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ABSTRACT

Real-time monitoring of scientific papers and technological news requires fast processing of
complicatedsearchdemandsmotivatedbythematicallyrelevantinformationacquisition.Forthiscase,
theauthorsdevelopanexploratorysearchenginebasedonprobabilistichierarchicaltopicmodeling.
Topicmodelgivesalowdimensionalsparseinterpretablevectorrepresentation(topicalembedding)
ofatext,whichisusedforrankingdocumentsbytheirsimilaritytothequery.Theyexploreseveral
waysofcomparingtopicalvectorsincludingsearchingwiththematicallyhomogeneoustextsegments.
TopicalhierarchiesarebuiltusingtheregularizedEM-algorithmfromBigARTMproject.Thetopic-
basedsearchachievesbetterprecisionandrecallthanotherapproaches(TF-IDF,fastText,LSTM,
BERT)andevenhumanassessorswhospenduptoanhourtocompletethesamesearchtask.They
alsodiscoverthatblendinghierarchicaltopicvectorswithneuralpretrainedembeddingsisapromising
wayofenrichingbothmodelsthathelpstogetprecisionandrecallhigherthan90%.
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INTRoDUCTIoN

Afastandhigh-quality retrievalof relevantscientificand technological informationbecomesan
importanttaskintheeraofnewglobalchallenges,suchasapandemic.Thereal-timemonitoring
ofdomain-orientedpapersandnewsis impossiblewithoutfastprocessingofcomplicatedsearch
queriesinordertodetectsemanticallysimilartextdocumentswithoutaskingtheusertoformulate
newqueries.Tonavigatethroughalargeamountofdataquery-documentmatchingisnotenough
foracquiringthefullpictureoftheproblemdomainwhichbringsustotheideaofswitchingfrom
known-itemtoexploratorysearch.

Exploratorysearchisarelativelynewparadigmininformationretrieval.Itfocusesonlearning
activitiessuchasunderstandingnewconceptsandknowledgeacquisition,investigationandanalysis
(Marchionini,2006;White&Roth,2009).Exploratorysearchsetupimpliesthatthereisnoexact
queryanduniqueresultofsearch:ausermaynotbefamiliarwiththeterminologytogooglewith
orhavenoclearroadmapofthesearchdomain.Currentsearchsystemsaimtosatisfytheneedsof

https://orcid.org/0000-0002-6822-2801
https://orcid.org/0000-0002-4244-4270


International Journal of Embedded and Real-Time Communication Systems
Volume 11 • Issue 4 • October-December 2020

135

known-itemsearch,butsolvingexploratorysearchproblemsusingthemmayrequiremucheffort.
Auserhastoformulatemanyshortqueriesiteratively,graduallyexpandingthesearchdomainby
repeatedstepsofquerying,browsingsearchresults,andrefiningthequery.Thedescribedexplorative
searchdemandsmaybefulfilledbycompletelydifferentapproachestoinformationseeking.Instead
ofconventional“googling”withapreciselyformulatedshort textquery,weuselongtextsearch
queries.Adocument,asetofdocuments,oradocumentfragmentmayplayaroleofthequery.Due
tosignificantdifferencesbetweenexploratoryandknown-itemsearch,standardLearningtoRank
(Liu,2009)techniquescannotbeappliedhere.Besides,wefocusondocument-by-documentsearch
inwhichbothqueryanddocumentsarelongtexts.

Wepresentanexploratorysearchapproachbasedonprobabilistictopicmodeling(Blei,2012;
Blei,Ng,&Jordan,2003;Hofmann,1999).Aprobabilistictopicmodelextractsasetoflatenttopics
fromacollectionoftextdocuments.Itrepresentseachdocumentwithavectorofadiscreteprobability
distributionovertopicsalsocalledatopicalembedding.Wesearchforsemanticallysimilardocuments
bysimplycomparingthevectorsofqueryanddocumentstopicalembeddings.Thisapproachissimilar
tostandardfulltextsearchbasedoninvertedindexwiththeexceptionthattopicstaketheplaceof
words.Inthiswork,wearefocusingonhierarchicalmultimodaltopicalembeddings.Thehierarchy
inducesacascadesearch,whichstartswithasearchforgeneralizedtopicsfromlow-dimensional
vectors, then proceeds to search for more specific topics from higher-dimensional vectors. In
experiments,weshowthatcascadingincreasesbothprecisionandrecallofthesearch.

Togetdesirabletopicalrepresentationofdocumentsthetopicsshouldalsobewellinterpretable
andsignificantlydifferentfromeachother.Inordertocombinetheserequirementswithhierarchy
andmodalitiesweuseadditiveregularizationfortopicmodeling(ARTM)(Vorontsov,&Potapenko,
2015).Asfortechnicalimplementation,weuseaneffectiveparallelimplementationoftheonline
EM-algorithmfromopen-sourcelibraryBigARTM(Frei,&Apishev,2016).

Compared to thepreviouswork(Ianina,Golitsyn,&Vorontsov,2017; Ianina,&Vorontsov,
2019),inthispaperwecontinuetoexploretopicalhierarchyandtakeastepfurthertomergetopical
embeddingswithneuralapproaches.Thus,wecreatemodelsthatmergepretrainedtransformer-based
representationsandLSTM-basedembeddingstogetherwithtopicalvectorsandshowtheeffectiveness
ofsuchacombinationintermsofprecisionandrecallofthesearch.Furthermore,weexpandthe
experimentaldesignbytestingmoresearchsetupsandmorewaystocomparetopicalembeddings.
Also,wearemovingfromtheconventionalparadigmofdocument-by-documentsearchanddevelop
thesegmentation-basedsearchwhichdividesqueryanddocumentintothematicallyuniformtext
piecesandthencomparesallthetextblockstoeachotherinordertogetmoreaccurateranking.

Oneofthemainlimitationsofourpreviousstudyistheabsenceofautomaticevaluationtechniques
thatdonotrequirehumanlabelinginordertopreparegroundtruthfortheexploratorysearchqueries.
Inthisworkwepresentasimpleyeteffectivemethodforevaluatingexploratorysearchqualityon
theopen-sourceddatasetofarXivtriplets(Daietal.,2015).Unliketechnewsdatasets(habr.com
inRussianand techcrunch.cominEnglish) thatwewereusingpreviously,arXiv tripletsalready
haverelevanceassessmentswhichmakesitpossibletoevaluateexploratorysearchqualitywithout
additionalmanuallabeling.Alsothedatafromanotherdomain(scientificarticlesvs.technews)has
differenttopicalstructurewhichpossessesadditionalchallengeformulti-criteriatopicmodeling.

