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Abstract

SearchqueryunderstandingisatrendingtopicinthefieldofInformationRetrieval(IR).

Thegoalistolearnhigher-levelrepresentationsfortheintentsorconceptsbehindasearch

queryandutilizetheserepresentationstofurtherenhancedown-streamserviceslikecontent

recommendation. Thereareseveralchallengesassociatedwithsearchqueryunderstanding.

Firstof whichistheLexical Chaseproblem, wherethesurroundingcontextofaquery

couldnotbeaccuratelyestablishedbyconsideringonlythewordsinthequery.Second,we

needanefficientwaytobuildcontextrepresentationsforsearchqueriesintheopen-domain,

whichcouldencapsulatemassiveamountsofentitiesandknowledge.Third,wemustensure

thatdown-streamstasksareindeedbenefitingfromtheserepresentations.

Therapidadvancementsofdeepmachinelearningmodelsintroducenewpossibilitiesfor

tacklingthesechallenges.Inthisthesis,webeginbyinvestigatingwhetherword-by-word

deepgenerative modelsprovideauniqueyetfeasiblealternativeapproachforenhancing

theprocessofqueryunderstandingandrecommendation. Wefirstattempttodirectly

generatesearchqueriesfromlongnewsdocuments,whichisofgreatvaluetosearchengines

andrecommendersintermsoflocatingpotentialtargetusersandrankingcontent. By

combiningahierarchicalRecurrentNeuralNetwork(RNN)encoderwithasentence-level

andakeyword-levelGraphConvolutionalNetworks(GCNs),webuildstructuraldocument

representations. ATransformerbaseddecoderincorporateseachfeaturestreamthrough

the Multi-HeadAttention mechanism.

Next,westudygenerativequeryrecommendationfromshortinputs,e.g.queriesand

documenttitles. Wepartitionthetaskofquerygenerationintotwosimplersub-problems,

namely,relevantwordsdiscoveryandcontext-awarequerygeneration.Inthefirststage,

anRNN-basedRelevant WordsGeneratorshortlistsadynamicvocabularyofcontextually

relevantwords,whicheasesthelearningprocessfortheattentionalSequence-to-Sequence

(Seq2Seq)modelinthesecondstage. Overall,ourproposedframeworkachievesbetterper-

formanceandalleviatestheissueofhighresource-consumptioninmanygenerativelanguage

models.
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Finally, westudytheproblemofrelatedness matchingbetweenasearchqueryanda

largesetofhigh-levelconcepts. Were-adopttheRelevant WordsGeneratorfromprevious

workasanenhancedshortlistingschemeand meta-fine-tuneaBERT matching modelfor

fine-grainedrelatednessclassification.Byemployingfourcloselyrelatedtasksandtraining

undertheReptilealgorithm,weachievezero-shottransferlearningontheproblemofquery-

concept matching.

Onreal-worlddatasetsprovidedbyourindustryresearchpartner,Tencent,weshowthat

deeplearning modelslearnbetterrepresentationsforsearchqueries,andourapproaches

competitivelyoutperform manypopularbaselines. Furthermore,weconductvariousabla-

tiontestsandcasestudiestoverifytheusefulnessofeachproposedcomponent.
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Chapter1

Introduction

1.1 Motivation

Whilepastresearchefforts mainlyfocusonimprovingtherelevance matchingbetween

searchqueriesandcandidateresources,wearguethattofurtherenhanceuserexperiences

in modernsearchengines,newsfeedapplicationsandrecommendationsystems,thekey

istodevelopabetterunderstandingofthehigh-levelconceptsbehindeverysearchquery,

which wouldhelpuncover morehiddenuserinterestsandbenefitdown-streamservices.

Forexample,byissuingthequeryRAV4fuelefficiency,theuser mayonlywantplainfuel

economynumbers,but moreoften,he/sheisinterestedinfuel-efficientSUVsingeneral.

Anintelligentrecommenderwouldprovide morearticlesunderthisconcept,allowingthe

usertodiscovermoreinterestingfactsandentities,therefore,leadingtoanincreaseinclick-

through. Toachievesuchfunctionality,therecommendershouldhavetheknowledgethat

RAV4isanentityundertheconceptoffuel-efficientSUVs,whichisextremelychallenging

duetothevastnessofopen-domainknowledge.

Fortunately,theadvancementsofdeeplearningmodelsmayopenupnewpossibilitiesfor

improvingsearchqueryunderstanding.Inthisthesis,weemploydeeplearningtoenhance

thetwocrucialstepsofsearchqueryunderstanding,namely,querycontextrepresentation

andutilization.Inthefirststep,thegoalistoidentifythehigh-levelintentsorconcepts

behindeverysearchquery,thenconsolidatethemintocondensedrepresentations. Deep

learninghavebeenproventobeeffectiveatrepresentationlearninginthefieldofComputer

Vision[LeCunetal.,2015],NaturalLanguageProcessing[Vaswanietal.,2017;Devlinetal.,

2018;Petersetal.,2018]andInformationRetrieval[Severynand Moschitti,2015;Palangi

etal.,2016;Liuetal.,2015].Therefore,weadoptcompetitivedeepmodelstoencodesearch

queriesintofix-sizedvectors,whereeachvectorservesasageneralizablerepresentationand

reflectstheoverallcontext. Thesecondsteprequiresustoefficientlyutilizethelearned

representationstoimprovedown-streamtasks. Totacklethesechallenges, wefocuson

therecommendationtaskandstudytwouniqueapproaches. First, welearnanimplicit

mappingfromcontextvectorstowordswithdeepgenerativelanguage models.Bydirectly

generatingqueriesinaword-by-wordfashion,weimprovetherecommendationofrelated
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documentsandqueries.Second,withthehelpofknowledgeconceptualization,westudythe

matchingproblembetweentherepresentationsofaqueryandaconcept.Byimprovingthe

matchingquality,wecoulddiscovermorerelatedqueriesforaninputsearchquerythrough

its matchedconceptsandrecommendthemtotheuser.

OurevaluationsareconductedontwolargedatasetsprovidedourindustrypartnerTen-

cent,including120Kinstancesofquery-documentpairsand8daysofclickhistoriesfromthe

QQ mobilebrowserspanningtheNovemberandDecemberof2018. Weevaluateourpro-

poseddeeplearningapproachesonthesedatasetstoshowcasetheircompetitivenessagainst

otherpopularbaselines. Furthermore,weconductcasestudiesandhumanevaluationsto

verifythattheresultsfromourapproaches matchwellwithhumanintuition.

1.2 Research Roadmap

Weinvestigatethreeconcreteproblemsrelatedtosearchqueryunderstanding.First,since

mostqueriescontainonlyafewwords,theyareknowntosufferfromthe LexicalChase

problem[RiezlerandLiu,2010],wherethesurroundingcontextcannotbeaccuratelyestab-

lishedbyconsideringonlythewordsinthequeries.Intheexamplequeryfromtheprevious

section,wewouldnotknowthatRAV4isanSUV,orthatitisundertheToyotabrand,

withoutsufficientbackgroundknowledge. Therefore, wefirsttakeabackwardapproach,

thatis,weworkfromourresources,e.g.newsdocuments,andattempttodevelopabetter

understandingofsearchqueriesbyreverse-engineeringthemostprobablequeriesforthem.

Chapter.2depictsourdetailedsolutiontothisproblem. Theprimarybenefitofderiving

queriesfromdocumentsisthatwearelesslikelytoencountertheLexicalChaseproblem

becauselongdocumentsoftenprovideenoughcontextforlearningstablerepresentations.

However,longerinputscarry morenoisesandrequirecarefulfeatureextraction,whichis

the mainchallengewetackleinChapter.2.

Second,a moreconventionalapproachtoaddresstheLexicalChaseproblemisQuery

Expansion(QE),whereasystemactivelysearchesformorerelatedentities. Wefollowthis

ideaanddesignanoveltwo-stagegenerativeframeworkforqueryrecommendation. Based

onaninputqueryoradocumenttitle,asetofrelevant wordsisgeneratedinthefirst

stage,whichconstitutesadynamicvocabulary. Afterthisstepofcontextcompletion,an

attentionalSequence-to-Sequence(Seq2Seq) modelprocessesthisvocabularyandselects

theappropriatewordsforthefinaloutputquery. Thetwo-stagesetupeffectively mitigates

theissueofhighVRAMconsumptionandlongtrainingtimeassociatedwithlargeoutput

vocabularies. Chapter.3describesthisprocessindetail.

Third, Westudytheproblemoftaggingrelatedhigh-levelconceptstoqueriesinChap-

ter.4. Aconceptcouldbeakeyword,ashortphraseoracompletesentencethatassociates

real-wordentitiesundertheisArelation. Weacquireasetof morethan150Kconcepts

fromTencent,whichis minedwithacombinationofbootstrapping,heuristicand machine

learningapproaches[Liuetal.,2019b]. Ourgoalistolocatethebest-matchingconcepts
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forasearchquery, which wouldenableustorecommendotherqueriesunderthesame

concepts. Duetothesizeoftheconceptset,itwouldbeimpossibletomanuallylabelsuffi-

cientamountsofunbiaseddataforeachconcept.ThismotivatesouradoptionoftheReptile

[Nicholetal.,2018]meta-learningalgorithm,underwhichwemeta-fine-tuneaBERT[Devlin

etal.,2018] matching modelandachievezero-shottransferlearningonthequery-concept

matchingtask. Wealsore-applytheRelevant Words Generator(RWG)fromChapter.3

anddesignanovelshortlistingscheme,whichissuperioratfindingtherelatedconceptsfor

aqueryfromalargecandidateset,comparedtopre-trainedwordingembeddings[Songet

al.,2018c]ordeepcontextualizedrepresentations[Petersetal.,2018].

Chapter.5summarizesourcontributions. Wethenreviewunsolvedchallengesand

discusspotentialdirectionsforfutureresearch.
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Chapter2

Inferring Queriesfrom Documents

2.1 Introduction

Searchengineshandleamassiveamountofnaturallanguagequerieseverysecond. Although

asearchqueryiscommonly madeupofonlyafewwords,itcanreflecttheuser’sintent

aswellasthethemeoftheretrieveddocumentsonaconceptual-level.Inthischapter,we

considerareverseproblemofwebsearch,whichistoinferthenaturallanguagequerythat

leadstotheclick-throughofa webdocument. Automaticallyreverse-engineeringsearch

queriesfromdocumentsisofgreatvaluestopersonalizationinsearchandnewsfeedapps

foranumberofreasons. First,asearchqueryusuallyrevealstheconceptualthemeof

thearticleretrievedbythequeryandthuscanassistinformationretrievalandpersonalized

recommendation.Second,wecandiscovertrendingtopicsbroadlydiscussedontheInternet

bylookingatsearchqueries. Naturallanguagesearchqueries,suchas“bestSUVsunder

50k”and“jobswithleastcompetitions”,are morefine-grainedthankeywordsandtopics.

Asaresult,conceptsrepresentedbythesequeriesprovideauniqueangletorevealuser

interests,ascomparedtopre-definedtopicsorkeyphrases.Inthe meantime,aqueryis

stilllessspecificthanaheadlineorabstractofthedocument—aquerycoversanumber

of matchingarticles. Thus,generatedqueriesalsoserveasexcellentlabelsforfine-grained

textclassificationandclustering.

Anatural,conventionalmethodtotagdocumentswithsearchqueriesistocheckquery-

documentpairsintheclick-throughlogsofasearchengine. Thefirstdocumentauser

clicksandspendssometimereadingcanbeviewedasapositive matchtothequery,while

theremainingdocumentsretrievedbythequery mayor maynotbea match,depending

onthesearchengine. Asaresult,thepositivequery-documentpairsgeneratedthisway

wouldonlycoverasmallportionofallavailabledocuments. Thisfact motivatestheneed

toreverse-engineerthebestqueryforagivendocumentviaagenerative machinelearning

model,suchthatdocumentscanbeautomaticallytaggedwiththematchingsearchqueries,

whichcaninturnenhancepersonalizedsearchexperienceandrecommenderperformance.

Wefirstformallydefinetheproblemofsearchquerygenerationfromwebdocuments

andshowthatitisuniqueascomparedtoothersimilar NaturalLanguage Processing
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(NLP)tasks. Weproposeadeeplearning modelcalledGraph-augmentedSequenceto

Attentionnetwork(G-S2A)tosolvethisproblem. Tobettercapturethe mostimportant

conceptswithinadocument,inG-S2A,weextendtheexistinghierarchicalRecurrentNeural

Network(RNN)basedencoder[Serban etal.,2016]bynovellyincorporatingtwo Graph

ConvolutionalNetworks(GCN)[Kipfand Welling,2016],namely,asentence-levelGCNthat

producesacondensedgraphicalrepresentationofadocument,andakeyword-level GCN,

whichemphasizesontheinteractionsamongcriticalkeywordsinadocument.Subsequently,

anattentionalTransformer-based[Vaswanietal.,2017]decoder,whichis moreefficientto

train,isadoptedtoattendoverdifferenttypesofthedocumentrepresentationstogenerate

anaturallanguagequery.

Weevaluatetheproposedgenerative modelonareal-worldquery-documentdataset

collectedfromtheTencentnewsengineinthe QQ mobilebrowser. Extensiveevaluation

resultssuggestthatbyadoptinganumberofinnovationsintheencodinganddecoding

processes,G-S2Aoutperformsanumberofgenerativebaselines,includingthewidelypop-

ularSeq2SeqmodelwithcopyingandattentionmechanismsandahierarchicalRNN-based

generative model[Serbanetal.,2016],onallvariantsofROUGE[Lin,2004]andBLEU

[Papinenietal.,2002]scoresaswellastheExact Match(EM)ratio.

2.2 Problem Definition

Thegoalofsearchquerygenerationistoreverse-engineerappropriatequeriesfromagiven

pieceoftext. Thetermappropriatemeansthatthegeneratedqueryshouldbesimilarto

whatahumanuserwouldtypeintoasearchengine,andthenhe/shewouldclickontheinput

text.Bydoingthis,theuserimplicitlycreatesaninput-querypair.Inourproblemsetting,

theinputisalongdocument. Wealsolimitthescopeofthisworktogenerateasinglebest

queryonlyandleave multi-querygenerationasfuturework. We modelthesearchquery

generationtaskasasequence-to-sequencelearningproblem[Sutskeveretal.,2014],where

givenaninputtextsequenceTwithntokens{t1,t2,...,tn},theobjectiveisto maximize

theconditionalprobabilityofgeneratingquerysequenceQwithm tokens{q1,q2,...,qm}.

Wearguethattheproblemofsearchquerygenerationisdifferentfromexisting NLP

taskssuchassummarization,keywordextractionandtopicdetection.Fig.2.1isanexample

fromourtrainingdatathatbestillustratesthedifferences. WeuseTextRank[Mihalcea

and Tarau,2004]toextractthekeywordsandthe1-sentencesummary. We manually

determinethetopicsandtranslatethearticlecontentfromChinesetoEnglish. Wediscuss

thedifferencesfromothertasksseparately.

Summarization: Webelievesearchquerygenerationandautomaticsummarization

sharethesamestartingpoint—bothtasksattempttogainadeeperunderstandingonthe

documentcontext. Thekeydifferencebetweenthemliesintheoutputlength. Summa-

rizationconsolidatesadocumentintoashortersummaryofoneorseveralsentences.Each

summaryisuniquetothedocumentitselfandcapturesits mostsalientinformation.In
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Figure2.1: Anexampleillustratingthedifferencesbetweentopics,keywords,summaries
andqueries. Notethatthekeyword“attractions”appearsinthecontentandalloutputs,
whereastherestofthequerywordsareinferredfromthecontextofthearticle.

contrast,aquerycraftedinourproblemis much moreconcise,usuallyconsistingofonlya

fewwords. Aquerydoesnotneedtosummarizeadocumentaccurately,butrather,should

matchthedocumentonahigherconceptual-level. Considerthesummaryandqueryin

Fig.2.1. HerethequerydoesnotcontainanydetailsabouttouristattractionsinHeihe,

butthedocumentisstillagood matchtothisquerybecausethey matchedontheconcept

of“Heihetouristattractions”.

Keyword &key-phraseextraction:Thekeydistinguishingfactorhereisthatquery

generationreliesonsemanticunderstandingwhilekeywordextractiondoesnot.Ifaword

inasearchqueryalsoappearsinthematchingdocument,thenitislikelytobeakeyword.

However,thereverseisnottrue,asshowninFig.2.1. Adocumentcouldhave many

keywordsorkey-phrases. Yet,simplyassemblingsomeofthem wouldnotproducean

appropriatequery.Thereasonisthatageneratedqueryneedstoproperlyandsemantically

“grasp”thecentralconceptdiscussedinadocument, whereasinkeyword &key-phrase

extractionweonlyneedtodeterminewhetherawordoraphraseisimportant.

Topicdetection: Theboundarybetweentopicdetectionandsearchquerygeneration

liesintheirgranularities. Atraditionallyperceivedtopicisusuallypredefined,suchas

“signsofpregnancy”,“babyfoods”,“in-doorplants”,whileagoodfractionofqueriesare

veryspecific,suchas“earlypregnancysigns”,“recipesforthree-year-oldbabies”,“bestin-

doorplantsforlazypeople”,whichautomaticallydiscoversfiner-grainedtopicsthatpeople

pay moreattentionto.

Inessence,theproblemofsearchquerygenerationisdifferentfromyetisrelatedtoall

previouslycomparedtasks. Therefore,agood modelforourproblemshouldfirstdevelop

astrongunderstandingofthearticlecontext. Then,itshouldbeabletoaccuratelyex-

tractcriticalquerytermsfromthecontentaswellasinferthecorrespondinghigher-level

conceptualtermstoproduceaconcisenaturallanguagequery.InSec.2.4,wedesignour

generativequeryinference modeltakingthesechallengesintoconsideration.
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2.3 Reviewof RelatedLiterature

Inthissection,wereviewtheliteratureincloselyrelatedfieldsincludingtextsummarization,

keywordextraction,query-document matching,topic models,aswellastheadvancements

ofGraphNeuralNetworks(GNN).

Summarization:TraditionalsummarizationapproacheslikeTextRank[Mihalceaand

Tarau,2004],LexRank[ErkanandRadev,2004],andLSA[Landaueretal.,1998]areextrac-

tivebased,wherearankingmetricisevaluatedontheentiredocumentandsalientsentences

areselectedassummaries. Withtheadvancementofdeeplearningmethods,moreaccurate

extractive modelslike[Nallapatietal.,2017;ChengandLapata,2016;Paulusetal.,2017]

areabletolearn moreusefullatentfeatures,andtheyeasilyoutperformtraditional meth-

ods. Ontheotherhand,generativesummarizationmodelsareattractingincreasedattention

duetotheirpotentialingeneratingdiverseandinterestingsummaries. Mostrepresentative

worksongenerative modelsinclude[Nallapatietal.,2016],whichisthefirsttoapplyan

Encoder-DecoderRNNarchitecturewithanattention mechanismtosummarization. And

[Seeetal.,2017]furtherrefinesthisframeworkbyaddingapointernetworktopermitcopy

andacoverage mechanismtopreventoutputrepetition.[Tanetal.,2017]introducesa

hierarchicalEncoder-Decoderwithagraphattention mechanismtobettercapture multi-

granularityfeaturesinadocument,whichoffersgreatinspirationtoourwork. Otherworks

suchas[Liuetal.,2018c;Gehrmannetal.,2018;Liuetal.,2018d]attempttoimprovessum-

maryqualityfromtheperspectiveofsemanticrelations,bottoms-upkey-phraseselection

and multi-documentclustering.

