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Abstract

This paper focuses on the use of
two algorithms for the integration of
two broad-coveragedependency-based
parsingsystemsinto ExtrAns, an an-
swer extraction system that operates
over Unix manualpages. In the pro-
cess, ExtrAns usesa semanticinter-
preter that converts the output of the
parserinto flat logical forms. The se-
mantic interpreterfor the first parsing
system, Link Grammar, uses a top-
down algorithm,whereasthe semantic
interpreterfor the secondparsingsys-
tem, Conexor FDG, usesa bottom-up
algorithm. After showing the differ-
encesbetweenthe structuresreturned
by both parsing systems, the paper
comparesthe algorithmsfor semantic
interpretationand commentson their
adequacy for theproductionof flat log-
ical forms.

1 Intr oduction

Dependency Theory is not new. Early concepts
of syntacticdependency were developedin the
1930s(Tesnìere, 1934; Pěskovskij, 1934). The
currentsurge of dependency-basedparsers(Sut-
clif fe et al., 1996; SleatorandTemperley, 1993;
Järvinenand Tapanainen,1997) hasspawned a
revival of researchin dependency theoryandap-
plications(KahaneandPolgùere,1998;Kahane,
2000).

Theapplicationchosenfor thecurrentstudyis
Answer Extraction(AE). The fundamentalgoal
of AE is to locatethoseexactphraseswithin text
documentsthat answera query worded in nat-
ural language. AE can be seenas a type of
information retrieval (IR) that retrieves “answer
passages”(O’Connor, 1975)and it hasreceived
much attentionrecently, as the increasinglyac-
tive QuestionAnsweringtrack in TREC demon-
strates(Voorhees,2001b;Voorhees,2001a).

Given theshortsizeof the text to be returned,
AE requiresmorethoroughlinguistic processing
than documentretrieval does. It is telling that
purelycorpus-basedandbag-of-wordapproaches
performedworseon50-byteanswersthanon250-
byteanswersin theQuestionAnsweringtrackof
TREC9 (Voorhees,2000). Several answerex-
traction systems,including the best systemin
TREC9,FALCON, usedsomesort of flat logical
formsin theprocess(Harabagiuet al., 2000).

In this paper we comparetwo different ap-
proachesfor the semanticinterpretationof the
outputof two broad-coveragedependency-based
parsersand grammarsfor ExtrAns, an answer
extraction systemthat uses flat logical forms.
We decidedto build the semanticinterpreterson
top of the output of the chosenparsersso that
the parsersdo not needto be modified. Such
a two-stageapproachenablesthe use of com-
mercialparserswithout having to accessto their
sourcecodes. The first parserchosenis Link
Grammar(SleatorandTemperley, 1993),a pub-
licly availableparserandgrammardevelopedat
Carnegie Mellon University. We usea top-down
approachwhere the dependenciesare traversed



startingfrom the headandfollowing the depen-
denciesuntil all thewordsarecovered.Theother
parserchosenis Conexor FDG (Tapanainenand
Järvinen,1997),a commercialparserandgram-
mar developedat the University of Helsinki. In
this casea bottom-upapproachis devisedwhere
thewordsaretraversedandtherelationswith their
headsareexplored.

Section2 introducesExtrAnsandtheflat logi-
cal formsusedby ExtrAns. Section3 focuseson
the top-down and the bottom-upsemanticinter-
pretersimplementedin ExtrAns,beforereaching
thefinal conclusionin Section4.

2 Flat Logical Forms for Answer
Extraction

ExtrAns is an answerextractionsystemthat op-
eratesover UNIX manualpages(Moll á et al.,
2000b). The generalarchitectureof ExtrAns is
shown in Figure 1. In an off-line stage, the
manualsentencesare processedand the logical
forms produced. Theselogical forms are con-
verted into Prolog-like Horn clausesand stored
in a database.In anon-linestage,theuserquery
is processedsimilarly to produceits logical form
and subsequentset of Horn clauses. ExtrAns
finds the answersto the questionsby convert-
ing the Horn clausesof the questionsinto Pro-
log queriesandthenrunningProlog’sdefault res-
olution mechanismto find thoseHorn clausesin
the databasethat can prove the question. This
default searchprocedureis called the synonym
modesincethe logical formsconvert all thesyn-
onyms into a synonym representative, according
to a small WordNet-stylethesaurus(Fellbaum,
1998).ExtrAnsalsohasahyponymmodethatex-
pandsthelogical form of thequerywith thefirst-
levelhyponyms,andanapproximatemode, which
returnsthe sentenceswith the highestoverlapin
thelogical forms.

