity
measureis used.

4. The Algorithm TW2

When a set of � Boolean-valuedfeaturesare usedto
index webdocuments,adocumentis representedasavector
in the � -dimensionalspace
 0 � 1 �

�

. Givenany document� ,
let ���

�

3 1 �!�!�2�!� 3

�

� denoteits vectorrepresentation.De®ne

���	�

3�
 1 �!�2�!� � 3�

��� � 
 ��� ���

�

3 1 �!�2�!� � 3

�

�

��� 3�
 1 ���������

3�
��/���

���
� �

� � 


���	�

3�
 1 �!�2�!�!� 3�

����� 1 � . �

�

���

In otherwords,
�����

3�
 1 �2�!�!�2� 3�
���� is a collectionof docu-
mentswhosevectorssatisfy the monotonedisjunctionof

3�
 1 �!�!�2� � 3�
�� , and
���

� �

� is the classof all collectionsof
documentsrepresentedby monotonedisjunctionsof atmost

�

relevant featurevariables.Usingmachinelearningtech-
niques,severalef®cientalgorithmshavebeenconstructedin
[8] for searchingany collectionof documentsin

���
� �

� .
Many theoreticallyef®cientalgorithmsexist for learn-

ing disjunctionsof at most
�

relevant features. But few
meettheapplicabilityrequirementsasdiscussedin section
2. Winnow2 [17] meetsall therequirementsexceptthat its
mistake bound,thoughoptimalwithin a constantfactor, is
still too high for websearchusers.Becauseof the

�

log2 � �

lower bound[17] for learninga disjunctionof
�

relevant
featuresin the � -dimensionalBooleanvector space,it is

essentiallyimpossibleto improve theupperboundof Win-
now2 in general.However, wecanexploit thepropertiesof
web documentindexing, andseekopportunitiesto reduce
theboundin theconcretecaseof websearch.

De®nition4.1. Givenanyfeature 3 andanydocument� ,
3 is saidto beanindexingfeature for thedocument� , if the
correspondingcomponentof thefeature 3 in thedocument
vector � � is 1.

Althougha hugecollectionof features( in thesimplest
case,keywords)areneededandusedto index web docu-
ments,for eachparticulardocument� , the numberof its
indexing featuresis relatively small. Onecaneasilynote
thata webhypertext documentmayhave severalhundreds
of distinctkeywords,whileagooddictionarymayhaveover
100,000words. Onemay arguethat thereare long docu-
ments. This is certainly true. But as far as indexing is
concerned,not all wordsin a long documentareneededto
index it. Instead,a smallportionof thewordsmaybeused.
To theend,indexing is closelyrelatedto classi®cation.The
depthof theYahoo! [b] classi®cationtreeis about30. Also
for the ef®ciency considerationof webcrawling, normally
only the ®rsta few kilobytesof a documentis extracted,
when it is long. The currentversionof the http protocol
allows the creatorof a web documentto list keywordsas
meta-attributesin adocumentfor thepurposeof indexingor
classi®cation.Peoplemaylist abouta coupleof dozensof
keywords.If everyoneaddsmeta-attributesto herwebdoc-
uments,thenthechallengingproblemof documentindexing
or classi®cationwould be resolved with automaticextrac-
tion of thosekeywords. As far asthe authorsunderstand,
e-commercerelatedweb documentstend to aggressively
employ thosekindsof meta-attributes. This mayin¯uence
averagewebusersto follow thepractice.

