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Abstract

State-of-the-artoreferencaesolutionenginesshav similar performancedigures(low sixtieson the MUC-7 data). Our systemwith a
rich linguistically motivatedfeaturesetyields significantly betterperformancevaluesfor a variety of machinelearnersput still leaves
substantiatoomfor improvement.In this papemwe addressrelatively unexploredareaof coreferenceesolution- we presentdetailed
erroranalysisin orderto understandheissuegaisedby corpus-basedpproacheto coreferenceesolution.

1. Introduction

Rolust coreferenceesolutionis essentiafor variousNLP
tasks,suchaslinformationExtractionor QuestionAnswer
ing. Althoughtherehasbeenmuchattentionto the prob-
lem, state-of-the-artoreferenceesolutionalgorithmsstill
only have amoderateerformancéaround60%F-measure
for coreferencehainsonthe MUC-7 data).
Recentstudies(Cristeaet al., 2002; Barlu et al., 2002)
claim that existent (knowledge-poor)algorithmsare only
able to accountfor “easy” coreferencelinks and sug-
gestmore sophisticatedrameworks to dealwith complex
anaphoraesolutioncases.

We have built a learning-basedoreferenceesolutionen-
gine incorporatingvariouskinds of linguistic information
(Uryupina, 2006; Uryupina, 2007). Our systemrelies
on 351 nominal features(1096 boolean/continuousYyep-
resentingsurface (122 features),syntactic(64), semantic
(29), andsalience-base(l 36) propertiesof markablesand
markablepairs. We have evaluatedits performancdor a
variety of publicly available machinelearners(SVM!isht,
C4.5,Ripper, Slipper MaxEnt),observingaconsistensig-
nificantimprovementover the state-of-the-artevel (Soon
etal., 2001). Thesystems performancavith the SVMight
classifier(F-scoreof 65.4%)is, to our knowledge the best
resulton the MUC-7 datareportedso far in the literature.
Moreover, our learningcurves (seeFigure 1, dashedine)
shav no signsof cornvergence suggestinghatwe canget
evenbetterperformanceraluesby annotatingnoretraining
materialor improving our learningstratey.

Although our rich featureset hasbroughtsignificantim-
provement,the resultsstill lie in sixties. Our SVM!isht
classifierhasmissed469 of the 1299 manuallyannotated
links (recall value of 63.9%)and suggestedt08 spurious
links (precisionvalueof 67.0%).

We have performecdadetailederroranalysigto identify pos-
sibledirectionsfor futurework on our system.\We alsobe-
lieve thatour erroranalysisvould be helpful for ary coref-
erenceresolutionalgorithm: moststate-of-the-arsystems
sharevery similar performanceigureson the MUC data
andwe thereforeassumehat they alsosharevery similar
problems.

We discussthe mostcommonerrorsin Section2. Theer

ror analysishasrevealedseveral major problemswith our
approach(and, we believe, most state-of-the-arcorefer
enceresolution systems): insufficient data quality (Sec-
tion 3.), shortageof preprocessingnodules(Section4.),
inadequatdeatureqSection5.) anddeficienciesn theres-
olution strategy (Section6.).
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Figurel1: Learningcurve (F-score)for SVM!9ht: linguis-
tically rich featureset(dashedine) vs. Soonetal. (2001)
featuregsolidline).

2. Distribution of errors

Below we provide avery brief overview of theerrorsmade
by our system. Tables1 and 2 summarizethe distribution
of ourrecallandprecisionerrors.Additional examplesand
amoredetailedanalysisareprovidedin (Uryupina,2007).

2.1. Recall errors

Themostcommontypesof recallerrorsare: missingmark-
ables(35%), deficienciesn nominal anaphoraresolution
(22%),andincorrectly(un-)resohedpronoung16%).

Themostcrucialissueis clearlymarkablesextraction. The
MUC-7 annotationguidelinesconsiderasa markableary
NP or NP-like unit participatingin a coreferencechain.
Thepool of markablesasannotatedn the MUC-7 corpus,
is thereforevery heterogeneouskor example,the guide-
lines instruct the annotatorgo analyzenot only the text-
body of a document,but also its auxiliary parts (SLUG,



DATE, NWORDS,PREAMBLE, TRAILER)®:

<SLUGfv=taf-z> BC{LORAL-SIRCEJ-
470&AMP;ADD-N</SLUG>

Extractingmarkablesfrom suchsemi-structurediatais a
non-trivial taskof its own. As Table1 suggestsaroundone
third of the missedmarkablescomefrom auxiliary docu-
mentparts,eventhoughthey areon averagevery short.