In order to evaluatethe impact of the parsers
andsemanticinterpretersin ExtrAns, we useda
collectionof 500 UNIX manualpagesanda test
setof 26querieswith theiranswers,andranExtr-
Ans in the approximatemode to maximisethe
likelihood of ExtrAns returningan answerto a
query. The results(Tables1 and2) indicatethat
thechoiceof parserdid not causea majorchange
in theperformanceof thesystem.A moredetailed

Parser Precision1 Recall F-score
Conexor FDG 28.3% 21.9% 0.177
Link Grammar 31.8% 15.8% 0.150

Table 1: Averageprecision, recall and F-score
(with equalweightingfor precisionandrecall)per
query

Parser No resultsre-
turned

No relevant re-
sultsreturned

Conexor FDG 0 8
Link Grammar 1 11

Table2: Numbersof times no relevant answers
werefoundfrom a total of 26queries

evaluationis describedin (Moll áandHutchinson,
2002).

2.1 The Logical Forms

An importantfeatureof thelogical formsusedby
ExtrAns is that they do not have nestedexpres-
sions.Theability of theseflat logical formsto un-
derspecifymakesthemgoodcandidatesfor NLP
applications,speciallywhentheapplicationsben-
efit from the semanticcomparisonof sentences
(Copestake et al., 1997; Moll á, 2001). In the
caseof ExtrAns, the logical forms only encode
the dependenciesbetweenverbsand their argu-
ments, plus modifier and adjunct relationsand
they arecalledminimallogical forms(MLFs). Ig-
nored information includescomplex quantifica-
tion, tenseandaspect,temporalrelations,plural-
ity, andmodality. We have arguedelsewherethat
too detaileda logical form mayinterferewith the
answerextractionmechanismand,if necessaryin
asubsequentstage,additionalinformationcanbe
addedincrementally(Moll áet al., 2000b).

TheMLFs of ExtrAnsusereificationto achieve
flat expressions,very muchin theline of (David-
son,1967;Hobbs,1985;Copestake et al., 1997).
TheMLFs donot reify all predicates,asopposed,
say, to (Hobbs, 1985; Copestake et al., 1997;
Moll á, 2001). In the current implementation
only reificationof objects,eventualities(eventsor
states),andpropertiesis carriedout. The MLFs

1Averageprecisionover queriesfor which precisionis
defined,i.e.whenthenumberof returnsis non-zero.In cases
with non-definedprecisiontheF-scorewassetto zero,and
includedin theresults.
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Figure1: ExtrAnsarchitecture

areexpressedasconjunctionsof predicateswith
all the variablesexistentially bound with wide
scope.For example,theMLF of thesentencecp
will quickly copyfiles is:

holds(e4),
object(cp,o1,[x1]),
object(s command,o2,[x1]),
evt(s copy,e4,[x1,x6]),
object(s file,o3,[x6]),
prop(quickly,p3,[e4]).

In otherwords,thereis anentityx1 whichrep-
resentsanobjectof typecommand2 (thes pre-
fix indicatesthe synonym classof command);
there is an entity x6 (a file); there is an entity
e4 , which representsa copying event wherethe
first argumentis x1 andthe secondargumentis
x6 ; there is an entity p3 which statesthat e4
is done quickly, and the event e4 , that is, the
copying, holds. The reificationof the event,e4 ,
hasbeenusedto expressthat the event is done
quickly. The entities o1 , o2 , o3 , and p3 are
not usedin this MLF, but other more complex
sentencesmay needto refer to the reificationof
objects(requiredfor non-intersective adjectives
the alleged murder) or properties(requiredfor
adjective-modifyingadverbsverybright).

