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Abstract

Low rank approximationtechniquesare widespreadn patternrecogni-
tion research— they include Latent SemanticAnalysis (LSA), Proba-
bilistic LSA, PrincipalComponent#nalysus(PCA),the Generatie As-
pectModel, andmary formsof bibliometricanalysis.All make useof a
low-dimensionamanifold ontowhich dataareprojected.

Suchtechniquesare generally “unsupervised, which allows them to

model datain the absenceof labelsor cateyories. With mary practi-

cal problems,however, someprior knowledgeis availablein the form

of contet. In this paper | describea principled approachto incorpo-
rating suchinformation, and demonstratets applicationto PCA-based
approximation®f severaldatasets.

1 Introduction

Many practicalproblemsinvolve modelinglarge, high-dimensionatlatasetsto uncover
similaritiesor latentstructure Linearlow rankapproximatiortechniquesuchasPCA[12],
LSA [5], PLSA[6] andgeneratie aspectmodels[1] are powerful tools for approaching
thesetasks. They identify (relatively) low-dimensionahyperplaneghatbestapproximate
thedataaccordingo a givennoisemodel.In doingso,they exploit andexposeregularities
in the data:the hyperplanesepresent latentspacevhosedimensionsareoften obsered
to correspondo distinct latent categyoriesin the dataset. For example,an LSA-derived
low-rank approximationto a corpusof news storiesmay have dimensionscorresponding
to “politics,” “finance’ “sports; etc. Documentswith the sameinferredsourcegtherefore
“about” the sametopic) generallylie closeto eachotherin thelatentspace.

The broadapplicability of thesetechniquesomesfrom the fact thatthey are essentially
“unsupervised™- a modelis learnedin the absencef labelsindicatingclassor category

memberships.Thereare, however, mary situationsin which someprior informationis

available; in thesecaseswe would like to have someway of usingthat informationto

improve our model.

Nigam et al. [10] studiedthe problemof learningto classify datainto pre-eisting cat-
egoriesin the presencef labeledand unlabeledexamples. Their approachaugmented
traditionalsupervisedearningalgorithmwith distributioninformationmadeavailablefrom
theunlabeleddata.In contrastthis paperconsidersa methodfor augmentinga traditional
unsupervisetearningproblemwith the additionof equivalenceclasses.



Equivalenceclassesare a naturalconceptfor mary real-world problems. We frequently
have somereasorfor believing thata setof obsenationsaresimilarin somesenseavithout
wantingto or beingableto saywhythey aresimilar. Notethatthe setsarenot requiredto
be comprehensie — we mayonly have known associationetweera handfulof obsera-
tions. Further the setsarenot requiredto bedisjoint; we mayknow thatmemberof a set
aresimilar, but thereis noimplicationthatmembersf two differentsetsaredissimilar

In ary casethe hopeis thatby indicatingwhich obserationsaresimilar, we canbiasour
modelfocuson relevant featuresandto ignoredifferenceghat, while statisticallysignif-
icant, are not correlatedwith our idea of similarity in the problemat hand. This paper
describesnalgorithmvalidatingthe useof this approach.

1.1 Related work

Thereis too large a literatureexamining the combinationof supervisecandunsupervised
learningto cover here;belav | mentionin passingsomeof the mostrelevantresearch.

In termsof conceptuakimilarity, multiple discriminantanalysisMDA) andorientedprin-
cipal componentanalysis(lOPCA) aretechniqueghatattemptto maximizethefidelity of
alinearlow rank approximatiorwhile minimizing the varianceof databelongingto des-
ignatedequialenceclasseq?]. The differencewith the approacidiscussedereis that
MDA andOPCAmaximizearatio of variancegatherthana mixture;this is equivalentto
makingthe assumptiorthatthe covariancematricesfor eachsetaretied. Anotherrelated
techniquas multidimensionakcaling(MDS) which, asidefrom sharingtheratio-basedtri-
terion, makesthe addedassumptiorthatthe precisedegreeof similarity (or dissimilarity)
of two datapointsis to be enforced.In generalwhich setof assumptionss bestdepends
ontheproblemathand.

