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Abstract

Thispaperproposesaquestion-answering
(QA)benchmarkforspatialreasoningonnat-
urallanguagetextwhichcontainsmorereal-
isticspatialphenomenanotcoveredbyprior
workandischallengingforstate-of-the-art
languagemodels(LM).Weproposeadistant
supervisionmethodtoimproveonthistask.
Specifically,wedesigngrammarandreason-
ingrulestoautomaticallygenerateaspatialde-
scriptionofvisualscenesandcorresponding
QApairs.Experimentsshowthatfurtherpre-
trainingLMsontheseautomaticallygenerated
datasignificantlyimprovesLMs’capabilityon
spatialunderstanding,whichinturnhelpsto
bettersolvetwoexternaldatasets,bAbI,and
boolQ.Wehopethatthisworkcanfosterinves-
tigationsintomoresophisticatedmodelsfor
spatialreasoningovertext.

1 Introduction

Spatialreasoningisacognitiveprocessbased
ontheconstructionof mentalrepresentations
forspatialobjects,relations,andtransforma-
tions(ClementsandBattista,1992),whichis
necessaryformanynaturallanguageunderstand-
ing(NLU)taskssuchasnaturallanguagenavi-
gation(Chenetal.,2019;RomanRomanetal.,
2020;Kimetal.,2020),human-machineinterac-
tion(Landsiedeletal.,2017;RomanRomanetal.,
2020),dialoguesystems(Udagawaetal.,2020),
andclinicalanalysis(DattaandRoberts,2020).

Modernlanguagemodels(LM),e.g.,BERT(De-
vlinetal.,2019),ALBERT(Lanetal.,2020),and
XLNet(Yangetal.,2019)haveseengreatsuc-
cessesinnaturallanguageprocessing(NLP).How-
ever,therehasbeenlimitedinvestigationintospa-
tialreasoningcapabilitiesofLMs.Tothebestof
ourknowledge,bAbI(Westonetal.,2015)(Fig9)
istheonlydatasetwithdirecttextualspatialques-
tionanswering(QA)(Task17),butitissynthetic

∗WorkwasdonewhileattheAllenInstituteforAI.

andoverlysimplified:(1)Theunderlyingscenes
arespatiallysimple,withonlythreeobjectsand
relationsonlyinfourdirections.(2)Thestories
forthesescenesaretwoshort,templatedsentences,
eachdescribingasinglerelationbetweentwoob-
jects.(3)Thequestionstypicallyrequireupto
two-stepsreasoningduetothesimplicityofthose
stories.
Toaddresstheseissues,thispaperproposesa
newdataset,SPARTQA1(seeFig.1).Specifically,
(1)SPARTQAisbuiltonNLVR’s(Suhretal.,2017)
imagescontainingmoreobjectswithricherspatial
structures(Fig.1b).(2)SPARTQA’sstoriesare
morenatural,havemoresentences,andricherin
spatialrelationsineachsentence.(3)SPARTQA’s
questionsrequiredeeperreasoningandhavefour
types:findrelation(FR),findblocks(FB),choose
object(CO),andyes/no(YN),whichallowsfor
morefine-grainedanalysisofmodels’capabilities.
Weshowedannotatorsrandomimagesfrom

NLVR,andinstructedthemtodescribeobjectsand
relationshipsnotexhaustivelyatthecostofnatu-
ralness(Sec.3).Intotal,weobtained1.1kunique
QApairannotationsonspatialreasoning,evenly
distributedamongtheaforementionedtypes.Simi-
lartobAbI,wekeepthisdatasetinrelativelysmall
scaleandsuggesttouseaslittletrainingdataas
possible.ExperimentsshowthatmodernLMs(e.g.,
BERT)donotperformwellinthislow-resource
setting.
Thispaperthusproposesawaytoobtaindistant
supervisionsignalsforspatialreasoning(Sec.4).
Asspatialrelationshipsarerarelymentionedinex-
istingcorpora,wetakeadvantageofthefactthat
spatiallanguageisgroundedtothegeometryofvi-
sualscenes.Weareabletoautomaticallygenerate
storiesforNLVRimages(Suhretal.,2017)via
ournewlydesignedcontextfreegrammars(CFG)
andcontext-sensitiverules.Intheprocessofstory
generation,westoretheinformationaboutallob-

1SPAtialReasoningonTextualQuestionAnswering.
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QUESTIONS:
FB:	Which	block(s)	has	a	medium	thing	that	is	below	a	black	square?	A,	B,	C

FB:	Which	block(s)	doesn't	have	any	blue	square	that	is	to	the	left	of	a	medium	square?	A,	B

FR:	What	is	the	relation	between	the	medium	black	square	which	is	in	block	C	and	the	medium	square	that	is	below	a

medium	black	square	that	is	touching	the	bottom	edge	of	a	block?	Left

CO:	Which	object	is	above	a	medium	black	square?	the	medium	black	square	which	is	in	block	C	or	medium	black

square	number	two?	medium	black	square	number	two

YN:	Is	there	a	square	that	is	below	medium	square	number	two	above	all	medium	black	squares	that	are	touching	the

bottom	edge	of	a	block?	Yes

STORY:			

We	have	three	blocks,	A,	B	and	C.	Block	B	is	to	the	right	of	block	C	and	it	is	below	block	A.	Block	A	has	two	black
medium	squares.	Medium	black	square	number	one	is	below	medium	black	square	number	two	and	a	medium	blue
square.	It	is	touching	the	bottom	edge	of	this	block.	The	medium	blue	square	is	below	medium	black	square	number
two.	Block	B	contains	one	medium	black	square.	Block	C	contains	one	medium	blue	square	and	one	medium	black
square.	The	medium	blue	square	is	below	the	medium	black	square.

A

C
B

Described image

choose some objects and
relations randomly and add
relationship between blocks

NLVR image

(a)Anexamplestoryandcorrespondingquestionsandanswers.

(b)AnexampleNLVRimageandthescenecreatedinFig.1a,wheretheblocksintheNLVRimagearerearranged.

Figure1:ExamplefromSPARTQA(specificallyfromSPARTQA-AUTO)

jectsandrelationships,suchthatQApairscanalso
begeneratedautomatically.IncontrasttobAbI,
weusevariousspatialrulestoinfernewrelation-
shipsintheseQApairs,whichrequiresmorecom-
plexreasoningcapabilities.Hereafter,wecallthis
automatically-generateddatasetSPARTQA-AUTO,
andthehuman-annotatedoneSPARTQA-HUMAN.