Answer extraction is performed by finding
those sentenceswhose logical form predicates
form a supersetof the logical form predicatesof
the question. More specifically, a Prologcall is
producedwith all variablesin the logical form
convertedinto Prologvariables.Thedefault Pro-
log resolutionmechanismsufficesto find thean-
swers.For example,thePrologcall generatedfor

2ExtrAnsusesadditionaldomainknowledgeto infer that
cp is a command.

thequestionwhichcommandcopiesfiles? is (sim-
plified):

?-
object(s command,O1,[X1]),
evt(s copy,E4,[X1,X6]),
object(s file,O3,[X6]).

Given that the MLFs are simplified logical
formsconvertedinto flat structures,ExtrAnsmay
find sentencesthat,logically speaking,arenotex-
actanswersbut arestill relatedto theuser’sques-
tion. Thus, given the questionabove, ExtrAns
may also find sentencessuchas cp copiesfiles,
cp doesnot copyfiles, or if theusertypesy, then
cpcopiesthefiles(Moll áet al., 2000b).

3 Logical Form Generation fr om Link
Grammar and ConexorFDG

Thegenerationof theMLFs is donein two stages.
First a parserand grammarproducesa syntac-
tic analysisof eachsentencein the form of a
dependency structure. A logical form generator
thenproduceslogicalformsfrom thisdependency
structure. Whereasformer versionsof ExtrAns
usedLink Grammarfor thesyntacticanalysis,the
currentversionis able to useeitherLink Gram-
maror theConexor FDG parser.

3.1 The Outputs of Link Grammar and
ConexorFDG

Exampledependency structuresreturnedby Link
Grammarand Conexor FDG are shown in Fig-
ures2 and3 respectively. As thedifferencesbe-
tweenLink GrammarandConexor FDG aredis-
cussedelsewhere(Moll á andHutchinson,2002),
herewe just summarisethemaindifferences.
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Figure2: Outputof Link Grammar
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Figure3: Dependency returnedby Conexor FDG

Dir ection of dependency: In contrast with
Conexor FDG,Link Grammar’s ‘links’ donot in-
dicatethedirectionof dependence.

Clausal heads: While Conexor FDG follows
the orthodox convention of choosingthe main
verbastheheadof theclause,Link Grammargen-
erally choosesthesubject.

Graphs: Link Grammar’s linkagesare not al-
ways tree structures(e.g. linkagesof sentences
with relativeclauses).

Conjunctions: Link Grammaranalysesa coor-
dinatingconjunctionastheheadof a coordinated
phrase.3 However in Conexor FDG’s analyses
the headwill be either the first or the last con-
junct, dependingon the position of the coordi-
natedphrasewithin thesentence.

Dependencytypes: Link Grammarusesa set
of about90link types,with many subtypes,while
Conexor FDG usesa setof 32 dependency rela-
tions. Differentdistinctionsaremadein the two
setsof dependency types.

Non-dependencyinformation: Conexor FDG
returnsthe baseform and morphologicalinfor-
mationfor eachword, alongwith a “functional”
tagand“shallow syntactic”tag (this information
hasbeenremovedfrom Figure3). Link Grammar
returnssuffixeson somewordsindicatingwhich
wordclassthey belongto.

3The version used in ExtrAns differs from the Link
Grammardefault behaviour thatreturnsa separateparsefor
eachconjunct.

3.2 Logical Form Generation fr om Link
Grammar

TheLink Grammarparserreturnsseveraldepen-
dency structureswhenthesentencesareambigu-
ous, and the dependency structuresinclude in-
flectedforms of the words. As a consequence,
ExtrAns uses a disambiguationprocessand a
third-partylemmatiser. An additionalmodulere-
solvespronominalanaphora.In theevaluationde-
scribedin Section2 theanaphoraresolutionmod-
ulewasdisabledandthefirst parsewaschosenin
order to enablea fair comparisonbetweenLink
GrammarandConexor FDG.

