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Abstract

Dirichlet Process(DP) mixture modelsare promising candidatesfor clustering
applications wherethe number of clustersis unknown a priori. Due to compu-
tationalconsiderations thesemodelsareunfortunatelyunsuitable for large scale
data-mining applications. We propose a classof deterministic accelerated DP
mixture models thatcanroutinely handle millions of data-cases.Thespeedupis
achieved by incorporatingkd-treesinto a variational Bayesianalgorithm for DP
mixtures in the stick-breakingrepresentation,similar to that of Blei andJordan
(2005). Our algorithmdiffers in the useof kd-treesand in the way we handle
truncation: we only assumethatthevariational distributions are�x edat their pri-
orsaftera certainlevel. Experimentsshow thatspeedupsrelative to thestandard
variational algorithm canbesigni�cant.

1 Intr oduction

Evidenced by threerecentworkshops1, nonparametric Bayesianmethods are gaining popularity
in the machine learningcommunity. In eachof theseworkshopscomputationalef�ciency was
mentioned asan important directionfor future research.In this paperwe proposecomputational
speedups for Dirichlet Process(DP) mixture models [1, 2, 3, 4, 5, 6, 7], with the purposeof im-
proving theirapplicability in modern daydata-mining problemswheremillions of data-casesareno
exception.

Our approachis relatedto, andcomplements,thevariational mean-�eld algorithm for DP mixture
models of Blei and Jordan[7]. In this approach, the intractableposterior of the DP mixture is
approximatedwith afactorized variational �nite (truncated)mixturemodel with T components,that
is optimized to minimize theKL distanceto theposterior. However, a downsideof their model is
that thevariational familiesarenot nestedover T , andlocatinganoptimal truncation level T may
bedif�cult (seeSection3).

In this paperwe proposean alternative variational mean-�eld algorithm, calledVDP (Variational
DP), in which thevariational familiesarenestedover T . In our modelwe allow for anunbounded
numberof componentsfor thevariational mixture,but we tie thevariationaldistributionsafterlevel

1http://aluminum.cse.buffalo.edu:8079/npbayes/nipsws05/topics
http://www.cs.toronto.edu/� beal/npbayes/
http://www2.informatik.hu-berlin.de/� bickel/npb-workshop.html



T to their priors. Our algorithm proceeds in a greedymannerby startingwith T = 1 andreleasing
componentswhenthis improves(signi�cantly) theKL bound. Releasingis mosteffectively done
by splitting a componentin two childrenandupdating themto convergence.Our approachessen-
tially resolves theissuein [7] of searchingfor anoptimaltruncation level of thevariational mixture
(seeSection4).

Additionally, a signi�cant contribution is thatwe incorporatekd-treesinto theVDP algorithm asa
way to speedup convergence[8, 9]. A kd-treestructurerecursively partitions thedataspaceinto a
numberof nodes,whereeachnodecontainsasubsetof thedata-cases.Following [9], for agiventree
expansionwe tie togethertheresponsibility overmixturecomponentsof all data-casescontainedin
eachouternodeof the tree. By caching certainsuf�cient statisticsin eachnode of thekd-treewe
thenachieve computationalgains,while the variational approximationbecomes a function of the
depthof thetreeatwhichoneoperates(seeSection6).

The resultingFast-VDPalgorithm provides an elegant way to tradeoff computational resources
against accuracy. We canalwaysreleasenew componentsfrom thepool andsplit kd-treenodesas
long aswe have computationalresourcesleft. Our setupguaranteesthat this will always(at least
in theory) improve the KL bound (in practicelocal optima may force us to reject certainsplits,
seeSection7). As weempiricallydemonstratein Section8, akd-treecanoffer signi�cant speedups,
allowing our algorithm to handle millions of data-cases. As a result,Fast-VDPis the �rst algo-
rithm entertaining an unbounded number of clustersthat is practicalfor modernday data-mining
applications.