In termsof implementationthe presentlgorithmowesagreatdealto the“shadav tagets”
algorithmfor Neuroscal¢8, 15], whoseeporymousdatapointsenforceequivalenceclasses
on setsof (otherwise)unsupervisedlata. Thatalgorithmtradesfidelity of representation
acpinstfidelity of equivalenceclasseamuchin the sameway as Equation4, althoughit
doessoin the contet of a Kohonemeuralnetwork insteadof alinearmapping.

Another closely-relatedechniqueis CI-LSI [7], which useslatentsemanticanalysisfor
cross-languageetrieval. Thetechniquanvolvestrainingontext documentfrom a parallel
corpusfor two or morelanguagese.g. FrenchandEnglish),suchthateachdocumengxists
asbothanEnglishandFrenchversion.In CI-LSI, eachdocumenis megedwith its twin,
andthe hyperplands fit to the setof paireddocuments.

Thegoalof CI-LSI matcheghe goalof this paperandthetechniquecanin factbe seenas
aspecialcaseof theinformedprojectionsdiscussedhere.By usingthe“mean” of a pair of

documentsasa proxy for the documentshemseles, we asserthat the two comefrom a
commonsourcefitting a modelto a collectionof suchmeandindsa maximumlik elihood
solutionsubjecto theconstrainthatbothmemberof apaircomesrom acommonsource.

2 Informed and uninformed projections

To introduceinformedprojections] will first briefly review principalcomponentgnalysis
(PCA) andanalgorithmfor efficiently computingthe principalcomponent®f a dataset.

21 PCA and EMPCA

Givena finite datasetX C R", whereeachcolumncorrespondso oneobsenation, PCA
canbe usedto find a rank m approximationX (wherem < n) which minimizesthe sum
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Figure 1: PCA maximizesthe varianceof the obsenations(on left), while aninformed
projectionminimizesvarianceof projectionsfrom obsenationsbelongingto the sameset.

squaredlistortionwith respecto X. It doesthis by identifyingthe m orthogonalirections
in which X exhibits the greatesvariance correspondingo the m largesteigervectorsC =
[Cy,...,Cn]. X canthenbe projectedontothe hyperplanedefinedby C as

X =c(CTc)"Ic™x. 1)

Althoughnot strictly a generatie model, PCA offers a probabilisticinterpretation:C rep-
resentsa maximumlik elihoodmodelof the dataunderthe assumptiorthat X consistsof
(Gaussianhoise-corruptedbserationstakenfrom linearcombinationsf msourcesn an
n-dimensionabpace Thevaluesfor X thenrepresenmaximumlik elihoodestimate®f the
mixturesresponsibldor the correspondingaluesin X.

Roweis[13] describedan efficient iterative techniquefor identifying C usingan EM pro-
cedure Beginningwith anarbitraryguesdor C, thelatentrepresentatioof X is computed

Y =(C"C)cTX )
afterwhich C is updatedo maximizethe estimatedik elihoods
C=xYT(yyh L1 (3)

Equations2 and3 areiterateduntil corvergence(typically lessthanl0iterations) atwhich
time the sumsquarecerrorof X's approximatiorto X will have beenminimized.

2.2 Informed projections

PCA only penalizesaccordingto squaredlistanceof anobsenrationx; from its projection
Xi. Givena Gaussiamoisemodel,X; is the maximumlik elihoodestimateof x;'s “source’,
whichis the only constraintwith which PCAis concerned.

If we believe thata setof obserationsS = {xy, Xy, ..., X, } haveacommoncausethenthey
shouldsharea commonsource.For a hyperplanelefinedby eigervectorsC, the maximum
likelihoodsources themeanof §'s projectionsontoC, denoted5. As such thelikelihood
should be penalizednot only on the basisof the varianceof obsenrationsaroundtheir
projections(y ;| |x;j — Xj| 12), but alsothe varianceof the projectionsaroundtheir setmeans

(i Suges 1%~ SIP).