Moreover, in thispaperwepresentour topic-basedexploratorysearchengine (arxiv-search.
mipt.ru)forpersonalizedsearchandrecommendationofarXivpapersanddiscusstheintegration
oftopicalembeddingsintothedevelopedsearchservice.Itisaself-sufficientservicethatmaybe
regardedasaservicethathelpsscientistscommunicateandsharetheirfindings.Thesystemhelps
theusertoquicklyassembleacollectionofthematicallyrelevantarticlesandthenusethiscollection
asaquerytosearchfornewarticles.

The restof thepaper isorganizedas follows. Insection“ProbabilisticTopicModeling”we
introducebasicnotation,definetheadditivelyregularizedtopicmodelforexploratorysearchand
discuss a hierarchical topic model for the cascade topic-based search. In section “Topic-based
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exploratorysearch”wedescribeatopic-basedsearchalgorithmanddiscussevaluationtechniquesfor
anexploratorysearchtask.Insection“Experiments:Document-by-documentExploratorySearch”we
evaluatethesearchqualityontwopopulartechnewsmedia(TechCrunchinEnglishandHabrahabrin
Russian)basedonmanualhumanrelevanceassessmentsandcomparesearchperformedbyassessors
withourapproach.Afterthatinsection“Segment-basedExploratorySearch”weprovideanextension
ofourmethodanddiscusssearchingusingtextsegments.Wealsoproposecombinedembeddingsthat
integratetopicalandneuralvectorsintoonesearchingalgorithmandprovideadetailedcomparison
withseveralbaselinesincludingTF-IDF,BM-25,wordembeddings,BERT(Devlin,Chang,Lee,&
Toutanova,2018),CNN-based(He,Gimpel,&Lin,2015)andLSTM-basedapproaches(Mueller,&
Thyagara,2016).Intheend,weprovidesometechnicaldetailsforreproducingourresults,conclude
anddiscussthefutureworkandpotentialsoftheproposedtopic-basedsearch.

Related work
Differentwaysofretrievingandtransmittingdatawerepreviouslystudiedinapplicationtodiverse
real-timecommunicationsystemsincludingonlinesocialnetworks(Chen,2015),emailservices,
instantmessaging,web-search(Vuong,2017)andrecommendersystems(Costa,2011).Someofthese
methodsproposetousetopicmodelingforextractinguser’stopicalactivitycontext.Wecontribute
tothisideabyutilizingtopicmodelingforexploratorysearchincollectiveblogsandrecommender
systems.

However,topicmodelingisarelativelynewapproachintheliteratureonexploratorysearch
(Feldman,2012;Jiang,2014;Rahman,2013;Singh,Hsu,&Moon,2013)andevenwell-detailed
surveysdon’tmentionitatall(Grantetal.,2015;Scherer,vonLandesberger,&Schreck,2013;Veas,
&diSciascio,2015).Themainreasonofthisisthattheexploratorysearchcommunityhasbeen
mostlyfocusedontheuserbehaviourandunderstandingmostcommonusagescenarios.

Ontheotherhand,exploratorysearchisoftensaidtobeoneofthekeyapplicationsintopic
modelingliterature,andsearchingforsemanticallysimilardocumentsisoftenusedasanextrinsic
criterionforthemodelvalidation(Andrzejewski,&Buttler,2011;Wei,&Croft,2006;Yi,&Allan,
2009).Forexample,inthepaper(Veas,&diSciascio,2015)theflexibilityandthepossibilityof
visualizationandnavigatingaresaidtobethekeyadvantagesoftopicmodelsforexploratorysearch.
Atthesametime, theauthorshighlightseveraldisadvantages:difficulties intopicinterpretation,
intricacywithmodifyinga topicmodelasnewdocumentsarrive,andhighcomputationalcosts.
Theseproblemsinherentinoutdatedmethodshavebeensuccessfullyresolvedduringthelastdecade
of topicmodeling evolution.For instance, online algorithms for training topicmodels eliminate
thenecessityofhighcomputationalresourcesfortrainingtopicmodels.Suchalgorithmsperform
inlineartimeonhugedatasets(Bassiou,&Kotropoulos,2014;Mimno,Hoffman,&Blei,2012;
Vorontsovetal.,2015).

In thiswork,wearefocusingonhierarchical topicalembeddingsforexploratorysearchand
exploretheprocessofcascadegradualsearchstartingfromhigh-levelgeneraltopicsandmovingto
morespecificones.HierarchicalARTMisawell-knownapproach(Chirkova,&Vorontsov,2016)
whichwasproventogivedesirableresultsforexploratorysearchtask(Ianina,&Vorontsov,2019).
ThereareotherapproachestohierarchicaltopicmodelingincludingHierarchicalLatentDirichlet
AllocationthatmakesuseoftheNestedChineseRestaurantProcess(Blei,Griffiths,&Jordan,2010)
andGaussianHierarchicalLatentDirichletAllocation(Yoshida,Hisano,&Ohnishi,2020).Both
methodsrelyonBayesiantechniqueswhichmakesithardtobuildmulti-objectivetopicmodelsdue
tocomplicatedvariationalinferenceifthepriorisnon-conjugate.Secondly,Dirichletpriorconflicts
withnaturalassumptionsofdocumentandtopicvectorssparsity.ARTMdealswiththeseproblemsby
settingrequirementsforatopicmodelintermsofoptimizationcriteriaratherthanpriordistributions.
Duetotheaforementionedreasons,wedecidedtouseregularizedExpectation-Maximization(EM)
algorithmwithinARTMframeworkinsteadofmorecomplicatedBayesianinference.
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Evaluationtechniquesforexploratorysearchpossessseveralchallengestoo.Conventionalsearch
enginesrequiremultiplequeriesinordertogetthewholepictureofthedomainandfulfillresearch-
orientedinformationdemand.Incontrast,thereisnoiterativequeryreformulationinthetopic-based
exploratorysearch.Hence,wedon’tneedcomplicatedmethodstoevaluatetheuserbehaviorlike
thoseusedin(Kraaij,&Post,2006;Potthast,Hagen,Volske,&Stein,2013;Shah,Hendahewa,&
Gonzalez-Ibanez,2016).

