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Abstract

We addressthe problemof learningtopic hierarchiesfrom data. The
modelselectionproblemin this domainis daunting—whichof thelarge
collectionof possibletreesto use?We take a Bayesianapproach,gen-
eratinganappropriateprior via a distribution on partitionsthatwe refer
to asthenestedChineserestaurantprocess. Thisnonparametricprior al-
lowsarbitrarily largebranchingfactorsandreadilyaccommodatesgrow-
ing datacollections.We build a hierarchicaltopic modelby combining
thisprior with alikelihoodthatis basedonahierarchicalvariantof latent
Dirichlet allocation. We illustrateour approachon simulateddataand
with anapplicationto themodelingof NIPSabstracts.

1 Intr oduction

Complex probabilisticmodelsareincreasinglyprevalentin domainssuchasbioinformat-
ics, informationretrieval, andvision. Thesedomainscreatefundamentalmodelingchal-
lengesdueto their open-endednature—datasetsoftengrow over time, andasthey grow
they bring new entitiesandnew structuresto the fore. Currentstatisticalmodelingtools
oftenseemtoorigid in this regard;in particular, classicalmodelselectiontechniquesbased
onhypothesistestingarepoorlymatchedto problemsin whichdatacancontinueto accrue
andunboundedsetsof oftenincommensuratestructuresmustbeconsideredateachstep.

An importantinstanceof suchmodelingchallengesis providedby theproblemof learning
a topic hierarchy from data.Givena collectionof “documents,” eachof which containsa
setof “words,” we wish to discover commonusagepatternsor “topics” in thedocuments,
andto organizethesetopicsinto a hierarchy. (Note thatwhile we usethe terminologyof
documentmodelingthroughoutthis paper, the methodsthat we describearegeneral.)In
thispaper, wedevelopef�cient statisticalmethodsfor constructingsuchahierarchy which
allow it to grow andchangeasthedataaccumulate.

We approachthis modelselectionproblemby specifyinga generative probabilisticmodel
for hierarchicalstructuresandtaking a Bayesianperspective on the problemof learning
thesestructuresfrom data. Thus our hierarchiesare randomvariables;moreover, these
randomvariablesarespeci�ed procedurally, accordingto analgorithmthatconstructsthe
hierarchy asdataaremadeavailable.Theprobabilisticobjectthatunderliesthis approach



is a distribution on partitionsof integersknown astheChineserestaurant process[1]. We
show how to extendtheChineserestaurantprocessto a hierarchy of partitions,andshow
how to usethisnew processasarepresentationof prior andposteriordistributionsfor topic
hierarchies.

Thereareseveralpossibleapproachesto themodelingof topichierarchies.In ourapproach,
eachnodein thehierarchy is associatedwith a topic,wherea topic is a distribution across
words. A documentis generatedby choosinga path from the root to a leaf, repeatedly
samplingtopicsalongthat path,andsamplingthe wordsfrom the selectedtopics. Thus
the organizationof topicsinto a hierarchy aimsto capturethe breadthof usageof topics
acrossthe corpus,re�ecting underlyingsyntacticandsemanticnotionsof generalityand
speci�city. This approachdiffers from modelsof topic hierarchieswhich arebuilt on the
premisethat the distributions associatedwith parentsand children are similar [2]. We
assumenosuchconstraint—forexample,therootnodemayplaceall of its probabilitymass
on functionwords,with noneof its descendantsplacingany probabilitymasson function
words. Our modelmorecloselyresemblesthehierarchicaltopic modelconsideredin [3],
thoughthatwork doesnotaddressthemodelselectionproblemwhichis ourprimaryfocus.

2 Chineserestaurantprocesses

Webegin with abrief descriptionof theChineserestaurantprocessandsubsequentlyshow
how thisprocesscanbeextendedto hierarchies.

2.1 The Chineserestaurantprocess

The Chineserestaurantprocess(CRP)is a distribution on partitionsof integersobtained
by imagininga processby which M customerssit down in a Chineserestaurantwith an
in�nite numberof tables.1 Thebasicprocessis speci�edasfollows. The�rst customersits
at the �rst table. The mth subsequentcustomersits at a tabledrawn from the following
distribution:

p(occupiedtablei j previouscustomers) = m i

 + m � 1

p(next unoccupiedtablej previouscustomers) = 


 + m � 1

(1)

wherem i is the numberof previous customersat tablei , and
 is a parameter. After M
customerssit down, theseatingplangivesa partitionof M items. This distribution gives
thesamepartitionstructureasdraws from a Dirichlet process[4]. However, theCRPalso
allows severalvariationson thebasicrule in Eq. (1), includinga data-dependentchoiceof

 anda moregeneralfunctionaldependenceon the currentpartition [5]. This �e xibility
will prove usefulin oursetting.

