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Abstract

We addresghe problemof learningtopic hierarchiesfrom data. The
modelselectionproblemin this domainis daunting—whictof thelarge
collectionof possibletreesto use? We take a Bayesiamapproachgen-
eratinganappropriateprior via a distribution on partitionsthatwe refer
to asthenestedChinesaestauant process This nonparametriprior al-
lows arbitrarily large branchingfactorsandreadilyaccommodategrow-
ing datacollections. We build a hierarchicatopic modelby combining
this prior with alik elihoodthatis basedn ahierarchicalariantof latent
Dirichlet allocation. We illustrate our approachon simulateddataand
with anapplicationto the modelingof NIPS abstracts.

1 Intr oduction

Comple probabilisticmodelsareincreasinglyprevalentin domainssuchasbioinformat-
ics, informationretrieval, andvision. Thesedomainscreatefundamentaimodelingchal-
lengesdueto their open-endecdhature—dataetsoften grow over time, andasthey grow
they bring new entitiesandnew structurego the fore. Currentstatisticalmodelingtools
oftenseemoorigid in thisregard;in particular classicamodelselectiontechniquedased
on hypothesigestingarepoorly matchedo problemsn which datacancontinueto accrue
andunboundedetsof oftenincommensuratstructuresnustbe consideredit eachstep.

An importantinstanceof suchmodelingchallengess providedby the problemof learning
atopic hierarcly from data. Givena collectionof “documents, eachof which containsa
setof “words; we wish to discoser commonusagepatternsor “topics” in the documents,
andto organizethesetopicsinto a hierarcly. (Note thatwhile we usethe terminologyof
documentmodelingthroughoutthis paper the methodsthat we describearegeneral.)In
this paperwe developef cient statisticalmethodsor constructingsucha hierarcty which
allow it to grow andchangeasthe dataaccumulate.

We approachthis modelselectionproblemby specifyinga generatie probabilisticmodel
for hierarchicalstructuresand taking a Bayesianperspectie on the problemof learning
thesestructuresirom data. Thusour hierarchiesare randomvariables;morewer, these
randomvariablesarespeci ed procedurallyaccordingto an algorithmthat constructghe
hierarcly asdataaremadeavailable. The probabilisticobjectthatunderliesthis approach



is adistribution on partitionsof integersknown asthe Chineserestauant procesgq1]. We
shav how to extendthe Chineserestauranprocesdo a hierarcly of partitions,andshav
how to usethis new procesasarepresentatioof prior andposteriordistributionsfor topic
hierarchies.

Thereareseveralpossibleapproacheto themodelingof topic hierarchiesIn ourapproach,
eachnodein the hierarcly is associatedvith atopic, whereatopicis a distribution across
words. A documentis generatedy choosinga path from the root to a leaf, repeatedly
samplingtopics alongthat path, and samplingthe wordsfrom the selectedopics. Thus
the organizationof topicsinto a hierarcly aimsto capturethe breadthof usageof topics
acrossthe corpus,re ecting underlyingsyntacticand semanticnotionsof generalityand
speci city. This approachdiffers from modelsof topic hierarchieswvhich arebuilt on the
premisethat the distributions associatedwvith parentsand children are similar [2]. We
assumeosuchconstraint—foilexample therootnodemayplaceall of its probabilitymass
on functionwords,with noneof its descendantglacingary probability masson function
words. Our modelmorecloselyresembleghe hierarchicakopic modelconsideredn [3],
thoughthatwork doesnotaddresshemodelselectiorproblemwhichis our primaryfocus.

2 Chineserestaurant processes

We begin with a brief descriptionof the Chineseaestauranprocessandsubsequentighav
how this procesanbe extendedo hierarchies.

2.1 The Chineserestaurantprocess

The ChineserestauranprocesqCRP)is a distribution on partitionsof integersobtained
by imagininga processby which M customerssit down in a Chineserestaurantvith an
in nite numberof tables! Thebasicprocesss speci edasfollows. The rst customessits
atthe rst table. The mth subsequentustomersits at a table dravn from the following
distribution:

p(occupiedtablei j previouscustomerys = W

+m
p(next unoccupiedablej previouscustomers -7 1 (1)

wherem; is the numberof previous customersattablei, and is a parameter After M
customersit down, the seatingplan givesa partition of M items. This distribution gives
the samepartition structureasdraws from a Dirichlet procesg44]. However, the CRPalso
allows severalvariationson the basicrule in Eg. (1), including a data-dependermhoiceof

anda more generalfunctionaldependencen the currentpartition[5]. This e xibility
will prove usefulin our setting.

