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Abstract

Thisworkdealswiththechallengeoflearn-
ingandreasoningovermulti-hopquestionan-
swering(QA).Weproposeagraphreasoning
networkbasedonthesemanticstructureof
thesentencestolearncrossparagraphreason-
ingpathsandfindthesupportingfactsand
theanswerjointly. Theproposedgraphisa
heterogeneousdocument-levelgraphthatcon-
tainsnodesoftypesentence(question,title,
andothersentences),andsemanticrolelabel-
ingsub-graphspersentencethatcontainargu-
mentsasnodesandpredicatesasedges.In-
corporatingtheargumenttypes,theargument
phrases,andthesemanticsoftheedgesorigi-
natedfromSRLpredicatesintothegraphen-
coderhelpsinfindingandalsotheexplainabil-
ityofthereasoningpaths. Ourproposedap-
proachshowscompetitiveperformanceonthe
HotpotQAdistractorsettingbenchmarkcom-
paredtotherecentstate-of-the-artmodels.

1 Introduction

Understandingandreasoningovernaturallanguage
playsasignificantroleinartificialintelligencetasks
suchasMachineReadingComprehension(MRC)
andQuestionAnswering(QA).SeveralQAtasks
havebeenproposedinrecentyearstoevaluatethe
languageunderstandingcapabilitiesofmachines
(Rajpurkaretal.,2016;Joshietal.,2017;Dunn
etal.,2017).Thesetasksaresingle-hopQAtasks
andconsideransweringaquestiongivenonlyone
singleparagraph. Manyexistingneuralmodels
relyonlearningcontextandtype-matchingheuris-
tics(Weissenbornetal.,2017).Thoserarelybuild
reasoningmodulesbutachievepromisingperfor-
manceonsingle-hopQAtasks.Themainreason
isthatthesesingle-hopQAtasksarelackingare-
alisticevaluationofreasoningcapabilitiesbecause
theydonotrequirecomplexreasoning.
Recentlymulti-hopQAtasks,suchasHotpotQA

(Yangetal.,2018)and WikiHop(Welbletal.

Question430:What team did the recipient of the 2007 
Brownlow Medal play for?

Paragraph 1:Title: "2007 Brownlow Medal"
0. “The 2007 Brownlow Medal was the 80th year the award …
(AFL) home and away season."
1. “Jimmy Bartelwon the medal by polling twenty-nine votes..."

Answer: Geelong Football Club
Support fact: ["2007 Brownlow Medal", 1], 

["Jimmy Bartel", 0]

Paragraph 2:Title: "Jimmy Bartel"
0: “James Ross Bartel(born 4 December 1983) is a former 
Australian rules footballer who played for the Geelong Football 
Club in the…"
1: "A utility, 1.87 m tall and weighing 86 kg , Bartelis able …"

Paragraph 10:Title: "2005 Brownlow Medal"
0: "The 2005 Brownlow Medal was the 78th year the award …"
1: "Ben Cousins of the West Coast Eagles won the medal …"

,

Figure1:AnexampleofHotpotQAdata.

2018),havebeenproposedtoassessmulti-hoprea-
soningability.HotpotQAtaskprovidesannotations
toevaluatedocumentlevelquestionansweringand
findingsupportingfacts.Providingsupervision
forsupportingfactsimprovesexplainabiltyofthe
predictedanswerbecausetheyclarifythecross
paragraphreasoningpath.Duetotherequirement
ofmulti-hopreasoningovermultipledocuments
withstrongdistraction,multi-hopQAtasksare
challenging.Figure1showsanexampleofHot-
potQA.Givenaquestionand10paragraphs,only
paragraph1andparagraph2arerelevant.Thesec-
ondsentenceinparagraph1andthefirstsentence
inparagraph2arethesupportingfacts.Theanswer
is“GeelongFootballClub”.

PrimarystudiesinHotpotQAtaskprefertouse
areadingcomprehensionneuralmodel(Minetal.,
2019;Zhongetal.,2019;Yangetal.,2018).First,
theyuseaneuralretrievermodeltofindtherele-
vantparagraphstothequestion.Afterthat,aneural
readermodelisappliedtotheselectedparagraphs
foranswerprediction.Althoughtheseapproaches
obtainpromisingresults,theperformanceofevalu-
atingmulti-hopreasoningcapabilityisunsatisfac-
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tory(Minetal.,2019).

Tosolvethemulti-hopreasoningproblem,some
modelstriedtoconstructanentitygraphusing
Spacy1orStanfordCoreNLP(Manningetal.,
2014)andthenappliedagraphmodeltoinfer
theentitypathfromquestiontotheanswer(Chen
etal.,2019;Xiaoetal.,2019;ClarkandGardner,
2018;Fangetal.,2019).However,thesemodels
ignoretheimportanceofthesemanticstructureof
thesentencesandtheedgeinformationandentity
typesintheentitygraph.Totakethein-depthse-
manticrolesandsemanticedgesbetweenwords
intoaccounthereweusesemanticrolelabeling
(SRL)graphasthebackboneofagraphconvolu-
tionalnetwork.Semanticrolelabelingprovides
thesemanticstructureofthesentenceintermsof
argument-predicaterelationships(Heetal.,2018).
Theargument-predicaterelationshipgraphcansig-
nificantlyimprovethemulti-hopreasoningresults.
OurexperimentsshowthatSRLiseffectiveinfind-
ingthecrossparagraphreasoningpathandanswer-
ingthequestion.

