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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
parameterselectionof a rangeof widely-
usedandcustom-built 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 dependency relationrep-
resentationfollowed by a fusion process
that useslinear interpolationto integrate
evidencefrom variousdatastreamsto de-
tectanswersto factoidquestionsmoreac-
curately than the median of all partici-
pants.

1 Intr oduction

This paperdescribesAlyssa, a new open-domain
questionanswering(Q&A) systemdevelopedat
SaarlandUniversity.1 It was built as a tool for
the investigation of Q&A from a more princi-
pled, i.e. information theoreticallywell-founded
approach.Anotherrequirementwastheconstruc-
tion of a softwarethatcanserve asanexperimen-
tal platformin thelongerterm.Therefore,our de-
velopmentefforts werefocusedon �e xibility and
modularityratherthanperformancetuning in the
�rst yearof AlyssaparticipationatTREC.

1Thesystemis namedafterAlyssa,thedepartmentalsec-
retary's terrierdogandsystemmascot.

We reportour experimentsfor the TREC 2006
questionansweringtrack, wherewe useda cas-
cadeof LM-baseddocumentretrieval, LM-based
sentenceextraction,maximumentropy basedan-
swerextractionover a dependency relationrepre-
sentationfollowed by a fusion processthat uses
linearinterpolationto integrateevidencefrom var-
iousdatastreamstodetectanswersto factoidques-
tions moreaccuratelythanthe medianof all par-
ticipants.

The remainderof this paper is structuredas
follows: Section2 describesthe architectureof
our system. In Section3, we describethe spe-
ci�c methodsusedfor TREC2006,andSection4
presentsour results. Finally Section5 concludes
the paper with a summaryand possiblefuture
work.

2 Ar chitecture

2.1 Design Choices

As pointedout in (Leidner, 2003),softwareengi-
neeringin speech& languagetechnologyis con-
strainedby the developmentresourcesavailable.
Accordingto (Cunningham,2000), the “creation
of software infrastructuremust be undertaken in
conjunctionwith the developmentof systemson
whichtheinfrastructureis basedandwhichwill in
turn useits services”. In this case,our challenge
was to constructa reusableand extensiblesoft-
waresystemwhile still beingableto deliver �rst
experimentsfor TREC 2006, to the samedead-
line. As a consequence,we had to �nd a feasi-
ble minimum-overheadarchitecturewithout pro-
ducingyetanotherad-hoc“solution”.

To this end, a modular architecturewas cho-
senthatcomprisesanarrayof componentsthatare
remote-controlledby acentraldrivermodule.The



#----------------------------
# Define settings for doc. IR
#----------------------------
[document_retrieval]
# or: lucene, terrier
engine=lemur
# or: tdidf dfr lm_dir lm_abs lm_jm
method=lm_dir
top_n=60
index=default

# LSVLM options --------------------
# 0=TFIDF 1=OKAPI 2=Kullback-Leibler
lemur_model=2
dirichlet_prior=1000
# smoothing factor:
jelinek_mercer_lambda=0.5
discount_delta=0.5

Figure1: A centralexperimentaldescriptionfacil-
itatesexperiments.

crucial insight is that the driver knows aboutthe
components,but the componentsneednot know
abouttheexistenceof thedriver. Our designwas
informedby thedesignof theQED system((Leid-
neretal.,2004))andothersystems,wherethekind
of processingundertakenis encodedassequences
of �le nameextensions.

We designedthe core driver moduleso as to
readaglobalcon�guration�le (Figure1) describ-
ing all component's activation status(on or off)
andthesettingsof all their parametersin a central
place. We usemany externaltoolswidely shared
acrossNLP researchers,andthey oftenhave their
own parameter�les, which we generateautomati-
cally fromthemaster“recipe”,whichservesadual
purpose:�rst, the recipepreserves the detailsof
the experimentas it was run for later inspection
(provenance). Second,eventhemasterrecipecan
laterbeauto-generated(for examplein the future
by a graphicalGUI) using varied parameterset-
tingsin orderto explorepotentiallybettercompo-
nentconstellationsthantheoneswecurrentlyuse.