Keyword & Key-phrase Extraction: Asanotherclassic NLPtask,unsupervised

keyword&key-phraseextractionmethodslike[MihalceaandTarau,2004;Roseetal.,2010;

Liuetal.,2009;Litvaketal.,2011]areallsingledocument-oriented.Inotherwords,inthe

contextofonlythecurrentdocument,theyrankallthewordsaccordingtodifferentcriteria

andselectthetopcandidatesaskeywords. Theyarefastbutdonotexplicitlylearnand

generalizefrompastextractions.Incontrast,supervisedapproachessuchas[Franketal.,

1999;Turney,2000]initially modelthistaskasabinaryclassificationproblem,wherekey-

phrasesaredistinguishedfromnon-key-phrases,andthe modelisabletogeneralizeacross

differentdocuments. Then,statistical machinelearning methodslikeNaiveBayes[Uzun,

2005], Conditional RandomFields(CRFs)[Zhang,2008]andSupport Vector Machines

(SVMs)[Zhangetal.,2006]havebeenappliedtolearnfrommoreusefulinputfeatureslike

TF-IDFscores,Part-of-Speech(POS)tagsandsyntacticalfunctions.

Wewouldalsoliketopointoutthat manyextractiontechniques[MihalceaandTarau,

2004;Litvaketal.,2011;Daille,2013]proposethatadocumentshouldberepresentedasa

graph,inordertodiscoverkeydependenciesamongwords.Inthequerygenerationproblem,

ifaquerywordappearsinthedocument,thenitislikelytobeakeywordofthedocument.

This motivatesustoalsoconsideragraphicalrepresentationinour model.

Query-Doc Matching & Query Generation: Anotherfieldrelevanttoourproblem
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isquery-document matching,wherethebestqueryforadocumentisselectedfromaset

ofcandidatequeries. Trivialapproachessimplycomputeanaggregatedsimilarityscore

betweenqueryanddocument wordembeddings. Metricslikecosinesimilarity, TF-IDF

similarityor OkapiBM25[Robertsonetal.,2009]. Manydeeplearning modelshavealso

beenproposed,including DSSM[Huangetal.,2013],C-DSSM[Shenetal.,2014], ARC-

I[Huetal.,2014], DeepMatch[LuandLi,2013]and MatchPyramid[Pangetal.,2016].

Thesemethodsareeitherrepresentation-basedthatfocusonfeatureextractionfromtext,or

interaction-basedthatemphasizepair-wise matching. The MGAN[Zhangetal.,2018]isa

novelframeworkspecificallyforquery-documentmatching.Itmodelsalongdocumentasa

keyworddistancegraph,whereeachvertexisakeywordandedgeweightsaretheinversesof

distancesbetweenkeywordpairs. Ontwolearn-to-rankdatasets, MGANachievesexcellent

performance. Thisworkinspiresustoemploythe GraphConvolutionalNetwork(GCN)

[Kipfand Welling,2016] whenbuildingdocumentgraphicalrepresentations. Theonly

relatedworkonsearchquerygeneration,tothebestofourknowledge,is[Wangetal.,2018].

Itproposesa multi-taskingsequence-to-sequence modelthatsimultaneouslyperformtitle

compressionandquerygenerationonE-commerceproducttitles.

Topic Models: Conventional methodsfortopic modellingtakeeitherprobabilistic,

SingularValueDecomposition(SVD)based,ormatrixfactorizationbasedapproaches[Blei

etal.,2003;Hofmann,2000;Aroraetal.,2012]. Deeplearningbased methodshavealso

beenproposed,[Maaloeetal.,2015]applies Deep Belief Nets(DBN)todiscovertopics

fromdigital mediacontent.[Laulyetal.,2017]appliesdeepneuralnetworkstobag-of-

wordsdocumentrepresentationsandachievestate-of-the-arttopic modellingperformance.

[Zhengetal.,2016]furtherextendsthemodeltomultimodaldata. Acommoncharacteristic

oftheseapproachesisthatthegeneratedtopicisalwaysasinglewordorphrase.

Graph Neural Networks: Graph Neural Networks(GNNs)areafamilyofneural

networksspeciallydesignedtocapturefeaturesfromgraphs.[Gorietal.,2005;Scarselli

etal.,2009]eachintroducesanearly GNNvariant. Andtheybothproposetoencodea

graphinavertex-by-vertexfashion,whereeachvertexisrepresentedbyitsownfeatures,

neighbouringverticesandedges.[Lietal.,2015]augmentstheGNNbyemployingaGated

Recurrent Unit[Chung etal.,2014]tounrollgraphrecurrenceandtoenablesequential

outputs. Graph Convolutional Networks(GCNs)[Kipfand Welling,2016]utilizeafast

approximateconvolutiontechniquewhenaggregatingvertices. UnliketheGatedGNN,the

outputofaGCNhasthesamedimensionastheinput,whichisadesirablecharacteristic

forourwork. Therearealsoanumberof GNNbasedgenerative models, Graph2Seq[Xu

etal.,2018]followstheencoder-decodersetup,butreplacestheencoderwithaGNNand

experimentswiththreelight-weightvertexaggregators.[Songetal.,2018a]isanothermodel

designedtogeneratesequencesfromAbstract-Meaning-Representation(AMR)[Banarescu

etal.,2013]graphs. The Graph2Seq modelproposedby[Venkatakrishnanetal.,2018]

tacklesadifferentchallenge.Itrepresentsverticesastime-series,whichishighlyscalable

8



tolargegraphsordynamicallygrowinggraphs.

2.4 Model

Inthissection,wepresentadetaileddescriptionoftheproposedG-S2Anetwork.Fig.2.2

isacompleteillustrationofthe model.

Figure2.2: CompleteoverviewofourproposedG-S2A model.

2.4.1 Hierarchical Bi-directional RNN

Torevealthesequentialstructureofadocument,wefirstutilizeahierarchicalRNN-based

encoder[Tanetal.,2017;Serbanetal.,2016]to modelthedocument, wherethelower-

levelRNNencodeseachsentenceword-by-wordintoasinglevector,whilethehigher-level

RNNaggregatesallsentencevectorstocreateaparagraphrepresentation. Webelievethe

hierarchicalRNNisaneffectiveapproachforlearningcrucialsequentialdependenciesamong

thesentences.Specifically,givenadocumentDcomposedofnsentences{S1,S2,...Sn},and

assumetheithsentencecontainsjwordsi.e. {w1,w2,...wj}. Wegeneratethesinglevector

representationforSiusingaBi-directionalGatedRecurrentUnit(GRU)[Chungetal.,2014]

network. TheoutputofaGRUhjinonedirectionforasequenceofwordsfromw1upto

wjisexpressedas:

9



zj=σ(W zxj+Uzhj−1), (2.1)

rj=σ(W rx
j+Urh

j−1), (2.2)

ĥ
j

=tanh(W fxj+Uf(rj hj−1), (2.3)

hj=(1−zj) ht−1+zj ĥ
j
. (2.4)

Where zjisknownastheupdategate,rjisknownastheresetgate.σisthesigmoid

activation,̂h
j

istheproposedactivationandhjistheoutputofthenetworkforsequencej.

Also, denoteselement-wise multiplication,W z,r,fandUz,r,faretrainableweights. For

abi-directionalGRU,theinputsequenceissimplyreversedandfeedthroughthenetwork

again.Inthiscasetheoutputisproducedbyconcatenatinghj
fwdandhj

bwd.

Inourmodel,wefirstutilizeaword-levelBi-GRUtoencodeallwordsinasentence. We

concatenatethelaststatesfromtwodirectionsintoa1-Dsentencerepresentation. Next,we

joinallthesentencevectorsonthefirstaxistoforma2-Drepresentationforadocument.

This2-Dvectoristhenfedintoanothersentence-levelBi-GRU.Thegoalhereistolearn

crucialsequentialdependenciesamongthesentences. Forinstance,onesentencelogically

infersthenextsentence,orthesecondsentencereferstoentitiesinthefirstsentence.

WeincludetheclassichierarchicalBi-GRUinourencoderbecauseweagreethatnatural

languageissequentialinnature. However,forlongdocuments,graphicalrepresentations

arealsoworthexploring,wepresentthosecomponentsinthenexttwosub-sections.

2.4.2 Sentence-Level GCN

Inordertocapture morecomplexsemanticstructuresbeyondsequentialdependencies,we

furtherrepresentadocumentasagraphGs={Vs,Es},wheretheverticesVscorrespondto

sentencesandtheedgesEsrepresentsomeconnectionsbetweensentences. Oursentence-

levelGraphConvolutionalNetwork(GCN)[Kipfand Welling,2016]ispartiallyestablished

ontopoftheword-levelBi-GRUfromSec.2.4.1.Specifically,thefeatureofavertexinputto

theGCNisthesentencevectorproducedbytheword-levelBi-GRU.Here,wedonotcreate

agraphicalrepresentationforasentence. Therearetwo motivationsbehindthisdesign.

Thefirst motivationiscomputationalefficiency,asitiscostlytogenerategraphsforeach

sentence.Second,webelieveasentence-leveldocumentgraphrepresentation,whereeach

nodecorrespondstoasentence,isthemostintuitive. Therefore,weneedeachnodefeature

tofullycapturethe meaningofthesentence,whichisalreadyachievedbytheword-level

Bi-GRU,andthere maynotexistausefulgraphicalstructureinashortersentence.

Eachedgeweightinoursentence-leveldocumentgraphreflectsthepercentageofword

overlapsbetweenapairofsentences,whichisdeterminedbydividingthenumberofunique

10



overlappingwordsagainstthetotalnumberofuniquewordsinbothsentences.Theintuition

hereisthatsimilarsentenceshave moreoverlappingwordsandthusahigheredgeweight

betweenthem. Atthispoint,wehavecreatedanewfeature mapthatcapturesthepair-

wisesentencesimilaritieswithinadocument. Next,a multi-layer GCNlearnsfromsuch

sentenceinteractionsbyiterativelyconvolvingonthefeaturesofanodeanditsneighbors.

Thisoperationisdefinedbythefollowingupdaterule:

Hl+1 = σ(̂D−1
2ÂD̂−1

2HlWl), (2.5)

whereHlistheoutputoftheprevious GCNlayer. Forthefirstlayer,H0issimplythe

inputvertexfeatures,i.e.,thesentencevectorsproducedbytheword-levelBi-GRU.Âis

theadjacency matrixconstructedbasedonedge weights, whichissymmetrical. D̂ isa

diagonaldegreematrixwhereDii= jAij.σisthesigmoidactivationfunction.Wlisthe

setoftrainableweightsinlayerl. Wereferinterestedreadersto[Kipfand Welling,2016]

for moreGCN-relateddetails.

2.4.3 Keyword-Level GCN

AshasbeenmentionedinSec.2.2,ifaquerywordappearsinadocument,itisusuallyalso

akeywordforthatdocument. Therefore,inadditiontothesentence-levelabstractions,we

shouldpermitthedecodertolearnfromkeyword-relatedinformationdirectly. Tothisend,

wefurtheraugmentour modelwithadocumentkeyworddistancegraphsimilarto[Zhang

etal.,2018].

InthekeyworddistancegraphGkw={Vkw,Ekw},eachvertexfeatureistheembedding

vectorofakeyword,andtheedgeweightbetweentwoverticesistheinverseaveragedistance

amongthekeywords.Specifically,foruniquekeywordskiandkj,wefirstlocatealloftheir

occurrencesinthedocument. Next,wecalculatethepair-wisedistancebetweeneachpair

ofoccurrencesbycountingthenumberofwordsbetweenthem.Inotherwords,ifthereis

nowordbetweentwooccurrences,thedistanceis1;ifthereisonewordin-between,then

thedistanceis2,andsoforth. Wetaketheinverseoftheaveragepair-wisedistance. The

intuitionhereisthatkeywordsthatareclosertoeachotheraremorecloselyrelated. Thus,

theiredgeweightishigherinthekeyworddistancegraph. Mathematically,thisisexpressed

as

wij=
1

davg
ij

=
m

m

j=1
dij

, (2.6)

wherewijistheedgeweightbetweenkeywordskiandkj,andm isthetotalnumberof

pair-wisekeywordoccurrencesinthedocument. Afterthegraphconstruction,wefeedthe

nodeandedgefeaturestoakeyword-levelGCN.Theoutputisanenhancedkeyword-level

representation,whichembodiesthegraphicalkeywordinteractionswithinadocument.
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2.4.4 Transformer Decoder

Ourdecodernetworkisauni-directionalTransformer[Vaswanietal.,2017]withtwoaddi-

tionalattentionblocksfortheGCNoutputs. TheTransformerisanalternativeapproach

toRNNsformodelingsequentialdata. Asillustratedinfigure2.2,theinputtothedecoder

are wordembeddingvectorsofpartiallygenerateduserquery. Then, weaddpositional

encodingvaluestocaptureword-levellocationinformation. Thesevaluesarepre-computed

fromsineandcosinewavesatdifferentfrequencies,

PE(pos,2i)=sin(
pos

100002i/dmodel
), (2.7)

PE(pos,2i+1) =cos(
pos

100002i/dmodel
). (2.8)

posisthewordposition,iistheithdimensionoftheinputfeature.dmodel isthetotal

numberofdimensionsintheinputfeature.

ThecorecomponentoftheTransformerdecoderisthe Multi-HeadAttention module,

whichismadeupofparallellayersoftheScaledDot-ProductAttention. On2-Dsequential

featuremapsQ,K,andV,theScaledDot-ProductAttentiondefinestheoperationofquery

QattendingonvalueVthroughkeysK asthefollowing,

Attention(Q,K,V)=softmax(
QKT

√
dk

)V. (2.9)

dk isthefeaturedimensionofK. Theoutputofthisoperationhasthesameshape

astheinputqueryQ. ThedifferenceisQ nowincorporatesinformationfromvalueV

throughattention. Noticethattherearenotrainableweightshere. Forthe maskedself-

attentionblockinfigure2.2,Q,K,Vallcorrespondtothepartiallygenerateduserquery

vector. Thepurposeofthe maskistopreventthedecoderfromattendingsubsequent

positionsduringtraining,which makestheTransformeruni-directional.Fortheremaining

attention modules,Qisthepartiallygenerateduserqueryvector,K andVaretheoutput

representationsfromtheencoder,specifically,thesentence-levelsequentialembedding,the

sentence-levelgraphembeddingandtheword-levelkeywordembedding. The Multi-Head

Attention moduleequallydividesthefeaturedimensionof Q,K andV intohheads,

producingasetof{Qi,Ki,Vi}withirangingfrom1toh. Then,afeed-forwardlayeris

addedtoQi,KiandVi,whichallowsthenetworktolearnandadjusttheseinputs.Finally,

theoutputfromeachheadisconcatenatedtorecreatetheoriginalfeaturedimensionand

feedthroughone morelayeroffeed-forwardnetwork. Thisprocessisexpressedas,

MH-Attn(Q,K,V)=gf(Concat{Attn1(gq
1(Q1),gk1(K1),gv1(V1)),...

Attnh(gq
h(Qh),gkh(Kh),gvh(Vh))}).
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AttncorrespondstotheScaledDot-ProductAttention. gisaonelayerfeed-forwardnet-

work. Aftercompletingalltheattentionoperations,theoutputpassesthroughaPosition-

wiseFeed-ForwardNetwork(FFN),whichconsistsoftwolinearlayerswithaReLUactiva-

tionin-between,

FFN(x)=max(0,W1x+b1)W2+b2. (2.10)

WechoosetheTransformerdecoderinsteadofatraditionalRNN-baseddecoderforthree

reasons. First,theTransformerdecoderis morelight-weightsinceitdoesnot maintaina

hiddenstate.Second,the Multi-HeadAttentionoperationsareabletoexecuteinparallel,

which meansthat wecanfeedtheentireoutputsequencethroughthenetworktotrain

onebatch. Thisis much moreefficientcomparedtoatraditional RNNdecoder, where

thedecoderlearnsfromtheoutputinaword-by-wordfashion. Third,theTransformeris

moreversatileduetoits modularizedinternalstructure,whichpermitsustoincorporate

morefeatureseasily.Inourmodel,wesimplydeclaretwoadditional Multi-HeadAttention

modulestoattendonsentence-levelandkeyword-levelgraphicalfeatures.

2.4.5 The Complete Model

WeconnectthecomponentsasdepictedbyFig.2.2. Theword-levelBi-GRUfirstencodes

eachsentenceinadocument. Then,theaggregatedsentencevectorspropagatetothe

sentence-levelBi-GRUandsentence-level GCNforfurtherlearning. Webelievethishier-

archicalencodingschemecombinedwiththeadditionalsentence-levelgraphicalembedding

allowour modeltobetterunderstandtheinteractionswithinadocument. Ontheother

hand,thegraphicalembeddingproducedbythekeyword-levelGCNletsthedecoderdirectly

attendonpotentialquerywordswhile maintainingawarenessofthedocumentcontextat

thesametime,whichaidsthequerytermselectionandgenerationprocess.

Inadditiontotheaforementionedcomponents,wealsoapplyasingleMax-Pooling layer

ontoallencoderoutputs,sinceempirically,wefindthatthe Multi-HeadAttention mecha-

nisminthedecoderperformspoorlywhenattendingonlongtargetsequences. Although

wehavealreadycondenseddocumentrepresentationsatthesentenceandkeywordlevels,in

reality,aquerycanbeinferredfromaneven morecompactrepresentation—Max-Pooling

servesasanotherstageofsignificancefiltrationbeforedecoding.

2.5 Experimentation

Inthissection,wepresenttheexperimentalsetupandcompareresultsofour modelona

real-worldChinesequerydocumentdatasetagainstanumberofgenerativebaselines.
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Table2.1: Datasetinformation

Trainsize 120773
Devsize 10000
Testsize 10000

Averagedocumentlength 286.8
Numberofuniquequeries 10420
Minquerylength 2
Maxquerylength 11
Averagequerylength 3.2
Documentvocabulary 479K
Queryvocabulary 9.2K
Averagedoc-querywordoverlap 1.85

2.5.1 Dataset

Asuitabledatasetforourproblemshouldcontainthecontentofdocumentsandthematch-

ingqueries. Unfortunately,wecannotlocateapubliclyavailabledatasetthat meetsthis

criteria. Summarizationdatasetslike CNNor DailyMail[Hermannetal.,2015]arenot

suitablebecausetheirsummariesaretoolongtobeconsideredqueries. Query-document

matchingdatasetslike Ohsumed[Hersh etal.,1994]containstoofewqueries, whereas

datasetswithenoughuniqueuserqueries,suchastheNFCorpus[Botevaetal.,2016],have

toofewuniquedocuments. Thelackofasuitabledatasetisanotherevidencethatthe

searchquerygenerationproblemisnewandislessstudied.

Therefore,weworkwithourindustrypartnersatTencenttocreateaChinesequery-

documentdataset,whichincludesrealsearchqueriescollectedanonymouslyfromtheQQ

mobilebrowser.Comparedwithuserqueriesenteredfromacomputer,queriesinourdataset

areevenmoreconcise.Thedocumentsinthisdatasetmainlyconsistofnewsarticlesorblog

postsprovidedbytheTencentnewsengine. Weconstructthequery-documentpairsusing

thepassive methodfromSec.2.1,wherethefirstarticletheuserclicksandspendssome

timereadingisconsidereda matchingdocument. Train,development,andtestsetsare

randomlydivided. Table2.1liststheimportantstatisticalinformationaboutourdataset.