Ourproposedsemanticrolelabelinggraphrea-
soningnetwork(SRLGRN)jointlylearnstofind
crossparagraphreasoningpathsandanswersques-
tionsonmulti-hopQA.InSRLGRNmodel,firstly,
wetrainaparagraphselectionmoduletoretrieve
golddocumentsandminimizedistractor.Second,
webuildaheterogeneousdocument-levelgraph
thatcontainssentencesasnodes(question,titleand
sentence),andSRLsub-graphsincludingsemantic
rolelabelingargumentsasnodesandpredicatesas
edges.Third,wetrainagraphencodertoobtain
thegraphnoderepresentationsthatincorporatethe
argumenttypesandthesemanticsofthepredicate
edgesinthelearnedrepresentations.Finally,we
jointlytrainamulti-hopsupportingfactprediction
modulethatfindsthecrossparagraphreasoning
path,andanswerpredictionmodulethatobtains
thefinalanswer.Noticethatbothsupportingfact
predictionandanswerpredictionarebasedoncon-
textualsemanticsgraphrepresentationsaswellas
token-levelBERTpre-trainedrepresentations.The
contributionsofthisworkareasfollows:

1)WeproposetheSRLGRNframeworkthatcon-
sidersthesemanticstructureofthesentencesin
buildingareasoninggraphnetwork.Notonlythe
semanticsrolesofnodesbutalsothesemanticsof
edgesareexploitedinthemodel.

2)Weevaluateandanalysethereasoningcapabili-

1https://spacy.io

tiesofthesemanticrolelabelinggraphcompared
tousualentitygraphs.Thefine-grainedsemantics
ofSRLgraphhelpinbothfindingtheanswerand
theexplainabilityofthereasoningpath.

3)Ourproposedmodelobtainscompetitivere-
sultsonbothHotpotQA(Distractorsetting)and
theSQuADbenchmarks.

2 RelatedWork

2.1 GraphModelsforMulti-HopReasoning

PreviousQAdatasets,suchasTriviaQA(Joshi
etal.,2017)andSearchQA(Dunnetal.,2017),
andMRCdatasets,likeSQuAD(Rajpurkaretal.,
2016),rarelyrequiresophisticatedreasoning(such
ascrossparagraphreasoning)toanswertheques-
tionandfailtoprovideground-truthexplanations
foranswers. Recently, WikiHop(Welbletal.,
2018)andHotpotQA(Yangetal.,2018)aretwo
publishedmulti-hopQAdatasetsthatprovidemul-
tipleparagraphs. ThoseQAdatasetsrequirea
multi-hopreasoningmodeltolearnthecrosspara-
graphreasoningpathsandpredictthecorrectan-
swer.

Mostoftheexistingmulti-hopQAmodels(Tu
etal.,2019;Xiaoetal.,2019;Fangetal.,2019)
utilizegraphbasedneuralnetworks,suchasgraph
attentionnetwork(Velickovicetal.,2018),graph
recurrentnetwork(Songetal.,2018b),andgraph
convolutionalnetwork(KipfandWelling,2017).
Moreover,multi-hopQAmodelsusedifferentways
toconstructentitygraphs.Coref-GRN(Dhingra
etal.,2018)utilizeco-referenceresolutiontobuild
theentitygraph.MHQA-GRN(Songetal.,2018a)
isanupdatedversionofCoref-GRNthataddsslid-
ingwindows.Entity-GCN(Caoetal.,2019)builds
thegraphusingentitiesanddifferenttypesofedges
calledmatchedgesandcomplementedges.DFGN
(Xiaoetal.,2019)andSAE(Tuetal.,2019)con-
structentitygraphthroughnamedentityrecogni-
tion(NER).

Incontrasttotheabovementionedmodels,our
SRLGRNbuildsaheterogeneousgraphthatcon-
tainsadocument-levelgraphofvarioussentences
andreplacestheentity-basedgraphswithargument-
predicatebasedsub-graphsusingSRL.

2.2 SemanticRoleLabeling

Thegoalofsemanticrolelabelingistocapture
argumentandpredicaterelationshipsgivenasen-
tence,suchas“whodidwhattowhom.”Several
deepSRLmodelsachievehighlyaccurateresultsin

https://spacy.io
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Figure2:OurproposedSRLGRNmodeliscomposedofParagraphSelection,GraphConstruction,GraphEncoder,
SupportingFactprediction,andAnswerSpanprediction.

findingargumentspans(ZhouandXu,2015;Tan
etal.,2018;Marcheggianietal.,2017;Heetal.,
2017).However,thosemodelsareevaluatedbased
ongivengoldpredicates.Therefore,somedeep
models(Heetal.,2018;Guanetal.,2019)are
proposedtorecognizeallargument-predicatepairs.
Recently,ShiandLinproposedaBERTModelfor
SRLandRelationExtraction.

3 ModelDescription

OurproposedSRLGRNapproachiscomposedof
ParagraphSelection,GraphConstruction,Graph
encoder,SupportingFactprediction,andAnswer
Spanpredictionmodules.Figure2showsthepro-
posedarchitecture.Inthissection,weintroduce
ourapproachindetailandthenexplainhowtotrain
itwithanefficientalgorithm.

3.1 ProblemFormulation

Formally,theproblemistopredictsupportingfact
ySFandanswerspanyansgiveninputquestionq
andcandidateparagraphs.Eachparagraphcontent
C= {t,s1,...,sn}includestitletandseveral
sentences{s1,...,sn}.

3.2 ParagraphSelection

MostoftheparagraphsaredistractorsintheHot-
potQAtask(Yangetal.,2018).SRLGRNcan
selectgolddocumentsandminimizedistractors
fromgivenNdocumentsbyaParagraphSelec-
tionmodule.TheParagraphSelectionisbasedon
thepre-trainedBERTmodel(Devlinetal.,2018).
OurParagraphSelectionmodulehastworounds
explainedinsection3.2.1andsection3.2.2.

3.2.1 FirstRoundParagraphSelection

Foreverycandidateparagraph,wetaketheques-
tionqandtheparagraphcontentCasinput:

Q1=[[CLS];q;[SEP];C], (1)

whereQ1representstheinput,[CLS]and[SEP]are
thesameasBERTtokenizerprocess(Devlinetal.,
2018). WefeedinputQ1toapre-trainedBERT
encodertoobtaintokenrepresentations.Thenwe
useBERT[CLS]tokenrepresentationasthesum-
maryrepresentationoftheparagraph.Meanwhile,
weutilizeatwo-layerMLPtooutputtherelevance
score,ysel.Theparagraphwhichobtainsthehigh-
estrelevancescoreisselectedasthefirstrelevant
context.Weconcatenateqtotheselectedparagraph
asqnewforthenextroundofparagraphselection.