2 The Dirichlet ProcessMixtur e in the Stick-BreakingRepresentation

A DP mixture model in the stick-breaking representationcanbe viewed aspossessingan in�nite
numberof componentswith randommixing weights[4]. In particular, thegenerativemodel of aDP
mixture assumes:

� An in�nite collectionof componentsH = f � i g1
i =1 that areindependentlydrawn from a

prior p� (� i j� ) with hyperparameters� .

� An in�nite collectionof `sticklengths' V = f vi g1
i =1 , vi 2 [0; 1]; 8i , thatareindependently

drawn from a prior pv (vi j� ) with hyperparameters� . They de�ne the mixing weights
f � i g1

i =1 of themixtureas� i (V ) = vi
Q i � 1

j =1 (1 � vj ), for i = 1; : : : ; 1 .

� An observationmodelpx (xj� ) thatgeneratesadatumx from component� .

Given a datasetX = f xn gN
n =1 , eachdata-casexn is assumedto be generatedby �rst drawing a

componentlabelzn = k 2 f 1; : : : ; 1g from thein�nite mixture with probability pz (zn = kjV ) �
� k (V ), andthendrawing xn from thecorresponding observationmodel px (xn j� k ).

We will denote Z = f zn gN
n =1 the setof all labels,W = f H ; V; Z g the setof all latentvariables

of the DP mixture, and � = f �; � g the hyperparameters. In clusteringproblemswe aremainly
interestedin computing theposterior over datalabelsp(zn jX ; � ), aswell asthepredictive density
p(xjX ; � ) =

R
H ;V p(xjH ; V )

R
Z p(W jX ; � ); which arebothintractablesincep(W jX ; � ) cannot be

computedanalytically.

3 Variational Inferencein Dirichlet ProcessMixtur es

For variational inference, the intractable posteriorp(W jX ; � ) of the DP mixture canbe approxi-
matedwith a parametric family of factorizedvariational distributionsq(W ; � ) of theform

q(W ; � ) =
LY

i =1

h
qv i (vi ; � v

i ) q� i (� i ; � �
i )

i NY

n =1

qzn (zn ) (1)

whereqv i (vi ; � v
i ) andq� i (� i ; � �

i ) areparametric modelswith parameters� v
i and� �

i (one parameter
per i ), andqzn (zn ) arediscretedistributions over the component labels(one distribution per n).
Blei andJordan [7] de�ne an explicit truncationlevel L � T for thevariational mixture in (1) by
settingqvT (vT = 1) = 1 andassumingthat data-casesassignzeroresponsibility to components



with index higher thanthetruncationlevel T , i.e., qzn (zn > T) = 0. Consequently, in their model
only componentsof the mixture up to level T needto be considered. Variationalinference then
consistsin estimatingasetof T parametersf � v

i ; � �
i gT

i =1 andasetof N distributions f qzn (zn )gN
n =1 ,

collectively denotedby � , thatminimize theKullback-Leibler divergenceD[q(W ; � )jjp(W jX ; � )]
betweenthetrueposteriorandthevariational approximation,or equivalentlythatminimize thefree
energy F (� ) = Eq[logq(W ; � )] � Eq[logp(W; X j� )]. Sinceeachdistribution qzn (zn ) hasnonzero
support only for zn � T , minimizing F (� ) resultsin a setof updateequations for � that involve
only �nite sums[7].

However, explicitly truncating the variational mixture asabove hasthe undesirable property that
the variational family with truncation level T is not containedwithin the variational family with
truncation level T + 1, i.e., thefamiliesarenot nested.2 Theresultis that theremaybeanoptimal
�nite truncationlevel T for q, that contradicts the intuition that themore componentswe allow in
q the betterthe approximation shouldbe (reaching its bestwhenT ! 1 ). Moreover, locatinga
near-optimal truncationlevel maybedif�cult sinceF asa function of T mayexhibit local minima
(seeFig. 4 in [7]).