Real-Time Search Systems: Comparison with Competitors

• SelkoAI (selko.ai):Thissearchsystemaimstoidentifyrelevanttextstofulfillsearchdemands
ofuser,solvingthesametaskaswedo.Selkoispositionedasatoolforanalysingtenderand
specification documents, system requirements, large subcontractor networks and distilling
corporateknowledge.Thesystemisabletofindrelevantquotationsandhighlight important
pieces of text. However, they do not support complicated search queries or searching with
severaldocumentssimultaneously.Anotherdifferencefromoursearchengineisthatwefocus
onfacilitatingcommunicationandknowledgesharingindiversescientificcommunitieswhile
Selkocreatorsaredeterminedtosimplifyprocessesinindustrywithautomatictextanalysis.
Selko’sindisputableadvantageistheirintegrationwithSlack,MSWord,ExcelandPowerPoint;

• Deft (hello.shopdeft.com):Itisanonlineshoppingsearchtoolthatenablesyoutofindproducts
withspecificrequirementsacrossdifferenteCommercewebsites.Themainsimilaritywithour
productisthatbothsystemsareabletosearchusingalongtextquery.Inaddition,bothsystems
aremultimodal:youcansearchwithdifferent typesofdata (categories, tags,pictures,etc.).
However,Deftishighlyspecialised:itwastrainedtofindgoodswithcertainfeatures,nottexts
ingeneral.Ontheotherhand,oursearchengineisdesignedtoworkwithtextualdataofany
domain,buttestedmainlyonscientificpapers.

However,allthementionedstudieshavenotledtotheeffectivefreelyavailablesolutionsfor
exploratorysearchyet.

• Our Solution (arxiv-search.mipt.ru):Weproposeanexploratorysearchtechniqueandshow
itseffectivenessonatextcollectionofarXivarticles.Ourproductaimstofulfilltheexploratory
searchdemandsofanytypeincludinglongtextqueriesformulatedinnaturallanguage.Moreover,
auser isable toformthematicallycoherentcollectionsofarticlesandperformsearchusing
thewholecollectioninsteadofaseparatedocumentorasearchquery.Weplantoaddtoolsfor
sharingcollectionsanddiscussingpapers,whichturnsoursearchandrecommendationservice
intoafull-fledgedcommunicationsystemforresearchers.Althoughourproductiscurrentlyin
thebeta-testphase,achievedsofarresultsarepromisingandmayleadthesearchsystemtobe
integratedintovariousresearch-orientedcommunicationsystemstofacilitatefastextractionof
relevantinformationinhugeknowledgebases.Anotherpossibleapplicationissearchingthrough
dialogues,forexamplework-relatedcorrespondenceinSlack,Confluenceoremails.

Anotherchallengingtaskthatmaybesolvedwithourexploratorysearchengineisdocument
monitoring.Anabilitytotrackrecentlypublishedscientificarticleswithoutanyadditionaleffortis
significantforresearchers.Moreover,structuring,analysingandprocessinghugeamountsofscientific
literatureisacumbersometaskwhichmaybesimplifiedusingourtopicalsearch.Thesameproblem
appearsnotonlyinresearch,butalsoinnewstracking.Nowadays,duringpandemic,theimportance
ofnewsmonitoringgrows rapidly.Our technology is able toanalyze information fromdifferent
sourcesanddeliveronlythematicallyrelevantnewsarticlesinatimelymanner.Moreover,thesame
techniquemaybeusedtoanalysediverseknowledgebases(e.g.medical)tofastentheresearchand
indicatethemostvaluablepiecesofinformation.
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Ourtechnologyisbasedontopicmodeling.Thetendencytomergetopicmodelingandexploratory
searchdirectionshasonlybeenoutlinedveryrecently.Ourworkfollowsthistendencytooandbridges
thegapbetweentopicmodelingandefficienttechniquesforexploratorysearch.

PRoBABILISTIC ToPIC MoDELING

Letusdenoteafiniteset(collection)ofmultimodaldocumentsbyDandafinitesetofmodalities
byM.Possibleexamplesofmodalitiesincludewords,bigrams,tags,categories,authors,etc.All
themodalitiesareindependent,andeachmodalitymfromMisdefinedbyitstermdictionaryWm.

Havingtermfrequenciesndw(thenumberoftimesthetermwappearsinthedocumentd)atopic
modelretrievesafinitesetoflatenttopicsTfromthetextcollection.Probabilistictopicmodeldescribes
theobservabletermfrequenciesineachdocumentbyaprobabilisticmixtureoftermdistributionfor
thetopicsφwt=p(w|t)weightedbytopicprobabilitiesforthedocumentsθtd=p(t|d):

p d p t p d
t T t T

wt td( ) = ( ) ( ) =
∈ ∈
∑ ∑ϕ θ 

Learning themodelparametersΦ=(φwt)andΘ=(θtd) fromthedata (ndw) isaproblemof
stochasticmatrixfactorization.Thisproblemisill-posed,sincethesetofitssolutionsisgenerally
infinite.Intheadditiveregularization(ARTM)framework,theappropriatesolutionisfoundfrom
theregularizedloglikelihoodmaximizationundernormalizationconstraints(Vorontsovetal.,2015):
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whereRiareregularizationcriteria,τiareregularizationcoefficients,andτmaremodalityweights.
TheregularizedvariantoftheEM-algorithmcanbeusedtosolvethisoptimizationproblemforany
differentiableregularizers(Vorontsovatal.,2015;Vorontsov,&Potapenko,2015).Inourexperiments
weusethecombinationofthreeregularizersthatareknowntoimproveboththeinterpretabilityof
topicsandthesearchqualityintermsofprecisionandrecall(Ianina,Golitsyn,&Vorontsov,2017):
decorrelationontermdistributionsintopics,sparsingtopicdistributionsindocumentsandsmoothing
termdistributionsontopics.