Whentheuserqueriesa searchengine,theengine®nds
the matcheddocuments,ranks them and returnsthe top
rankedonesto theuser. Variousstrategieshave beenstud-
ied for documentrankingto move themostrelevantdocu-
mentsto the top andthe leastrelevant to the bottom. For
example,theclassicaltf-idf scheme,vectorspread,or cited-
basedrankings[23]; the algorithmfor locatingauthorities
andhubs[14, 6, 10] which workseffectively for document
ranking relatedto broadtopic queries;and PageRank[5]
which is thekey rankingmethodfor Google[b]. A learn-
ing algorithmfor websearchshouldbeconstructedto take
advantageof the existing rankingmechanisms.More pre-
cisely, whentheuserqueriesa searchengine,the learning
algorithmshouldusethelist returnedby thesearchengine
as its initial searchspace,it thenusesrelevancefeedback
from theuserto effectively propagatetheuser's preference
within the initial list of documentsreturnedandotherdoc-
umentsin the databaseaswell. Becausetheuseris really
interestedin a short list of the top matched(or relevant)
documents,the learningalgorithmshouldat thebeginning
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Figure 1. Architecture of WebSail

paymoreattentionto thepropagationof thein¯uenceof the
relevantdocumentsjudgedby theuser.

We now designTW2, a tailoredversionof Winnow2, to
exploit theparticularnatureof websearch.We alsopresent
four mistake boundsfor TW2 in this section. The actual
implementationof TW2 alongwith documentrankingand
equivalencequerysimulationwill begivenin thenext sec-
tion. The key differencebetweenTW2 and Winnow2 is
thatWinnow2 setsall initial weightsto 1, while TW2 sets
all initial weightsto 0 andthusit hasa differentpromotion
strategyaccordingly. Therationalebehindsettingall theini-
tial weightsto 0 is notassimpleasit looks. Themotivation
is to focusattentionon thepropagationof the in¯uenceof
therelevantdocuments,anduseirrelevantdocumentsto ad-
just thefocusedsearchspace.Moreover, this approachcan
beeffectively implementedbecauseexistingeffectivedocu-
mentrankingmechanismscanbecoupledwith thelearning
processasdiscussedin next section.

The Algorithm TW2 (The Tailored Winnow2). TW2
maintainsnon-negativereal-valuedweights� 1 �2�!�!�!���

�

for
features � � � 1 �!�!�2�!��� � �

�

, respectively. It also maintainsa
real-valuedthreshold

�

. Initially, all weightshavevalue
0. Let ��� 1 be thepromotionanddemotionfactor. TW2
classi®esdocumentswhosevectors 3 �

�

3 1 �!�2�!� � 3

�

� satisfy
	

�




�

1 �



3



�

�

asrelevant,andall others asirrelevant. If
the userprovidesa documentthat contradictsto the clas-
si®cationof TW2,thenwe saythat TW2makesa mistake.
Let �


�� � and �

�� 	 denotethe weight �


 before the current
updateandafter, respectively. Whentheuserrespondswith
a documentwhich contradictsto thecurrentclassi®cation,
TW2updatestheweightsin thefollowing twoways:

� Promotion: For adocumentjudgedbytheuserasrel-
evantwith vector 3 �

�

3 1 �!�2�!�!� 3

�

� , for 
 � 1 �!�2�!� �

� ,
set

� 
�� 	 �

�


 �

� 
�� �2� 
���3�
 � 0 �

� � 
���3�
 � 1 �

�

��� 
�� � � 0 �

��� 
�� �2��
���3�
 � 1 �

�

��� 
�� � 0� 0 �

� Demotion: For a documentjudged by the user as

irrelevant with vector 3 �

�

3 1 �2�!�2�!� 3

�

� , for 
 �

1 �2�!�2�!�

� , set � 
�� 	 ������� �

.

Let � denotethe total numberof distinct indexing fea-
turesof all the relevant documentsthat are judgedby the
userduringthelearningprocess.Thefollowing theoretical
mistakeboundsareobtainedfor TW2.

� To learn a collectionof documentsrepresentedby a
disjunctionof at most

�

relevant features over the
� -dimensionalBooleanvectorspace, TW2makesat
most


 2 �

�


 � 1�

�

�*�

�

�

1�

�

ln 


� �

� mistakes.

� Whenon the average � out of
�

relevant features
appearas indexing features for any relevant docu-
ment judged by the user during the learning pro-
cess, the bound in Theorem 3.2 is improved to


 2 �

�


 � 1�

�

�

�


�� 1�

�

 ln 


� �

� on theaverage.