The CRPhasbeenusedto representincertaintyover the numberof component$n a mix-

ture model. In a speciessamplingmixture [6], eachtablein the Chineserestauranis

associatedvith a drawv from p( j ) where is a mixture componeniparameter Each
datapointis generatedby choosingatablei from Eg. (1) andthensamplinga valuefrom

the distribution parameterizedy ; (the parameteiassociatedvith thattable). Given a
dataset,the posteriorunderthis modelhastwo componentsFirst, it is a distribution over
seatingplans;the numberof mixture componentss determinedoy the numberof tables
whichthedataoccupy. Secondgivenaseatingplan,theparticulardatawhich aresitting at
eachtableinducea distribution on the associategharameter for thattable. The posterior
canbe estimatedusing Markov chainMonte Carlo[7]. Applicationsto variouskinds of

mixture modelshave begunto appeaiin recentyears;examplesincludeGaussiammixture
models[8], hiddenMarkov models[9] andmixturesof experts[10].

1The terminologywasinspiredby the Chineserestaurantin SanFranciscowhich seemto have
anin nite seatingcapacity It wascoinedby Jim PitmanandLesterDubinsin the earlyeighties[1].



2.2 Extending the CRP to hierarchies

The CRPis amenableto mixture modelingbecauseve can establisha one-to-onerela-
tionshipbetweertablesand mixture componentg&nda one-to-mawg relationshipbetween
mixture componentsand data. In the modelsthat we will consider however, eachdata
pointis associateavith multiple mixture componentsvhich lie alongapathin ahierarcly.

We developa hierarchicalersionof the CRPto usein specifyinga prior for suchmodels.

A nestedChineserestauant processcanbe de ned by imaginingthe following scenario.
Supposghatthereareanin nite humberof in nite-table Chineserestaurantg acity. One
restaurants determinedo betheroot restauranandon eachof its in nite tablesis a card
with thenameof anotherestaurantOneachof thetablesin thoserestaurantarecardsthat
referto otherrestaurantsandthis structurerepeatsn nitely . Eachrestauranis referredto

exactly once;thus,therestaurantin the city areorganizedinto anin nitely-branchedtree.
Notethateachrestaurants associateavith alevel in thistree(e.g.,therootrestaurants at

level 1 andtherestaurantdt refersto areatlevel 2).

A touristarrivesin thecity for a culinaryvacation.Onthe rst evening,heenterstheroot
ChineseaestauranandselectsatableusingEq. (1). Onthe secondevening,hegoesto the
restaurantdenti ed onthe rst night'stableandchoosesnothettable,again from Eq. (1).
Herepeatghis procesdor L days.At theendof thetrip, thetouristhassatatL restaurants
which constitutea path from the root to a restaurantt the Lth level in the in nite tree
describedabove. After M touriststake L -dayvacationsthe collectionof pathsdescribea
particularL -level subtreeof thein nite tree(seeFigurelafor anexampleof suchatree).

This prior canbe usedto modeltopic hierarchies.Justasa standardCRP canbe usedto
expressuncertaintyabouta possiblenumberof componentsthe nestedCRP canbe used
to expressuncertaintyaboutpossiblel -level trees.

3 A hierarchical topic model

Let us considera datasetcomposedf a corpusof documents.Eachdocuments a col-
lection of words,wherea word is anitemin a vocalulary. Our basicassumptioris that
the wordsin a documentare generatedaccordingto a mixture modelwherethe mixing
proportionsarerandomanddocument-speci cConsidera multinomialvariablez, andan
associatedetof distributionsover wordsp(w j z; ), where is aparameterThesetop-
ics (onedistribution for eachpossiblevalueof z) arethe basicmixture componentsn our
model. The document-speci anixing proportionsassociatedavith thesecomponentsre
denotedby avector . Temporarilyassumingk possibletopicsin the corpus,anassump-
tion thatwe will soonrelax,z thusrangesoverK possiblevaluesaryd isaK -dimensional
vector Ourdocument-speci anixturedistributionisp(wj ) = iK:l ipwjz=1i; )
whichis arandomdistribution since is random.

