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Abstract

Dirichlet ProcesgDP) mixture modelsare promising candicatesfor clustering
applicatims wherethe numter of clustersis unkrmown a priori. Due to compu
tational consideréions thesemodelsare unfortunatelyunsutable for large scale
data-nining applicatiors. We propcse a classof determiristic acceleraté DP
mixture mocelsthatcanroutindy hande millions of data-casesThe speedups
achieved by incorporating kd-treesinto a variaional Bayesianalgoithm for DP
mixturesin the stick-breakingrepresentation similar to that of Blei and Jordan
(20). Our algorithm differs in the useof kd-treesandin the way we hande
truncation: we only assumehatthe variational distributions are x edattheir pri-
orsaftera certainlevel. Expeimentsshon thatspeedpsrelative to the standard
variatinal algoiithm canbesigni cant.

1 Intr oduction

Eviderced by threerecentworkshgs', norparametic Bayesianmethals are ganing popularity
in the machire learningcommurity. In eachof theseworkshopscomputational ef ciency was
mentiored asan important directionfor future research.In this paperwe proposecomputational
speedup for Dirichlet ProcesgDP) mixture models[1, 2, 3, 4, 5, 6, 7], with the purposeof im-
proving their applicalility in moden daydata-miring problenswheremillions of data-caseareno
exceqion.

Our appoachis relatedto, andcomplements the variatioral mean- eld algoiithm for DP mixture
modds of Blei and Jordan[7]. In this appioach,the intractableposteior of the DP mixture is
apprximatedwith afactorizel variatioral nite (truncated)mixture modelwith T componentsthat
is optimized to minimize the KL distanceto the posterior However, a downsideof their mocel is
thatthe variatinal familiesarenot nestedover T, andlocatingan optimd truncdion level T may
bedif cult (seeSection3).

In this paperwe proposean alternatve variatioral mean-eld algaithm, called VDP (Variatioral
DP), in which thevariaticnal familiesarenestedover T. In our modelwe allow for anunbaindel
numter of compamentsfor thevariatioral mixture, but we tie the variational distributions afterlevel
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T to their priors. Our algorithm proceed in agreedymamerby startingwith T = 1 andreleasing
compmnentswhenthis improves (signi cantly) the KL bourd. Releasings mosteffectively dore
by splitting a commnentin two childrenandupdatingthemto convergence. Our appr@achessen-
tially resoles theissuein [7] of searchingor anoptimaltruncation level of the variatianal mixture
(seeSectiond).

Additionally, a signi cant contrikution is thatwe incorporatekd-treesinto the VDP algorithm asa
way to speedup corvergence[8, 9]. A kd-treestructurerecusively partitiors the dataspacento a
numter of nodes,whereeachnocke containsa subsebdf thedata-cased-ollowing [9], for agiventree
expansionwe tie togethertheresposibility over mixture comppnentsof all data-casesortainedin
eachouternodeof thetree. By cachirg certainsufcient statisticsin eachnode of the kd-treewe
thenachieve compuational gains,while the variational appioximationbecoms a function of the
depthof thetreeat which oneopeates(seeSection6).

The resulting Fast-VDP algorithm provides an elegant way to trade off compuational resouces
agairst accurag. We canalwaysreleasenew commpnentsfrom the pod andsplit kd-treenodesas
long aswe have computationalresouresleft. Our setupguaranteeshatthis will always (at least
in theory) improve the KL bound (in practicelocal optima may force us to reject certainsplits,
seeSection7). As we empiricallydemorstratein Section8, akd-tree canoffer signi cant speedps,
allowing our algorithm to hardle millions of data-caes. As a result, Fast-VDPis the rst algo-
rithm entertaiiing an unbounded numter of clustersthat is practicalfor modernday data-nining
applications.