Experimentsshowthat,byfurtherpretrainingon
SPARTQA-AUTO,weimproveLMs’performance
onSPARTQA-HUMANbyalargemargin.2The
spatially-improvedLMsalsoshowstrongerper-
formanceontwoexternalQAdatasets,bAbIand
boolQ(Clarketal.,2019):BERTfurtherpretrained
onSPARTQA-AUTOonlyrequireshalfofthetrain-
ingdatatoachieve99%accuracyonbAbIascom-
paredtotheoriginalBERT;onboolQ’sdevelop-
mentset,thismodelshowsbetterperformancethan
BERT,with2.3%relativeerrorreduction.3

2FurtherpretrainingLMshasbecomeacommonprac-
ticeandbaselinemethodfortransferringknowledgebetween
tasks(Phangetal.,2018;Zhouetal.,2020).Weleavemore
advancedmethodsforfuturework.

3Tothebestofourknowledge,thetestsetorleaderboard
ofboolQhasnotbeenreleasedyet.

Ourcontributionscanbesummarizedasfol-
lows.First,weproposethefirsthuman-curated
benchmark,SPARTQA-HUMAN,forspatialrea-
soningwithricherspatialphenomenathantheprior
syntheticdatasetbAbI(Task17).

Second,weexploitthescenestructureofimages
anddesignnovelCFGsandspatialreasoningrules
toautomaticallygeneratedata(i.e.,SPARTQA-
AUTO)toobtaindistantsupervisionsignalsfor
spatialreasoningovertext.

Third,SPARTQA-AUTOprovestobearich
sourceofspatialknowledgethatimprovedtheper-
formanceofLMsonSPARTQA-HUMANaswellas
ondifferentdatadomainssuchasbAbIandboolQ.

2 Relatedwork

Questionansweringisausefulformattoevalu-
atemachines’capabilityofreadingcomprehen-
sion(Gardneretal.,2019)andmanyrecentworks
havebeenimplementingthisstrategytotestma-
chines’understandingoflinguisticformalisms:He
etal.(2015);Michaeletal.(2018);Levyetal.
(2017);Jiaetal.(2018);Ningetal.(2020);Du



andCardie(2020).AnimportantadvantageofQA
isusingnaturallanguagetoannotatenaturallan-
guage,thushavingtheflexibilitytogetannotations
oncomplexphenomenasuchasspatialreasoning.
However,spatialreasoningphenomenahavebeen
coveredminimallyintheexistingworks.

Tothebestofourknowledge,Task17ofthe
bAbIproject(Westonetal.,2015)istheonlyQA
datasetfocusedontextualspatialreasoning(exam-
plesinAppendixF).However,bAbIissynthetic
anddoesnotreflectthecomplexityofthespatial
reasoninginnaturallanguage.SolvingTask17
ofbAbItypicallydoesnotrequiresophisticated
reasoning,whichisanimportantcapabilityempha-
sizedbymorerecentworks(e.g.,Duaetal.(2019);
Khashabietal.(2018);Yangetal.(2018);Dasigi
etal.(2019);Ningetal.(2020)).

Spatialreasoningisarguablymoreprominentin
multi-modalQAbenchmarks,e.g.,NLVR(Suhr
etal.,2017),VQA(Antoletal.,2015),GQA(Hud-
sonandManning,2019),CLEVR(Johnsonetal.,
2017).However,thosespatialreasoningphenom-
enaaremostlyexpressednaturallythroughimages,
whilethispaperfocusesonstudyingspatialrea-
soningonnaturallanguage.Someotherworkson
visual-spatialreasoningarebasedongeographi-
calinformationinsidemapsanddiagrams(Huang
etal.,2019)andnavigationalinstructions(Chen
etal.,2019;Andersonetal.,2018).

Asanotherapproachtoevaluatespatialreason-
ingcapabilitiesofmodels,adatasetproposedin
GhanimifardandDobnik(2017)generatesasyn-
thetictrainingsetofspatialsentencesandevaluates
themodels’abilitytogeneratespatialfactsandsen-
tencescontainingcompositionanddecomposition
ofrelationsongroundedobjects.

3 SPARTQA-HUMAN

TomitigatetheaforementionedproblemsofTask
17ofbAbI,i.e.,simplescenes,stories,andques-
tions,wedescribethedataannotationprocessof
SPARTQA-HUMAN,andexplainhowthoseprob-
lemswereaddressedinthissection.

First,werandomlyselectedasubsetofNLVR
images,eachofwhichhasthreeblockscontaining
multipleobjects(seeFig1b).Thescenesshownby
theseimagesaremorecomplicatedthanthosede-
scribedbybAbIbecause(1)therearemoreobjects
inNLVRimages;(2)thespatialrelationshipsin
NLVRarenotlimitedtojustfourrelativedirections
asobjectsareplacedarbitrarilywithinblocks.

Figure2:For“Abluecircleisaboveabigtriangle.To
theleftofthebigtriangle,thereisasquare,”iftheques-
tionis:“Isthesquaretotheleftofthebluecircle?”,the
answerisneitherYesnorNo.Thus,thecorrectanswer
is“DonotKnow”(DK)inoursetting.

Second,twostudentvolunteersproducedtex-
tualdescriptionofthoseobjectsandtheircorre-
spondingspatialrelationshipsbasedontheseim-
ages. Sincetheblocksarealwayshorizontally
alignedineachNLVRimage,toallowformore
flexibility,annotatorscouldalsorearrangethese
blocks(seeFig.1a).Relationshipsbetweenob-
jectswithinthesameblockcantaketheformsof
relativedirection(e.g.,leftorabove),qualitative
distance(e.g.,nearorfar),andtopologicalrelation-
ship(e.g.,touchingorcontaining).

However,weinstructedtheannotatorsnottode-
scribeallobjectsandrelationships,(1)toavoidun-
necessarilyverbosestories,and(2)tointentionally
misssomeinformationtoenablemorecomplexrea-
soninglater.Therefore,annotatorsdescribeonlya
randomsubsetofblocks,objects,andrelationships.

Toquerymoreinterestingphenomena,annota-
torswerethenencouragedtowritequestionsrequir-
ingdetectingrelationsandreasoningoverthem
usingmultiplespatialrules. Aspatialrulecan
beoneofthetransitivity(A→ B,B→ C⇒
A→ C),symmetry(A→ B⇒ B→ A),con-
verse((A,R,B)⇒(B,reverse(R),A)),inclu-
sion(obj1inA),andexclusion(obj1notinB)
rules.

Therearefourtypesofquestions(Q-TYPE).(1)
FR:findrelationbetweentwoobjects.(2)FB:find
theblockthatcontainscertainobject(s).(3)CO:
choosebetweentwoobjectsmentionedintheques-
tionthatmeetscertaincriteria.(4)YN:ayes/no
questionthattestsifaclaimonspatialrelationship
holds.