Thesetwo penaltytermsmay be at oddswith eachother sowe mustintroducea hyperpa-
rameterf representindiov muchweightto placeon accuratelyreproducingthe original
obsenationsandhow muchto placeon preservingheintegrity of theknown sets:

Eo— (1-B) Y Ix—%[2+BY 3 %S @
] I Xj€



When = 0.5, Equation4 is equivalentto minimizing y; ¥ ;s ||x; — S||?> underthe as-
sumptionthatall otherwiseunafiliated x; arememberof their own singletonsets.Thisis
justthesquaredlistancérom eachobsenationto its projectedclustermeanwhichappears
to bethecriterion CI-LSI minimizesby averagingdocuments.

2.3 Finding an informed projection

The error criterion in 4 may be efficiently optimizedwith an expectation-maximization
(EM) procedurébasedon Roweis’ EMPCA[13], alternatelycomputingestimatedsources
X andmaximizingthelik elihoodsof the obsened datagiventhosesources.

Thelik elihoodof asetis maximizedoy minimizing the varianceof projectionfrom mem-
bersof a setaroundtheir mean. This is at oddswith the efforts of PCA to maximize
likelihood by maximizingthe varianceof projectionsfrom the datasetat large. We can
male theseforceswork togetherby addinga “complementset” § for eachset§ suchthat
thevarianceof §’sprojectionss minimizedby maximizingthevarianceof §'sprojections.

The complemensetmay be determinedanalytically but canalsobe computedefficiently
asanextra stepbetweernthe“E” and“M” stepsof the EM iteration. Givenanobsenration
Xj € §, the complementfor x; may be computedin termsof its projectionX; onto the

hyperplaneandS;, the meanof the set.

Figure 2: Locationof a point's complement; with respecto its meansetprojection§
andthecurrenthyperplane.

In orderto “pull” the currenthyperplanein the directionthatwill minimize x;’s distance
from the setmean,X; mustbe positionedat a distanceof ||x; —X;|| from the hyperplane
suchthatits projectionlies alongline from § to X; atadistancefrom S equalto ||xj — X;||.
With somegeometricmanipulation(Figure2), it canbe shavn that
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For efficiengy, it is worth noting that by subtractingeachsets meanfrom its constituent
obsenations,all setsmay be combinedinto a singlezero- mean‘superset”S from which
complementarecomputed.

Oncethe complementethasbeencomputedjt canbe appendedo the original obsenra-
tionsato createajoint dataset,denotedX* = [X|S§, andthe“M” stepof theEM procedure
is continuedasbefore?!

Y=(C'C) Ic™xt, c=x*tyT(yy"H L (5)

Applying 3 to theoptimizationis straightforvard— if we preprocesshedataby subtracting
the meanof the obsenations(asis standardor PCA), the effect of eachobsenrationis to

1Since§ dependson the projections,and thereforethe position of the hyperplane,it mustbe
recomputedvith eachiteration.



applya“torque”to thecurrenthyperplanearoundtheorigin. By multiplying all coordinates
of anobsenationby the samescalar we scalethetorqueappliedby the sameamount.As
such,we cantradeoff theweightattachedo enforcingthe setsagainsttheweightattached
to reconstructinghe original databy multiplying SandX by 3 and1 — 3 respectrely:

Xy =[1-P)X[B-§
3 Experiments

| examinedthe effect of “informing” projectionson three datasetsfrom two domains.
Thefirst two weretext datasetstaken from the WebKB projectandthe “20 newsgroups”
dataset. Thethird datasetconsistedf acousticfeaturesfrom recordedmusic. Finally, |

examinethe effect of addingsetinformationto the joint probabilisticmodeldescribedoy
CohnandHofmann[3].

