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Abstract

We presentour new statistically-inspired
open-domainQ&A researchsystemthat

allows to carry out a wide rangeof ex-

perimentseasily and e xibly by modify-

ing acentral le containinganexperimen-
tal “recipe” thatcontrolstheactivationand
parameteselectionof a rangeof widely-

usedandcustom-lilt components.

Basedon this, we reportour experiments
for the TREC 2006 questionanswering
track, wherewe useda cascadeof LM-
baseddocumentretrieval, LM-basedsen-
tence extraction, MaxEnt-basedanswer
extractionover a dependengcrelationrep-
resentationfollowed by a fusion process
that useslinear interpolationto integrate
evidencefrom variousdatastreamdo de-
tectanswergo factoidquestionsmoreac-
curately than the median of all partici-
pants.

1 Intr oduction

This paperdescribesAlyssa a new open-domain
guestionanswering(Q&A) systemdevelopedat

SaarlandUniversity! It was built as a tool for

the investication of Q&A from a more princi-

pled, i.e. information theoreticallywell-founded
approach Anotherrequirementvasthe construc-
tion of a softwarethatcanserne asanexperimen-
tal platformin thelongerterm. Therefore pur de-

velopmentefforts werefocusedon e xibility and
modularity ratherthan performanceuningin the

rst yearof Alyssapatrticipationat TREC.

1The systemis namedafter Alyssa,the departmentasec-
retarysterrierdogandsystemmascot.

We reportour experimentsfor the TREC 2006
guestionansweringtrack, wherewe useda cas-
cadeof LM-baseddocumentretrieval, LM-based
sentencextraction, maximumentrofy basedan-
swerextractionover a dependengrelationrepre-
sentationfollowed by a fusion processthat uses
linearinterpolationto integrateevidencefrom var-
iousdatastreamdo detectanswergo factoidques-
tions more accuratelythanthe medianof all par
ticipants.

The remainderof this paperis structuredas
follows: Section2 describesthe architectureof
our system. In Section3, we describethe spe-
ci ¢ methodsusedfor TREC 2006,andSection4
presentsour results. Finally Section5 concludes
the paperwith a summaryand possible future
work.

2 Architecture

2.1 Design Choices

As pointedoutin (Leidnet 2003),software engi-
neeringin speech& languagetechnologyis con-
strainedby the developmentresourcesavailable.
Accordingto (Cunningham2000), the “creation
of software infrastructuremust be undertalen in
conjunctionwith the developmentof systemson
whichtheinfrastructurds basedandwhichwill in
turn useits services”. In this case,our challenge
was to constructa reusableand extensible soft-
ware systemwhile still beingableto deliver rst
experimentsfor TREC 2006, to the samedead-
line. As a consequenceye hadto nd a feasi-
ble minimum-orerheadarchitecturewithout pro-
ducingyetanotherad-hoc*solution”.

To this end, a modular architecturewas cho-
senthatcompriseanarrayof componentshatare
remote-controlledy a centraldriver module.The
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Figurel: A centralexperimentadescriptiorfacil-
itatesexperiments.

crucial insight is that the driver knows aboutthe
componentsput the componentsieednot know
aboutthe existenceof the driver. Our designwas
informedby thedesignof the QED system((Leid-
neretal.,2004))andothersystemswherethekind
of processingindertalkenis encodedassequences
of le nameextensions.

We designedthe core driver module so as to
readaglobalcon guration le (Figurel) describ-
ing all componens activation status(on or off)
andthe settingsof all their parameter# a central
place. We usemary externaltools widely shared
acrosNLP researchersndthey oftenhave their
own parameterles, whichwe generateautomati-
cally fromthemasterrecipe”, whichsenesadual
purpose: rst, the recipepreseresthe detailsof
the experimentasit wasrun for later inspection
(provenance). Secondgventhe mastemrecipecan
later be auto-generate(for examplein the future
by a graphicalGUI) using varied parameterset-
tingsin orderto explore potentiallybettercompo-
nentconstellationshantheoneswe currentlyuse.