FB,FR,andCOquestionsareformulatedas
multiple-choicequestions4andreceivealistofcan-
didateanswers,andYNquestions’answerischoos-
ingfromYes,No,or“DK”(DonotKnow).The
“DK”optionisduetotheopen-worldassumption
ofthestories,whereifsomethingisnotdescribed

4COcanbeconsideredasbothsingle-choiceandmultiple-
choicesquestion.



Sets FB FR YN CO Total

SPARTQA-HUMAN:
Test 104 105 194 107 510
Train 154 149 162 151 616

SPARTQA-AUTO:
SeenTest 3872 3712 3896 3594 15074
UnseenTest 3872 3721 3896 3598 15087
Dev 3842 3742 3860 3579 15023
Train 23654 23302 23968 22794 93673

Table1:NumberofquestionsperQ-TYPE

inthetext,itisnotconsideredasfalse(SeeFig.2).

Finally,annotatorswereabletocreate1.1kQA
pairsonspatialreasoningonthegenerateddescrip-
tions,distributedamongtheaforementionedtypes.
Weintentionallykeepthisdatainarelativelysmall
scaleduetotworeasons.First,therehasbeensome
consensusinourcommunitythatmodernsystems,
giventheirsufficientlylargemodelcapacities,can
easilyfindshortcutsandoverfitadatasetifpro-
videdwithalargetrainingdata(Gardneretal.,
2020;SenandSaffari,2020).Second,collecting
spatialreasoningQAsisverycostly:Thetwoan-
notatorsspent45-60minsonaveragetocreatea
singlestorywith8-16QApairs.Weestimatethat
SPARTQA-HUMANcostedabout100humanhours
intotal.Theexpertperformanceon100examples
ofSPARTQA-HUMAN’stestsetmeasuredbytheir
accuracyofansweringthequestionsis92%across
fourQ-TYPEsonaverage,indicatingitshighqual-
ity.

4 DistantSupervision:SPARTQA-AUTO

Sincehumanannotationsarecostly,itisimpor-
tanttoinvestigatewaystogeneratedistantsuper-
visionsignalsforspatialreasoning.However,un-
likeconventionaldistantsupervisionapproaches
(e.g.,Mintzetal.(2009);Zengetal.(2015);Zhou
etal.(2020))wheredistantsupervisiondatacan
beselectedfromlargecorporabyimplementing
specializedfilteringrules,spatialreasoningdoes
notappearofteninexistingcorpora.Therefore,
similartoSPARTQA-HUMAN,wetakeadvantage
ofthegroundtruthofNLVRimages,designCFGs
togeneratestories,andusespatialreasoningrules
toaskandanswerspatialreasoningquestions.This
automaticallygenerateddataiscalledSPARTQA-
AUTO,andbelowwedescribeitsgenerationpro-
cessindetail.

Storygeneration SinceNLVRcomeswithstruc-
tureddescriptionsofthegroundtruthlocations
ofthoseobjects,wewereabletochooserandom

blocksandobjectsfromeachimageprogrammat-
ically.Thebenefitistwo-fold.First,arandom
selectionofblocksandobjectsallowsustocre-
atemultiplestoriesforeachimage;second,this
randomnessalsocreatesspatialreasoningopportu-
nitieswithmissinginformation.

Oncewedecideonasetofblocksandobjects
tobeincluded,wedeterminetheirrelationships:
Thoserelationshipsbetweenblocksaregenerated
randomly;asforthosebetweenobjects,werefer
tothegroundtruthoftheseimagestodetermine
them.
Nowwehaveascenecontainingasetofblocks
andobjectsandtheirassociatedrelationships.To
produceastoryforthisscene,wedesignCFGsto
producenaturallanguagesentencesthatdescribe
thoseblocks/objects/relationshipsinvariousex-
pressions(seeFig.3fortwoportionsofourCFG
describingrelativeandnestedrelationsbetween

The	big	black	shape	is	above	the	medium	triangle.

S								<Article>	<Object>	is	<Relation>	<Article>	<Object>.

Article													the	|	a
Relation											above	|	left	|	…
Object														<Size>*	<Color>*	<Shape|	Ind_shape>
Size																			small	|	medium	|	big
Color																yellow	|	blue	|	black
Shape																square	|	triangle	|	circle
Ind_shape									shape	|	object	|	thing

objects).

The	big	black	shape	is	above	the	object	that	is
to	the	right	of	the	medium	triangle

S								<Article>	<Object>	is	<Relation>	<Article>
<Object>.

Object								<Size>*	<Color>*	<Shape|	Ind_shape>	|
																	<Ind_shape>	that	is	<Relation>	<Object>

(a)Partofthegrammardescribingrelationsbetweenobjects

(b)Partofthegrammardescribingnestedrelationships.

Figure3:TwopartsofourdesignedCFG

Beinggroundedtovisualscenesguaranteesspa-
tialcoherencyinastory,andusingCFGshelpsto
havecorrectsentences(grammatically)andvarious
expressions.Wealsodesigncontext-sensitiverules
tolimitedoptionsforeachCFG’svariablebased
onthechosenentities(e.g.blackcircle),orwhatis
describedintheprevioussentences(e.g.BlockA
hasacircle.Thecircleisbelowatriangle.)

Questiongeneration Togeneratequestions
basedonapassage,therearerule-basedsys-



Left	(obj1	,	obj2)
Touching	(obj2	,	obj3)
Right	(obj4	,	obj2)

?	(obj1	,	obj4)
left	̂	left	=>	left

Left	(obj1	,	obj4)

Obj1

Obj2Obj3Obj4

Obj3

left

~right	=	left

1

Obj4

2

3

Figure4:Findtheimplicitrelationbetweenobj1and
obj4byTransitivityrule.(1)Findasetofobjectsthat
havearelationwithobj1.Continuethesameprocess
onthenewsetuntilobj4isfound.(2)Gettheunion
oftheintermediaterelationsbetweenthesetwoobjects
anditisthefinalanswer.

tems(HeilmanandSmith,2009;Labutovetal.,
2015),neuralnetworks(Duetal.,2017),andtheir
combinations.(DholeandManning,2020).How-
ever,inourapproach,duringgeneratingeachstory,
theprogramstorestheinformationabouttheenti-
tiesandtheirrelationships.Thus,withoutprocess-
ingtherawtext,whichiserror-prone,wegenerate
questionsbyonlylookingatthestoreddata.

Thequestiongenerationoperatesbasedonfour
primaryfunctionalities,Choose-objects,Describe-
objects,Find-all-relations, andFind-similar-
objects.Thesemodulesareresponsibletocontrol
thelogicalconsistency,correctness,andthenum-
berofstepsrequiredforreasoningineachquestion.

Choose-objectsrandomlychoosesuptothree
objectsfromthesetofpossibleobjectsinastory
underasetofconstraintssuchaspreventingselec-
tionofsimilarobjects,orexcludingobjectswith
relationsthataredirectlymentionedinthetext.

