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Abstract

We investigatethe problemof learninga widely-usedatent-ariablemodel- the
LatentDirichlet Allocation (LDA) or “topic” model— usingdistributed compu-
tation,whereeachof  processorsnly sees of the total dataset. We pro-
posetwo distributedinferenceschemeshataremotivatedfrom differentperspec-
tives.The rst schemaisedocal Gibbssamplingon eachprocessowith periodic
updates—itis simple to implementand can be viewed as an approximationto
a single processoimplementationof Gibbs sampling. The secondschemere-
lies on a hierarchicalBayesianextensionof the standard_.DA modelto directly
accountfor the factthat dataaredistributedacross processors—ihasa theo-
retical guaranteef corvergencebut is more comple to implementthanthe ap-
proximatemethod. Using ve real-world text corporawe shav that distributed
learningworks very well for LDA models,i.e., perpleity and precision-recall
scoresfor distributed learning are indistinguishablefrom those obtainedwith
single-processdearning. Our extensive experimentalresultsincludelarge-scale
distributed computationon 1000virtual processorsand speedupexperimentsof
learningtopicsin a 100-million word corpususing16 processors.

1 Intr oduction

Very largedatasets suchascollectionsof imagestext, andrelateddata,arebecomingncreasingly
common,with examplesrangingfrom digitized collectionsof booksby companiesuchasGoogle
andAmazon to largecollectionsof imagesat WebsitessuchasFlickr, totherecentNet ix customer
recommendationlataset. Thesedatasetspresentmajor opportunitiesfor machinelearning,such
asthe ability to explore muchricher and more expressive models,aswell as providing new and
interestingdomainsfor the applicationof learningalgorithms.

However, the scaleof thesedatasetsalsobringssigni cant challenge$or machinegearning,partic-
ularly in termsof computationtime andmemoryrequirements For example,a text corpuswith 1
million documentseachcontainingl000wordson average will requireapproximatelyl?2 Gbytes
of memoryto storethe  words,which is beyondthe mainmemorycapacityfor mostsinglepro-
cessomachines. Similarly, if onewereto assumehat a simple operation(suchas computinga
probability vectorover categoriesusingBayesrule) would take on the orderof secperword,
thena full passthrough wordswill take 1000seconds.Thus, algorithmsthat make multiple
passe®ver this sizedcorpus(suchasoccursin mary clusteringandclassi cationalgorithms)will
have runtimesin days.

An obvious approachfor addressinghesetime and memoryissuesis to distribute the learning
algorithmover multiple processor§l, 2, 3]. In particularwith  processorst is somavhattrivial

to getaroundthe memoryproblemby distributing — of the total datato eachprocessarHowever,

the computatiorproblemremainsnon-trivial for a fairly large classof learningalgorithms,namely
how to combinelocal processingn eachof the  processor$o arrive ata usefulglobalsolution.



In this generalcontext we investigatedistributedlearningalgorithmsfor the LDA model[4]. LDA

modelsarearguablyamongthe mostsuccessfutecentiearningalgorithmsfor analyzingcountdata
suchastext. However, they cantake daysto learnfor large corpora,andthus,distributedlearning
would be particularlyusefulfor this type of model.

Thenovel contributionsof this paperareasfollows:

We introducetwo algorithmsthat performdistributedinferencefor LDA models,one of
which is simple to implementbut doesnot necessarilysamplefrom the correctposterior
distribution, andthe otherwhich optimizesthe correctposteriorquantitybut is morecom-
plex to implementandslowerto run.

