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Abstract

We investigatetheproblemof learninga widely-usedlatent-variablemodel– the
LatentDirichlet Allocation (LDA) or “topic” model– usingdistributedcompu-
tation,whereeachof � processorsonly sees����� of the total dataset. We pro-
posetwo distributedinferenceschemesthataremotivatedfrom differentperspec-
tives.The�rst schemeuseslocalGibbssamplingoneachprocessorwith periodic
updates—itis simple to implementand can be viewed as an approximationto
a single processorimplementationof Gibbs sampling. The secondschemere-
lies on a hierarchicalBayesianextensionof thestandardLDA modelto directly
accountfor the fact thatdataaredistributedacross� processors—ithasa theo-
retical guaranteeof convergencebut is morecomplex to implementthantheap-
proximatemethod. Using � ve real-world text corporawe show that distributed
learningworks very well for LDA models,i.e., perplexity and precision-recall
scoresfor distributed learning are indistinguishablefrom thoseobtainedwith
single-processorlearning.Our extensive experimentalresultsincludelarge-scale
distributedcomputationon 1000virtual processors;andspeedupexperimentsof
learningtopicsin a 100-millionwordcorpususing16processors.

1 Intr oduction

Very largedatasets,suchascollectionsof images,text, andrelateddata,arebecomingincreasingly
common,with examplesrangingfrom digitizedcollectionsof booksby companiessuchasGoogle
andAmazon,to largecollectionsof imagesatWebsitessuchasFlickr, to therecentNet�ix customer
recommendationdataset. Thesedatasetspresentmajor opportunitiesfor machinelearning,such
as the ability to explore muchricher andmoreexpressive models,aswell asproviding new and
interestingdomainsfor theapplicationof learningalgorithms.

However, thescaleof thesedatasetsalsobringssigni�cant challengesfor machinelearning,partic-
ularly in termsof computationtime andmemoryrequirements.For example,a text corpuswith 1
million documents,eachcontaining1000wordson average,will requireapproximately12 Gbytes
of memoryto storethe ���
	 words,which is beyondthemainmemorycapacityfor mostsinglepro-
cessormachines.Similarly, if onewere to assumethat a simpleoperation(suchascomputinga
probabilityvectorovercategoriesusingBayesrule) would take on theorderof ���
��� secperword,
thena full passthrough ���
	 wordswill take 1000seconds.Thus,algorithmsthat make multiple
passesover this sizedcorpus(suchasoccursin many clusteringandclassi�cationalgorithms)will
have run timesin days.

An obvious approachfor addressingthesetime and memory issuesis to distribute the learning
algorithmovermultiple processors[1, 2, 3]. In particular, with � processors,it is somewhattrivial
to getaroundthememoryproblemby distributing �

� of thetotal datato eachprocessor. However,
thecomputationproblemremainsnon-trivial for a fairly largeclassof learningalgorithms,namely
how to combinelocalprocessingoneachof the � processorsto arriveata usefulglobalsolution.

1



In this generalcontext we investigatedistributedlearningalgorithmsfor theLDA model[4]. LDA
modelsarearguablyamongthemostsuccessfulrecentlearningalgorithmsfor analyzingcountdata
suchastext. However, they cantake daysto learnfor largecorpora,andthus,distributedlearning
wouldbeparticularlyusefulfor this typeof model.

Thenovel contributionsof this paperareasfollows:

� We introducetwo algorithmsthat performdistributedinferencefor LDA models,oneof
which is simpleto implementbut doesnot necessarilysamplefrom the correctposterior
distribution,andtheotherwhich optimizesthecorrectposteriorquantitybut is morecom-
plex to implementandslower to run.

� Wedemonstratethatbothdistributedalgorithmsproducemodelsthatarestatisticallyindis-
tinguishable(in termsof predictivepower)frommodelsobtainedonasingle-processor, and
they canlearnthesemodelsmuchfasterthanusinga singleprocessorandonly requiring
storageof �

� th of thedataoneachprocessor.