For the textbody, state-of-the-artcoreferenceresolution
systemsrely on external automaticmodulesfor comput-
ing the setof markablesandthereforesomeanaphorsand
antecedentareinevitably missed.Eventhe mostsophisti-
catedcoreferenceaesolutionalgorithm cannot,obviously,
accountfor a coreferencdink if the anaphoror its an-
tecedent(s)re not recognized. Unfortunately there are
virtually no studiesonimproving theinteractionof corefer
enceresolutionengineswith their preprocessingnodules.
We will comebackto thisissuein Section4.

Another big problematicareais nominal coreference-
complex anaphoraesolutioncasesinvolving sophisticated
inferenceschemegfor example linking togetheiin achain
“satellites”, “U.S. reconnaissancechnology”, “advance
intelligence-gatherindools” and “remote-sensingnstru-
ments”)in thefollowing example:

Aspeacefulasthatmayseema reportonthe
[satellited;’ findings,completedn March, was
designatedssecet becausaheinformation
couldrevealtoo mud aboutthe abilities of
[U.S.reconnaissancecinologyls, ante=1- - -
Ratherthe studysimportanceay in

theuseof [advancedntelligence-gathering
toolg3 onie—2 t0 eXaminetheervironment,
anapplicationthat scientistssayhasenormous
potentialbenefitsor future reseach.
[Remote-sensinigstrument§ ;-3 could
savetimeandmong in variousprojects,
producingdatathat would otherwisebe

hard to gather

Although we have a numberof WordNet-basedeatures
to accountfor semanticcompatibility, the system still

achieves only moderateresultsin resolving such links.

Nominal anaphords a well-known difficult problem,dis-

cussedn theliterature.

Comple casesof pronominalanaphoraaccountfor 16%
of ourrecallerrors.Salience-baseihtersententiapronoun
resolutionis relatively reliable,but same-sentenqaonom-
inal anaphoraemainsproblematic:

“The [cableoperator]; doesnt care howold
[[his]3,qnte=1 SUbsCribe}, is aslongas
[hq4,ante=2,;ﬁ1 pays[his]5,ante:27¢1 monthlyblll"

Another ratherunaddressedssueis the resolutionof 1st
and 2nd personpronouns— moststateof the art corefer

enceresolutionalgorithmsrely on no specifictechniques
for dealingwith “I", “we”, or “you”. Thesepronounsare

!In all the examplesthroughoutthis paper markablesare
shavn with squarebraclets.

potentiallyproblematicfor arny systempecauseheir reso-
lution ofteninvolvescomplex discoursemodeling:

Theretiring Republicarchairmanof the
HouseCommitteeon Sciencewants[U.S];
businesseto competean the commecial
laundh industry .. (9 sentences)

“ [WE]2,qnte=1 Needto male it easierfor
theprivate sectorto competen the space
industry’ Walker said.

Somesyntacticconstructiongappositionand copula) are
very strongindicatorsfor coreferencebut they canoften
beconfusedvith othersyntacticstructuresandthereforere-
quire sophisticatedxtraction patternspasedon a parsers
output. We identify candidatedor appositionsand copu-
las with a regular expressionmatchey andthenrefinethe
candidateset, discarding,for example,addressesr coor
dinateconstructionsThis proceduraeliescrucially onthe
parsersquality. Appositions however, areintrinsically dif-
ficult for parsing(seeSectiord. below), leadingto incorrect
valuesfor syntacticfeaturesand decreasinghe systems
performance.

Around 7% of our recallerrorsarematchingmistales: the
classifierfailsto link two variantsof thesamename.Names
of ORGANIZATION are the most difficult NE-anaphors
for our system,contributing to 20 of 31 matching-related
recall errors. Organizationsare typically introducedby
their official namesandthenfurther re-mentionedy sim-
plified descriptions:somewords can be abbreviated, and
someomitted. Coreferencdinks betweera full andanab-
breviatedversionof the samenameare underrepresented
in our training corpusandthereforethe learnerscannotre-
liably extractthem. We expectto getbetterresultson ab-
breviationsby addingmoretrainingmaterial.
Someratherinfrequenthame-matchingatternsarestill not
coveredby our features For example , we canmatch“Mild
Seven BenettonRenaultF1 Team”to “Benetton” or “Re-
nault”, but we fail to link “Zif f-Davies PublishingCo” to
“Zif f”, aswe do not treatthe hyphenatiormark asa word
separatar

Finally, propagatedrecisionerrorsalso decreaseur re-
call. Thisis a problemof all the coreferenceresolution
algorithmswithin theframework of Soonetal. (2001).We
discusst in detailin Section6. below.