2.5.2 ExperimentalSetup

Weadopttheword-overlapbasedROUGE[Lin,2004]andBLEU[Papineni etal.,2002]

metrics,whicharewidelyusedinsummarizationand machinetranslationtasks. Here,we

reportthemacro-averagedROUGE-1,2,L,BLEU-1to4scores.Eachmetricvariantcumu-

lativelyconsidersn-gram(1to4)orlongestcommonsub-sequence(L)overlaps. ROUGE-1

isalsothemetricusedtoselectthebestperformingmodelonthedevelopmentset. ROUGE

andBLEUscoresreflecthowwellageneratedsequencecapturesthetruthsequence,with

higherscoresindicatingbetterperformance. Additionally,wereporttheExact Match(EM)

percentages. Becausethesearchqueriesarealot moreconcise,weareinterestedinhow

manygeneratedqueries matchthetruthexactly.
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WetokenizedocumentsandquerieswiththeStanfordCoreNLPtool[Manning etal.,

2014b]. Welimitthedocument wordlengthat300, Allcharactersarelower-cased. All

numbersarereplacedwitha #symbol. Weconstructthevocabularybyfirstcombining

thedocumentandqueryvocabularies,thentakethetop40000 mostfrequentwords.In

everyexperiment,wetrainawordembeddinglayerfromscratch,andshareitamongthe

encoderanddecoder.

Forourmodel,wesetthehiddenlayersofGCNs,thehiddenlayersofBi-GRUs,aswell

astheattentiondimensionofthedecodertothesamevalue.Theposition-wisefeed-forward

dimensionissettobe4timesthisvalue. Wealsosetaglobaldropoutprobabilityforall

components. Wefixthenumberof GCNand Transformerlayersto2,andthenumber

ofBi-GRUlayersto1. Thewordembeddingdimensionissetto300. The Max-Pooling

windowissetto2. ThenumberofTransformerattentionheadsissetto8. Wetunethe

globalhiddensizeanddropoutprobabilityonthedevelopmentset.

WeusetheNoam Optimizer[Vaswani etal.,2017]withawarm-upstepsof2000and

alabel-smoothingconstantof0.1fortraining. Our modelconvergesin100epochs,where

eachepochtakesapproximately10 minuteswitha mini-batchsizeof128ona GTX1070

GPU.Finally, Wecompareour modelwiththefollowingbaselines. ForallRNNbaselines

wetunetheirhiddenlayersizesandthedropoutprobabilityonthedevelopmentsetand

choosethebestperforming modelfortesting.

TextRank-kw isasimplekeywordextractorbasedontheTextRank[Mihalceaand

Tarau,2004]method. Weincludethreekeyword&key-phraseextractionbaselinestoprove

thatsearchquerygenerationisa morechallengingtask. Wesetthenumberoftarget

keywordsto8.

TextRank-kw-cheat isalsoaTextRank-basedkeywordextractor. However,forthis

baselineweprovidethenumberofwordsinthetruthqueriesasadditionalclues.

TextRank-kpisaTextRank-basedkey-phraseextractor. Weextractthe mostsalient

key-phrasefromthedocumentanduseitasthegeneratedquery. TextRankbaselinesdo

notrequiretraining.

Seq2Seq-Attnistheclassicencoder-decoder model[Sutskeveretal.,2014]withthe

generalattention mechanism[Luongetal.,2015]. Wefeedtheentiredocumentasone

sequenceintothe model. WeimplementthisbaselinewithaBi-GRUencoderandaUni-

GRUattentionaldecoder.

Seq2Seq-Attn-Copyfurtherincorporatesthecopymechanism[Guetal.,2016],which

allowsthe modeltodirectlycopyimportantwordsfromtheinput. Considerthefactthat

manyquerywordsalsoappearsinthedocument,asindicatedinTable2.1. Webelievethis

baselineisastrongcompetitor.Similartothepreviousbaseline,weuseaBi-GRUforthe

encoderandaUni-GRUforthedecoder.

HRED isaRNN-basedhierarchicalencoder-decodermodelproposedby[Serbanetal.,

2016]. OurimplementationusesahierarchicalBi-GRUastheencoder,whichisessentially,
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thesamehierarchicalsequentialencoderinour model. ThedecoderisaUni-GRU.

Transformer isthenewgenerative modelproposedby[Vaswanietal.,2017]. Wefix

thenumberofencoderanddecoderlayersto6andthenumberofattentionheadsto8.

Wetunetheattentiondimensionanddropoutprobability. Theposition-wisefeed-forward

dimensionissettobe4timesoftheattentiondimension.

2.5.3 Results & Discussion

InadditiontothemetricsmentionedinSec.2.5.2,wereportthenumberoftrainableweights

(#Weights)ineverysupervisedmodel. Webelievethenumberoftrainableweightsiscritical

factortoconsiderinreal-worldapplications,becausealarge modeloftenimpliesahigher

costoftraining.

ThebesthiddensizeforG-S2Ais128. AswecanobserveinTable2.2,G-S2Aoutper-

formsallbaselinesonall metrics,whichprovestheeffectivenessoftheproposedadditional

components. Wealsonotethattheperformanceforkeywordextractorsarefarworsethan

othermodels,whichindicatesthattheyarenotsuitableforourproblem. Therefore,search

querygenerationandkeyword&key-phraseextractionaredifferentproblems.

AnotherinterestingconclusionwecoulddrawfromTable2.2isthathierarchicalmodels

like HREDand G-S2Aachievebetterperformance,buthavelesstrainableweights. We

believethisisbecausethehierarchicalencodersbreakdownlongdocumentsatanintuitive

sentence-level,whicheffectivelyexposesitsstructuralinformation. Other modelswithout

thehierarchicaldesignwouldneedtolearnsuchinformationwith moretrainableweights.

2.5.4 AblationStudy

WefurtherevaluateG-S2AthroughanablationstudyandreportthechangesinROUGE-1

andROUGE-Lscores.

S2AonlycontainsthehierarchicalBi-GRUencoderandtheattentionalTransformer

decoder. WeremovethetwoGCNsandthe Max-PoolinglayerfromG-S2Atocreatethis

model.

S2A+sGCNincorporatesthesentence-levelGCN.

S2A+sGCN+kwGCNfurtherincludesthekeyword-levelGCN,yetwithoutthe Max-

Poolinglayer.

FromTable2.3,weobservethatS2AinitiallyoutperformstheHREDmodel. Webelieve

thisisattributedtothe Multi-HeadAttention mechanism,whichtheHREDlacks. With

theadditionofmorecomponents,theperformanceofthemodelconsistentlyimproves.This

provesourinitialclaimthatexploringsentence-levelandkeyword-levelgraphicalrepresen-

tationsforlongdocumentsisextremelyhelpfulinthesearchquerygenerationtask.
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Chapter3

Generative Query
Recommendation

3.1 Introduction

Itisanessentialabilityfora modernsearchenginetoextrapolatebeyondtheinputquery

andrecommendrelatedqueriesthatappealtotheuser’sinterests,thereforeimproving

his/hersearchexperience. Googledisplaysalistofrecommendedsearchqueriesinthe

“Searchesrelatedto”atthebottomoftheresultspage,asillustratedinFigure.3.1. Yahoo!

offersasimilarlistofotherqueryrecommendationsin“AlsoTry”beforealltheresults.

Searchrecommendationisdifferentfromqueryrewrite[Antonellisetal.,2008;Riezlerand

Figure3.1: AnexampleofqueryrecommendationintheGooglesearchengine.

Liu,2010;Heetal.,2016],thegoalofwhichistoreformulateasearchqueryintoanewquery

thatiseasierforthesearchenginetoprocesswhilestillmaintainingtheoverallmeaning.In

contrast,forexample,ifweinput“whatisadietforweightloss”inGoogle,wegetsearch

recommendationssuchas“howtoloseweightathome”,and“7daydietplanforweight

loss.” Thesesuggestedqueriesdonotnecessarilyhavethesame meaningastheoriginal

querybutareintendedtoattracttheuser’sattentionandboostclick-throughrates. For

thesamereason, manynewsfeedappsincludingTencent QQBrowser, mayalsoprovide

severalrecommendedsearchqueriesattheendofanarticle,aimingtoprolongauser’s

activityandincreaseclick-throughrates.
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Itisanaturalideatoidentifyrelatedsearchesbyanalyzingthesearchlogs, which

formtheclickgraph,acolossal,bipartitegraphthatrecordsthedocumentsthathavebeen

clickedoninresponsetopastqueries.Forinstance,TencentQQBrowser1typicallyrecords

approximately100 millionclickhistoriesperday, whereeachloginstanceconsistsofa

userqueryandadocumenttitlewhichtheuserclicked. Althoughrichinformationabout

connectionsamongqueriesandconnectionsbetweenqueriesanddocumentscanbedugout

fromtheclickgraphthroughextensivelinkanalysistechniques[Antonellisetal.,2008;Jeh

and Widom,2002],heavilyrelyingondata miningperformedontheclickgraph(possibly

withthehelpofsemanticanalysis)mayyieldlimitedsearchrecommendationperformance,

mainlyduetotworeasons:

First,theclickgraphisinherentlysparse. Onlyforveryhottopics,e.g.,“weightloss”,

“tradewar”,etc.,adocumentisconnectedwith multiplequeriesandaquery mayleadto

theclicksofdifferentdocuments. However,thevastmajorityofdocumentsareretrievedby

onlyacoupleofqueries,whilemostqueriesleadtotheclicksofasingledominantdocument.

Thisisalsothereasonthatin mostsearchengines,notallqueriesorarticleswouldhave

arelatedquerysuggestion. Second,suchagraph miningapproachcriticallydependson

theexistenceofhighlysimilarqueriesintheclickgraph,whilethatisnotalwaysthecase

duetotheflexibilityofnaturallanguage.Similarly,theclickgraphcannotencapsulateall

possibledocumenttitlesasnewdocumentsarebeinggeneratedonthewebeveryday.

Wearguethatadeepgenerative modelcanserveasageneralizablealternativethat

overcomesthelimitationsofthegraphanalysismentionedabove. However,textgeneration

basedonthewidelypopularSeq2Seq models[Sutskeveretal.,2014]suffersfromawell-

knownweakness—thetrainingcomplexityintheopen-domain,i.e.,thevocabularythatis

ofinteresttoasearchengineoracontentfeedsappistoolargesuchthatthe model must

betrainedonoverwhelminglylargedatasetstoyieldanyreasonableperformance. Toa

certaindegree,CopyNet[Guetal.,2016]alleviatesthisissuebyencouragingthe modelto

directlycopysomewordsfromtheinputquery. However,suchverbatimcopyingseriously

underminestheopportunitiesofqueryexpansion,whichcausesthemodeltosimplyrephrase

aninputqueryinsteadofsuggestingrelatedqueriesthattheuserwillfindinteresting.

Totacklethesechallenges,weproposeatwo-stagegenerativeframeworktobeusedfor

relatedsearchqueryrecommendationintheTencent QQBrowser.Inessence, webreak

downrelatedquerygenerationintotwostages,contextdiscoveryandcontext-awarequery

generation,whicharesummarizedasfollows:

First,giveneitherauserqueryoradocumenttitle, weproposea Relevant Words

Generation model(RWG)toextrapolatethequeryordocumentintoasetofrelevant

keywords. Forinstance,relevantwordsforqueryfuel-efficientSUVsincludegas-mileage,

cars, money-saving,price,etc. TheproposedRWGdiscoversadditionallatentsemantical

relationsamong wordsandlearnscontext-dependent wordco-occurrencepatternsfrom

1TencentQQBrowserhasthelargestmarketshareintheChinesemobilebrowsermarketwithmorethan
100 milliondailyactiveusers.
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similarqueries.

Second,togeneratethetargetqueryforrecommendation,weproposetheDual-Vocabulary

Sequence-to-Sequence(DV-Seq2Seq)model.Itmaintainstwooutputvocabularies:astatic

vocabularyconsistingoftopX mostfrequentwords,andadynamicvocabularycomposed

oftheinputquerywordsandrelevantwordsdiscoveredbytheRWGmodel. Duringgenera-

tion,DV-Seq2Seqselectsthenextpredictedwordfromoneofthetwovocabularieswithan

attention mechanismbasedona Multi-HeadAttentionalRelevant WordsSelector(RWS)

module,whichisinspiredbytheTransformer[Vaswani etal.,2017].

Finally,weproposeanddescribeanautomaticproceduretogeneratethetrainingdata

requiredbyourtwo-stageframework,byanalyzingwordrelationsandtherichclickbehavior

presentinalargeclickgraphconstructedfrom8daysofclicklogs. Weevaluateour

framework witharound1 millionrecordsforthe RWG model,1 millionrecordsforthe

query-to-querygenerationtaskand500Krecordsforthetitle-to-querygenerationtask. We

compareourproposedframeworkagainstseveralSeq2Seqgenerativebaselinesincluding

theCopyNet. Evaluationresultssuggestthatourapproachoutperformsallbaselineson

metricsincludingBLEU-n[Papinenietal.,2002],ROUGE-n[Lin,2004]andExact Match

(EM)ratio. WeshowinSec.3.5andSec.3.6thatourproposedapproachalsostrikesagood

balancebetweenperformance,time-complexity,andinterpretability.Thetwo-stagedivision

oflaborinourproposedapproach mitigatestheneedforalargeoutputvocabularywhen

generatingeachqueryword,whichisoftenthebottleneckofperformanceandtrainingtime

inSeq2Seq models[Jeanetal.,2014].Inaddition,thelatentcontextualinformationofa

queryordocumentdiscoveredbytheRWGmodelinthefirststagecanalsobetransferable

toothertasks. Furthermore, Weconductcasestudiesonthegeneratedqueriestofurther

illustratethesuperiorityoftheproposedgenerativelearningframeworkasasolutionto

relatedqueryrecommendation.

3.2 Reviewof RelatedLiterature

OurworkdrawsinspirationfromseveralresearchachievementsinthefieldofNaturalLan-

guageProcessing(NLP),deeplearningandInformationRetrieval(IR).

3.2.1 Generative Models

Generativemodelsconstructphrasesandsentencesfromanoutputvocabularyinaword-by-

wordfashion.Themostpopulargenerativemodelsfollowasequence-to-sequence(Seq2Seq)

architectureandcomposesofanEncoderRecurrentNeuralNetwork(RNN)andaDecoder

RNN[Sutskeveretal.,2014].Seq2Seq modelsareproventobeperformantinanumberof

NLPtaskslikeAutomaticSummarization[Liuetal.,2018c], DialogueSystems[Shanget

al.,2015]andReadingComprehension[Zhouetal.,2017;Liuetal.,2019a].

The mostinfluentialaugmentationtotheSeq2Seq modelistheattention mechanism

[Bahdanauetal.,2014;Luongetal.,2015], wherethenextdecoderoutputiscombined
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withaweightedsumofencoderhiddenrepresentations. Thecopy mechanism(CopyNet)

[Guetal.,2016]isanotherusefulaugmentation.Itpermitsthedecodertodirectlycopy

wordsfromtheinput, whichallowsthe modeltogenerate wordsthatarenotfromthe

staticoutputvocabulary. CopyNetisa majorinspirationtoourwork,infact,wediscuss

inSec.3.3thatitisaspecialcaseofemployingadynamicoutputvocabulary,wherethe

contextuallyrelevantwordsareonlytakenfromtheinput.[Vaswanietal.,2017]proposesa

newgenerative modelcalledtheTransformer,whichreliesonlyona Multi-HeadAttention

mechanismtodirectlylearncomplexsemanticrelationsamongwords. Evenwithoutan

RNN,theTransformerachievesstate-of-the-artperformanceonmultipleNLPtasks[Devlin

etal.,2018].

Theideaofincorporatingadynamicoutputvocabularyintogenerative modelshas

beentoucheduponbypriorresearches,with[Wuetal.,2018]beingthemostrelevantwork

onthissubject. The maindifferenceisbetween[Wuetal.,2018]andour modelisthat

[Wuetal.,2018]constructsanend-to-endtrainableSeq2Seqchatbotthatjointlylearns

outputgenerationanddynamicvocabularyselection. Althoughanend-to-end model may

appearsimpler, wearguethatitislesspracticalforreal-worldapplications. First,an

end-to-end model withadynamicvocabularyistrickiertotrain,sincethelossfunction

needstobecarefullydesigned. Second,itis moredifficulttocontrolthequalityofthe

dynamicvocabulary.In[Wuetal.,2018],thelossondynamicvocabularyconstructionis

approximatedwith MonteCarlosampling,which meanstheperformanceofthe modelis

sensitivetothesamplesize.Third,dynamicvocabularywithinanend-to-end modelisless

likelytobetransferabletoothertasks. Therefore,weexplicitlyassignthetasksofdynamic

vocabularygenerationandquerygenerationtotwo modelsandtraineachindividually.

Other workson machinetranslation[Jean etal.,2014;L’Hostisetal.,2016; Miet

al.,2016]leveragebilingual wordco-occurrenceand wordalignmentfeaturestofindthe

semanticallyrelatedwords. However,suchfeaturesareoftentask-specific. Tothebestof

ourknowledge,wearethefirsttoapplyagenerativeSeq2Seqmodelwithadynamicoutput

vocabularytosearchqueryrecommendation.

3.2.2 QueryExpansion & Generation

QueryExpansion(QE)isclassicresearchtopicinIR.ThegoalofQEistoexpandaround

thecontextofasearchqueryanddiscoveradditionalkeywordsorconcepts,whichisclosely

relatedtotheproblemofrelatedqueryrecommendation.[XuandCroft,2017]isanearly

workthatjointlycombineswordcontextfeaturesfromthequeryandtheretrieveddoc-

uments. [Cuietal.,2002]isthefirst worktoproposeaprobabilisticqueryexpansion

approach.[Fonsecaetal.,2005]reliesonassociationrulestobuildaqueryrelationgraph,

thenextractrelevantconceptstoexpandontheinputquery.[Jonesetal.,2006]retrieves

theexpansioncandidatesbyconsideringwordco-occurrencesduringaclicksession.[Gao

etal.,2012;GaoandNie,2012;Riezleretal.,2008]trainSMT modelstolearnwordand

21



phrasecorrespondencefeaturesfromlargeamountsofclick-throughdata.

DirectgenerationofqueriesusingSeq2Seqmodelsisattractingincreasedattention.[Liu

etal.,2018d]incorporatesanadditionalpointerdecodertodirectlycopywordsfromthe

inputtext.[Wangetal.,2018]proposesa multi-taskingSeq2Seq modelfortitlecompres-

sionandquerygenerationonE-commerceproducttitles.[Yinetal.,2017]and[Heet

al.,2016]performdirectquery-to-querygenerations, while[Hanetal.,2019]combinesa

hierarchicalEncoderandaGraphConvolutionalNetwork(GCN)togeneratequeriesfrom

longdocuments.

3.2.3 Query Reformulation

UnlikeQueryExpansion,QueryReformulationstudiestheprocedureofre-writingasearch

queryintoanewquery,suchthattheoverall meaningis maintainedbutthenewqueryis

easierforthesearchenginetoprocess. Queryreformationtechniquesimprovethesearch

resultsdisplayedtotheuserandarecommonlybenchmarkedusingrankingqualitymetrics

likethenDCGscores[J̈arvelinand Kek̈al̈ainen,2002]. Theearliestqueryreformulation

approachesfocusonquerytermdeletion[JonesandFain,2003]orsubstitution[Terraand

Clarke,2004]. Clusteringbased[BeefermanandBerger,2000; Wenetal.,2002]andactive-

learningbased[Zhangetal.,2007]methodshavealsobeenexplored.Inthemeantime,direct

analysisonclickgraphsisattractingincreasedattention.SimRank[Jehand Widom,2002]

isa methodforcomputingquerysimilaritiesfromlinkswithinaclickgraph.[Antonellis

etal.,2008]extendsSimRankbyconsideringthelink weightsandsupportingsimilarity

evidences.Itthenutilizestheproposed metrictoselectre-writecandidatestoimprovethe

click-throughratesonads.[RiezlerandLiu,2010]usesStatistical Machine Translation

(SMT) methodsthat mapqueryre-writingintoatranslationproblem.[Heetal.,2016]

employsaLongShortTerm Memory(LSTM)[Gersetal.,1999]networktoachievefully

generativequeryre-writing.Itdemonstratesthatdeepneuralnetwork modelsoutperform

traditionalstatistical machinetranslationapproaches,thusprovingtheirfeasibilityforthe

queryreformulationtask.

