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ABSTRACT

We presenta novel framevork for answeringcomplex questions
thatrelieson questiondecomposition.Complex questionsarede-
composedby a procedurethat operateson a Markov chain, by
following a randomwalk on a bipartite graphof relationsestab-
lishedbetweenconceptgelatedto thetopic of a complex question
andsubquestionslerived from topic-relezant passageshat mani-
festtheserelations.Decomposedjuestiongdiscoreredduring this
randomwalk arethensubmittedto a state-of-the-arQuestionAn-
swering(Q/A) systemin orderto retrieve a setof passagethatcan
laterbemeigedinto acomprehense answetby a Multi-Document
SummarizationfMDS) system. In our evaluations,we showv that
accesgo the decompositiongeneratedisingthis methodcansig-
ni cantly enhancéeherelevanceandcomprehensenes®f summary-
lengthanswerg¢o complex questions.
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1. INTRODUCTION

Comple questionscannotbe answeredusing the sametech-
niguesthat apply to “factoid” questions. Compl& questionsre-
fer to relationsbetweenentitiesor events;they referto complec
processeandmodelscenarioghatinvolve deepknowledgeof the
topic underinvestigation.For example,a questionlike Qo: “What
are thekey activitiesin thereseach and developmenphaseof cre-
ating new drugs? looks for informationon two distinct phases
of creatingdrugs. Typically, relevant informationfor thesekinds
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of questionscanbe found in multiple documentsandneedsto be
fusedtogetherinto a nal answer In the DocumentUnderstand-
ing Conference¢DUC), the answerto complex questiondike Qg
is consideredo be a multi-sentencenultiple documentsummary
(MDS) that meetsthe informationneedof the question.We intro-
ducea new paradigmfor processingomplex questionghatrelies
on a combinationof (a) questiondecompositiongof the complex
question){b) factoidquestioranswering Q/A) techniquegto pro-
cessdecomposedjuestions)and (c) multi-documentsummariza-
tion techniquegto fusetogethertheanswerprovidedfor eachde-
composedjuestion). Centralto this procesds a questiondecom-
positionmodelthatenableghe selectionof thetextual information
aggr@atedin the nal answer

We presenta novel questiondecompositiorprocedurethat op-
erateson a Markov chainmodelinspiredfrom the Markov chains
usedfor expandinglanguagenodelsintroducedn [9]. We propose
thatquestiondecompositiorepend®n the successie recognition
(andexploitation)of therelationsthatexist betweerwordsandcon-
ceptsextractedfrom topic-relezantsentences(For the purposeof
this paper we will de ne arelationasary semanticpropertythat
canexists betweerntwo or moreentitiesor eventsin texts.) For ex-
ample,if atopic-relationr, betweerfdevelop” and“drugs” is rec-
ognizedin questionQo, we assumghatthis sentencéandall other
sentencesontainingthis particularrelation)will containrelevant
informationthatcanbeusedto decomposef Qq. Furthermorewe
expectthat sentencesontainingtopic-relezant relationswill also
containotherrelevantrelationsthatshouldbeleveragedn question
decomposition.For example,if r is identi ed in the sentences;
“Thechallenge for Glaxowasto developa drug that waspleasant
to swallow”, we expectthata new relationr, betweertheconcept
COMPANY (“Glaxo™) and“develop” shouldbe extractedandused
to identify still othersentenceghatcould potentiallyprovide rele-
vantinformation. As new relationsarediscovered,we expectthat
sentencesontainingthe mostrelevant relations(or combinations
of relations)canbe usedto generatequestionghat canrepresent
possibledecompositionsf the original complex question.For ex-
ample,givenry andr; in s1, a questionlike “What companies
developnew drugs? canbe createdvhich couldbeusedto obtain
a setof answerswhich could represent partial responseo Qo.
Relevantanswergo eachnenly-decomposedjuestioncanbe used
to discover morerelevantrelations,thatin turn, promptstill more
guestiondecompositions.This processendswhen eitherno new
relationsarediscovered,or therandomwalk is stabilizingwithin a
threshold.

We evaluatequestiondecompositionsn threeways. First, we
comparethemagainstdecompositionproducedby humans.Sec-
ond, we conductseveral evaluationsof the quality of the MDS an-
swersthey enable. Third, we useevery sentenceérom the MDS
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Figure 1: The Architecture of our Framework for ProcessingComplex Questions.

answerandgeneratejuestionsvith the sameprocedureemployed
when creatingquestiondecompositiongrom relevant sentences.
The questionsthat have answersin the summariesare evaluated
againsguestiongyeneratedby humanlinguists. They arealsoused
for measuringthe similarity to the decomposedjuestions. Our
studiesindicatethatthesecomparisonsorrelatewith therelevance
of the answers. We claim that this is an important nding since
currentMDS evaluationmethodstypically rely on (a) humanpro-
ducedanswersor (b) humanjudgments. The automaticscoring
of the MDS answershasedon comparison®f decomposedjues-
tions allows a framework in which researchergsan test multiple
Q/A techniqueor multiple MDS techniqueshat bestoperatefor
nding answers.

The remainderof the paperis organizedasfollows. Section2
presentghe framevork we have designedor processingcomple
questionsSection3 detailsthe questionrdecompositioprocedure.
Sectiond describesherandomwalk modelsemployed for decom-
posingquestionsSectiorb detailstheevaluationresultswhile Sec-
tion 6 summarizeshe conclusions.

2. PROCESSING COMPLEX QUESTIONS

In this section,we outline threemethodsor producinganswers
to complex questionsrom basedon the outputof a questionde-
compositionsystem. By decomposinga complex questioninto a
setof simplersubquestionshat eachrepresent differentdimen-
sion of the complex questions informationneed,we expectto be
ableto identify answerghatarebothinformative andresponsie.