2.2. Precision errors

The mostcommontypesof precisionerrorsare: deficien-
ciesin nominalanaphoraesolution(45%), incorrectlyre-
solvedpronoung19%),andmisleadingmarkableg19%).
Around half of the precisionerrors madeby our system
areincorrectly resoled full noun phrases.Our classifier
mainly relies on the family of sane_head featuresfor
nominalanaphoraesolution.

It is generallyassumeidh theliteraturethatoneshouldpay
closerattentionto (pre-) modifiersto determinewhether
two same-headllPsarecoreferentfor example,‘the state-
owned Frenchcompanies”and “U.S. companies”below
canhardly referto the sameobject,becauséFrench” and



“U.S” areincompatible:

While [the state-ownedFrend companied rivals
acrossthe Atlantic havebeen“e xtremelyimpressive
andfast” aboutcomingtogetherin meigers, [Euro-
peancompaniep ,nte1, hobbledby political
squabblingandredtape havelaggedbehind,
Gallois said... Thecompetitionis eventougher

for Aerospatialein thatthe U.S.dollar haswealened
10 percentagainstthe Frend franclast year

giving [U.S.companiel qntex1,22

whatGallois calleda “superficial” advantage.

Thebottleneckof this approacHiesin thelack of required
knowledgebases:we cancompile small lists of mutually
incompatibleproperties but a large-scalegeneral-purpose
resourcecan hardly be producedmanuallyin ary reason-
abletime. In addition,somepropertiesaregenerallycom-
patible, but canbecomeincompatiblein specificcontexts
(consider‘Europeancompanies’and“Frenchcompanies”
in theexampleabove).

The distribution of precisionerrorsclearly shaws that in
most caseswe cannoteven potentially rely on modifiers’
incompatibility: often the anaphorand its candidatean-
tecedenhave compatiblemodifiersor at leastoneof them
is notmodifiedatall. In suchcasesve needa deeperanal-
ysis,involving multiple linguistic factors.

At least some spuriouslinks betweensame-headhoun
phrasescan be eliminated by discarding discourse-ne
markablegsee(Poesioetal., 2004)for anoverview of rel-
evantalgorithms). If a candidateanaphoiis likely to be a
discoursenew entity, thelink is highly implausible:

If youhavea shipthat canfire Tomahawknissiles,
andfire anti-air missilesand maybefire ATACMS
(Army Tactical Missiles),[that ship, will

performa functionthat [someothershifz qnze-1
won't haveto perform.

For pronominalanaphorawe have identified two major
subclassesf precisionerrors:overestimatingheimpactof
matchingfeatureqresolving,for example,“it” to “it”) and
incorrectpreferencefor salientsame-sentenceandidates.
Comparingthis to the distribution of our recall errors,we
canconcludethatour systemperformsonly moderatelyon
same-sentencgronominalanaphora. This is not surpris-
ing, becauseur approachfollowing moststate-of-the-art
pronounresolutionsystemsyeliesa lot on salience-based
features.

Deficienciesin markables’extraction and spuriousvalues
for syntacticfeaturesdecreas¢he systems precisionin the
similarway asthey affectits recall(seeSection2.1.above).
Finally, around5% of the spuriouslinks are incorrectly
matchednamedentities. Newswire documentsoften de-
scribedistinctentitieswith similar names- relatves(PER-
SON) or spin-of companies(ORGANIZATION). The
snippetbelov mentions“Loral”, “Loral Spaceand Com-
municationsCorp”, “Loral Space”,and “Space Systems
Loral™:

