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Abstract

TheWorld WideWebprovidesawealthof datathatcan
beharnessedto help improve informationretrieval and
increaseunderstandingof therelationshipsbetweendif-
ferententities. In many cases,we areoften interested
in determininghow similar two entitiesmaybeto each
other, wheretheentitiesmaybepiecesof text, descrip-
tionsof someobject,or eventhepreferencesof agroup
of people. In this work, we examineseveral instances
of this problem,andshow how they canbe addressed
by harnessingdatamining techniquesappliedto large
web-baseddatasets.Speci�cally, weexaminetheprob-
lemsof: (1) determiningthe similarity of short texts–
eventhosethatmaynotshareany termsin common,(2)
learningsimilarity functionsfor semi-structureddatato
addresstaskssuchas recordlinkage betweenobjects,
and(3) measuringthesimilarity betweenon-linecom-
munitiesof usersaspartof a recommendationsystem.
While we presentratherdifferent techniquesfor each
problem,we show how measuringsimilarity between
entitiesin all thesedomainshasa directapplicationto
the overarchinggoal of improving informationaccess
for usersof web-basedsystems.

Intr oduction
Information�nding is generallyconsideredthedominantac-
tivity on the World Wide Web. In order to help users�nd
informationthat is relevant to them,it is oftennecessaryto
understandthedegreeto which variousentitieson theweb
aresimilaror relatedto eachother. For example,in thecase
of queriesto a web searchengine,it is often useful to de-
terminehow similar onequerymay be to anotherin order
to potentiallysuggestrelatedqueriesto a useror automat-
ically “broaden”theuser's querywith relatedtermsduring
retrieval to �nd morerelevantdocuments.In othercontexts,
suchasE-commerce,usersmaybelooking to �nd thesame
itemsoldatdifferentvendorsonthewebin orderto docom-
parisonshopping. Thus,having a meansof automatically
determiningwhethertwo descriptionsof productssold by
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differentvendorsarein fact referringto thesametrue item
becomesacritical elementin helpingtheusertocomparethe
right information. And in social networking applications,
whereusersareseekingto �nd otherswith similar interests,
thereis aneedto determinehow similardifferentcommuni-
tiesof usersareto eachotherin orderto makerecommenda-
tionsto usersasto whatothercommunitiesthey may�nd of
interest. In all threecasesmentionedabove, having an ap-
propriatemeasureof similarity betweentherelevantdomain
entitiesis of paramountconcern.Fortunately, thewebalso
providesarich sourceof datathatmaybeutilizedto address
theproblemof constructingappropriatesimilarity measures.

Herewe provide an overview of previous researchwork
aimedat the goal of constructingsimilarity measuresfor
the domainsdescribedabove. We begin by describinga
robust methodfor measuringthe “semantic”similarity be-
tweenshorttexts (suchassearchenginequeries)evenwhen
the texts beingcomparedmay not shareany termsin com-
mon (Sahami& Heilman 2006). We describehow web
searchenginesaredirectly harnessedto constructthis simi-
larity function.

We thenexaminetheuseof machinelearningto produce
similarity functionsbetweensemi-structureddataelements
(representingobjects).Weshow how by learningsuchfunc-
tionswe canaddressthetaskof adaptive recordlinkage,so
that suf�ciently similar itemsmaybe linkedasreferringto
the sametrue underlyingobject. We also describean in-
stantiationof this problemin the context of �nding similar
itemsfor comparisonshoppingon theweb(Bilenko, Basu,
& Sahami2005).

Finally, wedescribealarge-scaleempiricalcomparisonof
several similarity measuresusedaspart of a recommenda-
tion systemin an on-line socialnetwork. Speci�cally, we
considerthe problemof how to recommendcommunities
(user-createddiscussiongroups)to membersof the Orkut
socialnetwork (www.orkut.com ) by determiningsimilarity
betweenauser'scurrentcommunitymembershipsandother
communitiesthat theuseris not yet a memberof (Spertus,
Sahami,& Buyukkokten2005).