3.3 Model

Inthissection,wereviewthedetailsofourproposedrelatedsearchqueryrecommendation

framework,asdepictedinFig.3.2.

3.3.1 Relevant Words Generator

Asidentifiedbyotherworks[RiezlerandLiu,2010;Liuetal.,2018d],amajorissuelimiting

queryunderstandingistheproblemofincompletecontext,alsoknownastheLexicalChase

problem[RiezlerandLiu,2010]. Forsearchqueries,thisproblemiscommonlycaused

by missingkeywords,orunknown Named-Entities. Forexample,inthequery“xs max
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Figure3.2: Ourproposedtwo-stagegenerativeframework.Forsimplicity,onlyonedecoding
stepisshown.

price”,theuserisreferringto“AppleiPhone”. However,whenbuildingagenerativesearch

recommendation model,iftheword“xs”isnotintheoutputvocabularyandwedonot

explicitlyspecifythat“xs”isrelatedto“AppleiPhone”,the model willthengenerate

solelyfrom“maxprice”, whichoftenresultsinpoorperformance. Toprovidea more

refinedcontext, wedesignanovel Relevant Words Generator(RWG)toinferadditional

keywordsgivenaquery.It maintainsalargeoutputvocabularytolearna morecomplete,

context-dependentwordco-occurrencepattern. Thisalleviatesthepredictiondifficultyof

thesecondstageSeq2Seq model,allowingittocarrya muchsmalleroutputvocabulary,

whichinturnimprovesperformanceandtrainingefficiency.

Formally,wedefinetheproblemofrelevantwordsgenerationasgivenaninputquery

Q ofnwords, Q = {wQ
1,wQ2,...,wQn},andalargevocabularyofVRWG words. Welearn

a modelθRWG to maximizetheprobabilityofarelevantwordssetRQ oftwords,RQ =

{wR
1,wR2,...wRt}. Thisobjectiveconsolidatesinto

θRWG =argmaxθ

t

i=1

P(wi|Q;θ), (3.1)

foreverywi∈RQ. NotethatRQ couldcontainwordsfromQ.

Weemploya Bi-directional Gated Recurrent Unit(GRU)[Chung etal.,2014]asa

contextencoder.ForaqueryQ,wefirstembedeachofitswords,thenfeedtheembedding

vectorsintotheBi-GRUonebyoneinforwardandreversedirections. Theoutputhidden

statesfrombothdirectionsareconcatenatedtogethertoformthecontextvectorofQ. Next,

wefeedthisvectorthroughafully-connected[Rosenblatt,1961]+Softmaxlayertoproject

intoaVRWG-dimensionalspace.

ForinputqueryQ,wetrainthe modeltomaximizetheprobabilityofinRQ inasingle
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iteration,byminimizingtheBinaryCross-Entropybetweentheoutputdistributionandthe

binarytargetdistribution. Duringinference,wetakethetop-kpredictedwordsasrelevant

wordsforthenextstage,wherekisahyper-parameter.

3.3.2 Dual-VocabSeq2Seq

Formally,wedefinetheproblemofcontext-awarequerygenerationasgivenaninputse-

quenceI= {wI
1,wI2,...wIn},eitherasearchqueryoradocumenttitle,andgivenasetof

relevantwordsRI={wR
1,wR2,...wRt},our modelθSeq2Seq predictsanoutputsearchquery

O ={wO
1,wO2,...wOh}inaword-by-wordfashion,by maximizingthefollowingconditional

probabilitydistribution:

argmaxθ

h

i=1

P(wO
i|wO

i−1,wOi−2,...wO1,Q,RQ;θ). (3.2)

Theonlydifferencebetween(3.2)andthetraditionalSeq2Seqlearningobjective[Sutskever

etal.,2014]istheincorporationofRQ.

SimilartotheRWG,ourSeq2Seq modelalsoadoptsaBi-GRUencoderfortheinput

sequenceI. WedenotetheoutputcontextvectorfromtheencoderasCI,withadimension

ofn×2d,wheredisthehiddensizeoftheBi-GRU.Inthedecoder,whenpredictingtheith

outputwordwo
i,wecombinefeaturesfromthreesources:1)theencodercontextvectorCI,

2)theembeddingvectorewo
i 1

ofthepreviouslydecodedword,and3)therelevantwords

setRQ.

SinceRQ hasbeengeneratedfroma muchlargervocabularyinthe RWG model,it

likelycontainswordsthatareout-of-vocabulary(OOV)fortheSeq2Seq model. Therefore,

wecannotdefineafixed-sizefully-connected+Softmaxprojectionoutputlayer.Instead,

weneedanarchitecturethatoutputsaprobabilitydistributionovervocabulariesofvarying

sizesandcontents. Conveniently,theattention mechanism[Bahdanauetal.,2014;Luong

etal.,2015; Vaswanietal.,2017]achievesthis. Ageneralizedversionoftheattention

mechanismcanbewrittenas

ci = σ(f(hDec
i ·CT

I )), (3.3)

hC
i =

n

j=1

sj
iC

j
I, (3.4)

hDec
i = g(hC

i,hDec
i ), (3.5)

wherehDec
i denotesthecurrenthiddenstateofthedecoder. σdenotesaSoftmaxlayer.

“·”represents matrix multiplication. ciisa1xndimensionalvectorofattentionscores

whichcapturestheimportanceofeachwordintheinputsequencefortheithoutputword.

Furthermore,jin(3.4)indexesthejthelementinciandthejthrowofCI. Andfand

garecustomizedoperations.Ingeneral,theattention mechanismfirstcomputesattention
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scoresoverCIandusethemtocalculateaweightedsumofCI,i.e.aweightedcontexthC
i

whichisthencombinedwiththeprevioushiddenstate.

cialreadyresemblesaprobabilitydistributionoverthewordsinI,becauseitsvaluesare

between0and1. TheCopyNet[Guetal.,2016]takesadvantageofthisbytreatingeach

attentionscoreasaprobabilityofcopyingoverthecorrespondingword. Weproposethatthe

CopyNetalreadyprovidesallthenecessaryconstructforhandlingadynamicvocabulary.

Infact,itisaspecialcasewherealltherelevantwordsinsidethedynamicvocabularyare

fromtheinputsequence. Afterexperimentingwithseveralnetworkarchitectures,wefind

thatsimplyconcatenatingtherelevantwordsaftertheinputsequenceandthenutilizing

thecopy mechanismonthisnewsequenceachievesthebestperformance. Therefore,this

concatenatednewsequenceconstitutesthedynamicvocabulary.Fortheeaseofreference,

were-nameourcopy mechanismthe relevantwordsselector(RWS). Differentfromthe

originalCopyNet[Guetal.,2016],weadoptavariantofthe Multi-HeadAttentionproposed

by[Vaswanietal.,2017]toformulateanovel Multi-HeadattentionalRWS module. We

discussitsdetailsinthefollowingsubsection.

Thebackboneofourdecoderisauni-directionalGRU,whichisinitializedwiththelast

hiddenstateoftheencoder. Asingledecodingstepinvolvesthefollowingoperations,

hGRU
i = GRU([ewo

i 1
;hC

i−1]), (3.6)

hC
i,PDV

i = RWS(hGRU
i ), (3.7)

PSV
i =σf(Maxm([ewo

i 1
;hC

i;hGRU
i ])), (3.8)

where[]representstheconcatenationofvectors. PDV
i denotestheprobabilitydistribution

overthedynamicvocabularyandPSV
i istheprobabilitydistributionoverthestaticvocabu-

lary.ewo
i 1

andhC
i−1arethepreviouswordembeddingandweightedcontextvectors.Maxm

standsfora Maxpoolinglayerwithawindowofm.σfisthestandardfully-connected+

Softmaxprojectionsetup. WeuseaspecialStart-of-Sequencetokenasthefirstinputword

tothedecoderandinitializehC
0 toallzeros.

Inadecodingstep,theGRUlearnsfrom[ewo
i 1

;hC
i−1]. TheoutputoftheGRUpropa-

gatesthroughtheRWSmodule,duringwhichtheprobabilitydistributionoverthedynamic

vocabularywillbegenerated. Next,we makealargeconcatenatedvector[ewo
i 1

;hC
i;hDec

i ]

from3vectors,namely,theinputwordembedding,theattention-weightedcontextvector

andtheoutputoftheGRU.Toreducethemodelsizeandpreventoverfitting,wedown-size

thisvectorthrougha Max-poolinglayer.Finally,inastandardfully-connected+softmax

projectionsetup,wegettheprobabilitydistributionoverthestaticvocabulary.

Animportantdecisionforthemodeliswhichvocabularytoselectforoutput. Afterthe

executionof(3.6)and(3.7),weperformthefollowingoperationalongside(3.8),

pcDV
i =sigf([hC

i;hGRU
i ]), (3.9)
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wheresigfisafully-connectedlayerfollowedbyaSigmoidactivation. Theoutputisa

scalarprobabilityvalueforchoosingthenextoutputwordfromthedynamicvocabulary.

WetrainontheCopyNetobjectivefunctions,wherethelossfromRWScorrespondstothe

copyloss,whilethelossfromwordpredictiononthestaticvocabularycorrespondstothe

generativeloss. Weomitdetailsontheseobjectivesandreferinterestedreadersto[Guet

al.,2016].

Multi-Head Attentional RWS

Thecomputationalworkloadoftheattentionmechanismincreasesasmorewordsareadded

totheinput.Specifically,the matrix multiplicationsin (3.3)and(3.4)becomeslowand

memory-hungry.Therefore,weadoptthe Multi-HeadAttentionfrom[Vaswanietal.,2017].

Itaddressesthisissuebyfirstdividingeachinputvectorintohheads. Then,itexecutes

hhead-to-headattentionsinparallel,whereeach matrix multiplicationisperformedona

dimensionthatishtimessmaller. The Multi-Headsetupsignificantlyspeedsupattention

computationwithnoperformancedegradation[Vaswanietal.,2017].

Figure3.3: Anillustrationofthe Multi-HeadAttentionalRelevant WordsSelector(RWS)
modulewith4heads.

SinceourdecoderalreadyincludesastrongGRUlearner,wefurthersimplifythe Multi-

Head Attentiontoconstructa Multi-Head Attentional RWS module,asillustratedby

Fig.3.3. Insteadofthreeinputs[Vaswanietal.,2017],our moduletakesinhDec
i and

CI. WealsoremovethelastFeedforwardlayeraftertheconcatenationofheads. From

repeatedexperiments,wefoundthatour moduleachievessimilarperformancecompared
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totheoriginal Multi-HeadAttention. Togenerateaprobabilitydistributionoverthedy-

namicvocabulary,wecomputeaweightedsumofthepre-Softmaxattentionheadsthrough

afully-connectedlayer,followedbyaSoftmaxprojection.

3.4 Deriving Datafrom Click Graphs

Wenowintroducehowtoautomaticallyretrievetrainingdatafromaclickgraphforboth

stagesofourframework. Givenanundirected,bipartiteclickgraphGconsistingofquery

verticesVQ,documenttitleverticesVD,andweightededgesE,wheretheweightofanedge

e(q,d)representshow manyclicksofdocumentdareattributedtoqueryq,wedefinethe

K-hopsiblingqueriessetSK ⊂VQ asasetofqueryverticessuchthat

1.SK containsatleasttwouniquequeries;

2. ThereexistsashortestpathonGbetweenanytwoqueriesinSK.

3. The maximumnumberoftitleverticesinVD passedthroughbyanyshortestpathin

SK isK.

Additionally,wedefinethesetofdocumenttitlespassedthroughbyqueriesinSK as

D(SK). Withthissetup,twoqueriesinSK arelikelytobesemanticallyrelated,wherethe

valueofK determinesthedegreeofrelatedness.Fig.3.4isanexampleoftwosemantically

relatedqueries. Aswecanobserve,withK =1,thesiblingqueriesare morelikelytobe

semanticallyidentical. WhenK increases, wediscoveradditionalrelatedqueries. After

determininganappropriatevalueforK throughstatisticalanalysis,wediscoveralltheSK

clusterswithinG. Toreducenoiseandcomputationalcost,welimitthenumberofout-

goingedgesbykeepingonlythetop-pweightededgesinGforeachqueryvertex,wherea

weightisthenumberoftimesthatclickoccurs. Wealsoconstrainthateachquerycanonly

appearinoneclustertoavoidconflictsduringdatageneration.Ifaqueryappearsin more

thanonesiblingset,were-assignittothesetwheretheweightoftheconnectingedgeis

thehighestandpruneitsotherout-goingedges.

Next,weseparatelyretrievetrainingdataforbothstagesofourframework:

Relevant Words Discovery. ForeveryqueryQ inasiblingsetSK, wedefineits

correspondingrelevantwordssetRQ asthekeywordsfromallqueriesinSK. Therefore,we

haveasingletargetRQ forallqueriesinSK.

Target QuerySelection. Toconstrainthetrainingdatasize,foreverysiblingsetSK,

weselectaqueryfromitastherepresentativeoftheset,whichwillbethetargetqueryto

generateforallotherqueriesinSK,andsimilarly,foralldocumenttitlesinD(SK)aswell.

Wealsoconstrainthateachuniquedocumenttitlecanhaveonlyonecorrespondingtarget

querybyrandomlypruningrepeatedentries.

TherepresentativequeryforasiblingsetSK isselectbasedonthefollowingcriteria:
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Figure3.4: Anexampleshowingtwosiblingqueriesdiscoveredwith(a)onedocumenthop
and(b)twodocumenthops,ashighlightedinred.

•Thecumulativeweightofoutgoingedgesofaqueryisastrongindicatorforitspop-

ularity,generalizabilityandcorrectness. Wecomputethesumofweightsofoutgoing

edgesforeveryqueryinSK andnormalizetheresultsbetween0and1. Wedenote

thisscorecclick.

•Thenumberofwordsinaqueryusuallyreflectsitsspecificity. Wewanttoconstrain

thecomplexityoftargetqueries. Therefore,wenormalizethenumberofwordsfor

everyqueryinSK between0and1,andrecordascoreclenas1minusitsnormalized

length.

•The percentageofoverlappingkeywordsbetweenkeywordsinaqueryinSK and

keywordsindocumenttitlesfromD(SK)isastrongindicatorofrelatedness.Similarly,

wenormalizethis measureforeveryqueryamongSK between0and1,denotedby

coverlap.

Wecomputeafinalscoreforeachquery q∈SK bytakingaweightedsumofallfeatures

scores,namely,

cfinal(q)=αcclick(q)+βclen(q)+γcoverlap(q), (3.10)

wheretheweightsarehyper-parametersandthequerywiththehighestscoreisselectedas

therepresentative.

3.5 Experimentation

Wepresentthedetailedexperimentalprocedures 2andresultshere. Table.3.5recordsthe

resultsforquery-to-querygenerationwhileTable.3.6showcasestheresultsfordocument

2Codeisavailableat: https://github.com/xuefei1/RWG_DV-Seq2Seq
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Table3.1:Statisticalinformationondatasetsgeneratedfromourclickgraph.

RWG Query-to-Query Title-to-Query
Train Dev Test Train Dev Test Train Dev Test

Size 894K 99K 99K 894K 99K 99K 530K 88K 88K
Avg#ofwordsininputs 5.08 5.04 5.05 5.08 5.04 5.05 11.40 11.37 11.34
Avg#ofwordsinoutputs 9.29 10.03 10.04 4.21 4.20 4.19 4.27 4.21 4.20
Avg#ofoverlappingwords 2.19 2.17 2.18 1.98 1.99 1.98 2.42 2.46 2.45
Inputvocabulary 209K 62K 62K 209K 62K 62K 210K 74K 74K
Outputvocabulary 177K 84K 83K 143K 51K 51K 143K 51K 51K

title-to-querygeneration.

3.5.1 Dataset&Pre-processing

Wecollect8daysofanonymousclicklogsrecordedintheTencentQQmobilebrowser,which

spansNovemberandDecember,2018.Itcontainsover800millionquerytodocument-title

entriesinChinese. Wefirstexecutethefollowingsequentialpre-processingsteps:

1. WeremovevulgarentriesusingatooldevelopedbyTencent.

2. WeremoveentriesthatdonotcontainanyChinesewordsineitherthequeryorthe

title.

3. Weremoveentriesthatcontainmorethan25wordsineitherthequeryorthedocu-

menttitle.

4.Toreducenoisesgeneratedbymisclicks,weremoveentriesthatappearslessthan2

times.

About6.5millionentriesremainaftertheabovesteps. Next,webuildaclickgraphand

applythedataretrievalstepsinSec.3.4.

ToselectthemostappropriateKandpvalues,i.e.,thenumberofdocumenthopsand

top-pqueryout-goingedges,whenbuildingthesiblingsetsSK,wefirstanalyzetheedge

propertiesoftheclickgraph. Fig.3.5showcasetwoinsightfuldistributions,(a)reports

thepercentageofquerieswiththecorrespondingnumberofuniqueout-goingedges. We

concludethatmostqueries(82.84%)onlyhasasinglecorrespondingdocument.However,

asizableportion(11.71%)ofqueriesclicktwodistinctdocuments.Second,inthecaseof

morethanoneuniqueout-goingedges,weinvestigatethedifferencesamongtheirweights,

i.e.thenumberoftimesthatclickoccurred.(b)suggeststhatonaverage,thesecond-

largestweights(rank2)are0.76timesthelargestweights(rank1),whichmeansthatthese

edgesarelikelyleadingtoanotherhighlyrelevantdocument. Combiningthesestatistics,

weselectK=2andp=2.Forsimplicity,wedefinekeywordsasanyverbornounthatare

notstop-words.
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Figure3.5:Percentagedistributionofuniqueout-goingedgesfromqueries(a)andaverage
ratioofsecondaryedgeweightsvs.thehighestweights(b)intheclickgraph.

Forweightsα,β,γin(3.10),theirpurposeistobalancethethreescoresandpreventany

oneofthemfromdominatingtheresults.Therefore,wemanuallysampled1000siblingsets

andexaminedtherepresentatives.Aftertryingseveralcombinations,wefoundthatasetup

ofα=0.4,β=0.3,γ=0.3wellbalancesallthreescores. Wethengeneratedataforrelevant

wordsdiscovery,query-to-querygenerationandtitle-to-querygeneration.Table.3.1reports

statisticalinformationonthethreegenerateddatasets. Table.3.2showcasesexamplesof

trainingdata. Observethatalltheretrievedwordsandqueriesarecloselyrelatedtothe

input.

3.5.2 GeneralExperimentalSetup

Weimplementourtwo-stageframeworkusingPyTorch0.4[Paszkeetal.,2017]. Weinitialize

allwordembeddinglayerswiththepre-trained,200dTencentAILabChineseembedding

[Songetal.,2018b]andalloweachlayertobefurtherfine-tuned. Weselecttop-X most

frequentwordsinthetrainingoutputwhenbuildingalimitedstaticvocabularyofsizeX

andreplaceallout-of-vocabularywordswithOOVtokens.