Newsof Mondays deal,in which Lodkheedwill

Errors %
MUC-7 inconsistencies| 17 3.6%
Missingmarkables 166 35.4%
auxiliary docparts 50 10.7%
tokenization 8 1.7%
one-word modifiers 36 7.7%
multi-word modifiers 10 2.1%
braclketing/labelling 54 11.5%
other 8 1.7%
PropagatedP-errors 31 6.6%
PRO-anaphora 17 3.6%
NP-anaphord 14 3.0%
Pronominaknaphora | 77 16.4%
NE-matching 31 6.6%
Syntacticconstructions | 39 8.3%
apposition 18 3.8%
copula 8 1.7%
guantitatve 13 2.8%
NP-anaphora 104 22.2%
samehead 4 0.9%
morph.variants 7 1.5%
head-modifier 10 2.1%
NPyna-NP,pte 46 9.8%
NPyna-NEgnie 28 6.0%
NEgna-NPynte 7 1.5%
NEgna-NEgnte 6 1.3%
total 469 100%

Tablel: Recallerrorsonthetestingdata(20 MUC-7 “for-
maltest” documents).

buy mostof [Loral];'s military businesses
andinvest$344million in [Loral Spaceand
Communication€orpJs, [a new companys qnte=2
whoseprincipal holdingwill be[Loral]4 gnte=1"S
interestin Globalstar sentGlobalstar’s ownshaes
soaring$.375,to $40.50in Nasdactrading ..

In addition, Schwartzsaid [Loral Spacé; would
useits holdingsin [SpaceSystem&oralls gnte=4,
[a privatemaler] nte—¢ Of satellites to expand
into thedirectbroadcastsatellitebusiness.

It is difficult even for a humanreaderto correctly cluster
thesenames:“Loral”, “Loral Spaceand Communications
Corp?, and“SpaceSystemsLoral” are differentcompa-
nies, whereas‘Loral Space”is anothernamefor “Loral
SpaceandCommunication€orp”.

To summarize our error analysisshavs that somecoref-
erencelinks areintrinsically difficult and canonly be ac-
countedfor by deepanalysis.Thesearecomplex anaphora
casesmentionedy Cristeaetal. (2002)and(Barhku etal.,
2002),including, for example,nominalanaphoraor tricky
1stand 2nd personpronouns. A lot of coreferencdinks,
however, canstill be potentiallyestablishedy shallov al-
gorithms.In thefollowing sectionswe discusspossibledi-
rectionsfor improvement,startingfrom the mostfeasible
stepsandgettingto morecomplex extensions.



Errors %
MUC-7 inconsistencies | 30 7.4%
Spuriousmarkables 76 18.6%
preamble 24| 5.9%
text body 52 | 12.7%
Pronourresolution 78 19.1%
NE-matching 20 4.9%
Syntacticconstructions 22 5.4%
apposition 12| 2.9%
copula 10| 2.5%
NP-anaphora 182 44.6%
multi-word expressions 3| 0.7%
homorymy 4| 1.0%
new modifier (anaphor) 15| 3.7%
incompatiblemodifiers 30| 7.4%
compatiblemodifiers 58 | 14.2%
no modifiers 62 | 15.2%
total 408 | 100%

Table 2: Precisionerrorson the testingdata (20 MUC-7
“formal test” documents).

3. Data

We have usedthe MUC-7 corpusin our study It consists
of 30 training (“dry-run”) and 20 testing (“formal”) one-
pagedocuments.Below we outline several problemswith

the theoreticassumption®f the MUC guidelinesandthe
annotatiorguality.

The definition of IDENT coreferenceasadwcatedby the
MUC-7 guidelines,s problematic.Van DeemterandKib-

ble (2001)point outthatthe MUC annotationrschemefails

to separatethe coreferencerelation proper from several
other phenomenasuch as bound anaphoraor predicate
nominals. It is difficult for ary classifierto learnsucha
comple distribution, involving different (thoughrelated)
phenomena.

The MUC evaluationmetricis too biasedtowardsrecall:

BC-CD-RADIOJSHARES -BLOOM...

CD Radiostok rose2 7/8to 135/8in trading
of [400,300shateg2, more thanquadruplethe
three-monttdaily average of [88,700shareqs.