Measuring Similarity of Short Text Snippets
In analyzingtext, thereare many situationsin which we
wish to determinehow similar two short text snippetsare.
For example,theremaybedifferentwaysto describesome



conceptor individual, suchas “United NationsSecretary-
General”and “Ko� Annan”, and we would like to deter-
mine that thereis a high degreeof semanticsimilarity be-
tweenthesetwo text snippets.Similarly, the snippets“AI”
and“Arti�cial Intelligence”arevery similar with regard to
their meaning,even thoughthey may not shareany actual
termsin common.

Directly applying traditional documentsimilarity mea-
sures,suchas the widely usedcosinecoef�cient (Salton,
Wong,& Yang1975;Salton& McGill 1983),to suchshort
text snippetsoftenproducesinadequateresults,however. In-
deed,in both the examplesgiven previously, applying the
cosinewould yield a similarity of 0 sinceeachgiven text
pair containsno commonterms. Even in caseswheretwo
snippetsmayshareterms,they maybeusingthetermin dif-
ferentcontexts. Considerthe snippets“graphicalmodels”
and“graphicalinterface”. The �rst usesgraphical in refer-
enceto graphstructureswhereasthe secondusesthe term
to refer to graphicdisplays. Thus, while the cosinescore
betweenthesetwo snippetswould be0.5 dueto theshared
lexical term “graphical”, at a semanticlevel the useof this
sharedterm is not truly an indicationof similarity between
thesnippets.

To addressthis problem,we would like to have a method
for measuringthesimilarity betweensuchshorttext snippets
that capturesmoreof the semanticcontext of the snippets
ratherthansimply measuringtheir term-wisesimilarity. To
helpusachieve this goal,we canleveragethelargevolume
of documentson thewebto determinegreatercontext for a
shorttext snippet.By examiningdocumentsthatcontainthe
text snippettermswe can discover other contextual terms
thathelpto provideagreatercontext for theoriginalsnippet
andpotentially resolve ambiguity in the useof termswith
multiplemeanings.

Ourapproachto thisproblemis relatively simple,but sur-
prisingly quite powerful. We simply treateachsnippetas
a query to a web searchenginein order to �nd a number
of documentsthatcontainthetermsin theoriginal snippets.
We then usethesereturneddocumentsto createa context
vectorfor theoriginal snippet,wheresucha context vector
containsmany wordsthat tendto occurin context with the
originalsnippet(i.e.,query)terms.Suchcontext vectorscan
now bemuchmorerobustly comparedwith a measuresuch
asthecosineto determinethesimilarity betweentheoriginal
text snippets.

Formalizing the Approach
Presently, we formalize our kernel function for semantic
similarity. Let x representa short text snippet1. We com-
putethequeryexpansionof x, denotedQE(x), asfollows:

1. Issuex asaqueryto asearchengineS.
2. Let R(x) bethesetof (atmost)n retrieved

documentsd1;d2; : : : ;dn
3. ComputetheTFIDF termvectorvi for each

documentdi 2 R(x)
4. Truncateeachvectorvi to its mhighestweightedterms

1Wenotethatwhile thefocusof ourwork hereis shorttext snip-
pets,thereis no technicalreasonwhy x musthave limited length.

5. Let C(q) bethecentroidof theL2 normalized
vectorsvi :

C(q) = 1
n å n

i= 1
vi

kvik2
6. Let QE(x) betheL2 normalizedcentroidof C(q):

QE(x) = C(q)
kC(q)k2

Note that we consider a TFIDF vector weighting
scheme(Salton& Buckley 1988),wheretheweightwi; j as-
sociatedwith with term ti in documentd j is de�ned to be
wi; j = t fi; j � log( N

d fi
), wheret fi; j is thefrequency of ti in d j ,

N is thetotal numberof documentsin thecorpus,andd fi is
thetotal numberof documentsthatcontainti . Clearly, other
weightingschemesarepossible,but we chooseTFIDF here
sinceit is commonlyusedin theIR communityandwehave
found it to empirically give goodresultsin building repre-
sentative queryexpansions.

Giventhatwe have a meansfor computingthequeryex-
pansionfor a short text, it is a simplematterto de�ne the
semantickernelfunctionK astheinnerproductof thequery
expansionsfor two text snippets.More formally, giventwo
shorttext snippetsx andy, wede�ne thesemanticsimilarity
kernelbetweenthemas:

K(x;y) = QE(x) � QE(y):

We note that K(x;y) is a valid kernel function, sinceit
is de�ned asan inner productwith a boundednorm (given
thateachqueryexpansionvectorhasnorm1.0),thusmaking
this similarity function applicablein any kernel-basedma-
chinelearningalgorithm(Cristianini& Shawe-Taylor2000)
where(short)text datais beingprocessed.