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

2.2 Result

Figure2 showstheresultingarchitectureof Alyssa
with its various componentmodules and data
streams.

The question�rst undergoesquestionanalysis,

a phasein which severalmodulesareinvolvedin-
dependently. The type of the questionis deter-
minedanda linguistic analysisis carriedout, in-
cluding full andshallow parsesandnamedentity
tagging. Then a query is constructedfrom the
questionbasedon this analysis.Thequeryis run
againstdocumentretrieval on the AQUAINT in-
dex and passageretrieval on a Wikipedia index.
An optionalco-referencestepallows pronounsor
NPsto bereplacedby their antecedents.Alterna-
tive sentenceextraction strategies have beenim-
plementedbasedon languagemodelingandwin-
dowing techniques,andextractedsetsof sentences
undergo further linguistic analysisbefore being
fed into two answerextractionmodule,onebased
on patterns,anotherone basedon a supervised
machinelearningmethodusingdependencies(see
below). Specialmodulestake careof eventques-
tions,de�nition questions,andlist questions.As
a result,severalcandidateanswerstreamsemerge
that are integratedin a answervalidationandfu-
sionstep.

This architectureandmoduleinventoryis a su-
persetof whatwasactuallyusedfor TREC2006,
as will becomeevident in the subsequentexper-
imental description,in part becausesomemod-
ulesarestill in development,in partbecausesome
moduleswere readybut we simply did not have
enoughtime to carefully test their contribution
to performancewasbene�cial. For example,the
Web validationandanaphoraresolutionmodules
werenotusedfor TREC2006yet.

3 Methods

3.1 Question Analysis

Weprocessquestionsasfollows:
Preprocessing: We apply a simple anaphora

resolutionstrategy 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 target and shorter
lengththanthe target,we replaceit with TNP. 3.
If thequestiondoesn't containthe targetafter the
previous steps,we choosea noun phrasein the
questionbasedon rulesandreplaceit with TNP.

Expected Answer Type (EAT) Extraction:
We chunk questions using Abney's chun-
ker(Abney, 1989). Based on 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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Figure2: Architectureof Alyssa.



responsibility for the massacre?, which chunk
sequenceis which np0 vb0 np1 for np2 ?, the
�rst chunk np0(terrorist organization) following
which, is identi�ed as EAT. Furthermore, the
headof EAT is mappedto a hand-built ontology
to obtain the correspondingnamedentity (NE)
type (e.g. organization correspondsto NE type
ORGANIZATION). In the current system,about
50 namedentity types (listed in Figure 3) are
considered.
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Figure3: List of NE types.

Question Pattern Matching: Consideringthat
thereare questionswith very high frequency to
be asked in TREC, we build questionpatterns
(QPTN)to maphighfrequentquestionsto classes.
Different from (Kaisserand Becker, 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 shows QPTNsfor question
classWHAT CREATION. Givena questionQ and
a questionpatternQP, if the chunk sequenceof
Q is matchedto BFORM of QP, and if the key
chunksof Q satis�es all constraintsCON listed
in CONS of QP, then Q is matchedto QP and
belongs to then correspondingclass. Further-
more, SLOTS of QP recordswhich key chunks
of Q will be used in answerpatternmatching.
23 questionclasses,such as WHO CREATION,
WHEN CREATION, WHEN BORN, are consid-
eredin thesystem.In TREC2006,92 amongto-
tal 403factoidquestionsareclassi�ed to question
classes.