2 Latent Dirichlet Allocation

Beforeintroducingourdistributedalgorithmsfor LDA, we brie�y review thestandardLDA model.
LDA modelseachof

�

documentsasa mixture over � latent topics,eachbeinga multinomial
distribution over a � word vocabulary. For document� , we �rst draw a mixing proportion ���	� 


from aDirichlet with parameter� . For the ��
�� word in thedocument,a topic ���


 is drawn with topic
�

chosenwith probability ���	� 
 , thenword ���


 is drawn from the ��
��

�




topic,with ���


 takingon value
� with probability ����� � . Finally, a Dirichlet prior with parameter� is placedon the topics ����� � .
Thus,thegenerativeprocessis givenby
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Given the observedwords 1+2
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� , the taskof Bayesianinferenceis to computethe posterior
distribution over the latent topic indices 4*2
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���




� , the mixing proportions���	� 
 , and the topics
����� � . An ef�cient procedureis to usecollapsedGibbssampling[5], where� and � aremarginalized
out, andthe latentvariables4 aresampled.Given thecurrentstateof all but onevariable �

�


 , the
conditionalprobabilityof �	�


 is
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wherethesuperscriptE7�F� meansthecorrespondingdata-itemis excludedin thecountvalues,and
where @
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3 Distrib uted InferenceAlgorithms for LDA

Wenow presenttwo versionsof LDA wherethedataandtheparametersaredistributedoverdistinct
processors.We distribute the

�

documentsover � processors,with
�

�

2UT

� documentson each
processor. We partitionthedata 1 (wordsfrom the

�

documents)into 1A2

�

1

�

:WVXVWVX:

1�Y

:WVWVXVW:

1

�

�

andthecorrespondingtopicassignmentsinto 4Z2

�

4

�

:WVWVXVW:

4
Y

:WVWVXVW:

4

�

� , where1
Y and 4

Y only exist
on processor5 . Document-speci�ccounts @[�	� 
 arelikewise distributed,however every processor
maintainsits own copy of word-topicandtopic counts,@7��� � and @

� . We denoteprocessor-speci�c
countsas @N��� 


Y

:

@���� �

Y

and @

�

Y .

3.1 ApproximateDistrib uted Infer ence

In our ApproximateDistributedLDA model(AD-LDA), we simply implementLDA on eachpro-
cessor, andsimultaneousGibbssamplingis performedindependentlyon eachof the � processors,
asif eachprocessorthinksit is theonly processor. On processor5 , giventhecurrentstateof all but
onevariable�)�




Y , thetopicassignmentto the ��
�� word in document� , �	�




Y]\
4

Y is sampledfrom:
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Figure1: (Left) Graphicalmodelfor LDA. (Right)Graphicalmodelfor HD-LDA. Variablesarerepeatedover
theindicesof therandomvariables.Squareboxesindicateparameters.

Notethat @���� �

Y

is not theresultof � separateLDA modelsrunningon separatedata.In particular
P

��� �

@���� �

Y
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, where
	

is the total numberof wordsacrossall processors,asopposedto the
numberof wordson processor5 . After processor5 hasreassigned4

Y , we have modi�ed counts
@N�	� 


Y

, @���� �

Y

, and @

�

Y . To mergebackto a singlesetof counts,aftera numberof Gibbssampling
steps(e.g.,after a singlepassthroughthe dataon eachprocessor)we performthe global update,
usinga reduce-scatteroperation,
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where @N��� � arethe countsthat all processorsstartedwith beforethe sweepof the Gibbssampler.
Thecounts@

� arecomputedby @

�

2

P

�

@���� � . Notethat this globalupdatecorrectlyre�ects the
topicassignments4 (i.e., @N��� � canalsoberegeneratedusing 4 ).

We canconsiderthis algorithmto be an approximationto the single-processorGibbssamplerin
thefollowing sense:at thestartof eachiteration,all of theprocessorshave thesamesetof counts.
However, aseachprocessorstartssampling,the global countmatrix is changingin a way that is
unknownto eachprocessor. Thus,in Equation3, thesamplingis notbeingdoneaccordingto thetrue
currentglobalcount(or trueposteriordistribution),but to anapproximation.Wehaveexperimented
with “repairing” reversibility of the samplerby addinga phasewhich re-tracesthe Gibbsmoves
startingat the(global)end-state,but we foundthat,dueto thecurse-of-dimensionality, virtually all
stepsendedupbeingrejected.