3.2.2 SecondRoundParagraphSelection

FortheremainingN−1candidateparagraphs,we
usethesamemodelasfirstroundparagraphselec-
tiontogeneratearelevancescorethattakesqnew
andparagraphcontentasinput. Wecallthispro-
cessassecondroundparagraphselection.Similar
tosection3.2.1,oneoftheremainingcandidate
paragraphswiththehighestscoreisselected.Af-
terwards,weconcatenatethequestionandthetwo
selectedparagraphstoformanewcontextusedas
theinputtextforgraphconstruction.

3.3 HeterogeneousSRLGraphConstruction

Webuildaheterogeneousgraphthatcon-
tainsdocument-levelsub-graphSandargument-
predicateSRLsub-graphArgforeachdatain-
stance.Inthegraphconstructionprocess,the
documentlevelsub-graphSincludesquestionq,
titlet1andsentencess

1,...,n
1 fromfirstroundse-

lectedparagraph,andtitlet2andsentencess
1,...,n
2

fromthesecondroundselectedparagraph,that
is{q,t1,s

1
1,...,s

n
1,t2,s

1
2,...,s

n
2} ∈ S. The

argument-predicateSRLsub-graphsArg,includ-
ingargumentsasnodesandthepredicatesasedges,
aregeneratedusingAllenNLP-SRLmodel(Shi
andLin,2019).Eachargumentnodeisthecon-
catenationofargumentphraseandargumenttype,
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Figure3:AnexampleofHeterogeneousSRLGraph.Thequestionis“WhoisyoungerKeithBosticorJerry
Glanville?”Thecirclesshowthedocument-levelnodes,i.e.,sentences.Thebluesquaresshowtheargument
nodes.Theargumentnodesincludeargumentphraseandargumenttypeinformation.Thesolidblacklinesare
semanticedgesbetweentwoargumentscarryingthepredicateinformation.Theblackdashedlinesshowtheedges
betweensentencenodesandargumentnodes.Thereddashedlinesshowtheedgesbetweentwosentencesif
thereexistsasharedargument(basedonexactstringmatch).TheorangeblocksaretheSRLargument-predicate
sub-graphsforsentences.sjimeansthej-thsentencefromthei-thparagraph.

including“TEMPORAL”,“LOC”,etc.

Figure3describestheconstructionofthehetero-
geneousgraph.Theheterogeneousgraph’sedges
areaddedasfollows:1)Therewillbeanedgebe-
tweenasentenceandanargumentifanargument
appearsinthissentence(theblackdashedlinesin
Figure3);2)Twosentencessiandsjwillhave
anedgeiftheyshareanargumentbyexactmatch-
ing(thereddashedlines);3)Twoargumentnodes
ArgiandArgjwillhaveanedgeifapredicateex-
istsbetweenArgiandArgj(theblacksolidlines);
4)Therewillbeanedgebetweenthequestionand
sentenceiftheyshareanargument(thereddashed
lines).

Figure3showsanexampleofaheterogeneous
SRLgraph.s21ands

2
2areconnectedbecauseof

asharedargumentnode“aformerfootballplayer:
ARG”.Besides,thesharedargumentnodehassev-
eralsemanticedges,suchas“played”and“be-
came”.Inthisway,thesharedargumentnodeand
otherconnectedargumentnodeshaveargument-
predicaterelationships.

Wecreatetwomatricesbasedontheconstructed
graphthatwewilluseinsection3.4. Webuilda
predicate-basedsemanticedgematrixKandahet-
erogeneousedgeweightmatrixA.Thesemantic
edgematrixKisamatrixthatstoresthewordin-
dexofthepredicates.Weinitializealltheelements
ofKwithempty,∅.IftwoargumentnodesArgi
andArgjrelatedtothesamepredicate,weadd
thatpredicatewordindextoK(Argi,Argj).Some-
times,ArgiandArgjarerelatedtomorethanone
predicate.

Inthemeantime,theheterogeneousedgeweight

matrixAisamatrixthatstoresdifferenttypes
ofedgeweights. Wedividetheedgesinto
threetypes:sentence-argumentedges,argument-
argumentedges,andsentence-sentenceedges.

Theweightofasentence-sentenceedgeis1
whentwosentencesshareanargument. Mean-
while,theweightofasentence-argumentedgeis
1ifthereexistsanedgebetweenasentenceand
anargument.Iftwoargumentnodeshaveanedge,
theweightcanbecalculatedbypoint-wisemutual
information(PMI)(Bouma,2009).Thereason
weusePMIisthatitcanbetterexplainassocia-
tionsbetweennodescomparedtothetraditional
co-occurrencecountmethod(Yaoetal.,2019).

3.4 GraphEncoder

Section3.3introducesthedetailedprocessofbuild-
ingaheterogeneousgraph.Next,weintroducethe
GraphConvolutionNetwork(KipfandWelling,
2017)toobtainthegraphembeddings.GraphCon-
volutionNetwork(GCN)isamulti-layernetwork
thatusesthegraphinputdirectlyandgenerates
embeddingvectorsofthegraph.

Besides,GCNplaysanessentialroleinincorpo-
ratinghigher-orderneighborhoodnodesandhelps
incapturingthestructuralgraphinformation.The
SRLgraphusesthesemanticstructureofthesen-
tencetoformthegraphnodesandsemanticedges,
makingtheGCN’srepresentationmoreexplain-
able.Forinstance,theGCNnodevectorsofdocu-
mentlevelsub-graphhelpinfindingthesupporting
factpath,whileGCNnodevectorsofargument-
predicatelevelsub-graphhelpinidentifyingthe
textspanofthepotentialanswers.Inthiswork,
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weconsideratwo-layerGCNtoallowmessage
passingoperationsandlearnthegraphembeddings.
Thegraphembeddingsarecomputedasfollows:

E1=(D
−1
2AD−

1
2)[XArg;XS]W1, (2)