We demonstrat¢hatbothdistributedalgorithmsproducemodelsthatarestatisticallyindis-
tinguishablgin termsof predictive power) from modelsobtaineconasingle-processoand
they canlearnthesemodelsmuchfasterthanusinga single processoandonly requiring
storageof —th of thedataon eachprocessar

2 Latent Dirichlet Allocation

Beforeintroducingour distributedalgorithmsfor LDA, we brie y review thestandard_ DA model.
LDA modelseachof  documentsasa mixture over latenttopics, eachbeinga multinomial
distribution overa  word vocahulary. For document , we rst drav a mixing proportion
from aDirichlet with parameter . Forthe  wordin thedocumentatopic s drawvn with topic
chosenwith probability  ,thenword isdravnfromthe  topic,with  takingonvalue
with probability . Finally, a Dirichlet prior with parameter is placedon the topics
Thus,the generatie processs givenby

@
Giventhe obsened words , the task of Bayesianinferenceis to computethe posterior
distribution over the latenttopic indices , the mixing proportions , andthe topics

. An ef cient proceduras to usecollapsedsibbssampling[5], where and aremaginalized
out, andthe latentvariables aresampled.Giventhe currentstateof all but onevariable , the
conditionalprobabilityof is

@
wherethe superscript  meanghe correspondinglata-itemis excludedin the countvalues,and
where . We usethe conventionthat missingindicesaresummed

out: and

3 Distrib uted Infer enceAlgorithms for LDA

We now presentwo versionsof LDA wherethedataandthe parameteraredistributedover distinct
processorsWe distributethe  document®ver processorsyith — document®on each
processarWe partitionthedata (wordsfromthe documentsjnto

andthecorrespondingopic assignmentsto ,where and onlyexist
on processor . Document-speci ccounts arelikewise distributed, however every processor
maintainsits own copy of word-topicandtopic counts, and . We denoteprocessoispeci ¢
countsas and .

3.1 Approximate Distrib uted Inference

In our ApproximateDistributed LDA model(AD-LDA), we simply implementLDA on eachpro-
cessorandsimultaneoussibbssamplingis performedindependenthon eachof the  processors,
asif eachprocessothinksit is theonly processarOn processor , giventhe currentstateof all but
onevariable ,thetopicassignmentothe  wordin document , is sampledrom:
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Figurel: (Left) Graphicaimodelfor LDA. (Right) Graphicalmodelfor HD-LDA. Variablesarerepeatedver
theindicesof therandomvariables.Squareboxesindicateparameters.

Notethat is nottheresultof separaté DA modelsrunningon separatelata. In particular

, where is thetotal numberof wordsacrossall processorsasopposedo the

numberof wordson processor . After processor hasreassigned , we have modi ed counts

, ,and . To memebackto a singlesetof counts,aftera numberof Gibbssampling

steps(e.g., after a single passthroughthe dataon eachprocessorwe performthe global update,
usingareduce-scattesperation,

4
where arethe countsthatall processorstartedwith beforethe sweepof the Gibbssampler
Thecounts arecomputecby . Notethatthis globalupdatecorrectlyre ects the

topicassignments (i.e., canalsoberegeneratedising ).

We can considerthis algorithmto be an approximationto the single-processoGibbs samplerin
thefollowing sense:at the startof eachiteration,all of the processorsave the samesetof counts.
However, as eachprocessoistartssampling,the global countmatrix is changingin a way thatis
unknownto eachprocessarThus,in Equation3, thesamplings notbeingdoneaccordingo thetrue
currentglobalcount(or true posteriordistribution), but to anapproximation We have experimented
with “repairing” reversibility of the samplerby addinga phasewhich re-traceshe Gibbs moves
startingat the (global) end-statebut we foundthat,dueto the curse-of-dimensionalityirtually all
stepsendedup beingrejected.

3.2 Hierar chical Distrib uted Infer ence

A moreprincipledway to modelparallelprocessess to build themdirectly into the probabilistic

model.Imagineaparentcollectionof topics . Thisparenthas children whichrepresent
the topic distributionson the variousprocessorsWe assume is sampledfrom accordingto a

Dirichlet distribution with topic-dependenstrengthparameter . The modelthat liveson each
processors simply anLDA model.Hence the generatie processs givenby,

(®)

The graphicalmodel correspondingo this HierarchicalDistributed LDA (HD-LDA) is shovn on

theright of Figure 1, with standard_DA shown ontheleft for comparison.This modelis different
thanthe two othertopic hierarchiesve foundin the literature,namelyl) the deepewersionof the

hierarchicalDirichlet procesamentionedin [6] and2) Pachinlo allocation[7]. The rst placesa

deeperhierarchicalprior on  (insteadof on ) while the seconddealswith a document-speci ¢
hierarchyof topic-assignmentsThesetypesof hierarchieslo not suit our needto facilitateparallel

computation.