3.1 WebKB data

Thefirst setof experimentshegan with a subsef the WebKB dataset[4]. Using Rain-
bow [9], | tokenized1000randomly-selectedocumentsstrippingout HTML anddigits,
andkept the 1000termswith highestclass-dependennformationgain (the reducedvo-
calulary greatlydecreasegrocessingimes). The resultwas 1000documentswith 1000
featureswherefeaturef; j representethe frequeny with whichterm j occurredin docu-
mentx;. Setswereconstructedrom the categyoriesprovidedwith eachdocument.

Theexperimentsariedboththefractionof thetrainingdatafor which setassociationsvere
provided (0-1) andtheweightgivento preservinghosesets(also0-1). For eachcombina-
tion, | ran40trials, eachusinga randomizedsplit of 200trainingdocumentsand100test
documentsAccurag wasevaluatecbasedn leave-one-ounearesheighborclassification
overthetestset?

fraction of data with set labels weight given to sets

Figure3: Nearesmneighborclassificationof WebKB data,wherea 5D PCA of document
termshasbeeninformedby web pagecatayory-determinedets(40 independentrain/test
splits). Thefraction of obsenationsthathave beengiven setassignmentss variedfrom 0
to 1 (left plot), asis 3, theweightattachedo preservingsetassociationgright plot).

Figure 3 summarizeghe resultsof theseexperiments.As expected the moredocuments
that had setassociationsthe greaterthe improvementin classificationaccurag, but this

20hviously, simple nearesmneighboris far from the mosteffective classificationtechniquefor
this domain. But the point of the experimentis to evaluateto what degreeinforming a projection
preseresor improvestopic locality, which nearesheighborclassifiersaarewell-suitedto measure.



improvementwasonly evidentfor 0.3 < 3 < 0.7; below 0.3,thesetswerenotgivenenough
weightto make a difference while above 0.7 thereis arapiddeterioratiorin accurag.

3.2 20 Newsgroups

The secondset of experimentsalso useda stan-
dardtext classificationcorpus,but with an unre-
strictedvocahulary. Beginningwith thedocuments o«
of the 20 newsgroupsdata set, | again prepro-

cessedhedocumentasabore with Rainbav, but >~
thistime kepttheentirevocahulary (27214unique
terms),insteacf preselectingnaximallyinforma-  *
tive terms.

Becausef theadditionalrunningtimerequiredto . %H ]
handlethecompletevocahuilaries,the experiments

usedall setlabelsandonly variedthe weighting. oy
Thirty independentraining and test setsof 100 e—
documentsachwererun for 0 < 3 < 1, andas
before,accuray was evalutedin termsof leave-
one-outclassificatiorerroron thetestset.

Figure 4: Five cateyoriesfrom 20
newsgroupsdata set, where a 5D
PCA of documentterms hasbeen
Figure 4 summarizeghe resultsof theseexperi-  informed by source cateyory (30
ments. The characteristidearningcurve is very  train/testsplits,for 0 < 3 < 1).
similar to thatfor the WebKB data— aninterme-

diate setweighting yields significantly betterperformancehanthe purely supervisedr
unsupervisedasesThereis, however, onenotabledistinction:in theseexperimentsthere
is muchlessvariationin accurag for large valuesof  — it almostappearghatthereare
threestableregionsof performance.

3.3 Album recognition from acoustic features

Thethird testuseda proprietarydatasetof acoustigropertieof recordednusic. Thedata
setcontainedl1252recordednusictracksfrom 939albums. Eachobsenationconsisteaf
85 highly-processedcoustideaturesxtractedautomaticallyvia digital signalprocessing.

The goal of this experimentwasto determinewhetherinforming a projectedmodelcould
improve the accurag with which it couldidentify tracksfrom the samealbum. Recalling
Platt’s playlist selectiorproblem[11], this cansene asa proxy for estimatinghow well the
modelcanpredictwhethertwo tracks“belongtogether’by the subjectve measureof the
artistwho created¢healbum.

For theseexperiments) selectedhefirst 8439tracks(3/4 of thedata)for training,assign-
ing eachtrackto be a memberof the setdefinedby the album it camefrom. Many tracks
appearednmultiplealbums(“Bestof..”” andsoundtraclcollections). Theremaining2813
trackswereusedastestdata.