Itwasshownthatthenestedtopicstructurebooststopic-basedexploratorysearchperformance.
Inahierarchical topicmodeleachlevel isrepresentedbyaflat topicmodel.For topichierarchy
buildingweuseatop-downlevel-by-levelstrategyproposedin(Chirkova,&Vorontsov,2016)within
theARTMframework.Themodeldividestopicsintosubtopicsrecursively(Zavitsanos,Paliouras,
&Vouros,2011):foreachchildlevelwefindtopicparentsfromthepreviouslevelusinginterlevel
regularization.Theregularizerclaimsparenttopicstobewellapproximatedbyprobabilisticmixtures
ofchildren’ssubtopics:

R n
t T w W

wt
s S

ws st
Φ Ψ, ln( ) =
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∑∑ ∑ϕ ψ 

whereconditionalprobabilitiesψst=p(s|t)linksubtopicsswithparenttopicst.
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ToPIC-BASED SEARCH FoR DoCUMENT MoNIToRING

Anecessityforfastandaccurateretrievalofinformationhavingacomplicatedsearchdemandappears
inmanyapplicationsfromreal-timenewsmonitoringtoembeddeddomain-specificsearchsystems.
Insuchscenarios,theprecisionandrecallofsearchisparamountwhileasearchprocedureshould
befastenoughtoworkinareal-timesetup.Weproposeamethodthatcontributestotheevaluation
andoptimizationofexploratorysearchquality.Toachievegoodqualitytogetherwithlowexecution
time,weproposeseveraladvancestotheapproachintroducedin(Ianina,&Vorontsov,2019).First,
wedesignedanewfully-automated techniqueforevaluatingexploratorysearchqualitybasedon
dividingadocumentintothematicallycoherentparts.Second,wepresentsegmentation-basedsearch
(searchingwiththematicallyhomogeneousblocks).Third,weincorporatebothtopicalandneural
embeddingsintoonesearchingalgorithm.Finally,weexpandourexperimentstoahugedatasetof
arXivarticlesandtakeafurthersteptomovefrommonitoringtechnologicalnewsincollectiveblogs
totrackingofscientificarticles.

Thissectionisorganizedasfollows.First,werecallthebasicalgorithmoftopic-basedsearch.
Thenweenhanceitwithtopicalhierarchiesandcascadesearch.Nextwemovetoevaluationtechniques
andintroduceexperimentdesigns.Afterit,wediscussseveralimportantadvances:segmentation-
basedsearchandblendingwithneuralembeddings.

Topic-Based Exploratory Search
To make exploratory search a quick one-step procedure, we use searching techniques based on
probabilistictopicmodeling.First,wetrainatopicmodelofthetextcollection.Thenintheinference
phasethesystemgetsalongtextqueryqandlearnsitstopicvectorp(t|q)inthesamewayasitis
doneforthedocumentsinthecollection.Next,thesystemranksdocumentvectorsp(t|d)bytheir
similaritytothequeryvectorandpresentstopkresultstotheuser,wherekisahyperparameter
thatcanbechangedfordifferentsearchscenarios.Theeffectivenessofsuchanapproachhasbeen
demonstratedbothforflatandhierarchicaltopicmodels(Ianina,Golitsyn,&Vorontsov,2017;Ianina,
&Vorontsov,2019).However,hierarchicaltopicmodelsyieldbetterresultsduetotheirabilityto
graduallynarrowthescopeofthesearch.

Incaseofhierarchicaltopic-basedsearchbothqueryanddocumentarerepresentedasasequence
oftopicvectors,onevectorperlevel.Wecomparequeryanddocumenttopicvectorslevel-by-level
startingfromthetop-levelvectorsoflowerdimensionandproceedingtothechild-levelvectorsof
higherdimensions.Wetakeintoaccountonlytopicsinthechildlevelconnectedwithparenttopics
thatwerepresentwithhigherthanthresholdprobabilitybothinqueryanddocumenttopicvectors.
Thishelpstodiscardirrelevantdocumentsgraduallyspecifyingthequeryfromgeneraltospecific
topics.Thiscascade-stylesearchemulatesthehumans’naturalstrategyofinformationseeking.The
eliminationofirrelevantdocumentsattoplevelsincreasestheprecisionandspeedsupthesearch
process.

Anotherchallengeisconnectedwiththewaywecomparetopicvectorswitheachother.Inthe
section“Fine-tuningTopicModel”wediscussseveralsimilaritymeasures.Alsowearemovingfrom
simpledocument-by-documentsearch(comparingtopicalvectorsofthewholetexts)tosegment-based
search.Wedividedocumentsandqueriesintotopicallyhomogeneousbatches(segments)andthen
measurethesimilaritybetweenallthepiecesofaqueryanddocumentthatneedtobecompared.
Thenwegetthescoresofthemostsimilartextblocksandtreattheirweightedsumasfinalproximity
score.Wediscussthisapproachinmoredetailinsection“Segment-basedExploratorySearch”.

Evaluation of Topic-Based Exploratory Search
Toevaluateexploratorysearchquality,weintroducetwoevaluationtechniques:theoneinvolving
two-stagehumanassessmentsofrelevanceandfully-automatic,basedonself-searchfordocument
segments.
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Forthefirstapproach,weconstructedasetoflongtextqueriesbycopy-pastingfragmentsfrom
thesourcesoutsidethecollectiontoavoidoverfitting.Eachqueryshouldbeatextexplainingthe
searchintentandmaycontaindistinctparagraphsofthearticlesonthesametopic,relatedcitations
oreventextblocksfromWikipedia.Aqueryemulatesasituationwhenauserisnotfamiliarwitha
topicofsearchandtriestoaggregatealltheknownsofarinformationintoonedocument.

Thenweaskedassessorstocompletetwotasks.First,theyneedtofindwithinagivencollection
asmanydocumentsrelevant to thequeryaspossiblehavingaccess toanysearch tools(Google,
Yandex,etc.).Second,assessorsaregiventhedocumentsretrievedbyourtopic-basedsearchengine
andaskedtolabelthedocumentsasrelevantorirrelevanttothequery.Eachqueryisprocessedby
threeassessorstoreducethevarianceoftheresult:weacceptthedocumentasrelevantifthemajority
ofassessorsvotedforit.

Having relevance assessments, we measure Precision@k and Recall@k for each query.
Precision@kisthefractionofrelevantdocumentsamongthefirstkdocumentsfound.Recall@kis
thefractionofrelevantdocumentsfoundoutofalltherelevantdocuments.ThecalculationofRecall
requirestoknowthesetofallrelevantdocumentsforeachquery.Weareapproximatingthisset
frombelowbyjoiningthedocumentsthatwerefoundbyallassessorsduringbothstages.Discussed
evaluationmethodmakesitpossibletocomparevarioustopicmodelswithoutadditionalassessments.

Althoughtheaforementionedwayofevaluationisreliableitcannotbeeasilyexpandedtoother
datasetsduetothenecessitytoinventnewqueriesandperformtwo-stagehuman-basedassessments.
Thus,itishardtoaggregatemuchqueriesforevaluationwhichbringsustothefully-automated,not
datasetspecificmethodsofevaluation.