2 The Dirichlet ProcesdMixtur ein the Stick-Breaking Represertation

A DP mixture modelin the stick-breaking representatiorcan be viewed as possessingn in nite
numter of compamentswith random mixing weights[4]. In particdar, the geneative model of aDP
mixture assumes:

An in nite collectionof compnentsH
priorp ( ij ) with hyperparameters .
Anin nite collectionof sticklengtrs'V = fvigL, ,v 2 [0;1]; 8i, thatareindependenly
drawn from a prior py(vij ) with hyae_rparaneters . They de ne the mixing weights
f igk, ofthemixtureas (V) = v J!:11(1 vj),fori=1;:::;1.

f igl, thatareindependentlydrann from a

An obsenationmodelpy (xj ) thatgenerates datumx from compnent .
GivenadatasetX = fx,g\., , eachdata-caex, is assumedo be geneatedby rst drawing a

k(V), andthendrawing x,, from the correspondiig obsevationmodel py (Xnj «)-

We will deroteZ = fz,g\_; thesetof all labels,W = fH;V;Zg thesetof all latentvariables
of the DP mixture,and = f; g the hyperparaneters. In clusteringproblemswe are mainly
interestedn gompuing the ppsterio over datalabelsp(z,jX; ), aswell asthe predctive density
p(xjX; ) = ey pP(xjH;V) , p(WjX; ); whicharebothintractablesincep(WjX; ) canna be
computedanalytically

3 Variational Inferencein Dirichlet ProcesdMixtur es

For variatioral infererce, the intractalte posteriorp(WjX; ) of the DP mixture canbe appoxi-
matedwith a paranetric family of factorizedvariational distributionsq(W; ) of theform

¥ h Iy
qwi )= avi DA i) %, (Z0) @)
i=1 n=1
whereqy, (vi; ) andq, ( i; ;) areparanetric mocelswith paraneters  and ; (one paraméer

peri), andq,, (z,) arediscretedistributions over the compmentlabels(one distribution per n).
Blei andJordan [7] de ne anexplicit truncationlevel L T for the variational mixture in (1) by
settingq,; (vr = 1) = 1 andassuminghat data-caseassignzerorespmsibility to compnents



with index higher thanthetruncationlevel T, i.e.,q;, (z» > T) = 0. Consequetty, in their model
only compnentsof the mixture up to level T needto be consideed. Variationalinfererce then
consistsn estimatingasetof T paraneters V; ; g'.; andasetof N distributionsf g, (z,)g}-; ,
collectively denotedby , thatminimize the KullbackLeibler divegenceD[q(W; )jip(WjX; )]
betweerthetrue posteriorandthe variatioral approimation, or equivalentlythatminimize thefree
enegy F( ) = Eqllogg(W; )] Egllogp(W; X j )]. Sinceeachdistribution g, (zn) hasnorzero
suppat only for z, T, minimizing F () resultsin a setof updateequatioms for thatinvolve
only nite sumg[7].

However, explicitly truncading the variatioral mixture as above hasthe undesirale property that
the variaticnal family with truncaion level T is not cortainedwithin the variationa family with
truncaion level T + 1, i.e., thefamiliesarenot nestec® Theresultis thattheremaybe anoptimal
nite truncationlevel T for g, thatcontradcts the intuition thatthe more commnentswe allow in
g the betterthe appioximation shouldbe (readiing its bestwhenT ! 1 ). Moreover, locatinga
nearoptimal truncationlevel maybedif cult sinceF asafunction of T may exhibit local minima
(seeFig. 4in [7]).

4 Variational Inferencewith an In nite Variational Model

Herewe propaseaslightly differentvariationd mocel for q thatallows familiesover T to benested.
In our setup,q is givenby (1) wherewe let L goto in nity but we tie the paranetersof all mod
els after a specic level T (with T L). In particdar, we imposethe condition that for all
commnentswith index i > T the variatioral distributions for the stick-lergths gy, (vi) andthe
variatioral distributions for the compnernis g , ( ;) are equalto their correspnding priors, i.e.,
o (vi; ') = pv(vij )andqg . (i; ;) = p (ij ). Inourmocel we de ne thefreeenegy F as
thelimit F = lim_y F_, whereF_ is the free enegy de ned by q in (1) anda truncatedDP
mixture at level L (justi ed by the almostsurecorvergence of anL -truncatedDirichlet processto
anin nite Dirichlet processwhenL! 1 [6]). Usingtheparanetertying assumptiorfori > T, the
freeenegy reads
X v . X
F = Eqv- |ogq\/i(vlv_ |) q|( I’. |) + Eq Iog _an(Zn) :
o Py (Vij ) p (i) et Pz(znjV)Px (Xn] z,)
In ourschemdl de nesanimplicit truncationlevel of thevariationalmixture, sincetherearenofree
pararretersto optimize beyond level T. As in [7], thefreeenegy F is a function of T paraneters
f V; g, andN distributions f o, (zn)gh-, . However, contray to [7], data-casesnay now
assignnonzeo responsibilityto compnentsbeyondlevel T, andtherefae eachq,, (z,) mustnow
have in nite suppat (which regurescompuing in nite sumsin the various quantities of interest).
An importart implication of our setupis thatthe vaiational familiesare now nestedwith respect
to T (sincefori > T, q, (vi) andqg,( i) canalwaysrevert to their priors), andasa resultit is
guaranteedthataswe increaserl thereexist solutionsthatdecreasé . Thisis animportantresult
becauset allows for optimizationwith adaptve T startingfrom T = 1 (seeSection7).