WetrainallmodelsusingtheAdamoptimizer[KingmaandBa,2014]withaninitial

learn-rateof0.01andapplyasimplelearn-ratedecaystrategy:Ifthetrain/devlossof

oneepochishigherthanthepreviousepoch,decaythelearnrateby0.9,lower-bounded

byaminimumlearn-rateof1e−4.Forgenerativemodels,wechoosetheBLEU-4score

asthemetricforselectingthebesthyper-parametersandterminatetrainingifthedevset

performancedoesnotimprovefor5consecutiveepochs.Forallmodels,wedecodeusing

beam-searchwithabeam-widthof2duringparameter-tuningandabeam-widthof4during
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testing.

3.5.3 TrainingandEvaluatingthe RWG Model

WetraintheRWGmodelfirstbyminimizingtheBinaryCross-Entropyloss.Theinputand

outputwordembeddingdimensionsaresetto209Kand177K,asindicatedinTable.3.1.

Weemploytop-100recallrate,i.e.thepercentageoftruthrelevantwordsthatappearinthe

top-100predictions,asthemetricforselectingthebesthyper-parameters. Wefoundthata

hiddensizeof512fortheBi-GRUworksbestonthedevset. TheRWGmodelconvergesin

35epochs,withabatchsizeof256onanNvidiaGTX-1070GPU.Eachepochtakesabout

30 minutes. Wereporttheaveragetop-|T|,top-2|T|,top-50,top-100andtop-500recall

ratesonthetestsetinTable.3.3,where|T|isthenumberoftruthrelevantwordsforan

inputquery.

ConsiderthefactfromTable.3.1thattheaveragenumberofrelevantwordsperinput

queryisaround10,webelieve20isanappropriatechoiceforthetop-kwordstoappend

aftertheinput.

Table.3.4providesadditionalinsightsontheeffectivenessoftheRWG model. Observe

thatforthetrainingdataofthequerytoquerygenerativetask,only43.85%of Out-Of-

Vocabularywords,i.e.wordsthatarenotinthestaticvocabulary,appearintheinputquery,

whichsuggeststhatevenifaCopyNet modellearnstocopyallOOV wordsintheinput,

there wouldstillbe morethan60%ofunknownOOV words, which wouldsignificantly

hindertheoverallperformance. Comparatively,withtheRWG model morethan80%of

OOV wordsarecovered. Asaresult,thesecondstage model wouldsimplyhave more

materialstolearnfrom.

3.5.4 Trainingthe DV-Seq2Seq Model

Wetraintwo DV-Seq2Seq modelsforquery-to-queryandtitle-to-querygenerationtasks.

WeusethesameRWG modeltogeneratethetop-20relevantwords. Wefoundthatan

encoderGRUhiddensizeof256workswellonbothtasks.Forregularization,weutilizea

Dropout[Srivastavaetal.,2014]probabilityof0.1inthedecoder.

Wetesttwomodelvariants,onewithastaticvocabularysizeof20Kandanotherwitha

staticvocabularysizeof40K.Onthequery-to-querygenerationtask,our modelsconverge

inabout60epochs,and10moreepochsareneededtoonthedocument-title-to-querytask.

RWG+DV-Seq2Seq-20K modelvariantsaretrainedwithabatchsizeof64onanNvidia

GTX-1070 GPU, whereeachepochtakesabout90 minutes, whilethe40Kvariantsare

trainedwithabatchsizeof32andeachepochcosts120 minutes.

3.5.5 Baseline Models

Wecompareourgenerativeframeworkagainstthefollowingbaseline models. Wefoundan

encoderhiddensizeof256forallbaseline modelsalsoresultsinthebestperformanceon
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thedevset,withoutrunningintomemoryproblems. WealsoutilizeaDropoutprobability

of0.1inthedecoderofallbaseline models.

Seq2Seq-X:Seq2Seqistheoriginalsequence-to-sequencegenerativemodel[Sutskever

etal.,2014]. WeimplementthisbaselinewithaBi-GRUencoderandaUni-GRUdecoder.

X denotestheoutputvocabularysize. Weexperimentwithseveralsizestotestitseffect

ontheperformance. WhenX =full,weusethecompleteoutputvocabulary.

Seq2Seq-Attn-full: WeaugmenttheSeq2Seqmodelwiththegeneralattentionmech-

anismfrom[Luongetal.,2015]. Wedonotvarythevocabularysizeforthisbaselinebecause

theattention mechanismdoesnotoperateontheoutputvocabulary. Therefore,weexpect

theresultsofvaryingoutputvocabularysizestobesimilartoSeq2Seq.

CopyNet-X: Weadoptthe CopyNetimplementationfrom[Zhouetal.,2017]. We

cannotincludeafullvariantherebecausethecopy mechanismisonlyusefulwherethere

areOOVwordsinthetargetquery.

3.5.6 Evaluation Metrics

Wereportandcompareperformanceonthefollowing metrics:

BLEU-1,2,3,4: BLEU-n[Papinenietal.,2002]isa widelyadopted word-overlap

metricforevaluatinggenerative models. nmeansthatvariantconsidersat most n-gram

overlaps. Wereportedthe macro-averagedBLEU-1,2,3,4scoresonthetestset. Higher

BLEU-nscoresindicate moreoverlappingwordsbetweenthegeneratedoutputandtruth.

ROUGE-1,2,L: ROUGE-n[Lin,2004]isanotherpopular word-overlap metric. We

reportthe macro-averageduni-gram,bi-gram,andthelongestcommonsub-sequence(L)

variantsofROUGE.SimilartoBLEU,higherscoresindicatebetterperformance.

Exact Match(EM): Wearealsointerestedintheaverageratioofgeneratedqueries

thatexactly matchthetruthqueries.

% OOV:ThegenerationofOOV tokenssignificantlylimitsthereal-worldapplicability

ofagenerative model,sinceitusuallyrenderstheentireoutputuseless. Weexaminethe

percentageofOOV amongallthegeneratedwords.Smaller%OOVindicatelessOOV are

generated,butnotnecessarily,betterperformance.

3.6 Evaluation

3.6.1 Performanceanalysis

Webeginbyanalyzingtheeffectofoutputvocabularysizes.FromTables.3.5and3.6,we

noticethatlimitingtheoutputvocabularysizeoftenimprovestheperformance.Thismakes

sensebecauseitalleviatesthepredictiondifficultyoftheprojectionlayer. However,when

thevocabularysizeistoosmall,i.e.20K,theBLEU,ROUGE,andEMscoresdecrease.

Thisislikelycausedbyalargenumberofgenerated OOV tokens,asindicatedbythe

increasein %OOV.Therefore,itisbeneficialtotryseveraloutputvocabularysizeswhen

32



traininggenerative models,tofindthebalancingpointbetweenthebestperformanceand

theleastnumberofOOV tokens.

Onbothtasks,ourbest modelvariantwitha40Kstaticvocabularyoutperformsall

baselinemodelsonallmetricsexcluding%OOV.Thisprovestheeffectivenessofemploying

twovocabularies,i.e.astaticoutputvocabularywithafully-connected+Softmaxprojec-

tionlayerandacontext-awaredynamicvocabularywithanattention+copy mechanism,

inagenerativeSeq2Seq model. Adual-vocabularysetupalsoresultsinconsiderablyless

OOV tokensintheoutput,comparedtoastandardSeq2SeqmodeloraCopyNetwiththe

samesizedstaticvocabulary.

Additionally,ourapproachachievesbetterperformanceonthetitle-to-querygeneration

task,evenifthefirststageRWGmodelistrainedonquery/relevantwordsdata. Thissug-

geststhattheRWGmodelisabletolearnuseful,generalizable,contextwordco-occurrence

patterns,andnotjustoverfittingtotheinput.

Asforthetime-complexity,ourtwo-stageframeworkis moreefficienttotrainanduse,

becausetheRWGdoesnothavesequentialdecodingstepsandtheDV-Seq2Seqhasasmaller

outputvocabulary. Eachstagecanbetrainedonaconsumer-grade GPUlikethe GTX-

1070with8GBofVRAM.Duringdecoding,ourframeworkonlyneedstoprojecttoalarge

vocabularyonceintheRWG,whereasend-to-endbaselineswithlargeroutputvocabularies,

suchastheSeq2Seq-full,Seq2Seq-Attn-fullneedtoperformthistime-consumingoperation

ineverystep. Evenona GPUwithtwicethe VRAM,likethe NvidiaTesla-P100,these

baselinescanonlytrainwitha maximumbatchsizeof16.

Furthermore,ourproposedframeworkoffersbetterinterpretability,becauserelevant

wordsgeneratedbytheRWGaredirectlyappendedtotheinputsforthenextstage,hence,

theyarefullyvisibletotheend-usersandbecustomizedtosuitavarietyofapplications.

3.6.2 CaseStudy

Weconductasimplecasestudyonthequery-to-querygenerationtask. In Table.3.7,

wecomparetheoutputsfromtwostrongcompetitors,i.e. CopyNet-40KandRWG+DV-

Seq2Seq-40K.

ConsiderthefirsttwocasesinTable.3.7. Our modelgeneratedhigherqualityqueries

comparedwithCopyNet-40K. Webelievethisisattributedtotherelevantwordsprovided

bythe RWG model,becauseoutput wordssuchasApple,orKirin 970(another CPU

model) arenotfromtheoriginalinputquery.Evenifthetargetquerydoesnotincludeany

additionalwords,suchascase3,ourmodelstilloutperformsthecompetitor. Wespeculate

thattheadditionalrelevantwordsalsohelpedtobetterdefinetheoverallcontext.Inother

words,thedecoderinourmodelhasaccesstomoreconceptually-relatedcluesthroughthe

attention mechanism,therefore,itsoutputsare much morepredictable.
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Table3.3:ToprecallratesoftheRWGmodelonthetestset.

Top-|T| Top-2|T| Top-50 Top-100 Top-500

0.6522 0.7704 0.7967 0.8555 0.9207

Table3.4:PercentageofOOVwordsinoutputthatappearsineithertheinputqueryor
inputquery+top-20RWGresults,withanoutputvocabularysizeof20K.

QuerytoQuery TitletoQuery
Train Dev Test Train Dev Test

Inputwordsonly 43.85 44.14 43.98 53.75 54.42 54.09
Input+top-20 81.19 56.47 56.43 59.70 58.74 58.86
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Chapter4

Matching Queriesto Concepts

4.1 Introduction

4.1.1 Knowledge Conceptualization

Inthischapter, weproposea matching-basedapproachtodiscoverallrelatedhigh-level

conceptsforasearchquery. Theformaldefinitionforconceptsisfirstintroducedin[Liuet

al.,2019b]. Tobetterfitthecontextof matching,wesummarizeandrephrasetheformal

definitionhereasfollows:

•Aconceptisashorttextlabelwhichcouldbeakeyword,ashortphraseorashort

sentence.

•Aconceptassociatesoneor moretextentitiesundertheisArelation.

•Aqueryoradocumentcouldbetaggedwith multiple matchingconcepts.

•Conceptsareextractedfromnewsdocumentsandsearchquerieswithacombination

ofbootstrapping,heuristic,aswellassupervisedlearningmethods[Liuetal.,2019b].

Theconceptsetconsideredinthischaptercontains159,148uniqueconcepts.

•Aconceptiscomprehensiveenoughsuchthatitcoversmanymatchingtextentities. A

conceptisalsospecificenoughsothatitonlycoversentitiesofthesameisArelation.

Forexample,searchqueriescontainingspecificbandsoffuel-efficientSUVsfallsnatu-

rallyundertheconceptoffuel-efficientSUVs,andsearchquerieslike“ResidentEvilfilm

2018” matchwellwiththeconceptofzombie moviesortheconceptofpopular moviesin

2018. Conversely,topicwordssuchas“movies”,“SUVs”or“entertainment”arenotuse-

fulconceptsundertheabovedefinition. Becauseoftheirbroadness,theycovera massive

amountofentitiesandlosetheabilitytoembodyusefulknowledge. Ultimately,thegoal

behindconceptualizationistocreateatractableabstractionfortheentitiesintheopen-

domain. Undersuchanabstraction,theproblemofsearchqueryunderstandingtranslates

tofindingallthematchingconcepts,i.e.atextmatchingproblem. Down-streamtaskslike
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recommendingrelatedqueriesarealsosignificantlysimplifiedbythisabstraction. Givenan

inputquery,wewouldselectotherqueriesfromits matchedconceptsforrecommendation.

One mightarguethatthereare manyexistingapproachestotheproblemofknowledge

abstraction,suchastopicmodelling,keyword/key-phraseextraction,andstructuredKnowl-

edge Graphs[Aueretal.,2007]. Next,wecompareconceptualizationtotheseapproaches

todemonstratewhyitisthe moresuitable methodforenhancingqueryunderstanding.

Conceptualizationvs. Topic modelling: Aswementionedbefore,onemajordraw-

backoftopicsistheirbroadness. Topicslike“entertainment”,“sports”,or“games”could

potentiallycover millionsofarticlesorqueries,whichdonotprovidesufficientresolutions

forthedown-streamtasks. Takequeryrecommendationasanexample;auserbrowsingfor

sportscarsmaynotbeinterestedineconomycars,eventhoughbothconceptsfallunderthe

topicofcars. Anotherwaytorelateconceptualizationtotopic modellingisthatconcepts

couldbevisualizedas morerefinedtopics. However,asthenumberoftopicsincreases,

manytopic modellingtechniques[Blei etal.,2003]failduetothecurseofdimensionality.

Conceptualizationvs. Keyword/key-phraseextraction: Whilewordsinacon-

ceptarelikelytobekeywordsinthe matchingdocumentorquery,theinverseisusually

nottrue. Alongdocumentmaycontainmanykeywordsorkey-phrases,butnotallofthem

wouldappearina matchingconceptorevenberelatedtotheconcept. Forexample,an

articleundertheconceptof“hotzombiemovies”maycontainrelevantkeywordslike“film”

or“horror”,butthere mayalsobeunrelatedkeywordslike“directors”or“box-office”.

Readersofthisarticleare morelikelytobeinterestedinthezombie moviesversusthedi-

rectors.Ifweemploykeyword/key-phraseextractioninsteadofconcepts,thedown-stream

tasks wouldneedtofurtherprunetheirrelevantkeywords, whichcouldhurttheoverall

performance.

Conceptualizationvs. Knowledge Graphs:StructuredknowledgegraphslikeDB-

Pedia[Aueretal.,2007]indeedprovideacleanerand moreaccurateknowledgerepresen-

tation. However,thiscomesatthecostof moretimeandresourcespendonknowledge

cleaningandgraphconstruction. Additionally,mostknowledgegraphsarelimitedinwhich

theyonlycaptureconcretefactsandrelationsfromwell-structured Wikipediasites.Incon-

trast,thewebiscontinuouslyevolvingatarapidpace,whereapopularsearchquerytoday

maybeforgottenentirelyinthenextmonth. Knowledgegraphsareexcellentatpresenting

cleanentitiesunderformalizedrelations,butnotatadaptingtoconstantchangesinuser

interests. Forexample,ifanewdance movesuddenlygoesviral,conceptualizationwould

enableustocreateaconceptforitandimmediatelycovermatchingqueriesandarticles. We

couldalsodiscoverconnectionsbetweenitandotherentitiesbyanalyzingconceptsunder

thesamearticleorquery.Incomparison,aknowledgegraphwouldfirstneedtocreateanew

entity. Then,forthisnewentitytobeusefulfordown-streamtasks,theknowledgegraph

mustworkoutitsrelationstootherentities,whichcouldbeextremelytime-consuming.
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4.1.2 The Query-Concept MatchingProblem

Althoughknowledgeconceptualizationsimplifiessearchqueryunderstandingintoatext

matchingproblem,itisstillunrealistictodirectly matcheveryinputagainstall159,148

concepts. Therefore, we mustadoptacoarse-to-fineapproach where wefirstshortlista

muchsmallersetofcandidatesbasedontheinputquery,then,the matching modeldeter-

minestherelatednessbetweentheinputandeachcandidateconcept. However,indoingso,

weintroduceanotherpotentialperformancebottleneck.Iftheschemeisunabletoselect

the mostrelatedconcepts,itwouldcrippletheperformanceoftheentiresystem. Utilizing

pre-trainedwordembeddings,conventionalshortlistingschemespre-computeavectorrep-

resentationforeachcandidateandrelyonfastsimilaritysearches[Johnsonetal.,2017]to

retrievethepotentialcandidatesforaninput. Wearguethatpre-trained,general-purpose

wordembeddingsarenotthe mostsuitablerepresentationsforconcepts. Becausethese

embeddingsaretrainedonalargecorpusof Wikipediaornewsdata,theyonlycapturethe

mostgeneraldegreeofrelatednessamongwords. Additionally, wordembeddingsdonot

incorporatethecontextofthesurroundingwordsorthesequence,whichresultsininaccu-

raterepresentations.Forinstance,intheconcept“hotzombie movies”,itisclearthatthe

word“zombie”and“movie”shouldcontribute moretotheconceptrepresentation. With

pre-trainedwordembeddings,wecouldnotachievesuchcontext-dependenttermweighting.

Toimprovetheshortlistingstage, Were-adopttheRelevant WordsGenerator(RWG)

modelfromChapter.3. Givenaninputquery,weretrievethetop-krelevantconceptwords

andselectconceptswiththe mostword-overlaps.Intuitively,theRWG modelfunctionsas

anadaptationlayerontopofpre-trainedwordembeddings,andithasthreeadvantages

comparedtotheconventionalscheme. First,theRWG modellearnsaprojectionbetween

queriesandconcept words, whichachievesapreliminaryformofqueryunderstanding.

Second,theoutputspaceofRWGis muchsmallercomparedtothepre-trainedwordem-

beddingsbecauseweonlyneedtoprojectoverwordsthatappearinconcepts. Asaresult,

trainingisfastandresource-efficient.Third,sincetheRWGmodelexplicitlyoutputskrele-

vantconceptwords,itprovidesbetterinterpretabilitytotheend-users,i.e.end-userscould

understandwhyaconceptischosenasapotentialcandidatebyexaminingthegenerated

relevantwords.

Inthe matchingstage,thegoalistopredicttherelationshipbetweenaqueryanda

conceptaseitherrelatedornotrelated. Weformallydefinerelatednessas,

Definition1 AsearchqueryisrelatedtoaconceptonlyifthereexistsaisArelationship

amongthem.

Forexample,“ToyotaRAV4”is-a“fuel-efficientSUV”. Duetothenumberofcandidate

concepts,itisimpossibleto manually-labelsufficientamountofunbiasedtrainingdata.

Inspiredby[Finnetal.,2017;Nicholetal.,2018],we meta-fine-tuneapre-trainedBERT

modelon4highly-similartasks,namely,query-querymatching,query-titlematching,title-

titlematchingandthematchingbetweenaqueryandarelevantword. UtilizingtheReptile
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algorithm[Nicholetal.,2018],weachievezero-shot,two-wayclassificationontheproblem

ofquery-concept matching.

4.2 Reviewof RelatedLiterature

Our workdrawsinspirationsfromseveraltrendingfields. Inthissection, webeginby

reviewingrelatedliteratureonvectorizedwordrepresentations,whichishighly-relevantto

ourRWG model. Wethensurveyinfluentialworksontext matchingand meta-learning.