The le layoutandnamingcorventionstogether
with the recipeform the backboneof the Alyssa
systemarchitecture. Next, we describehow this
infrastructureis currently populatedby compo-
nents.

2.2 Result

Figure2 shavstheresultingarchitecturef Alyssa
with its various componentmodules and data
streams.

The questionrst undegoesquestionanalysis,

aphasedn which severalmodulesareinvolvedin-
dependently The type of the questionis deter
minedanda linguistic analysisis carriedout, in-
cluding full andshallav parsesand namedentity
tagging. Thena query is constructedfrom the
guestionbasedon this analysis. The queryis run
againstdocumentretrieval on the AQUAINT in-
dex and passageetrieval on a Wikipedia index.
An optionalco-referencestepallows pronounsor
NPsto bereplacedby their antecedentsAlterna-
tive sentenceextraction stratgies have beenim-
plementedbasedon languagenodelingand win-
dowing techniquesandextractedsetsof sentences
undego further linguistic analysisbefore being
fed into two answerextractionmodule,onebased
on patterns,anotherone basedon a supervised
machindearningmethodusingdependenciesee
below). Specialmodulestake careof eventques-
tions, de nition questionsandlist questions.As
aresult,several candidateanswerstreamsmege
that areintegratedin a answervalidationandfu-
sionstep.

This architectureandmoduleinventoryis a su-
persetof whatwasactuallyusedfor TREC 2006,
aswill becomeevidentin the subsequenéxper
imental description,in part becausesome mod-
ulesarestill in developmentjn partbecaussome
moduleswere readybut we simply did not have
enoughtime to carefully test their contrikution
to performancewnas bene cial. For example,the
Web validation and anaphoraesolutionmodules
werenotusedfor TREC2006yet.

3 Methods

3.1 Question Analysis

We procesgjuestionsasfollows:

Preprocessing: We apply a simple anaphora
resolutionstratey for a question:1. We replace
all pronounsin the questionwith main NP of its
target (TNP). 2. For eachNP in the question,if
it hassameheadword as the tarmget and shorter
lengththanthe tamget, we replaceit with TNP. 3.
If the questiondoesnt containthe targetafterthe
previous steps,we choosea noun phrasein the
questiorbasedn rulesandreplacet with TNP.

Expected Answer Type (EAT) Extraction:
We chunk questions using Abney's chun-
ker(Abney, 1989). Basedon chunk sequence
of question, we identify a NP chunk which
indicatesEAT of the questionusing rules, such
as, for Q: Which terrorist organization claimed
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responsibility for the massacre?, which chunk
sequencds which np0 vb0 npl for np2 ?, the
rst chunk npO(terrorist organization) following
which, is identied as EAT. Furthermore,the
headof EAT is mappedto a hand-ilt ontology
to obtain the correspondingnamedentity (NE)
type (e.g. organization correspondgo NE type
ORGANIZATION). In the currentsystem,about
50 namedentity types (listed in Figure 3) are
considered.
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Figure3: List of NE types.

Question Pattern Matching: Consideringhat
there are questionswith very high frequeny to
be asled in TREC, we build questionpatterns
(QPTN)to maphighfrequentquestiongo classes.
Different from (Kaisserand Becler, 2004) and
(Wu et al., 2005), questionclassesare de ned
in termsof meaningbut not syntacticstructures
of questions. For eachquestionclass, we also
build answerpatterns(APTN) to extract answers
for questionsin the class, as describedin Sec-
tion 3.5.1. Figure 4 shavs QPTNsfor question
classWHAT_CREATION. Givena questionQ and
a questionpatternQP, if the chunk sequencef
Q is matchedto BFORM of QP, andif the key
chunksof Q satis es all constraintsCON listed
in CONS of QP, then Q is matchedto QP and
belongsto then correspondingclass. Further
more, SLOTS of QP recordswhich key chunks
of Q will be usedin answerpattern matching.
23 questionclasses,such as WHO_CREATION,
WHEN_CREATION, WHEN_BORN, are consid-
eredin the system.In TREC 2006,92 amongto-
tal 403factoidquestionsareclassi edto question
classes.

