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ABSTRACT
We presenta novel framework for answeringcomplex questions
that relieson questiondecomposition.Complex questionsarede-
composedby a procedurethat operateson a Markov chain, by
following a randomwalk on a bipartitegraphof relationsestab-
lishedbetweenconceptsrelatedto thetopic of a complex question
andsubquestionsderived from topic-relevant passagesthat mani-
fest theserelations.Decomposedquestionsdiscoveredduringthis
randomwalk arethensubmittedto a state-of-the-artQuestionAn-
swering(Q/A) systemin orderto retrieve asetof passagesthatcan
laterbemergedinto acomprehensiveanswerby aMulti-Document
Summarization(MDS) system. In our evaluations,we show that
accessto thedecompositionsgeneratedusingthis methodcansig-
ni�cantly enhancetherelevanceandcomprehensivenessof summary-
lengthanswersto complex questions.

Categoriesand SubjectDescriptors
H.3.m[INFORMA TION STORAGE AND RETRIEVAL ]: Mis-
cellaneous;I.2.7[ARTIFICIAL INTELLIGENCE ]: NaturalLan-
guageProcessing

GeneralTerms
Algorithms,Performance,Experimentation

Keywords
QuestionAnswering,Summarization

1. INTRODUCTION
Complex questionscannotbe answeredusing the sametech-

niquesthat apply to “f actoid” questions. Complex questionsre-
fer to relationsbetweenentitiesor events; they refer to complex
processesandmodelscenariosthat involve deepknowledgeof the
topic underinvestigation.For example,a questionlike Q0 : “What
are thekey activitiesin theresearch anddevelopmentphaseof 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 Conferences(DUC), theanswerto complex questionslike Q0

is consideredto be a multi-sentencemultiple documentsummary
(MDS) thatmeetsthe informationneedof thequestion.We intro-
ducea new paradigmfor processingcomplex questionsthat relies
on a combinationof (a) questiondecompositions(of thecomplex
question);(b) factoidquestionanswering(Q/A) techniques(to pro-
cessdecomposedquestions);and(c) multi-documentsummariza-
tion techniques(to fusetogethertheanswersprovidedfor eachde-
composedquestion).Centralto this processis a questiondecom-
positionmodelthatenablestheselectionof thetextual information
aggregatedin the�nal answer.

We presenta novel questiondecompositionprocedurethat op-
erateson a Markov chainmodelinspiredfrom theMarkov chains
usedfor expandinglanguagemodelsintroducedin [9]. Wepropose
thatquestiondecompositiondependsonthesuccessive recognition
(andexploitation)of therelationsthatexist betweenwordsandcon-
ceptsextractedfrom topic-relevantsentences.(For thepurposesof
this paper, we will de�ne a relationasany semanticpropertythat
canexistsbetweentwo or moreentitiesor eventsin texts.) For ex-
ample,if a topic-relationr 1 between“develop” and“drugs” is rec-
ognizedin questionQ0 , weassumethatthissentence(andall other
sentencescontainingthis particularrelation)will containrelevant
informationthatcanbeusedto decomposeof Q0 . Furthermore,we
expect that sentencescontainingtopic-relevant relationswill also
containotherrelevantrelationsthatshouldbeleveragedin question
decomposition.For example,if r 1 is identi�ed in thesentences1

“Thechallenge for Glaxowasto developa drug that waspleasant
to swallow.”, weexpectthata new relationr 2 betweentheconcept
COMPANY (“Glaxo”) and“develop” shouldbeextractedandused
to identify still othersentencesthatcouldpotentiallyprovide rele-
vant information. As new relationsarediscovered,we expectthat
sentencescontainingthe mostrelevant relations(or combinations
of relations)canbe usedto generatequestionsthat canrepresent
possibledecompositionsof theoriginal complex question.For ex-
ample,given r 1 and r 2 in s1 , a questionlike “What companies
developnew drugs?” canbecreatedwhichcouldbeusedto obtain
a setof answerswhich could representa partial responseto Q0 .
Relevantanswersto eachnewly-decomposedquestioncanbeused
to discover morerelevant relations,that in turn, promptstill more
questiondecompositions.This processendswheneitherno new
relationsarediscovered,or therandomwalk is stabilizingwithin a
threshold.

We evaluatequestiondecompositionsin threeways. First, we
comparethemagainstdecompositionsproducedby humans.Sec-
ond,we conductseveralevaluationsof thequality of theMDS an-
swersthey enable. Third, we useevery sentencefrom the MDS
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Figure1: The Ar chitectureof our Framework for ProcessingComplexQuestions.

answerandgeneratequestionswith thesameprocedureemployed
when creatingquestiondecompositionsfrom relevant sentences.
The questionsthat have answersin the summariesare evaluated
againstquestionsgeneratedby humanlinguists.They arealsoused
for measuringthe similarity to the decomposedquestions. Our
studiesindicatethatthesecomparisonscorrelatewith therelevance
of the answers.We claim that this is an important�nding since
currentMDS evaluationmethodstypically rely on (a) humanpro-
ducedanswers,or (b) humanjudgments. The automaticscoring
of the MDS answersbasedon comparisonsof decomposedques-
tions allows a framework in which researcherscan test multiple
Q/A techniquesor multiple MDS techniquesthatbestoperatefor
�nding answers.

The remainderof the paperis organizedas follows. Section2
presentsthe framework we have designedfor processingcomplex
questions.Section3 detailsthequestiondecompositionprocedure.
Section4 describestherandomwalk modelsemployedfor decom-
posingquestions.Section5 detailstheevaluationresultswhile Sec-
tion 6 summarizestheconclusions.