G=(D−
1
2AD−

1
2)f(E1)W2, (3)

whereE1andGaregraphembeddingoutputs
oftwoGCNlayersthatincorporatehigher-order
neighborhoodnodesbystackingGCNlayers.f(x)
isanactivationfunction,Disthedegreematrix
ofthegraph(KipfandWelling,2017),Aisthe
heterogeneousedgeweightmatrix,andW1and
W2arethelearnedparameters.Xrepresentsnode
embeddings,includingargument-predicateembed-
dingXArgandsentenceembeddingXS.Notice
thateachargumentembeddingXiArgisthecon-

catenationoftheargumentnodeArgiembedding
andtheaverageembeddingofKiArg.GivenG,we
useGStorepresentdocumentlevelnodeembed-
dings,andGArgtorepresentargument-predicate
levelnodeembeddings.

q s3 s5 Done

SFhiddenstate

!"#$%&'+('

Outputpath

q s2

s3

s4

s5

h1 h2 h3 h4

null

W W W

U U U U

V V V V

q )* )+ Done

SFhiddenstates

!"#$%&'+('

Outputpath

q ),

)*

)-

)+

h1 h2 h3 h4
W W W

U U U U

V V V V

3.5 SupportingFactPrediction

Figure4:AnexampleofSupportingFactPrediction.

Thegoalofsupportingfact(SF)predictionis
tofindtheSFthatisnecessarytoarriveatthe
answer.InspiredbyAsaietal.,weutilizeRNN
withabeamsearchtofindthebestdocument-level
SFpath.Thisapproachturnsouttobeeffective
forselectingtheSFreasoningpath.Noticethat,
oursupportingfactpredictionisnotonlybasedon
BERTandRNN,butalsoincorporatesdocument
levelgraphnodeembeddingsGS.

Formally,weusetheconcatenationofthegraph
sentenceembedding,GS(bluecirclesinFigure4),
andBERT’s[CLS]tokenrepresentation(orange
circles)torepresentthecandidatesentenceXcandS :

XcandS =[GcandS ;BERT[CLS](q,Scand)], (4)

whereScandrepresentstheneighborsofthecandi-
datesentence.Afterwards,twofeed-forwardfully

connectedlayerswithactivationfunctionsdeter-
minewhetherscandisanactualSF.Theprocessof
selectinganSFisshownasfollows:

ht=σ(Wht−1+UX
cand
S +bh), (5)

ot=Vht+bo, (6)

wherehtisthehiddenstateoftheRNNatthet-th
SFreasoningstep,σistheactivationfunction.W,
U,V,bhandboaretheparameters.

Finally,weusethebeamsearchtooutputSF
paths,choosingthehighestscoredpathasourfinal
supportingfactanswerySF:

ySF=argmax
1≤t≤T

ot, (7)

whereTisthemaximumnumberofreasoninghops.
Wepenalizewiththecross-entropyloss. More
detailsaredescribedinsection3.7.

Figure4showsanexampleofthepredictedSF
process.Basedontheconstructedheterogeneous
graph,twosentencenodeshaveanedgeifthey
shareanargument. Westartfromquestionnode
qasthefirstinputsentence.Sinceqisaunique
input,weselectqasthefirstSFcandidate.Inthe
secondstep,twocandidatesentencenodes,s2and
s3thatareneighbornodesofq,arechosenasthe
input. Weseparatelyfeeds2ands3totheRNN
layers.Thesentences3thatobtainsalargerlogit
scoreisselectedasthesecondSFcandidateofthe
reasoningpath.Inthethirdstep,s4ands5are
neighbornodesofthesecondSF,s3.Thenthe
modelchoosess5asthethirdSF.Intheend,s1,s3,
ands5arethesupportingfacts.

3.6 AnswerSpanPrediction

Thegoaloftheanswerspanpredictionmodule
istooutput“yes”,“no”,oranswerspanforthe
finalanswer. Wefirstlydesignananswertype
classificationbasedonBERTandanadditional
twofullyconnectedfeed-forwardlayers.Ifthe
highestprobabilityoftypeclassificationis“yes”
or“no”,wedirectlyoutputtheanswer.Theinput
oftypeclassificationisBERT[CLS].Theanswer
typeytypecanbecalculatedas

ytype=MLPtype([BERT[CLS]]).

Iftheanswerisnot“yes”or“no”,wecompute
thelogitofeverytokentofindthestartpositioni
andendpositionjforanswerspan.Thelogitiscal-
culatedusingBERTastheinputgiventotwofully
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connectedlayers.Theinputtokenrepresentation
istheconcatenationofBERTtokenrepresentation
BERTtokandgraphembeddingGArg.Thean-
swerspanyanscanbecomputedas

yans=argmax
i,j,i≤j

yistarty
j
end, (8)

yistart=MLPstart([BERT
i
tok;G

i
Arg]), (9)

yiend=MLPend([BERT
i
tok;G

i
Arg]), (10)

whereyansistheindexpairof(startposition,end
position),yistartrepresentsthelogitscoreofthe
i-thwordasthestartposition,andyiendrepresents
thelogitscoreofthei-thwordastheendposition.

3.7 ObjectiveFunction

InspiredbyXiaoetal.andTuetal.,thejointob-
jectivefunctionincludesthesumofcross-entropy
lossesforthespanpredictionLans,answertype
classificationLtype,andsupportingfactprediction
LSF.Thelossfunctioniscomputedasfollows:

Ljoint=Lans+LSF+Ltype

=λ1(−ystartlogystart−yendlogyend)

−λ2ySFlogySF−λ3ytypelogytype,

whereλ1,λ2,andλ3areweightingfactors.