We now specifythe following two-level generatie probabilisticprocesdor generatinga
documenti(1) chooseaK -vector of topicproportionsfrom adistributionp( j ), where

is a corpus-leel parameter(2) repeatedlysamplewordsfrom the mixture distribution
p(w j ) forthechoservalueof . Whenthedistributionp( j ) ischosertobeaDirichlet
distribution, we obtainthelatentDirichlet allocationmodel(LDA) [11]. LDA is thusatwo-
level generatie processn which documentsreassociatedvith topic proportionsandthe
corpusis modeledasa Dirichlet distribution on thesetopic proportions.

We now describean extensionof this modelin which thetopicslie in a hierarcly. For the
moment,supposewe are given an L -level tree and eachnodeis associatedvith a topic.
A documenis generatedsfollows: (1) choosea pathfrom the root of the treeto a leaf;
(2) draw avectorof topic proportions from anL-dimensionaDirichlet; (3) generatehe
wordsin the documenfrom a mixture of the topicsalongthe pathfrom root to leaf, with



mixing proportions . Thismodelcanbeviewedasafully generatie versionof thecluster
abstractiormodel[3].

Finally, we usethe nestedCRPto relaxtheassumptiorof a x edtreestructure As we have
seenthenestedCRPcanbeusedto placeaprior onpossiblerees.We alsoplaceaprior on
thetopics i, eachof whichis associatedvith arestauranin thein nite tree(in particular
we assumea symmetricDirichlet with hyperparameter). A documents dravn by rst
choosingan L -level paththroughthe restaurantsindthendrawing the wordsfrom the L
topicswhich areassociatedvith the restaurantslongthat path. Note thatall documents
sharethetopic associatedavith therootrestaurant.

1. Letc; betherootrestaurant.
2. Foreachlevel ™ 2 f2;:::;Lg:

(a) Draw atablefrom restaurant: ; usingEq. (1). Setc to betherestaurant
referredto by thattable.

3. Draw anL -dimensionatopic proportionvector from Dir( ).

(b) Draw w, from thetopic associatedavith restaurant, .

This model, hierarchical LDA (hLDA), is illustratedin Figure 1b. The nodelabeledT
refersto a collection of an in nite numberof L-level pathsdravn from a nestedCRR
GivenT, thecy, variablesaredeterministic—simplyook uptheth level of themth path
in thein nite collectionof paths.However, nothaving obseredT, thedistribution of ¢y,

will be de ned by the nestedChineserestauranprocess conditionedon all the ¢y, for
g< m.

Now supposewe are given a corpusof M documentsws;:::;wy . The posterioron

the c's is essentiallytransferredvia the deterministicrelationship),to a posterioron the

rst M pathsin T. Considera nev documentwy +; . Its posteriorpathwill depend,
throughtheunobseredT, ontheposteriompathsof all thedocumentsn theoriginal corpus.
Subsequemen documentsvill alsodependntheoriginal corpusandary new documents
which were obsened beforethem. Note that, throughEq. (1), any nev documentcan

choosea previously unvisited restaurantat ary level of the tree. l.e., evenif we have a

pealedposterioron T which hasessentiallyselecteda particulartree,anev documentan

changehathierarcly if its wordsprovide justi cation for suchachange.

In anothervariationof this model,we canconsidera procesghat attens the nestedCRP
into a standardCRR but retainstheideathatatouristeatsL meals.Thatis, thetouristeats
L timesin a singlerestaurantinderthe constrainthat he doesnot choosethe sametable
twice. Thoughthe vacationis lessinterestingthis modelprovidesaninterestingprior. In

particular it canbe usedasa prior for a at LDA modelin which eachdocumentanuse
atmostL topicsfrom the potentiallyin nite total setof topics. We examinesucha model
in Section5 to compareCRPmethodswith selectiorbasedn Bayesfactors.

4 Approximateinferenceby Gibbs sampling

In this section,we describea Gibbs samplingalgorithmfor samplingfrom the posterior
nestedCRP and correspondindopicsin the hLDA model. The Gibbs samplerprovides
a methodfor simultaneouslyexploring the parameteispace(the particulartopics of the
corpus)andthemodelspacqL -level trees).