In this paperwe introducea new techniqueor questiondecom-
positionthatusesa randomwalk in orderto generatepossiblede-
composition®f acomple question Figurel illustratesthesystem
describedn this paper

Figurel includestwo typesof questiondecompositiormodules:
a syntacticquestiondecompositiormodule and a randomwalk-
basedjuestiordecompositioimodule.With syntacticquestionde-
composition overtly-mentionedsubquestionare extractedfrom a
complex questiorby separatingonjoinedphrasesandrecognizing
embeddedjuestions.While syntacticdecompositioris animpor-
tant partof ary questiondecompositioralgorithm,we will notbe
discussindgechniquesor this typeof decompositionn this paper?

1For moreinformationon syntacticdecompositionsee|[8].

After comple questionsaredecomposedyntactically asillus-
tratedin Figure 1, keywordsare extractedfrom eachsub-question
andareexpandedvith keyword alternationsThe keywordsareex-
pandeddy (1) identifying the semanticclassto which they belong,
and (2) usingothertermsfrom the lexicons associatedvith such
semanticclasses. To identify the semanticclass,the keyword is
matchedagainsthelexicon of the class. The keyword alternations
areselectedrom the rst 20 scoredwordsfrom thelexicon. The
semanticclassesare acquiredoff-line with a co-trainingmethod
reportedn [18].

reseach: trial, effort, step, study, work, activity, area, business,
cause, eld, function, issue, program, project, sector, service, site,
education, information, science

drug: amphetamine, cocaine, ecstasy, epo, heroin, Isd, marijuana,
medication, morphine, opium, measure, prozac, ritalin, steroid, treat-
ment, viagra, alcohol, cost, disease, issue

Figure2: Keyword Alter nations.

Figure 2 illustratesthe keyword alternationsresulting for the
keywords“research”and“drug” thatwereextractedfrom the sub-
question“Whatare the key activitiesin thereseach phaseof cre-
ating new drugs?.

Additionally, we usetwo differentmodelsof topic signatureso
identify (a) the mostrepresentatie relationsfor the topic referred
by the complex questionand evidenceby the documentcollec-
tion. The rst topic signature(T S;) we have implementedwas
reportedin [10]. TS; is de ned by a setof termst;, whereeach
termis highly correlatedwith the topic with an associateaveight

lection of the termsfor TS; aswell asthe assignmenof the as-
sociationweightsis determinedby the use of the likelihood ra-
tio. The secondtopic signature(T S;) was introducedin [3]. It
takesinto accountthe fact that topics are not characterizeanly
by terms,therearealsorelationsbetweertopic conceptghatneed
to beidenti ed. If only nounsandverbsfrom TS; are selected
astopic conceptsthe topic signatureTS; isdened asTS; =
ftopic; h(ri;wa); (r2;wz);::: (rn;wn)ig, wherer; isabinaryre-
lation betweentwo topic concepts. The procedureof generating
TS, wasdetailedin [3], andit identi es two forms of relations:
(a) syntax-basecdelations,and(b) salience-basecbntet relations.
The agumentsof theserelationsmay be (1) nounsor nominal-
izations; (2) namedentity typesthat a NamedEntity Recognizer
(NER)identi es; and(3) verbs.



Whentopic signaturesreavailable,eachsentencérom thedoc-
umentcollectionreceves a scorebasedon (a) the presenceof a
termfrom T S1; (b) thepresencef arelationfrom T S, ; and(c) the
presencef ary of thekeywordsextractedfrom thesub-questioror
their alternations.The sentencescoresdeterminea ranking of the
sentenceg$rom the collectionfor eachsub-question.Finally, the
answeris producedby selectingfor eachdecompositioronly the
correspondindnighestrankedsentencesRedundangis eliminated
by checkingthat eachnewv addedsentencedoesnot containary
predicate-agumentrelationthatwasalreadypresentn apreviously
selectedsentence Predicate-ggumentrelationsare discoveredby
processingsentencesvith a semantigparsertrainedon PropBank
[16]. Additionally, eachpredicateandargumentis mappednto ev-
ery WordNetsynorym to enableparaphraséenti cation. In this
way AnswerSummaryl from Figurel is produced.

In additionto the methoddescribedabore, complex questions
can also be decomposedy anothermethodthat is describedin
Sections3 and4. Dueto this, in our framewvork we canproduce
two additionalanswersassummariesThesecondorm of question
decompositioriscoversrelationsrelevantto thecomplex question
andsentencefn which they arepresent.For eachsuchsentence,
one or multiple questionsare generatedrepresentingadditional
questiondecompositionsWhenthesedecompositionsreignored
andonly the sentencesre consideredthe topic signaturesanbe
usedto scorethemandto producea secondansweras summary
(AnswerSummarny? illustratedin Figurel).

Whencompl questionsaredecomposedsingrandomwalks,
subquestionare submitteda state-of-the-arguestion-answering
(Q/A) system(describedn [5]), which returnssetsof rankedrele-
vantanswergor eachsuchdecomposition.All theseanswersare
consideredeparatelocumentswhich areusedto producea multi-
documensummaryasthethird answer(MDS) (AnswerSummary
3illustratedin Figurel). The MDS systenthatwasusedhasbeen
reportedn [7]. Furthermorefor eachsentenceén thethird answer
we generat@neor several questionswith the sametechniquethat
is usedfor decomposingjuestionsvith randomwalks. Sinceques-
tionsproducedrom thecomplex questionandquestiongproduced
from theanswerareavailable,we amguethatthe answeiris relevant
if thetwo setsof questionsarevery similar. Questioncomparison
is producedby a batteryof four questionsimilarity measurespre-
viously reportedin [4]. In Section5 of this paperwe detail the
similarity measuresve usedin the experiments. The selectionof
only themostsimilar questionsmprovesthe quality of the answer
Insteadof submittingall questiongeneratedby therandomwalks,
only themostsimilar questionsareprocessedgainby the Q/A sys-
tem,thusclosingafeedbacKkoop. Usingahill-climbing technique,
if theaggregatesimilarity of the new setof questionglerived from
the new answeris improved signi cantly, the feedbackoop starts
again. The aggregatesimilarity is also describedn Section5 of
this paper

The feedbacKoop endseitherwhennew improvementsarenot
obtainedpr whenthe numberof loopsis largerthanathresholdjn
ourcasel r = 7. With this framewvork , we wereableto studythe
effectsof differentformsof questiondecompositionsnthequality
of theanswers.