Thebasicideaistotreatallthedocumentsinthecollectionasqueriesandlaunchdocument-
by-documentsearch.Insuchaparadigmwewillgetasmanyqueriesasmanydocumentsarepresent
inthecollectionwhichismorethanenoughtojudgethemodelperformance.Proceedingwiththis
idea,wemaycutthedocumentintothematicallyuniformblocksandusethemasthequeries.Good
modelsareexpectedtoputtheinitialdocumenttothetoppositionsinthesearchresults.Sucha
simpletechniquemaybeusedasaproof-of-conceptfastevaluationwhenthehumanassessmentis
notpossibleortooexpensive.

Datasets
Theexperimentswerebasedonthreedatasets:twotechnewscollections(Techcrunch.cominEnglish
andHabrahabr.ruinRussian),andalsoadatasetofscientificarticlesfromarxiv.org.Wedecided
to testouralgorithmonbothscientificpapersandnewsfromcollectiveblogs toshowthegood
generalizingabilitytodifferentdataandpossibleapplicationsofthetechnologytodomain-specific
searchservicesandnewsmonitoring.

TheHabrahabrcollectionconsistsof175143articles.Articlescontaintermsofsixmodalities:
10552wordunigrams,742000wordbigrams,524authors,10000commentators(authorsofcomments
tothearticles),2546tags,123hubs(categories).

TheTechCrunchcollectionconsistsof759324articles.Articlescontaintermsoffourmodalities:
11523wordunigrams,1.2mln.bigrams(thetailofrarebigramswasdeleted),605authorsand184
categories.

Asforarxiv.orgdata,weusedthedataset releasedbyDaietal., thatcontainsautomatically
generatedtripletsofaquerypaper,asimilarpaperthatshareskeywords,andadis-similarpaperthat
doesnotshareanykeywords.Theproduceddatasetcontains20000tripletsandisbasedon963564
articles.

Exploratory Search for News Monitoring in Collective Blogs
Theproposedsearchenginefacilitatestheusageofcommunicationsystemsthatareavailablewithin
collectiveblogs.Fast andefficient retrievalofdatamakes intensifies theprocessof exchanging
informationinablog.Wetestedoursystemontwodatasetsofarticlesfromcollectiveblogs(Habrahabr
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andTechcrunch)andprovedthatexploratorysearchenginegivespromisingresultsintermsofbetter
understanding,findingandstructuringtheinformationintheblog.

WeappliedtheevaluationmethodbasedonhumanassessmentstotheHabrahabrandTechCrunch
collections.Foreachcollection,wecomposed100queriesbycopyingtextfragmentstakenfrom
externalsourcessuchasstackoverflow.com,ixbt.com,andotherIT-orientedblogs.Thus,eachquery
isseveralcoherentandthematicallycloseparagraphsoftext.Moreinformationonthecomposed
queriescanbefoundinTable1.

Accordingtotheaforementionedevaluationmethod,anassessorwasaskedtofindasmuchas
possiblerelevanttothequerydocumentswithinthetextcollection.Suchatasktookfrom5to65
minutestocompletewithanaveragevalueequalto30minutes.Importantly,thereisnoobvious
dependencebetweenthetimespentbyanassessorandthequalityof thesearch(Fig.1).Onthe
contrary,ourtopicalsearchtakesnolongerthan0.1sec.andgivesevenbetterquality,whichmakes
thealgorithmapplicableforreal-timenewsmonitoringsystems.

Toexhibitexperimentindetailwedepictedsearchresultsforeveryqueryintheformofscatter
plot.Foreachquerytherearetwopointsontheplot:oneformanualhuman-basedsearch(circles)
andone for topic-based search (triangles).Onaverage,precision forourbest topic-basedmodel
(hierarchicalARTMwith3levels,formoredetailpleaserefertothelastsection)is7%higherwhile
recallis10%higherthanthesamemetricformanualhumansearch.Thedifferenceinprecisionand

Table 1. Statistics on the manually composed exploratory search queries

Habrahabr TechCrunch

Numberofqueries 100 100

Min.querylength(words) 93 75

Max.querylength(words) 455 392

Averagequerylength(words) 262 195

Overlap(numberofassessorsevaluatingthesamequery) 3 3

Figure 1. The time (min.) spent by assessors to process each query
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recallbetweenassessorssearchandtopic-basedsearchwastestedtobestatisticallysignificantwith
Mann–Whitneytest.P-valueswerelessthan0.01foralltheexperiments.

Thehighestrecallwegotforthetopic-basedsearchis1.0for26queriesoutof100forHabrahabr
and29queriesoutof100forTechCrunch.Thismeansthatoursearchengineisabletofinddocuments
thatweremissedoutevenbyhumanannotators.Moreover,topic-basedsearchgivesasignificant
advancementintime:itproducesananswerinlessthan1secondwhilehumanassessorsspendup
to65minutesonthesametask.Thus,topic-basedexploratorysearchobtainshigherprecisionand
recallandperformssignificantlyfasterthanhumanassessors.

Segment-Based Exploratory Search for Scientific Articles Tracking
Apartfromcollectiveblogs,exploratorysearchenginemaybeeasilyembeddedintomanyreal-time
research-orientedcommunicationsystems.Toprovethecompetitivenessofouralgorithminsuch
applicationsweutilizedacollectionoftripletsofarticlesfromarXivreleasedbyDaietal.Thisdataset
containsautomaticallygeneratedtripletsofaquerypaper,asimilarpaperwithsharedkeywords,and
adis-similarpaperthatdoesnotshareanykeywords.Thenwebuiltahierarchicaltopicmodelusing
onlytitlesandabstractsofthearticlesfromthementioneddataset.Thefirstlayerofthehierarchy
wascomposedaccordingtoarXivcategories.

Asfarasthedatasetcontains20,000triplets,wewereabletoevaluate20,000exploratorysearch
queriesinthefollowingway.First,foreveryquerywegotalistofdocumentsfromthetopicsearch
engine.Second,weestimatedthenumberofdocumentsfromthetopicsearchoutputthatarealso
mentionedasrelevanttothequeryinthedataset.Finally,wecalculatedtheaverageratioofdocuments
appearedbothinthesearchengineoutputandsecondpartofthecorrespondingtothequerytriplets.
Theaccuracyofsearchmeasuredintheaforementionedwaywas84%.