TW2 hasthe ability to toleratefeatureerrorsandclas-
si®cationerrors. Givenanexample 3 anda Booleanvalue

!

, wesaytheexample3 pairedwith theclassi®cationvalue
!

, denotedby "*3 �

!

� , has � featureerrorswith respectto
a target concept� , if � is the minimal numberof features
or bits of 3 thathave to bechangedso that

!

is true if and
only if 3* � . The numberof featureerrorswith respect
to a targetconceptfor a sequenceof examplespairedwith
their classi®cationvalues " 3 1 �

!

1 � �!�2�!� �#" 3�$ �

!

$%� is
is simply thetotal numberof featureerrorsfor theall pairs

" 3�
 �

!


&� . Whena learningalgorithmlearnsa targetcon-
cept � , the featureerrorsoccurredin the learningprocess
is thenumberof featureerrorswith respectto � for these-
quenceof pairs " 3 1 �

!

1 � �!�2�!� �#" 3
$

�

!

$
� , whereeach

3�
 is anexamplereceivedby thealgorithmand
!


 is theclas-
si®cationvalueof 3�
 judgedby theuser. Givenanexample

3 anda Booleanvalue
!

, a classi®cationerror for the pair
" 3 �

!

� with respectto thetargetconcept� is that
!

is true
but 3�0  � or

!

is falsebut 3  � . As pointedout in [18],
a classi®cationerror can be compensatedwith at most

�

featureerrors(or attributeerrorsin theirterm)for any target
conceptrepresentedby a disjunctionof

�

relevantfeatures.
Hence,weonly statefeatureerror-tolerantboundsfor TW2.
Thefollowing error-tolerantmistake boundis obtainedfor
TW2.

� Let ' denotethe total numberof feature errors oc-
curredduring thelearningprocessof a collectionof
documentsrepresentedby a disjunctionof at most

�

relevant featuresover the � -dimensionalBoolean
vector space, TW2 makes at most


 2 �

�


 � 1�

�

� �

�

�

1�

�

ln 


�
�*�

�

�

1��'

�

� mistakes.

Whentheuserjudgesadocumentexample3 asrelevant,
the indexing featuresof 3 maycontainmorethanonerel-
evant featureof the targetconcept.Thus,a bettermistake
boundis alsoobtainedfor TW2 in thefollowing.



Figure 2. Interface of WebSail

� Whenon the average � out of
�

relevant features
appearas indexing features for any relevant docu-
ment judged by the user during the learning pro-
cess, then TW2 has an improved mistake bound
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 ln 
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5. The WebSail

We now presentthedesignandimplementationof Web-
Sailanddiscusshow TW2isusedasits learningcomponent.
Aswementionedin theprevioussection,TW2mustbeused
with the help of documentrankingandequivalencequery
simulation.

5.1. DocumentRanking

Let � �

�

� 1 �2�!�!�!���

�

� betheweightvectormaintained
by TW2. Let g bea rankingfunctionindependentof TW2.
We de®netherankingfunction � for TW2 asfollows: For
any webdocument� with vector 3

�
�

�

3 1 �!�!�2�!� 3

�

� ,

�

�

�-� �

�

�

� �
�

� �

���

� �

�

�

�




�

1

� 
 3�
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�

remainsconstantfor eachdocument� duringthelearning
processof TW2. Variousstrategiescanbe usedto de®ne

�

, for example,PageRank[5], the classicaltf-idf scheme,
vectorspread,or cited-basedrankings[23]. The two ad-
ditional tuning parametersare usedto perform individual
documentpromotionsor demotionsof the documentsthat
have beenjudgedby theuserasrelevancefeedbackduring
thelearningprocessof TW2. Themotivationfor individual
documentpromotionsor demotionis thatwhenthestatusof
adocumentis determinedbecauseof theuser's judgment,it
shouldbeplacedcloserto thetopthantheranksupportedby
theweightedsumof TW2 if it is relevantor placedcloserto
thebottomotherwise.Initially, let

�

�
� 0 and �

�
� 1. �

�

and
�

� canbeupdatedin thesimilarfashionas� 
 is updated
by TW2.