Empirical Results
We have testedthis similarity measurein a broadrangeof
anecdotaltestsandfoundvery goodresults.We give a few
suchexamplesbelow:

K(“UN Secretary-General”,“Ko� Annan”) = 0.825
K(“GoogleCEO”, “Eric Schmidt”) = 0.845
K(“GoogleFounder”,“Larry Page”) = 0.770
K(“spaceexploration”, “NASA”) = 0.691
K(“GoogleFounder”,“Bill Gates”) = 0.096
K(“WebPage”,“Larry Page”) = 0.123

Hereweseethatourkernelfunctionis successfulatdeter-
mining thesimilarity betweenpairsof texts,capturingmore
of theirsemanticrelationship.Also, thefunctionis effective
atgiving low scoresto pairswhichsemanticallydiffer, such
as“WebPage”and“Larry Page”.

We have also applied this similarity measureas a key
componentof a querysuggestionsystemfor a web search
engineandagain seenpositive empirical results. We refer
the interestedreaderto the original paperon this approach
(Sahami& Heilman2006)for moreinformation.

Learning Similarity Functions
for RecordLinkage

Turningour attentionto anotherimportantproblemin mea-
suring similarities, we consider the record linkage task.



Recordlinkageis the problemof identifying whentwo (or
more) referencesto an objectaredescribingthe sametrue
entity. For example,aninstanceof recordlinkagewould be
identifying if two papercitations(whichmaybein different
stylesandformats)referto thesameactualpaper. Address-
ing thisproblemis importantin anumberof domainswhere
multiple users,organizations,or authorsmay describethe
sameitemusingvariedtextualdescriptions.

Historically, oneof themostexaminedinstancesof record
linkageis determiningif two databaserecordsfor a person
arereferringto the sameindividual, which is an important
datacleaningstepin applicationsfrom direct marketing to
survey response(e.g.,theUSCensus).Morerecently, record
linkagehasfoundanumberof usesin thecontext of several
web applications,e.g., the above-mentionedtask of iden-
tifying papercitationsthat refer to the samepublicationis
animportantproblemin on-linesystemsfor scholarlypaper
searches,suchasCiteSeerandGoogleScholar.

Recordlinkageis alsoa key componentof on-line com-
parisonshoppingsystems.Whenmany differentweb sites
sell thesameproduct,they providedifferenttextualdescrip-
tions of the product(which we refer to as“offers”). Thus,
a comparisonshoppingengineis facedwith the taskof de-
terminingwhich offersarereferringto thesametrueunder-
lying product. Solving this productnormalizationproblem
allows thecomparisonshoppingengineto displaymultiple
offers for thesameproductto a userwho is trying to deter-
minefrom whichvendorto purchasetheproduct.

In sucha context, thenumberof vendorsandsheernum-
berof products(with potentiallyvery differentcharacteris-
tics) make it very dif�cult to manuallycraft a single sim-
ilarity function that can adequatelydetermineif two arbi-
traryoffersarefor thesameproduct.Moreover, for different
categoriesof products,differentsimilarity functionsmaybe
neededthatcapturethepotentiallydiversenotionsof equiv-
alencefor eachcategory. Hence,an approachthat allows
learningsimilarity functionsbetweenoffers from training
databecomesnecessary.

Furthermore, in many record linkage tasks including
productnormalization,recordsto belinkedcontainmultiple
�elds (e.g.,productname,manufacturer, price,etc.). Such
recordsmayeithercomein pre-structuredform (e.g.,XML
or relationaldatabaserecords),or the �elds mayhave been
extractedfrom an underlyingtextual description(Dooren-
bos,Etzioni, & Weld 1997). While it maybedif�cult for a
domainexpert to specifya completesimilarity functionbe-
tweentwo records,they areoftenquitecapableof de�ning
similarity functionsbetweenindividual record �elds. For
example,it is relatively simple to de�ne the similarity be-
tween two prices as a function related to the inverseof
the differenceof the prices,or the differencebetweentwo
textual productdescriptionsasthe(well-known) cosinebe-
tweentheirvector-spacerepresentations.Thus,anappropri-
atelearnablesimilarity functionfor comparingrecordsmust
be able to leveragemultiple basissimilarity functionsthat
captureindividual �eld similarities.