4 ExperimentsandResults

4.1 Dataset

WeusetheHotpotQAdataset(Yangetal.,2018),a
popularbenchmarkformulti-hopQAtask,forthe
mainevaluationoftheSRLGRN.Specifically,two
sub-tasksareincludedinthisdataset:Answerpre-
dictionandSupportingfactsprediction.Foreach
sub-task,exactmatch(EM)andpartialmatch(F1)
aretwoofficialevaluationsthatfollowtheworkof
Rajpurkaretal..AjointEMandF1scoreareused
tomeasurethefinalperformanceofbothanswer
andsupportingfactprediction. Weevaluatethe
modelontheDistractorSetting.Foreachquestion
intheDistractorSetting,twogoldparagraphsand
8distractorparagraphs,whicharecollectedbya
high-qualityTF-IDFretrieverfromWikipedia,are
provided.Onlygoldparagraphsincludeground-
truthanswersandsupportingfacts.Inaddition,we
useMRCdatasets,StanfordQuestion-Answering
Dataset(SQuAD)v1.1(Rajpurkaretal.,2016)and
v2.0(Rajpurkaretal.,2018),todemonstratethe
languageunderstandingabilityofourmodel.

4.2 ImplementationDetails

WeimplementedSRLGRNusingPyTorch2. We
useapre-trainedBERT-baselanguagemodelwith
12layers,768-dimensionalhiddensize,12self-
attentionheads,andaround110Mparameters(De-
vlinetal.,2018).Wekeep256wordsasthemax-
imumnumberofwordsforeachparagraph.For
thegraphconstructionmodule,weutilizeaseman-
ticrolelabelingmodel(ShiandLin,2019)from
AllenNLP3toextractthepredicate-argumentstruc-
ture.Forthegraphencodermodule,weuse300-
dimensionalGloVe(Penningtonetal.,2014)pre-
trainedwordembedding.Themodelisoptimized
usingAdamoptimizer(KingmaandBa,2015).

4.3 Baselines

BaselineModel (Yangetal.,2018)makesuse
ofClarkandGardnerapproach.Themodelin-
cludessomeneuralmodulesthatarebasedonself-
attentionandbi-attention(Seoetal.,2017).

DFGN (Xiaoetal.,2019)isastrongbaseline
methodfortheHotpotQAtask.DFGNbuildsan
entitygraphfromthetext. Moreover,DFGNin-
cludesadynamicfusionlayerthathelpsinfinding
relevantsupportingfacts.

SAE (Tuetal.,2019)isaneffectiveSelect,An-
swerandExplainsystemformulti-hopQA.SAEis
apipelinesystemthatfirstselectstherelevantpara-
graphandusestheselectedparagraphtopredict
theanswerandthesupportingfact.

4.4 Results

Table1showstheresultsofHotpotQA(Distractor
setting).WecanobservetheSRLGRNmodelex-
ceedsmostpublishedresults.Ourmodelobtainsa
JointExactMatching(EM)scoreof39.41%and
PartialMatching(F1)scoreof66.37%onjoint
performance.OurSRLGRNmodelhasasignif-
icantimprovement,about28.58%onJointEM
and26.21%onF1,overtheBaselineModel(Yang
etal.,2018).Comparedtothecurrentpublished
stateoftheart,SAEmodel(Tuetal.,2019),our
modelimprovesEMabout2.29%andF1about
2.56%onAnswerperformanceand1.41%ofF1
onJointperformance. WecanobservethatF1
ofanswerspanpredictionisbetterthanthecur-
rentSOTA.Thereasonisthatourmodelnotonly

2Ourcodeisavailableathttps://github.com/
HLR/SRLGRN.

3https://demo.allennlp.org/
semantic-role-labeling.

https://github.com/HLR/SRLGRN
https://github.com/HLR/SRLGRN
https://demo.allennlp.org/semantic-role-labeling.
https://demo.allennlp.org/semantic-role-labeling.
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Model
Ans(%) Sup(%) Joint(%)
EM F1 EM F1 EM F1

BaselineModel(Yangetal.,2018) 45.60 59.02 20.32 64.49 10.83 40.16
KGNN(Yeetal.,2019) 50.81 65.75 38.74 76.79 22.40 52.82
QFE(Nishidaetal.,2019) 53.86 68.06 57.75 84.49 34.63 59.61
DecompRC(Minetal.,2019) 55.20 69.63 - - - -
DFGN(Xiaoetal.,2019) 56.31 69.69 51.50 81.62 33.62 59.82

TAP 58.63 71.48 46.84 82.98 32.03 61.90
SAE-base(Tuetal.,2019) 60.36 73.58 56.93 84.63 38.81 64.96
ChainEx(Chenetal.,2019) 61.20 74.11 - - - -
HGN-base(Fangetal.,2019) - 74.76 - 86.61 - 66.90

SRLGRN-base 62.65 76.14 57.30 85.83 39.41 66.37

Table1:HotpotQAResultonDistractorsetting.ExceptBaselinemodel,allmodelsdeployBERT-baseuncasedas
thepre-traininglanguagemodeltocomparetheperformance.

usestoken-levelBERTrepresentation,butalsouses
graph-levelSRLnoderepresentations.

Ourframeworkprovidesaneffectivewayfor
multi-hopreasoningtakingtheadvantagesofthe
SRLgraphmodelandpowerfulpre-trainedlan-
guagemodels.Inthefollowingsection,wegivea
detailedanalysisoftheSRLGRNmodel.

5 Analysis

EffectofSRLGraph. TheSRLgraphextracts
argument-predicaterelationships,includingin-
depthsemanticrolesandsemanticedges. The
constructedgraphisthebasisofreasoningasthein-
putsofeachhoparedirectlyselectedfromtheSRL
graph,asshowninFigure4.TheSRLgraphsignif-
icantlyimprovesthecompletenessofthegraphnet-
work,thatis,providingsufficientsemanticedges
tocoverreasoningpaths,seeFigure3.

ComparedtotheNERgraphinthepreviousmod-
els(Xiaoetal.,2019),theproposedSRLgraph
coversthe86.5%ofcompletereasoningpathsfor
thedatasamples.TheNERgraphofDFGNis
incompleteandcanonlycover68.7%oftherea-
soningpaths(Xiaoetal.,2019).Thegraphcom-
pletenessisonemajorreasonthattheSRLGRN
modelhashigheraccuracythanotherpublished
models.AsshowninTable1,theSRLGRNim-
proves5.79%onjointEMand6.55%onjointF1
overDFGN,whichisbasedontheNERgraph.