Toescalatetheexperimentevenfurther,wedesignedanotherschemeformeasuringdocuments
affinity. Full-text article may be topically heterogeneous and impure which possesses a certain
challengefortopicalsearch.Toovercomethisissueweadvisetodividetextintotopicallyhomogeneous
batchesandthenmeasuretheproximitybetweenallthepiecesinthe“many-to-many”mannerinstead
ofcomparingthetopicvectorsforthewholetexts.Aftersuchacomparisonthereareseveralscenarios
ofaggregatingthefinalproximityscoreforthedocumentfromthescoresofitsparts.First,wemay
judgetwodocumentsbyitsmostsimilarunitsandgivethepairofdocumentsthesamescoreasforits
twoclosestsegments.Second,wemayaveragethescoresfornmostsimilarsegmentsorevencount
theweightedaverageaccordingtothelengthsofthesegmentsincaseofdifferent-sizedsegments.

Figure 2. The quality of assessors’ and hierarchical topic-based search
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Themostdifficultparthereistoprovidegoodtextsegmentationalgorithm.Oneofthepossible
solutionsisTopicTiling,anLDA-basedtextsegmentationalgorithm(Riedl,&Biemann,2012).While
applyingthismethodandalsoaccustomingittoworkonthebaseofARTMisoutofscopeforthis
article,weproposeasimplifiedversionofthisapproach.Wedividetextintompartsofthesimilar
size.Thesize ismeasured insentencesso thatnosentenceswouldbedividedbetweendifferent
segments.Thenwecomparetopicvectorsofeachsegmenttowiththevectorsofallthesegments
intheothertextandapplyoneofthescoringtechniquesmentionedearlier.Thus,wegetasmuch
exploratorysearchqueriesasmuch textsarepresent in thecollectionand turn fromexploratory
searchscenariotodocument-by-documentsearchorevenrecommendationsystemmode.InFigure
3weshowsearchaccuracyfordifferentwaysofscoringthefinalsegment-basedproximitymeasure
betweentwodocuments.

WeconductedthesameexperimentforHabrahabrandTechcrunchcollectionsandfoundout
that for thesedatasetssegmentsearchhelps to raisequality justa littlebit (Fig.4).Unlikely for
arXivtripletscollection,thebestmodelsweretrainedwithtop-nsegmentsequaltooverallnumber
ofthesegments(cellsonthediagonal).Thismaybecausedbythedatastructure:scientificarticles
fromarxiv.orgaremuchlongeranddiverseintermsoftopicalrepresentation,whiletechnewstends
tohave1-2maintopicsandmuchsimplerstructurewhichdoesnotneedtobedividedintopieces.

Comparison with Baselines
Inthissection,weprovideadetailedcomparisonoftopic-basedsearchandotherapproachesappliedto
newsandscientificarticlesmonitoringtasks.TheMann–Whitneytestconfirmedthatthedifferences
betweenbaselinesandARTM-basedmodelsaresignificant(p-valueswerelessthan0.02forallthe
experiments).AlltheresultsforARTM-basedmodelsandbaselinesareshowninFig.5:

1. TF-IDF and BM-25:TF-IDFsimilaritysearchisasimplebutstrongcompetitorbecauseituses
alltheinformationabouttermfrequencies.WeusedaTF-IDFvectorizerfromscikit-learnlibrary
(Pedregosaetal.,2011).Meta-information(tags,categories,authors)wastakenintoaccountas

Figure 3. Accuracy of topic search over segments on the arxiv.org triplets data
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wellasn-gramsthatweextractedusingTopMine(El-Kishky,Song,Wang,Voss,&Han,2014).
AlsoweusedrankingfunctionOkapiBM25whichperformsjustslightlybetterthanTF-IDF
baseline.Topic-basedsearchappearedtoperformbetterthanbothTF-IDFandBM-25interms
ofprecisionandrecall.Ourembeddingshaveanotherimportantadvantage:topicvectorscontain
muchlessdimensionsthanTF-IDFrepresentations;

2. Other topic models (PLSA (Hofmann, 1999) and LDA (Blei, Ng, & Jordan, 2003)):Bothof
themperformworsethanARTM-basedsearch.Interestingly,thegapbetweenLDAandARTMor
PLSAandARTMismuchbiggerthanthesamedifferencebetweenARTMandotherbaselines.
Thisbringsustothepointthattuningthemodelwithregularizersisasignificantsteponthe
waytointerpretabletopicalvectors;

3. CNN-based approach (He, Gimpel, & Lin, 2015):Inthisapproacheachsentenceismodeled
withaconvolutionalneuralnetworkthatextractsfeaturesatmultiplelevelsofgranularity.Then
therepresentationsarecomparedusingL2andcosinemetric(aswellasinourapproach).We
reproducedtheresultsfromthepaperforeverysentencefromourdatasets(bothforqueriesand
documents)andthenaggregateper-sentencerepresentationstogetvectorsforthewholetexts;

4. Word Embeddings:Word embeddings arewidelyused in searching for semantically close
documents(Roy,Ganguly,Bhatia,Bedathur,&Mitra,2018).WetriedpretrainedGloVe.840B.300d
forEnglishtexts(Pennington,Socher,&Manning,2014),RusVectores(skip-gram)trainedon
RussianWikipediaforRussiantexts(Kutuzov,&Kuzmenko,2016)andalsofastText(Bojanowski,
Grave,Joulin,&Mikolov,2017)vectors.Allthementionedapproachesshowedcomparablewith
manualhumansearchquality,buthierarchicalARTMoutperformedbothGloVeandfastText;

5. MaLSTM (Siamese adaptation of LSTM) (Mueller, & Thyagara, 2016): Although this
techniqueisusedformeasuringsentencessimilarity,wehaveexpandeditsfieldofapplicability
tomeasuringdistancesbetweensmalltexts(queriesanddocuments)anduseditasabaseline;

6. BERT (Devlin, Chang, Lee, & Toutanova, 2018):Recentlyreleasedpretrainedtransformer-
basedmodels(likeBERT,RoBERTa,Transformer-XL,GPT,GPT-2,etc.)haveshownpromising
resultsonawiderangeoftasks.Herewetakejustonemodelfromthelisttouseitasabaseline.
We tookpretrainedBERTmodel from the library transformers (‘bert-base-uncased’) (Wolf

Figure 4. Precision and recall of hierarchical topic search over segments on the Habrahabr and TechCrunch
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etal.,2019)forEnglish textsandBERTfromDeepPavlov library(Burtsevetal.,2019)for
Russiantexts.Thenweaveragedthe[CLS]vectorsfromBERToversentencestogetdocument
embeddings.