Dependency Relation Path Extraction: For
theremainingquestionghatarenot classi ed, we
usea statisticalmodelto rank candidateanswers.
The core idea of the model (Shenand Klakow,
2006)is to comparalependengrelationshetween
guestionsaandanswersentenceslin questionanal-
ysis,we useMINIPAR (Lin, 1994)to parseques-
tions and extract dependeng relation paths be-
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Figure4: Exampleof questionpatternsfor class
WHAT_CREATION.

tweenguestionwords, suchaswhat, who, when,
andall key chunksof questions.

3.2 Question Classification and Typing

For question classi cation, we use the taxon-
omy as proposedin (Li and Roth, 2002). It
uses6 coarseand 50 ne grainedclasses. In
our systemwe usedthe ne grainedclassi ca-
tion only becauseve usespeci ¢ sub-classeflike
DATE, whichis aspeci c sub-clas®f NUMBER)
later on in our sentenceretrieval. We use the
5,500questionsprovided by the Cognitve Com-
puting Group at University of lllinois at Urbana-
Champaig# for trainingandthe TREC 10 datafor
evaluation.

In termsof classi cationparadigmwe startwith
theBayesclassi er

¢ = argmax P (Qjc)P (c) (1)

which is known to producethe minimum num-
berof misclassi cationsf thecorrectprobabilities

2http://12r.cs.uiuc.edus cogcomp/Data/QA/QC/



areknown (Q is the questionand ¢ the question
type).

However, the probability P (Qjc) caneasilybe
calculatedusing a languagemodel (LM) trained
on all questionsof classc. The major adwan-
tage of the languagemodeling approachis that
we candraw on a vastamountof availabletech-
niquesto estimateand smoothprobabilitieseven
if thereis verylittle trainingdataavailable.On av-
erage thereareonly about100training questions
perqguestiontype.

Speci cally, we evaluatedabsolutediscounting,
linearinterpolationandDirichlet prior assmooth-
ing techniqueslt turnsout thatabsolutediscount-
ing in a variantknown asKnesefNey smoothing
for bigramlanguagenodelsgivesbestpossiblere-
sults. On top of this, we employ a countspeci ¢
discountingiechnique.

The prior P(c) can be considereda unigram
languagemodelaswell. However, asall classes
areseernsufciently often(thatis atleast4 times)
thereis no smoothingissueat all andrelative fre-
guenciexanbeused.

| Algorithm | Accuray |
Naive Bayes 67.8%
NeuralNetwork 68.8%
SNoW 75.8%
DecisionTree 77.0%
SVM 80.2%
LM 80.8%

Tablel: Comparisorof variousalgorithms(Naive
Bayes,... SVM) investicatedin (ZhangandLee,
2003)with theproposedanguagenodelbasedap-
proachdenotedby LM in thetable.

Tablesl comparesesultsfrom (ZhangandLee,
2003)with theproposed_-M approacHor various
machingearningalgorithms.As (ZhangandLee,
2003)usetwo differentfeaturesets(bag-of-words
andbigramfeatures)wve always picked the better
resultfrom (ZhangandLee, 2003). TheLM ap-
proachusesbigramfeatures.

It is interestingto seethatthe approachs much
betterthanthe Naive Bayesapproacheventhough
it usesthe sameindependencassumptionsThis
differenceis probablydueto the very muchdif-
ferentsmoothingtechnique.The SVM is the best
algorithmfrom (ZhangandLee,2003)however it
is outperformedoy the LM approachby a small
maugin.

3.3 Document Retrieval

MAP

Figure5: Numberof includedtopicsversusMAP
for TREC2004data.