Thevariablesneededy the samplingalgorithmare: wy,., , thenth wordin themth docu-
ment(the only obsened variablesin the model);cy, , therestaurantorrespondingo the
“th topic in documenim; andzy,., , the assignmenof the nth word in the mth document
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Figurel: (a) Thepathsof four touriststhroughthein nite treeof ChineseaestaurantéL =
3). Thesolid lines connecteachrestauranto the restaurantseferredto by its tables.The
collectedpathsof the four touristsdescribea particularsubtreeof the underlyingin nite
tree. Thisillustratesasamplefrom the statespaceof the posteriomestedCRPof Figurelb
for four documents.(b) The graphicalmodelrepresentatiomf hierarchicalLDA with a
nestedCRPprior. We have separatethenestedChinesaestauranprocesgrom thetopics.
Eachof thein nite 'scorrespondso oneof therestaurants.
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to oneof theL availabletopics.All othervariablesn themodel— and —areintegrated
out. TheGibbssamplerthusassessethe valuesof z,., andcy: .

Conceptuallywe divide the Gibbs samplerinto two parts. First, given the currentstate
of the CRR we samplethe z,,, variablesof the underlyingLDA model following the
algorithmdevelopedin [12], which we do notreproducéhere. Secondgiventhe valuesof
theLDA hiddenvariableswe samplethec,~ variableswvhich areassociatetvith the CRP
prior. Theconditionaldistribution for ¢, , theL topicsassociateavith documentn, is:

P(Cm jW;C m:;2) /| P(WmjCW m;Z2)P(CmiC m);

wherew , andc , denotethew andc variablesfor all documentotherthanm. This
expressioris aninstanceof Bayes'rulewith p(wn j ¢; W m; 2) asthelikelihoodof thedata
givena particularchoiceof ¢, andp(cm j€¢ m) astheprior oncy, implied by the nested
CRP Thelikelihoodis obtainedby integratingover the parameters , which gives:

!
¥ oo aew) C nl en )

kJ ]
e (e (nD e nl) W)

P(Wm jCW m;2) =

Wheren(c"mv_? . m isthenumberof instance®f word w thathave beenassignedo thetopic

indexed by ¢y , notincluding thosein the currentdocumentW is the total vocalulary
size,and ( ) denoteghestandardjammafunction. Whenc containsa previously urvisited

restaurantn’"” . | is zero.

Notethatthe c,, mustbedravn asablock. Thesetof possiblevaluesfor ¢, corresponds
to the union of the setof existing pathsthroughthe tree, equalto the numberof leaves,
with the setof possiblenovel paths,equalto the numberof internalnodes.This setcanbe
enumeratedndscoredusingEq. (1) andthe de nition of anestedCRPin Section2.2.
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Figure2: (a) Six sampledocument$rom Figure 3: Resultsof estimatinghierarchies
a 100 documentcorpususingthe three  onsimulateddata. Structue refersto athree

level bars hierarcly describedin Sec-  level hierarcly: the rst integeris thenumber
tion 5and skewed toward higherlev- of branchedrom the root andis followed by
els.Eachdocumenhas1000wordsfrom the numberof childrenof eachbranch. Leaf
a25termvocahulary. (b) Thecorrecthi- error refersto how mary leaveswereincor
erarcly found by the Gibbs sampleron rectin the resultingtree (0 is exact). Other
this corpus. subsumeasll othererrors.

5 Examplesand empirical results

In this sectionwe describea numberof experimentsusing the modelsdescribedabore.
In all experimentswe let the samplerburn in for 10000iterationsand subsequentlyook
sampleslOOiterationsapartfor anotherl000iterations.Local maximacanbe a problem
in thehLDA model. To avoid them,we randomlyrestartthe sampler25 timesandtake the
trajectorywith the highestaverageposteriorik elihood.

We illustratethatthe nestedCRP processds feasiblefor learningtext hierarchiesn hLDA
by usinga contrived corpuson a small vocalulary. We generated corpusof 100 1000-
word documentdrom athree-leel hierarcty with avocatlulary of 25terms.In this corpus,
topicson thevocahlulary canbeviewedasbarsona5 5 grid. Theroot topic placesits
probability masson the bottombar. On the secondevel, onetopic is identi ed with the
leftmostbar, while therightmostbarrepresents secondopic. Theleftmosttopic hastwo
subtopicswhile the rightmosttopic hasonesubtopic. Figure 2aillustratessix documents
sampledfrom this model. Figure 2b illustratesthe recoveredhierarcly usingthe Gibbs
samplingalgorithmdescribedn Sectiord.