3. DECOMPOSING COMPLEX QUESTIONS

In orderto processcomplex questiondike Qq: “Whatare the
key activitiesin the reseach and developmentphaseof creating
new drugs?, currentQ/A systemsneedto decomposehe ques-
tion in a seriesof simpler questionsthat can be tackledby the
factoid-basedechnigqueghat have emeged from the TREC Q/A
evaluations.Tablel illustratessomeof the questionghatrepresent

decomposition®f Qo and canbe generatecautomaticallyby the
techniquewe presenin this section.

Q},: What companies develop new drugs?
Qp:  What diseases are new drugs being developed for?
Qg: How long does it take to develop a new drug?

Table 1: Examplesof QuestionDecompositions.

The main featureof the decomposedjuestionis relatedto the
ability to easily detecttheir expectedanswertype (EAT), which
representghe semanticclassto which their answersshould be-
long. For example,the EAT of Q3 is ORGANIZATION, the EAT
of Q% is DISEASE, whereasthe EAT of Qf is DURATION. Our
mainassumptions thatthe questiondecompositiormodelshould
be basedon several typesof relationsbetweenwordsor concepts
usedin (a)thecomple question(b) in sentencethatcontainrele-
vantinformationfor the complex questionor (c) in otherquestion
decompositionshathave beenproducedbeforefor the samecom-
plex question.

In orderto producequestiondecompositionswe follow four
steps. In the rst stepwe processthe complex questionfor de-
riving therelationsthataremeaningful.In the secondstepwe gen-
eratequestionsbasedon the relationsselected. In the third step
we enhancehe meaningfulsetof relationswith relationsdiscor-
eredwhengeneratinga questiondecompositiorandthenwe select
a new relation basedon the latestdecomposition. In the fourth
step,we loop backto step2 unlessthe probability to continueis
not above a certainthreshold.The detailedoperationsn eachstep
are:

STEP 1: Thecomple questioris lexically, syntacticallyandse-
mantically analyzedwith the goal of identifying the relationships
betweernwordsthat may leadto the generation®f simpler ques-
tions. Thethreeforms of knowledgearemarked up in eachof the
phase®f theanalysis:

1.a. (lexical) Thedeterminatiorof thepart-of-speecbf eachword,

generatedby theBrill tagger1].

1.b. (syntacti¢ A full parseof the questionis generateddy the

probabilisticparsereportedn [2]. Theresultof the parserenders
information aboutthe syntacticconstituentsof the questionand
abouttheirrelations.For example for thecomplex questiorQo, we

derivethefollowing constituentsV P1.: f areg; V P2: f containingy;

N P;: f thekey activitiegy; N P;: f thereseachg; N Ps: f development

phase; N P4: fN P, andN P3g; N Ps: f nevdrugsy; PP1: fN P4

of NPsg; PPo: NPy in PP1g2.

1.c. (lexical) For eachbaseNP (e.g. NP1, NP2, NP3, NPs) we
determinewhetherthe headis a nominalizationof someverb, by
accessinghe WordNetdatabas¢12]. For example,the noun“de-
velopmerit is a morphologicalderivation of the verb “develop'.

The NPshaving headswhich are nominalizationsare not consid-
eredin Stepl.d.

1.d. (lexical/semanti} The generalityof the headsof eachNP is
assesseth oneof the two cateyories: abstiact, or concete The
assessmeri$ basedon alarge answertype taxonomythatwasde-
velopedfor the TREC evaluationsof Q/A systemsThetaxonomy
which wasdescribedn [17] comprise140 synsetdfrom WordNet
(andtheir hyporyms) and 150 semanticclasseof nameshat are
recognizedy the NamedEntity Recognizersve have available. If

ary of the headsof an NP is found in the answertaxonomy it is
assignedheattributeconceete otherwiseit is labeledabstact. For
the questionQo, only the headof N Ps is cateyorizedasconcete

N P; is labeledabstiact The questionprocessingechniquesap-

2NP standsfor nounphrase)P for verbphraseandPPfor prepo-
sitionalphrase



plied for factoid Q/A identify N P; asbeingthe constituentthat
indicatesthe EAT for the question. Sinceno EAT can be estab-
lishedfor Qo, it is considerec complex question.
l.e. (syntacti¢ RelationsbetweenconcreteNPs and other con-
stituentsaresought.Thesyntacticrelationshigrom the constituent
P P; indicatesa prepositionalattachmentelation betweenN Ps
andN P4, which is a coordinationbetweenN P, andN P3. The
syntacticdecompositiorof the coordinationentailstwo relations
betweertheverbsrelatedto N P, andN P3; andN Ps. The output
of Stepl for Qo is: RELATIONS: f R; = [develop— new drugs];
R» =[research- new drugsp