Dependency Relation Path Extraction: For
theremainingquestionsthatarenot classi�ed,we
usea statisticalmodelto rankcandidateanswers.
The core idea of the model (Shenand Klakow,
2006)is to comparedependency relationsbetween
questionsandanswersentences.In questionanal-
ysis,we useMINIPAR (Lin, 1994)to parseques-
tions and extract dependency relation pathsbe-
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Figure4: Exampleof questionpatternsfor class
WHAT CREATION.

tweenquestionwords,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 grained classes. In
our systemwe usedthe �ne grainedclassi�ca-
tion only becauseweusespeci�c sub-classes(like
DATE,whichis aspeci�c sub-classof NUMBER)
later on in our sentenceretrieval. We use the
5,500questionsprovided by the Cognitive Com-
puting Groupat University of Illinois at Urbana-
Champaign2 for trainingandtheTREC10datafor
evaluation.

In termsof classi�cationparadigmwestartwith
theBayesclassi�er

ĉ = argmaxcP(Qjc)P(c) (1)

which is known to producetheminimumnum-
berof misclassi�cationsif thecorrectprobabilities

2http://l2r.cs.uiuc.edu/» cogcomp/Data/QA/QC/



areknown (Q is the questionandc the question
type).

However, theprobabilityP(Qjc) caneasilybe
calculatedusing a languagemodel (LM) trained
on all questionsof classc. The major advan-
tage of the languagemodeling approachis that
we candraw on a vastamountof available tech-
niquesto estimateandsmoothprobabilitieseven
if thereis very little trainingdataavailable.Onav-
erage,thereareonly about100trainingquestions
perquestiontype.

Speci�cally, weevaluatedabsolutediscounting,
linearinterpolationandDirichlet prior assmooth-
ing techniques.It turnsout thatabsolutediscount-
ing in a variantknown asKneser-Ney smoothing
for bigramlanguagemodelsgivesbestpossiblere-
sults. On top of this, we employ a countspeci�c
discountingtechnique.

The prior P(c) can be considereda unigram
languagemodelaswell. However, asall classes
areseensuf�ciently often(that is at least4 times)
thereis no smoothingissueat all andrelative fre-
quenciescanbeused.

Algorithm Accuracy

NaiveBayes 67.8%
NeuralNetwork 68.8%
SNoW 75.8%
DecisionTree 77.0%
SVM 80.2%
LM 80.8%

Table1: Comparisonof variousalgorithms(Naive
Bayes,... SVM) investigatedin (ZhangandLee,
2003)with theproposedlanguagemodelbasedap-
proach,denotedby LM in thetable.

Tables1 comparesresultsfrom (ZhangandLee,
2003)with theproposedLM approachfor various
machinelearningalgorithms.As (ZhangandLee,
2003)usetwo differentfeaturesets(bag-of-words
andbigramfeatures)we alwayspicked thebetter
result from (ZhangandLee, 2003). The LM ap-
proachusesbigramfeatures.

It is interestingto seethattheapproachis much
betterthantheNaiveBayesapproacheventhough
it usesthesameindependenceassumptions.This
differenceis probablydue to the very muchdif-
ferentsmoothingtechnique.TheSVM is thebest
algorithmfrom (ZhangandLee,2003)however it
is outperformedby the LM approachby a small
margin.

3.3 Document Retrieval
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Figure5: Numberof includedtopicsversusMAP
for TREC2004data.

Documentretrieval is a crucialpartin Question
Answeringsystems. In this part we tried to re-
ducethenumberof documentsto a smaller, more
manageablesetof relevantdocuments.In our ex-
perimentwe considereda two-step-approachnec-
essaryin orderto meettheproblem.First, a kind
of query constructionwas madeto optimize the
searchfor documents. Then the documentre-
trieval wasdonein a secondstepusingstandard
languagemodelbasedtechniques.