As is thecasefor LDA, inferencefor HD-LDA is mostef cient if we mamginalizeout and . We
derive thefollowing conditionalprobabilitiesnecessarfor the Gibbssampler

(6)

In our experimentswe learn MAP estimatedor the global variables , and . Alternatively,
onecanderive Gibbssamplingequationaisingthe auxiliary variablemethodexplainedin [6], but
we leave exploration of this inferencetechniquefor future research. Inferenceis thus basedon
integratingout and , sampling andlearningtheMAP valueof , and . Theentirealgorithm
canbeunderstoodisexpectatiormaximizationon a collapsedspacenherethe M-stepcorresponds
to MAP-updatesandthe E-stepcorresponds$o sampling. As such,the proposedvionte CarloEM
(MCEM) algorithmis guaranteedb corvergein expectation(e.g.,[8]). The MAP learningrulesare
derivedby usingtheboundsderivedin [9]. They aregivenby

()

where is thedigammafunction. Carefulselectionof hyperparameterss critical to makingHD-
LDA work well, andwe usedour experiencewith AD-LDA to guidethesechoices.For AD-LDA
, but for HD-LDA —, sowe choose and to make the mode

of — . Weset —. Finally we choose and to make the modeof ,
matchingthevalueof usedin ourLDA andAD-LDA experiments.

We canview HD-LDA asa mixturemodelwith  LDA mixture componentswherethe datahave
beenhard-assignetb their respectie clustergprocessors)The parametersf the clustersaregen-
eratedfrom a sharedprior distribution. This view clari es the procedureve have adoptedor test-
ing: Firstwe sampleassignmenvariables  for the rst half of thetestdocumentanalogougo
folding-in). Giventhesesamplesve computethelik elihoodof thetestdocumentinderthemodelfor
eachprocessarAssumingequalprior weightsfor eachprocessowe thencomputeresponsibilities,
whicharegivenby thelik elihoodsnormalizedover processorsT he probability of theremaindeof
thetestdocuments thengivenby theresponsibility-weightedverageover the processors.

4 Experiments

Thetwo distributedalgorithmsareinitialized by rst randomlyassigningopicsto , thenfrom this
countingtopicsin documents, , andwordsin topics, , for eachprocessar Recallfor
AD-LDA thatthe countarrays arethe sameon every processo(initially, andafter
every global update). For eachrun of eachalgorithm,a samplewastaken after 500 iterationsof
the Gibbssamplerwell afterthe typical burn-in period of 200-300iterations. Multiple processors
were simulatedin software (by separatingdata,running sequentiallythrougheachprocessarand
simulatingthe global updatestep), exceptfor the speedupsxperimentswhich wererun on a 16-
processocomputer

It is not obvious a priori thatthe AD-LDA algorithmwill in generalcorverge to a usefulresult.
Laterin this sectionwe describea setof systematicempirical resultswith AD-LDA, but we rst
useanillustrative toy exampleto provide someinsightasto how AD-LDA learnsa model. Thetoy
examplehas words, topics. Theleft panelof Figure2 shavsthe  distancebetween
the model's estimateof a particulartopic-word distribution andthe true distribution, asa function
of Gibbsiterations for both single-processdrDA and AD-LDA with . LDA andAD-LDA
have qualitatively the same3-phasdearningdynamics. The rst 4 or soiterations(“early burn-
in”) correspondo somavhatrandommaovementcloseto the randomlyinitialized startingpoint. In

1For clarity, theresultsin this ®gureareplottedfor a singlerun, singledataset,etc.Dweobsered qualita-
tively similar resultsover alarge variety of suchsimulations
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Figure2: (Left) distanceto the modefor LDA andfor P=2 AD-LDA. (Center)Projectionof
topicsonto simplex, showving cornvergenceto mode. (Right) Samesetupas centerpanel,but with
processors.