2. PROCESSINGCOMPLEX QUESTIONS
In this section,we outline threemethodsfor producinganswers

to complex questionsfrom basedon the outputof a questionde-
compositionsystem. By decomposinga complex questioninto a
setof simplersubquestionsthat eachrepresenta differentdimen-
sion of the complex question's informationneed,we expectto be
ableto identify answersthatarebothinformative andresponsive.

In thispaper, we introducea new techniquefor questiondecom-
positionthatusesa randomwalk in orderto generatepossiblede-
compositionsof acomplex question.Figure1 illustratesthesystem
describedin this paper.

Figure1 includestwo typesof questiondecompositionmodules:
a syntacticquestiondecompositionmoduleand a randomwalk-
basedquestiondecompositionmodule.With syntacticquestionde-
composition,overtly-mentionedsubquestionsareextractedfrom a
complex questionby separatingconjoinedphrasesandrecognizing
embeddedquestions.While syntacticdecompositionis an impor-
tantpartof any questiondecompositionalgorithm,we will not be
discussingtechniquesfor thistypeof decompositionin thispaper. 1

1For moreinformationonsyntacticdecomposition,see[8].

After complex questionsaredecomposedsyntactically, asillus-
tratedin Figure1, keywordsareextractedfrom eachsub-question
andareexpandedwith keywordalternations.Thekeywordsareex-
pandedby (1) identifying thesemanticclassto which they belong,
and(2) usingother termsfrom the lexiconsassociatedwith such
semanticclasses.To identify the semanticclass,the keyword is
matchedagainstthelexicon of theclass.Thekeyword alternations
areselectedfrom the �rst 20 scoredwordsfrom the lexicon. The
semanticclassesare acquiredoff-line with a co-trainingmethod
reportedin [18].

research: 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, lsd, 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 thesub-
question“Whatare thekey activitiesin theresearch phaseof cre-
atingnew drugs?”.

Additionally, we usetwo differentmodelsof topic signaturesto
identify (a) themostrepresentative relationsfor the topic referred
by the complex questionand evidenceby the documentcollec-
tion. The �rst topic signature(TS1) we have implementedwas
reportedin [10]. TS1 is de�ned by a setof termst i , whereeach
term is highly correlatedwith the topic with anassociatedweight
wi : TS1 = f topich(t1 ; w1); (t2 ; w2); : : : ; (tn ; wn )ig . The se-
lection of the termsfor TS1 aswell asthe assignmentof the as-
sociationweights is determinedby the useof the likelihood ra-
tio. The secondtopic signature(TS2) was introducedin [3]. It
takes into accountthe fact that topics are not characterizedonly
by terms,therearealsorelationsbetweentopic conceptsthatneed
to be identi�ed. If only nounsandverbsfrom TS1 areselected
as topic concepts,the topic signatureTS2 is de�ned as TS2 =
f topic; h(r 1 ; w1); (r 2 ; w2); : : : (r n ; wn )ig , wherer i is abinaryre-
lation betweentwo topic concepts.The procedureof generating
TS2 wasdetailedin [3], and it identi�es two forms of relations:
(a)syntax-basedrelations,and(b) salience-basedcontext relations.
The argumentsof theserelationsmay be (1) nounsor nominal-
izations; (2) namedentity typesthat a NamedEntity Recognizer
(NER) identi�es; and(3) verbs.



Whentopicsignaturesareavailable,eachsentencefrom thedoc-
umentcollection receives a scorebasedon (a) the presenceof a
termfrom TS1 ; (b) thepresenceof arelationfrom TS2 ; and(c) the
presenceof any of thekeywordsextractedfrom thesub-questionor
their alternations.Thesentencescoresdeterminea rankingof the
sentencesfrom the collection for eachsub-question.Finally, the
answeris producedby selectingfor eachdecompositiononly the
correspondinghighestrankedsentences.Redundancy is eliminated
by checkingthat eachnew addedsentencedoesnot containany
predicate-argumentrelationthatwasalreadypresentin apreviously
selectedsentence.Predicate-argumentrelationsarediscoveredby
processingsentenceswith a semanticparsertrainedon PropBank
[16]. Additionally, eachpredicateandargumentis mappedinto ev-
ery WordNetsynonym to enableparaphraseidenti�cation. In this
way AnswerSummary1 from Figure1 is produced.

In addition to the methoddescribedabove, complex questions
can also be decomposedby anothermethodthat is describedin
Sections3 and4. Due to this, in our framework we canproduce
two additionalanswersassummaries.Thesecondform of question
decompositiondiscoversrelationsrelevantto thecomplex question
andsentencesin which they arepresent.For eachsuchsentence,
one or multiple questionsare generated,representingadditional
questiondecompositions.Whenthesedecompositionsareignored
andonly thesentencesareconsidered,the topic signaturescanbe
usedto scorethemand to producea secondanswerassummary
(AnswerSummary2 illustratedin Figure1).

Whencomplex questionsaredecomposedusingrandomwalks,
subquestionsare submitteda state-of-the-artquestion-answering
(Q/A) system(describedin [5]), which returnssetsof rankedrele-
vant answersfor eachsuchdecomposition.All theseanswersare
consideredseparatedocuments,whichareusedto produceamulti-
documentsummaryasthethird answer(MDS) (AnswerSummary
3 illustratedin Figure1). TheMDS systemthatwasusedhasbeen
reportedin [7]. Furthermore,for eachsentencein thethird answer,
we generateoneor severalquestionswith thesametechniquethat
is usedfor decomposingquestionswith randomwalks.Sinceques-
tionsproducedfrom thecomplex question,andquestionsproduced
from theanswerareavailable,we arguethattheansweris relevant
if the two setsof questionsarevery similar. Questioncomparison
is producedby a batteryof four questionsimilarity measures,pre-
viously reportedin [4]. In Section5 of this paperwe detail the
similarity measureswe usedin the experiments.The selectionof
only themostsimilarquestionsimprovesthequalityof theanswer.
Insteadof submittingall questionsgeneratedby therandomwalks,
only themostsimilarquestionsareprocessedagainby theQ/A sys-
tem,thusclosingafeedbackloop. Usingahill-climbing technique,
if theaggregatesimilarity of thenew setof questionsderivedfrom
thenew answeris improvedsigni�cantly, the feedbackloop starts
again. The aggregatesimilarity is alsodescribedin Section5 of
this paper.