Theconstructionof theflat logical formsoutof
Link Grammar’s dependency structuresfollows
two steps(Moll á et al., 2000a). In the first step,
the direction of the dependenceis addedto the
links returnedby Link Grammar. In mostcases
this is doneby looking up the link type in a ta-
ble. Therearesomespecificcases(for example
thelink typeB, a rathercomplex link typeusedin
a numberof situationsinvolving relative clauses
andquestions)wherethe directionof the depen-
dency dependson the context anda moreelabo-
ratealgorithmis necessaryfor thesecases.

In the secondstep, the logical form is con-
structedby a top-down procedurethatstartsfrom
the headof the main sentence(The dependency
labelsbelow correspondto thoseof the example
in Figure2):

1. Startingfrom thesentenceroot,find thehead
of the main sentence.The sentenceroot is
indicatedby ‘/////’ on the left in Figure 2.



Theheadof thesentenceeats is foundafter
following thelinks Wd(thelink thatconnects
thesentencewith theroot or “wall”) andSs
(connectingasubjectwith theverb).

2. Follow the subjectdependency (Ss) to find
the headof the subjectandbuild its logical
form object(man,o1,[x1]) . Thesub-
ject dependency is attachedto themainverb
or theleftmostauxiliaryverbif thereis any.

3. Follow thedependenciesof thesubjectmod-
ifiers (R) andbuild their correspondinglogi-
cal form evt(come,e1,[x1]) .

4. Build the logical forms of the other verb
arguments(Oˆ). In our examplethe object
is a conjunction that introducesan object
lattice object(banana,o2,[x2]) ,
object(apple,o3,[x3]) , x2 � x4 ,
x3 � x4 .

5. Createanentityfor themaineventuality, e2 .

6. Build the logical forms of the sentence
modifiers and adjuncts (MVp). In our
example they are with(e2,x5) , ob-
ject(fork,o4,[x5]) .

7. Add thelogical form of themainevent(e2)
and the holds predicate holds(e2) ,
evt(eat,e2,[x1,x4]) .

Mostof theabovestepscanbecomeverycom-
plex, sometimesinvolving recursive applications
of the algorithm. For example,the logical form
of the relative clausethat cameis generatedby
applying the generalalgorithm recursively. On
top of this, specific particularities of the de-
pendency structuresreturnedby Link Grammar
(summarisedin Section3.1) add complexity to
theprocess(Moll á etal., 2000a).

This algorithm would ignore complete sen-
tenceconstituentswhenever an unexpectedlink
appeared.As a result, a specialrecovery treat-
ment has beenimplementedto find the unpro-
cessedwords,locatetheir heads,andrecursively
applythetop-down algorithm.Thelogical forms
of the resultingislandsare addedto the logical
form of the top sentence.The result is a logical
form that encodesthe gist of the sentence,leav-
ing someattachmentdecisionsunspecified.

3.3 Logical Form Generation fr om Conexor
FDG

In contrastwith thetop-down approachusedwith
Link Grammar, a bottom-upapproachis usedto
exploretheoutputof Conexor FDG.Logical form
predicatesare constructedincrementally, com-
bining information from one or more words in
the sentence.We associateeachpredicatewith
the word in the input sentencewhich introduces
the predicate. This enablesus to map syntactic
head–dependentrelationsonto logicalpredicate–
argumentrelations. That is, if the dependency
structureshows a certain logical argumentthen
wecaneasilydeducewhichpredicatesneedto be
modified.

The algorithm for the semanticinterpretation
has threestages. The first stage,called Intr o-
spection, associatesa (possibly underspecified)
predicatewith eachword. Thesecondstage,Ex-
tr ospection, usesdependency relationsto fully
specifyeachpredicateby filling in its arguments.
Lastly, aRe-interpretation stageis neededto re-
analyselogical constructssuch as coordination
andnegation, sincetheir correctargumentstruc-
ture is not deduciblesolely from thedependency
structure.