STEP 2: For arelationdiscoreredat Stepl we generateues-
tions thatinvolve thatrelation. In orderto generatequestionsau-
tomatically we employ a methodthatwas rst reportedin [4]. In
orderto generatehe questionwe rst nd asentencehatconsti-
tutesan answerfor that question. This is doneby the following
sub-steps:
2.a. QueryFormulation In orderto nd sentencesn which el-
ementsfrom the RELATIONS list arediscorered,we formulated
two kinds of queries:(a) queriesinvolving the lexical amguments
of therelation,e.g.[“develop” AND “drug”] aswell as(b) queries
thatinvolved semanticextensions.Four forms of extensionswere
considered:(1) extensionsbasedon the semanticclassof names
that representhe nominal cateory (e.g. namesof drugs), (2)
extensionsbasedon verbswhich are semanticallyrelatedto the
verbin theWordNetdatabasée.g.develop(v)—sem.relatioh cre-
ate(v);develop(v)—sem.relatioh produce(v)){(3) extensionghat
allow thenominalto beanaphoricthereforereplacedy apronoun,
e.g. [develop—it]; and(4) extensionsthat allow the nominaliza-
tions,aswell astheverbalconjunctsto beconsidered.

r; shares a predicate with r; | r; shares an argument with r;
rj specializes the predicate of r;i | r; specializes the argument of r;
the predicates of r; and r; can be composed

Table 2: PropertiesBetweenRelationsr; andr; .

2.b. Sentenc&Retrieval. We built anindex basednthe processing
of relationsin thetext collectior?. A sentencés addedto thein-
vertedlist of arelationr; whenit may be composedvith another
relationr; in the samesentenceand (a) relationsr; andr; meet
oneof theconditiondlistedin Table2, or the predicate®f relations
ri andr; may be composedvith the predicatecompositionpro-
ceduredescribedasa specialcasein 2.c; and (b) the amgumentof
therelationr; canbe mappedn oneof the EAT cateyoriesof the
Q/A system.Examplesf suchsentenceareillustratedin Table3.
Sentences; is retrieved becausét containsrelationr; = [develop
—drugs]andalsoarelationr; = [develop— Glaxo] thatshareghe
samepredicate(“develop”) and“Glaxo” is mappedinto the EAT
= COMPANY. Similarly, sentences;, Ss;, and S, areretrieved
becausehey containthreedifferentexpansion®of r; andnew rela-
tionsthatarecompatiblewith it.

2.c. QuestionGenerationEvery sentenceetrievedat2.h contains
additionalrelations pesideshosethatwereexpressedby thequery
Amongthoserelations,someshareargumentswith the queriedre-
lations,somedo not. The rst groupof relationsmayseneto point
to EATSs that the decomposedjuestionsshouldrefer to. For ex-
ample,in sentences,, the new relation[Glaxo — develop] canbe
generalizednto [ORGANIZATION - develop] in which ORGA-
NIZATION canbe selectedasthe EAT of the questionthat shall
be generated.Our namedentity recognizerlNER) is ableto dis-
tinguishbetweerdifferenttypesof organizationstagging“Glaxo”

3We processthe text collection and discover all syntactic and
salientrelationswhenwe build the topic signatureT S, described
in Section2.

from sentence5; as COMPANY, and“Medical School” from S,
asUNIVERSITY. Whenthe EAT is establishedthe questionstem
that is associatedwith it is known (e.g. “what companies”)and
it substitutegshe namefrom the sentenceto generateghe question
Q} from Table 1, in which relationR; is fully speci ed with all
theargumentadjunctst hadin thecomple questionQo. Sentence
S: generateshe questionQ3, whereassentenceS, generateshe
question“What univesities develop drugs?. SentenceSs illus-
tratedin Table3 enableshe generatiorof Q3, whereassentence
Ss is usedfor generatingQ$. Startingfrom relationR; in RELA-
TIONS, threenew relationsarediscovered:R} = [[R1 = develop—
drug]—- COMPANY], R? = [[R; = develop— drug] — DISEASE],
andR? = [[R; = develop — drug] — DURATION]. Eachof these
new relationsenablethe generationof the decomposedjuestions
listedin Tablel.
S1: The challenge for Glaxo was to develop a drug that was pleasant
to swallow.
S,: The remaining 60 per cent of royalties will be paid to [...] Charing
Cross and Westminster Medical School which developed it.
S3: Few companies admit setting out to create me-too drugs.
S4: Cancer Research funded research and development of the drug
which was originally discovered by Aston University in Birmingham.
Ss: At Bristol-Myers, which he left in 1980 to join SmithKline, Crooke
helped develop an array of chemotherapy drugs for cancer patients
that put Bristol at the forefront of cancer treatment.

Se: Since a typical drug takes 10 years and Y10bn to develop, only those
companies large enough to absorb the costs will be able to survive.

Table 3: Sentencesetrieved for relation R;: [develop—drug].

3 SpecialCases The propertiesbetweerrelationsr; andr; that
are usedin the index cover threemore caseghat needto be ad-
dressedy questiongenerationThey are:

2.c. ArgumentSpecialization In orderto inquire aboutthe at-
tributesof aguments threeforms of questionsare generatedi)

questionshatinquire aboutinstanceof entitiesthat arereferred
by the agumentof a relationin which the semanticclassof the
argumentis the EAT of the question,andthe questionbecomesa
list question{ii) questionghatspecializehe agumentof therela-
tion by usinga modi er which becomeshe EAT of the question;
and (iii) questionghatinquire aboutthe characteristicof the ar

gumentsby using the questionstem“what types”. An example
of the rst form of questionss Q$: “Whatnew drugshavebeen
developed? generatedrom the sentence’ Zinnatis a new drug

which wasdevelopedbecausetherdrugsin its classneededo be
injectedandwere therefore of little useoutsidethehospitalenviron-
ment’. An exampleof the secondorm of questiongs Q{: “How
manymedicinesare launched per year? , in which the EAT is

NUMBER, it modi es theamgument‘medicines”in sentencéThe
numberof medicineslaunched during the early 1980saveiaged
about60 peryear”.

How are new drugs researched?
How are drugs manufactured?
What types of activities are included in the development of new drugs?

Table 4: QuestionsBasedon PredicateSpecialization.