3.2 Hierar chical Distrib uted Infer ence

A moreprincipledway to modelparallelprocessesis to build themdirectly into the probabilistic
model.Imagineaparentcollectionof topics � ��� � . Thisparenthas� children����� �

Y

whichrepresent
the topic distributionson thevariousprocessors.We assume� is sampledfrom � accordingto a
Dirichlet distribution with topic-dependentstrengthparameter�

� . The model that liveson each
processoris simplyanLDA model.Hence,thegenerativeprocessis givenby,
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The graphicalmodelcorrespondingto this HierarchicalDistributedLDA (HD-LDA) is shown on
theright of Figure1, with standardLDA shown on theleft for comparison.This modelis different
thanthetwo othertopic hierarchieswe foundin the literature,namely1) thedeeperversionof the
hierarchicalDirichlet processmentionedin [6] and2) Pachinko allocation[7]. The �rst placesa
deeperhierarchicalprior on � (insteadof on � ) while the seconddealswith a document-speci�c
hierarchyof topic-assignments.Thesetypesof hierarchiesdo not suit our needto facilitateparallel
computation.
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As is thecasefor LDA, inferencefor HD-LDA is mostef�cient if we marginalizeout � and � . We
derive thefollowing conditionalprobabilitiesnecessaryfor theGibbssampler,
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In our experimentswe learn MAP estimatesfor the global variables � , � and � . Alternatively,
onecanderive Gibbssamplingequationsusingtheauxiliary variablemethodexplainedin [6], but
we leave exploration of this inferencetechniquefor future research.Inferenceis thus basedon
integratingout � and � , sampling4 andlearningtheMAP valueof � , � and � . Theentirealgorithm
canbeunderstoodasexpectationmaximizationona collapsedspacewheretheM-stepcorresponds
to MAP-updatesandtheE-stepcorrespondsto sampling.As such,theproposedMonteCarloEM
(MCEM) algorithmis guaranteedto convergein expectation(e.g.,[8]). TheMAP learningrulesare
derivedby usingtheboundsderivedin [9]. They aregivenby
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where
�

is thedigammafunction. Carefulselectionof hyper-parametersis critical to makingHD-
LDA work well, andwe usedour experiencewith AD-LDA to guidethesechoices.For AD-LDA

P

��� �

@���� �

Y

2

	

, but for HD-LDA P

��� �

@���� �

Y	��


� , so we choose� and
�

to make the mode
of �

�

2

�

�

�

�

	

. We set � 2 � >
�

� . Finally we choose� and
�

to make themodeof �^Y 2 �

V

� ,
matchingthevalueof � usedin ourLDA andAD-LDA experiments.

We canview HD-LDA asa mixturemodelwith � LDA mixturecomponents,wherethedatahave
beenhard-assignedto their respectiveclusters(processors).Theparametersof theclustersaregen-
eratedfrom a sharedprior distribution. This view clari�es theprocedurewe have adoptedfor test-
ing: First we sampleassignmentvariables���




Y for the �rst half of thetestdocument(analogousto
folding-in). Giventhesesampleswecomputethelikelihoodof thetestdocumentunderthemodelfor
eachprocessor. Assumingequalprior weightsfor eachprocessorwe thencomputeresponsibilities,
whicharegivenby thelikelihoods,normalizedoverprocessors.Theprobabilityof theremainderof
thetestdocumentis thengivenby theresponsibility-weightedaverageover theprocessors.

4 Experiments

Thetwo distributedalgorithmsareinitializedby �rst randomlyassigningtopicsto 4 , thenfrom this
countingtopics in documents,@^��� 


Y

, andwords in topics, @N��� �

Y

, for eachprocessor. Recall for
AD-LDA that thecountarrays@N��� �

Y

2J@���� � arethesameon every processor(initially, andafter
every global update). For eachrun of eachalgorithm,a samplewastaken after 500 iterationsof
theGibbssampler, well after the typical burn-in periodof 200-300iterations.Multiple processors
weresimulatedin software(by separatingdata,runningsequentiallythrougheachprocessor, and
simulatingthe global updatestep),except for the speedupexperimentswhich were run on a 16-
processorcomputer.

It is not obvious a priori that the AD-LDA algorithmwill in generalconverge to a useful result.
Later in this sectionwe describea setof systematicempirical resultswith AD-LDA, but we �rst
useanillustrative toy exampleto providesomeinsightasto how AD-LDA learnsa model.Thetoy
examplehas� 2�
 words,� 2�� topics.Theleft panelof Figure2 showsthe �

�

distancebetween
themodel's estimateof a particulartopic-word distribution andthe truedistribution, asa function
of Gibbsiterations,for bothsingle-processorLDA andAD-LDA with � 2�� . LDA andAD-LDA
have qualitatively the same3-phaselearningdynamics1. The �rst 4 or so iterations(“early burn-
in”) correspondto somewhatrandommovementcloseto therandomlyinitialized startingpoint. In

1For clarity, theresultsin this ®gureareplottedfor a singlerun,singledataset,etc.Ðweobservedqualita-
tively similar resultsover a largevarietyof suchsimulations
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Figure2: (Left) �

�

distanceto the modefor LDA andfor P=2 AD-LDA. (Center)Projectionof
topicsontosimplex, showing convergenceto mode. (Right) Samesetupascenterpanel,but with

� 2 ��� processors.

the next phase(“burn-in”) both algorithmsrapidly move in parameterspacetowardsthe posterior
mode.And �nally atequilibrium,botharesamplingaroundthemode.Thecenterpanelof Figure2
plots thesamerun, in the2-d planarsimplex correspondingto the3-word topic distribution. This
panelshows thepathsin parameterspaceof eachmodel,takinga few smallstepsnearthestarting
point (top right corner),moving down to thetruesolution(bottomleft), andthensamplingnearthe
posteriormodefor therestof theiterations.For eachGibbsiteration,theparameterscorresponding
to eachof the two individual processors,andthoseparametersafter merging, areshown (for AD-
LDA). We observedthataftertheinitial few iterations,theindividualprocessorstepsandthemerge
stepeachresultedin a move closerto the mode. The right panelin Figure2 illustratesthe same
qualitative behavior as in the centerpanel,but now for 10 processors.Onemight worry that the
AD-LDA algorithm would get “trapped” closeto the initial startingpoint, e.g., due to repeated
label mismatchingof the topicsacrossprocessors.In practicewe have consistentlyobservedthat
thealgorithmquickly discardssuchcon�gurations(dueto thestochasticnatureof themoves)and
“latches”ontoa consistentlabelingthatthenrapidlymovesit towardstheposteriormode.

It is useful to think of LDA asan approximationto stochasticdescentin the spaceof assignment
variables4 . On a singleprocessor, onecan view Gibbssamplingduring burn-in as a stochastic
algorithmto moveup thelikelihoodsurface.With multiple processors,eachprocessorcomputesan
upwarddirectionin its own subspace,keepingall otherdirections�x ed.Theglobalupdatestepthen
recombinesthesedirectionsby vector-addition,in thesameway asonewould computea gradient
using �nite differences.This is expectedto be accurateas long as the surfaceis locally convex
or concave, but will breakdown at saddle-points.We conjectureAD-LDA worksreliably because
saddlepointsare1) unstableand2) raredueto thefactthattheposteriorappearsoftento behighly
peakedfor LDA modelsandhigh-dimensionalcountdatasets.

To evaluateAD-LDA andHD-LDA systematically, we measuredperformanceusing testsetper-
plexity, computedasPerp6
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;.; . For every testdocument,half thewords

(at random)areput in a fold-in part,andtheremainingwordsareput in a testpart. Thedocument
mix ���	� 
 is learnedusingthefold-in part,andlog probabilityis computedusingthis mix andwords
from thetestpart,ensuringthatthetestwordsareneverseenbeforebeingused.For AD-LDA, the
perplexity computationexactlyfollowsthatof LDA, sinceasinglesetof topiccounts@[��� � aresaved
whena sampleis taken. In contrast,all � copiesof @^��� �

Y

arerequiredto computeperplexity for
HD-LDA, asdescribedin theprevioussection.Exceptwherestated,perplexities arecomputedfor
all algorithmsusing �a2 ��� samplesfrom theposterior(from 10differentchains)using
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with theanalogousexpressionbeingusedfor HD-LDA.

WecomparedLDA (Gibbssamplingonasingleprocessor)andour two distributedalgorithms,AD-
LDA andHD-LDA, usingthreedatasets: KOS (from dailykos.com),NIPS (from books.nips.cc)
andNYTIMES (from ldc.upenn.edu).Eachdatasetwassplit into a trainingsetanda testset.Size
parametersfor thesedatasetsareshown in Table1. For eachcorpus� is thevocabulary sizeand

	

is thetotalnumberof words.Usingthethreedatasetsandthethreemodelswecomputedtestset
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KOS NIPS NYTIMES
�

train 3000 1500 300,000
� 6906 12,419 102,660

	

410,000 1,900,000 100,000,000
�

test 430 184 34,658

Table1: Sizeparametersfor thethreedatasetsusedin perplexity andspeedupexperiments.

perplexities for a rangeof topics � , andfor numberof processors,� , rangingfrom 10 to 1000for
ourdistributedmodels.
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Figure3: Testperplexity of modelsversusnumberof processorsP for KOS(left) andNIPS(right).
P=1 correspondsto LDA (circles),andAD-LDA (crosses),andHD-LDA (squares)areshown at
P=10and100.