3.3.1 Query construction

In this �rst step,we preparedthe queryto ide-
ally �t the needsof our documentretrieval algo-
rithm. As explainedin (Miller et al., 1999)each
term in the query can be weightedwith a score.
This meansthatrepeatinga speci�c termmultiple
timeswould give the latter termmoreimportance
in form of a higherscore.Becausethis holdsalso
for our languagemodel approach,we expanded
the query in this stepwith the topic of the ques-
tion. Figure5 shows theeffectson our document
retrieval systemswhenwe expandthequerywith
the topic multiple timeson TREC2004data. On
thex-axisthenumberof includedtopicsis shown
whereasonthey-axistheMean Average Precision
(MAP) is plotted.Theperformanceincreasesuntil
including the topic threetimes. So, if the topic
is addedtoo often it gets too much weight and
otherpossibleimportantkeywordsarescoredtoo
lowly and,therefore,theretrieval systemperforms
worse.

Thereis also just a marginal improvementbe-
tweenaddingthetopic twice or threetimessowe
decidedto includethetopiconly twice for ourex-



perimentalsetup.

3.3.2 Document retrieval and fetching

For documentretrieval the Lemur Toolkit for
Language Modeling and Information Retrieval3

wasused.Queriesaswell astheAQUAINT cor-
pus were stemmedwith the Porterstemmerand
no stop-word removal was done. As mentioned
above,wechosealanguagemodelbasedapproach
for the retrieval stepusingunigramdistributions.
The smoothingmethod we used was Bayesian
smoothingwith Dirichlet priors. As shown in
(Hussainet al., 2006) smoothingwith Dirichlet
prior performsbest in context of documentre-
trieval experimentsand even outperformstradi-
tional informationretrieval techniqueslike Okapi
and TFIDF. (Hussainet al., 2006) also suggests
an optimal smoothingparameterfor TREC ques-
tion setswhichweusedwithin ourexperimentsas
well.

After the retrieval step,we fetchedthe best60
relevantdocumentsbecausethis numberwassuf-
�cient in previousTRECrunsto getabout90%of
answerswithin thosedocuments.

3.4 Sentence Retrieval

In thissection,wedescribethesetupfor retrieving
sentencesandtheactualre-rankingstep.Sentence
retrieval, which is just a specialcaseof passage
retrieval, is a commonstepin questionanswering
((Clarke et al., 2000),(Tellex et al., 2003)). Nor-
mally it is necessaryto further reducethe sizeof
a documentcollection in order to improve �nd-
ing answers. But therealso might be very long
documentswithin the collectionor perhapstopic
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
experimentssomepreparationshad to be done.
First of all we took the retrieved documentcol-
lection from the previous section(3.3.2)andex-
tractedthosedocumentsfrom aspeciallyprepared
AQUAINT corpus. In this preparedcorpus,we
useda sentenceboundarydetectionalgorithm4 to
identify possibleendsof sentences.

3http://www.lemurproject.org/
4LingPipe:http://www.alias-i.com/lingpipe/

After theextraction,thesentencesaswell asthe
querieswerestemmedusing the Porterstemmer.
Parallel to this stemmingprocesswe did a kind
of expansionof queriesandsentences.If the ex-
pectedanswertype of a query5 was DATE then
the token DATE wasaddedat the end. The sen-
tenceswerepreparedin almostthesamemanner.
Here,patternswereusedto identify possibleoc-
currencesof time and dateinformation. Due to
this expansion,possibleanswercandidatesfor the
expectedanswertype DATE wereranked higher.
To get an optimal scorefor thosekind of queries
we introduceda weighting schemeand experi-
mentallydeterminedthespeci�c weight.

Again an unigramlanguagemodelbasedtech-
niquewasusedto rankthesentencesin ourexper-
iment. In detailweusedBayesiansmoothingwith
Dirichlet prior whichis givenby thefollowing for-
mula:

p¹ (wjd) =
c(w; d) + ¹p (wjC)

P
w c(w; d) + ¹

(2)

Whereasc(w;d) meansthe countof word w in
sentenced, C is thecollectionof sentencesand¹
is thesmoothingparameter.