Documentretrieval is a crucialpartin Question
Answering systems. In this part we tried to re-
ducethe numberof documentgo a smaller more
manageablsetof relevantdocumentslin our ex-
perimentwe considered two-step-approachec-
essaryin orderto meetthe problem. First, a kind
of query constructionwas madeto optimize the
searchfor documents. Then the documentre-
trieval wasdonein a secondstepusing standard
languaganodelbasedechniques.

3.3.1 Query construction

In this rst step,we preparedhe queryto ide-
ally t theneedsof our documentretrieval algo-
rithm. As explainedin (Miller etal., 1999)each
termin the query can be weightedwith a score.
This meanghatrepeatinga speci ¢ termmultiple
timeswould give the latterterm moreimportance
in form of a higherscore.Becausehis holdsalso
for our languagemodel approach,we expanded
the queryin this stepwith the topic of the ques-
tion. Figure5 shows the effectson our document
retrieval systemsavhenwe expandthe querywith
the topic multiple timeson TREC 2004 data. On
the x-axisthe numberof includedtopicsis shavn
wherea®nthey-axisthe Mean Average Precision
(MAP) is plotted. The performancencreasesintil
including the topic threetimes. So, if the topic
is addedtoo often it getstoo much weight and
otherpossibleimportantkeywordsare scoredtoo
lowly and,thereforetheretrieval systermperforms
worse.

Thereis alsojust a mamginal improvementbe-
tweenaddingthetopic twice or threetimessowe
decidedo includethetopic only twice for our ex-



perimentaketup.

3.3.2 Document retrieval and fetching

For documentretrieval the Lemur Toolkit for
Language Modeling and Information Retrieval®
wasused. Queriesaswell asthe AQUAINT cor
pus were stemmedwith the Porterstemmerand
no stop-word removal was done. As mentioned
above,we chosealanguagemodelbasedapproach
for theretrieval stepusingunigramdistributions.
The smoothingmethod we used was Bayesian
smoothingwith Dirichlet priors. As shown in
(Hussainet al., 2006) smoothingwith Dirichlet
prior performsbestin contet of documentre-
trieval experimentsand even outperformstradi-
tional informationretrieval techniquedik e Okapi
and TFIDF. (Hussainet al., 2006) also suggests
an optimal smoothingparametefor TREC ques-
tion setswhich we usedwithin our experimentsas
well.

After the retrieval step,we fetchedthe best60
relevantdocumentecausehis numberwassuf-
cient in previous TRECrunsto getabout90% of
answerswithin thosedocuments.

3.4 Sentence Retrieval

In this sectionwe describeghesetupfor retrieving
sentenceandtheactualre-rankingstep.Sentence
retrieval, which is just a specialcaseof passage
retrieval, is acommonstepin questionanswering
((Clarke et al., 2000),(Tellex et al., 2003)). Nor-
mally it is necessaryo further reducethe size of
a documentcollectionin orderto improve nd-
ing answers. But therealso might be very long
documentswithin the collectionor perhapsopic
changeswithin a singledocument. So the docu-
mentis further split up to smallerchunksto deal
with suchevents.In our casewe split up thedoc-
umentsto singlesentences.

3.4.1 Experimental setup

Before we startedwith the sentenceretrieval
experimentssome preparationshad to be done.
First of all we took the retrieved documentcol-
lection from the previous section(3.3.2) and ex-
tractedthosedocument$rom a speciallyprepared
AQUAINT corpus. In this preparedcorpus,we
useda sentencéoundarydetectionalgorithnt to
identify possibleendsof sentences.

3http://wwwlemurproject.ay/
“LingPipe: http://iwwwalias-i.com/lingpipe/

After theextraction,thesentenceaswell asthe
guerieswere stemmedusingthe Porterstemmer
Parallel to this stemmingprocesswe did a kind
of expansionof queriesandsentenceslf the ex-
pectedanswertype of a query’ was DATE then
the token DATE was addedat the end. The sen-
tenceswere preparedn almostthe samemanner
Here, patternswere usedto identify possibleoc-
currencesf time and date information. Due to
this expansion possibleanswercandidategor the
expectedanswertype DATE were ranked higher
To getan optimal scorefor thosekind of queries
we introduceda weighting schemeand experi-
mentallydeterminedhe speci ¢ weight.