Intr ospection: The first stage consists of
analysingeachword and partially constructing
the associatedpredicate. We call this stageIn-
trospection,sinceeachword is examinedin isola-
tion. Thealgorithmiteratesthroughthewordsin
the sentence,andfor eachword the word’s base
form and part of speechare usedto add infor-
mationto thepredicateassociatedwith thatword.
For example,Figure4 shows theresultsof Intro-
spectiononthewordscats, notandrun. As exem-
plified by thecaseof cats, objectpredicatesintro-
ducetheir own logical arguments,whereasother
predicatesintroduceempty argumentsthat need
to befilled (indicatedby ‘?’).

Extr ospection: The logical argumentsof non-
object predicatesare addedduring the second
stage,which again iteratesthroughthe words in
the sentence.We call this stageExtrospection,
sinceinformationis deducedby examiningthere-
lation betweeneachword and its head(if it has
one).

If a word is a modifier of its headthen the



a)

/////
�

  cats   do   not   run 

 main <

>subj
> v-ch 

>neg

b)
Processingstage Predicatesassociatedwith ‘cats’, ‘not’ and‘run’, andtheholds predicate, respectively
Introspect(cats) object(cat,o2,[x2])
Introspect(not) object(cat,o2,[x2]) , log op(not,l4,[?])
Introspect(run) object(cat,o2,[x2]) , log op(not,l4,[?]) , evt(run,e5,[?])
Extrospect(cats) object(cat,o2,[x2]) , log op(not,l4,[?]) , evt(run,e5,[x2])
Extrospect(not) object(cat,o2,[x2]) , log op(not,l4,[e5]) , evt(run,e5,[x2])
Extrospect(run) object(cat,o2,[x2]) , log op(not,l4,[e5]) , evt(run,e5,[x2]) , holds(e5)
Re-interpretation object(cat,o2,[x2]) , log op(not,l4,[e5]) , evt(run,e5,[x2]) , holds(l4)

Figure 4: (a) Conexor FDG’s analysisof cats do not run, and (b) the incrementalconstructionof
predicates.

emptyargumentis instantiatedwith avaluetaken
from the predicateintroducedby the head. De-
pendingon thenatureof therelationbetweenthe
headandthemodifierthenew valueis thereifica-
tion (1) or the logical argument(2) of thehead’s
predicate:

(1) don’t run
log op(not,l1,[ e1 ]),
evt(run,e1,[x1])

(2) redcar
prop(red,p1,[ x1 ]), ob-
ject(car,o1,[x1])

If a word is a syntacticargumentof its headit
is thehead’spredicatewhichinstantiatesalogical
argument:

(3) catsrun
object(cat,o1,[x1]),
evt(run,e1,[ x1 ])

In only a few cases,notablyPPagentsin pas-
sives,a chainof dependenciesis inspectedin or-
der to assignthe properlogical arguments.Fig-
ure4 givesanexampleof incrementalMLF con-
structionthroughExtrospection.An exampleof
how argumentsand modifiers contribute to the
MLFs can be seenin the Extrospectionof cats
andnot, respectively. Argumentsin multivalent
predicatesaremanagedso that they areordered
in a canonicalform, ensuring,for example,that
thesubjectof apassiveverbis secondin theargu-
mentlist.

Extrospectionis bottom-upin nature, in that
for each word the algorithm looks ‘up’ at its

unique head, rather than looking ‘down’ at its
dependents,of which there may be several.
This bottom-upnaturemakes the algorithm ro-
bust when facedwith disconnecteddependency
structures,which result when a completeparse
cannot be found. In such cases, the Extro-
spectionstagemay assigna dummy argument
if no logical argument has yet been assigned.
For example, if ate cakes is parsedas a dis-
connectedchunk, Extrospectionof cake yields
evt(eat,e1,[X]) , with dummyargumentX,
andwhencakestoohasbeenprocessedtheresult-
ing predicatesare evt(eat,e1,[X,x1]) ,4

object(cake,o1,[x1]) . If a verb hasno
argumentsin thedependency structure,theMLF
generatorarbitrarily assumesthe verbsto be in-
transitive, since it lacks accessto a lexicon to
checktransitivity. Thesameprocessof introduc-
ing dummyargumentsensures,for example,that
eat receivesa dummysubjectin Eatingcakesis
fun.