Thefeedbackloop endseitherwhennew improvementsarenot
obtained,or whenthenumberof loopsis largerthanathreshold,in
our caseL T = 7. With this framework , we wereableto studythe
effectsof differentformsof questiondecompositionsonthequality
of theanswers.

3. DECOMPOSING COMPLEX QUESTIONS
In order to processcomplex questionslike Q0 : “Whatare the

key activities in the research and developmentphaseof creating
new drugs?”, currentQ/A systemsneedto decomposethe ques-
tion in a seriesof simpler questions,that can be tackledby the
factoid-basedtechniquesthat have emerged from the TREC Q/A
evaluations.Table1 illustratessomeof thequestionsthatrepresent

decompositionsof Q0 andcanbe generatedautomaticallyby the
techniquewe presentin this section.

Q1
0 : What companies develop new drugs?

Q2
0 : What diseases are new drugs being developed for?

Q3
0 : How long does it take to develop a new drug?

Table1: Examplesof QuestionDecompositions.

The main featureof the decomposedquestionis relatedto the
ability to easily detecttheir expectedanswertype (EAT), which
representsthe semanticclassto which their answersshouldbe-
long. For example,the EAT of Q1

0 is ORGANIZATION, the EAT
of Q2

0 is DISEASE, whereasthe EAT of Q3
0 is DURATION. Our

mainassumptionis that thequestiondecompositionmodelshould
be basedon several typesof relationsbetweenwordsor concepts
usedin (a) thecomplex question,(b) in sentencesthatcontainrele-
vant informationfor thecomplex question,or (c) in otherquestion
decompositionsthathave beenproducedbeforefor thesamecom-
plex question.

In order to producequestiondecompositions,we follow four
steps. In the �rst stepwe processthe complex questionfor de-
riving therelationsthataremeaningful.In thesecondstepwegen-
eratequestionsbasedon the relationsselected. In the third step
we enhancethe meaningfulsetof relationswith relationsdiscov-
eredwhengeneratinga questiondecompositionandthenweselect
a new relation basedon the latestdecomposition. In the fourth
step,we loop backto step2 unlessthe probability to continueis
not above a certainthreshold.Thedetailedoperationsin eachstep
are:

STEP1: Thecomplex questionis lexically, syntacticallyandse-
manticallyanalyzedwith the goal of identifying the relationships
betweenwords that may leadto the generationsof simplerques-
tions. Thethreeformsof knowledgearemarkedup in eachof the
phasesof theanalysis:
1.a. (lexical) Thedeterminationof thepart-of-speechof eachword,
generatedby theBrill tagger[1].
1.b. (syntactic) A full parseof the questionis generatedby the
probabilisticparserreportedin [2]. Theresultof theparserenders
information about the syntacticconstituentsof the questionand
abouttheirrelations.Forexample,for thecomplex questionQ0 , we
derivethefollowingconstituents:V P1 : f areg; V P2 : f containingg;
N P1 : f thekey activitiesg; N P2 : f theresearchg; N P3 : f development
phaseg; N P4 : f N P2 andN P3g; N P5 : f new drugsg; PP1 : f N P4

of N P5g; PP2 : f N P1 in PP1g 2.
1.c. (lexical) For eachbaseNP (e.g. N P1 , N P2 , N P3 , N P5) we
determinewhetherthe headis a nominalizationof someverb, by
accessingtheWordNetdatabase[12]. For example,thenoun“de-
velopment” is a morphologicalderivation of the verb “develop”.
The NPshaving headswhich arenominalizationsarenot consid-
eredin Step1.d.
1.d. (lexical/semantic) The generalityof the headsof eachNP is
assessedin oneof the two categories: abstract, or concrete. The
assessmentis basedon a largeanswertypetaxonomythatwasde-
velopedfor theTRECevaluationsof Q/A systems.Thetaxonomy,
which wasdescribedin [17] comprises440synsetsfrom WordNet
(andtheir hyponyms) and150 semanticclassesof namesthat are
recognizedby theNamedEntity Recognizerswe have available.If
any of the headsof an NP is found in the answertaxonomy, it is
assignedtheattributeconcrete, otherwiseit is labeledabstract. For
thequestionQ0 , only theheadof N P5 is categorizedasconcrete.
N P1 is labeledabstract. The questionprocessingtechniquesap-

2NPstandsfor nounphrase,VP for verbphrase,andPPfor prepo-
sitionalphrase



plied for factoid Q/A identify N P1 as being the constituentthat
indicatesthe EAT for the question. Sinceno EAT can be estab-
lishedfor Q0 , it is considereda complex question.
1.e. (syntactic) RelationsbetweenconcreteNPs and other con-
stituentsaresought.Thesyntacticrelationshipfrom theconstituent
PP1 indicatesa prepositionalattachmentrelation betweenN P5

andN P4 , which is a coordinationbetweenN P2 andN P3 . The
syntacticdecompositionof the coordinationentailstwo relations
betweentheverbsrelatedto N P2 andN P3 andN P5 . Theoutput
of Step1 for Q0 is: RELATIONS: f R1 = [develop – new drugs];
R2 = [research– new drugs]g