1 (@

Eq, log

¢Fromthelasttermof (2) we directly seethattheq,, (z,) thatminimizesF is givenby
eXp(sn'i )

G, (zn = i) = P—Jlm 3)
where
Sni = Eq, [logp;(za = ijV)] + Eq, [logpx(Xnj i)]: (4)

Minimization of F over ! and ; canbe carriedout by directdifferentiationof (2) for particuar

choicesof modelsfor gy, andq , (seeSection5). Usingg,, from (3),thefreeenepy (2) reads

X Y . X X
& (vi; ) q,(i; ;)

F = Eq, log————= —_ lo exp(Sni): (6
- Qv g pV(V|J ) pP( |J ) - gi:l p( n,l) ( )
EVBJU&IOH of F requirescomputing the in nite sum l —; exp(Sn;i ) in (5). Thedif cult partis
iz T+ €Xp(Sn;i ). Underthe paranetertying assumpt|orfor| > T, mosttermsof Sy, in (4)

+ Eq, log

2\We thankDavid Blei for pointingthis out.



ctorout of the in nite sum as constantg(sincethey do not degend on i) exceptfor the term

}:1T+1 Ep flogl Vv)] = (i 1 T)Ep[log(d v)]. Fromtheabove,thein nite sumcan
beshavnto be
x exp(Sn;T +1)

exp(Sni) = :
N . 1 exp Ep,[logl V)]

Usingthe variational (W) asanapprximationto thetrue posterio p(WjX; ), therequred pos-
terior over datalabelscanbeappoximatedby p(znjX; ) @, (zn). Althoughq,, (zn) hasin nite
suppat, in practiceit sufces to usetheindividual g, (z, = i) for the nite parti T, andthe
cumdative ¢, (zo > p) for thein nite part. Finally, usingthe parametetying assumptia for
i > T, andtheidentity i1:l i(V) = 1, thepredctive densityp(xjX; ) canbeapproaimatedby
. x— . h %— I .
p(XjX; ) Ea [ i(V)IEq, [Px(xj )]+ 1 Ep [ i(V)] Ep [x(xj )]: (V)
i=1 i=1

Notethatall quantitiesof interestsuchasthefree enegy (5) andthe predctive distribution (7), can
be compuedanalyticallyeventhowgh they involvein nite sums.

(6)

5 Solutionsfor the exponentialfamily

Theresultsin the previoussectionapplyindependetly of the choiceof modelsfor the DP mixture.
In this sectionwe provide analyticalsolutiors for mocelsin the exporentialfamily. In particularwe
assumehatpy (vij ) = Beta 1; 2) andq, (vi; ') = Betd {';; V,),andthatp(xj ),p ( ] ),
andq . ( i; ;) aregivenby

px(xj ) = h(x)expf Tx a()g 8
p(i)=h()expf 1 + 2( a()) a()g ©)
a.Ci; )=hCi)expf .. i+ ;,( aCi) al;)o (10)
In this casethe probabilitiesq,, (z, = i) aregivenby (3) with Sp; computedfrom (4) using
Eq, logvil= ( {1 ( i1+ i2) (13)
Eq, llogl v)I= ( 2 ( i1+ i2) 12
Eq i llogpx(Xnj )] = Eq i [ i]TXn Eq ; [a( i)] (13
where () isthediganmafunction. Theoptimalparaneters V;  canbefound to be
X _ XX .
1= 1t G (zn =) 2= 2% G, (zn = ]) (14
n=1 n=1j=i+l
>(\I . X\l .
1= 1t G, (Zn = D)X 2= 2t G (zn =) (19
n=1 n=1
The updateequationsare similar to thoseinF{q exceptthatwe have usedBetdq 1; ») insteadof
Betgl, ),and j, involvesanin nite sum i=ie1 G (zn = j) whichcanbecomptedusing(3)

and(6). In [7] thecorresponihg sumis nite sinceq,, (z,) istruncatedatT .