4.2.1 Word Representations

RepresentingwordsbyvectorsisaclassicresearchprobleminthefieldofNaturalLanguage

Processing. The mainideaisthatwetraineachwordinalargecorpustohaveavector

representationthatis moresimilartoitssurroundwords. Word2Vec[Mikolovetal.,2013]

isoneofthe mostinfluentialworksonwordembeddinglearning.ItleveragesContinuous

Bag-Of-Words(CBOW)andSkip-Gram(SG) modelsaswellassub/negativesamplingto

learngeneralizablerepresentations. Glove[Penningtonetal.,2014]embeddingsarelearned

bycombiningglobal matrixfactorization methodswithlocalcontextwindows. FastText

[Bojanowskietal.,2017]augmentstheSkip-Gram(SG) modelwithsub-wordinformation

whichresultsinfastertraining. WhiletheTencentAILabembedding[Songetal.,2018b]

focusesonaddingdirectionalinformationaboutneighboringwordstotheSkip-Gram(SG)

model. Otherapproacheslike[Faruquietal.,2014;Kielaetal.,2015;Nguyenetal.,2016;Yu

andDredze,2014]enhancethelearnedembeddingsbyutilizingexternalknowledgeoradding

supervisedobjectives.

Oneissuethatisnotaddressedbythepre-trainedwordembeddingsisthatthesame

word mighthavedifferent meaningsunderadifferentcontext. Tothisend,contextualized

wordembeddingsareproposedwheretherepresentationforawordisinfluencedbyother

wordsinthesequence.[McCann etal.,2017]directlyadoptsanLSTMencoderfroma

sequence-to-sequence modeltrainedonneural machinetranslationasacontextenhancer

forpre-trainedwordembeddings. ELMo[Petersetal.,2018]isanotherpopularapproach

whereaBi-LSTMistrainedaswithalanguage modelobjective,andcontextualizedword

embeddingsarederivedfromitshiddenstates. Bothofthese worksaresimilartothe

ideabehindour RWG model. The maindifferenceisthatour RWG modelisdesigned

forcontextualizedwordgenerationwheretheoutputvocabularyisusually muchsmaller

comparedtothevocabulariesofgeneral-purposewordrepresentations.

4.2.2 Text Matching

Basedontheirinternalstructures,text matching modelscouldbeclassifiedaseither

representation-basedorinteraction-based. Thefocusofarepresentation-based matching

modelistoimprovefeatureextraction.Severallayersofneuralnetworksareconstructed
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ontopofeachinputvectortoextractthe mostsalientinformation,thenanaggregation

moduleoutputthefinalscorebycombiningtheinputrepresentations. TheDeepSemantic

Similarity Model(DSSM)[Huangetal.,2013]constructs5layersoffeedforwardneural

networktoprocesseachinput,thenthecosinesimilaritybetweentheinputrepresentations

isreturnedasthe matchingscore. CDSSM[Shenetal.,2014]replacesthefeedforward

layersof DSSM withconvolutionlayerstoimprovegeneralization. MultiGranCNN[Yin

andScḧutze,2015]enablesthecomparisonof multigranularrepresentations. CNTN[Qiu

andHuang,2015]modelstheinteractionofencodedsentencevectorsthroughanadditional

tensorlayer.LaterresearchworksadoptaSiamese-architecture[Liuetal.,2018b; Mueller

andThyagarajan,2016]forpairwiserepresentationlearning,whereasharedconvolutional

orrecurrentfeatureextractorfurtherimprovesgeneralization.

Incontrast,interaction-based matching modelsfirstestablishthecrossingofinputfea-

tures,whichenableoneinputtoincorporateusefulinformationfromanother. Next,deep

featureextractionlayersareemployedtocapturethemostinsightfulinteractionsandderive

theoutputscore.Inpairwise matchingtasks,interaction-based modelslikeARC-II[Huet

al.,2014], MatchPyramid[Pangetal.,2016],DRMM[Guoetal.,2016]and MIX[Chenet

al.,2018]oftenconstructmatchingmatricesbetweeninputfeatures. Next,severallayersof

convolutionandfeedforwardoperationsareperformedoverthesematricestoselectthemost

salientinteractions. Tothebestofourknowledge,therehasbeennoconcreteconclusion

onthesuperiorityofrepresentation-basedorinteraction-based methods.

Alternatively, Wecouldclassifytext matching modelsbythelengthofthetargeted

inputs. While most modelsaredesignedforthe matchingbetweenshorttextinputs,such

asmatchingqueriestodocumenttitles,thereexistotherfamiliesofmodelsthatfacilitatethe

matchingforshortvs.long,orlongvs.longtextinputs.Forexample,[Zhang etal.,2018]

directly matchessearchqueriestonewsdocuments,and[Liuetal.,2018a]accomplishes

matchingbetweenlongnewsarticleswithGraphConvolutionalNetworks.

Basedonthetypeofoutputs,textmatchingmodelsperformeithersemanticorrelevance

matching, wheresemantic matching modelssuchas DSSM, CDSSM, ARC-IIand MIX

outputascoreindicatingtheoverallsimilaritybetweenapairofinputs.Relevancematching

insteadfocusontherankingofinputs,e.g.rankingdocumentsaccordingtotheirrelevance

toaqueryfor Ad-hocretrieval. DRMM[Guoetal.,2016]isarepresentative modelfor

relevancematching,wherethelocal-interactionsbetweentermsinaqueryandadocument

is mappedtofixed-length matchinghistograms. Next,adeepfeedforwardnetworklearns

thehierarchical matchingpatternsandcomputesarelevancescore. Our meta-fine-tuned

matchingmodelclassifiestherelatednessbetweenaqueryandaconcept,whichisabinary

semantic matchingproblemsincethesimilarityscoreiseither0or1.

General-purposedeeplanguage modelslikeBERT[Devlin etal.,2018],ERNIE[Sun

etal.,2019], GPT-2[Radfordetal.,2019]and XLNet[Yangetal.,2019]attainrevolu-

tionaryprogressonNaturalLanguageUnderstanding. Onseveralbenchmarktasks,their
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performanceexceedshumanintelligence[Devlinetal.,2018]. Thesuccessofthese models

provesthatthepre-trainingofdeepneuralnetworksonlargeopen-domaincorpushelpsthe

extractionofgeneralizablelinguisticknowledge. Therefore,wecouldeffortlesslytransform

apre-traineddeeplanguage modelintoatext matching modelbyfine-tuningonlabelled

matchingdata.

4.2.3 Meta-Learning

Meta-learningstudiestheproblemoflearninghowtolearn[ThrunandPratt,2012;Naikand

Mammone,1992].Earlyworksfocusonthedesignofmeta-trainers,i.e.amodelthatlearns

howtotrainanothermodelsuchthatitperformsbetteronagiventask[Schmidhuber,1992;

Bengioetal.,1992].[Andrychowiczetal.,2016]transfersthisideatodeepneuralnetworks

andproposesanoptimizer-optimizeesetup,whereeachcomponentisoptimizedbygradient-

descent.[Liand Malik,2016]followsaguidedpolicysearchstrategyandautomatically

learnstheoptimizationprocedureforupdatinga model. Meta-learningisalsostudiedasa

promisingsolutiontofew-shotclassificationproblems,whereamodellearnstorecognizenew

classesgivenalimitedamountoftrainingdataforeachclass.[RaviandLarochelle,2016]

proposesanLSTM meta-learnertolearnanoptimizationprocedureforfew-shotimage

classification.[Lietal.,2017]insteaddevelopsanSGD-like meta-learningprocessandalso

experimentonfew-shotregressionandreinforcementlearningproblems. MAML[Finnet

al.,2017]isanotherpopularapproachwhichdoesnotimposeaconstraintonthearchitecture

ofthelearner.Finally,Reptile[Nicholetal.,2018],i.e.theapproachadoptedinthischapter,

simplifiesthelearningprocessof MAMLbyconductingfirst-ordergradientupdatesonthe

meta-learner.

Meta-leaningcouldalsobeachievedwithnon-parametric methods.[Koch etal.,2015]

trainsaSiamesenetworktoclassifywhethertwoimagesarefromthesameclass, which

implicitlyfunctionsasa meta-learner. During meta-testing,thenetworkcomparesthe

new,unseeninputtoeachinputinthe meta-trainingset. Matchingnetworks[Vinyalset

al.,2016]refinesthisideabyimitatingthe meta-testingprocedureduring meta-training,

wherethelearnedembeddingofatestinputiscomparedtoembeddingvectorsofinputs

fromknownclasses,andthe most matchingclassisselectedbythe methodofweighted

k-nearest-neighbors.PrototypicalNetworks[Snelletal.,2017]learnanentirelynewmetric

spaceforcomparingthesimilaritiesbetweeninputs. [Sungetal.,2018]proposesthat

separatingembeddinglearningandrelation matchingfurtherimprovestheperformance.

4.3 Framework

Wefirstformalizethelearningobjectivefortheproblemofsearchqueryunderstanding

underknowledgeconceptualization.SupposethatwearegivenafixedsetCconsistingof

m uniqueconcepts,i.e.C={c1,c2,...cm}.Forasearchqueryqdrawnfromadistribution

p(q),supposethatthereexistsanon-emptysetCq
t ⊂ C, whereeachconceptinCq

t isa
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matchto qaccordingtoDefinition.1. Ourgoalistolearna modelfsuchthat,

argmax
f

ci∈Cq
t

p(ci|q,C;f) =⇒ argmax
f

ci∈Cq
t

logp(ci|q,C;f). (4.1)

ThemainissuewhenlearningfunderEq.4.1isthatthecostoftrainingscaleslinearly

withm,whichiswhyashortlisting mechanismisneededwhenm islarge. Letusdefine

ashortlisting modelg,whichtakesinthequeryqandthecompleteconceptsetC,then

outputsanewsetCq
s⊂C. Mathematically,gsolvesforthefollowingproblem,

min
|Cq

s|
max|Cq

t∩Cq
s|,|Cq

t|≤|Cq
s| |C|, (4.2)

whichstatesthatanusefulgretains more matchingconceptsinCq
s.Inreality,gisoften

createdwithoutanytraining,anditreliesonpre-computedvectorrepresentationsforfast

similaritysearch.Inourcase,themostconventionalwaytosetupgistoutilizepre-trained

wordembeddingsandpre-computethe Mean-of-Word-Embeddings(MoWE)representation

foraconceptc.

Withtheadditionof g,theoriginalobjectivefromEq.4.1becomesmoretractablesince

|Cq
s| |C|,anditisexpressedas,

argmax
f

ci∈Cq
t

logp(ci|q,Cq
s;f). (4.3)

TotransformEq.4.3intoatextmatchingproblem,wedefinetherelatednessbetweena

conceptandaqueryasr.Inourproblemsetting,risabinarylabelofeither0or1. And

theobjectivebecomes,

argmax
f

ci∈Cq
t

logp(rq,ci|q,ci;f). (4.4)

Figure.4.1depictsourtrainingandtestingprocedure. Tobetterlocatecandidatecon-

cepts,welearnaRelevant WordsGenerator modeltoenhancetheshortlistingprocedure.

Sincethereisnolabelleddatafordirectlylearningf,we meta-learnanapproximationto

finthesecondstage.Intheend,ourtwo-stageframeworkisevaluatedontheproblemof

query-concept matching.

4.3.1 Shortlistingby Relevant Words

As we mentionedbefore,a major weaknessofpre-trainedembedding-basedschemesis

thattheglobalcontextisnottakenintoconsideration. Althoughdeepcontextualized

representationssuchas ELMo[Petersetal.,2018]alreadyaddressesthis weakness, we

arguethat mostcontextualizedwordembeddingsaretrainedon Wikipediaornewsdata

anddonotgeneralizewelltothequery-concept matchingproblem. Therefore, welearn

anadditionaladaptation modelontopofpre-trainedwordembeddingstoprovide more

accuraterepresentations.
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Figure4.1: Thetraining(a)andtesting(b)proceduresforourquery-concept matching
framework.

Wefirstextendtheformaldefinitionforaconcept c, wherecisfurtherpartitioned

intoasequenceofwords,i.e.c= {wc
1,wc2,wc3,...}. Similarly,aqueryqisrepresentedby

q={wq
1,wq2,wq3,...}. Next,letVC beavocabularyofalltheuniquewordsthatappearin

concepts. Weobservethatwhenthenumberofuniqueconcepts,m,issufficientlylarge,

m > |VC|. Thisisanintuitiveobservationsinceifm issufficientlylarge, when weadd

anewconcepttoC thereisahighprobabilitythatallofits wordsarealreadyinVC.

Inotherwords,|VC|doesnotincreaselinearlywithm. Therefore,asopposedtodirectly

selectingcandidateconceptsfromC,weapproachfromadifferentperspectiveandsearch

forthe mostrelatedconceptwordsin|VC|. Fortunately,weaddressedasimilarproblem

inSection.3.3.1, wherea Relevant Words Generator(RWG)isintroducedtotacklethe

Lexical Chase problem. Weproposethattoperformshortlistingon|VC|isequivalent

toperformingcontext-completionfortheinputqueryinthedomainofVC. Together,

thesefactors motivateustoapplytheRWG modelhereastheveryfirststepofconcept

shortlisting.

WenowdefinethelearningobjectivefortheRWGmodelinourproblemsetting. Given

aninputqueryqofnwords,i.e. q={wq
1,wq2,...,wqn},and|VC|. Welearnθsuchthatthe

logprobabilitiesofthewordswhicharerelevanttoq,are maximized. Supposethatthe
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setRqcontainsallthetruerelevantwordsofq,wecouldthenlearnθwiththefollowing

objective,

argmax
θ wc∈Rq

logp(wc|q;θ), (4.5)

wherethegeneratedrelevantwordsi.e. wc,arelimitedtoonlywordsthatappearin|VC|.

AsindicatedbyFigure.4.1,the Relevant Words Generatorisconstructedthesame

wayasinSection.3.3.1. WhereaBi-directional GatedRecurrentUnit(GRU)[Chunget

al.,2014]encodesaquery word-by-wordtolearnitscontextrepresentation,from which

afully-connectedprojectionlayerfollowedbyaSoftmaxoperationproducesaprobability

distributionoverallwordsinVC.Inessence,theRWG modellearnsanexplicit mapping

fromquerycontextvectorstoconceptwords,anditisanalogoustothewayhumansthink.

Forexample,whenaknowledgeablepersonhearsthequery“ResidentEvil”,highly-relevant

wordslike“game”,“zombie”,“film”wouldimmediatelypopupinhis/her mind.Further-

more,ifthesamepersonisthenaskedtofindthe most matchingconceptsforthequery,

he/shewouldnaturallychoosetheconceptsthathavethemostoverlapswiththeaforemen-

tionedrelevantwords,like“zombiegames”or“zombiefilms”. Consequently,toshortlist

concepts,weadoptasimpleoverlap-based matchingapproach.

LetusdefineR̂q
kasthesetofpredictedrelevantwordsforaqueryq,whichisconstructed

bytakingthetop-kresultsfromtheoutputprobabilitydistributionoftheRWGmodel. We

thendefineĈq
kasthesetofallconceptswhereeachconcepthasatleastonewordthatis

inR̂q
k.Finally,wedefineĈq

sastheoutputsetofcandidateconcepts,whereĈq
s⊆Ĉq

k.For

eachconceptc∈Ĉq
k,wedefinetheoverlapscoreasthepercentageofuniquewordsinc

thatarealsoinR̂q
k,i.e.

score(c)=
1

|{c}|
wc∈{c}

λ(wc,̂R
q
k), (4.6)

where{c}denotesthesetofuniquewordsincandλ(wc,̂R
q
k)issimpleindicatorfunction

whichreturns1ifwcisinR̂q
kand0otherwise. TogetĈq

s,werankthecandidatesinĈq
kby

theiroverlapscores,andfilteroutcandidateswithscoreslessthanapredefinedthreshold

γ,whichisexpressedas,

Ĉq
s={c|c∈Ĉq

k,score(c)≥γ}. (4.7)

Thegeneralobjectiveofshortlisting(Eq.4.2)isstableonlyifCq
tisnon-empty,whichis

anover-optimisticassumptioninreal-worldapplications.Infact,no matterhowcompre-

hensiveC is,therewouldalwaysbequeriesthatarenotrelatedtoanyconcepts. Hence,

inadditiontopruningunrelatedconceptsforaninputquery,anotherimportantgoalis

torejectsuchoutliers. Comparedtoconventionalschemes,ourapproachisalsosuperior

inachievingthisgoal. Fortheill-formedquery“treechairdoctor”,the RWG modelis

unabletolearnastablecontext,which meanstheR̂q
kis morelikelytocontaincompletely

irrelevantwordslike“hospital”,“table”,or“forest”,andconceptsinĈq
kwouldhavelimited
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word-overlapswithR̂q
k.Settingalargeγwouldfilteroutallthecandidateconcepts,which

effectivelyrejectstheill-formedquery. Tohandlethesameill-formedqueryinaconven-

tionalscheme,onewouldneedtodefineasimilaritythresholdandrejecttheinputifno

conceptscould meetthisthreshold. Wearguethatitisalottrickiertosetageneralizable

similaritythresholdthanγ,andweshowinSec.4.5thatsimplysettingγ=1.0produces

competitiveresults.

Figure4.2: Comparisonoftheinterpretabilityofconventionalshortlistingschemes(a)vs.
ourapproach(b). Relevantwordshighlightedinredhelpprovidemoreinsightonselection
processofcandidateconcepts.

Lastbutnotleast,ourapproachfurtherenhancestheinterpretabilityoftheshortlisting

process. ConsiderthecomparisoninFig.4.2. Conventional method(a)doesnotprovide

anycluesontheselectionandrankingprocess.Forexample,itisdifficulttounderstandwhy

theconceptof“cupcakeingredients”is moresimilartotheinputthan“breadrecipes”.In

contrast,byexplicitlygeneratingasetofrelevantwords,ourapproachoffersmoreevidence.

End-userswouldknowthat“cheesecakerecipes”and“cupcakeingredients”isrankedhigher

intheoutputsetbecausealloftheirwordsarehighly-relevanttotheinputquery.

4.3.2 Meta-Learned Matching Model

Withoutlabelledtrainingdata,wecouldnotdirectlylearn funderEq.4.4. Fortunately,

sinceasignificantportionofconceptsisextractedfromclickhistories[Liuetal.,2019b],itis

reasonabletoassumethatthereexistdistributionalsimilaritiesbetweenthetaskofquery-

concept matchingandothertasksderivedfromaclickgraph,e.g.query-queryrelatedness

matching.Forthisreason,wetakeameta-learningapproachandlearnamodelφsuchthat

φperformswellonall matchingtasksderivedfromaclickgraph.

Akeyassumptionbehindoptimization-based meta-learningalgorithms[Finn etal.,
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2017; Nicholetal.,2018]isthatundera machinelearningproblem,thereexistsadis-

tributionoftasksp(T). Anditispossiblefora modelφtoadapttop(T)asopposedtoa

sampledtaskTi,by minimizingthefollowinglossfunction[Finnetal.,2017],

min
φ

Ti∼p(T)

L(φ−α∇φL(φ,Dtrain
i ),Dtest

i ), (4.8)

whereDtrain
i andDtest

i arethetrainandtestsetforthei-thtask,andαisthemeta-learning

rate.TheintuitionbehindEq.4.8isthatwemeta-learnamodelφ,bylearninghowtraining

φonataskTiaffectsitsgeneralizabilityonaheld-outtestsetfromthesametask. We

repeatthisprocessonseveraltaskssampledfromp(T)tolearnφ. Asuccessfulφwould

havelowtesterroroneverytask,i.e.φadaptswelltotheunderlyingdistributionp(T).

