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Abstract

The Indian Buffet Processs a Bayesiamonpaametricapproactthatmodelsob-
jectsasarisingfrom aninbPnitenumberof latentfactors.Herewe extendthelatent
factormodelframework to two or moreunboundedayersof latentfactors.Froma
generatie perspectie, eachlayerdebnes condtional factorial prior distribution
over the binary latentvariablesof the layerbelow via a noisy-ormechanismWe
explorethe propertiesof the modelwith two empiricalstudies onedigit recogri-
tion taskandonemusictag dataexperiment.

1 Intr oduction

The Indian Buffet ProcesgIBP) [5] is a Bayesiamnonparametri@appro@h that modelsobjects as
arising from an unboundednumberof latentfeatures. One of the main motivationsfor the IBP

is the desirefor a factorial representationf dat, with eachelementof the datavectormodelled
independentlyi.e. asa collecion of factorsrather thanasmonolithic wholesasassunedby other
modelingparadigmsuchasmixturemodels.Considemusictagdatacollectedthroughtheinternet
serviceprovider Last.fm. Usersof the servicelabel songsand artistswith descriptve tagsthat
collectively form a representatiorof an artist or song. Thesetagscanthenbe usel to organize
playlistsaroundcertainthemes suchas musicfrom the 80& The top 8 tags for the popularband
RADIOHEAD are: alternative rodk, alternativerock, indie, electionic, britpop, british, andindie
rock. Thetagspointto variousfacetsof the band,for examplethatthey arebasedn Britain, that
they malke useof electronicmusic andthat their style of musicis alternatve and/orrock. These
facetsor featuresarenot mutually exclusive propertiesbut represensomesetof distinctaspectof

theband.

Modeling suchdatawith an IBP allows usto captue the latentfactorsthat give rise to the tags,
including inferring the numberof factorscharacterizinghe data. However the IBP assumeshese
latent featuresare independentacrossobjectinstances. Yet in mary situations,a more compact
and/oraccuratedesciption of thedatacouldbe obtainedif we werepreparedo corsiderdependen-
ciesbetweenatentfactors. Despitetherebeingawealthof distinctfactorsthatcolledively describe
anartist, it is clearthatthe co-occurrencef somefeaturess morelikely thanothers.For example,
factorsassociatedvith thetagalternativearemorelik ely to co-occurwith thoseassociateavith the
tagindie thanthoseassociatedvith tagclassical

The main contribution of this work is to presenta methodfor extending inbnitelatentfactormod-
elsto two or moreunboundedayersof factors,with upperlayer fadors debninga factorial prior
distribution over the binary factorsof the layer below. In this framework, the upperlayer factors
expresscorrelationsbetweenower-layer factorsvia a noisy-ormechanism.Thus our modelmay
beinterpretedasa Bayesiamonparametriwersionof the noisy-ornetwork [6, 8]. In specifyingthe
modelandinferenceschemewe make useof therecentstick-breakingconstructdn of the IBP [10].



For simplicity of presentatioryve focuson atwo-layerhierarcly, thoughthe methodextendsreadily
to higherordercases.We shav how the completemodelis amerableto efbcientinferencevia a
Gibbssamplingprocedureandcompareperformare of our hierarchicalmethodwith the standard
IBP constructioron botha digit modelingtask,anda musicgenre-taggingask.

2 Latent Factor Modeling

Considera set of N objectsor exemplars: x1.n = [X1,X2,...,Xn]. We modelthe nth object
with the distribution x,, | zn 1.6 ,! ! F(Zn, 1.k ! 1.k ), With model parameterd;.x = [! k]E:l

(where! ! H indep. "k) andfeaturevariablesz, 1.x = [znk]{jz1 which we take to be binary:
znk # {0,1}. We denotethe presenceof featurek in examplen asz,x = 1 andits absenceas
Znw = 0. Featuregresentin an objectare saidto be active while absentfeatures are inactive
Collectively, thefeatuesform atypically sparsebinaryN $ K featurematrix, which we denoteas
Z1:N 1:x , OF Simply Z. For eachfeaturek let py bethe prior probabilty thatthe featureis active.
The collectionof K probabilities: ;. , are assumedo be mutually independentanddistributed
accordingo aBeta(" / K, 1) prior. Summarizinghefull model,we have (indep." n, k):

xn | Zn1k ! ! F(znik.!) Zoe | e ! Bernoulli( ) L | ! Beta (K,l)