Wechosethiskind of smoothingbecauseit per-
formedalreadypromisingfor documentretrieval.
As smoothingparameterwe chosethe interpola-
tion weight ¹ = 100. We got this value by a
searchfor thecompleteparameterspace.Figure6
shows that this methodactuallyperformedbetter
thanJelinek-Mercerlinearinterpolation.6

For there-rankingexperimentsof thesentences
the LSVLMtoolkit wasused. It is the Language
Modeling toolkit from LSV7 andimplementsstan-
dard languagemodelingtechniques.We decided
to usethis particulartoolkit insteadof Lemur be-
causeit is muchmore�e xible. Soit is easilypos-
sibleto switchbetweendifferentlanguagemodels
for interpolationor to manipulatetheusedvocab-
ulary. In our case,we closedthevocabulary over
thequeryto geta betterperformanceasdescribed
in (Hussainetal., 2006).

Anotherpreparationstepwas to includea dy-
namicallist of stop-words.This list consistsof the
four mostcommonlyusedtermsof the complete
sentencecollection. However, thesewordswere
not removedbut just got a smallerscore.Again a

5seeSection3.2
6(Hussainet al., 2006)alsoshowed that Jelinek-Mercer

performedbetterthanabsolutediscounting
7Lehrstuhlfür Sprachsignalverarbeitung
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weightingschemewasusedto optimal scorethe
stop-words.

Finally, the querieswereoptimized. This was
doneby removing thequeryword. In mostcases
thequerywordhasnomeaningin termsof search-
ing for relevant sentencesso removing it givesa
higher scorefor the rest of the possiblerelevant
querywords.

3.4.2 Sentence Re-ranking

The settingsdescribedin the previous section
wereusedto do thesentencere-ranking.

Figure6 shows �rst resultswhentestingdiffer-
ent languagemodelbasedtechniqueswith differ-
entoptimizationparameterexplainedin theprevi-
oussectionon TREC 2004data. The plot shows
on thex-axisthenumberof sentencesreturnedon
a logarithmicscaleandon they-axistheaccuracy
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 show 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 ) showsthelanguage
modelwith optimizationchangeswe describedin
section3.4.1.It outperformsthebaselinedistribu-
tions for nearlyall cases.The interestingpoint in
regardto ourexperimentsis thatwehadto goback
to justasmallernumberof sentencesto obtainthe
sameaccuracy asfor abaselinemethod.

Table2 alsoshows thesigni�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 baselineandoptimizedexperi-
ments.

Reciprocal Rank (MRR) of the distributions for
TREC2004dataset.A performancegain of 25%
canbeobservedbetweentheDirichlet prior base-
line andtheoptimizedlanguagemodelanda gain
of actuallymorethan34% regardingthe Jelinek-
Mercerlinearinterpolation.

3.5 Answer Extraction

For the sentencesretrieved by SR Module, we
�rst processthemby usinglinguistic toolsinclud-
ing LingPipe (http://www.alias-i.com/lingpipe/)
for namedentity recognition, Abney's chunker
(Abney, 1989) for NP chunking and MINIPAR
(Lin, 1994) for dependency parsing. Next, we
apply two strategies,which aremainly basedon
surface text patternmatchingand correlationof
dependency relation path respectively, to extract
exact answersfrom the processedsentences.We
setthemaspipelinestructure.For eachsentence,
�rstly , answerpatterns(Section3.5.1)areusedto
matchcandidateanswers.If matched,the candi-
dateanswerswill be returned. Otherwise,path
correlation-basedMaximumEntropy model(Sec-
tion 3.5.2) is applied to rank the candidatean-
swers.

3.5.1 Chunk-based Surface Text Pattern
Matching

For the questionsin questionclasses,answer
patterns(APTN) indicatewhat are expectedan-
swer positionsin surfacesentences.APTNs are
representedasregularexpressionsovertokens,us-
ing the variablesslot, var andANSWER. slot is
boundto the key chunksof questions. A ques-
tion chunk,expectedby certainslots, is assigned
in questionpatternmatching. var is a setof spe-
cial alternative words, which are usually shared
by various patternsand also assignedin ques-
tion patternmatching.ANSWERindicatestheex-
pectedanswer. Figure7 shows APTNs for ques-
tion classWHAT CREATION. Patternsare man-
ually authoredfor the system. However, results
show that the coverageis not satisfactory since



only 12 questionsareansweredby patternmatch-
ing.