2.d. PredicateSpecialization Therearethreewaysof specializing
the predicatedrom the relations: (i) by selectingthe EAT of the
guestiorasa MANNER, andassociatinghe questionstem“how”;
(i) by usingadjunctsof thepredicatesn thequestiorto produceei-
thera specializedMANNER EAT or a YES/NO question;and(iii)
by consideringthat the predicatesepresentomple eventsthat
have structure andthusthis structurecanbeinquiredby usingspe-
cial constructof the form “what stepsareincludedin”, or “what
typesof activities areincludedin”. The rst form of predicatespe-
cializationis themostproductve one,andit canbegeneratethased
ontherecognitionof MANNER relationsthatwasreportedn [6].




Examplef questionghatweregeneratedor predicatespecializa-
tion arelistedin Table4.

2.e. PredicateComposition Somequestionsneedto capturerela-
tionsbetweerpredicatesSuchrelationsmaybedeterminedy the
discovery of (a) causalelations,asit wasreportedin [4]; (b) tem-
poral relations;or (c) becausehe predicatessharean argument.
Table5 illustratessuchquestionstheir type of relations,andthe
sentencethatenabledhem.In ourimplementationywe have used
a setof cuephrasesandcausalverbsto detectcausalrelationsbe-
tweenpredicatesFor thetemporalrelations we reliedonthetem-
poral signalsannotatedn TimeBank(e.g. “before”, “after”, “dur-

ing”).

CAUSAL:

How do trade restrictions affect new drug development?
TEMPORAL:

How many times must a drug be tested before it can be sold?
ARGUMENT SHARING:

How do companies decide which new drugs to research?

Table 5: QuestionsBasedon RelationsBetweenPredicates.

STEP 3: Theselectiorof anew relationis performedafternewly
discoveredrelationsareaddedo the RELATIONS list.

3.a. Relationghatspecializeargumentsor predicatesrenotadded
to RELATIONS, but all the otherthreetypesof relationsr; areap-
pended.For example therelationsR1 = [[R; = develop— drug]—
COMRANY], R? = [[R; = develop— drug] — DISEASE],andR3

=[[R1 = develop—drug] - DURATION] areadded.

3.b. A new relationis selectedo maximizethe probability esti-
mationthatit will leadto anotherquestiondecompositiorof the
complex question.The probability estimationsaredetailedin Sec-
tion 4.

STEP 4: The decisionto continueor stopthe procesof gener
atingquestionrdecompositionslepend®n our formalizationof the
process. We have formalizedthe processof generatingquestion
decompositionsvhich leadto the discovery of new meaningfulre-
lationsasarandomwalk on a bipartitegraphof questionsandre-
lations. For a givenrelation,a sentencehatcontaingherelationis
selectedThatsentencés consideredo betheanswerto aquestion
decompositionwhich is generatedy identifying a new relation,
which in turn, whenselectedwill leadto a new questiondecom-
position. Thusthe randomwalk continueswith a probability ,
generatinga newv decompositiorandselectinga new relation,or it
stopswith aprobability(1 ). Sectiord describesheformalisms
thatallow usto estimatethe probabilitythatthe randomwalk ends
afterk steps,correspondingo k loopsof the Steps2 and3 of this
procedure.

4. MARK QV CHAINS FOR QUESTION
DECOMPOSITION

In this section,we describehov we emplg/ two differenttypes
of randomwalks to decompose&omple« questionsfor question-
answeringand/ormulti-documensummarizatiorapplications We
begin by describinghow a randomwalk canbe usedto populate
a network with potentialdecomposition®f a complex question.
Later, in Section4.2, we shav how anotherrandomwalk canthen
beusedto selecta setof generatedlecomposeduestionghatbest
representtheinformationneedof the complex question.

The questiondecompositiorproceduredetailedin Section3 can
be castasa Markov chain(MC). A MC over a setof statesS is
speci ed by aninitial distribution po(S) over S, anda setof state
transitionprobabilitiesp(S:jS;: 1). In thecaseof questiondecom-
position,theinitial stateis representetby onerelationr, selected
fromthelist RELATIONS (time = 0), whichis thesetof relations
generatedvhenprocessinghe complex question.The probability

of theinitial stateis setas%,wheren:jRELATIONS(time = 0);.
After selectinga relationr; at stepi, the index is consultedto
nd sentencesvherer; andotherrelationsrj having the proper
tieslistedin Table2 arepresentIf theamgumentof relationr; can
be cateyorizedin the EAT hierarchyas an expectedanswertype
g, thenit canenablethe generatiorof a questiondecomposition
QDi+1 with EAT = g . Theprobability thata questiondecompo-
sition QDj+1 , with EAT = g, is generatedrom a relationr; is
givenby p(QDi+1 jri) = p(ejri). Thenew relationr; is placed
in the RELATIONS list. If theindex of ri hadonly onesentence
andonly onerelationr; 6 r; couldbefoundin thatsentencethen
ri isremovedfrom thelist RELATIONS.

A new relationri.+1 is selectedrom RELATIONS basednthe
probabilityp(ri+1 jQDi+1 ). SincequestiorQD .1 wasgenerated
basednthe EAT discoreredwith thehelpof relationr; whichled
to the EAT g, we canevaluatep(ri+1 jQDi+1) = p(ri+1jg). In
this way we have de ned thetransitionprobabilitiesof the Markov
Chain (MC) illustratedin Figure3. The MC alternatedrom se-
lectingrelationsfrom RELATIONS andgeneratinga nex question
decompositionin thisway, thedecompositiomprocesss “sur ng”
the setof relationsmeaningfulfor the complex question,andalso
the decomposedjuestionghat are generatedasedon theserela-
tions. After eachstepthereis somechancethat the questionde-
compositionprocesswill stop. The processcontinuesthe random
walk with probability , generatinga new setof questiondecom-
positions. With probability (1 ), the walk stopsafter stepk
(afterproducingthe questiondecompositiorQD  +1 ).