According to the standarddevelopmentof the IBP, we can maginalize over variablesp;.x and
take the limit K % & to recover a distribution over an unbaundedbinary featurematrix Z. In
the developmentof the inferenceschemeéor our hierarchicaimodel,we make useof analternatve
characterizatiorof the IBP: the IBP stick-breakingconstruction[10]. As with the stick-breaking
constructionof the Dirichlet process(DP), the IBP stick-breakingconstructionprovides a direct
characterizatiorof the randomlatent featureprobabilitiesvia an unboundedsequence.Consider
once again the pPnite latent factor model describedabove. Letting K % & , Z now possesses
an unboundedhumberof columnswith a corresponthg unboundedset of randomprobabilities
[M1, M2, ...]. Re-arrangedh decreasingrder: 1) > W) > ..., thesefactorprobabilitiescanbe

expressedecursvely as: ) = UMkt 1) = [y Ugy, whereU, 14 Beta(", 1).

3 A Hierarchy of Latent FeaturesVia a Noisy-OR Mechanism

In this sectionwe extendthe inPnitelatentfeaturesramework to incorporatenteractionsbetween
multiple layersof unboundedeatures.We begin by debninga bnite versionof the modelbefore
consideringthe limiting process. We considerherethe simplesthierarchicallatent factor model
consistingof two layersof binarylatentfeatures: anupperlayerbinarylatentfeaturematrix Y with

elementsy,,; , anda lowerlayer binary latentfeaturematrix Z with elements z,, . The probability
distribution over the elementsy,; is delPnedas previously in the limit constructionof the IBP:

Ynj |1 ! Bernoulli(y; ), withp; | " ! Beta(" 4/, 1). Thelowerbinaryvariablesz,, arealso
debPnedasBernoullidistributed randomquantities:

Zok | Yn:, Vo ! Bernoulli(1 ' H(l' Yni Vik)) indep." n, k. (1)

i
However, herethe probability thatz,x = 1 is afunction of the upperbinary variablesy,, . andthe
kth columnof the weight matrix V, with probabilitiesV; # [0, 1] connectingy,; to zu. The
crux of themodelis how yy; interactswith z,. via a noisy-ormechanisndePnedn Eq. (1). The
binary y,; modulatesthe involvementof the Vj« termsin the product, which in turn modulates
P(zok = 1] vyn,:, V-x). Thenoisy-ormecharsminteractspositively in the sensehatchangingan
elementy,; from inactive to active canonly increaseP (.« = 1| yn:, Vik), Or leave it unchanged
in the casewhereVj, = 0. We interpretthe active y,, . to be possiblecausesof the activation of
theindividual zyy , " k. ThroughtheweightmatrixV, every elementof Y, 1.; is connectedo every
elementof Z,, 1.k , thusV is a randommatrix of sizeJ $ K. In the caseof bPniteJ andK, an

olvious choiceof prior for V is: Vjk Hd Beta(a,b), "j, k. However, looking aheadto the case

whered % & andK % & , theprior overV will requiresomeadditioral structure.

Recently [11] introducedthe HierarchicalBeta Process(HBP) and elucidatecthe relationshipbe-
tweenthis andthe Indian Buffet ProcessWe usea variantof the HBP to debnea prior overV :

# ! Beta(" /K, K1) Vik | # ! Beta(c#,c(l' #)+ 1) indep."k,j, (2)
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Figurel: Left: A graphicalrepresentationf the 2-layerhierarcly of inPnite binary factormodels. Right:
Summaryof the hierarchicainbnitenoisy-orfactormodelin the stick-breakingparametrization.

whereeachcolumnof V (indexed by k) is constrainedo sharea commonprior. Structuringthe
prior this way allows us to maintaina well behaed prior over the Z matrix aswe let K % &,
groupingthevaluesof V. acrosg while E[#¢] % 0. However beyondtheregion of very small#
(0 < #¢ << 1), we would like the weightsV; ¢ to vary moreindependently Thuswe modify the
modelof [11] to includethe +1 termto the prior over Vi (in Eqg. (2)) andwe limit ¢ (1. Fig.
1 shaws a graphicalrepresentatiomf the complete2-layer hierarchicalnoisy-orfacta model, as
J% & andK % & .