the next phase(“burn-in”) both algorithmsrapidly move in parametespacetowardsthe posterior
mode.And nally atequilibrium,botharesamplingaroundthe mode.The centempanelof Figure2
plots the samerun, in the 2-d planarsimplex correspondindo the 3-word topic distribution. This
panelshows the pathsin parametespaceof eachmodel,taking a few small stepsnearthe starting
point (top right corner),moving down to the true solution(bottomleft), andthensamplingnearthe
posteriormodefor therestof theiterations.For eachGibbsiteration,the parametersorresponding
to eachof the two individual processorsandthoseparametersfter memging, are shovn (for AD-
LDA). We obsenedthataftertheinitial few iterations theindividual processostepsandthe memge
stepeachresultedin a move closerto the mode. The right panelin Figure 2 illustratesthe same
gualitatve behavior asin the centerpanel,but now for 10 processors.One might worry thatthe
AD-LDA algorithmwould get “trapped” closeto the initial startingpoint, e.g., due to repeated
label mismatchingof the topicsacrossprocessorsin practicewe have consistentlyobsened that
the algorithmquickly discardssuchcon gurations(dueto the stochastimatureof the moves)and
“latches”ontoa consistentabelingthatthenrapidly movesit towardsthe posteriormode.

It is usefulto think of LDA asan approximationto stochasticdescenin the spaceof assignment
variables . On a single processarone canview Gibbs samplingduring burn-in as a stochastic
algorithmto move up thelik elihoodsurface.With multiple processorssachprocessocomputesan
upwarddirectionin its own subspacekeepingall otherdirections x ed. Theglobalupdatestepthen
recombineghesedirectionsby vectoraddition,in the sameway asonewould computea gradient
using nite differences. This is expectedto be accurateaslong asthe surfaceis locally corvex
or concae, but will breakdown at saddle-pointsWe conjectureAD-LD A worksreliably because
saddlepointsarel) unstableand?2) raredueto thefactthatthe posteriorappearsoftento be highly
pealedfor LDA modelsandhigh-dimensionatountdatasets.

To evaluateAD-LDA andHD-LDA systematicallywe measuregerformanceauisingtestsetper

plexity, computedasPerp st —s test  For every testdocumenthalf thewords
(atrandom)areputin afold-in part,andthe remainingwordsareputin atestpart. The document
mix is learnedusingthefold-in part,andlog probabilityis computedusingthis mix andwords
from the testpart, ensuringthatthe testwordsare never seenbeforebeingused.For AD-LDA, the

perpleity computatiorexactly followsthatof LDA, sinceasinglesetof topiccounts aresaved
whena sampleis taken. In contrastall  copiesof arerequiredto computeperpleity for

HD-LDA, asdescribedn the previous section.Exceptwherestated perplexities are computedor

all algorithmsusing sampledrom the posterior(from 10 differentchains)using

test _ - — (8

with the analogougxpressiorbeingusedfor HD-LDA.

We compared_DA (Gibbssamplingon asingleprocessorandour two distributedalgorithms AD-
LDA andHD-LDA, usingthreedatasets: KOS (from dailykos.com),NIPS (from books.nips.cc)
andNYTIMES (from Idc.upenn.edu)Eachdatasetwassplit into a training setandatestset. Size
parameter$or thesedatasetsareshovn in Tablel. For eachcorpus is thevocahulary sizeand
is thetotal numberof words. Usingthe threedatasetsandthethreemodelswe computedestset



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

Tablel: Sizeparametersor thethreedatasetsusedin perpleity andspeedupxperiments.

perpleities for arangeof topics , andfor numberof processors, , rangingfrom 10to 1000for
our distributedmodels.
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Figure3: Testperpleity of modelsversusnumberof processor® for KOS (left) andNIPS (right).
P=1 correspondso LDA (circles),and AD-LDA (crosses)andHD-LDA (squaresyare shavn at
P=10and100.