7<@;EEPLX8+G>;FH<D=;F?BA+9
7;CFAHE=F9

7;CFA9TQRU3-VIS3. ;AEG=D72;CFA9
7;CFA9;AEG=DJL -VIS3. JX TQRU372;CFA9
7;CFA9TQRU3JL -VIS5. RM;AEG=D72;CFA9
7;CFA9TQRU3,T -VIS4.- RM. ;AEG=D72;CFA9
7;CFA9;AEG=DJL -VIS4. -RMZJX.TQRU372;CFA9
7;CFA9;AEG=DJL TQRU3,T -VIS4.72;C9
7;CFA9;AEG=D-WNRZUNIUZWNOKN.JL -VIS3. JX TQRU372;CFA9
7;CFA9;AEG=D-WNRZUNIUZWNOKN.JL -VIS4. -RMZJX.TQRU372;CFA9
7;CFA9IMULS-VIS3. ;AEG=D-\\W/.Y406[0 TQRU372;CFA9
7;CFA9-VIS4. RM;AEG=DJX TQRU372;CFA9
7;CFA9TQRU3,T -VIS4. RM;AEG=D72;CFA9
7;CFA9JL-VIS5. RM;AEG=D-0.: TQRU372;CFA9
7;CFA9TQRU3-0.: WNR-VIS3. ;AEG=D72;CFA9
7;CFA9;AEG=D,T- MOSTU.:-VIS3. TQRU372;CFA9
7;CFA9TQRU3--0Z1..: -VIS5. RM;AEG=D72;CFA9
7;CFA9TQRU3--0Z1..: ;AEG=D,T -VIS5.72;CFA9
7;CFA9-VIS4. RMTQRU3--0Z1..: ;AEG=D72;CFA9
7;CFA9TQRU3,T -VIS4.- -0Z1..: ;AEG=D72;CFA9
7;CFA9;AEG=D-VIS5.- 0.: TQRU372;CFA9
7;CFA9;AEG=D--0Z1.. -VIS4. -JXZRM.TQRU372;CFA9
7;CFA9;AEG=D--0Z1.. ;AEG=D,T TQRU372;CFA9

72;CFAHE=F9
72<@;EE9

Figure 7: Exampleof answerpatternsfor class
WHAT CREATION.

3.5.2 Correlation of Dependency Relation
Path

If none of candidateanswersare matchedto
APTNs,we furthercomparedependency relations
betweencandidateanswersandmappedquestion
chunksin sentenceswith correspondingrelations
in questions.A correlationmeasureis proposedto
calculatedistancebetweentwo dependency rela-
tion paths.Theparametersof themeasureareesti-
matedonasetof questionanswerpairsin previous
TREC.Next, the correlationsare incorporatedin
a Maximum Entropy-basedrankingmodelwhich
estimatespathweightsfrom training. Lastly, top-
ranked candidateanswerin eachsentenceis re-
turned. (Shenand Klakow, 2006) presentsthe
detailedinformationof the model. Resultsshow
that it extracts65 among403factoidquestionsin
TREC2006.

3.6 Fusion

One issue with fusion of different processing
streamsanddifferentmodulesin a QA systemis
that scoresarecalculatedin variouswaysand in
particularthat they are hardly ever probabilities.
Thismakesfusionadif�cult task.

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

all themodulesproducea rankingon oneway or
other, we use Zipf 's Law to convert ranks into
probabilities. A simpleversionof this ideais an
arithmeticaverageof inverserankswhichwaspro-
posedin (Whittakeretal., 2005).