TheCRPhasbeenusedto representuncertaintyover thenumberof componentsin a mix-
ture model. In a speciessamplingmixture [6], eachtable in the Chineserestaurantis
associatedwith a draw from p(� j � ) where� is a mixture componentparameter. Each
datapoint is generatedby choosinga tablei from Eq. (1) andthensamplinga valuefrom
the distribution parameterizedby � i (the parameterassociatedwith that table). Given a
dataset,theposteriorunderthis modelhastwo components.First, it is a distribution over
seatingplans;the numberof mixture componentsis determinedby the numberof tables
whichthedataoccupy. Second,givenaseatingplan,theparticulardatawhicharesittingat
eachtableinducea distribution on theassociatedparameter� for thattable.Theposterior
canbe estimatedusingMarkov chainMonte Carlo [7]. Applicationsto variouskinds of
mixturemodelshave begunto appearin recentyears;examplesincludeGaussianmixture
models[8], hiddenMarkov models[9] andmixturesof experts[10].

1Theterminologywasinspiredby theChineserestaurantsin SanFranciscowhich seemto have
anin�nite seatingcapacity. It wascoinedby JimPitmanandLesterDubinsin theearlyeighties[1].



2.2 Extending the CRP to hierarchies

The CRP is amenableto mixture modelingbecausewe canestablisha one-to-onerela-
tionshipbetweentablesandmixturecomponentsanda one-to-many relationshipbetween
mixture componentsanddata. In the modelsthat we will consider, however, eachdata
point is associatedwith multiplemixturecomponentswhich lie alongapathin ahierarchy.
Wedevelopahierarchicalversionof theCRPto usein specifyingaprior for suchmodels.

A nestedChineserestaurant processcanbede�ned by imaginingthe following scenario.
Supposethatthereareanin�nite numberof in�nite-table Chineserestaurantsin acity. One
restaurantis determinedto betheroot restaurantandon eachof its in�nite tablesis a card
with thenameof anotherrestaurant.Oneachof thetablesin thoserestaurantsarecardsthat
referto otherrestaurants,andthisstructurerepeatsin�nitely . Eachrestaurantis referredto
exactlyonce;thus,therestaurantsin thecity areorganizedinto anin�nitely-branchedtree.
Notethateachrestaurantis associatedwith a level in this tree(e.g.,theroot restaurantis at
level 1 andtherestaurantsit refersto areat level 2).

A touristarrivesin thecity for a culinaryvacation.On the�rst evening,heenterstheroot
Chineserestaurantandselectsa tableusingEq.(1). On thesecondevening,hegoesto the
restaurantidenti�ed onthe�rst night's tableandchoosesanothertable,again from Eq.(1).
Herepeatsthisprocessfor L days.At theendof thetrip, thetouristhassatatL restaurants
which constitutea path from the root to a restaurantat the L th level in the in�nite tree
describedabove. After M touriststake L-dayvacations,thecollectionof pathsdescribea
particularL -level subtreeof thein�nite tree(seeFigure1afor anexampleof sucha tree).

This prior canbeusedto modeltopic hierarchies.Justasa standardCRPcanbeusedto
expressuncertaintyabouta possiblenumberof components,thenestedCRPcanbeused
to expressuncertaintyaboutpossibleL-level trees.

3 A hierarchical topic model

Let us considera datasetcomposedof a corpusof documents.Eachdocumentis a col-
lection of words,wherea word is an item in a vocabulary. Our basicassumptionis that
the words in a documentaregeneratedaccordingto a mixture modelwherethe mixing
proportionsarerandomanddocument-speci�c.Considera multinomialvariablez, andan
associatedsetof distributionsover wordsp(w j z; � ), where� is a parameter. Thesetop-
ics (onedistribution for eachpossiblevalueof z) arethebasicmixturecomponentsin our
model. The document-speci�cmixing proportionsassociatedwith thesecomponentsare
denotedby a vector� . TemporarilyassumingK possibletopicsin thecorpus,anassump-
tion thatwewill soonrelax,z thusrangesoverK possiblevaluesand� is aK -dimensional
vector. Our document-speci�cmixturedistribution is p(w j � ) =

P K
i =1 � i p(w j z = i; � i )

which is a randomdistributionsince� is random.