Again an unigramlanguagemodelbasedech-
niquewasusedto rankthe sentences our exper
iment. In detailwe usedBayesiarsmoothingwith
Dirichlet prior whichis givenby thefollowing for-
mula:

o (i) — S Q) £ 2P (WiC)
we(w;d) +1

Whereasc(w;d) meansthe countof word w in
sentencel, C is the collectionof sentenceand?
is the smoothingparameter

We chosethis kind of smoothingoecausét per
formedalreadypromisingfor documentretrieval.
As smoothingparameteme chosethe interpola-
tion weightt = 100. We got this value by a
searchfor thecompleteparametespace Figure6
shaws that this methodactually performedbetter
thanJelinek-Mercelinearinterpolation®

For there-rankingexperimentf the sentences
the LSVLMtoolkit wasused. It is the Language
Modeling toolkit from LSV’ andimplementsstan-
dardlanguagemodelingtechniques.We decided
to usethis particulartoolkit insteadof Lemur be-
causet is muchmore e xible. Soit is easilypos-
sibleto switchbetweerdifferentlanguagemodels
for interpolationor to manipulatethe usedvocab-
ulary. In our casewe closedthe vocahulary over
thequeryto geta betterperformanceasdescribed
in (Hussairetal., 2006).

Another preparationstepwasto include a dy-
namicallist of stop-words. Thislist consistf the
four mostcommonlyusedtermsof the complete
sentencecollection. However, thesewords were
not removed but just got a smallerscore.Again a

(@)

SseeSection3.2

5(Hussainet al., 2006) also shaved that Jelinek-Mercer
performedbetterthanabsolutediscounting

Lehrstuhlfir Sprachsignalerarbeitung
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weighting schemewas usedto optimal scorethe
stop-words.

Finally, the querieswere optimized. This was
doneby removing the queryword. In mostcases
thequeryword hasnomeaningn termsof search-
ing for relevant sentenceso remaoving it givesa
higher scorefor the restof the possiblerelevant
querywords.

3.4.2 Sentence Re-ranking

The settingsdescribedin the previous section
wereusedto do the sentencee-ranking.

Figure6 shaws rst resultswhentestingdiffer-
entlanguagenodelbasedechniqueswith differ-
entoptimizationparameteexplainedin the previ-
oussectionon TREC 2004 data. The plot shows
onthex-axisthe numberof sentenceseturnedon
alogarithmicscaleandon they-axistheaccurayg
of thesystem.

We experimented with two baseline meth-
ods, the Jelinek-Mercer linear interpolation
(JM_baseline ) and a baselineof the Dirich-
let prior smoothing(Dirichlet_baseline ).
The gure showv that both distributions per
form nearly equally but the Dirichlet baseline
is slightly better when returning just a smaller
set of sentences. The third smoothingmethod
(Dirichlet_optimized ) shavsthelanguage
modelwith optimizationchangesve describedn
section3.4.1.1t outperformghebaselinedistribu-
tionsfor nearlyall cases.Theinterestingpointin
regardto ourexperimentss thatwe hadto goback
to justasmallernumberof sentenceto obtainthe
sameaccuray asfor abaselinemethod.

Table2 alsoshavs the signi cant improvement
of our smoothing method regarding the Mean

\ Distribution | MRR |

JM_baseline| 0.29
Dirichlet_baseline| 0.31
Dirichlet_optimized | 0.39

Table2: MRR of baselineand optimizedexperi-
ments.