The mainadvantageof modelφisthatforanunseentaskTjsampledfromp(T),we

coulddirectlytransferφtoTjandexpectdecentperformancefromit.Ifasmallamount

oflabelleddataisavailableforTj,φalsoprovidesthebestpossiblestartingpointfor

fine-tuninganew modelφ̂,whichisknownastheadaptation[Finnetal.,2017],

φ̂ = argmax
φ

logp(φ|Dfine−tune
j ,φ). (4.9)

Withalargenumberofconcepts,itbecomesimpossibleto manuallylabelanunbiased

dataset,evenforfine-tuningpurposes. Consequently,wedonotperformanyadaptation

hereanduseφforthezero-shotclassificationofquery-conceptpairs.

InEq.4.8,the∇ symbolsuggeststhatto minimizethislossbygradient-descent,we

needtoperformasecond-orderdifferentiation,whichoftenimposesaburdenontraining,

especiallyindeep models. Forthisreason,weutilizeReptile[Nicholetal.,2018],afirst-

ordermeta-learningalgorithmtolearnφ. ReptilesimplifiesEq.4.8byconvertingtheouter

lossfunctionintoastepinthedirectionof∇φL(φ,Dtrain
i )afterK batchesoftrainingon

Ti. Reptilespeedsuplearningandeliminatestheneedfortestsets,i.e.Dtest
i inEq.4.8.

Similartoconventionalsupervisedtraining, Reptileiterativelyupdatesa model, where

everyiterationis madeupofatask-learningphasefollowedbya meta-learningphase.In

thetask-learningphase,wefirst makeacopyofthecurrent model,then,wesampleanew

taskandtrainthecopied modelbyperformingK stepsofgradient-descentonthistask,

whereK > 1.Inthe meta-learningphase,weupdatetheoriginal modelbythedifference

betweenitscurrentweightsandtheweightsofthecopied modelaftertask-learning,which

isexpressedby,

φ ← φ+α(̃φ−φ), (4.10)

whereφ̃isthecopied modelafterthetask-learningphaseandαisthe meta-learningrate.

Itisalsoworth mentioningthatifK =1,Reptileisequivalenttosequentiallytraininga

modelonallavailabletasks. However,forall K>1,Reptileconvergestoentirelydifferent

solutions[Nicholetal.,2018].

49



UnderthedefinitionofReptile,theobjectiveforquery-concept matchingbecomesthe

objectiveforthetask-learningphase,

argmax
φ̃ ui,uj∈U

logp(rui,uj|ui,uj;φ̃), (4.11)

whereui,ujandUdenotethetwoinputcandidatesandthetrainingdataforthecurrent

task,respectively. rui,uj isstillalabelof0or1. The meta-learningobjectiveforour

problemsettingis

argmax
φ

logp(φ|Dmeta), (4.12)

whereDmeta ={Dtrain
1 ,Dtrain

2 ,...},i.e.itencapsulatesallthetasksusedfortrainingφ.

Toestablishagoodstartingpointforlearning φ, weutilizedthepre-trained BERT

model[Devlin etal.,2018], whichisshowntocapturegeneralizablelinguisticknowledge

thatcouldbeeasilytransferredtoothertasksthroughfine-tuning.BERTcontains12layers

ofTransformer[Vaswanietal.,2017]blocks,whereeachblockhasahiddendimensionof

768. Weconvertapre-trained,general-purposeBERTmodelintoadeepmatchingmodelby

firstconcatenatingtheinputcandidatesui,ujfromEq.4.11intoonesequence,separatedby

a[SEP]token.Then,weappendaFeedForwardlayerafterBERTtoprojectitsoutputinto

a2-dimensionalspace. The matchingresultisabinarylabelof0or1,where1indicates

thetwoinputsaredeemed matchedunderthedefinitioninSec.4.1.2. Tolearnφ, we

meta-fine-tune BERTundertheReptile-learningproceduresdefinedbyEq.4.11and4.12.

4.4 Data Collectionfrom Click Graphs

Aclickgraphisabipartitegraph,whereeachvertexcorrespondstoeitherasearchqueryor

adocumenttitle. Anedgebetweenaqueryvertexandatitlevertexindicatethattheuser

whoissuedthequeryclickedonthecorrespondingtitle.Forsearchengines,clickgraphdata

areabundantlyavailableandeasy-to-retrieve. Forinstance,the QQ mobilebrowserfrom

Tencentrecordsover100 millionquery-documentclicksonadailybasis. Webelieveclick

graphsnaturallyreflectthedegreerelatednessbetweenvariousentitiesintheopen-domain.

Afterissuingasearchquery,auserbrowsesthereturneddocumenttitlesandchoosesthe

documentsthatmatchhis/herintents,andthesameintentmayalsobeexpressedbyother

searchqueries. Therefore,startingfromaqueryvertex,wecouldpotentiallyreach many

neighboringqueriesortitlesbyhoppingtheedges. Weassumethatafewernumberofhops

betweentwoverticesindicateahigherdegreeofrelatedness.

Underthisassumption,wecollectthetrainingdatabyfollowingak-hopBreadth-First-

Search(BFS)strategyonaclickgraph. Wedefine1hopasgoingfromaqueryvertextoa

neighboringqueryvertexthroughatitlevertex,orviceversa. Webuilduponthedefinitions

inSec.3.4andfurtherdefinethek-hopneighborssetforavertexvinaclickgraphGas

Sv,k
[.],where[.]determinesthetypeofverticestoinclude. Forinstance,Sv,k

[Q]includesonly
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neighboringquerieswhileSv,k
[Q,T]includesbothqueriesanddocumenttitles. Regardlessof

whethervisqueryoratitle,Sv,k
[.] satisfiesthefollowingconditions,

•Sv,k
[.] isnon-empty.

•ThereexistsashortestpathinGbetweenanytwoverticesinSv,k
[.].

•Thenumberofedgespassedbyanyshortestpathisno morethan2k.

EachedgeeinGisalsoweighted,wheretheweightreflectsthenumberoftimesthat

clickoccurred. WeusethesameclickgraphfromChapter.3,whichisconstructedusing

8-daysofclicklogsfromtheQQ mobilebrowser. Weapplythesamepre-processingsteps,

as mentionedinSec.3.4,whereforeveryqueryweonlykeepthetop-3outgoingedges.

4.4.1 Relevant Words Data

ToacquiretrainingdatafortheRWGmodel,wefollowasimilarprocedureasdescribedin

Sec.3.4.ForaqueryqfromG,wefirstdiscoverits3-hopneighboringqueriesset,i.e.Sq,3
[Q].

Wethendefinethesetoftargetsrelevantwordsfor qasRq
t. Next,weiteratethroughevery

queryq̂inSq,3
[Q]andperformPart-Of-Speech(POS)taggingutilizingtheStanfordCoreNLP

tagger[Manningetal.,2014a]. Foreverywordwinq̂, WeaddittoRq
tonlyifitsatisfies

thefollowingconditions,

1.wisinVC,i.e.wisaconceptword.

2.whasaPOStagofNamedEntity(NR),Noun(NN),orVerb(VV).

Aftercheckingeveryq̂,weaddqandRq
tasanewtraininginstancefortheRWG model

ifRq
tisnon-emptyandcontainsno morethan100words. Finally, werepeattheabove

processforeveryqueryintheclickgraphtoderivethecompletedataset,fromwhichwe

thensplittrain,devandtestsets.

4.4.2 Meta-learning Data

Meta-learningrequiresasetoftaskswhichareallsampledfromthesameunderlyingtask

distribution,asstatedinEq.4.12. AndinEq.4.11weconstrainthetypeofeachtaskto

thebinaryclassificationofrelatednessbetweentwoinputs. Undertheserequirements,we

proposethefollowingtasks,

•Query-to-query(Q2Q),wherethegoalistoclassifywhethertwoqueriesarerelated.

ForaqueryqfromG,wecreatepositive matchinginstancesbyrandomlypairingq

with3ofitsneighborsinSq,2
[Q].Inthenexttwotasks,positiveinstancesarecreated

inthesamefashion,onlywithdifferentinputsand2-hopneighborsets.

•Query-to-title(Q2T). Whetheraqueryisrelatedtoadocumenttitle.
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•Title-to-title(T2T),whereweclassifywhethertwodocumenttitlesarerelated.

•Query/title-to-word(QT2 W),whichisinspiredbytherelevantwordgeneration

task. Thefirstinputisasequence,eitheraqueryoratitle,andthesecondinputisa

word. Thegoalistoclassifywhetherthewordisrelevanttothesequence. Wecreate

positiveinstancesbypairingtheinputvtoallthederivablerelevantwordsinSv,3
[Q,T],

followingthesameprocedureinSec.4.4.1. However,therelevantwordshereareno

longerconstrainedbycondition1fromSec.4.4.1.

Wearguethatsearchqueries Q anddocumenttitlesTfollowdifferentunderlyingdistri-

butions,i.e.p(Q) p(T),becauseingeneral,aqueryreflectsauser’sintentforaspecific

typeofresource,whileatitleisaconcisesummaryofthedocumentcontent. Therefore,it

isbeneficialforour modeltolearnfrombothQ2QandT2Ttasks.

Wesamplenegativeinstancesbyrandomlyselectingotherinputsofthesametype,which

issimilartooneoftheoriginaltrainingtaskofBERT[Devlinetal.,2018]. Forexample,

forapositivepairq−q+ fromthe Q2Qtask, werandomlyselectaq− fromallunique

queriesQ. ThesameprocedureisappliedtotheQ2TandT2Ttasks.FortheQT2Wtask,

werandomlychoose3wordsfromallpossiblerelevantwordstocreate3negativepairsfor

everypositivepair.

4.5 Experimentation

4.5.1 Datasets

Beforeweextractanytrainingdatafromourclickgraph,wefirstrandomlysample400,000

queriesfromitastheheld-outtestset. Afterremovingqueriesthatcontaininvalidcharac-

ters,weget398,447testqueries.Toavoidinformationleakage,wethenprunethesequeries

andtheircorrespondinglinksfromtheclickgraph. Finally, weextracttrainingdataby

followingtheapproachesinSec.4.4.

Table.4.1and4.2providegeneralstatisticalinformationonthedatasetsusedforlearn-

ingthe RWGand BERT matching model,respectively. Toensurethateverytaskcon-

tributesevenlytothemeta-learningprocess,weconstrainthetrain/devsetofeachtaskto

havethesamesizebyrandomlypruninglargerdatasets.

4.5.2 Baseline Models

Wecompareourproposedframeworkagainstthefollowingbaseline models.

Mo WE.Thisbaselinefollowstheconventional Mean-of-Word-Embeddingssetup. We

utilizetheTencentAILabpre-trainedChinesewordembedding[Songetal.,2018b]. Weset

acosinesimilaritythresholdof0.7asthedecisionboundary.Inotherwords,foreveryinput

query,wefindthemostsimilarconceptsandonlykeepaconceptifitscosinesimilaritywith

theinputqueryislargerthanorequalto0.7. WeadopttheFAISS[Johnsonetal.,2017]

toolforfastsimilaritysearches.
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Table4.1:StatisticalinformationondatasetsfortrainingtheRWGmodel.

Train Dev Test

Size 7.9M 980K 880K
Avg#ofwordsininputs 6.95 6.94 6.94
Avg#ofrelevantwords 4.94 4.94 4.93

Inputvocabularysize 435,642
Outputvocabularysize 18,717

Table4.2:Statisticalinformationondatasetsformeta-fine-tuningBERT.

Q2Q Q2T T2T QT2W
Train Dev Train Dev Train Dev Train Dev

Size 4.85M 539K 4.85M 539K 4.85M 539K 4.85M 539K
Avg#ofwordsininputs 4.65 4.65 7.78 7.78 10.87 10.87 4.06 4.06
Vocabularysize 406K 162K 755K 245K 586K 235K 222K 63K

ELMo-pre-trained. Asacontextualizedrepresentation,ELMo[Petersetal.,2018]

incorporatesthecontextofthesequencewhengeneratingwordembeddings. Weusethe

pre-trainedChineseELMomodelwithahiddenlayersizeof1024,whichisprovidedby

[Cheetal.,2018;Faresetal.,2017].Theproceduretoselectthematchingconceptsisthe

sameastheMoWEbaseline,whereafixeddecisionthresholdof0.7isapplied.

BERT-pre-trained. Weareinterestedinhowmuchofthegeneralizableknowledge

learnbythepre-trainedBERTlanguagemodelcoulddirectlytransfertotheproblemof

query-conceptmatching. Therefore,wesetupapre-trainedBERT-basemodel1inthe

samefashionastheELMo-pre-trainedbaseline,wheretheoutputofthelastTransformer

layeristakenasthesequencerepresentation.

BoW.IntheBag-of-Wordsbaseline,wedirectlymatchconceptsfromwordsinthe

query.TherelatednessofeachconceptisscoredinthesamewayasdescribedinSec.4.3.1.

TheBoWbaselineisessentiallyourproposedfirststagewithouttheRWGmodel.

RW.TheRelevant Words(RW)baselineisourproposedfirststage.Here,wedirectly

usetheshortlistedconceptsasthematchingresults. Thisbaselineservesasanablation

comparisontohelpverifytheeffectivenessofthesecondstagemodels.

Inadditiontotheabovebaselines,wereporttheperformanceofthefollowingtwo-stage

frameworks.

MoWE-BERT-fine-tune. Weadditionallyfine-tuneapre-trainedBERT-basemodel

1We use the pre-trained Chinese BERT model from https://github.com/huggingface/
pytorch-transformers
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asa matching modelononlythe Q2Qtask. Wethenpairitwitha MoWEshortlisting

scheme,whichisconstructedthesamewayasthe MoWEbaselineexceptthatwedonot

setasimilaritythresholdhere.

RW-BERT-fine-tune.Inthisbaseline,weadoptthesamefine-tunedBERT model

from MoWE-BERT-fine-tuneandinsteadpairitwithourproposedRWfirststage.

Followingthenamingconventionsabove,werefertoourproposedtwo-stageframework

asRW-BERT-meta.Forallthetwo-stagesetups,welimitedthefirststagetoonlypass

thetop-10 mostsimilarconceptstothesecondstage. ForalltheRWsetups,wetakethe

top-15predictedrelevantwordsandsetγ=1.0.Thedecisionthresholdforallsecondstage

classifiersis0.5.

4.5.3 Training

Weimplementbothstagesofour modelusingPytorch[Paszke etal.,2017]0.4andtrain

themwiththeAdam[KingmaandBa,2014]optimizer.

Trainingthe RWG model

WetraintheRWG modelby minimizingtheBinaryCross-Entropylossonthetargetrel-

evant words. Theinputandoutputvocabularysizesaresettothevaluespresentedin

Table.4.1. WeinitializetheembeddinglayerswiththeTencentAILab[Songetal.,2018b]

200dpre-trainedembeddingandallowthemtobefurthertrained. Wechoosethetop-100

recallrate,i.e.thepercentageoftruthwordsthatappearinthetop-100predictions,asthe

metricforhyper-parametertuning. Weselectahiddensizeof2048fortheBi-GRUanda

Dropout[Srivastavaetal.,2014]rateof0.5.Fortheoptimizer, Wesetaninitiallearn-rate

of0.001andfollowasimplelearn-ratedecaystrategy:Ifthetrain/devlossofthecurrent

epochishigherthanthepreviousepoch,decaythelearn-rateby0.5,wherethe minimum

learn-rateissetto0.0001. TheRWG modelconvergesin20epochs,withabatchsizeof

256onanNvidiaRTX-2080TiGPU.Eachepochtakesapproximately90minutestofinish.

Meta-fine-tuning BERT

We meta-fine-tunethepre-trainedBERT-base modelundertheReptilealgorithm[Nichol

etal.,2018], wheretheobjectiveforeachtaskisto minimizetheCross-Entropylosson

thepredictedlabels. Wechooseafixedtask-learn-rateof0.0001fortheoptimizer,anda

fixedmeta-learn-rateof0.1. OntwoRTX-2080TiGPUs,wecarryoutthemeta-fine-tuning

withabatchsizeof32,andweterminatetheprocessifthelossonthedevelopmentset

doesnotchangebymorethan0.01betweentwoepochs.Intheend,ourBERT-metamodel

convergesin5epochswithanaverageclassificationaccuracyof95.5%onthedevsets,and

eachepochtakesapproximatelyonedaytocomplete.
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Table4.3:Top-NrecallscoresontheRWGtestset.

Coverage Top-10 Top-20 Top-50 Top-100 Top-500

ELMoEmbedding 1.0 0.139 0.169 0.216 0.258 0.383
TALEmbedding 0.957 0.411 0.461 0.523 0.567 0.668

RWG 0.884* 0.726 0.783 0.843 0.882 0.951

*Thecoverageisnot100%becausewerejectinputsthatcontainOut-Of-Vocabulary(OOV)words.

4.5.4 OfflineEvaluation

Weconducttwotypesofofflineevaluations.First,weevaluatetheRWGmodelonitsown

held-outtestset.Next,weproposeanewapproachforevaluatingquery-conceptmatching

resultsonaclickgraph.

EvaluatingtheRWG model

Asasanitycheck,wewanttoshowcasethatourRWGmodelislearningthewordrelevance

featuresconveyedinaclickgraph. Wealsowishtodemonstratethatsuchfeaturescannot

beaccuratelycapturedbyotherwordrepresentations.Therefore,wereportthetop-Nrecall

scoresonthetestsetoftheRWGmodel,wheretheinputtothemodelisaquery,andthe

targetoutputisasetofrelevantwords. Wedefinetop-Nrecallscoreasthepercentageof

truthrelevantwordsthatappearinthetop-Npredictedwords.

Next,wecompareourapproachtotheTencentAILab(TAL)pre-trainedembeddings

andthepre-trainedELMorepresentations. Forthesebaselines,thequeryrepresentation

isthemeanofitswordembeddings,andwefindthetop-Nmostsimilarwordstoit. We

alsoreportthecoveragetoensurethattherecallscoresarereliable.Table.4.3reportsthe

resultsofthisexperiment.

Offlineevaluationusingclickgraphs

Aswementionedbefore,itisdifficulttomanuallylabelanunbiasedquery-conceptmatching

datasetduetotheoverwhelmingnumberofavailableconcepts.Tomitigatethisproblem,

weproposeanautomaticproceduretoevaluatetheresultsofquery-conceptmatching. We

firstnotethatmanyconceptsarealsopopularqueries. Therefore,someconceptscould

existinourclickgraphasqueryvertices.Infact,onourclickgraph,wefoundthatit

contains2997conceptsasqueries.Next,underourpreviousassumption,thehopdistance

betweentwoverticesisaroughestimatefortheirrelatedness.Combiningtheseintuitions,

wearguethatifaconceptisagoodmatchtoaquery,andtheyareinthesameclickgraph,

thentheyshouldbewithinacertainnumberofhopsfromeachother.Althoughtheexact

hopdistancemaynotbeareliablemeasurefortherelatedness,wecouldstillgetarough
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Table4.4: Offlineevaluationresultsusingourcompleteclickgraph.

#supports Avg #hops MAP MAR

MoWE 1661 4.77 0.639 0.769
ELMo-pre-trained 1446 4.90 0.627 0.624
BERT-pre-trained 1029 5.56 0.528 1.000
BoW 2641 4.99 0.364 0.819
RW 2420 5.68 0.368 0.748
MoWE-BERT-fine-tune 1661 4.77 0.217 0.950
RW-BERT-fine-tune 1690 5.16 0.674 0.960

RW-BERT-meta 1892 5.61 0.801 0.916

estimateforthe Mean-AveragePrecision(MAP)and Mean-Average-Recall(MAR)metrics.