4 Variational Inferencewith an In�nite Variational Model

Hereweproposeaslightly differentvariational model for q thatallowsfamiliesoverT to benested.
In our setup,q is givenby (1) wherewe let L go to in�nity but we tie theparametersof all mod-
els after a speci�c level T (with T � L ). In particular, we imposethe condition that for all
componentswith index i > T the variational distributions for the stick-lengths qv i (vi ) and the
variational distributions for the components q� i (� i ) are equal to their corresponding priors, i.e.,
qv i (vi ; � v

i ) = pv (vi j� ) andq� i (� i ; � �
i ) = p� (� i j� ). In our model we de�ne the free energy F as

the limit F = lim L !1 FL , whereFL is the free energy de�ned by q in (1) anda truncatedDP
mixture at level L (justi�ed by thealmostsureconvergenceof anL-truncatedDirichlet processto
anin�nite Dirichlet processwhenL ! 1 [6]). Usingtheparametertying assumptionfor i > T , the
freeenergy reads

F =
TX

i =1

�
Eqv i

�
log

qv i (vi ; � v
i )

pv (vi j� )

�
+ Eq� i

�
log

q� i (� i ; � �
i )

p� (� i j� )

� �
+

NX

n =1

Eq

�
log

qzn (zn )
pz (zn jV )px (xn j� zn )

�
: (2)

In ourschemeT de�nesanimplicit truncationlevel of thevariationalmixture,sincetherearenofree
parametersto optimize beyond level T . As in [7], thefreeenergy F is a function of T parameters
f � v

i ; � �
i gT

i =1 and N distributions f qzn (zn )gN
n =1 . However, contrary to [7], data-casesmay now

assignnonzero responsibilityto componentsbeyondlevel T , andtherefore eachqzn (zn ) mustnow
have in�nite support (which requirescomputing in�nite sumsin thevarious quantitiesof interest).
An important implication of our setupis that the variational familiesarenow nestedwith respect
to T (sincefor i > T , qv i (vi ) andq� i (� i ) canalwaysrevert to their priors), andasa result it is
guaranteedthataswe increaseT thereexist solutionsthatdecreaseF . This is an important result
becauseit allows for optimizationwith adaptiveT startingfrom T = 1 (seeSection7).

¿Fromthelasttermof (2) we directlyseethattheqzn (zn ) thatminimizesF is givenby

qzn (zn = i ) =
exp(Sn;i )

P 1
j =1 exp(Sn;j )

(3)

where
Sn;i = EqV [logpz (zn = i jV )] + Eq� i

[logpx (xn j� i )]: (4)

Minimization of F over � v
i and� �

i canbecarriedout by directdifferentiationof (2) for particular
choicesof modelsfor qv i andq� i (seeSection5). Usingqzn from (3), thefreeenergy (2) reads

F =
TX

i =1

�
Eqv i

�
log

qv i (vi ; � v
i )

pv (vi j� )

�
+ Eq� i

�
log

q� i (� i ; � �
i )

p� (� i j� )

� �
�

NX

n =1

log
1X

i =1

exp(Sn;i ): (5)

Evaluation of F requirescomputing the in�nite sum
P 1

i =1 exp(Sn;i ) in (5). The dif�cult part isP 1
i = T +1 exp(Sn;i ). Under the parametertying assumptionfor i > T , most termsof Sn;i in (4)

2We thankDavid Blei for pointingthis out.



factor out of the in�nite sum as constants(since they do not depend on i ) except for the termP i � 1
j = T +1 Epv [log(1 � v)] = (i � 1 � T )Epv [log(1 � v)]. From the above, the in�nite sumcan

beshown to be
1X

i = T +1

exp(Sn;i ) =
exp(Sn;T +1 )

1 � exp
�
Epv [log(1 � v)]

� : (6)

Usingthevariationalq(W ) asanapproximationto thetrueposterior p(W jX ; � ), therequired pos-
terioroverdatalabelscanbeapproximatedby p(zn jX ; � ) � qzn (zn ). Althoughqzn (zn ) hasin�nite
support, in practiceit suf�ces to usethe individual qzn (zn = i ) for the �nite part i � T , andthe
cumulative qzn (zn > T) for the in�nite part. Finally, using the parametertying assumption for
i > T , andtheidentity