Describe-Objectsgeneratesamentionphrasefor
anobjectusingpartsofitsfullname(presentedin
thestory).Thegeneratedphraseiseitherpoint-
ingtoauniqueobjectoragroupofobjectssuch
as"thebigcircle,"or"bigcircles."Todescribea
uniqueobject,itchoosesanattributeoragroup
ofattributesthatapplytoauniqueobjectamong
othersinthestory.Toincreasethestepsofreason-
ing,thedescriptionmayincludetherelationshipof
theobjecttootherobjectsinsteadofusingadirect
uniquedescription.Forexample,"thecirclewhich
isabovetheblacktriangle."

Find-all-relationscompletestherelationship
graphbetweenobjectsbyapplyingasetofspa-
tialrulessuchastransitivity,symmetry,converse,
inclusion,andexclusionontopofthedirectrela-
tionsdescribedinthestory.AsshowninFig.4,it
doesanexhaustivesearchoverallcombinationsof
therelationsthatlinktwoobjectstoeachother.

Find-similar-objects findsallthe mentions
matchingadescriptionfromthequestiontoobjects

inthestory.Forinstance,forthequestion"isthere
anybluecircleabovethebigbluetriangle?",this
modulefindsallthementionsinthestorymatching
thedescription“abluecircle”.

SimilartotheSPARTQA-HUMAN,weprovide
fourQ-TYPEsFR,FB,CO,andYN.Togener-
ateFRquestions,wechoosetwoobjectsusing
Choose-objectsmoduleandquestiontheirrelation-
ships.TheYNQ-TYPEissimilartoFR,butthe
questionspecifiesonerelationshipofinterestcho-
senfromallrelationextractedbyFind-all-relations
moduletobequestionedabouttheobjects.Since
mostofthetime,Yes/Noquestionsaresimpler
problems,wemakethisquestiontypemorecom-
plexbyaddingquantifiers(adding“all”and“any”).
Thesequantifiershelptoevaluatesthemodels’ca-
pabilitytoaggregaterelationsbetweenmorethan
twoobjectsinthestoryanddothereasoningover
allfindrelationstofindthefinalanswer.InFB
Q-TYPE,wementionanobjectbyitsindirectre-
lationtoanotherobjectusingthenestedrelation
inDescribe-objectsmoduleandasktofindthe
blockscontainingornotcontainingthisobject.Fi-
nally,theCOquestionselectsananchorobject
(Choose-objects)andspecifiesarelationship(us-
ingFind-all-relations)inthequestion.Twoother
objectsarechosenascandidatestocheckwhether
thespecifiedrelationshipholdsbetweenthemand
theanchorobject.Wetendtoforcethealgorithmto
chooseobjectsascandidatesthatatleasthaveone
relationshiptotheanchorobject.Toseemorede-
tailsaboutdifferentquestion’templatesseeTable
7intheAppendix.

Answergeneration Wecomputealldirectand
indirectrelationshipsbetweenobjectsusingFind-
all-relationsfunctionandbasedontheQ-TYPEs
generatethefinalanswer.

Forinstance,inYNQ-TYPEiftheaskedrelation
existsinthefoundrelations,theansweris"Yes",
iftheinverserelationexistsitmustbe"No",and
otherwise,itis"DK"5.

4.1 CorpusStatistics

Wegeneratethetrain,dev,andtestsetsplitsbased
onthesamesplitsoftheimagesintheNLVR
dataset. Onaverage,eachstorycontains9sen-
tences(Min:3,Max:22)and118tokens(Min:66,

5TheSPARTQA-AUTOgenerationcodeandthefileof
datasetareavailableathttps://github.com/HLR/
SpartQA_generation

https://github.com/HLR/SpartQA_generation
https://github.com/HLR/SpartQA_generation


Max:274).Also,theaveragetokensofeachques-
tion(onallQ-TYPE)is23(Min:6,Max:57).
Table1showsthetotalnumberofeachquestion

typeinSPARTQA-AUTO(CheckAppendixtosee
morestatisticinformationaboutthelabelsinTab
8.)

5 ModelsforSpatialReasoningover
Language

Thissectiondescribesthemodelarchitectureson
differentQ-TYPEs:FR,YN,FB,andCO.AllQ-
TYPEscanbecastintoasequenceclassification
task,andthethreetransformer-basedLMstested
inthispaper,BERT(Devlinetal.,2019),ALBERT
(Lanetal.,2020),andXLNet(Yangetal.,2019),
canallhandlethistypeoftasksbyclassifyingthe
representationof[CLS],aspecialtokenprepended
toeachtargetsequence(seeAppendixE).Depend-
ingontheQ-TYPE,theinputsequenceandhow
wedoinferencemaybedifferent.
FRandYNbothhaveapredefinedlabelsetas
candidateanswers,andtheirinputsequencesare
boththeconcatenationofastoryandaquestion.
WhiletheanswertoaYNquestionisasinglelabel
chosenfromYes,No,andDK,FRquestionscan
havemultiplecorrectanswers.Therefore,wetreat
eachcandidateanswertoFRasanindependent
binaryclassificationproblem,andtaketheunion
asthefinalanswer.AsforYN,wechoosethelabel
withthehighestconfidence(Fig8b).
AsthecandidateanswerstoFBandCOarenot
fixedanddependoneachstoryanditsquestion
theinputsequencestotheseQ-TYPEsarecon-
catenatedwitheachcandidateanswer.Sincethe
definedYNandFRmodelhasmoderatelylessac-
curateresultsonFBandCOQ-TYPEs,weadda
LSTM(HochreiterandSchmidhuber,1997)layer
toimproveit.Hence,tofindthefinalanswer,we
runthemodelwitheachcandidateanswerandthen
applyanLSTMlayerontopofalltokenrepresen-
tations.Then,weusethelastvectoroftheLSTM
outputsforclassification(Fig8a).Thefinalan-
swersareselectedbasedonEq.(1).

xi=[s,ci,q]

Ti=[ti1,...,t
i
mi
]=LM(xi)

[hi1,...,h
i
mi]=LSTM(Ti)

yi=[y
0
i,y
1
i]=Softmax(h

iT

miW))

Answer={ci|argmax
j
(yji)=1}

(1)

wheresisthestory,ciisthecandidateanswer,qis
thequestion,[]indicatestheconcatenationofthe
listedvectors,andmiistokens’numberinxi.The
parametervector,W,issharedforallcandidates.

5.1 TrainingandInference

Wetrainthemodelsbasedonthesummationof
thecross-entropylossesofallbinaryclassifiersin
thearchitecture.ForFRandYNQ-TYPEs,there
aremultipleclassifiers,whilethereisonlyone
classifierusedforCOandFBQ-TYPEs.
Weremoveinconsistentanswersinpost-
processingforFRandYNQ-TYPEsduringin-
ferencephase.ForinstanceonFR,leftandright
relationsbetweentwoobjectscannotbevalidat
thesametime.ForYN,asthereisonlyonevalid
answeramongstthethreecandidates,weselectthe
candidatewiththemaximalpredictedprobability
ofbeingthetrueanswer.