Figure3 clearly shows that, for a �x ednumberof topics,the perplexity resultsareessentiallythe
samewhetherwe usesingle-processorLDA or eitherof the two algorithmswith datadistributed
acrossmultiple processors(either10 or 100). The �gure shows the test set perplexity for KOS
(left) andNIPS (right), versusnumberof processors,� . The � 2 � perplexity is computedby
LDA (circles),andwe useour distributedmodels– AD-LDA (crosses),andHD-LDA (squares)–
to computethe � 2 ��� and � 2 ��� � perplexities. Thoughnot shown, perplexities for AD-LDA
remainedapproximatelyconstantasthenumberof processorswasfurther increasedto � 2 ��� �
�

for KOSand � 2���� � for NIPS,demonstratingeffectivedistributedlearningwith only 3 documents
on eachprocessor. It is worth emphasizingthat, despiteno formal convergenceguarantees,the
approximatedistributedalgorithmconvergedto goodsolutionsin everysingleoneof themorethan
onethousandexperimentswedid using� vereal-world datasets,plussynthesizeddatasetsdesigned
to be“hard” to learn(i.e.,topicsmutuallyexclusivelydistributedoverprocessors)—pagelimitations
precludea full descriptionof all theseresultsin this paper.
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Figure4: (Left) Testperplexity versusiteration. (Right)Testperplexity versusnumberof topics.

To properlydeterminetheutility of thedistributedalgorithms,it is necessaryto checkwhetherthe
parallelizedsamplersaresystematicallyconvergingmoreslowly thansingleprocessorsampling.If
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this werethecase,it would mitigatethecomputationalgainsof parallelization.In fact our exper-
imentsconsistentlyshowed (somewhat surprisingly)that the convergencerate for the distributed
algorithmsis just asrapid asfor the singleprocessorcase.As an example,Figure4 (left) shows
testperplexity versusiterationnumberof theGibbssampler(NIPS, � 2 ��� ). During burn-in, up
to iteration200,thedistributedmodelsareactuallyconvergingslightly fasterthansingleprocessor
LDA. Also notethat1 iterationof AD-LDA (or HD-LDA) onaparallelcomputertakesafractionof
thewall-clock timeof 1 iterationof LDA.

We alsoinvestigatedwhethertheresultsweresensitive to thenumberof topicsusedin themodels,
e.g.,perhapsthedistributedalgorithms'performancedivergeswhenthenumberof topicsbecomes
very large. Figure 4 (right) shows the test set perplexity computedon the NIPS dataset using

� 2 � samples,as a function of the numberof topics, for the different algorithmsand a �x ed
numberof processors� 2 ��� (notshown herearetheresultsfor theKOSdatasetwhichwerequite
similar). Theperplexitiesof thedifferentalgorithmscloselytrackeachotheras� varies.Sometimes
thedistributedalgorithmsproduceslightly lower perplexities thanthoseof singleprocessorLDA.
This lower perplexity may be due to: for AD-LDA, parametersconstantlysplitting andmerging
producingan internalaveragingeffect; andfor HD-LDA, testperplexity beingcomputedusing �

copiesof savedparameters.

Finally, to demonstratethatthelow perplexitiesobtainedfrom thedistributedalgorithmswith � 2

���
� processorsarenot just dueto averagingeffects,we split theNIPScorpusinto onehundred15-
documentcollections,andranLDA separatelyoneachof thesehundredcollections.Testperplexity
( � 2

�

� ) computedby averaging100-separateLDA modelswas 2117, versusthe P=100test
perplexity of 1575for AD-LDA andHD-LDA. This shows that simpleaveragingof resultsfrom
separateprocessorsdoesnotperformnearlyaswell asthedistributedcoordinatedlearning.

Our distributedalgorithmsalsoperformwell underotherperformancemetrics.We performedpre-
cision/recallcalculationsusingTREC'sAP andFRcollectionsandmeasuredperformanceusingthe
well-known meanaverageprecision(MAP) metricusedin IR research.Figure5 (left) againshows
that AD-LDA andHD-LDA (both usingP=10)performsimilarly to LDA. All threeLDA models
have signi�cantly higherprecisionthanTF-IDF on the AP andFR collections(signi�cance was
computedusinga t-testat the0.05level). Thesecalculationswererunwith � 2�� � � .