P 1
i =1 � i (V ) = 1, thepredictivedensityp(xjX ; � ) canbeapproximatedby

p(xjX ; � ) �
TX

i =1

EqV [� i (V )]Eq� i
[px (xj� i )] +

h
1 �

TX

i =1

Epv [� i (V )]
i
Ep� [px (xj� )]: (7)

Notethatall quantitiesof interest,suchasthefreeenergy (5) andthepredictivedistribution(7), can
becomputedanalyticallyeventhough they involve in�nite sums.

5 Solutionsfor the exponentialfamily

Theresultsin theprevioussectionapplyindependently of thechoiceof modelsfor theDP mixture.
In thissectionweprovideanalyticalsolutions for modelsin theexponentialfamily. In particularwe
assumethatpv (vi j� ) = Beta(� 1; � 2) andqv i (vi ; � v

i ) = Beta(� v
i; 1; � v

i; 2), andthatpx (xj� ), p� (� j� ),
andq� i (� i ; � �

i ) aregivenby

px (xj� ) = h(x) expf � T x � a(� )g (8)
p� (� j� ) = h(� ) expf � 1� + � 2(� a(� )) � a(� )g (9)

q� i (� i ; � �
i ) = h(� i ) expf � �

i; 1� i + � �
i; 2(� a(� i )) � a(� �

i )g: (10)

In this case,theprobabilitiesqzn (zn = i ) aregivenby (3) with Sn;i computedfrom (4) using

Eqv i
[logvi ] = 	( � v

i; 1) � 	( � v
i; 1 + � v

i; 2) (11)

Eqv j
[log(1 � vj )] = 	( � v

i; 2) � 	( � v
i; 1 + � v

i; 2) (12)

Eq� i
[logpx (xn j� i )] = Eq� i

[� i ]T xn � Eq� i
[a(� i )] (13)

where	( �) is thedigammafunction. Theoptimalparameters� v ; � � canbefound to be

� v
i; 1 = � 1 +

NX

n =1

qzn (zn = i ) � v
i; 2 = � 2 +

NX

n =1

1X

j = i +1

qzn (zn = j ) (14)

� �
i; 1 = � 1 +

NX

n =1

qzn (zn = i )xn � �
i; 2 = � 2 +

NX

n =1

qzn (zn = i ): (15)

The updateequationsaresimilar to thosein [7] exceptthatwe have usedBeta(� 1; � 2) insteadof
Beta(1; � ), and� v

i; 2 involvesanin�nite sum
P 1

j = i +1 qzn (zn = j ) whichcanbecomputedusing(3)
and(6). In [7] thecorresponding sumis �nite sinceqzn (zn ) is truncatedat T .

Note that theVDP algorithm operatesin a spacewherecomponentlabelsaredistinguishable, i.e.,
if we permute the labelsthe total probability of thedatachanges. Sincetheaverage a priori mix-
ture weightsof the componentsareordered by their size,the optimal labelling of the a posteriori
variational components is alsoordered according to clustersize.Hence,we have incorporateda re-
ordering stepof componentsaccording to approximatesizeaftereachoptimizationstepin our �nal
algorithm (a feature thatwasnotpresentin [7]).

6 Accelerating inferenceusinga kd-tr ee

In this sectionwe show thatwe canachieve acceleratedinferencefor largedatasetswhenwe store
thedatain akd-tree[10] andcachedatasuf�cient statisticsin eachnodeof thekd-tree[8]. A kd-tree



is a binary treein which theroot nodecontainsall points, andeachchild nodecontainsa subsetof
thedatapointscontainedin its fathernode,wherepointsareseparatedby a (typically axis-aligned)
hyperplane. Eachpoint in thesetis contained in exactly onenode, andthesetof outernodesof a
givenexpansionof thekd-tree form a partitionof thedataset.