Notethatthe VDP algoiithm operatesn a spacewherecomponentlabelsaredistinguishale, i.e.,
if we permue the labelsthe total prabability of the datacharges. Sincethe average a priori mix-
ture weightsof the commpnentsare ordeed by their size, the optimal labelling of the a posteriai
variatioral conponerts is alsoordereal accordimg to clustersize. Hence we have incorporateda re-
ordeing stepof compaentsaccoding to apprximatesizeaftereachoptimization stepin our nal

algorithm (afeatue thatwasnot presentn [7]).

6 Acceleratinginferenceusing a kd-tr ee

In this sectionwe shav thatwe canachieve acceleratedhferencefor large datasetsvhenwe store
thedatain akd-tree[10] andcachedatasufcient statisticin eachnodeof thekd-tree[8]. A kd-tree



is abinary treein which the root nodecontainsall poirts, andeachchild nodecontainsa subsebf
thedatapointscortainedin its fathernode, wherepointsareseparatedby a (typically axis-alighed)
hyperplane Eachpoirt in the setis contaired in exactly onenode, andthe setof outernodesof a
givenexpansionof thekd-tree form a partition of thedataset.

Suppaethe kd-treecontaining our dataX is expardedto somelevel. Following [9], to achieve
acceleratedipdate equatiors we constrainall X, in outernodeA to sharethe sameq,, (z,)
Oz, (za). We canthenshaow that,under this constraintthe g, (za) thatminimizesF is givenby

- exp(Sa;i )
(Za=i)y= P—— 16
Grn (24 = 1) I exp(Sa; ) (16)
whereS,; is computedasin (4) using(11)—(13 with (13)replacelby Eq [ ilThia Eq JaC ol
andhxi 5 derotesaverageover all datax, containgl in nodeA. Similarly, if jnaj is the number of
datain nodeA, the optimal paraneterscanbe shavn to be

X . . . X . . X .

1= 1+ jnajG, (za =) F2= 2+ naj o (za =) (17)
A A j=i+l
X X

i1= 1+ [NaAjGg, (Za = i)Xia i2= 2% [NaAjGg, (Za = 0): (18
A A

Finally, usingq,, (za) from (16)thefreeenegy (5) reads

X SPNY o X
F: ECIvi |qu‘/i (VI’ I) qpl(( Ii’j I))

- pv(Vij )

Thein nite sumsin (17) and(19) canbecomputedfrom (6) with Syt +1 replacedy Sa-t +1 . Note
that the costof eachupdatecycle is O(TjAj), which canbe a signi cant improvemen over the
O(TN) costwhennot usinga kd-tree. (The costof building the kd-treeis O(N logN) but thisis
amortizel by multiple optimizationsteps.) Note thatby re ning the tree (exparding outernodes)
the free enegy F cannd increase.This allows usto contrd the tradeeff betweencomputational
resoucesand appoximation: we canalways choceto descendhe tree until our computational
resoucesrun out,andthelevel of appoximationwill bedirectlytiedto F (deepetevelswill mean
lowerF).

b3
jnajlog exp(Sa;i ): (19
A i=1

Eq, log

7 The algorithm

Thepropasedframenork is quitegeneralndallows e xibility in thedesignof analgorithm Below
we shaw in pseudoodethe algorithmthatwe usedin our experiments(for DP Gaussiammixtures).
Input is a datasetX = fx,g\.; thatis alreay storedin a kd-treestructure Outpu is a setof
paranetersf V; , g, andavaluefor T. Fromthatwe cancompiteresposibilities g, using(3).

1. SetT = 1. Expandthekd-treeto someinitial level (e.g.four).

2. Sampleanumbe of “candidatecomponatsc accordingo size  , jnajg, (za = ¢), andsplitthe
comporentthatleadsto the maximalreductionof Fr . For eachcandidates do:

(a) Expandone-level deepetheouternodesof thekd-treethatassigrto c thehighestresponsibity
G, (za = ¢) amongall componats.

(b) Split cin two comporents,i andj, throughthe bisectorof its principalcomponat. Initialize
theresponsibilitiesy,, (za = i) andg, (za = j).