Ablation Model
Ans(%)
EM F1

Graph
w/ograph 53.06 67.68

w/oArgumenttype
andSemanticedge 60.10 73.24

Joint w/ojointtraining 58.50 71.58

Language
ALBERT-base 59.87 74.20
BERT-base 62.65 76.14

Table2:SRLGRNablationstudyonHotpotQA.

Toevaluatetheeffectivenessofthetypesofse-
manticrolesandtheedgetypes,weperforman
ablationstudy.First,weremovedthewholeSRL
graph.Second,weremovedthepredicatebased
edgeinformationfromtheSRLgraph.Table2
showstheresults. ThecompleteSRLGRNim-
proves8.46%onF1scorecomparedtothemodel
withouttheSRLgraph.Themodellosesthecon-
nectionsusedformulti-hopreasoningifweremove
theSRLgraphandonlyuseBERTforanswerpre-
diction.

WealsoobservethattheF1scoreofanswerspan
predictiondecreases2.9%ifwedidnotincorpo-
ratesemanticedgeinformationandargumenttypes.
Thereasonisthatremovingpredicateedgesand
argumenttypeswilldestroytheargument-predicate
relationshipsintheSRLgraphandbreaksthechain
ofreasoning.Forexample,inFigure3,themain
argumentsofthetwosupportingfactsins21ands

2
2

(WilliamandJerry)areconnectedwithapredicate
edge,“born”,tothetemporalinformationneces-
saryforfindingtheanswer.Both“born”edgeand
theadjuncttemporalrolesarethekeyinformation
inthetwosentencestofindthefinalanswertothis
question.ThesharedARGnode,“footballplayer”,
alsohelpstoconnectthelineofreasoningbetween
thetwosentences.Thesetworesultsindicatethat
bothsemanticrolesandsemanticedgesintheSRL
graphareessentialfortheSRLGRNperformance.

Inadifferentexperiment,wetestedtheinflu-
enceofthejointtrainingofthesupportingfacts
andanswer-prediction.AsshowninTable2,the
performancewilldecreaseby4.56%whenwedid
nottrainthemodeljointly.

EffectofLanguageModels. Weusetworecent
andwidely-usedpre-trainedlanguagerepresenta-
tionmodels,BERTandALBERT(Lanetal.,
2020). ThelasttwolinesofTable2showthe
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results. AlthoughBERTachievesrelativelybet-
terperformance,ALBERTarchitecturehassignifi-
cantlyfewerparameters(18x)andisfaster(about
1.7xrunningtime)thanBERT.Inotherwords,AL-
BERTreducesmemoryconsumptionbycross-layer
parametersharing,increasesthespeed,andobtains
asatisfactoryperformance.

EffectofSRLGRNonSingle-hop QA. We
evaluatetheSRLGRN(excludingtheparagraphse-
lectionmodule)onSQuAD(Rajpurkaretal.,2016)
todemonstrateitsreadingcomprehensionability.
WeevaluatetheperformanceonbothSQuADv1.1
andSQuADv2.0. Table3describesthecom-
parisonresultswithseveralbaselinemethodson
SQuADv1.1.Ourmodelobtainsa1.8%improve-
mentoverBERT-large,anda1.6%improvement
overBERT-large+TriviaQA(Devlinetal.,2018).

Model
Ans(%)
EM F1

Human 82.3 91.2
BERT-base 80.8 88.5
BERT-large 84.1 90.9

BERT-large+TriviaQA 84.2 91.1
BERT-large+SRLGRN 85.4 92.7

Table3:SQuADv1.1performance.

WefurthertesttheSRLGRNonSQuADv2.0.The
maindifferenceisthatSQuADv2.0combinesan-
swerablequestions(likeSQuADv1.1)withunan-
swerablequestions(Rajpurkaretal.,2018).Ta-
ble4showsthatourproposedapproachimproves
theperformanceforSQuADbenchmarkcompared
toseveralrecentstrongbaselines.

Model
Ans(%)
EM F1

Human 86.3 89.0
ELMo+DocQA(Rajpurkaretal.,2018) 65.1 67.6
BERT-large(Devlinetal.,2018) 78.7 81.9
SemBERT(Zhangetal.,2019) 84.8 87.6
BERT-large+SRLGRN 85.8 87.9

Table4:SQuADv2.0performance.

WerecognizethatourSRLGRNimproves7.1%
onEMcomparedtotherobustBERT-largemodel
andimproves1.0%onEMcomparedtoSem-
BERT(Zhangetal.,2019).Thetwoexperiments
onSQuADv1.1andSQuADv2.0demonstratethe
significanceofSRLgraphandthegraphencoder.

ErrorType ModelPrediction Label

Synonyms

washingtondc districtofcolumbia
sars severeacute

respiratorysyndrome
ey ernstyoung
writer author

MLV
australian australia
hessian hessians

mcdonald’s,co mcdonalds

Month-Year
1946 1945

25,november,2015 3,december
10,july,1873 1,september,1864

Number
11 10
fourth 4
2402 5922

External Coker NCAAI
Knowledge FBSfootball

Other
taylor,swift usher
film documentary

fourteenth 500thepisode

Table5:ErrortypesonHotpotQAdevset.

6 ErrorAnalysis

Synonyms arethemostfrequentcauseofthe
reportederrorsinmanycaseswherethepredicted
answerissemanticallycorrect.Asshowninthe
firstrowoftheTable5,ourpredictedanswerand
goldlabelhavethesamemeaning.Forexample,
SRLGRNpredicts”sars”,whilethelabelis”severe
acuterespiratorysyndrome.”Weknowthat”sars”
istheabbreviationofthegoldlabel.

MinorLexicalVariation(MLV) isanotherma-
jorcauseofmistakesintheSRLGRNmodel.As
showninthesecondrowofTable5,ourmodel’s
predictedansweris”australian”,whilethegold
labelis”australia”.Manywrongpredictionsoccur
inthesingularnounversuspluralnounselection.