Suppose the kd-treecontaining our dataX is expandedto somelevel. Following [9], to achieve
acceleratedupdate equations we constrainall xn in outer nodeA to sharethe sameqzn (zn ) �
qzA (zA ). We canthenshow that,under thisconstraint,theqzA (zA ) thatminimizesF is givenby

qzA (zA = i ) =
exp(SA;i )

P 1
j =1 exp(SA;j )

(16)

whereSA;i is computedasin (4) using(11)–(13) with (13)replaced by Eq� i
[� i ]T hxi A � Eq� i

[a(� i )],
andhxi A denotesaverageover all dataxn contained in nodeA. Similarly, if jnA j is thenumber of
datain nodeA, theoptimal parameterscanbeshown to be

� v
i; 1 = � 1 +

X

A

jnA jqzA (zA = i ) � v
i; 2 = � 2 +

X

A

jnA j
1X

j = i +1

qzA (zA = j ) (17)

� �
i; 1 = � 1 +

X

A

jnA jqzA (zA = i )hxi A � �
i; 2 = � 2 +

X

A

jnA jqzA (zA = i ): (18)

Finally, usingqzA (zA ) from (16) thefreeenergy (5) reads

F =
TX

i =1

�
Eqv i

�
log

qv i (vi ; � v
i )

pv (vi j� )

�
+ Eq� i

�
log

q� i (� i ; � �
i )

p� (� i j� )

� �
�

X

A

jnA j log
1X

i =1

exp(SA;i ): (19)

Thein�nite sumsin (17) and(19) canbecomputedfrom (6) with Sn;T +1 replacedby SA;T +1 . Note
that the cost of eachupdatecycle is O(T jAj), which canbe a signi�cant improvement over the
O(TN ) costwhennot usinga kd-tree. (Thecostof building thekd-treeis O(N logN ) but this is
amortized by multiple optimizationsteps.)Note thatby re�ning the tree(expanding outernodes)
the free energy F cannot increase.This allows us to control the trade-off betweencomputational
resourcesandapproximation: we canalwayschoose to descendthe treeuntil our computational
resourcesrun out,andthelevel of approximationwill bedirectly tied to F (deeperlevelswill mean
lowerF ).

7 The algorithm

Theproposedframework is quitegeneralandallows�e xibility in thedesignof analgorithm. Below
we show in pseudocodethealgorithmthatwe usedin our experiments(for DP Gaussianmixtures).
Input is a datasetX = f xn gN

n =1 that is already storedin a kd-treestructure. Output is a setof
parametersf � v

i ; � �
i gT

i =1 andavaluefor T . Fromthatwecancomputeresponsibilitiesqzn using(3).

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

2. Sampleanumber of `candidate'componentsc accordingto size
P

A jnA jqzA (zA = c), andsplit the
componentthatleadsto themaximalreductionof FT . For eachcandidatec do:

(a) Expandone-level deepertheouternodesof thekd-treethatassignto c thehighestresponsibility
qzA (zA = c) amongall components.

(b) Split c in two components,i andj , throughthebisectorof its principalcomponent. Initialize
theresponsibilitiesqzA (zA = i ) andqzA (zA = j ).

(c) Updateonly SA;i , � v
i ; � �

i andSA;j , � v
j ; � �

j for thenew componentsi andj , keeping all other
parametersaswell asthekd-treeexpansion®xed.

3. UpdateSA;t ; � v
t ; � �

t for all t � T + 1, while expandingthekd-treeandreorderingcomponents.