Tosummarizeourstrategy,weassumethetruthlabelbetweenaconceptandaqueryis

1ifbothareinourclickgraph,andtheycouldreacheachotherwithin10hops. Notethat

theclickgraphusedforevaluationhereistheoriginalgraph,i.e.itcontainsallthetest

queries. Withtruthlabels,wecouldcomputethe macro-averaged MAPand MARscores

forthequery-concept matchingresults,whicharedefinedas,

MAP=
1

N

N

i=1

TPi

TPi+FPi
, (4.13)

MAR=
1

N

N

i=1

TPi

TPi+FNi
, (4.14)

whereN isthenumberofresultswithpositivepredictions.TP,FP,FN denotestrue-

positives,false-positivesandfalsenegatives.

Table.4.4reportsthese metrics,theaveragenumberofhopsbetweenaqueryanda

concept,aswellasthenumberofqueriesthatcontributedtothecomputations.

4.5.5 HumanEvaluation

Withoutalabelledtestset,offlineevaluationaloneisnotsufficientinrevealingthereal

performance. Wearguethathumanjudgmentisa morereliableevaluation metric. There-

fore,werandomlyselect206testinstanceswhereeverymodeloutputsadifferentmatching

value. Wethentakethetop-3 matchedconceptsofevery modelaccordingtoeitherthe

cosinesimilarities(MoWE,ELMo-pre-trained,BERT-pre-trained),thepredictedprobabil-

ities(two-stageframeworks),ortheoverlap-scores(RWandBoW)2.Finally, wehire2

humanjudgesandassigneachjudgetoasseshalfofthetestinstancesaccordingtothe

followingcriteria,

2Werandomlytake3conceptsifthereare morethan3topconceptswiththesamescore
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Table4.5: Humanevaluationresultson206randomlyselectedtestinstances.

#of
concepts
matched

#of0s
assigned

#of1s
assigned

#of2s
assigned

Total
score

MoWE 562 307 192 63 318
ELMo-pre-trained 538 401 104 33 170
BERT-pre-trained 623 524 85 14 113
BoW 589 295 216 78 372
RW 617 255 250 112 474
MoWE-BERT-fine-tune 618 471 125 22 169
RW-BERT-fine-tune 488 176 200 112 424

RW-BERT-meta 517 137 238 142 522

•Foratestinstance,thejudgereviewsthetop-3conceptsofeachmodel,thenassigna

scoreforeachconcept.

•Aconceptreceivesascoreof2ifthereexistsaisArelationbetweenitandtheinput

query.Ifaconceptonly matchpartofthequery,forexample,ifthequery“Resident

Evilbackgroundstory”is matchedtotheconcept“zombie movies”,thenthejudge

assignsascoreof1forthisconcept. Otherwise,foreverynon-relatedconcept,ascore

of0isassigned.

•Onatestinstance,themaximumattainablescoreforamodelis6,andtheminimum

scoreis0.

WereporttheresultsofhumanevaluationinTable.4.5.InSec.4.6, Wediscusstheim-

plicationsbehindtheseresultsandconductcasestudiestogetamoreintuitivevisualization

ontheperformanceofthecompeting models.

4.6 Performance Analysis

4.6.1 OfflineEvaluation Results

WebeginwiththeRWGtestresultsinTable.4.3. TheRWG modeleasilyoutperforms

theothertwopre-trainedwordrepresentations, whichprovesouroriginalclaimthatthe

word-relatednessderivedfromaclickgraphisdifferentfromthewordsimilaritieslearned

bypre-trainedembeddings.

Forthe matchingresults,wefirstobserveinTable.4.4that most modelsachievehigh

MARscores,whichmeansthatmostmodelsareunlikelytomiss-classifymatchingconcepts

asnon-matching. However, weseea widerangeof MAPscores, wherealower MAP

scoreindicatesthata modeltendstoclassify morenon-matchingconceptsas matching.
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Specifically,the MoWE-BERT-fine-tunebaselinescoreslowestonthe metric. Wesuspect

thatthisisbecausewedonotsetasimilaritythresholdforthefirststage,which means

thesecondstagealoneneedtofilteroutallthenon-matchingconceptsandrejectsdifficult

inputs. Clearly,fine-tuningBERTonthe Q2Qtaskdoesnotlearnenoughtransferable

knowledgeforthisgoal. Asacomparison,byreplacingthefirststagewithourproposed

module,the MAPscoreimprovessignificantlyintheRW-BERT-fine-tunebaseline.

Amongthesingle-stagebaselines,weobservethat MoWEwithasimilaritythresholdof

0.7performsthebest,whilepre-trained,deepcontextualizedrepresentationslikeELMoor

BERThavedifficultiestransferringtheirknowledgetoourproblemsetting. Thisimplies

thattheproblemofquery-conceptmatchingrequiresuniquecontextualrepresentationsfor

theinputsequences. Additionally,weobservethattheRWbaselineperformsworsethan

the BoWbaseline. Wesuspectthat, whiletheimaginativenatureofthe RWG model

enablesustodiscoverofadditionalrelevantwords,itcould“wander-off”toofarandmatch

completelyirrelevantconcepts. Therefore,weemploythe meta-fine-tunedBERT modelas

anotherstageofqualityassurancetoeffectivelypruneallthenon-matches.Intheend,our

proposedframeworkoutperformsallotherbaselinesbyalargemarginonthe MAPmetric.

4.6.2 HumanEvaluation Results

AccordingtoTable.4.5,ourframeworkobtainsthehighesttotalscoreandalsoreceives

more2sthanthebaselines,whichmeansthatitdiscoversisArelationshipsmoreaccurately.

Specifically,comparedtothe RWbaseline,ourframeworkfindsless matchingconcepts

overall(517vs. 617)but withahighertotalscore. Therefore,theproposed matching

modelservesitspurposewellasaqualityassurancestagefortheRWshortlistingscheme.

ComparedtoRW-BERT-fine-tunebaseline,wealsoprovetheeffectivenessoftheReptile

meta-learningalgorithmonlearninga moregeneralizabletext matching model.

4.6.3 CaseStudies

InTable.4.6,weshowrepresentativeexamplesofthetop-10relevantwordsgeneratedby

ourRWG modelandcomparedwiththetop-10 mostsimilarwordsfoundbytheTencent

AILab(TAL)wordembeddings. WeshowtheoriginalqueryandrelevantwordsinChinese

andtheirEnglishtranslations.

Ingeneral,ourRWG modelproduceswordsthatarerelatedtotheinputonahigher

conceptual-level,especiallyforthehighlightedwords.Incomparison,thecosinesimilarity

searchbasedonwordembeddingsdiscoverswordsthatarerelatedonlytocertainwords

intheinput. Forinstance,inthefirstrowof Table.4.6,our RWG modelknowsthat

“RongWeirx5”isacar,andthequeryisaskingfortutorialsonhowtoprojectdisplays

betweenacellphoneandacar. Therefore,itdiscoversconceptuallyrelevantwordslike

“car”,“inter-connect”and“tutorial”,whileinthebaselineapproach,the meaningofthe

queryisnotcaptured,andthe majorityofrelatedwordsareonlysimilarto“screen”.
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Anotherrepresentativecaseistheinputquery“Girlgroupfox”,twoseeminglyunrelated

entitiesthatconveyauniquemeaningwhenputtogether.Inthiscase,“fox”actuallyrefers

toachampionnamed AhrifromthegameLeague-of-Legends, whoisanine-tailedfox.

And“Girlgroup”referstoapopularskinforAhriatthattime. Withoutthisbackground

knowledge,theTALbaselineonlyfindssimilarwordsto“Girlgroup”,whereastheRWG

modelcouldsuccessfullyuncoverkeywordsrelatedtothegame. Overall,Table.4.6provides

valuableevidenceontheusefulnessoftheRWG model.

Table4.6: Comparisonofthetop-10wordsfoundbytheRWG modelandtheTALpre-
trainedwordembeddings.

Inputquery Model Top-10words

荣威rx5映射手机屏幕
RongWeirx5project-
cellphonescreen

RWG
荣威,手机,映射,汽车,屏幕,论坛,问题,互联,教程,大屏
RongWei,cellphone,project,car,screen,forum,question,
inter-connect,tutorial,big-screen

TAL

墨水屏,显示屏,屏幕,运存,曲面屏,koobee,amoled,全面屏,折叠屏,
投屏
inkscreen,displayscreen,screen,RAM,curvedscreen,koobee,
amoled,bezel-lessdisplay,foldingdisplay,screenprojection

酸汤鲈鱼
Soursoupbass

RWG
做法,食物,钓鱼,技巧,鲈鱼,食谱,功效,百科,汤,美食
method, food,fishing,technique,bass,recipe,efficacy, Wiki,soup,
delicacy

TAL

高汤,剁椒,鸭肉,马鲛鱼,鱼片,花鲢,姜丝,鲳鱼,黄骨鱼,干贝
soup-stock,dicedpepper,duck meat, mackerel,fishfillet,
spottedsilvercarp,slicedginger,butterfish,Amurcatfish,
driedscallop

女团狐狸
Grilgroupfox

RWG
女团,皮肤,看见,联盟,图片,英雄,狐狸,游戏,哥们,阿狸
girlgroup,skin,see,league,picture,champion,fox,game,
buddy,Ahri

TAL
秀智,apink,裴秀智,金泰妍,exo,twice,女团,snh48,男团,朴智妍
Suzy,spink,SuzyBae,Taeyeon,exo,twice,girlgroup,snh48,
boygroup,ParkJi-yeon

性格测试免费版
Personalitytest-
freeversion

RWG
测评,软件,分析,在线,下载,测试,百科,性格,心理,成长
evaluation,software,analysis,online,download,test,wiki,
personality,psychology,growth

TAL
体质,竞技,人格,眉形,天赋,性格,烤机,血型,测试,情商
physique,competition,character,brow-shape,talent,personality,
stress-test,bloodtype,test,emotionalquotient

WenowexaminehowwelltheRWG modelandtheBERT matching modelcooperate

together.InTable.4.7,weshowthetop-3 matchedconceptsforeverytestquery. Dueto

spaceconcerns,wecompareourresultstoonlyafewcompetitivebaselines models.

Overall,our modelissuperioratbothfindingrelatedcandidatesandpickingoutthe

best matchingconcepts. ConsiderthefirstinstanceofTable.4.7,here,OmenandLegion

aregaminglaptop modelsfromHPandLenovo,respectively. OurproposedRWstageac-

curatelydiscoversthisrelation. Then,thesecondstagereliablyfiltersoutnon-matching

conceptssuchas“Laptopkeyboard”.Incontrast,theRW-BERT-fine-tunebaselinemistak-

enlyprunesthebest matchingconcept,“Gaminglaptop”,fromtheshortlistedcandidates.
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Table4.7: Comparisonofthetop-3concepts matchedbyourproposedframeworkand
competitivebaseline models.

Inputquery Model Matchedconcepts

暗夜精灵和拯救者
OmenandLegion

RW-BERT-meta
游戏笔记本电脑,联想笔记本电脑
Gaminglaptop,Lenovolaptop

RW
游戏笔记本电脑,笔记本电脑键盘,联想笔记本电脑
Gaminglaptop,Laptopkeyboard,Lenovolaptop

MoWE
拯救者小说
Legionnovel

RW-BERT-fine-tune
联想笔记本电脑
Lenovolaptop

壁纸尺寸修改
Wallpapersize-
modification

RW-BERT-meta
修改图片软件
Picture modificationsoftware

RW
修改图片软件.手机修改软件
Picture modificationsoftware,
Cellphone modificationsoftware

MoWE
新款电视墙
newtelevisionwall

Bow
尺寸对照表,修改网游,修改软件
Sizereferencechart, Modifyonlinegame,
Modificationsoftware

创新创业策划书模板
Innovation-
entrepreneurship-
proposaltemplate

RW-BERT-meta
大学生创业计划书,大学生创业
Universitystudententrepreneurshipproposal,
Universitystudententrepreneurship

RW

创业青年.大学生创业,大学生创业计划书
Youngentrepreneur,
Universitystudententrepreneurship
Universitystudententrepreneurshipproposal

MoWE
大学生创业计划书,个人简历ppt模板,ppt模板
Universitystudententrepreneurshipproposal,
Resumeppttemplate,Ppttemplate

RW-BERT-fine-tune

大学生创业,大学活动策划,大学生创业计划书
Universitystudententrepreneurship,
Universityactivityplanning,
Universitystudententrepreneurshipproposal
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Chapter5

Summaryand Conclusions

5.1 Contributions

Inthisthesis,weproposethreenovelapproachesunderthetopicofsearchqueryunder-

standing. Thefocusofsearchqueryunderstandingistodevelopabetterrepresentationfor

theintentsbehindaqueryandefficientlyutilizethemtoenhancedown-streamservices.

Westartbycreativelytakingabackwardstrategywherethemostprobablesearchquery

isinferredfromadocument. Underthissetting, wedevelopabetterunderstandingof

searchqueriesbylearningtogeneratetheminaword-by-wordfashion. Wecombineseveral

deeplearningarchitectures,suchasHierarchicalRecurrentEncoders, GraphConvolution

Networks(GCNs)andTransformersintotheG-S2Agenerativemodel.Theideaistoexplore

graphicaldocumentrepresentations,thenutilizethemtodevelopadeeperunderstanding

onthecontextofthedocument,whichinturnwouldimprovetheprocessofqueryterm

selection &inference. Withtheadditionofasentence-level GCNandakeyword-level

GCNtolearnfromthecorrespondingdocumentgraphs,our G-S2Aoutperformsseveral

competitivebaselinesonBLEU-1,2,3,4,ROUGE-1,2,LandExact Match(EM) metrics.

Next,weintroduceatwo-stagelearningframeworkforrelatedqueriesgeneration. We

firstretrieve massiveamountsoftrainingdatafromaclickgraph. Then,ourframework

breaksdownrelatedquerygenerationfrominputqueriesaswellasdocumenttitlesinto

twosteps,namely,relevantwordsdiscovery, whichalleviatestheLexicalChaseproblem,

andcontext-awarequerygeneration, whichimprovestheprocessofqueryunderstanding

andrecommendation. Wecarefullydesigna Relevant Words Generator(RWG) model

anda Dual-Vocabularysequence-to-sequence(DV-Seq2Seq) modelforeachsub-problem.

Together,ourframeworkbalancesperformance,time-complexityandinterpretability. A

RWG+DV-Seq2Seqsetupwitha40Kstaticoutputvocabularysurpassesallbaseline mod-

elsonbothquery-to-queryandtitle-to-querygeneration,alsointermsofBLEU-1,2,3,4,

ROUGE-1,2,LandExact Match(EM)metrics.TogetherwiththeG-S2Amodel,weverify

thefeasibilityandpracticalityofdeepgenerative modelsfortheproblemofsearchquery

understanding.

InChapter.4,wetakeatext-matchingapproach. Weacquireasetof morethan150K
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conceptsfromourindustrypartner,whichservesasanabstractionforthemassiveamount

ofknowledgeintheopen-domain. Underthisabstraction, wetransformtheproblemof

searchqueryunderstandingtotheproblemofquery-conceptmatching.Tothisend,wefirst

re-adopttheRWG modeltoconstructanewshortlistingscheme. Withnolabelleddata,

Wemeta-fine-tuneapre-trainedBERTmodelintoacompetitivematchingmodelusingthe

Reptile meta-learningalgorithm. Byconductingbothofflineandhumanevaluations, we

provethesuperiorityofourproposedtwo-stage matchingframeworkagainstconventional

anddeeplearningbaselines. Tothebestofourknowledge,wearethefirsttoapplythe

Reptile meta-learningalgorithmtofine-tuneadeeptext matching model.

Insummary,weapproachsearchqueryunderstandingfromgenerativeandtext-matching

perspectives. Wetestdeeplearningmodelsandproposenovelmodificationsorframeworks

tofurtherimprovetheirperformance. Weprovethatdeeplearningindeedopensup many

excitingnewpossibilitiesforthisfield.

5.2 DirectionsforFuture Work

Weproposethefollowingdirectionsforfutureresearch,

•Amajorchallengefordeepgenerativelanguagemodelsishowtoachievebetterquality

controlontheoutputs. Thesameissuealsoexistsforquerygeneration,i.e.howto

ensurethegeneratedqueriesarefluentandgrammaticallycorrect.

•AlthoughtheRelevant Words Generator modelprovestobeextremelyuseful,itis

actuallybiasedbywordfrequenciesandtheclickpositionbias.Tocreateanunbiased

RWG,onecouldadoptrelatedideasfromworksongeneralizedwordrepresentations

andlearning-to-ranktasks.

•Tosimplifycomputation,wedonotincorporatetheweightsontheedgesoftheclick

graph whengatheringdataortrainingour models. However,these weights may

provideadditionalinsightsonrelatedness.Forinstance,onecouldfurtherclassifythe

degreeofrelatednessbeyondabinarylabelbasedonthecumulativeedgesweights

betweentwovertices.

•ItwouldbeinterestingtoseehowastructuresimilartotheMatchingNetwork[Vinyals

etal.,2016],withanon-parametric matching metric,wouldperformincomparison

toour meta-fine-tunedBERT matching model.

•Thesuccessofpre-traineddeeplanguagemodelslikeBERTmakesuswonderwhether

itispossibletotrainageneralizabledeeprepresentationforqueries.Sinceclickgraph

dataiseasytoretrieveandabundantlyavailable,one mightbeabletotraindeep

querylanguage modelsbasedonthehopdistancesandedgeweights.
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Yin, WenpengandHinrichScḧutze(2015). Multigrancnn: Anarchitectureforgeneral
matchingoftextchunksonmultiplelevelsofgranularity.In: Proceedingsofthe53rd
Annual MeetingoftheAssociationforComputationalLinguisticsandthe7thInter-
nationalJointConferenceonNaturalLanguageProcessing(Volume1:LongPapers).
pp.63–73.

Yin,Zi,Keng-haoChangandRuofeiZhang(2017).Deepprobe:Informationdirectedse-
quenceunderstandingandchatbotdesignviarecurrentneuralnetworks.In:Proceed-
ingsofthe23rdACMSIGKDDInternationalConferenceonKnowledgeDiscoveryand
DataMining.ACM.pp.2131–2139.

Yu,MoandMarkDredze(2014).Improvinglexicalembeddingswithsemanticknowledge.
In:Proceedingsofthe52ndAnnual MeetingoftheAssociationforComputational
Linguistics(Volume2:ShortPapers).pp.545–550.

Zhang,Chengzhi(2008).Automatickeywordextractionfromdocumentsusingconditional
randomfields.JournalofComputationalInformationSystems4(3),1169–1180.

70



Zhang, Kuo, Hui Xu,JieTangandJuanziLi(2006). Keywordextractionusingsupport
vector machine.In:InternationalConferenceon Web-AgeInformation Management.
Springer.pp.85–96.

Zhang, Ting, BangLiu, Di Niu, KunfengLaiand Yu Xu(2018). Multiresolutiongraph
attentionnetworksforrelevance matching.In:Proceedingsofthe27thACMInterna-
tionalConferenceonInformationandKnowledge Management.ACM.pp.933–942.

Zhang, WeiVivian,XiaofeiHe,BenjaminReyandRosieJones(2007).Queryrewritingusing
activelearningforsponsoredsearch.In:Proceedingsofthe30thannualinternational
ACMSIGIRconferenceonResearchanddevelopmentininformationretrieval.ACM.
pp.853–854.

Zheng,Yin,Yu-JinZhangandHugoLarochelle(2016).Adeepandautoregressiveapproach
fortopic modelingof multimodaldata.IEEEtransactionsonpatternanalysisand
machineintelligence 38(6),1056–1069.

Zhou, Qingyu, Nan Yang, Furu Wei, Chuanqi Tan, Hangbo Bao and Ming Zhou
(2017). Neuralquestiongenerationfromtext: Apreliminarystudy.arXivpreprint
arXiv:1704.01792.

71