Most coreferenceresolution systemswould link all the
three markablesinto a chain: {*SHARES”, “400,300
shares”;'88,700shares}. But evenif somesystemis able
to rule out the possibility of “400,300shares”and88,700
shares'teferringto thesameobject,it would haveto decide
which markableshouldbekeptin the chain,andwhich one
not. Thefactthata systemhascorrectlyavoideda spurious
link is notdirectly rewardedby the MUC-7 scorer

Even a substantiaimprovementin the systems precision
(for example, by discardingautomaticallyidentified dis-

coursenew entities) doesnot necessarjead to a better
MUC F-score. If we wantto usea coreferenceresolu-
tion engineasa preprocessingnodulefor someotheren-
gine, for example, an Information Extraction system,we

might wantto have a classifierwith a high precisionlevel

andthereforeopt for anotherscoringscheme suchasthe
BCUBED metric(Baldwin etal., 1997).

The corpusis very small and simply does not contain
enoughmaterialfor training (the “formal training” docu-
mentsprovided by MUC-7 arenot annotated) Our classi-
fiersshaw no signsof corvergencewhenwe train themon
10, 15, 20, 25, or all the 30 “dry-run” documentgFigure
1). We needa largerdatasetfor example the ACE corpus)
to make betteruseof ourrich featureset.

The annotationquality can be improved. Deficienciesof
manual annotationfor the testing corpusinevitably de-
creasehe evaluationscoe for ary rule- or learning-based
system.Thesameproblemswith thetrainingmaterialmake
the datanoisy and thus potentially deterioratethe perfor-
mancelevel of ary learning-basedpproach.

To summarizewe have to revise the definition of corefer
enceandthe scoringschemeandthenaccuratelyannotate
moretraining material. As afirst stepin this direction,we
planto re-trainour classifieron an alreadyexisting larger
corpus(ACE).

4. Preprocessing modules

We rely on external modulesfor sggmentingMUC doc-
umentsinto sentence’s (Reynar and Ratnaparkhi,1997),
parsing(Charniak,2000), NE-tagging(Curranand Clark,
2003) and determiningsemanticpropertiesof our mark-
ables(Miller, 1990). Thefirst threemodulesarefully auto-
matic corpus-base®lLP systems.The WordNetontology
is alarge manuallycreatedesource.

All the moduleshave someshortageghat may decrease
the performanceof our system. For example,appositve-
coordinateconstructionsreintrinsically difficult for pars-
ing:

Thosematerials,in turn, were encasedn [Kevlar],
[a synthetidiber]z gnie=1, and[Nome]; to achieve
a teststrengthof 400pounds.

A typical state-of-the-artparserhas no knowledge that
helpspreferthe 2-entitiesinterpretation(* [[Kevlar], [asyn-
theticfiber],] and[Nomex]”) over the 3-entitiesinterpreta-
tion (“[Kevlar], [a syntheticfiber], and[Nomex]”).
Errorscommittedby the externalmodulesresultin incor-
rect markablesand spuriousor missinglinks. A possible
remedywould be creatinga family of mini-parsersspecif-
ically trainedto analyzeproblematicconstructionselevant
for coreferenceesolution.

We have to improve theinteractionwith our preprocessing
modulesandadijustthe externalresourceso cover specific
problemsrelevantfor our task(e.g.,train a mini-parserfor
appositve-coordinateonstruction®r anNE-taggerfor Tl-
TLEsor PRODUCTS).

5. Features

Our classifier relies on 351 feature (1096
boolean/continuous). Not all of them, however, are
equally important. We have not performedary feature
selectionandthereforeour featuresetis highly redundant.
Ng and Cardie (2002) have demonstratedhat (manual)
featureselectiorncansignificantlyimprovetheperformance

2\We have notencounteredry errorsdirectly causedy incor-
rectsentenceegmentation.



level of a linguistically motivated coreferenceresolution
algorithm.

Somephenomenarecoveredby mary featuresimultane-
ously. For example,mostof our name-matchingndsome
saliencdeaturesareproducedy enumeratinggndcombin-
ing possiblevaluesfor asetof parametersThisresultsin a
pool of highly inter-correlatedfeatures.Eventhougheach
featurebrings an importantbit of information, the whole
sethasa degreeof redundanyg thatis too high for machine
learning.We have to reducethe numberof featurego geta
betterclassifier

Somephenomenare coveredby our featureset, but the
correspondindeaturesarealmostignoredby the classifier
For example,we have featuredo accounfor abbreviations,
but neitherC4.5,nor SVM¥9"t make ary useof them.Our
trainingdatadoesnotcontainenoughabbreviationsto learn
ary reliablepatterns.We have to increasehetraining cor-
pusto getbetterresults.