Step 0 Step 1 Step 2
0 rl r2
P(r1/QD1) P(r2|QD2)
P(QD1]r0) P(QD2|r1) P(QD3|r2)
OoD1 oD2 OoD3

Figure 3: The Mark ov chain alternatesbetweenrelations and
guestiondecompositions.

Sinceourgoalis to estimateheprobabilitythatthe MC stopsaf-
terk stepswe producea matrix formulationof the problemwhich
is similar to the formulationreportedin [9]. This formulationis
describedn Section4.1. We alsowantto testour hypothesighat
the decomposedjuestionsare relevant for the complex question.
Sincethesequestiondecompositiondhiave beengeneratedy re-
lations that we have discoveredin the text to be associatedvith
relationsoriginatingin the complex questionwe wantto testif our
assumptiorthatthey arevalid decompositionsanbequanti ed by
ameasuref relatednest the complex question For this purpose,
in Section4.2 we de ne a mixture modelwhich generates dif-
ferentrandomwalk thatevaluatesherelevanceof thedecomposed
questions.

4.1 Matrix Formulation

The operationof the randomwalk canbe cleanly describecby
usinga matrix notation.Let N bethe sizeof theindex. The num-
berN correspondso the relationsthatwe have discoreredin the
text, having the propertieshatfor every relationr; thereis alsoa
relationrj sharingwith r; the propertiesrom Table2, andr; has
theagumentmappedn oneof the semanticateyoriesof the EAT
classesLetM bethenumberof EAT classesWe considerA to be
aN M stochastienatrixwith entriesaj = p(rije ) representing
the probability thattherelationr; will be composedn a sentence
with arelationr; thathasanamumentof semantidypee; , which
will becomethe EAT of the questiondecompositiorthatis gener
ated.Similarly, astochastienatrix B of dimensiong N canbe
de ned, in whichtheelementdy, = p(eijr;) representheproba-
bility thata sentencehatcontaingherelationrj canbetheanswer
to aquestiorwith theEAT =¢,. Then,theN N stochastienatrix



CisdenedasC = A B. TheprobabilitythattheMC stopsafter
k stepssgivenby (1 ) ¥CK., if thelastrelationit discovered
is r andthe lastquestiondecomposition& hasgeneratechadthe
EAT =e.

To estimatep(ei jrj ) we consider

p(rije)p(e)
« b(reje)p(e)

wherep(e;) is the prior distribution of the semantidype e in the
corpus,andp(r;je) is givenby the maximumlik elihoodestimate
of the relation distribution in the text collection. Let J1 be the
numberof instance®f therelationr; composedvith arelationr;

in the samesentenceuchthatthe agumentof ri hasthesemantic

typeer. Then,prie (fjje)) = fmamess—or)

4.2 Random Walks with Mixtur e Models

Recently [15] introduceda randomwalk modelfor nding an-
swersto comple questions.This modelis basedon the ideathat
answerganbe found by scoringeachsentenceagainsta complex
questiorandselectingonly the rst top-ranlkedsentencesThesen-
tencerankis producedby a mixture modelthat combinesan ap-
proximationof a sentences relevanceto a questionwith similarity
measureshat canbe usedto selectanswersentenceshat are not
similar to oneanother Using the sameidea,we deviseda similar
mixture modelfor measuringhe relevanceof a questiondecom-
positionqd; tothecomplex questioncqg. Therelevancemeasuras
de ned as:

p(eijrj) =

4p_Sima(qdi; cd)

ad, sim a2 (qd; jca)
simy(qdi; qd; )
ad, SiMb(0dk; qd; )

relevance(qdi;cq) =

X
+ (1 d p
qd;

Thesimilaritiessim , andsim, areselectedrom thefour simi-
larity measuresle nedin Section5. If k is thenumberof question
decompositionshatwe consider a stochastianatrix A of dimen-
sionsk K is considereduchthataj =p  relevance(qdi;cg).
In grder for matrix a to be stochastic, ;a; = 1, thus =

1= ikzl relevance(qdi; cg). Similarly, a stochastianatrix B of
dimensionk bis de ned suchthath; = ; simy(qdi;cq),
where ; = 1= ikzl simp(qdi; qd;). Next, therelevancevector
R for all questiondecompositionss de nedby R = [dA + (1
d)B]i R.ThesquarematrixE = [dA+ (1 d)B]de nesaMC
whereeachelemente; from E speci esthetransitionprobability
from statei to statej in the corresponding/arkov Chain. Therel-
evancevectorR is the stationanydistribution of the Markov chain.
With probability d, a transitionis madefrom the currentquestion
decompositiorgd; to new questiordecompositionthataresimilar
to the complex questioncg. With a probability (1  d), atransi-
tion is madeto questiondecompositionshataresimilar to thelast
questiongeneratedqgd; . We have usedsereral valuesfor d in our
experiments.

5. EVALUATION RESULTS

Our experimentshave targeted(1) the evaluationof the decom-
posedquestions)(2) the evaluationof the threeforms of answers
producedvy theframework illustratedin Figurel; and(3) theeval-
uationof theimpactof thedecomposeduestionon the quality of
answersummaries.

Evaluation of DecomposedQuestions

The evaluationof the decomposedjuestionsvas performedin
two ways. First, the decomposeduestionsvereevaluatedagainst

decompositionsreatedby humans.Secondguestiondecomposi-
tions were evaluatedagainstquestionggeneratedrom the answer
summaries.The secondevaluationwasalsocomparedagainstan
evaluationinvolving only human-generateduestions both from
thecomple questionandfrom theanswersummariesTheevalua-
tion wasperformedagainsi8 complex questionghatwereasledas
part of the DUC 2005 question-directedummarizatiortask. The
questionscorrespondo thetopicslistedin Table6.