6 Experiments

Asfine-tuningLMshasbecomeacommonbase-
lineapproachtoknowledgetransferfromasource
datasettoatargettask,includingbutnotlimited
toPhangetal.(2018);Zhouetal.(2020);Heetal.
(2020b),westudythecapabilityofspatialreason-
ingofmodernLMs,specificallyBERT,ALBERT,
andXLNet,afterfine-tuningthemonSPARTQA-
AUTO.Thisfine-tuningprocessisalsoknownas
furtherpretraining,todistinguishwiththefine-
tuningprocessonone’stargettask.Itisanopen
problemtofindoutbettertransferlearningtech-
niquesthansimplefurtherpretraining,assuggested
inHeetal.(2020a);Khashabietal.(2020),which
isbeyondthescopeofthiswork. Allexperi-
mentsusethemodelsproposedinSec.5. We
useAdamW(LoshchilovandHutter,2017)with
2×10−6learningrateandFocalLoss(Linetal.,
2017)withγ=2fortrainingallthemodels.6

6.1 FurtherpretrainingonSPARTQA-AUTO
improvesspatialreasoning

Table2showsperformanceonSPARTQA-HUMAN
inalow-resourcesetting,where0.6kQApairs
fromSPARTQA-HUMANareusedforfine-tuning
theseLMsand0.5kfortesting(seeTable1for
informationonthissplit).7Duringourannotation,
wefoundthatthedescriptionof“nearto”and“far

6Allcodesareavailableathttps://github.com/
HLR/SpartQA-baselines

7Notethislow-resourcesettingcanalsobeviewedasa
spatialreasoningprobetotheseLMs(Tenneyetal.,2019).

https://github.com/HLR/SpartQA-baselines
https://github.com/HLR/SpartQA-baselines


# Model FB FR CO YN Avg

1 Majority 28.84 24.52 40.18 53.60 36.64

2 BERT 16.34 20 26.16 45.36 30.17
3 BERT(Storiesonly;MLM) 21.15 16.19 27.1 51.54 32.90
4 BERT(SPARTQA-AUTO;MLM) 19.23 29.54 32.71 47.42 34.88
5 BERT(SPARTQA-AUTO) 62.5 46.66 32.71 47.42 47.25

6 Human 91.66 95.23 91.66 90.69 92.31

Table2:FurtherpretrainingBERTonSPARTQA-AUTOimprovesaccuraciesonSPARTQA-HUMAN.All
systemsarefine-tunedonthetrainingdataofSPARTQA-HUMAN,butSystems3-5arealsofurtherpretrainedin
differentways.System3:furtherpretrainedonthestoriesfromSPARTQA-AUTOasamaskedlanguagemodel
(MLM)task.System4:furtherpretrainedonbothstoriesandQAannotationsasMLM.System5:theproposed
modelthatisfurtherpretrainedonSPARTQA-AUTOasaQAtask.Avg:Themicro-averageonallfourQ-TYPEs.

from”varieslargelybetweenannotators.Therefore,
weignorethesetworelationsfromFRQ-TYPEin
ourevaluations.
InTable2,System5,BERT(SPARTQA-AUTO),
istheproposedmethodoffurtherpretraining
BERTonSPARTQA-AUTO. Wecanseethat
System2,theoriginalBERT,performsconsis-
tentlylowerthanSystem5,indicatingthathav-
ingSPARTQA-AUTOasafurtherpretrainingtask
improvesBERT’sspatialunderstanding.

Model F1
Majority 35

BERT 50
BERT(Storiesonly;MLM) 53
BERT(SPARTQA-AUTO;MLM) 48
BERT(SPARTQA-AUTO) 48

Table3:SwitchingfromaccuracyinTable2toF1
showsthatthemodelsareallperformingbetterthan
themajoritybaselineonYNQ-TYPE.

Inaddition,weimplementanothertwobaselines.
System3,BERT(Storiesonly;MLM):furtherpre-
trainingBERTonlyonthestoriesofSPARTQA-
AUTOasamaskedlanguagemodel(MLM)task;
System4,BERT(SPARTQA-AUTO;MLM):we
converttheQApairsinSPARTQA-AUTOintotex-
tualstatementsandfurtherpretrainBERTonthe
textasanMLM(seeFig.5foranexampleconver-
sion).
Toconverteachquestionanditsanswerintoa

sentence,weutilizestatictemplatesforeachques-
tiontypewhichremovesthequestionwordsand
rearrangesotherpartsintoasentence.
WecanseethatSystem3slightlyimprovesover
System2,anobservationconsistentwithmany
priorworksthatseeingmoretextgenerallyhelps
anLM(e.g.,Gururanganetal.(2020

A big circle is above a triangle. A blue square is
below the triangle.

What is the relation between the circle and the
blue object?
Answer: Above

A big circle is above a triangle. A blue square is
below the triangle. The circle is [MASK] the blue
object.
Answer: Above

)).Thesignif-

Figure5:Convertatripletof(paragraph,question,an-
swer)intoasinglepieceoftextfortheMLMtask.

icantgapbetweenSystem3andtheproposedSys-
tem5indicatesthatsupervisionsignalscomemore
fromourannotationsinSPARTQA-AUTOrather
thanfromseeingmoreunannotatedtext.System4
isanotherwaytomakeuseoftheannotationsin
SPARTQA-AUTO,butitisshowntobenotasef-
fectiveasfurtherpretrainingBERTonSPARTQA-
AUTOasaQAtask.

WhiletheproposedSystem5overallperforms
betterthantheotherthreebaselinesystems,oneex-
ceptionisitsaccuracyonYN,whichislowerthan
thatofSystem3.Sinceallsystems’YNaccuracies
arealsolowerthanthemajoritybaseline8,wehy-
pothesizethatthisisduetoimbalanceddata.To
verifyit,wecomputetheF1scoreforYNQ-TYPE
inTable3,whereweseeallsystemseffectively
achievebetterscoresthanthemajoritybaseline.
However,furtherpretrainingBERTonSPARTQA-
AUTOstilldoesnotbeatotherbaselinesystems,
whichimpliesthatstraightforwardpretrainingis
notnecessarilyhelpfulincapturingthecomplex
reasoningphenomenarequiredbyYNquestions.