(c) Updateonly Sa;i , {; ; andSaj, |; ; for thenew comporentsi andj, keeging all other
parameteraswell asthe kd-treeexpansion®xed.

3. UpdateSa: ; t; . forallt T + 1, while expandingthekd-treeandreorderingcompaments.
4. If Fra > Fr thenhalt, elsesetT := T + 1andgoto step2.

In the above algorithm the numbe of sampledcandidhite compaentsin step2 canbe tunedac-
cordirg to thedesiredcost/accuractradedf. In our experimentswve used10 candicatecompnents.
In step2b we initialized the responsibilitiedy q,, (za = i) = 1 =1 @, (za = J) if Xia is
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Figure 1: Relatve runtimesandfreeenegiesof Fast-VDR VDP, andBJ.
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Figure 2: Speedugfactorsand free enegy ratios betweenFast-VDP and VDP. Top and bottan
gures shav speedpsandfreeenepy ratios,respectiely.

closertoi thanto ] (accoding to distanceto the expected rst momern). In order to speedup the
partialupdatesin step2c, we additiorally setq,, (za = k) = Oforallk 6 i; ] (soall respomsibility
is sharedbetweernthe two new components).In step3 we reorceredcomponentsevery onecycle
andexpandedhekd-treeevery threeupdatecycles,contrdling the expansionby therelative chang
of g, (za) betweena nodeandits children (alternatvely one canmeasurehe changeof Fr.1 ).
Finally, in step2c we monitored corvergenceof the partial updatesthrough Fr.; which canbe
efciently compuedby addingsubtractingermsinvolving the new/old commpnents.

8 Experimental results

In this sectionwe demmstrateVDP, and its kd-tree extersion Fast-VDR on syntheticand real
datasets.In all experimentswe assumedh Gaussiarobsenation model px (xj ) anda Gaussian-
inverseWishartforp ( j ) andqg,( i; ;).

Synthetic datasets. As amguedin Section4, animportant adwentageof VDP over the 'BJ' algo-
rithm of [7] is thatin VDP the variational familiesare nestedover T, which ensureghat the free
enegy is amonotmedecreasindunctionof T andtherebreallows for anadaptve T (startingwith
the trivial initialization T = 1). On the contary, BJ optimizes the parametes for x ed T (and
potertially minimizestheresultingfreeeneny over differentvaluesof T), whichrequresanortriv-
ial initialization stepfor eachT. Clearly, both the total runtime aswell asthe quality of the nal

solutionof BJ depenl largely onits initialization step,which makesthe direct comgarisonof VDP
with BJ dif cult. Still, to geta feeling of the relative perfamanceof VDP, Fast-VDR andBJ, we
appliedall threealgorithirs on a syntheticdatasetontairing 1000 to 5000 datacasesampledrom
10 Gaussiansn 16 dimersions,in which the free paranetersof BJ were setexactly asdescribe
in [7] (20initializationtrialsandT = 20). VDP andFast-VDPwerealsoexecuteduntil T = 20. In
Fig. 1 we shov the speedugactorsandfree enegy ratios’ amory the threealgaithms. Fast-VDP

3Freeenepy ratiois de®nedas1 + (Fa  Fs)=jFs j, whereA andB areeitherFast-VDRVDP or BJ.
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Figure3: Clusteringresultsof Fast-VDPandVDP, with a speedupf 21. The clustersareorderal
accordng to size(from top left to bottam right).

was appoximately 23 timesfasterthan BJ, andthreetimesfasterthan VDP on 5000 data-cases.
Moreover, Fast-VDPandVDP werealwaysbetterthanBJ in termsof freeenepy.

In a secondsyntheticset of expeimentswe compaed the speedupof Fast-VDP over VDP. We
sampleddatafrom 10 Gaussiansn dimersion D with compament separatiofi c. Using default
numter of data-case®dN = 10; 000, dimersionality D = 16, andseparatia ¢ = 2, we varied
eachof them,oneat atime. In Fig. 2 we shav the speedp factor(top) andthe free enegy ratio
(bottam) betweerthetwo algoithms. Notethatthelatteris alwaysworsefor Fast-VDPsinceit is an
apprximationto VDP (ratio closerto onemeansbetterapgoximatian). Fig. 2-left illustratesthat
the speedp of Fast-VDPover VDP is at leastlinearin N, asexpectedfrom the updde equatims
in Section6. The speedp factorwasapprximately 154 for onemillion data-casesyhile thefree
enepgy ratiowasalmostconstanbverN . Fig. 2-cener shavs aninterestingdepenénceof speecn
dimensimality, with D = 64 giving thelargestspeedp. Thethreeplotsin Fig. 2 arein agreemat
with similar plotsin [8, 9].