Theper-processorper-iterationtime andspacecomplexity of LDA andAD-LDA areshown in Ta-
ble 2. AD-LDA's memoryrequirementscaleswell ascollectionsgrow, becausewhile

	

and
�

cangetarbitrarily large(which canbeoffsetby increasing� ), thevocabulary size � asymptotes.
Similarly the time complexity scaleswell sincethe leadingorderterm

	

� is dividedby � . The
�

termaccountsfor thecommunicationcostof thereduce-scatteroperationon thecountdifference
6

@���� �

Y 


@���� �	; , which is executedin
���
	

� stages.Becauseof the additional � � term,parallel
ef�ciency will dependon




��� , with increasingef�ciency as this ratio increases.Spaceandtime
complexity of HD-LDA aresimilar to thatof AD-LDA, but HD-LDA hasbiggerconstants.

Using our large NYTIMES dataset,we performedspeedupexperimentson a 16-processorSMP
sharedmemorycomputerusing � 2 1, 2, 4, 8 and16 processors(sincewe did not have access
to a distributedmemorycomputer). The single processorLDA run with 1000 iterationsfor this
datasetinvolves ���

���

�ops, andtakesmorethan10 dayson a 3GHzworkstation,so it is an ideal
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�
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Table2: Spaceandtimecomplexity of LDA andAD-LDA.

computationto speedup. Thespeedupresults,shown in Figure5 (right), show reasonableparallel
ef�ciency, with a �

V

��� speedupusing � 2 ��� processors.ThisspeedupreducesourNYTIMES 10-
dayrun (880sec/iterationon1 processor)to theorderof 1 day(105sec/iterationon16processors).
Note,however, thatwhile theimplementationonanSMPmachinecapturessomedistributedeffects
(e.g.timeto synchronize),it doesnotaccuratelyre�ect theextra timefor communication.However,
we doexpectthatfor problemswith large




��� , parallelef�ciency will behigh.

5 Discussionand Conclusions

Prior work on parallelizing probabilistic learning algorithms has focused largely on EM-
optimizationalgorithms,e.g.,parallelupdatesof expectedsuf�cient statisticsfor mixture models
[2, 1]. In thestatisticalliterature,theideaof runningmultiple MCMC chainsin parallelis oneap-
proachto parallelization(e.g.,the methodof paralleltempering),but requiresthat eachprocessor
storea copy of the full dataset. SinceMCMC is inherentlysequential,parallel samplingusing
distributedsubsetsof thedatawill not in generalyield a properMCMC samplerexceptin special
cases[10]. Mimno andMcCallum[11] recentlyproposedtheDCM-LDA model,whereprocessor-
speci�c setsof topicsarelearnedindependentlyoneachprocessorfor local subsetsof data,without
any communicationbetweenprocessors,followedby a globalclusteringof thetopicsfrom thedif-
ferentprocessors.While thismethodis highly scalable,it doesnot leadto singleglobalsetof topics
thatrepresentindividualdocuments,nor is it de�ned by a generativeprocess.

We proposedtwo differentapproachesto distributing MCMC samplingacrossdifferentprocessors
for an LDA model. With AD-LDA we samplefrom an approximationto the posteriordensityby
allowing differentprocessorsto concurrentlysamplelatenttopic assignmentson their local subsets
of the data. Despitehaving no formal convergenceguarantees,AD-LDA works very well empir-
ically and is easyto implement. With HD-LDA we adaptthe underlyingLDA model to mapto
thedistributedcomputationalinfrastructure.While this modelis morecomplicatedthanAD-LDA,
andslower to run (becauseof digammaevaluations),it inheritstheusualconvergencepropertiesof
MCEM. Carefulselectionof hyper-parameterswascritical to makingHD-LDA work well.

In conclusion,bothof our proposedalgorithmslearnmodelswith predictiveperformancethatis no
differentthansingle-processorLDA. On eachprocessorthey burn-in andconvergeat thesamerate
asLDA, yielding signi�cant speedupsin practice.Thespaceandtime complexity of bothmodels
make themscalableto run onenormousproblems,for example,collectionswith billions to trillions
of words. Thereareseveral potentially interestingresearchdirectionsthat canbe pursuedusing
thealgorithmsproposedhereasa startingpoint, e.g.,usingasynchronouslocal communication(as
opposedto theenvironmentof synchronousglobalcommunicationscoveredin thispaper)andmore
complex schemesthatallow datato adaptively movefrom oneprocessorto another. Thedistributed
schemeof AD-LDA canalsobe usedto parallelizeothermachinelearningalgorithms.Using the
sameprinciples,we have implementeddistributedversionsof NMF andPLSA, andinitial results
suggestthatthesedistributedalgorithmsalsowork well in practice.
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