As with the caseof disconnecteddependency
structures,the algorithm gracefully deals with
complex dependency structuresthatarenot fully
covered by the semanticinterpreterby produc-
ing predicatesthat may not be connected.With-
out having to introducea recovery stagelike in
thetop-down algorithm,thebottom-upalgorithm
canproducethesameflat logical form asthetop-
down algorithm.

Extrospectiononly examines local relation-
ships betweenwords, that is, the logical argu-

4The objectof a transitive verb introducesa new argu-
ment,which in thiscasetakesthevaluex1 .



mentsof a predicateare deducedjust from the
associatedword, its syntactichead,andtheargu-
mentsof thathead’spredicate.While this locality
constraintallows a fastandrobust generationof
MLFs, it alsomeansthepresentalgorithmcannot
producethe correctargumentstructurefor long
distancedependencies,sincethesedependencies
arenotdirectlyexpressedin thestructurereturned
by theparser. For example,theobjectof eat can-
not be correctlyassignedin the cakesthat I like
to eat, sinceeat canonly inspectthearguments
of like in its searchfor an argument. The ef-
fects that this constraintcreateson the accuracy
of ExtrAnsstill needsto beevaluated.

Re-interpretation: The last stage of logical
form generationre-interpretslogicaloperatorsex-
pressingconjunctions,implication andnegation.
In eachof thesecasesthere is a mismatchbe-
tweensemanticdependenceandsyntacticdepen-
dence.For example,in Figure4, althoughnot is
dependenton run, semanticallythenegationgov-
erns the verb’s predicate. Re-interpretationin-
volvesreplacingthe argumentof the logical op-
eratorwith thereifiedlogicaloperatorin all pred-
icates,for examplethe holds predicatein Fig-
ure4.

In order to generatethe specificlogical forms
required by ExtrAns a few exceptions to the
generalalgorithmdescribedabove arenecessary.
Firstly, sinceMLFs ignoretenseandaspect,sub-
jectsaretreatedasargumentsof the headof the
verbchain,ignoring any auxiliary verbs. This is
achieved by associatingthe samepredicatewith
all verbs in the verb chain. For example, from
cats do not run, we get the desiredeventuality
predicate evt(run,e5,[x1]) rather than
two predicatessuch as evt(do,e2,[x1]),
evt(run,e5,[x1]) . In addition, pred-
icates expressing copula constructions
are not desired either. That is, a sen-
tence such as cats are sleepy should give
holds(p1), object(cat,o1,[x1]),
prop(sleepy,p1,[x1]) . Associatingcop-
ulaswith thesamepredicateastheir complement
hasthedesiredeffect. Lastly, if awordis thehead
of a sentence(as detectedby the dependency
type ‘main’, seeFigure 3), the specialholds
predicateis created.

4 Summary and Conclusion

Even thoughLink Grammarand Conexor FDG
are dependency-basedparsingsystems,the de-
pendency structuresreturneddiffer substantially
andthereforetwo independentlogical form gen-
eratorsareneeded.This gave us the possibility
to experimenton the methodologiesfor travers-
ing the dependency structuresand constructing
theflat logical forms usedby our answerextrac-
tion systemExtrAns. Whereasa top-down ap-
proachwasusedfor Link Grammar, a bottom-up
approachwasusedfor Conexor FDG. We found
thebottom-upapproacheasierto implementthan
the top-down andmorerobust in handlingcom-
plex dependency structures.In contrastto thetop-
down approach,the bottom-upapproachwould
alwaysprocessall wordsandproducepartiallog-
ical forms.Theuseof dependency structuresplus
the flat natureof the MLFs makes possiblethis
robustfeatureof thebottom-upapproach.

The choiceof a top-down algorithm for Link
Grammar and a bottom-down algorithm for
Conexor FDG was arbitrary, and it is predicted
thatabottom-upapproachwouldbethepreferred
choicefor Link Grammaraswell. Wewill pursue
to testthis in thenearfuture.
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Nauňom Osvěsčnii (RussianSyntax: a Scientific
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