STEP 2: For a relationdiscoveredat Step1 we generateques-
tions that involve that relation. In orderto generatequestionsau-
tomatically, we employ a methodthatwas�rst reportedin [4]. In
orderto generatethequestion,we �rst �nd a sentencethatconsti-
tutesan answerfor that question. This is doneby the following
sub-steps:
2.a. QueryFormulation. In order to �nd sentencesin which el-
ementsfrom the RELATIONS list arediscovered,we formulated
two kinds of queries:(a) queriesinvolving the lexical arguments
of therelation,e.g.[“develop” AND “drug”] aswell as(b) queries
that involvedsemanticextensions.Four formsof extensionswere
considered:(1) extensionsbasedon the semanticclassof names
that representthe nominal category (e.g. namesof drugs), (2)
extensionsbasedon verbswhich are semanticallyrelatedto the
verbin theWordNetdatabase(e.g.develop(v)–sem.relation! cre-
ate(v);develop(v)–sem.relation! produce(v));(3) extensionsthat
allow thenominalto beanaphoric,thereforereplacedby apronoun,
e.g. [develop – it]; and(4) extensionsthat allow the nominaliza-
tions,aswell astheverbalconjuncts,to beconsidered.

r j shares a predicate with r i r j shares an argument with r i

r j specializes the predicate of r i r j specializes the argument of r i

the predicates of r j and r i can be composed

Table2: PropertiesBetweenRelationsr i and r j .

2.b. SentenceRetrieval. We built anindex basedon theprocessing
of relationsin the text collection3. A sentenceis addedto the in-
vertedlist of a relationr i whenit maybecomposedwith another
relationr j in the samesentenceand(a) relationsr i andr j meet
oneof theconditionslistedin Table2, or thepredicatesof relations
r i andr j may be composedwith the predicatecompositionpro-
ceduredescribedasa specialcasein 2.c; and(b) the argumentof
therelationr j canbemappedin oneof theEAT categoriesof the
Q/A system.Examplesof suchsentencesareillustratedin Table3.
SentenceS1 is retrievedbecauseit containsrelationr i = [develop
– drugs]andalsoa relationr j = [develop– Glaxo] thatsharesthe
samepredicate(“develop”) and“Glaxo” is mappedinto the EAT
= COMPANY. Similarly, sentencesS2 , S3 , andS4 are retrieved
becausethey containthreedifferentexpansionsof r i andnew rela-
tionsthatarecompatiblewith it.
2.c. QuestionGeneration. Everysentenceretrievedat2.b. contains
additionalrelations,besidesthosethatwereexpressedby thequery.
Amongthoserelations,someshareargumentswith thequeriedre-
lations,somedonot. The�rst groupof relationsmayserveto point
to EATs that the decomposedquestionsshouldrefer to. For ex-
ample,in sentenceS1 , thenew relation[Glaxo – develop] canbe
generalizedinto [ORGANIZATION – develop] in which ORGA-
NIZATION canbe selectedas the EAT of the questionthat shall
be generated.Our namedentity recognizer(NER) is able to dis-
tinguishbetweendifferenttypesof organizations,tagging“Glaxo”
3We processthe text collection and discover all syntactic and
salientrelationswhenwe build the topic signatureTS2 described
in Section2.

from sentenceS1 asCOMPANY, and“Medical School” from S2

asUNIVERSITY. WhentheEAT is established,thequestionstem
that is associatedwith it is known (e.g. “what companies”)and
it substitutesthenamefrom thesentence,to generatethequestion
Q1

0 from Table1, in which relationR1 is fully speci�ed with all
theargumentadjunctsit hadin thecomplex questionQ0 . Sentence
S1 generatesthe questionQ1

0 , whereassentenceS4 generatesthe
question“What universities developdrugs?”. SentenceS5 illus-
tratedin Table3 enablesthe generationof Q2

0 , whereassentence
S6 is usedfor generatingQ3

0 . Startingfrom relationR1 in RELA-
TIONS,threenew relationsarediscovered:R1

1 = [[R1 = develop–
drug] – COMPANY], R2

1 = [[R1 = develop– drug] – DISEASE],
andR3

1 = [[R1 = develop – drug] – DURATION]. Eachof these
new relationsenablethe generationof the decomposedquestions
listedin Table1.

S1 : The challenge for Glaxo was to develop a drug that was pleasant
to swallow.

S2 : 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.
S5 : 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.

S6 : 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.

Table3: Sentencesretrieved for relation R1 : [develop – drug].

3 SpecialCases. The propertiesbetweenrelationsr i andr j that
areusedin the index cover threemore casesthat needto be ad-
dressedby questiongeneration.They are:
2.c. ArgumentSpecialization. In order to inquire about the at-
tributesof arguments,threeforms of questionsaregenerated:(i)
questionsthat inquire aboutinstancesof entitiesthat arereferred
by the argumentof a relation in which the semanticclassof the
argumentis the EAT of the question,andthe questionbecomesa
list question;(ii) questionsthatspecializetheargumentof therela-
tion by usinga modi�er which becomestheEAT of the question;
and(iii) questionsthat inquire aboutthe characteristicsof the ar-
gumentsby using the questionstem“what types”. An example
of the �rst form of questionsis Q6

0 : “Whatnew drugshavebeen
developed?”, generatedfrom the sentence:“Zinnat is a new drug
which wasdevelopedbecauseotherdrugsin its classneededto be
injectedandwerethereforeof little useoutsidethehospitalenviron-
ment.”. An exampleof thesecondform of questionsis Q7

0 : “How
manymedicinesare launched per year?” , in which the EAT is
NUMBER, it modi�es theargument“medicines”in sentence“The
numberof medicineslaunched during the early 1980saveraged
about60per year.”.