Four humanannotatorperformedmanualquestiondecomposi-
tion basedsolelyonthecomple questionghemseles. Annotators
were asled to decomposeeachcomplex questioninto the set of
subquestionthey felt neededo be answeredn orderto assemble
a satishctory answerto the question. (For easeof referencewe
will referto this setof questiondecompositionasQD nyman )

In orderto evaluatethe quality of the automaticquestionde-
compositionproducecby our systemwe generatedhreedifferent
typesof questiondecompositiongor a total of 8 complex ques-
tions that were asled as part of the 2005 DUC question-directed
summarizatiortask. First, we had 4 humanannotatorsperform
manualquestiondecompositiobasedsolely on thecomplex ques-
tionsthemseles. Annotatorswereasledto decomposeachcom-
plex questioninto thesetof subquestionthey felt neededo bean-
sweredin orderto assemblea satishctoryanswerto the question.
(For easeof referencewe will referto this setof questiondecom-
positionsasQD numan  .) Thesubquestiongeneratedby theanno-
tatorswerethencompiledinto a "pyramid” structuresimilar to the
onesproposedn (Nenkova andPassonneal2004).1n orderto cre-
ate pyramids,humansrst identi ed subquestionshat soughtthe
sameinformation (or were reasonablgaraphrasesf eachother)
andthenassigneceachuniquequestiona scoreequalto the num-
ber of timesit appearedn the questiondecompositiongroduced
by all annotators.Secondwe utilized our randomwalk modelto
generatasetof questiordecomposition§QD aute 1) for eachcom-
plex questions.Third, asshavn in Figure 1, the subquestionn
QD auto 1 Wereusedto generatenulti-documensummariesvhich
were usedto automaticallygeneratea fourth setof questionde-
compositions(QD auto 2)- AS with QD puman , the subquestions
generatedor QD auto 1 andQD auo 2 Werecombinednto pyramid
structuredy humanannotators.

Eachof thesethreesetsof questiondecompositionsvere then
comparedagainsta setof "gold standard’decompositionsreated
by anotherteamof 4 humanannotatordrom from the 4 "model
summaries”preparedby NIST annotatorsas "gold standard”an-
swersto the 8 complex questions.Eachof the threequestionde-
compositiongdescribedabove (i.e. QD human , QD auto 1, and
QD auo 2) Werethenscoredagainsthecorrespondingmodel” ques-
tion decompositiorpyramid using the techniqueoutlinedin [14].
Table 6 illustratesthe Pyramidcoveragefor QD auto 1, QD auto 2,
andQD nyman It is to be notedthat althoughthe QD hyman  Cap-
tured45% of thequestionsontainedn the”model” pyramids,the
high averagePyramidscore(0.5000)suggestshathumanquestion
decompositionsypically includedquestionghat correspondedo
themostvital informationidenti ed by the authorsof the”model”
summaries.

Anotherimportantobserationis thatthe coverageandthe Pyra-
mid scoreof QD auo 2 arealmost80% of the samemeasure®b-
tainedfor QD human , Whereasthe Pyramidscoreof the question
decompositiong)D auto 1 iS Only 45% of the Pyramidscoreand
coverageobtainedfor QD nhuman - In fact, thesescoresvary based
onthenumberof feedbackoopsallowedfor the AnswerSummary
3 from Figure 1. Figure 5 illustratesthe averageaveragePyra-
mid scoreshatwereobtainedat eachstepof thefeedbackoop for
all eightquestionshothfor QD auto 1, andQD auo 2. The Figure



Topic PyramidScorefor QuestionDecompositions

Description QD auto 1 QD auto 2 QD human
Falklandlslands 0.2012 0.3202 0.3889
TouristAttacks 0.2317 0.3745 0.5000
Drug Development 0.3114 0.5195 0.6744
AmazonRainforest 0.2500 0.4091 0.6000
WelshGovernment 0.2931 0.4873 0.5091
RobotTechnology 0.2268 0.4421 0.6222
U.K. Tourism 0.0196 0.3917 0.4035
Czechoslwakia 0.2301 0.3116 0.3836

AVERAGE 0.2205 0.4070 0.5000

Table 6: Pyramid Coverageof QuestionDecompositions.

shavsthatthePyramidscoresmprovefor QD a0 1. Theimprove-

mentfor QD auw 2 is lessdramatic. This meanghatthe compari-
sonandselectiorof nav questionrdecompositionateachfeedback

loop determinedetterquestionsaandbetteranswers.

Topic ResponsienessScore

Description Summaryl | Summary2 [ Summary3 | HumanSum
Falklandlslands 3.75 4.00 4.00 4.50
TouristAttacks 2.75 3.00 3.25 4.75
Drug Development 2.00 2.75 3.00 4.50
AmazonRainforest 3.00 3.25 4.00 4.75
WelshGovernment 3.75 4.00 3.75 5.00
RobotTechnology 3.00 3.50 4.00 4.50
U.K. Tourism 3.75 4.00 4.25 4.25
Czechoslwakia 2.25 3.00 4.00 4.50

AVERAGE 3.03 3.44 3.72 4.59

Table 7: ResponsvenessScore for the Human Summariesand
Answer Summariesl, 2 and 3.

Four differentsimilarity metricsareresponsibldor the compar

isons.They arelistedin Figure4. Pairsof thesesimilarity metrics
werealsousedfor de ning the relevanceof questiondecomposi-
tionsto eachcomplex question.The aggr@atesimilarity between

G 2 QDauo 1 andQD auo 2 isde nedasA sim (6; QD auto 2) =
ol sim; (6; QD auo 2). Thesimilarity scoresplay animpor-
tantrole in the selectionof questiondrom QD auw 1 for the next
loop. In our experimentswe obseredthatif we take only similar

ity 3 we obtainthe bestresults.