Reciprocal Rank (MRR) of the distributions for

TREC 2004 dataset.A performancegain of 25%
canbe obsenedbetweerthe Dirichlet prior base-
line andthe optimizedlanguagenodelandagain

of actuallymorethan34% regardingthe Jelinek-
Mercerlinearinterpolation.

3.5 Answer Extraction

For the sentencesetrieved by SR Module, we

rst procesghemby usinglinguistic toolsinclud-

ing LingPipe (http://www.alias-i.com/lingpipe/)
for namedentity recognition, Abney's chunler

(Abney, 1989) for NP chunking and MINIPAR

(Lin, 1994) for dependeng parsing. Next, we

apply two stratgies, which are mainly basedon

surfacetext patternmatchingand correlation of

dependeng relation path respectiely, to extract

exact answerdrom the processedentencesWe

setthemaspipelinestructure.For eachsentence,
rstly , answermatterngSection3.5.1)are usedto

matchcandidateanswers.If matchedthe candi-

date answerswill be returned. Otherwise,path

correlation-basetaximum Entropy model(Sec-
tion 3.5.2) is appliedto rank the candidatean-

swers.

3.5.1 Chunk-based Surface Text Pattern
Matching

For the questionsin questionclassesanswer
patterns(APTN) indicate what are expectedan-
swer positionsin surfacesentences.APTNs are
representedsregularexpressiongvertokens,us-
ing the variablesslot, var and ANSWER slot is
boundto the key chunksof questions. A ques-
tion chunk, expectedby certainslots, is assigned
in questionpatternmatching. var is a setof spe-
cial alternatve words, which are usually shared
by various patternsand also assignedin ques-
tion patternmatching. ANSWERIindicateghe ex-
pectedanswer Figure7 shavs APTNsfor ques-
tion classWHAT _CREATION. Patternsare man-
ually authoredfor the system. However, results
shav that the coverageis not satisfctory since



only 12 questionsareansweredy patternmatch-
ing.
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all the modulesproducea rankingon oneway or
other we use Zipf's Law to corvert ranksinto
probabilities. A simpleversionof this ideais an
arithmeticaverageof inverserankswhichwaspro-
posedn (Whittaker etal., 2005).

Here we usefor the probability of an answer
createdby modulei beingcorrecta Mandelbrot
distribution which is are nementof the Zipf dis-
tribution. It hasonemoreparametethatallowsto

TiICFASAEG=BVNRZUNIUZWNGKNVISA. -RMZJX. TORUS72,CFAYnethe atnessof the distribution for top ranked
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Figure 7: Exampleof answerpatternsfor class
WHAT_CREATION.

3.5.2 Correlation of Dependency Relation
Path

If noneof candidateanswersare matchedto
APTNSs,we furthercomparedependengrelations
betweencandidateanswersand mappedquestion
chunksin sentencesvith correspondingelations
in questionsA correlationmeasures proposedo
calculatedistancebetweentwo dependeng rela-
tion paths.Theparametersf themeasurareesti-
matedon asetof questiomanswelpairsin previous
TREC. Next, the correlationsare incorporatedn
a Maximum Entropy-basedrankingmodelwhich
estimatepathweightsfrom training. Lastly, top-
ranked candidateanswerin eachsentences re-
turned. (Shenand Klakow, 2006) presentsthe
detailedinformation of the model. Resultsshov
thatit extracts65 among403factoidquestionsn
TREC2006.

3.6 Fusion

One issue with fusion of different processing
streamsanddifferentmodulesin a QA systemis
that scoresare calculatedin variouswaysandin
particularthat they are hardly ever probabilities.
This makesfusionadif cult task.

However, it is well known that probability dis-
tributions in natural languageapplications (but
also beyond this) are often Zipf-distributed. As

answersThisis importantwheremodulegputser-
eralgoodanswerson top but cannot discriminate
betweerthealternatves. TheMandelbrofunction
is de ned by

Pi(A) = (rI(AI)\Ii_i_l)— (3)

wherer; (A) is therankonwhichmodulei puts
the answerA and! and® are parametersleter
mine onthe TREC 2004 data. N is a normaliza-
tion factordependingpn?! and®.