Thehumanperformanceisevaluatedon100ran-

8whichpredictsthelabelthatismostcommonineachset
ofSPARTQA



# Models
FB FR CO YN

Seen Unseen Human* Seen Unseen Human* Seen Unseen Human* Seen Unseen Human*

1 Majority 48.70 48.70 28.84 40.81 40.81 24.52 20.59 20.38 40.18 49.94 49.91 53.60

2 BERT 87.13 69.38 62.5 85.68 73.71 46.66 71.44 61.09 32.71 78.29 76.81 47.42
3 ALBERT 97.66 83.53 56.73 91.61 83.70 44.76 95.20 84.55 49.53 79.38 75.05 41.75
4 XLNet 98.00 84.85 73.07 94.60 91.63 57.14 97.11 90.88 50.46 79.91 78.54 39.69

5 Human 85 91.66 90 95.23 94.44 91.66 90 90.69

Table4:Spatialreasoningischallenging. Wefurtherpretrainthreetransformer-basedLMs,BERT,ALBERT,
andXLNet,onSPARTQA-AUTO,andtesttheiraccuracyinthreeways:SeenandUnseenarebothfromSPARTQA-
AUTO,whereUnseenhasappliedminormodificationstoitsvocabulary;togetthoseHumancolumns,allmodels
arefine-tunedonSPARTQA-HUMAN’strainingdata.HumanperformanceonSeenandUnseenisthesamesince
thechangesappliedtoUnseendoesnotaffecthumanreasoning.

domquestionsfromeachSPARTQA-AUTOand
SPARTQA-HUMANtestset.Therespondentsare
graduatestudentsthatweretrainedbysomeexam-
plesofthedatasetbeforeansweringthefinalques-
tions. WecanseefromTable2thatallsystems’
performancesfallbehindhumanperformanceby
alargemargin. Weexpandonthedifficultyof
SPARTQAinthenextsubsection.

6.2 SPARTQAischallenging

InadditiontoBERT,wecontinuetotestanother
twoLMs,ALBERTandXLNet(Table5). We
furtherpretraintheseLMsonSPARTQA-AUTO,
andtestthemonSPARTQA-HUMAN(thenum-
bersofBERTarecopiedfromTable2)andtwo
held-outtestsetsofSPARTQA-AUTO,Seenand
Unseen.Notethatwhenasystemistestedagainst
SPARTQA-HUMAN,itisfine-tunedonSPARTQA-
HUMAN’strainingdatafollowingitsfurtherpre-
trainingonSPARTQA-AUTO.Weusetheunseen
settotesttowhatextentthebaselinemodelsuse
shortcutsinthelanguagesurface.Thissetapplies
minormodificationsrandomlyonanumberofsto-
riesandquestionstochangethenamesofshapes,
colors,sizes,andrelationshipsinthevocabularyof
thestories,whichdonotinfluencethereasoning
steps(moredetailsinAppendixC.1).

AllmodelsperformworstinYNacrossallQ-
TYPEs,whichsuggeststhatYNpresentsamore
complexphenomena,probablyduetoadditional
quantifiersinthequestions. XLNetperforms
thebestonallQ-TYPEsexceptitsaccuracyon
SPARTQA-HUMAN’sYNsection.However,the
dropsinUnseenandhumansuggestoverfittingon
thetrainingvocabulary.Thelowaccuraciesonhu-
mantestsetfromallmodelsshowthatsolvingthis
benchmarkisstillachallengingproblemandre-
quiresmoresophisticatedmethodslikeconsidering
spatialrolesandrelationsextraction(Kordjamshidi

etal.,2010;Danetal.,2020;Rahgooyetal.,2018)
tounderstandstoriesandquestionsbetter.

Toevaluatethereliabilityofthemodels,wealso
providetwoextraconsistencyandcontrasttestsets.
Consistencysetismadebychangingapartofthe
questioninawaythatseeksforthesameinfor-
mation(HudsonandManning,2019;Suhretal.,
2019).Givenapivotquestionandanswerofaspe-
cificconsistencyset,answeringotherquestionsin
thesetdoesnotneedextrareasoningoverthestory.

Contrastsetismadebyminimalmodification
inaquestiontochangeitsanswer(Gardneretal.,
2020).Forcontrastsets,thereisaneedtogoback
tothestorytofindthenewanswerforthequestion’s
minorvariations(seeAppendixC.2forexamples.)
Theconsistencyandcontrastsetsareevaluatedonly
onthecorrectlypredictedquestionstocheckifthe
actualunderstandingandreasoningoccurs.This
ensuresthereliabilityofthemodels.

Table5showstheresultofthisevaluationon
fourQ-TYPEsofSPARTQA-AUTO,wherewecan
see,foranothertime,thatthehighscoresonthe
Seentestsetarelikelyduetooverfittingontraining
dataratherthancorrectdetectionofspatialterms
andreasoningoverthem.

6.3 Extrinsicevaluation

Inthissubsection,wetakeBERTasanexampleto
show,oncepretrainedonSPARTQA-AUTO,BERT
canachievebetterperformanceontwoextrinsic
evaluationdatasets,namelybAbIandboolQ.

WedrawthelearningcurveonbAbI,usingthe
originalBERTasabaselineandBERTfurtherpre-
trainedonSPARTQA-AUTO(Fig.6).Although
bothsystemsachieveperfectaccuracygivenlarge
enoughtrainingdata(i.e.,5kand10k),BERT
(SPARTQA-AUTO)isshowingbetterscoresgiven
lesstrainingdata.Specifically,toachieveanaccu-
racyof99%,BERT(SPARTQA-AUTO)requires



Models
FB FR CO YN

Consistency Consistency Contrast Consistency Contrast Consistency Contrast

BERT 69.44 76.13 42.47 16.99 15.58 48.07 71.41

AlBERT 84.77 82.42 41.69 58.42 62.51 48.78 69.19

XLNet 85.2 88.56 50 71.10 72.31 51.08 69.18

Table5:EvaluationofconsistencyandsemanticsensitivityofmodelsinTable4.Alltheresultsareonthecorrectly
predictedquestionsofSeentestsetofSPARTQA-AUTO.

Figure6:LearningcurveofBERTandBERTfurther
pretrainedonSPARTQA-AUTOonbAbI.

Model Accuracy

Majoritybaseline 62.2
Recurrentmodel(ReM) 62.2
ReMfine-tunedonSQuAD 69.8
ReMfine-tunedonQNLI 71.4
ReMfine-tunedonNQ 72.8

BERT(oursetup) 71.9
BERT(SPARTQA-AUTO) 74.2

Table6:SystemperformancesonthedevsetofboolQ
(sincethetestsetisnotavailabletous).Top:numbers
reportedin(Clarketal.,2019).Bottom:numbersfrom
ourexperiments. BERT(SPARTQA-AUTO):further
pretrainingBERTonSPARTQA-AUTOasaQAtask.

1ktrainingexamples,whileBERTrequirestwice
asmuch. WealsonoticethatBERT(SPARTQA-
AUTO)convergesfasterinourexperiments.