In estimatinghierarcly structures hypothesistestingapproacheso model selectionare
impracticalsincethey do not provide a viable methodof searchingover the large space
of trees. To comparethe CRP methodon LDA modelswith a standardapproachwe im-

plementedhe simpler at modeldescribedat the end of Section3. We generated210

L = 5, avocahularysizeof 100,andrandomlygeneratednixturecomponentfrom a sym-
metric Dirichlet ( = 0:1). For comparisorwith the CRP prior, we usedthe approximate
Bayesfactorsmethodof modelselection[13], whereone chooseghe modelthat maxi-
mizesp(dataj K )p(K ) for variousK andanappropriateprior. With the LDA model,the
Bayesfactorsmethodis muchslowver thanthe CRPasit involvesmultiple runsof a Gibbs
samplewith speeccomparabldo a singlerun of the CRPsampler Furthermorewith the
Bayesfactorsmethodone mustchoosean appropriaterangeof K . With the CRP prior,
theonly freeparameteirs (weused = 1:0). As shavnin Figure4, the CRPprior was
more effective than Bayesfactorsin this setting. We shouldnotethat both the CRP and
Bayesfactorsare somevhat sensitve to the choice , the hyperparameteto the prior on
the topics. However, in simulateddata,this hyperparametewasknown andthuswe can
provide afair comparison.

In asimilarexperimentwe generate®0 corporaeachfrom ve differenthierarchiesising
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Figure 4: (Left) The averagedimensionfound by a CRP prior plotted against the true
dimensionon simulateddata(the true valueis jiggled to seeoverlappingpoints). For each
dimensionwe generateden corporawith a vocalulary sizeof 100. Eachcorpuscontains
100document®f 1000words. (Right) Resultsof modelselectionwith Bayesfactors.

an hLDA modelandthe samesymmetricDirichlet prior on topics. Eachcorpushas100
documentsf 1000wordsfrom a vocalulary of 100terms. Figure3 reportsthe resultsof

samplingfrom the resultingposterioron treeswith the Gibbssamplerfrom Section4. In

all caseswe recover the correctstructuremorethanary otherandwe usuallyrecover a
structurewithin oneleaf of the correctstructure.In all experimentsno predictedstructure
deviatedby morethanthreenodesfrom the correctstructure.

Lastly, to demonstratéts applicability to real data,we appliedthe hLDA modelto a text
dataset. Using 1717 NIPS abstractdrom 1987-199914] with 208,896wordsanda vo-
calulary of 1600terms,we estimatedh threelevel hierarcly asillustratedin Figure5. The
modelhasnicely capturedthe function words without using an auxiliary list, a nuisance
thatmostpracticalapplicationsof languagemodelsrequire. At the next level, it separated
the wordspertainingto neurosciencabstractand machinelearningabstracts Finally, it
delineatedseveral importantsubtopicswithin the two elds. Theseresultssuggesthat
hLDA canbeaneffective tool in text applications.

6 Summary

We have presentedhe nestedChineserestauraniprocess.a distribution on hierarchical
partitions. We have shavn that this processcan be usedas a nonparametrigrior for a
hierarchicalextensionto the latent Dirichlet allocationmodel. The resultis a exible,
generamodelfor topic hierarchieghatnaturallyaccommodategrowing datacollections.
We have presentedh Gibbs samplingprocedurefor this modelwhich providesa simple
methodfor simultaneouslyexploring the space®f treesandtopics.

Our model hastwo naturalextensions. First, we have restrictedoursehesto hierarchies
of x eddepthL for simplicity, but it is straightforvard to considera modelin which L
canvary from documentto document. Eachdocumentis still a mixture of topicsalong
a pathin a hierarcly, but differentdocumentscan expresspathsof differentlengthsas
they representarying levels of specialization.Second althoughin our currentmodela
documents associatedvith a single path, it is alsonaturalto considermodelsin which
documentsareallowedto mix over paths. This would be a naturalway to take advantage
of syntacticstructuresuchasparagraphandsentencewithin adocument.
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Figure5: A topic hierarcly estimatedrom 1717abstractdrom NIPS01throughNIPS12.
Eachnodecontainghetop eightwordsfrom its correspondingopic distribution.
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