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 predicatesfrom the relations: (i) by selectingthe EAT of the
questionasaMANNER, andassociatingthequestionstem“how”;
(ii) by usingadjunctsof thepredicatesin thequestionto produceei-
thera specializedMANNER EAT or a YES/NOquestion;and(iii)
by consideringthat the predicatesrepresentcomplex events that
havestructure,andthusthisstructurecanbeinquiredby usingspe-
cial constructsof the form “what stepsareincludedin”, or “what
typesof activitiesareincludedin”. The�rst form of predicatespe-
cializationis themostproductiveone,andit canbegeneratedbased
on therecognitionof MANNER relationsthatwasreportedin [6].



Examplesof questionsthatweregeneratedfor predicatespecializa-
tion arelistedin Table4.
2.e. PredicateComposition. Somequestionsneedto capturerela-
tionsbetweenpredicates.Suchrelationsmaybedeterminedby the
discovery of (a) causalrelations,asit wasreportedin [4]; (b) tem-
poral relations;or (c) becausethe predicatessharean argument.
Table5 illustratessuchquestions,their type of relations,and the
sentencesthatenabledthem.In our implementation,we have used
a setof cuephrasesandcausalverbsto detectcausalrelationsbe-
tweenpredicates.For thetemporalrelations,we reliedon thetem-
poralsignalsannotatedin 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: Theselectionof anew relationisperformedafternewly
discoveredrelationsareaddedto theRELATIONSlist.
3.a.Relationsthatspecializeargumentsor predicatesarenotadded
to RELATIONS,but all theotherthreetypesof relationsr j areap-
pended.For example,therelationsR1

1 = [[R1 = develop– drug] –
COMPANY], R2

1 = [[R1 = develop– drug] – DISEASE],andR3
1

= [[R1 = develop– drug] – DURATION] areadded.
3.b. A new relation is selectedto maximizethe probability esti-
mation that it will lead to anotherquestiondecompositionof the
complex question.Theprobabilityestimationsaredetailedin Sec-
tion 4.

STEP 4: Thedecisionto continueor stoptheprocessof gener-
atingquestiondecompositionsdependsonour formalizationof the
process. We have formalizedthe processof generatingquestion
decompositionswhich leadto thediscovery of new meaningfulre-
lationsasa randomwalk on a bipartitegraphof questionsandre-
lations.For a givenrelation,a sentencethatcontainstherelationis
selected.Thatsentenceis consideredto betheanswerto aquestion
decomposition,which is generatedby identifying a new relation,
which in turn, whenselectedwill leadto a new questiondecom-
position. Thus the randomwalk continueswith a probability � ,
generatinga new decompositionandselectinga new relation,or it
stopswith aprobability(1� � ). Section4 describestheformalisms
thatallow usto estimatetheprobabilitythattherandomwalk ends
afterk steps,correspondingto k loopsof theSteps2 and3 of this
procedure.

4. MARK OV CHAINS FOR QUESTION
DECOMPOSITION

In this section,we describehow we employ two differenttypes
of randomwalks to decomposecomplex questionsfor question-
answeringand/ormulti-documentsummarizationapplications.We
begin by describinghow a randomwalk canbe usedto populate
a network with potentialdecompositionsof a complex question.
Later, in Section4.2,we show how anotherrandomwalk canthen
beusedto selectasetof generateddecomposedquestionsthatbest
representstheinformationneedof thecomplex question.

Thequestiondecompositionproceduredetailedin Section3 can
be castasa Markov chain(MC). A MC over a setof statesS is
speci�ed by an initial distribution p0(S) over S, anda setof state
transitionprobabilitiesp(St jSt � 1). In thecaseof questiondecom-
position,the initial stateis representedby onerelationr 0 selected
from thelist RELATIONS(time = 0), whichis thesetof relations
generatedwhenprocessingthecomplex question.Theprobability

of theinitial stateis setas 1
n , wheren=jRELATIONS(time = 0)j.

After selectinga relation r i at step i , the index is consultedto
�nd sentenceswherer i andotherrelationsr j having the proper-
tieslistedin Table2 arepresent.If theargumentof relationr j can
be categorizedin the EAT hierarchyasan expectedanswertype
ej , thenit canenablethe generationof a questiondecomposition
QD i +1 with EAT = ej . Theprobability thata questiondecompo-
sition QD i +1 , with EAT = ej , is generatedfrom a relation r i is
givenby p(QD i +1 jr i ) = p(ej jr i ). Thenew relationr j is placed
in the RELATIONS list. If the index of r i hadonly onesentence
andonly onerelationr j 6= r i couldbefoundin thatsentence,then
r i is removedfrom thelist RELATIONS.

A new relationr i +1 is selectedfrom RELATIONSbasedon the
probabilityp(r i +1 jQD i +1 ). SincequestionQD i +1 wasgenerated
basedon theEAT discoveredwith thehelpof relationr j which led
to theEAT ej , we canevaluatep(r i +1 jQD i +1 ) = p(r i +1 jej ). In
thiswaywehavede�ned thetransitionprobabilitiesof theMarkov
Chain (MC) illustratedin Figure3. The MC alternatesfrom se-
lectingrelationsfrom RELATIONSandgeneratinganew question
decomposition.In thisway, thedecompositionprocessis “sur�ng”
thesetof relationsmeaningfulfor thecomplex question,andalso
the decomposedquestionsthat aregeneratedbasedon theserela-
tions. After eachstepthereis somechancethat the questionde-
compositionprocesswill stop. Theprocesscontinuesthe random
walk with probability � , generatinga new setof questiondecom-
positions. With probability (1 � � ), the walk stopsafter stepk
(afterproducingthequestiondecompositionQD k +1 ).