Finally, we augmentthe model with an additionalrandommatrix A with multinomial elements
Ak, assigningeachinstanceof z,x = 1 to anindex j correspondingo the active upperlayer

unit yn; responsiblefor causingthe event. The probability that A, = j is debPnedvia a famil-

iar stick-breakingscheme. By enforcingan (arbitrary) orderingover the indicesj = [1,J], we

canview the noisy-ormechanisndebnedn Eq. (1) asspecfying, for ead z, , anorderedseries
of binary trials (i.e. coin Rips). For eachz,, we proceedthroughthe orderel setof elemets,

{Vik,Ynj }j=1 2...., performingrandomtrials. With probabilityy,; : Vj: k, trial j  is deemed Osuc-
cess@ndwe setzyy = 1, Ak = j , and no further trials are conductedfor {n, k,j > j }.

Conversely with probability (1" ynj: Vj: k) thetrial is deemeca OtilureCandwe move on to trial

j + 1. Sinceall trialsj associatedvith inadive uppetlayer featuresare failureswith probabil-

ity one (becausey,j = 0), we needonly considerthe trials for whichy,; = 1. If, for a given

Znk , all trialsj for whichyy = 1 (actve) arefailures,thenwe setz,, = 0 with probability one.
The probability associatedvith the eventz,x = 0 is thereforegiven by the productof the failure

probabilitiesfor each of the J trials: P(zow = O | Yn,.,V-k) = Hle (1" yn Vjk), andwith

P(zw = 1|yn:,V-k) = 1" P(zok = 0] yn,:, V.x), We amive at the noisy-ormechanisngiven

in Eq. (1). This procesds similar to the samplirg processassociatedvith the Dirichlet process
stick-breakingconstruction[7]. Indeed the processlescribedabore specibes stick-breaking con-

structionof agenerlizedDirichletdistribution[1] overthe multinomialprobabilitiescorresponding
totheA« . Thegeneralizedirichlet distributiondebnedn thisway hastheimportantpropertythat
it is conjugateto multinomial sampling.

With the generatie processspecibedas above, we can debnethe posterior distribution over
the weights V given the assigment matrix A and the latent featurematrix Y. Let Mj, =
ZE::L [(Ank = j) bethenumberof timesthatthej th trial wasasucces$or z. x (i.e. thenumberof

timesyy,; causedheactvationof z,. ) andlet Njy = szl Ynj [(Ank > j), thatis the numberof
timesthatthej -th trial wasafailurefor z. despitey,; beingactive. Finally, let usalsodenotethe

numberof timesy:; is active: N; = S_N_, yy; . Giventhesequantities the posteriordistributions
for themodelparameterg; andV, aregivenby:

i |Y ! Beta("p,/J + Nj,1+ N' N;j) 3)

Vik | Y,A | Beta(ch + Mj,c(1' #)+ Nj+ 1) 4

Theseconjugaterelationshipsare exploited in the Gibbssamplingproceduredescribedn Sect. 4.
By integratingout V; ¢, we canrecover (up to a consant) the posteriordistribution over # :



LI e+ M) (el #) + Ny + 1)

#k A; "KL ' 5
One property of the mamginal likelihoodis that wholly inactive elementsof Y, which we derote
asy.;- = 0, donotimpactthe likelihoodasN;-x = 0, Mj-x = 0. This becomesgarticularly

importantasweletJ % & .

Having debPnedhe bnitemodel,it remainsto take thelimit asbothK % & andJ % & . Taking
thelimit of J % & is relatively straightforvard asthe upperlayerfactormodé naturallytendsto
anIBP:Y ! IBP, andits involvementin the remainde of the modelis limited to the setof active
elementsof Y, which remainspnite for bnite datagts. In takingK % & , the distribution over
theunbounded¥ corvergesto thatof the IBP, while the conditionaldistribution over the noisy-or
weightsV; . remainsimplebetadistributionsgiventhe correspondingi (asin Eq. (4)).

4 |Inference

In this section,we describean inferencestrategyy to drav samplesrom the modelposteror. The
algorithmis basedointly on the blocked Gibbssamplingstrateyy for truncatedDirichlet distribu-
tions [7] andon the IBP semi-orderedslice sanpler [10], which we employ at eachlayer of the
hierarcly. Becauseboth algaithms arebasedon the stratayy of directly samplinganinstantiation
of themodelparametergheir usetogethempermitsusto debneanefbdent extendedblocked Gibbs
samplerover the entiremodelwithout approximation.