Combining Topic-Based Search with Baseline Models
Ourtopic-basedsearchoutperformsnearlyallthebaselinesandperformsjustslightlyworsethan
BERTandLSTMbaselineintermsofprecisionandwiththesamequalityintermsofrecall.Bridging
thegapbetweenthetopic-basedsearchandothermentionedbaselinesmaybedonebycombining
bothapproachesintoonesearchingalgorithm.

Weconstructedasearchalgorithmbysimplyblendingvectorsimilaritiesfordifferentapproaches
intoonescoreinthefollowingway:

score q d sim emb q emb d sim emb q emb d( , ) ( ), ( ) ( ), ( )= ⋅ ( )+ −( ) ⋅α α
1 1 2 2

1 (( ) 

wheresimisanysimilaritymeasure(cosinesimilarity,forexample),emb1(q)andemb1(d)arevectors
obtainedbythefirstapproach(e.g.topicvectors)andemb2(q)andemb2(d)arevectorsfromthesecond
approach(e.g.fasttextembeddings).Insuchamanner,wecombinedourbesttopicmodel(3-level
hierarchicalARTM)withallthebaselinesandfoundoutthatblendinganybaselinewiththetopic
modelboostsitsperformance.TheresultsarepresentedinTables2and3.Herewepresenttheresult
forthebestfoundparameterα;incaseofweakbaseline,αmaybeequalto0.Wehighlightedthe
modelsthatincombinationwithhARTM(orARTM)maygivebetterresultthanboththebaseline
andhARTM(orARTM).

Figure 5. Comparison between search performed by assessors, ARTM-based search and the baselines
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Itisimportanttonote,thatcombininghARTMwithotherbaselinesresultsinperformancebetter
thanthestrongestpartoftheblend(nomatterwasthetopicmodelmuchbetterorslightlyworsethan
thebaseline).ThisresultispromisingintermsofenhancingclosedocumentsearchwithBERT-based
embeddings,whichestablisheditselfasahighlycompetitivemodel.Importantly,combiningBERT
withotherbaselinesfromthelistgavenosignificantgaininquality.Ontheotherside,combining
hARTMwithnotsostrongbaselines(TF-IDF,BM-25)resultsinnoconsiderableadvances:allthe
blendedwithTF-IDFmodelswereworsethanpureARTMmodels.

ForarXivdatasetTF-IDFbaselineperformsmuchbetterthanthesamemodelforHabrahabr
andTechCrunchdatasets.ItevenslightlybeatsfasttextandGloVebaselines.Thismaybecaused
byarXivtripletsdatasetdesign:itwasconstructedautomaticallybysuggestingthatrelevantarticles

Table 2. Comparison between ARTM-based search, baselines and the blended models (ARTM + baseline, hARTM + baseline) 
for Habrahabr text collection

Model Precision Recall

Baseline Baseline 
+ARTM

Baseline 
+hARTM

Baseline Baseline 
+ARTM

Baseline 
+hARTM

TF-IDF 0.809 0.847 0.877 0.839 0.925 0.961

BM-25 0.819 0.847 0.877 0.840 0.925 0.961

GloVe 0.825 0.849 0.877 0.855 0.926 0.961

fasttext 0.835 0.851 0.879 0.859 0.926 0.961

CNN 0.871 0.872 0.881 0.928 0.929 0.963

MaLSTM 0.887 0.887 0.895 0.950 0.950 0.965

BERT 0.907 0.907 0.910 0.971 0.971 0.981

ARTM 0.847 - - 0.925 - -

hARTM 0.877 - - 0.961 - -

Assessors 0.863 - - 0.873 - -

Table 3. Comparison between ARTM-based search, baselines and the blended models (ARTM + baseline, hARTM + baseline) 
for Techcrunch text collection

Model Precision Recall

Baseline Baseline 
+ARTM

Baseline 
+hARTM

Baseline Baseline 
+ARTM

Baseline 
+hARTM

TF-IDF 0.787 0.825 0.885 0.824 0.919 0.949

BM-25 0.801 0.825 0.885 0.839 0.919 0.949

GloVe 0.815 0.826 0.885 0.859 0.919 0.949

fasttext 0.819 0.831 0.887 0.875 0.920 0.949

CNN 0.865 0.865 0.890 0.930 0.930 0.950

MaLSTM 0.888 0.888 0.918 0.938 0.938 0.951

BERT 0.890 0.890 0.928 0.951 0.951 0.962

ARTM 0.825 - - 0.919 - -

hARTM 0.888 - - 0.949 - -

Assessors 0.812 - - 0.867 - -
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sharethesamekeywordswiththequery.SimpleTF-IDFmodelcatchessuchpatternsverywell,even
withoutadditionalneuralnetworkmodelsuponit.

Thecrucialpartof thisexperiment is to find thebestblendingcoefficientα.Todo thiswe
performedgridsearchwithstep0.1whichthenwasnarroweddowntostep0.05neartheoptima.
Nextwepresenttheresultsofgridsearchoverparameterαforfourmixedmodels(BERT+hARTM,
MaLSTM+hARTM,fasttext+hARTM,TF-IDF+hARTM)inFigure6.

Combiningotherbaselineswitheachotherresultedinnonoticeableimprovements.Anymixture
ofbaselineswithoutintroducingARTMresultedinperformancelimitedbythestrongestmodelin
theblend.

Fine-Tuning Topic Model
Inthissection,wewillsharetechnicaldetailsontopicmodelstrainingandhyperparametersearch
forourmodels.HerewepresenttheresultsonlyforarXivdataset.MoreinformationonHabrahabr
andTechcrunchmodelsfine-tuningmaybefoundin(Ianina,&Vorontsov,2019).

Theprocess of tuning topicmodel parameters includes several steps.First of all,we tested
severalsimilaritymeasuresbetweenqueryanddocuments fromthecollection:cosinesimilarity,
Euclideandistance,Manhattandistance,Hellingerdistance,Kullback-Leiblerdivergence.Thesetof
similaritymeasuresexpandstheonefrom(Mikhailova,Diurdeva,&Shalymov,2017).Foreachof
themwemeasuredtheaccuracyofsearchonarXivtripletsdata.Wealsoprovidegridsearchresults
forsegment-basedsearchonarXivdatabecauseitshowedmuchbetterperformancethandocument-
by-documentsearch.Forall thecollectionsandexperimentdesignscosinesimilarityshowedthe
bestresults(table5).