Step 0 Step 1 Step 2

QD1 QD2 QD3

P(QD1|r0)
P(r1|QD1)

P(QD2|r1) P(QD3|r2)
P(r2|QD2)

r0 r1 r2

Figure 3: The Mark ov chain alternatesbetweenrelationsand
questiondecompositions.

Sinceourgoalis to estimatetheprobabilitythattheMC stopsaf-
ter k steps,we producea matrix formulationof theproblemwhich
is similar to the formulationreportedin [9]. This formulation is
describedin Section4.1. We alsowant to testour hypothesisthat
the decomposedquestionsare relevant for the complex question.
Sincethesequestiondecompositionshave beengeneratedby re-
lations that we have discoveredin the text to be associatedwith
relationsoriginatingin thecomplex question,wewantto testif our
assumptionthatthey arevalid decompositionscanbequanti�ed by
ameasureof relatednessto thecomplex question.For thispurpose,
in Section4.2 we de�ne a mixture modelwhich generatesa dif-
ferentrandomwalk thatevaluatestherelevanceof thedecomposed
questions.

4.1 Matrix Formulation
The operationof the randomwalk canbe cleanlydescribedby

usinga matrix notation.Let N bethesizeof theindex. Thenum-
berN correspondsto the relationsthatwe have discoveredin the
text, having thepropertiesthat for every relationr i thereis alsoa
relationr j sharingwith r i thepropertiesfrom Table2, andr j has
theargumentmappedin oneof thesemanticcategoriesof theEAT
classes.Let M bethenumberof EAT classes.WeconsiderA to be
aN � M stochasticmatrixwith entriesaij = p(r i jej ) representing
theprobability that therelationr i will becomposedin a sentence
with a relationr j thathasanargumentof semantictypeej , which
will becometheEAT of thequestiondecompositionthat is gener-
ated.Similarly, astochasticmatrixB of dimensionsM � N canbe
de�ned, in which theelementsbij = p(ei jr j ) representtheproba-
bility thatasentencethatcontainstherelationr j canbetheanswer
to aquestionwith theEAT = ei . Then,theN � N stochasticmatrix



C is de�nedasC = A � B . TheprobabilitythattheMC stopsafter
k stepsis givenby (1 � � )� k Ck

r ;e , if thelastrelationit discovered
is r andthe lastquestiondecompositionsit hasgeneratedhadthe
EAT = e.

To estimatep(ei jr j ) we consider

p(ei jr j ) =
p(r j jei )p(ei )P
k p(r k jei )p(ei )

wherep(ei ) is theprior distribution of thesemantictypeei in the
corpus,andp(r j jei ) is givenby themaximumlikelihoodestimate
of the relation distribution in the text collection. Let J1 be the
numberof instancesof therelationr j composedwith a relationr i

in thesamesentencesuchthattheargumentof r i hasthesemantic
typeei . Then,pmle (r j jei ) = J 1

#( instances of r j )

4.2 Random Walks with Mixtur eModels
Recently, [15] introduceda randomwalk modelfor �nding an-

swersto complex questions.This modelis basedon the ideathat
answerscanbefoundby scoringeachsentenceagainsta complex
questionandselectingonly the�rst top-rankedsentences.Thesen-
tencerank is producedby a mixture model that combinesan ap-
proximationof a sentence's relevanceto a questionwith similarity
measuresthat canbe usedto selectanswersentencesthat arenot
similar to oneanother. Using thesameidea,we deviseda similar
mixture model for measuringthe relevanceof a questiondecom-
positionqdi to thecomplex questioncq. Therelevancemeasureis
de�ned as:

r elevance(qdi ; cq) = d
sim a (qdi ; cq)P
qd j

sim a (qdj jcq)
+

+ (1 � d)
X

qd j

sim b(qdi ; qdj )P
qdk

sim b(qdk ; qdj )

Thesimilaritiessim a andsim b areselectedfrom thefour simi-
larity measuresde�ned in Section5. If k is thenumberof question
decompositionsthatwe consider, a stochasticmatrix A of dimen-
sionsk � k is consideredsuchthataij = � � r elevance(qdi ; cq).
In order for matrix a to be stochastic,

P
i aij = 1, thus � =

1=
P k

i =1 r elevance(qdi ; cq). Similarly, a stochasticmatrix B of
dimensionk � k is de�ned suchthat bij = � j � sim b(qdi ; cq),
where� j = 1=

P k
i =1 sim b(qdi ; qdj ). Next, the relevancevector

R for all questiondecompositionsis de�ned by R = [dA + (1 �
d)B ]i � R. ThesquarematrixE = [dA + (1 � d)B ] de�nesaMC
whereeachelementeij from E speci�esthetransitionprobability
from statei to statej in thecorrespondingMarkov Chain.Therel-
evancevectorR is thestationarydistribution of theMarkov chain.
With probabilityd, a transitionis madefrom thecurrentquestion
decompositionqdi to new questiondecompositionsthataresimilar
to the complex questioncq. With a probability (1 � d), a transi-
tion is madeto questiondecompositionsthataresimilar to thelast
questiongenerated,qdi . We have usedseveralvaluesfor d in our
experiments.

5. EVALUATION RESULTS
Our experimentshave targeted(1) theevaluationof thedecom-

posedquestions;(2) the evaluationof the threeforms of answers
producedby theframework illustratedin Figure1; and(3) theeval-
uationof theimpactof thedecomposedquestionson thequalityof
answersummaries.

Evaluation of DecomposedQuestions
The evaluationof the decomposedquestionswasperformedin

two ways.First, thedecomposedquestionswereevaluatedagainst

decompositionscreatedby humans.Second,questiondecomposi-
tions wereevaluatedagainstquestionsgeneratedfrom the answer
summaries.The secondevaluationwasalsocomparedagainstan
evaluation involving only human-generatedquestions,both from
thecomplex questionandfrom theanswersummaries.Theevalua-
tion wasperformedagainst8 complex questionsthatwereaskedas
partof theDUC 2005question-directedsummarizationtask. The
questionscorrespondto thetopicslistedin Table6.