ParagraphSelection isasmallportionoferrors
intheSRLGRNmodel.AsshowninFigure5,the
modelchoosesawrongparagraph“43rdBattalion”.
Thereasonisthat“43rdBattalion”isadistractor
although“43rd”appearsinthequestion.Thepara-
graph“SaturdayNightLive”isthecorrectrelevant
paragraphthatincludes“forty-thirdseason”and
theanswer.Toresolvethisissueinthefuture,we
willtrytocombineourmodelwithanIRsystem
designedformulti-hopQAsimilartotheMulti-step
entity-centricmodelformulti-hopQAin(Godbole
etal.,2019).

ComparisonandBridge aretwotypesofrea-
soningthatareneededforansweringHotpotQA
questions.“Bridge”reasoningpredictstheanswer
byconnectingargumentstothelineofreasoning
thatleadstothefinalanswer.“Comparison”rea-
soningpredictstheanswer(thatis,yes,no,ora
textspan)bycomparingtwoarguments.
SRLGRNsometimesobtainswrongpredictions

inthe“Comparison”reasoningwhenthequestions
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Question: Luke Null is an actor who was on the program that premiered its 43rd season on which date? 
Wrong Paragraph Selection:  1. Luke Null    2. 43rd Battalion (Australia)
Label Paragraphs Selection:  1. Luke Null    2. Saturday Night Live
SupportingFacts:
1.Luke Null is an American actor, comedian, and singer, who currently works as a cast member on "Saturday Night Live", 
having joined the show at the start of its forty-third season.
2.The forty-third season of the NBC comedy series "Saturday Night Live" premiered on September 30, 2017 with host Ryan 
Gosling and musical guest Jay-Z during the 2017-2018 television season.
Answer: September 30, 2017

Wrong 
Paragraph
Selection

Question: Who is younger, Wayne Coyne or Toshiko Koshijima? 
SupportingFacts:
1. Wayne Michael Coyne (born January 13, 1961) is an American musician.
2. Toshiko Koshijima( , KoshijimaToshiko , born March 3, 1980 in Kanazawa, Ishikawa) is a Japanese singer. 
Wrong Answer: Wayne Coyne 
Answer: Toshiko Koshijima
Question: What Division was the college football team that fired their head coach on November 24, 2006? 
SupportingFacts:
1. The 2006 Miami Hurricanes football team represented the University of Miami during the 2006 NCAA I FBS football season.
2. Coker was fired by Miami on November 24, 2006 following his sixth loss that season.
Wrong Answer: Coker
Label Answer: NCAA I FBS football

Comparison

Bridge

.6
5:Coker was fired by Miami on 
November 24, 2006.

Coker :ARG

fi
r
e

.6
5

q:What Division was the college football team 
that fired their head coach on November 24, 2006

November 24, 
2006 :TEMPORAL

head coach :ARG
fire

7

.5
5:The 2006 Miami Hurricanes football team represented the 
University of Miami during the 2006 NCAA I FBS football season.

Miami Hurricanes 
football team :ARG

2006: TEMPORAL

NCAA I FBS football 
season:LOC

represent

.5
5

University of 
Miami : ARG

represent

represent

fire

fire

Miami :ARGthe college football 
team :ARG

Figure5:FailingcasesonourproposedSRLGRNframework.

Figure6:The“Bridge”failingcasethatSRLfailsto
leadtothecorrectanswer.Themeaningofdifferent
linesandnodecolorsarethesameasFigure3.

arerelatedto“Month-year”and“Number”.Our
qualitativeerroranalysisshowedthatSRLGRN
graphleadstoawronganswerwhentwoormore
argumentnodesofasametype,suchas“TEM-
PORAL”type,areconnectedtoonenodeinthe
graph. Moreover, WenoticethattheSRLGRN
sometimesmakesinconsistenterrors.Forexample,
inthe“Comparison”failingcasesofFigure5,we
predictthewronganswer“WayneCoyne”.How-
ever,wereceivedthecorrectanswerafterreplacing
theword“younger”with“older”.

Moreover,the“Bridge”typeneedsexternal
knowledgeintheHotpotQAtask.Asisshownin
“Bridge”failingcasesofFigure5,theselectedpara-
graphsdonotshowtherelationbetween“Coker”
and“MiamiHurricanesfootballteam”.Figure6de-
scribestheSRLconstructionbasedonthisfailing
case.Thesecondsupportingfactandthequestion

havethesametemporalargumentnode“November
24,2006”.However,thereisnochainbetweenthe
firstsupportingfactandthesecondsupportingfact
duetothelackoftheexternalknowledgethatcan
connect“Coker”,“coach”and“MiamiHurricanes
footballteam”.Therefore,theisolatedreasoning
chainleadstoawronganswer.

7 Conclusion

Weproposedanovelsemanticrolelabelinggraph
reasoningnetwork(SRLGRN)todealwithmulti-
hopQA.Thebackbonegraphofourproposed
graphconvolutionalnetwork(GCN)iscreated
basedonthesemanticstructureofthesentences.
Increatingtheedgesandnodesofthegraph,we
exploitasemanticrolelabelingsub-graphforeach
sentenceandconnectthecandidatesupporting
facts. Thecrossparagraphargument-predicate
structureofthesentencesexpressedinthegraph
providesanexplicitrepresentationofthereason-
ingpathandhelpsinbothfindingandexplaining
themultiplehopsofreasoningthatleadtothefi-
nalanswer.SRLGRNexceedsmostoftheSOTA
resultsontheHotpotQAbenchmark. Moreover,
weevaluatethemodel(excludingtheparagraph
selectionmodule)onotherreadingcomprehension
benchmarks.Ourapproachachievescompetitive
performanceonSQuADv1.1andv2.0.

Acknowledgments

ThisprojectissupportedbyNationalScienceFoun-
dation(NSF)CAREERaward#1845771and(par-
tially)supportedbytheOfficeofNavalResearch
grant#N00014-19-1-2308. Wethanktheanony-
mousreviewersfortheirthoughtfulcomments.



8890

References

AkariAsai,KazumaHashimoto,HannanehHajishirzi,
RichardSocher,andCaimingXiong.2020.Learn-
ingtoretrievereasoningpathsoverwikipediagraph
forquestionanswering.InICLR.