We now specifythe following two-level generative probabilisticprocessfor generatinga
document:(1) chooseaK -vector� of topicproportionsfrom adistributionp(� j � ), where
� is a corpus-level parameter;(2) repeatedlysamplewordsfrom themixturedistribution
p(w j � ) for thechosenvalueof � . Whenthedistributionp(� j � ) is chosento beaDirichlet
distribution,weobtainthelatentDirichlet allocationmodel(LDA) [11]. LDA is thusatwo-
level generativeprocessin whichdocumentsareassociatedwith topicproportions,andthe
corpusis modeledasaDirichlet distributionon thesetopicproportions.

We now describeanextensionof this modelin which thetopicslie in a hierarchy. For the
moment,supposewe aregiven an L-level treeandeachnodeis associatedwith a topic.
A documentis generatedasfollows: (1) choosea pathfrom theroot of the treeto a leaf;
(2) draw a vectorof topic proportions� from anL-dimensionalDirichlet; (3) generatethe
wordsin thedocumentfrom a mixtureof thetopicsalongthepathfrom root to leaf, with



mixing proportions� . Thismodelcanbeviewedasafully generativeversionof thecluster
abstractionmodel[3].

Finally, weusethenestedCRPto relaxtheassumptionof a�x edtreestructure.As wehave
seen,thenestedCRPcanbeusedto placeaprior onpossibletrees.Wealsoplaceaprior on
thetopics� i , eachof which is associatedwith a restaurantin thein�nite tree(in particular,
we assumea symmetricDirichlet with hyperparameter� ). A documentis drawn by �rst
choosingan L-level paththroughthe restaurantsandthendrawing the wordsfrom the L
topicswhich areassociatedwith the restaurantsalongthatpath. Note thatall documents
sharethetopicassociatedwith theroot restaurant.

1. Let c1 betheroot restaurant.
2. For eachlevel ` 2 f 2; : : : ; Lg:

(a) Draw a tablefrom restaurantc` � 1 usingEq. (1). Setc` to be therestaurant
referredto by thattable.

3. Draw anL-dimensionaltopicproportionvector� from Dir(� ).
4. For eachwordn 2 f 1; : : : ; N g:

(a) Draw z 2 f 1; : : : ; Lg from Mult(� ).
(b) Draw wn from thetopicassociatedwith restaurantcz .

This model, hierarchical LDA (hLDA), is illustratedin Figure1b. The nodelabeledT
refersto a collection of an in�nite numberof L -level pathsdrawn from a nestedCRP.
GivenT, thecm;` variablesaredeterministic—simplylook upthe`th level of themth path
in thein�nite collectionof paths.However, nothaving observedT, thedistributionof cm;`
will be de�ned by the nestedChineserestaurantprocess,conditionedon all the cq;` for
q < m.

Now supposewe are given a corpusof M documents,w1; : : : ; wM . The posterioron
the c's is essentiallytransferred(via the deterministicrelationship),to a posterioron the
�rst M pathsin T. Considera new documentwM +1 . Its posteriorpath will depend,
throughtheunobservedT, ontheposteriorpathsof all thedocumentsin theoriginalcorpus.
Subsequentnew documentswill alsodependontheoriginalcorpusandany new documents
which were observed beforethem. Note that, throughEq. (1), any new documentcan
choosea previously unvisited restaurantat any level of the tree. I.e., even if we have a
peakedposterioronT whichhasessentiallyselectedaparticulartree,anew documentcan
changethathierarchy if its wordsprovide justi�cation for suchachange.

In anothervariationof this model,we canconsidera processthat �attens thenestedCRP
into astandardCRP, but retainstheideathata touristeatsL meals.Thatis, thetouristeats
L timesin a singlerestaurantundertheconstraintthathedoesnot choosethesametable
twice. Thoughthevacationis lessinteresting,this modelprovidesaninterestingprior. In
particular, it canbeusedasa prior for a �at LDA modelin which eachdocumentcanuse
at mostL topicsfrom thepotentiallyin�nite total setof topics.We examinesucha model
in Section5 to compareCRPmethodswith selectionbasedonBayesfactors.

4 Approximate inferenceby Gibbssampling

In this section,we describea Gibbssamplingalgorithmfor samplingfrom the posterior
nestedCRPandcorrespondingtopics in the hLDA model. The Gibbssamplerprovides
a methodfor simultaneouslyexploring the parameterspace(the particulartopicsof the
corpus)andthemodelspace(L-level trees).