To facilitate our descriptionof the semiorderedslice sampley we separateu;.4 into two sub®ts:
qu': 3+ andpf.y, ,Whereul ;+ arethe probabilitiesassociateavith the setof J* active upperlayer
factorsY* (thosethatappeamtleastoncein thedataseti.e. *i :yi}' = 1L,2( j%( It)andul.,
areassociateavith the unbourdedsetof inacive featuresY © (thosenot appearingn the dataset).
Similarly, we separatét.» into #I:K + and#).,, , andZ into correspondin@ctive Z* andinactive
Z° whereK * is thenumberof active lower-layerfactors.

4.1 Semi-orderedslicesanpling of the upper-layer IBP

ThelBP semi-orderedlice samplemaintainsanunorderedetof act'weyI:N 1.3+ With correspond-

ing uLJ + andVy.5+ 1.« , while exploiting the IBP stick-breakingconstructiorto samplefrom the
distribution of orderedinactive features,up to an adaptvely chosentruncationlevel controlledby
anauxiliary slicevariables, .

Samplesy. Theuniformly distributedauxiliary slice variabless, controlsthetruncationlevel of
the uppetlayer IBP, wherep is debnedasthe smallestprobability 4 correspondingo an active
feature:

Sy | Y,pux ! Uniform(0,p’), H = min {1, min ur} (6)

1%j " %J +

As discussedn [10], the joint distribution is given by p(sy, 1% ,Y) = p(Y,H1s ) $ p(sy |
Y, U4 ), wheremauginalizing over s, preseresthe original distribution over Y andpy.4 . How-
ever, givensy, the conditionaldistribution p(ynj - = 1| Z,sy,l1# ) = 0O for all n, j ¥ suchthat
Hj- < sy. Thisis thecruxof the slice samplingapproachEachsamples, adaptvely truncateghe
model,with p1.; > sy. Yetby mamginalizing over sy, we canrecoser samplesrom the original
non-truncatedlistribution p(Y, p1.# ) withoutapproximation.

Samplep?.;.. Fortheinactive featureswe useadaptve rejectionsampling(ARS) [4] to sequen-
tially draw anorderedsetof J° posteriorfeatureprobabiliiesfrom thedistribution:

N
P(HP | 1Y) 1.¥%; = 0)) exp ("uZ,f“' “?)n> A7) R MO C Wy C i),
n=1

until pS.,, < sy. Theabove expressionarisesfrom usingthe IBP stick-breakingconstructbn to
maiginalize over the inactive elementsof p. [10]. For eachof the J° inactive featuresdrawnn, the



correspondmgeaturesyl n.1:30 areinitialized to zeroandthe correspondingveight V¢, ;. are
sampledrom their priorin Eqg. (2). With the probabilitiesfor boththe active anda truncatedsetof
inactive featuressampledthe setof featuresarere-integratedinto asetof J = J* + J° features

= [Vin 1.9+ Yin,1:50] With probabilitiesps:y = [u7.;.,19.50], and correspondingveights

VT = [V, + 1K )T (V250 1) T

SampleY. Giventheupperlayerfeatureprobabilitiesys.;, weightmatrixV, andthelower-layer
binaryfeaturevaluesz, , we updateeachy,; asfollows:

K
PO = 111,200 1)) %Hp(znk 1Yo = LYnaj s Vik) @)
k=1
Thedenominatopt™ is subjectto changef changingy,; inducesachangein u* (asdePnedn Eq.
(6)); yn, Aj representsll elementsy, 1.3 exceptyy The conditionalprobability of the lowerlayer
binaryvariabless givenby: p(znk | Yn, -, Vox) = (1 Hj @' yn Viv)).

Sampleu; ;+- Onceagainwe separater andpy.x into a setof active features:Y ™ with prob-
abilities 7., , ; anda setof inactive featuresY © with pg., . Theinactive setis discardedvhile the
actvesetof 7., , areresampld from theposteriodistribution: uf | yfj I Beta(N;,1+N" Nj).
At this pointwe alsoseparatéhe lower-layerfactoss into anactive setof K + factorsZ* with cor
responding. +’V1+:J+,1:K + anddatalikelihoodparaméers! * ; andadiscardednactive set.