Fortunately, in the comparisonshoppingdomaina small
proportionof the incomingproductoffers includethe Uni-
versalProductCode(UPC)attributewhich uniquelyidenti-

�es products.This providesa sourceof supervision,there-
foreaclassi�cationapproachto thelinkageproblemin such
settingsbecomesfeasible.

Formalizing the Approach
Ourproposedapproachto productnormalizationis amodu-
lar framework thatconsistsof severalcomponents:aninitial
setof basisfunctionsto computesimilarity between�elds
of recordsto belinked,a learningalgorithmfor trainingthe
parametersof acompositesimilarity function,and,�nally , a
clustering-basedlinkagestep.

In formulatingour approach,we begin with a setof k ba-
sis functions f1(R1;R2); :::; fk(R1;R2), de�ned assimilarity
functionsbetween�elds of recordsR1 andR2. Wethenlearn
a linear combinationof thesebasisfunctionswith k corre-
spondingweightsa i andan additionalthresholdparameter
a0 to createacompositesimilarity function, f � :

f � (R1;R2) = a0 +
k

å
i= 1

a i fi(R1;R2)

Oncetrained, f � canbeusedto producea similarity ma-
trix S over all pairsof records.In turn, S canbeusedwith
any similarity-basedclusteringalgorithm to identify clus-
ters,eachof which containsa setof recordswhich presum-
ablyshouldbelinked.Then,wecaninterpreteachclusteras
asetof recordsreferringto thesametrueunderlyingitem.

Identifying co-referentrecordsrequiresclassifyingevery
candidatepair of recordsas belongingto the classof co-
referentpairsM or non-equivalentpairsU. Givensomedo-
mainDR from whicheachrecordis sampled,andk similarity
functions fi : DR � DR ! R thatoperateon pairsof records,
wecanproduceapair-spacevectorx i 2 Rk+ 1 for everypair
of records(Ri1;Ri2): x i = [1; f1(Ri1;Ri2); :::; fk(Ri1;Ri2)]T .
The vector includesthe k valuesobtainedfrom basissim-
ilarity functionsconcatenatedwith a default attribute that
alwayshasvalue1, which correspondsto the thresholdpa-
rametera0.

Any binaryclassi�er thatproducescon�dencescorescan
be employed to estimatethe overall similarity of a record
pair (Ri1;Ri2) by classifyingthecorrespondingfeaturevec-
tor x i and treating classi�cation con�dence as similarity.
The classi�er is typically trained using a corpus of la-
beleddatain the form of pairs of recordsthat are known
to be eitherco-referent((Ri1;Ri2) 2 M ) or non-equivalent
((Ri1;Ri2) 2 U). To ef�ciently train sucha classi�er (and
also to allow for incrementalupdatesas more data be-
comesavailable),we employ theaveragedperceptron algo-
rithm (Collins2002),aspace-ef�cient variationof thevoted
perceptron algorithmproposedandanalyzedby Freundand
Schapire(Freund& Schapire1999).

After we have traineda compositesimilarity function f �

to correctlypredictwhethera pair of recordsis co-referent
usinglabeleddata,we cannow useit to determinelinkages
within a setof m unlabeledrecords.To this end,we use f �

to computean m� m similarity matrix S= f si; jg between
all pairsof recordsconsideredfor linkage,whereeachsi; j =
f � (Ri ;Rj );1 � i; j � m. Armedwith this similarity matrix,
wefacethesubsequentproblemof identifyinggroupsof co-
referentrecordsvia clustering.



Empirical Results
In our work, we compare the linkage performanceof
threevariantsof theHierarchicalAgglomerative Clustering
(HAC) algorithm:single-link,group-averageandcomplete-
link (Jain,Murty, & Flynn 1999)on a varietyof productof-
fer datasetsfrom theFroogle comparisonshoppingwebsite
(froogle.google.com ). For brevity, herewe presentan
evaluationof ourapproachonasinglerepresentativedataset
of 4823productoffersfor digital cameras.