Four humanannotatorsperformedmanualquestiondecomposi-
tion basedsolelyonthecomplex questionsthemselves.Annotators
were asked to decomposeeachcomplex questioninto the set of
subquestionsthey felt neededto beansweredin orderto assemble
a satisfactoryanswerto the question. (For easeof reference,we
will referto thissetof questiondecompositionsasQD human .)

In order to evaluatethe quality of the automaticquestionde-
compositionsproducedby oursystem,wegeneratedthreedifferent
typesof questiondecompositionsfor a total of 8 complex ques-
tions that wereasked aspart of the 2005DUC question-directed
summarizationtask. First, we had 4 humanannotatorsperform
manualquestiondecompositionbasedsolelyon thecomplex ques-
tionsthemselves.Annotatorswereaskedto decomposeeachcom-
plex questioninto thesetof subquestionsthey felt neededto bean-
sweredin orderto assemblea satisfactoryanswerto thequestion.
(For easeof reference,we will referto this setof questiondecom-
positionsasQD human .) Thesubquestionsgeneratedby theanno-
tatorswerethencompiledinto a ”pyramid” structuresimilar to the
onesproposedin (NenkovaandPassonneau,2004).In orderto cre-
atepyramids,humans�rst identi�ed subquestionsthat soughtthe
sameinformation(or werereasonableparaphrasesof eachother)
andthenassignedeachuniquequestiona scoreequalto thenum-
ber of timesit appearedin the questiondecompositionsproduced
by all annotators.Second,we utilized our randomwalk modelto
generateasetof questiondecompositions(QD auto 1) for eachcom-
plex questions.Third, asshown in Figure1, the subquestionsin
QD auto 1 wereusedto generatemulti-documentsummarieswhich
were usedto automaticallygeneratea fourth set of questionde-
compositions(QD auto 2). As with QD human , the subquestions
generatedfor QD auto 1 andQD auto 2 werecombinedinto pyramid
structuresby humanannotators.

Eachof thesethreesetsof questiondecompositionswere then
comparedagainsta setof ”gold standard”decompositionscreated
by anotherteamof 4 humanannotatorsfrom from the 4 ”model
summaries”preparedby NIST annotatorsas ”gold standard”an-
swersto the 8 complex questions.Eachof the threequestionde-
compositionsdescribedabove (i.e. QD human , QD auto 1, and
QD auto 2) werethenscoredagainstthecorresponding”model” ques-
tion decompositionpyramid usingthe techniqueoutlinedin [14].
Table6 illustratesthe Pyramidcoveragefor QD auto 1, QD auto 2,
andQD human It is to benotedthatalthoughtheQD human cap-
tured45%of thequestionscontainedin the”model” pyramids,the
highaveragePyramidscore(0.5000)suggeststhathumanquestion
decompositionstypically includedquestionsthat correspondedto
themostvital informationidenti�ed by theauthorsof the”model”
summaries.

Anotherimportantobservationis thatthecoverageandthePyra-
mid scoreof QD auto 2 arealmost80% of the samemeasuresob-
tainedfor QD human , whereasthe Pyramidscoreof the question
decompositionsQD auto 1 is only 45% of the Pyramidscoreand
coverageobtainedfor QD human . In fact, thesescoresvary based
onthenumberof feedbackloopsallowedfor theAnswerSummary
3 from Figure 1. Figure 5 illustratesthe averageaveragePyra-
mid scoresthatwereobtainedateachstepof thefeedbackloop for
all eight questions,both for QD auto 1, andQD auto 2. The Figure



Topic PyramidScorefor QuestionDecompositions
Description QD auto 1 QD auto 2 QD human

FalklandIslands 0.2012 0.3202 0.3889
TouristAttacks 0.2317 0.3745 0.5000
DrugDevelopment 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
Czechoslovakia 0.2301 0.3116 0.3836

AVERAGE 0.2205 0.4070 0.5000

Table6: Pyramid Coverageof QuestionDecompositions.

showsthatthePyramidscoresimprovefor QD auto 1 . Theimprove-
mentfor QD auto 2 is lessdramatic.This meansthat thecompari-
sonandselectionof new questiondecompositionsateachfeedback
loop determinesbetterquestionsandbetteranswers.

Topic ResponsivenessScore
Description Summary1 Summary2 Summary3 HumanSum

FalklandIslands 3.75 4.00 4.00 4.50
TouristAttacks 2.75 3.00 3.25 4.75
DrugDevelopment 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
Czechoslovakia 2.25 3.00 4.00 4.50

AVERAGE 3.03 3.44 3.72 4.59

Table 7: ResponsivenessScore for the Human Summariesand
Answer Summaries1, 2 and 3.

Four differentsimilarity metricsareresponsiblefor thecompar-
isons.They arelistedin Figure4. Pairsof thesesimilarity metrics
werealsousedfor de�ning the relevanceof questiondecomposi-
tions to eachcomplex question.Theaggregatesimilarity between
qi 2 QD auto 1 andQD auto 2 is de�ned asA� sim (qi ; QD auto 2) =
1
7

P 7
j =1 sim j (qi ; QD auto 2). Thesimilarity scoresplay animpor-

tant role in theselectionsof questionsfrom QD auto 1 for thenext
loop. In ourexperiments,we observedthatif we take only similar-
ity 3 we obtainthebestresults.