4.2 Semi-orderedslicesanpling of the lower-layer factor model

Samplingthe variablesof the lower-layer IFM modelproceedsindogouslyto the uppetrlayer IBP.
However the presencef the hierarchich relationshp betweenthe #, andthe V. (asdebnedn
Egs.(3) and(4)) doesrequiresomeadditionalattention.We proceedoy makinguseof themamginal
distribution over theassignnentprobabilitiesto debPnea secondauxiliary slice variable, s, .

Samples,. Theauxiliary slicevariableis sampledaccordng to thefollowing, where#' is debned
asthe smallestprobability correspondingo anactive feature:

Sz | Z,#14 ! Uniform(0,# ), # = min {1, min #;}
1%k " %K +

Sample#].c .. Givens, andY, the randomprobabilitiesover the inactive lower-layer binary
features#;., , aresampled;equentlallyo draw asetof K © featureprobabilities,until #¢ o+1 < s;.
Thesamplesaredravn accordng to thedistribution:

!
I(cX# ')+ Nj)

o o + o _ " On o] oyl —1
Pl [ M-, Y, Z25c=0) b 10" 1" T g) (Yx) . (L # 19) $
I
\d | c N1-+>(4.+NJ _Xi 1 :
exp - ﬁ we " Ta#ID & ®
=1 J i=0 I=1

Eq. (8) arisesfrom the stick-breakingconstructionof the IBP and from the expressionfor
P(z%, = 0] #,Y") dervedin the supplementarynaterial[2]. Herewe simgy notethatthe
w; areweightsderived from the expansionof a productof termsinvolving unsignedStirling num-
bersof thebrstkind. Thedistribution overtheorderednactive featureds log-concaein log #, and
is thereforeamenabldo efbcientsamplevia adaptve rejectionsampling(aswasdonein sampling
He.;.). Eachof theK © inactive featuresareinitialized to zerofor every dataobject,Z° = 0, while
the corresponding/® andlikelihood parametersd © are dravn from their priors. Once the #;.¢ o
aredrawn, both the active andinactive featuresof the lower-layer arere-integratedinto the setof
K=K*"+K?®° featuresZ = [Z*,Z°] with probabilitiesth.x = [#. ., #2x -] andcorresponding
weightmatrixV = [V’ 3+ 1k +0 Vit 1.k o] @andparameters = [, 1°].



SampleZ. GivenY ™ andV weuseEq. (1) to specifytheprior overz;.y 1.k ' . Then,conditional
onthis prior, thedataX andparameters$, we samplesequentiallyfor each z :
0 1

+

. w1 Y R
P(zak | Yn o Vik s Zn o #1) = = @1 (L# v VIOA F (Xn | 20,2, #),
i .

wheref (X, | z,,.,!) is thelikelihoodfunctionfor the nth dataobject.

SampleA. Givenzy, Yy, . andV. ., we draw the multinomial variableA to assigrresponsibil-
ity, in theeventzy = 1, to oneof theupperlayerfeauresy;j ,

= #
P(Ank = |zk = Lyn ., Vo) = Vik (L# yni Vik) )
i=1
andif yj, - = 0, "j$>j ,thenp(An = j |z = Lys . Vi) = T[Ty *(1" v Vi) to ensure
normalizationof thedistribution. If zx = O,thenP (A = &) = L

SampleV and #I:K +. ConditionalonY*, Z andA, theweightsV areresampledrom Eq. (4),
following the blocked Gibbssamplingprocedureof [7]. Giventhe assignmenté, the posteriorof
#: is given (up to aconstantpy Eq. (5). This distribution is log concae in #; , thereforewe can
onceagnin useARS to draw sanplesof theposteriorof #; , 1 ( k ( K*.

5 Experiments

In this section, we presentwo experimentso highlight the propertiesand capabilitiesof our hier-

archicalinbnitefactormodel. Our goalis to assessin thesetwo casestheimpactof includingan
additionalmodelinglayer. To this end,andin eachexperimentwe compareour hierarctical model
to theequivalentIBP model.In eachcasehyperparametararespecibedvith respecto theBP (us-
ing cross-alidationby evaluatingthelik elihood of a holdoutset)andheld Pxedfor the hierarchical
factormodel. Finally all hyperparametersf the hierarchicaimodel thatwerenot maginalizedout
wereheld constanover all experimentsjn particularc= 1and", = 1.