Here we usefor the probability of an answer
createdby modulei being correcta Mandelbrot
distribution which is a re�nementof theZipf dis-
tribution. It hasonemoreparameterthatallows to
tunethe�atnessof thedistribution for top ranked
answers.Thisis importantwheremodulesputsev-
eralgoodanswerson top but cannot discriminate
betweenthealternatives.TheMandelbrotfunction
is de�ned by

Pi (A) =
N

(r i (A) + ¹ )¯ (3)

wherer i (A) is therankonwhichmodulei puts
the answerA and¹ and° areparametersdeter-
mineon theTREC2004data. N is a normaliza-
tion factordependingon ¹ and° .

Theactualfusionis a linearinterpolation

P(A) =
NX

i=1

¸ i Pi (A) (4)

whereN is the numberof componentsto be
fusedand ¸ i are the interpolationweightssatis-
fying thenormalizationconstraint1 =

P N
i=1

¸ i .
All theparametersareoptimizedon theTREC

2004 data. We fuse the resultsof our answer
extractionwith the sentenceretrieval results,the
Wikipediasystemandtheoutputof thewebvali-
dationmodule.Notethatthewebvalidationmod-
uleswasnotused.

4 Results

We carriedout 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
a masternodefeaturinga 1 TB RAID system,we
only usedthenodel-local300GB harddiskdrives
to avoid delayscausedby NFSoverhead.

Table3 shows the threerunswe submittedand
our resultsobtained. The �rst run usesonly the
AQUAINT corpusto retrieve answercandidates
from,whereasthesecondrunaddsWikipediacan-
didatesthatareusedto validateAQUAINT candi-
dates.The third run usesmoreanswerextraction
patterns(in additionto theonesalreadyusedin the
otherruns).



RunID AQUAINT WIKIPEDIA Moremanual Accuracy F-score F-score
stream stream patterns FACTOID LIST OTHER

lsv2006a + 0.174 0.077 0.107
lsv2006b + + 0.191 0.096 0.109
lsv2006c + + + 0.186 0.098 0.110

Table3: LSV GroupRunsandResultsSubmittedto TREC2006.

As the numbersshow, despite the fact that
Alyssawasimplementedin justafew monthsprior
andduringTREC,it alreadyperformedbetterthan
the medianof participants.We attribute this suc-
cessto

² the �e xibility of the system architecture,
which allowed us to experimentwith a va-
riety of approachessystematically(while the
systemimplementationwasstill in progress),
combinedwith

² ourdata-drivenapproach:atany pointin time
we try to improve the componentthat was
thebottleneck(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
art is still verybasic.Thismaybeattributedto the
factthatweusedWikipediaratherthanAQUAINT
asthesourcefor de�nition questions.

Unlike othergroups,we did not observe an in-
creaseof unsupportedanswers. The lessonwe
learn from this is to useWikipedia, but to useit
wisely, i.e. to supportAQUAINT answersrather
thanto extractcandidateanswersdirectly from it.

5 Summary and Conclusions

5.1 Summary

We have presentedthe new open-domainQ&A
systemAlyssaandour experimentsfor theTREC
2006questionansweringtrackusingthesystemto
explore a statistically-inspiredapproachto ques-
tion answering.

Using a �e xible software architecturethat al-
lowed to switch methodseasilywe carriedout a
seriesof experiments. Our best resultsoutper-
formed the median over all TREC 2006 Q&A
trackparticipants.

5.2 Future Work

In futurework, weareplanningto usetheexisting
systemto carry out further experiments,suchas

studyingtheimpactof thesubstitutionof pronouns
by theirantecedentsasa recall-enhancingdevice.

We are also planning to improve our system
alongfour directions:First, we would like to de-
velop andintegratemore �ne-grainednameden-
tity tagging. Second,we areplanningto investi-
gatemoresophisticatedlearningmethodsfor the
integrationof theevidence,bothat thefusionstep
andthecomponentlevel. Third,makinguseof ex-
istingpatternsfrom theanswerextractioncouldbe
usedfor preciseWebvalidationpatterns.Finally,
we would like to carryout anablationstudyana-
lyzing theerrorsmadeby thesystems.
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