Real datasets. In this experimentwe appliedVDP andFast-VDPfor clusteringimagedata. We
usedthe MNIST dataset(http://y  ann.lecun.co m/exdb/mnist /) which consistsof 60; 000
imagesof the digits 0—9in 784 dimensiors (28 by 28 pixes). We rst apgied PCA to reducethe
dimensimality of the datato 50. Fast-VDPfound 96 clustersin 3; 379 second with free enegy
F = 1:759 107, while VDP found 88 clustersin 72; 037 second with freeenepgy 1:684 10’.
The speedp was 21 andthe free enegy ratio was 1:044. The meanimagesof the discovered
commnentsareillustratedin Fig. 3. The resultsof the two algorithms seemqualitatively similar,
while Fast-VDPcomputedits resultsmuchfasterthanVDP.

In asecondreal dataexpeiimentwe clustereddoaumentsfrom citeseer(http:/  /citeseer.is t.
psu.edu ). The datasethas30; 696 docunents,with a vocalulary size of 32;473 words. Each
documentis representedby the courts of wordsin its abstract. We prepocessedhe datasetby
LatentDirichlet Allocation [12] with 200topics’. We subsegantly transfamedthesetopic-counts
yix (court value of k'th topic in the j'th docurrent) into xjx = log(1l + yjx ) to t anomal
distribution better In this problemthe elapsedime of Fast-VDPandVDP were 335 second and
2,2% second, respectiely, hencea speedp of 6:7. The free enegy ratio was1:040. Fast-VDP
found ve clusterswhile VDP found six clusters.Table1 shavs the threemostfrequenttopicsin
eachcluster Although the two algorithns found a different numter of clusterswe canseethatthe
clustersB andF found by VDP aresimilar clusterswhereadast-VDPdid not distingush between
thesetwo. Table 2 showvs wordsincludedin thesetopics, shawing that the docunentsare well-
clustered.

9 Conclusions

We descriled VDP, a variationa mean eld algoiithm for Dirichlet Processnixtures,andits fast
extensin Fast-VDPthat utilizes kd-trees to achieve speedps. Our contribution is twofold: First,

4A Gaussianmixture is c-separatedf for eachpair (i; j) of compmentswe have jjm; m; jj?
¢®D max( ™; ™), where ™* denoteshemaximumeigevalue of their covariarce[11].
SWe thankDavid Newmanfor this prepro@ssing.



Fast-VDP VDP

cluster a b c d e A B C D E F

(in descendig order)

thethreemost 1 81 73 35 49 76| 81 73 35 76 49 73

frequenttopics 2 102 174 50 92 41102 40 50 4 92 174
3 59 40 110 94 129| 59 174 110 129 94 40

Table1l: Thethreemostfrequenttopicsin eachclusters.Fast-VDPfound ve clusters,a—e,while
VDP found six clusters A—F.

cluster | themost words

frequert topic
a,A 81 econanic, policy, countriesbank,growth, ®rm, public, trade,marlet, ...
b,B,F | 73 traf®c, paclet, tcp, network, delay rate,bandwidth buffer, end,loss,...
c,C 35 algebraalgebrasring, algebraicjdeal,®eld, lie, group,theory ...
d,E 49 motion, tracking,camerajmage,images scenestereopbject,...
e,D 76 grammaysemanticparsing,syntactic discourseparserlinguistic, ...

Table2: Wordsin the mostfrequenttopic of eachcluster

we extendedtheframawork of [7] to allow for nestedvariaional familiesandanadaptve truncation
level for the variatioral mixture. Secondwe shoved how kd-treescanbe employed in the frame-
work offering signi cant speedup, thusexterding relatedresultsfor nite mixture models[8, 9]. To
our knowledge,the VDP algoithm is the rst norparametriBayesiamapprachto large-scaledata
mining. Futurework includesextending our appioachto othermodelsin the stick-breakingrepre-
sentation(e.g., priors of theform py, (vijai; ) = Betda; b)), aswell asalternatve DP mixture
represetationssuchasthe Chineseestaurat procesy3].
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