5.1 Experiment|: Digits

In this experimentwe took examplesof imagesof hand-witten digits from the MNIST dataset.
Following [10], thedatasetonsistedf 1000examplesof imagesof thedigit 3 wherethe handwrit-
tendigit imagesare brstpreprocesselly projectingonto the brst64 PCA components.To model
MNIST digits, we augmentboth the IBP andthe hierarchicalmodelwith a matrix G of the same
sizeasZ andwith i.i.d. zeromeanandunit varianceelements. Eachdataobject, x,, is modeled
asixp | Z,G,!,$2! N((zn:+ on:)!, $21) where+ is the Hadamardelement-wiseproduct.
Theinclusionof G introducesanadditionalstepto our Gibbssamplirg procedurehowever therest
of the hierarchicalinPnity factormodelis asdescribedn Sect. 3. In orderto assesshe success
of our hierarchicallFM in capturinghigherorderfactorspresentin the MNIST data,we consider
a de-noisingtask. Randomnoise(std=0.5)wasaddedto a post-processetestsetandthe models
wereevaluatedin its ability to recover the noise-freeversionof a setof 500 examplesnot usedin
training. Fig. 2 (a) presentacomparisorof thelog lik elihoodof the(noise-free}est-sefor boththe
hierarchicaimodelandthe IBP model. The bgureshaws thatthe 2-layernoisy-ormodelgivessig-
nibcantlymorelik elihoodto the pre-corrupéd datathanthe IBP, indicatingthatthe noisy-or model
wasable to learn usefulhigherorderstructurefrom MNIST data. Oneof the potentialbenebtf
the style of modelwe proposehereis thatthereis the opportunityfor latentfactorsat onelayerto
sharefeaturesat alower layer Fig. 2 illustratesthe conditionalmodeof the randomweight matrix
V (conditionalon a sampleof theothervariablesyandshavs thatthereis signibcansharirg of low-
level featureshy the higherlayerfactors.Fig. 2 (d)-(e) comparethe featuregsampledrows of the
I matrix) learnedby boththe IBP andby the hierarchicalnoisy-orfactormodel. Interestingly the
sampledeaureslearnedn thehierarchicaimodelappeato beslightly more spatiallylocalizedand
sparseFig. 2 (f)-(i) illustratessomeof the maginalsthatarisefrom the Gibbssamplinginference
process.Interestingly the IBP modelinfers a greatemumberof latent factorsthat did the 2-layer
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Figure2: (a) Thelog likelihoodof a de-noisedestset.Corrupted(with 0.5-stdGaussiamoise)versionsof
testexamples wereprovidedto thefactormodelsandthelik elihoodof the noise-freetestsetvasevaluatedfor
both an IBP-basedmodelaswell asfor the 2-layernoisy-ormodel. The two layer modelshovn substantial
improvementin log likelihood. (b) Reconstructiorof noisy examples.The top row shavs the original values
for a collectionof digits. The seondrow shaws their corruptedversionswhile thethird andfourth row shav
thereconstructionor theIBP-basednodelandthe 2 layernoisy-orrespectiely. (c) A subsebf theV matrix.
Therows of V areindexed by j while the columnsof V areindexed by k. The vertical striping patternis
evidenceof signbcantsharingof lower-layerfeauresamongthe uppetrlayerfactors.(d)-(e) Themostfrequent
64 featureg(rows of the # matrix) for (d) the IBP andfor (e) the 2-layerinpnite noisy-orfactormodel. (f) A
comparisorof the distributionsof the numberof active elemants betweerthe IBP andthe noisy-ormodel. (g)
A comparisorof the numberof active (lower-layer) factorspossessetly an objectbetweenthe IBP andthe
hierarchicaimodel. (h) the distribution of upperlayeractive factorsand(i) the numberof active factorsfound
in anobject.

noisy-ormodel(atthe brstlayer). However, the distribution over factorsactive for eachdataobject
is nearlyidentical. This suggestshe possibility thatthe IBP is maintainingspecializedactorsthat
possiblyrepresent superpositiorof frequentlyco-occurringfactorsthat the noisy-or model has
capturedmorecompactly