4. If FT +1 > FT � � thenhalt,elsesetT := T + 1 andgo to step2.

In the above algorithm, the number of sampledcandidatecomponentsin step2 canbe tunedac-
cording to thedesiredcost/accuracy tradeoff. In ourexperimentsweused10candidatecomponents.
In step2b we initialized the responsibilitiesby qzA (zA = i ) = 1 = 1 � qzA (zA = j ) if hxi A is
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Figure 1: Relative runtimesandfreeenergiesof Fast-VDP, VDP, andBJ.
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Figure 2: Speedupfactorsand free energy ratios betweenFast-VDPand VDP. Top and bottom
�gures show speedupsandfreeenergy ratios,respectively.

closerto i thanto j (according to distanceto theexpected�rst moment). In order to speedup the
partialupdatesin step2c,weadditionally setqzA (zA = k) = 0 for all k 6= i; j (soall responsibility
is sharedbetweenthe two new components).In step3 we reorderedcomponentsevery onecycle
andexpandedthekd-treeevery threeupdatecycles,controlling theexpansionby therelativechange
of qzA (zA ) betweena nodeandits children (alternatively onecanmeasurethe changeof FT +1 ).
Finally, in step2c we monitored convergenceof the partial updatesthrough FT +1 which canbe
ef�ciently computedby adding/subtractingtermsinvolving thenew/old components.

8 Experimental results

In this sectionwe demonstrateVDP, and its kd-tree extension Fast-VDP, on syntheticand real
datasets.In all experimentswe assumeda Gaussianobservation model px (xj� ) anda Gaussian-
inverseWishartfor p� (� j� ) andq� i (� i ; � �

i ).

Synthetic datasets. As arguedin Section4, an important advantageof VDP over the `BJ' algo-
rithm of [7] is that in VDP the variational familiesarenestedover T , which ensuresthat the free
energy is amonotonedecreasingfunctionof T andthereforeallows for anadaptiveT (startingwith
the trivial initialization T = 1). On the contrary, BJ optimizes the parameters for �x ed T (and
potentially minimizestheresultingfreeenergy overdifferentvaluesof T), whichrequiresanontriv-
ial initialization stepfor eachT. Clearly, both the total runtime aswell asthe quality of the �nal
solutionof BJ depend largely on its initialization step,which makesthedirectcomparisonof VDP
with BJ dif�cult. Still, to geta feelingof the relative performanceof VDP, Fast-VDP, andBJ, we
appliedall threealgorithmsonasyntheticdatasetcontaining 1000 to 5000 data-casessampledfrom
10 Gaussiansin 16 dimensions,in which the free parametersof BJ weresetexactly asdescribed
in [7] (20 initialization trials andT = 20). VDP andFast-VDPwerealsoexecuteduntil T = 20. In
Fig. 1 we show thespeedupfactorsandfreeenergy ratios3 among thethreealgorithms. Fast-VDP

3Freeenergy ratio is de®nedas1 + (FA � FB )=jFB j, whereA andB areeitherFast-VDP, VDP or BJ.



Fast-VDP VDP

Figure3: Clusteringresultsof Fast-VDPandVDP, with a speedupof 21. Theclustersareordered
according to size(from top left to bottom right).

wasapproximately23 timesfasterthanBJ, andthreetimesfasterthanVDP on 5000data-cases.
Moreover, Fast-VDPandVDP werealwaysbetterthanBJ in termsof freeenergy.

In a secondsyntheticset of experimentswe compared the speedupof Fast-VDPover VDP. We
sampleddatafrom 10 Gaussiansin dimension D with component separation4 c. Using default
number of data-casesN = 10; 000, dimensionality D = 16, and separation c = 2, we varied
eachof them,oneat a time. In Fig. 2 we show the speedup factor(top) andthe free energy ratio
(bottom) betweenthetwo algorithms.Notethatthelatteris alwaysworsefor Fast-VDPsinceit is an
approximation to VDP (ratio closerto onemeansbetterapproximation). Fig. 2-left illustratesthat
thespeedup of Fast-VDPover VDP is at leastlinear in N , asexpectedfrom theupdate equations
in Section6. Thespeedup factorwasapproximately154for onemillion data-cases,while thefree
energy ratiowasalmostconstantoverN . Fig.2-centershowsaninterestingdependenceof speedon
dimensionality, with D = 64 giving thelargestspeedup. Thethreeplots in Fig. 2 arein agreement
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 thedigits 0–9 in 784dimensions (28 by 28 pixels). We �rst applied PCA to reducethe
dimensionality of the datato 50. Fast-VDPfound 96 clustersin 3; 379 seconds with free energy
F = 1:759� 107, while VDP found 88 clustersin 72; 037seconds with freeenergy 1:684� 107.
The speedup was 21 and the free energy ratio was 1:044. The meanimagesof the discovered
componentsareillustratedin Fig. 3. The resultsof the two algorithms seemqualitatively similar,
while Fast-VDPcomputedits resultsmuchfasterthanVDP.