Similarity Metric 1 weights contenttermsin QD auo 1 and QD auio 2 US-
ing tf idf (wi = w(tj)) = (1 + Iog(tfi))'%’fii), where N is the
number of questionsin QD auo 1 and QD auo 2, While df; is equal to
the number of questionsin containingt; and tf ; is the number of times
ti appearsin QD auo 1 and QD auo 2. Any questionin QD auo 1 and
QD auto 2 canbe transformednto two vectors,vq = hwgq, ; Wq,; 5 Wop, i
andvy = hwy,;Wy,; i Wy, i; The similarity betweenQD auwo 1 and
QD auo 2 is measuredasthe cosinemeasurebetweentheir correspondingrec-

2 1 2 (1
tors:icos(Vg; Vu) = ( ; Wg; Wu; )=(( iqu)z ( iWui)Z)'

Similarity Metric 2 is basedon the percentof termsin QD a0 1 thatappeain
the QD auto 2. It is obtainedby nding theintersectionof the termsin the term
vectorsof thetwo questions.

Similarity Metric 3 utilizessemantianformationfrom WordNet. It involves:

(a) nding the minimum path betweenWordNet concepts. Given two termst 1

andt,, eachwith n andm WordNetsensesS; = fsi;:; spgandS; =

fri;::; rm g. Thesemanticdistancebetweertheterms (t1;tz) is de ned by

theminimum of all the possiblepairwise semantidistancedetweerS; andS;:
(t1;t2) = mins; 25, j287 D (si;rj),whereD (si;r;) is thepathlength

betweers; andrj .

(b) The semanticsimilarity betweenthe vector transformationsvq and vy

from QD auto 1 and QD auto 2 respectiely is de ned as sem(vq;Vy) =
I(vgvu)*+ I (vuivg)

Val*Tva] ,wherel (vx;vy) =

1
X2Vyx 1+min y2vy (xy )

Similarity Metric 4 is basedon questiontype similarity, usinga question-type
similarity matrix similar to the oneintroducedn [11].

Figure 4: The four similarity metrics.

0.4
—+—QD-autol
= QD-auto2

—&— QD-human

Pyramid Score
°
@

Figure 5: Pyramid scoresat eachstep of the feedbackloop.

Evaluation of Answers.

Answerswereevaluatedby the “responsienessscore”’designed
by the NIST assessors.The scoreprovides a coarseranking of
the summariedor eachtopic, accordingto the amountof informa-
tion in the summarythat helpsto satisfythe informationneedex-
pressedn thetopic statementFour linguist assignedhesescores
for all threeforms of answersummariesTable7 illustratesthere-
sponsienessscoresfor AnswerSummaryl, AnswerSummary2,
AnswerSummary3, from Figurel andthe humangeneratedum-
maries.Theresponsienessscoreis measurean a scalefrom 1 to
5 andit quanti es how well doesa summaryanswerthe complex
question. A scoreof 1 is the leastresponsie to the question. A
scoreof 5 meansthatthe summaryanswerscompletelythe ques-
tion.

Evaluation of the Impact of the DecomposedQuestionson
Answer Summaries.

We werealsointerestedo evaluatethe impactthe questionde-
compositionswould have whenwe selectdifferentvaluesfor the
parameter which stopsthe Markov chain.Figure6 illustratesthe
averageResponsienessscoreobtainedwhen = 0:85, = 0:6,

= 05, = 03and = 0:15. Sincethe questiondecom-
positionsdeterminetwo differentanswersasit wasillustratedin
Figure 1, we have measuredhe responsienessfor both of them
andillustratetheresultsin Figure6.

5.00

4.50

4.00

3.50
——
3.00

250

Responsiveness

2.00

—e— Answer Summary 2
—&- Answer Summary 3
—&—Human Summary

0.00 0.10 0.20 0.30 0.40 050 0.60 0.70 0.80 0.90
Figure 6: Responsienesdor different values.

In a separateeffort, we evaluatedthe impactof only the ques-
tion decompositionshat were consideredelevant to the comple
questionby the randomwalk presentedn Section4.2. Sincethat
randomwalk depend®ntheparameted, we have testecthe ques-
tion coveragefor d = 0:85,d = 0:6,d = 05, d = 0:3, and
d = 0:15. Figure7 illustratestheaverageResponsienesbtained



in this case. Sinceonly Answer Summary3 is obtainedby con-
sideringthe relevanceof questiondecompositionso the comple
questionunlike Figure6, in Figure7 we illustrateresultsonly for
Answer Summary3. The bestresultsare obtainedfor d = 0:85.
This resultsupportsour intuition thatthe questiondecompositions
shouldnot be necessarilyery different, but they mustbe relevant
to the complex question. The differencefrom the responsieness
of human-generatesummariesndicatesthat relevancetakesinto
accountmore sophisticatednformationthanthe onecontainedn
questions.
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Figure 7: Responsivenesdor differentd values.

6. CONCLUSIONS

We have presented nev frameavork for questionrdecomposition
that allows several forms of answersto be returnedfor comple
questions.Two forms of randomwalks wereused. The rst ran-
domwalk wasusedfor sur ng thespaceof relationsrelevantto the
complex question,in orderto generatequestiondecompositions.
The secondandomwalk wasusedfor measuringhe relevanceof
the questiondecompositionso the complex question.

The evaluationshave shavn that the questiondecompositions
leadto morerelevantandcompleteanswersTheresultshave also
shavn that the coverageof automaticallygeneratedjuestionde-
compositionswhen comparedwith the questionsggeneratedrom
the answersummaryare betterindicatorsof answerquality than
therelevancescoreto the complex question.The evaluationshave
alsoindicatedthe questioncoveragefor automationethodss 85%
of the coverageof questiongproducedoy humans.

In this paperwe have alsodescribeda Q/A architecturewhich
allowsfeedbackoopsfor improving thequality of answershrough
the coverageof questiondecompositions.
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