Theactualfusionis alinearinterpolation

X
P(A)= .iPi(A)
i=1

whereN is the numberof componentdo be
fusedand,; arethe interpolationweightssatis—
fying thenormalizationconstraintl = N, ;.

All the parametersreoptimizedon the TREC
2004 data. We fuse the resultsof our answer
extractionwith the sentenceetrieval results,the
Wikipedia systemandthe outputof the web vali-
dationmodule.Notethatthewebvalidationmod-

uleswasnotused.

(4)

4 Results

We carried out our TREC experimentson three
nodes part of a Linux Beowulf cluster with
2.6 GHz Intel Xeon multi-core CPUs (512 MB
RAM each). While the clusteris equippedwith
amastemodefeaturingal TB RAID systemwe
only usedthe nodel-local300GB harddisk drives
to avoid delayscausedy NFS overhead.

Table3 shaws the threerunswe submittedand
our resultsobtained. The rst run usesonly the
AQUAINT corpusto retrieve answercandidates
from, whereagshesecondunaddsWikipediacan-
didateghatareusedto validateAQUAINT candi-
dates. Thethird run usesmoreanswerextraction
patterngin additionto theonesalreadyusedin the
otherruns).



RunID AQUAINT WIKIPEDIA Moremanual | Accuray F-score F-score

stream stream patterns FACTOID LIST OTHER
| sv2006a + 0.174 0.077 0.107
| sv2006b + + 0.191 0.096 0.109
| sv2006¢c + + + 0.186 0.098 0.110

Table3: LSV GroupRunsandResultsSubmittedto TREC2006.

As the numbersshav, despitethe fact that
Alyssavasimplementedn justafew monthsprior
andduringTREC, it alreadyperformedbetterthan
the medianof participants.We attribute this suc-
cesso

2 the exibility of the system architecture,
which allowed us to experimentwith a va-
riety of approachesystematicallywhile the
systemmplementatiorwasstill in progress),
combinedwith

2 ourdata-drvenapproachatary pointin time
we try to improve the componentthat was
the bottleneck(in termsof mosterrorsintro-
duced).

Surprisingly our LIST and OTHER perfor
manceis not dramaticallyworsethat the average
despiteno speci c efforts were madeto address
thesetypes, which indicatesthat the stateof the
artis still verybasic.This maybeattributedto the
factthatwe usedwikipediaratherthanAQUAINT
asthesourcefor de nition questions.

Unlike othergroups,we did not obsere anin-
creaseof unsupportedanswers. The lessonwe
learnfrom this is to use Wikipedia, but to useit
wisely, i.e. to supportAQUAINT answersrather
thanto extractcandidateanswerglirectly from it.

5 Summary and Conclusions

5.1 Summary

We have presentedhe nev open-domainQ&A
systemAlyssaandour experimentdor the TREC
2006questiomnsweringrackusingthesystemo
explore a statistically-inspiredapproachto ques-
tion answering.

Using a e xible software architecturethat al-
lowed to switch methodseasily we carriedout a
seriesof experiments. Our bestresultsoutper
formed the medianover all TREC 2006 Q&A
track participants.

5.2 Future Work

In futurework, we areplanningto usetheexisting
systemto carry out further experiments,suchas

studyingtheimpactof thesubstitutiorof pronouns
by their antecedentasarecall-enhancinglevice.

We are also planning to improve our system
alongfour directions: First, we would like to de-
velop andintegratemore ne-grained nameden-
tity tagging. Secondwe are planningto investi-
gate more sophisticatedearningmethodsfor the
integrationof the evidence bothat thefusionstep
andthecomponentevel. Third, makinguseof ex-
isting patterndrom theanswerextractioncouldbe
usedfor preciseWeb validationpatterns.Finally,
we would like to carry out an ablationstudyana-
lyzing theerrorsmadeby the systems.
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