The datasetwas createdby collecting product offers
that containa UPC (UniversalProductCode)�eld, which
uniquely identi�es commercialproducts. While lessthan
10% of all dataincludesthe UPC values,they provide the
“goldenstandard”labelsfor evaluatinglinkageaccuracy. In
our experiments,the UPCswere only usedfor evaluation
purposes,while in an actual�elded productnormalization
systemthey canbeusedasahighly usefulattributefor com-
putingoverall similarity (although,asdiscussedbelow, our
resultsindicatethatUPCvaluesaloneshouldnotbeusedas
thesolelinkagecriteriondueto thepresenceof noise).

To evaluateour system,precisionandrecallde�ned over
pairsof co-referentrecordswerecomputedaftereachmerge
stepin the clusteringprocess.Precisionis the fraction of
identi�ed co-referentpairs that arecorrect,while recall is
the fractionof co-referentpairsthatwereidenti�ed. While
traditional useof precision-recallcurves involves interpo-
lating several precisionpoints at standardrecall levels to
the highestvalueseenfor any lower recall, we have found
thatsuchinterpolationmaygrosslymisrepresentthedynam-
ics of the clusteringprocess. Therefore,we report non-
interpolated(observed) precisionvalues,averagedover 10
trialsof 2 foldseach.

 0

 0.2

 0.4

 0.6

 0.8

 1

 0  0.05  0.1  0.15  0.2  0.25  0.3  0.35  0.4  0.45

P
re

ci
si

on

Recall

Complete Link
Group Average

Single Link

Figure1: Precision-recallcurve for Digital Cameradata.

Our empirical results,seenin Figure 1, show that the
group-averageand complete-linkvariantsof HAC tend to
producemuch better linkage results than the often used
single-link method. Moreover, additional experiments
(which have been omitted for brevity) show that great
variability exists betweenthe similarity functionsthat are
learnedfor differentproductcategories.Also, by examining
theerrorsreportedby ourapproachwehavefoundtherather
surprisingresultthat (human)errorsexist in the labelingof
productoffers from vendors,ashighly similar productof-
fers (which werein fact for the sameactualproduct)were

mistakenly givendifferentUPCsby vendors.Our approach
to learningthe similarity betweenoffers allows us to more
readily identify theseerrorsfor datacleaning.For morede-
tailson thisapproach,aswell asamorecomprehensiveem-
pirical evaluation,we refer the readerto the original paper
on thiswork (Bilenko, Basu,& Sahami2005).

Comparing Similarity Functions for Making
Recommendationsin On-line Communities

In addition to web searchand comparisonshopping,we
have also examinedthe useof similarity measuresin on-
line socialnetworks. Socialnetworking sitessuchasOrkut
(www.orkut.com ), Friendster(www.friendster.com ), and
othershave quickly gained in popularity as a meansfor
letting userswith commoninterests�nd andcommunicate
with eachother. Unfortunately, suchsocialnetworks, and
their correspondingcommunities(discussiongroups),have
grown so quickly that new usersof the system�nd it dif�-
cult to �nd thecommunitiesthataretruly relevant to them.
For example,the Orkut socialnetwork alonealreadycon-
tainsover 1.5 million communities.A new userwould �nd
it verydif�cult to navigatethisspaceof communitiesmanu-
ally, andthusautomatedmethodsto recommendpotentially
relevantcommunitiesto usersbecomenecessary.

While there are many forms of recommendersys-
tems(Deshpande& Karypis 2004), we choosea method
akin to collaborative �ltering (Sarwar et al. 2001),where
similarity betweencommunitiesis measuredasafunctionof
thecommunities'overlapin membership(i.e.,thenumberof
commonmembersin two communities).How thissimilarity
functionis de�ned hasa directbearingon thequality of the
recommendationsmadeto users.

Formalizing the Approach
To de�ne similarity, we start with the notion of a “base”
communityB, andseekto �nd its potentially“related”com-
munitiesRi . In otherwords,we seekto measurethe(possi-
bly asymmetric)similarity of B to someothercommunityR.
Treatingacommunityassimply thesetof usersin thatcom-
munity, we canusestandardsetoperations(or probabilities
de�ned oversets)to de�ne oursimilarity measures.