In a secondrealdataexperimentwe clustereddocumentsfrom citeseer(http:/ /citeseer.is t.
psu.edu ). The datasethas30; 696 documents,with a vocabulary size of 32; 473 words. Each
document is representedby the counts of words in its abstract. We preprocessedthe datasetby
LatentDirichlet Allocation [12] with 200topics5. We subsequently transformedthesetopic-counts
yj;k (count value of k' th topic in the j ' th document) into x j;k = log(1 + yj;k ) to �t a normal
distribution better. In this problemtheelapsedtime of Fast-VDPandVDP were335seconds and
2,256 seconds, respectively, hencea speedup of 6:7. The free energy ratio was1:040. Fast-VDP
found � ve clusters,while VDP found six clusters.Table1 shows the threemostfrequent topicsin
eachcluster. Although thetwo algorithms found a different number of clusters,we canseethatthe
clustersB andF found by VDP aresimilar clusters,whereasFast-VDPdid not distinguish between
thesetwo. Table2 shows words includedin thesetopics, showing that the documentsarewell-
clustered.

9 Conclusions

We described VDP, a variational mean-�eld algorithm for Dirichlet Processmixtures,andits fast
extension Fast-VDPthatutilizes kd-trees to achieve speedups. Our contribution is twofold: First,

4A Gaussianmixture is c-separatedif for eachpair (i; j ) of componentswe have jjm i � m j jj 2 �
c2D max(� max

i ; � max
j ) , where� max denotesthemaximumeigenvalueof their covariance[11].

5We thankDavid Newmanfor thispreprocessing.



Fast-VDP VDP
cluster a b c d e A B C D E F
(in descending order)
thethreemost 1 81 73 35 49 76 81 73 35 76 49 73
frequenttopics 2 102 174 50 92 4 102 40 50 4 92 174

3 59 40 110 94 129 59 174 110 129 94 40

Table1: Thethreemostfrequenttopicsin eachclusters.Fast-VDPfound � ve clusters,a–e,while
VDP foundsix clusters,A–F.

cluster themost words
frequent topic

a,A 81 economic, policy, countries,bank,growth, ®rm, public, trade,market, ...
b, B, F 73 traf®c, packet, tcp,network, delay, rate,bandwidth,buffer, end,loss,...
c, C 35 algebra,algebras,ring, algebraic,ideal,®eld, lie, group,theory, ...
d, E 49 motion,tracking,camera,image,images,scene,stereo,object,...
e,D 76 grammar, semantic,parsing,syntactic,discourse,parser, linguistic, ...

Table2: Wordsin themostfrequenttopicof eachcluster.

weextendedtheframework of [7] to allow for nestedvariational familiesandanadaptivetruncation
level for thevariational mixture. Second, we showedhow kd-treescanbeemployed in the frame-
work offering signi�cant speedups,thusextendingrelatedresultsfor �nite mixturemodels[8, 9]. To
our knowledge,theVDP algorithm is the�rst nonparametricBayesianapproachto large-scaledata
mining. Futurework includesextending our approachto othermodelsin thestick-breakingrepre-
sentation(e.g.,priors of the form pv i (vi jai ; bi ) = Beta(ai ; bi )), aswell asalternative DP mixture
representationssuchastheChineserestaurant process[3].
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