Figure 3 clearly shows that, for a x ed numberof topics,the perpleity resultsare essentiallythe
samewhetherwe usesingle-processotDA or eitherof the two algorithmswith datadistributed
acrossmultiple processorgeither 10 or 100). The gure shows the testsetperpleity for KOS
(left) and NIPS (right), versusnumberof processors, . The perpleity is computedby
LDA (circles),andwe useour distributedmodels— AD-LDA (crosses)andHD-LDA (squares)-
to computethe and perpleities. Thoughnot shavn, perpleities for AD-LDA
remainedapproximatelyconstantasthe numberof processorsvasfurtherincreasedo

for KOSand for NIPS,demonstratingffective distributedlearningwith only 3 documents
on eachprocessaor It is worth emphasizinghat, despiteno formal corvergenceguaranteesthe
approximatedistributedalgorithmconvergedto goodsolutionsin every singleoneof themorethan
onethousandxperimentave did using vereal-world datasets plussynthesizedatasetsdesigned
tobe"hard” to learn(i.e., topicsmutuallyexclusively distributedover processors)—padnitations
precludeafull descriptionof all theseresultsin this paper
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Figure4: (Left) Testperpleity versusteration.  (Right) Testperpleity versusiumberof topics.

To properlydeterminegthe utility of thedistributedalgorithms,it is necessaryo checkwhetherthe
parallelizedsamplersaresystematicallyconverging moreslowly thansingleprocessosampling.If
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Figure5: (Left) Precision/recaltesults.  (Right). Parallelspeedupesults.

this werethe case,it would mitigatethe computationabainsof parallelization.In fact our exper
imentsconsistentlyshaved (somevhat surprisingly)that the corvergencerate for the distributed
algorithmsis just asrapid asfor the single processorcase. As an example,Figure4 (left) shavs
testperpleity versusiterationnumberof the Gibbssamplern(NIPS, ). During burn-in, up
to iteration200, the distributedmodelsareactuallyconverging slightly fasterthansingleprocessor
LDA. Also notethat1 iterationof AD-LDA (or HD-LDA) onaparallelcomputettakesa fractionof
thewall-clocktime of 1 iterationof LDA.

We alsoinvestigatedvhetherthe resultsweresensitie to the numberof topicsusedin the models,
e.g.,perhapghedistributedalgorithms' performancelivergeswhenthe numberof topicsbecomes
very large. Figure 4 (right) shavs the test set perpleity computedon the NIPS dataset using

samples,as a function of the numberof topics, for the differentalgorithmsanda x ed
numberof processors (notshawvn herearetheresultsfor the KOS datasetwhich werequite
similar). Theperpleitiesof thedifferentalgorithmscloselytrackeachotheras  varies.Sometimes
the distributedalgorithmsproduceslightly lower perpleities thanthoseof single processot DA.
This lower perpleity may be dueto: for AD-LDA, parametergonstantlysplitting and memging
producingan internalaveragingeffect; andfor HD-LDA, testperpleity beingcomputedusing
copiesof sarzed parameters.

Finally, to demonstrat¢hatthe low perpleities obtainedfrom the distributedalgorithmswith
processorarenotjust dueto averagingeffects,we split the NIPS corpusinto onehundredl5-
documentollections,andranLDA separatelyn eachof thesehundredcollections.Testperplexity
( ) computedby averaging100-separaté. DA modelswas 2117, versusthe P=100test
perpleity of 1575for AD-LDA andHD-LDA. This shows that simple averagingof resultsfrom
separat@rocessorsloesnot performnearlyaswell asthedistributedcoordinatedearning.