Thevariablesneededby thesamplingalgorithmare:wm;n , thenth word in themth docu-
ment(theonly observedvariablesin themodel);cm;` , therestaurantcorrespondingto the
`th topic in documentm; andzm;n , theassignmentof thenth word in themth document
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Figure1: (a)Thepathsof four touriststhroughthein�nite treeof Chineserestaurants(L =
3). Thesolid linesconnecteachrestaurantto therestaurantsreferredto by its tables.The
collectedpathsof the four touristsdescribea particularsubtreeof the underlyingin�nite
tree.This illustratesasamplefrom thestatespaceof theposteriornestedCRPof Figure1b
for four documents.(b) The graphicalmodel representationof hierarchicalLDA with a
nestedCRPprior. WehaveseparatedthenestedChineserestaurantprocessfrom thetopics.
Eachof thein�nite � 's correspondsto oneof therestaurants.

to oneof theL availabletopics.All othervariablesin themodel—� and� —areintegrated
out. TheGibbssamplerthusassessesthevaluesof zm;n andcm;` .

Conceptually, we divide the Gibbssamplerinto two parts. First, given the currentstate
of the CRP, we samplethe zm;n variablesof the underlyingLDA model following the
algorithmdevelopedin [12], which we do not reproducehere.Second,giventhevaluesof
theLDA hiddenvariables,wesamplethecm;` variableswhichareassociatedwith theCRP
prior. Theconditionaldistribution for cm , theL topicsassociatedwith documentm, is:

p(cm j w; c� m ; z) / p(wm j c; w� m ; z)p(cm j c� m );

wherew� m andc� m denotethew andc variablesfor all documentsotherthanm. This
expressionis aninstanceof Bayes'rulewith p(wm j c; w� m ; z) asthelikelihoodof thedata
givena particularchoiceof cm andp(cm j c� m ) astheprior on cm implied by thenested
CRP. Thelikelihoodis obtainedby integratingover theparameters� , whichgives:

p(wm j c; w� m ; z) =
LY

` =1

 
�( n( �)

cm;` ;� m + W � )
Q

w �( n(w )
cm;` ;� m + � )

Q
w �( n(w )

cm;` ;� m + n(w )
cm;` ;m + � )

�( n( �)
cm;` ;� m + n( �)

cm;` ;m + W � )

!

;

wheren(w )
cm;` ;� m is thenumberof instancesof word w thathave beenassignedto thetopic

indexed by cm;` , not including thosein the currentdocument,W is the total vocabulary
size,and�( �) denotesthestandardgammafunction.Whenccontainsapreviouslyunvisited
restaurant,n(w )

cm;` ;� m is zero.

Notethatthecm mustbedrawn asa block. Thesetof possiblevaluesfor cm corresponds
to the union of the setof existing pathsthroughthe tree,equalto the numberof leaves,
with thesetof possiblenovel paths,equalto thenumberof internalnodes.This setcanbe
enumeratedandscoredusingEq.(1) andthede�nition of anestedCRPin Section2.2.
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Figure2: (a)Six sampledocumentsfrom
a 100 documentcorpususing the three
level bars hierarchy describedin Sec-
tion 5 and� skewed toward higher lev-
els.Eachdocumenthas1000wordsfrom
a25 termvocabulary. (b) Thecorrecthi-
erarchy found by the Gibbssampleron
thiscorpus.

Figure 3: Resultsof estimatinghierarchies
on simulateddata.Structure refersto a three
level hierarchy: the�rst integeris thenumber
of branchesfrom theroot andis followedby
thenumberof childrenof eachbranch.Leaf
error refersto how many leaveswereincor-
rect in the resultingtree(0 is exact). Other
subsumesall othererrors.

5 Examplesand empirical results

In this sectionwe describea numberof experimentsusing the modelsdescribedabove.
In all experiments,we let thesamplerburn in for 10000iterationsandsubsequentlytook
samples100 iterationsapartfor another1000iterations.Local maximacanbea problem
in thehLDA model.To avoid them,werandomlyrestartthesampler25 timesandtake the
trajectorywith thehighestaverageposteriorlikelihood.

We illustratethatthenestedCRPprocessis feasiblefor learningtext hierarchiesin hLDA
by usinga contrived corpuson a small vocabulary. We generateda corpusof 100 1000-
worddocumentsfrom athree-level hierarchy with avocabularyof 25terms.In thiscorpus,
topicson thevocabulary canbeviewedasbarson a 5 � 5 grid. Theroot topic placesits
probability masson the bottombar. On the secondlevel, onetopic is identi�ed with the
leftmostbar, while therightmostbarrepresentsa secondtopic. Theleftmosttopic hastwo
subtopicswhile the rightmosttopic hasonesubtopic.Figure2a illustratessix documents
sampledfrom this model. Figure2b illustratesthe recoveredhierarchy using the Gibbs
samplingalgorithmdescribedin Section4.