5.2. EquivalenceQuery Simulation

WebSailusesthe rankingfunction � to rank the docu-
mentsclassi®edby TW2 andreturnsthetop � relevantdoc-
umentsto theuser. Thesetop � rankeddocumentsrepresent
anapproximationto theclassi®cationmadeby TW2. The
usercanexaminethis shortlist of the � documents.If she
feelssatisfactorywith theresultthenshecanendthesearch
process. If she®ndsthat somedocumentsin the list are
misclassi®ed,thenshecanindicatesomeof thosemisclas-
si®eddocumentsto TW2 asrelevancefeedback.Because
normallytheuserisonly interestedin thetop10to50ranked
documents,� canbetunedbetween10 and50. In orderto
provide a betterview of the classi®cationmadeby TW2,
sometimesthesystemmaygive theusera secondlist of �

documentswhich are ranked below top � . One way for
selectingdocumentsin thesecondlist is to randomlyselect

� documentsrankedbelow top � . Anotherway is to select
thebottomranked � documents.

5.3. The Ar chitectureof WebSail

WebSail is a real-timeadaptive web searchlearnerwe
designedandimplementedduringthewinterbreakof 1999-
2000. It is implementedon a SunUltra-1workstationwith
storageof 27Giga-bytesharddiskonanIBM R6000work-
station. Our goal of the project is to show that TW2 not
only works in theorybut alsoworks in practice. WebSail
employsTW2 asits learningcomponentandis ableto help
the userto searchfor the desireddocumentswith aslittle
relevancefeedbackaspossible.Its architectureis givenin
Figure1. A demonstrationversionof WebSailis available
for interestedreadersto accessvia theurl givenat theend
of thepaper.

5.4. How WebSailWorks

WebSailhasaninterfaceasshownin Figure2toallow the
userto enterherqueryandto specifythenumberof thetop
matcheddocumenturlstobereturned.WebSailmaintainsan
internalindex databaseof 834,000documents.Eachof those
documentsis indexedwith about300keywords.It alsohas
a meta-searchcomponentto queryAltaVista [a] whenever
needed.Whenthe userentersa queryandstartsa search
process,WebSail®rstsearchesits internalindex database.If
norelevantdocumentscanbefoundwithin itsdatabasethen
it receivesa list of top matcheddocumentsexternallywith
the help of its meta-searchcomponent.WebSaildisplays
thesearchresultto theuserin a formatasshown in Figure
3.

Alsoasshown in Figure3,ateachinteractionweprovide
thetop � (normally10)andthebottom � rankeddocument
urls. Eachdocumenturl isprecededby tworadiobuttonsfor



Figure 3. Initial Query Result for ªColt"

theuserto indicatewhetherthedocumentis relevantto the
searchqueryor not1. Thedocumenturls areclickablefor
viewing the actualdocumentcontentsso that the usercan
judgewhetheradocumentis relevantornotmoreaccurately.
After theuserclicks a few radiobuttons,shecanclick the
feedbackbutton to submitthe feedbackto TW2. WebSail
hasa function to parseout the feedbackprovided by the
userwhenthefeedbackbuttonis clicked. Having received
thefeedbackfrom theuser, TW2 updatesits weightvector

� and also performsindividual documentpromotionsor
demotions.It thenre-ranksthedocumentsanddisplaysthe
top � andthebottom � documenturls to theuser.

At eachinteraction, the dispatcherof WebSail parses
queryor relevancefeedbackinformationfrom theinterface
anddecideswhich of the following componentsshouldbe
invoked to continuethe searchprocess: TW2, or Index
DatabaseSearcher, or Meta-Searcher. Whenmeta-search
is needed,Meta-Searcheris called to queryAltaVista [a]
to receive a list of the top matcheddocuments.the Meta-
Searcherhasa parserandanindexer thatwork in real-time
to parsethereceiveddocumentsandto index eachof them
with at most64 keywords. The receiveddocuments,once
indexed,will alsobecachedin theindex database.After this,
WebSailusesTW2 andthe rankingfunction � to process
relevancefeedback.Thiskind of real-timeclientsidemeta-
searchlearningfeaturehasbeenexpandedin our project
Yarrow [7].