Our distributedalgorithmsalsoperformwell underotherperformanceametrics. We performedpre-
cision/recallcalculationausingTREC's AP andFR collectionsandmeasuregerformanceisingthe
well-known meanaverageprecision(MAP) metricusedin IR researchFigure5 (left) againshavs
that AD-LDA andHD-LDA (both usingP=10)performsimilarly to LDA. All threeLDA models
have signi cantly higher precisionthan TF-IDF on the AP and FR collections(signi cance was
computedusingat-testatthe0.05level). Thesecalculationsnvererun with

The perprocessoperiterationtime andspacecompleity of LDA andAD-LDA areshown in Ta-
ble 2. AD-LDA's memoryrequirementcaleswell ascollectionsgrow, becausevhile  and
cangetarbitrarily large (which canbe offsetby increasing ), thevocalularysize  asymptotes.
Similarly the time compleity scaleswell sincethe leadingorderterm is dividedby . The
termaccountdor the communicatiorcostof thereduce-scattesperationon the countdifference
, which is executedin stages.Becauseof the additional term, parallel

efciency will dependon —, with increasingef ciency asthis ratio increases.Spaceandtime
compl«ity of HD-LDA aresimilarto thatof AD-LDA, but HD-LDA hasbiggerconstants.

Using our large NYTIMES dataset, we performedspeedupexperimentson a 16-processoSMP
sharedmemorycomputerusing 1, 2, 4, 8 and 16 processorgsincewe did not have access
to a distributed memorycomputer). The single processoLDA run with 1000 iterationsfor this
datasetinvolves ops, andtakesmorethan10 dayson a 3GHz workstation,soit is anideal



LDA AD-LDA
Space —
Time —

Table2: Spaceandtime compleity of LDA andAD-LDA.

computatiorto speedup. The speedupesults,shavn in Figure5 (right), shov reasonabl@arallel
efciency, with a speedupsing processorsThis speedupeduceour NYTIMES 10-
dayrun (880sec/iteratioron 1 processorjo theorderof 1 day (105sec/iteratioron 16 processors).
Note,however, thatwhile theimplementatioronan SMP machinecapturesomedistributedeffects
(e.g.timeto synchronize)it doesnotaccuratelye ect theextratime for communicationHowever,
we do expectthatfor 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 expectedsufcient statisticsfor mixture models
[2, 1]. In the statisticalliterature,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
distributed subsetof the datawill notin generalyield a properMCMC samplerexceptin special
caseg10]. Mimno andMcCallum[11] recentlyproposedhe DCM-LDA model,whereprocessor
speci ¢ setsof topicsarelearnedndependentlyn eachprocessofor local subset®f data,without
ary communicatiorbetweerprocessordpllowedby a global clusteringof the topicsfrom the dif-
ferentprocessorsWhile this methodis highly scalablejt doesnotleadto singleglobalsetof topics
thatrepresenindividual documentsnhoris it de ned by a generatie process.

We proposedwo differentapproacheso distributing MCMC samplingacrosddifferentprocessors
for anLDA model. With AD-LDA we samplefrom an approximatiorto the posteriordensityby
allowing differentprocessors$o concurrentlysamplelatenttopic assignmentsn their local subsets
of the data. Despitehaving no formal corvergenceguaranteesAD-LDA works very well empir
ically andis easyto implement. With HD-LDA we adaptthe underlyingLDA modelto mapto
thedistributedcomputationalnfrastructure While this modelis morecomplicatedhanAD-LDA,
andslower to run (becausef digammaevaluations)jt inheritsthe usualconvergencepropertiesof
MCEM. Carefulselectionof hyperparametersvascritical to makingHD-LDA work well.

In conclusionbothof our proposedalgorithmslearnmodelswith predictive performancehatis no

differentthansingle-processdrDA. On eachprocessothey burn-inandcornvergeat the samerate
asLDA, yielding signi cant speedupén practice. The spaceandtime compleity of both models
malke themscalableto run on enormougroblemsfor example,collectionswith billions to trillions

of words. Thereare several potentially interestingresearctdirectionsthat can be pursuedusing
the algorithmsproposechereasa startingpoint, e.g.,usingasynchronouocal communicatior(as
opposedo theernvironmentof synchronougjlobalcommunicationgoveredin this paperJandmore
complex schemeshatallow datato adaptively move from oneprocessoto another Thedistributed
schemeof AD-LDA canalsobe usedto parallelizeothermachinelearningalgorithms. Using the
sameprinciples,we have implementedistributedversionsof NMF and PLSA, andinitial results
suggesthatthesedistributedalgorithmsalsowork well in practice.
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