GerlofBouma.2009. Normalized(pointwise)mutual
informationincollocationextraction.Proceedings
ofGSCL,pages31–40.

NicolaDeCao, WilkerAziz,andIvanTitov.2019.
Questionansweringbyreasoningacrossdocuments
withgraphconvolutionalnetworks.InNAACL-HLT.

JifanChen,Shih-TingLin,andGregDurrett.2019.
Multi-hopquestionansweringviareasoningchains.
ArXiv,abs/1910.02610.

ChristopherClarkand MattGardner.2018. Simple
andeffectivemulti-paragraphreadingcomprehen-
sion.InACL.

JacobDevlin, Ming-WeiChang, KentonLee,and
KristinaToutanova.2018.Bert:Pre-trainingofdeep
bidirectionaltransformersforlanguageunderstand-
ing.InNAACL-HLT.

BhuwanDhingra,QiaoJin,ZhilinYang, William W.
Cohen,andRuslanSalakhutdinov.2018. Neural
modelsforreasoningovermultiplementionsusing
coreference.InNAACL-HLT.

MatthewDunn,LeventSagun,MikeHiggins,V.Ugur
G̈uney,VolkanCirik,andKyunghyunCho.2017.
Searchqa:Anewqadatasetaugmentedwithcontext
fromasearchengine.ArXiv,abs/1704.05179.

YuweiFang,SiqiSun,ZheGan,RohitPillai,Shuohang
Wang,andJingjingLiu.2019. Hierarchicalgraph
networkformulti-hopquestionanswering.ArXiv,
abs/1911.03631.

AmeyaGodbole,D.Kavarthapu,R.Das,ZhiyuGong,
A.Singhal,HamedZamani,MoYu,TianGao,Xi-
aoxiaoGuo, M.Zaheer,andA. McCallum.2019.
Multi-stepentity-centricinformationretrievalfor
multi-hopquestionanswering.InMRQA@EMNLP.

ChaoyuGuan,YuhaoCheng,andZhaoHai.2019.Se-
manticrolelabelingwithassociatedmemorynet-
work.InNAACL-HLT.

LuhengHe,KentonLee,OmerLevy,andLukeZettle-
moyer.2018.Jointlypredictingpredicatesandargu-
mentsinneuralsemanticrolelabeling.InACL.

LuhengHe,KentonLee,MikeLewis,andLukeZettle-
moyer.2017. Deepsemanticrolelabeling: What
worksandwhat’snext.InACL.

MandarJoshi,EunsolChoi,DanielS.Weld,andLuke
Zettlemoyer.2017.Triviaqa:Alargescaledistantly
supervisedchallengedatasetforreadingcomprehen-
sion.InACL.

DiederikP.KingmaandJimmyBa.2015. Adam:A
methodforstochasticoptimization.InICLR.

ThomasN.Kipfand Max Welling.2017. Semi-
supervisedclassificationwithgraphconvolutional
networks.InInternationalConferenceonLearning
Representations(ICLR).

ZhenzhongLan, MingdaChen,SebastianGoodman,
KevinGimpel,PiyushSharma,andRaduSoricut.
2020. Albert:Alitebertforself-supervisedlearn-
ingoflanguagerepresentations.InICLR.

ChristopherD.Manning,MihaiSurdeanu,JohnBauer,
JennyRoseFinkel,StevenBethard,andDavidMc-
Closky.2014.Thestanfordcorenlpnaturallanguage
processingtoolkit.InACL.

Diego Marcheggiani,AntonFrolov,andIvanTitov.
2017.Asimpleandaccuratesyntax-agnosticneural
modelfordependency-basedsemanticrolelabeling.
InCoNLL.

SewonMin,VictorZhong,LukeZettlemoyer,andHan-
nanehHajishirzi.2019. Multi-hopreadingcompre-
hensionthroughquestiondecompositionandrescor-
ing.InACL.

KosukeNishida,KyosukeNishida, MasaakiNagata,
AtsushiOtsuka,ItsumiSaito,HisakoAsano,and
JunjiTomita.2019.Answeringwhilesummarizing:
Multi-tasklearningformulti-hopqawithevidence
extraction.InACL.

JeffreyPennington,RichardSocher,andChristopherD.
Manning.2014.Glove:Globalvectorsforwordrep-
resentation.InEMNLP.

PranavRajpurkar,RobinJia,andPercyLiang.2018.
Knowwhatyoudon’tknow: Unanswerableques-
tionsforsquad.InACL.

PranavRajpurkar,JianZhang,KonstantinLopyrev,and
PercyLiang.2016.Squad:100,000+questionsfor
machinecomprehensionoftext.InEMNLP.

MinjoonSeo,AniruddhaKembhavi,AliFarhadi,and
HannanehHajishirzi.2017.Bidirectionalattention
flowformachinecomprehension.InICLR.

PengShiandJimmyLin.2019.Simplebertmodelsfor
relationextractionandsemanticrolelabeling.arXiv
preprintarXiv:1904.05255.

LinfengSong,Zhiguo Wang, MoYu, YueZhang,
RaduFlorian,andDanielGildea.2018a.Exploring
graph-structuredpassagerepresentationformulti-
hopreadingcomprehensionwithgraphneuralnet-
works.ArXiv,abs/1809.02040.

LinfengSong,YueZhang,ZhiguoWang,andDaniel
Gildea.2018b.Agraph-to-sequencemodelforamr-
to-textgeneration.InACL.

ZhixingTan,MingxuanWang,JunXie,YidongChen,
andXiaodongShi.2018.Deepsemanticrolelabel-
ingwithself-attention.InAAAI.



8891

MingTu,KevinHuang,GuangtaoWang,JingHuang,
XiaodongHe,andBufangZhou.2019.Select,an-
swerandexplain:Interpretablemulti-hopreading
comprehensionovermultipledocuments.InAAAI.

PetarVelickovic,GuillemCucurull,ArantxaCasanova,
AdrianaRomero,PietroLìo,andYoshuaBengio.
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