Thenextchallengeistofindanoptimalnumberoflevelsandtopicsoneachlevelforthemodel.
Modelswithmoreorequalthen4levelshavepureinterpretationandleadtoverylowsearchquality
(precision<0.72,recall<0.65).Flatunilevelmodelsarecompetitivebutstillshowworsesearch
quality thanhierarchicalcounterparts (Fig.5).Thismakesuschoosebetween2-leveland3-level
modelswithdifferentnumberoftopicsateachlevel.Tofindthebestmodelweneedtoevaluatethe
qualityoftheoverallmodel,noteverylevelinalienation.Ourgridsearchincluded75combinations
ofparametersbutherewepresentonlythebestshotsforarXivcollection(table6).Thefirstlevelof
hierarchywasfixed(weusedproposedbyarxiv.orgcategories),soweshowgridsearchresultsonly
forsecondandthirdlevelsofhierarchy(table9).

Table 4. Comparison between ARTM-based search, baselines and the blended models (ARTM + baseline, hARTM + baseline) 
for arXiv triplets text collection

Model Accuracy (whole text search) Accuracy (search over top-5 segments)

Baseline Baseline 
+ARTM

Baseline 
+hARTM

Baseline Baseline 
+ARTM

Baseline 
+hARTM

TF-IDF 0.750 0.751 0.765 0.749 0.750 0.845

BM-25 0.752 0.754 0.767 0.752 0.752 0.846

GloVe 0.741 0.741 0.762 0.742 0.742 0.842

fasttext 0.745 0.745 0.762 0.747 0.747 0.842

CNN 0.760 0.760 0.763 0.759 0.759 0.843

MaLSTM 0.832 0.832 0.834 0.837 0.837 0.843

BERT 0.843 0.843 0.844 0.845 0.845 0.848

ARTM 0.697 - - 0.715 - -

hARTM 0.762 - - 0.842 - -
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Another important topic model feature is a set of regularizers. We discovered that the
decorrelationregularizercontributesmosttothesearchquality,butallotherregularizers(τ-sparsing,
Φ-smoothing,interlevelconnectionssparsing)considerablyimprovethesearchqualitytoo.Model
withnoregularizationgivesmuchworseresultthanallthebaselines(Fig.5).Formoreinformation
aboutregularizertrajectoriesandtopicmodelfine-tuningpleaserefertoIanina,&Vorontsov,2019.

CoNCLUSIoN

Inthispaper,weinvestigateexploratorysearchwithlongtextqueriesforsimplifyingtheprocess
of search within research-oriented communication systems such as collective blogs and shared
scientificknowledgebases.Alsoexploratorysearchisapplicabletoreal-timenewsmonitoring,which

Figure 6. Grid-search over blending parameter α for mixed models BERT + hARTM, MaLSTM + hARTM, fasttext + hARTM, TF-IDF 
+ hARTM

Table 5. Accuracy for topic search by top-n segments with different similarity measures: Euclidean, Cosine, Manhattan, 
Hellinger, Kullback-Leibler for arXiv (number of segments is fixed and equal to 20)

n arXiv

Eu cos Ma He KL

1 0.621 0.742 0.703 0.692 0.713

3 0.645 0.794 0.721 0.711 0.732

5 0.657 0.842 0.729 0.727 0.755

10 0.638 0.828 0.725 0.715 0.741
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significancehasincreasednowduetothenecessitytotracknewsregardingpandemic.Ourresearch
directlycontributestocreationofafastandaccuratereal-timedocumentmonitoringsystembyutilizing
low-dimensionaltopicalrepresentationsoftextsaswellascascadeinterlevelsearchwithhierarchical
topicalembeddings.Thisiterativelevel-by-levelsearchemulatesexploratorysearchnaturewithits
gradualqueryrephrasinginordertoclarifysearchintent.Weprovedtopicsearchcompetitiveness
overmanualhuman-basedsearchintermsofprecisionandrecallanddiscoveredthathierarchical
topicmodelisabletofinddocumentsthatweremissedoutevenbyassessors.

Wecomparedourmethodwithseveralbaselinesandshowedthatourmodelismuchbetter(TF-
IDF,BM-25,fasttext,GloVe,CNN-basedmethods,PLSA,LDA)orcomparableinquality(LSTM,
BERT)tothem.Moreover,weenhancedourmethodbyblendingitwiththebaselinesanddiscovered
thatintroducingtopicvectorstoneuralmodels,likeLSTMorBERT,increasesitsqualitybyupto3%
intermsofprecisionandrecall.Thisfactdesignatesapossibledirectionofadvancingpopularpre-
trainedneuralmodelsinotherthanexploratorysearchdomainsbymixingitwithtopicembeddings.

Exceptfordocument-by-documentsearch,weintroducedasegmentation-basedsearch,asimple
alternationoftheinitialmethodtosearchoverlongdocumentswithintricatetopicalstructure.We
showeditseffectivenessonasearchtaskwithinscientificarticlesfromarxiv.org.

Themaincontributionofthispapercomparedwiththepreviousstudyistheimplementation
of the topic-based search as a self-sufficient product (available at arxiv-search.mipt.ru). It is a
personalizedsearchsystemfortrackingarXivarticles.Thesuccessfulperformanceoftheproposed
technologyonthreediversedatasetswithvariousexperimentdesignsmakesitpossibletoconsider
thetechnologyforapplicationtoreal-timeresearch-orientedcommunicationsystemstosimplifythe
processofknowledgeacquisitionanddiscovery.Theproposedexploratorysearchenginemaybe
usedtofacilitatedatainvestigationincollectiveblogsandscientificcommunities,trackscientificor
newsarticlesinreal-timemanner,organizeandeffectivelysearchfordomain-specificinformation
(manuals,setsofrequirements,listsoftasks)inwork-relatedcommunicationservices,likeSlack,
Confluenceoremailstorages.
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Table 6. Accuracy for 3-level hierarchical topic search by top-n segments on arXiv triplets data. Number of segments is fixed 
and equal to 20. The first level of hierarchy is fixed and based on arXiv categories.

n 40 50 60

130 150 170 190 200 210 220 230 250 270 290

1 0.673 0.682 0.704 0.722 0.735 0.742 0.739 0.731 0.719 0.691 0.658

3 0.684 0.697 0.723 0.765 0.784 0.794 0.790 0.782 0.754 0.715 0.672

5 0.691 0.705 0.731 0.820 0.836 0.842 0.838 0.830 0.772 0.745 0.681

10 0.687 0.701 0.728 0.805 0.819 0.828 0.821 0.815 0.768 0.724 0.675
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