Given a communityS, we can de�ne the probability of
drawing a users from thesocialnetwork thathappensto be
amemberof SasP(s2 S) = jSj

N , whereN is thetotalnumber
of usersin thesocialnetwork2. Notethatwesimplyassume
auniformdistributionwith regardto drawing usersfrom the
socialnetwork.

Weconsidersix standardmeasuresof similarity by which
to comparecommunities.Thesemeasuresarede�ned in Ta-
ble 1. If we representcommunitiesasvectorsof lengthN,
wherethe ith elementis 1 if useri is a memberof thecom-
munityand0 otherwise,wecanthenconsidergeometricno-
tionsof similarity betweenthesevectors,suchastheL1 and
L2 normedvectoroverlap.Thesemeasuresarepresentedus-
ing equivalentsettheoreticnotationin Table1. Wealsocon-

2For notationalconvenience,we refer to probabilitiessuchas
P(s2 S) assimplyP(s) in therestof thepaper.



sider informationtheoreticmeasures,suchasvariationsof
PointwiseMutual InformationandLog Oddsratios(Cover
& Thomas1991). Finally we considera measurebasedon
InverseDocumentFrequency (IDF) popularin theinforma-
tion retrieval literature(Salton,Wong,& Yang1975).

Wedesignedanexperimenttodeterminetherelativevalue
of the recommendationsproducedby eachsimilarity mea-
sure by interleaving the recommendationsfrom different
pairsof similarity measuresandtrackinguserclicks. Specif-
ically, we measuredtheef�cacy of differentsimilarity mea-
suresusing pair-wise binomial sign testson click-through
dataratherthanusingtraditionalsupervisedlearningmea-
suressuchasprecision/recallor accuracy sincethereis no
“true” labeleddatafor this task(i.e., we do not know what
arethecorrectcommunitiesthatshouldberecommendedto
auser).Rather, wefocusedonthetaskof determiningwhich
of thesimilarity measuresperformsbestonarelativeperfor-
mancescalewith regardto acceptanceby users.

Whena userviewed a communitypage,we selectedan
orderedpair of similarity measuresto compare.Let S and
T betheorderedlists of recommendationsfor thetwo mea-
sures,whereS= (s1;s2; : : : ;sjSj) andT = (t1; t2; : : : ; tjTj) and
jSj = jTj. Therecommendationsgeneratedusingeachmea-
sureare combinedby Joachims'“CombinedRanking” al-
gorithm(Joachims2002),which interleavesthe top related
communitiessuggestedby the two similarity measures(re-
solving duplicatessuggestedby both measures),and pro-
videsamethodfor creditassignmentto eachsimilarity mea-
surebasedonwhichof its resultsareactuallyclicked.

Wheneverauservisitedacommunity, two measureswere
chosenandtheir recommendationsinterleaved,asdiscussed
above. This was done in a deterministicmannerso that
a given useralways saw the samerecommendationsfor a
givencommunity. To minimizefeedbackeffects,wedid not
regeneraterecommendationsaftertheexperimentbegan.

A userwho views a basecommunityis eithera member
(denotedby “m”) or non-member(denotedby “n”). In either
case,recommendationsareshown. Whena userclicks on a
recommendation,therearethreepossibilities:(1) theuseris
alreadya memberof the recommendedcommunity(“m”),
(2) theuserjoins therecommendedcommunity(“j”), or (3)
the uservisits but doesnot join the recommendedcommu-
nity (“n”). Thecombinationof baseandrelatedcommunity
membershipscanbecombinedin six differentways.For ex-
ample“m! j” denotesa click wherea memberof the base
communityclicks on a recommendationto anothercommu-
nity to which shedoesnot belongand joins that commu-
nity. Traditionally, analysesof recommendersystemsfocus
on “m! j”, or identifying otheritemsa userwill like given
that they have a statedinterestin someinitial item. In a
similarvein,we judgedeachsimilarity measurebasedon its
“m! j” performance.

Empirical Results
Weanalyzedall accessesfrom July1, 2004to July18,2004
of userswho joined Orkut during that period. The system
served4,106,050communitypageswith recommendations,
whichprovidesa lowerboundonthenumberof pageviews.
(Unfortunately, we couldnot determinethetotal numberof

pageviews due to browsercaching.) Therewere901,466
clicks on recommendations,48% by membersof the base
community, 52%by non-members.