5.5. The Performance

Theactualperformanceof WebSailis promising.Weuse
thefollowing relativeRecallto measuretheperformanceof

1Thesearchprocessshown in Figures3and4wasperformedonJanuary
25, 2000. The queryword is ªcolt" andthe desiredweb documentsare
thoserelatedto ªcomputationallearningtheory". After 3 interactionsand9
relevantandirrelevantdocumentsjudgedbytheuserasrelevancefeedback,
all thecolt relatedwebdocumentsamongtheinitial 100matchedoneswere
movedto thetop 10positions.

WebSail:For any query � , therelativeRecallis

������� 	

  

�

� � �

� 20

�

�

where � is the total numberof relevantdocumentsamong
the list of � retrieved documents,and � 20 is the number
of relevant documentsranked amongthe top 20 positions
in the ®nalsearchresult of the searchengine. We have
selected100queriesto calculatetheaveragerelativeRecall
of WebSail. Eachquery is representedby a collectionof
at most5 words. For eachquery, we testedWebSailwith
the returningdocumentnumber � as 50, 100, 150, 200,
respectively. For eachtest, we recordedthe numberof
interactionsusedandthe numberof documentsjudgedby
theuser. TherelativeRecallwascalculatedbasedonmanual
examinationof therelevanceof thereturneddocuments.Our
experimentsrevealthatWebSailachievesanaverageof 0 � 95
relative Recallwith anaverageof 3.72interactionsandan
averageof 13.46documentsjudgedasrelevancefeedback.

6. Concluding Remarks

Web search,an interfacebetweenthe humanusersand
the vast information gold mine of the web, hascometo
people's daily life as the web evolves. Designingpracti-
cally effective websearchalgorithmsis a challengingtask.
It calls for innovative methodsand strategies from many
®eldsincludingmachinelearning. As we pointedout web
searchcanbeunderstoodin somesenseason-linelearning
from queries.However, few learningalgorithmsareready
to beusedin websearchbecauseof anumberof realisticre-
quirements.In general,thefundamentalquestionaboutany
learningalgorithmis certainlyits applicability to the real-
world problemssuchaswebsearch.Our goalin this paper
is to takeWinnow2 [17] asastartingpoint to investigate,in
theoryandin practice,theapplicabilityof thewell-studied
learningalgorithmstothereal-worldproblemof websearch.
We designa tailoredversionTW2 of Winnow2, which has
small enoughmistake boundsfor practicalapplicationto
websearch.Wehavedesignedandimplementedareal-time
adaptivewebsearchlearnerWebSailwith TW2 asits learn-
ing component. WebSailshows that TW2 indeedworks
effectively in practice.

Becauseon-linelearningis incrementalanddependson
thehistoryof alearningprocessto improvelearningperfor-
mance,WebSailcreatesandmaintainsa speci®cthreadfor
eachwebsearchprocess.Whenasearchprocessis ®nished,
its relatedthreadwill be terminated.We believe from our
experiencethaton-linelearningalgorithmssuchasTW2can
bewell employedattheclientsideasaplug-incomponentof
thewebbrowserto effectively helptheusersearchtheweb.
However, it maynot bevery realisticto employ anon-line
learningalgorithmat a popularwebserver side. Becausea



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

popularwebserver mayhave thousandsof usersaccessing
it in every singleminute, it cannotafford to maintaintoo
many threadsfor individualsearchprocesses.

URL References:

[a] AltaVista: www.altavista.com.
[b] Yahoo!:www.yahoo.com.
[c] Google:www.google.com.
[d] WebSail:
www.cs.panam.edu/chen/WebSearch/WebSail.html.
[e] Yarrow:
www.cs.panam.edu/chen/WebSearch/Yarrow.html.
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