Finally, somephenomenarestill not coveredby our fea-
ture set. For example,we do not accountfor quantitatve
constructiongsuchasthelink betweer'three-monthdaily
average”and “88,700 shares”in our CD Radio example
above). Ontheonehand thereis alwaysroomfor improve-
ment: even a systemwith millions of featurescanalways
be augmentedvith somenew information. On the other
hand,obtainingvaluesfor moresophisticatedeaturess a
very difficult task: we needadditionalexternal resources
andthey arelikely to introduceerrors. We believe thatour
systemalreadyhasa lot of encodednformationandthere-
fore we have to improve the algorithmitself ratherthanin-
troducemore knowledge. This view is supportedby our
learningcurves: they shav no signsof corvergence sug-
gestingthat we still can get betterresultswith the same
featureset.

We planto investigatdeatureselectiorandensembléearn-
ing with differentfeaturesplits to make betteruseof our
features.

6. Resolution strategy

Oursystemhasavery simpleresolutionschemesuggested
by Soonet al. (2001)andthenfollowed by moststudies
on coreferencecandidateantecedentir eachanaphomare
proposedo the classifierone-by-ondrom right to left un-
til a positive instanceis found. The stratey is very local
anddoesnot take into accountary othermarkableswhen
establishingalink betweerananaphoianda candidatean-
tecedent.

This mayleadto errorpropagation:

Thecompanyalsosaidthe Marine Corpshasbegun
testing[two of its radars]; aspart of a short-range
ballistic missiledefensgrogram. Thattestingcould
leadto an order for the [radars)2,gnte=1 thatcould
beworth betweer$60 million and $70 million.

Our preprocessingnoduleshave suggestedeveral candi-
date antecedentgor “the radars”: “The compary”, “the

Marine Corps”, “two”, “its radars”..“order”. The can-
didateshave beensubmittedto the classifierone-by-one,
startingfrom theclosesmarkablg“order”) andproceeding

backwards.Theclassifiethascorrectlydiscardednostcan-
didates,but thenat somepoint hasestablished spurious
link from “the radars”to “its radars”.It hasnever seenary
earliermarkablesincludingthe correctantecedenittwo of
its radars”.

If our classifierhas suggesteda spuriousantecedenfor
somemarkableat an early processingstage(precisioner-
ror), it will never seeary truly positive testinginstances
andwill beunableto resole theanaphor( recallerror). If
the classifierhasmissedthe correctanteceden(recall er
ror), it startsprocessingoo distantmarkablesandis likely
to suggessomespuriousmarkable(precisionerror).

Our systemsometimesnergesseveral chainsinto one— it
finds pairs of markables(belongingto differentchainsin
themanuallyannotatediata)thatseento becoreferenand
links them. The propertiesof othermarkabledrom the af-
fectedchainsarecompletelyignored.

Both problemscould be avoided by shifting to a more
global resolutionstratayy, operatingon chainsinsteadof
markables. Theoreticstudiesof coreferencausually have
a global view, talking, for example,about“discourseenti-
ties”. Practicalapproachedhowever, almostnever go be-
yondthe markabléelevel. The only algorithmoperatingdi-
rectly on chainshasbeenadwocatedby Luo etal. (2004).

7. Conclusion

In thispapemwe have presentedheerroranalysidor adata-
drivencoreferenceesolutionengine.
Oursystenreliesonarich featuresetandis potentiallyable
to resohe mostdifficult anaphoraasesliscussedh thelit-
erature. It yields significantly better performanceon the
MUC-7 than state-of-the-arsystemsfor a variety of ma-
chinelearners.

Still, the performancecan be improved further. We have
performedadetailedanalysisof ourrecallandprecisioner-
rors (Tablesl and2). The datashav thatsomeerrorscan
hardlybeavoidedwithin ashallov framework (correspond-
ing to “tricky anaphors’of Cristeaet al. (2002)). A large
groupof anaphorshowever, could have beenresolhedcor-
rectlyevenby acorpus-basedlgorithm,withoutrelyingon
deepemnalysis.

Our error analysishassuggestedeveral directionsfor fu-
turework: improving thetrainingmaterial,moreelaborated
integrationof the externalmodulesandinvestigatingmore
global resolutionstratagies (reasoningin termsof chains
insteadof markable$.
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