Asanotherevaluationdataset,wechoseboolQ
fortworeasons.First,weneededaQAdataset
withYes/Noquestions.ToourknowledgeboolQ
istheonlyavailableoneusedintherecentwork.
Second,indeed,SPARTQAandboolQarefromdif-
ferentdomains,however,boolQneedsmulti-step
reasoninginwhichwewantedtoseeifSPARTQA
helps.

Table6showsthatfurtherpretrainingBERTon
SPARTQA-AUTOyieldsabetterresultthanthe
originalBERTandthosereportednumbersinClark
etal.(2019),whichalsotestedonvariousdistant
supervisionsignalssuchasSQuAD(Rajpurkar
etal.,2016),Google’sNaturalQuestiondataset
NQ(Kwiatkowskietal.,2019),andQNLIfrom

GLUE(Wangetal.,2018).

WeobservethatmanyoftheboolQexamples
answeredcorrectlybytheBERTfurtherpretrained
onSPARTQA-AUTOrequiremulti-stepreasoning.
OurhypothesisisthatsincesolvingSPARTQA-
AUTOquestionsneedsmulti-stepreasoning,fine-
tuningBERTonSPARTQA-AUTOgenerallyim-
provesthiscapabilityofthebasemodel.

7 Conclusion

Spatialreasoningisanimportantprobleminnatu-
rallanguageunderstanding. Weproposethefirst
human-createdQAbenchmarkonspatialreason-
ing,andexperimentsshowthatstate-of-the-artpre-
trainedlanguagemodels(LM)donothavethecapa-
bilitytosolvethistaskgivenlimitedtrainingdata,
whilehumanscansolvethosespatialreasoning
questionsreliably.ToimproveLMs’capabilityon
thistask,weproposetousehand-craftedgrammar
andspatialreasoningrulestoautomaticallygener-
atealargecorpusofspatialdescriptionsandcor-
respondingquestion-answerannotations;further
pretrainingLMsonthisdistantsupervisiondataset
significantlyenhancestheirspatiallanguageun-
derstandingandreasoning. Wealsoshowthata
spatially-improvedLMcanhavebetterresultson
twoextrinsicdatasets(bAbIandboolQ).
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A QuestionTemplatesandstatistics
Information

Table7showsthetemplatesusedtocreateques-
tionsinSPARTQA-AUTO.The“<object>”isa
variablereplacedbyobjectsfromthestory(us-
ingChoose-objectsandDescribe-objectsmodules),
andthe“<relation>”variablecanbereplacedby
thechosenrelationsbetweenobjects(usingFind-
all-relationsmodule).
Thearticlesandtheindefinitepronounsineach
templateplayanessentialroleinunderstanding
thequestion’sobjective.Forexample,“Areall
bluecirclesneartoatriangle?”isdifferentfrom
“Arethereanybluecirclesneartoatriangle?”,and
“Arethereanybluecirclesneartoalltriangles?”.
Therefore,wechecktheuniquenessoftheobject
definition,using“a”or“the”inproperplacesand
randomlyplacetheterms“any”or“all”intheYN
questionstogeneratedifferentquestions.
Table8showsthepercentageofcorrectlabelsin

trainandtestsets.Inmulti-choiceQ-TYPEs,more
thanonelabelcanbetrue.

B SentencesoftheDataset

Table10showssomegeneratedsentencesin
SPARTQA-AUTOwithsomespecificfeaturesthat
challengemodelstounderstanddifferentformsof
relationdescriptioninspatiallanguage.

C AdditionalEvaluationSets

Herewedescribethreeextraevaluationsetspro-
videdwiththisdatasetinmoredetail,including
unseentest,consistency,andcontrastsets.

C.1 UnseenEvaluationSet

Weproposeanunseentestsetalongsidetheseen
testofSPARTQA-AUTOtocheckwhetheramodel
isusingshortcutsinthelanguagesurfacebyde-
scribingobjectsandrelationswithnewvocabular-
iesinthesamples.Thissethasminormodifications
thatshouldnotaffecttheperformanceofaconsis-
tentandreliablemodel.Themodificationsareran-
domlyappliedonanumberofgeneratedstoriesand
questionsandincludechangingnamesofshapes,
colors,sizes,andrelationships’names(describing
relationshipsusingdifferentlanguageexpressions).
ThemodificationchoicesaredescribedinTable9.

C.2 ContrastandConsistencyEvaluation

Forprobingtheconsistencyandsemanticsensitiv-
ityofmodels,weprovidetwoextraevaluationtest

sets,ConsistencyandContrast9.

Consistencysetismadebychangingpartsof
thequestioninawaythatitstillasksaboutthe
sameinformation(HudsonandManning,2019;
Suhretal.,2019).Forinstance,forthequestion,
“Whatistherelationbetweenthebluecircleand
thebigshape?Left,”wecreateasimilarquestion
intheformof“Whatistherelationbetweenthebig
shapeandthebluecircle?Right”.Answeringthese
questionsaroundapivotquestionispossiblefor
humanwithouttheneedforextrareasoningover
thestoryandbasedonthemainquestions’answer.
Hence,theevaluationonthissetshowsthatmodels
understandtherealunderlyingsemanticsrather
thanoverfitonthestructureofquestions.

Contrastset:Thissetismadebyminorchanges
inaquestionthatchangestheanswer(Gardner
etal.,2020).Asaninstance,inthequestion“Is
thebluecirclebelowtheblacktriangle?Yes,”we
createacontrastquestion“Isthebluecirclebelow
alltriangles?No”bychanging“theblacktrinagle”
to“alltriangles”.Theevaluationonthissetshows
therobustnessofthemodelanditssensitivitytothe
semanticchangeswhenthereareminorchangesin
thelanguagesurface10.

D ExtraAnnotations

AlongsidethemainSPARTQA-AUTO’sstoriesand
questionsweprovidedsomeextraannotationto
helpthemodelstounderstandthespatiallanguage
better.

D.1 DetailedAnnotationandScene-Graphs

Providingin-depthhumanannotationsisquiteex-
pensiveandtime-consuming.InSPARTQA-AUTO,
wegeneratedfine-grainedscene-graphbasedon
thestory.Thisscene-graphcontainsblocks’de-
scription,theirrelations,andtheobjects’attributes
alongsidetheirdirectrelationswitheachother.The
scene-graphscanbeusedforthemodelstounder-
standallspatialrelationsdirectlymentionedinthe
textualcontext.Figure7showsanexampleofthis
scene-graph.Thescene-graphcanprovidestrong
supervisionforquestionansweringchallengesand

9forsomequestions,itisnotpossibletogenerateacom-
plementaryset
10Basedontheoriginalcontrastsetpaper,consistencyand

contrastsetshouldbegeneratedmanuallytocontrolthese-
manticchange.Inourcasethatweareprobingthespatial
languageunderstandingofmodels,wemustchangepartsthat
affectspatialunderstanding,whichcanbeimplementedby
somestaticrules.