The 85 dimensionalfeatureswere projecteddown into a 10 dimensionalspaceinform-
ing the projectionwith setsdefinedby tracksfrom the samealbum. The relatively low
dimensionof the problempermittedalsorunning OPCA on the datasetfor comparison.
As above, | measuredhefrequeng with which eachtesttrackhadanothettrackfrom the
samealbum asits nearesheighborwhenprojecteddown into this samespace.

While theimprovementsin performancearenot asstriking asthosefrom the previous ex-
perimentsthey arenonethelessignificant(Table1). Onereasorfor the meagetimprove-
mentmay bethatthefeaturedrom which the projectionswerecomputechadalreadybeen



weight B=00|B=05]B=10] OPCA
accuray | 0.1070] 0.1241 | 0.0551 | 0.1340
ratio 0.3859 | 0.3223 | 0.3414 | 0.3144

Table 1: Album recognitionresultsusing 2813 testtracksfrom 316 albums. For each
weighting3, “accurag” is thefractionof timeswhichtheclosestrackto atesttrackcame
from the samealbum; “ratio” indicatesthe averageratio of intra-allum distancego inter-

album distancedn the testset. In all cases,nforming the projectionwith a weight of

B = 0.5 increasesheaccuray anddecreasetheratio of themodel.

manuallyoptimizedfor classificatioraccurag. Interestingly OPCA slightly outperforms
theinformedprojectionfor bothcriteriaon this problem.

3.4 Content, context and connections

Priorwork [3] discussedbuilding joint probabilisticmodelsof adocumenbase usingboth
the contentof the documentsandthe connectiongcitationsor hyperlinks) betweenthem.
A documentbasefrequentlycontainscontext aswell, in the form of documentgrom the
samesourceor by the sameauthor Informedprojectionprovidesaway for usto injectthis
third form of informationandfurtherimprove our models.

Figure5 summarizesheresultsof usingsetinformationto “inform” thejoint content+link
modelsdiscussedn the previous paper Thatwork useda multinomial modelfor its ap-
proximation,sowe cannot usethe equationglefinedin Section2.3. Insteadwe canmake
useof the obsenration of Sectionl.1 to approximatethe informing processby memging
documentdrom thesameset. Figure5 illustratesthatthis procescomplementsheearlier
content+connectionapproachproviding a joint modelof documentcontent,contet and
connections.
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Figure5: (left) Classificatioraccurag of informedvs. uninformedmodelsof separatend
joint modelsof documentontentandconnectionsysingthe WebKB dataset(right) Effect
of addingmoredocumentontext in the form of setmembershipnformationon the Cora
dataset. SeeCohnandHofmann[3] for details.

4 Discussion and future work

The experimentsso far indicatethat addingsetinformationto a low rank approximation
doesimprove the quality of a model, but only to the extent that the informationis used
in conjunctionwith the unsupervisedhformationalreadypresentn the dataset. Theim-
provementin performancés evidentfor contentmodels(suchasLSA), connectiormodels,
andjoint modelsof contentandconnections.



4.1 Futurework

Beyondexperimentghatto clarify theeffect of 3 on modelfitnesstherearemary obvious
directionsfor future work. The first is further exploration on the relationshipbetween
informedPCA andandthevariantsof MDA discussedh Sectionl.1. While thedifferences
aremathematicallystraightforvard, the effect of sum-vs.-raticcriteriabearsfurther study

A secondbroadareafor futurework is the applicationof the techniquesiescribechereto
richerlow rankapproximatiormodels.While this paperconsideredhe effect of informing
PCA, it would befruitful to examineboththe processandeffect of informing multinomial-
basednodels[3, 6], fully-generatve models[1] andlocallinearembedding$14].

A third areafor explorationis the studyof potentialapplicationgfor this approachwhich
includeimprovedrelevancemodeling,directedweb crawling, andpersonalizegearchand
recommendatioacrossawide variety of media.
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