5.2 ExperimentIl: Music Tags

Returningto our motivating examplefrom the introduction, we extractedtagsandtag frequencies
from thesocialmusicwebsitel astfm usingthe Audioscrobblemwebservice.Thedatais in theform
of countg of tag assignnentfor eachartist. Our goalin modelingthis datais to reducethis often
noisy calection of tagsto a sparseepresentatiofor eachartist. We will adopta differentapproach
to the standard_atent Dirichlet Allocation (LDA) documentprocessingstratgly of modelingthe
documen®or in this casetag collectionbashaving beengeneratedrom a mixture of tagmultino-
mials. We wishto distinguishbetweeranartist thateveryoneagreess bothcountryandrock versus
anartistthatpeoplearedividedwhetherthey arerock or country

To this end,we canagain make useof the conjugatenoisy-ormodelto modelthe countdatain the
form of binomial probabilities,i.e. to the modeldebnedn Sect. 3, we addthe randomweights

Wi 19 Beta(a,b)," k.t connectingZ to the dataX via the distribution: X, ! Binomial(1"
[I@" zwW),C) whereC is thelimit onthe numberof possiblecountsachiesable. This would
correspondo the numberof peoplewho ever contrituted a tag to that attist. In the caseof the
Last.fmdataC = 100. Maintainingcorjugacy over W will requireusto addanassignmenparameter

The publicly availabledatais normalizecto maximum value 100.
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Bnt whoserole is analogougo Ak . With the modelthusspecibedye presenta datasebf 1000
artistswith a vocahulary size of 100tagsrepresentinga total of 312134counts Fig. 3 shows the
resultrunningthe Gibbs samplerfor 10000iterations. As the bgureshaws, both layersare quite
sparse Generally mostof the featuredearnedin the brstlayeraredominatedby oneto threetags.
Most featuresat the secondayer cover a broaderangeof tags. The two mostprobablefactorsto
emepeattheupperlayerareassociateavith thetags(in orderof probability):

1. electronic, electronica, chi llout, ambient, experimental
2. pop, rock, 80s, dance, 90s

Theability of the 2-layernoisy-ormodelto capturehigherorderstructurein the tag datawasagain
assessethougha comparisorto the standardBP usingthe noisy-orobsenration modelabove. The
modelwasalsoconparedagainsta morestandardatentfactor modelwith thelatentrepresentation
%k modelingthedatathroughagenealizedlinearmodel: X ! Binomial(Logistic(%,.0.;), C),
wherethe function Logistic(.) is the logistic sigmoid link function and the latentrepresentation
%k ! N(O," ») arenormally distributed. In this case,inferenceis performedvia a Metropolis-
HastingdMCMC methodthatmixesreadily. Thetestdatawasmissing90%of thetagsandthemod-
elswereevaluatedby their successn imputingthe missingdatafrom the 10%thatremained Here
acain, the 2-LayerNoisy-Ormodelachieredsuperiomperformanceasmeasuredby themamginallog
likelihoodon a hold out setof 600artist-tagcollections.Interestinglyboth sparsenodelsbthe IBP
andthe noisy-ormodelbdramatically out performedthe generalizedatentlinearmodel.

Method NLL
Gen.latentlinearmodel(BestDim =30) 8.7781e0% 0.02e05
IBP 5.638e05 0.001e05
2-LayerNoisy-OrlIFM  5.542e6 + 0.001e05

6 Discussion

We have debneda noisy-or mechanisnthat allows one inbnite factormodelto act asa prior for
anotherinbnite factor model. The model permitshigh-orderstructureto be capturedin a factor
modelframeavork while maintaining an efecientsamplingalgorithm. The modelpresentedhereis
similarin spirit to thehierarchicaBetaprocess|11] in thesensethatbothmodelsdebneahierarcly
of unbowndedlatentfactormodels. However, while the hierardical Betaprocesscanbe seenasa
wayto groupobjectsin the data-setvith similarfeaturespur modelprovidesawayto groupfeatures
thatfrequentlyco-occurin the data-set.lt is perhapamoresimilar in spirit to the work of [9] who
alsosoughta meansof associting latentfactorsin anIBP, however theirwork doesnot actdirectly
ontheunboundedinaryfactorsasoursdoes.Recentlythe quesion of how to debnea hierarchical
factormodelto inducecorrelationdetweerower-layerfactorswasaddressedy [3] with their IBP-
IBP model. However, unlike our model,wherethe dependenciemducedby the upperlayerfactors
via annoisy-or mechanismthe IBP-IBP modelmodelscorrelationsvia an AND constructthrough
theinteractionof binaryfacbrs.
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