In estimatinghierarchy structures,hypothesistestingapproachesto model selectionare
impracticalsincethey do not provide a viable methodof searchingover the large space
of trees.To comparetheCRPmethodon LDA modelswith a standardapproach,we im-
plementedthe simpler, �at modeldescribedat the endof Section3. We generated210
corporaof 100 1000-word documentseachfrom an LDA modelwith K 2 f 5; : : : ; 25g,
L = 5, avocabularysizeof 100,andrandomlygeneratedmixturecomponentsfrom asym-
metricDirichlet (� = 0:1). For comparisonwith theCRPprior, we usedtheapproximate
Bayesfactorsmethodof modelselection[13], whereonechoosesthe model that maxi-
mizesp(dataj K )p(K ) for variousK andanappropriateprior. With theLDA model,the
Bayesfactorsmethodis muchslower thantheCRPasit involvesmultiple runsof a Gibbs
samplerwith speedcomparableto a singlerun of theCRPsampler. Furthermore,with the
Bayesfactorsmethodonemustchoosean appropriaterangeof K . With the CRPprior,
theonly freeparameteris 
 (we used
 = 1:0). As shown in Figure4, theCRPprior was
moreeffective thanBayesfactorsin this setting. We shouldnotethat both the CRPand
Bayesfactorsaresomewhat sensitive to the choice� , the hyperparameterto the prior on
the topics. However, in simulateddata,this hyperparameterwasknown andthuswe can
providea fair comparison.

In asimilarexperiment,wegenerated50corporaeachfrom � vedifferenthierarchiesusing
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Figure 4: (Left) The averagedimensionfound by a CRP prior plotted against the true
dimensionon simulateddata(thetruevalueis jiggled to seeoverlappingpoints).For each
dimension,we generatedtencorporawith a vocabulary sizeof 100. Eachcorpuscontains
100documentsof 1000words.(Right)Resultsof modelselectionwith Bayesfactors.

an hLDA modelandthe samesymmetricDirichlet prior on topics. Eachcorpushas100
documentsof 1000wordsfrom a vocabulary of 100terms.Figure3 reportstheresultsof
samplingfrom theresultingposterioron treeswith theGibbssamplerfrom Section4. In
all cases,we recover the correctstructuremorethanany otherandwe usuallyrecover a
structurewithin oneleaf of thecorrectstructure.In all experiments,no predictedstructure
deviatedby morethanthreenodesfrom thecorrectstructure.

Lastly, to demonstrateits applicability to realdata,we appliedthehLDA modelto a text
dataset. Using1717NIPSabstractsfrom 1987–1999[14] with 208,896wordsanda vo-
cabularyof 1600terms,weestimateda threelevel hierarchy asillustratedin Figure5. The
modelhasnicely capturedthe function wordswithout usingan auxiliary list, a nuisance
thatmostpracticalapplicationsof languagemodelsrequire.At thenext level, it separated
thewordspertainingto neuroscienceabstractsandmachinelearningabstracts.Finally, it
delineatedseveral importantsubtopicswithin the two �elds. Theseresultssuggestthat
hLDA canbeaneffective tool in text applications.

6 Summary

We have presentedthe nestedChineserestaurantprocess,a distribution on hierarchical
partitions. We have shown that this processcanbe usedasa nonparametricprior for a
hierarchicalextensionto the latent Dirichlet allocationmodel. The result is a �e xible,
generalmodelfor topic hierarchiesthatnaturallyaccommodatesgrowing datacollections.
We have presenteda Gibbssamplingprocedurefor this modelwhich providesa simple
methodfor simultaneouslyexploring thespacesof treesandtopics.

Our modelhastwo naturalextensions.First, we have restrictedourselvesto hierarchies
of �x ed depthL for simplicity, but it is straightforward to considera model in which L
canvary from documentto document.Eachdocumentis still a mixture of topicsalong
a path in a hierarchy, but different documentscan expresspathsof different lengthsas
they representvarying levels of specialization.Second,althoughin our currentmodela
documentis associatedwith a singlepath, it is alsonaturalto considermodelsin which
documentsareallowedto mix over paths.This would bea naturalway to take advantage
of syntacticstructuressuchasparagraphsandsentenceswithin adocument.
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