We comparedeachmeasurepairwiseagainstevery other
measureby analyzingclicks of their mergedrecommenda-
tions. If theclick wason a recommendationrankedhigher
by measureL2 thanmeasureL1, for example,weconsidered
it a “win” for L2 anda lossfor L1. If bothmeasuresranked
it equally, theresultwasconsideredto beatie. Wesaythata
measuredominatesanotherif, in theirpairwisecomparison,
theformerhasmore“wins”. In ourinitial analysis,wefound
that this de�nition appliedto the click datayieldeda total
order (to our surprise)amongthe six measuresas follows
(listed from bestto worst performer):L2, MI1, MI2, IDF,
L1, LogOdds. Indeed,theL2 measureoutperformedall other
measureswith statisticalsigni�cance(p < 0:01) usinga bi-
nomialsigntest(Lehmann1986).Thedetailedclick results
comparingtheL2 measureto theother� vemeasuresarepre-
sentedin Table2, which shows the outcomesof all clicks,
with conversionsby members(“m! j”) and non-members
of thebasecommunity(“n! j”) brokenoutseparately.

As part of the overall performanceof the recommenda-
tion system,we alsode�ned conversionrateasthepercent-
ageof non-memberswho clicked throughto a community
who thenjoined it. Theconversionratewasthreetimesas
high (54%) when the memberbelongedto the basecom-
munity (from which the recommendationcame)than not
(17%). While this relative differenceis not surprising,the
largeabsolutemagnitudeof theconversionrate(i.e.,theper-
centageof peoplewho clicked on a recommendationand
endedup joining the recommendedcommunity)shows the
ef�cacy of recommendationsasameansfor providing users
with relevant informationin a socialnetwork setting.More
detailson this research,aswell astheresultsof severalad-
ditional experiments,areavailablein the original paperon
thiswork (Spertus,Sahami,& Buyukkokten2005).

Conclusions
In this paperwe have presentedseveralweb-basedapplica-
tions wheremeasuringthe similarity betweendifferenten-
tities is an importantelementfor success.We have seen
that the large quantityof availableon-line informationcan
beharnessedto helpdeterminesimilaritiesbetweenentities
asdisparateaswords(shorttexts),objects(suchasproducts
offers), and communities(on-line discussiongroups). By
leveragingthis datain conjunctionwith thedevelopmentof
novel machinelearningtechnologies,we canmake signi�-
cantimprovementsin a varietyof domains,includinghelp-
ing webusers�nd morerelevant informationwhile search-
ing the web, engaging in on-line comparisonshopping,or
participatingin a socialnetwork. In futurework, weseekto
�nd additionalapplicationsfor the similarity measuresde-
�ned hereandapply the methodologydevelopedfor learn-
ing similarity functionsin othercontexts.
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Measure Name De�nition

L1 Norm L1(B;R) = jB\ Rj
jBj�j Rj

L2 Norm L2(B;R) = jB\ Rjp
jBj�j Rj

PointwiseMutual Information MI1(B;R) =
(positivecorrelationsonly) P(b; r) � log P(b;r)

P(b)�P(r)

PointwiseMutual Information MI2(B;R) =

(positiveandnegative correlations) P(b; r) � log P(b;r)
P(b)�P(r) + P(b; r) � log P(b;r)

P(b)�P(r)

IDF IDF(B;R) = jB\ Rj
jBj � log N

jRj

Log Odds LogOdds(B;R) = log P(rjb)
P(rjb)

Table1: De�nition of thesix measuresusedto determinesimilarity betweencommunitiesin theOrkut socialnetwork.

Measures m ! j n ! j all clicks
Win Equal Loss Win Equal Loss Win Equal Loss

L2 MI1 6899 2977 4993 2600 1073 1853 30664 12277 20332
L2 MI2 6940 2743 5008 2636 1078 1872 31134 11260 19832
L2 IDF 6929 2697 5064 2610 1064 1865 30710 11271 20107
L2 L1 7039 2539 4834 2547 941 1983 28506 13081 23998
L2 LogOdds 8186 1638 4442 2852 564 1655 34954 6664 18631

Table2: The relative performanceof L2 versusthe other � ve measuresin pairwisecombinationon clicks leadingto joins,
dividedby basecommunitymembershipstatus,andonall clicks.
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