Similarity Metric 1 weights content terms in QD auto 1 and QD auto 2 us-
ing tf idf (w i = w(t i ) = (1 + log ( tf i )) log N

df i
), where N is the

number of questionsin QD auto 1 and QD auto 2 , while df i is equal to
the number of questionsin containing t i and tf i is the number of times
t i appearsin QD auto 1 and QD auto 2 . Any question in QD auto 1 and
QD auto 2 canbe transformedinto two vectors,vq = hwq1 ; wq2 ; :::; wqm i
and vu = hwu 1 ; wu 2 ; :::; wu n i ; The similarity betweenQD auto 1 and
QD auto 2 is measuredas the cosinemeasurebetweentheir correspondingvec-

tors:: cos(vq ; vu ) = (
P

i wqi wu i )=((
P

i w 2
qi

)
1
2 � (

P
i w 2

u i
)

1
2 ) .

Similarity Metric 2 is basedon thepercentof termsin QD auto 1 thatappearin
the QD auto 2 . It is obtainedby �nding the intersectionof the termsin the term
vectorsof thetwo questions.

Similarity Metric 3 utilizessemanticinformationfrom WordNet.It involves:
(a) �nding the minimum path betweenWordNet concepts. Given two termst 1
and t 2 , eachwith n and m WordNet sensesS1 = f s1 ; :::; sn g and S2 =
f r 1 ; :::; r m g. Thesemanticdistancebetweenthe terms� ( t 1 ; t 2 ) is de�ned by
theminimumof all thepossiblepair-wisesemanticdistancesbetweenS1 andS2 :
� ( t 1 ; t 2 ) = min s i 2 S 1 ;r j 2 S 2 D (si ; r j ) , whereD (si ; r j ) is thepathlength
betweensi andr j .
(b) The semanticsimilarity betweenthe vector transformationsvq and vu
from QD auto 1 and QD auto 2 respectively is de�ned as sem (vq ; vu ) =
I ( v q ;v u )+ I ( v u ;v q )

j v q j + j v u j , whereI (vx ; vy ) =
P

x 2 v x
1

1+min y 2 v y � ( x;y )

Similarity Metric 4 is basedon questiontype similarity, using a question-type
similarity matrixsimilar to theoneintroducedin [11].

Figure4: The four similarity metrics.
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Figure 5: Pyramid scoresat eachstepof the feedbackloop.

Evaluation of Answers.
Answerswereevaluatedby the“responsivenessscore”designed

by the NIST assessors.The scoreprovides a coarseranking of
thesummariesfor eachtopic,accordingto theamountof informa-
tion in thesummarythathelpsto satisfythe informationneedex-
pressedin the topic statement.Four linguist assignedthesescores
for all threeformsof answersummaries.Table7 illustratesthere-
sponsivenessscoresfor AnswerSummary1, AnswerSummary2,
AnswerSummary3, from Figure1 andthehumangeneratedsum-
maries.Theresponsivenessscoreis measuredon a scalefrom 1 to
5 andit quanti�es how well doesa summaryanswerthecomplex
question. A scoreof 1 is the leastresponsive to the question. A
scoreof 5 meansthat the summaryanswerscompletelythe ques-
tion.

Evaluation of the Impact of the DecomposedQuestionson
Answer Summaries.

We werealsointerestedto evaluatethe impactthequestionde-
compositionswould have whenwe selectdifferentvaluesfor the
parameter� whichstopstheMarkov chain.Figure6 illustratesthe
averageResponsivenessscoreobtainedwhen� = 0:85, � = 0:6,
� = 0:5, � = 0:3 and � = 0:15. Sincethe questiondecom-
positionsdeterminetwo differentanswers,asit wasillustratedin
Figure1, we have measuredthe responsivenessfor both of them
andillustratetheresultsin Figure6.
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Figure6: Responsivenessfor differ ent � values.

In a separateeffort, we evaluatedthe impactof only the ques-
tion decompositionsthatwereconsideredrelevant to thecomplex
questionby the randomwalk presentedin Section4.2. Sincethat
randomwalk dependson theparameterd, we have testedtheques-
tion coveragefor d = 0:85, d = 0:6, d = 0:5, d = 0:3, and
d = 0:15. Figure7 illustratestheaverageResponsivenessobtained



in this case. Sinceonly AnswerSummary3 is obtainedby con-
sideringthe relevanceof questiondecompositionsto the complex
question,unlike Figure6, in Figure7 we illustrateresultsonly for
AnswerSummary3. The bestresultsareobtainedfor d = 0:85.
This resultsupportsour intuition that thequestiondecompositions
shouldnot benecessarilyvery different,but they mustberelevant
to the complex question.The differencefrom the responsiveness
of human-generatedsummariesindicatesthat relevancetakesinto
accountmoresophisticatedinformationthanthe onecontainedin
questions.
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Figure7: Responsivenessfor differ ent d values.

6. CONCLUSIONS
Wehavepresentedanew framework for questiondecomposition

that allows several forms of answersto be returnedfor complex
questions.Two forms of randomwalks wereused. The �rst ran-
domwalk wasusedfor sur�ng thespaceof relationsrelevantto the
complex question,in order to generatequestiondecompositions.
Thesecondrandomwalk wasusedfor measuringtherelevanceof
thequestiondecompositionsto thecomplex question.

The evaluationshave shown that the questiondecompositions
leadto morerelevantandcompleteanswers.Theresultshave also
shown that the coverageof automaticallygeneratedquestionde-
compositions,whencomparedwith the questionsgeneratedfrom
the answersummaryare betterindicatorsof answerquality than
therelevancescoreto thecomplex question.Theevaluationshave
alsoindicatedthequestioncoveragefor automaticmethodsis 85%
of thecoverageof questionsproducedby humans.

In this paperwe have alsodescribeda Q/A architecturewhich
allowsfeedbackloopsfor improving thequalityof answersthrough
thecoverageof questiondecompositions.
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