Q-Type Q-Templates Candidateanswer

FR whatistherelationbetween<object>and<object>?
Left,Right,Below,
Above,Touching,
Farfrom,Nearto

CO

Whatis<relation>the<object>?
an<object1>oran<object2>?

Whichobjectis<relation>an<object>?
the<object1>orthe<object2>?

Object1,object2,
Both,None

YN
Is(the|a)<object1><relation>(the|a)<object2>?
Isthereany<object1>s<relation>all<object2>s?

Yes,No,Don’tKnow

FB
Whichblockhasan<object>?
Whichblockdoesn’thavean<object>?

Nameofblocks,None

Table7:Questionsandanswerstemplates.

Figure7:Scene-graph

canbeusedtoevaluatemodelsbasedontheirsteps
ofreasoninganddecisions.

D.2 SpRLAnnotation

Wealsoprovidedspatialannotationsforeachsen-
tenceandquestion,basedonSpatialRoleLabeling
(SpRL)annotationscheme(Kordjamshidietal.,
2010)(Fig.11).Thisannotationisgeneratedby
hand-craftedrulesduringthemaindatageneration.
SpRLisusedforrecognizingspatialexpressions
andargumentsinasentence.Thisannotationisuse-
fulforapplicationsthatneedtodetectandreason
aboutspatialexpressionsandarguments.

E QALanguageModelsforSpatial
ReasoningoverText

Figures8aand8bdepictthearchitectureusedfor
furtherfine-tuninglanguagemodelsonSPARTQA
describedinsection5.

F bAbIandboolQDatasets

Figure9showsanexampleofthebAbIdataset(We-
stonetal.,2015)task17.

Tosolvetask17ofbAbI,weimplementtwo
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Figure8:LMQA

“The pink rectangle is below the red square. 
The red square is below the blue square.”
1. Is the red square below the pink rectangle? No
2. Is the pink rectangle below the blue square? Yes

forSpatialReasoningoverText

Figure9:AnexampleofbAbIdataset,task17.

SpRL+rule-basedmodelfirst,findsdifferentspa-



Q-TYPE CandidateAnswers train test

FR
(Multiple
Choices)

Left 20.7 17.9
Right 21.4 16.7
Above 26.9 25.4
Below 37.2 42.9
Nearto 5.8 2.9
Farfrom 1.3 0.56
Touching 0.57 0.27
DK 0.52 0.32

FB
(multiple
Choices)

A 49.8 49.4
B 50.1 50
C 35.1 62
[] 7.1 90.5

CO
(Single
choice)

Object1 25.4 26
Object2 25.3 24.9
Both 44.3 43.9
None 4.9 5.0

YN
(Single
choice)

Yes 53.3 50.5
No 18.7 23.6
DK 27.8 25.9

Table8:Thepercentageofeachcorrectlabelinallsam-
ples.*ThecandidateanswersfortheFBQ-TYPEcan
bevaried,basedonitsstory.**COcanbeconsidered
asamultiplechoiceorsinglechoicequestion. E.g.,
in"whichobjectisabovethetriangle?thebluecir-
cleortheblackcircle?"youcanconsidertwolabels
withbooleanclassificationoneach"bluecircle"and
"blackcircle"orconsideritasafourlabelsclassifica-
tion:"bluecircle,""blackcircle,""bothofthem,"and
"Noneofthem."***DK,None,[],allmeannoneof
theactuallabelsarecorrect.

tialrelationtriplets(Landmark,Spatial-indicator,
trajector)foreachfactinastorytheappliesspatial
rulesovertheseextractedtripletsandreportallpos-
siblerelationsbetweentwoaskedobjects.Finally,
itcheckswhethertheaskedrelationexistedinthe
findrelation.Thismodelsolvestask17ofthebAbI
with100%accuracy.

Toimplementtheneuralnetworkapproach,we
usehuggingfaceimplementationofpre-trained
BERT(Devlinetal.,2019). Weapplyaboolean
classifierontheoutputof“[CLS]”tokenfromthe
lastlayerofBERTmodelforeach“Yes”and“No”
answers(thesameasmodelusedonYNquestion
types.) WeuseAdamw(LoshchilovandHutter,
2017)optimizerand2e−6learningratewithneg-
ativelog-likelihoodlossobjectiveandtrainthe
modelonthe10k,5k,2k,1k,500,and100por-
tionofbAbI’strainingquestions.Themodelyields
100%accuracyon10k,and5kand99%accuracy

Type OriginalSet UnseenSet

Shapes
Square,Circle,
Triangle

Rectangle,Oval,
Diamond

Relations
Left,Right,
Above,Below

Leftside,
Rightside,
Top,Under

Colors
Yellow,Black,
Below

Green,Red,
White

Size
Small,
Medium,Big

Little,Midsize,
Large

Table9:Modificationsontheunseenset

on2kand1ktrainingsamples.
Figure10showsanexampleofboolQdataset.

ToAnsweringthequestionsofthisdataset,weuse
thesamesettingasneuralnetworkmodelonbAbI
tofurtherfine-tuneBERTonboolQ.

Figure10:AnexampleofboolQdataset.



Figure11:SpRLannotationforanexamplesentencefromSPARTQA.



Examples Features

BlockAisaboveBlockCandB. Usingconjunctiontodescriberelationbetween
morethantwoblocks.

Thesmallcircleisabovetheyellowsquareand
thebigblackshape.

Usingconjunctiontodescriberelationshipsbe-
tweenmorethantwoobjects.

Theyellowsquarenumberoneistotheright
ofandabovethebluecircle.

Usingconjunctionformorethanonerelation.

BlockBhastwomediumyellowsquaresand
twobluecircles.

Describingagroupofobjectswiththesame
properties.Inthenextsentences,theyaremen-
tionedbyanasignednumber.Forexample,the
bluecirclenumbertwo.

Thebluecircleisbelowtheobjectwhichisto
therightofthebigsquare.

Usingnestedrelationsbetweenobjectsintheir
description.

Asmallbluecircleisneartothebigcircle.It
istotheleftofthemediumyellowsquare.

Usingcoreferencesforanentitydescribedin
theprevioussentences.

ThereisablocknamedA.Onesmallyellow
squareistouchingthebottomedgeofthisblock.

Theverbmatchesthenumberofthesubject.

Whatistherelationbetweenblackobjectanda
bigcircle?

Usingshape,object,andthing,whichareagen-
eraldescriptionofanobject.Itcouldbethe
“blacktriangle”orthe“blackcircle”mentioned
inthestory.

Table10:Particularfeaturesofthedataset


