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Abstract

In this paperwe presenta methodologyfor ex-

tracting subcatgorisation frames based on an

automatic LFG f-structure annotation algorithm
for the Penn-Il Treebank. We extract abstract
syntactic function-basedsubcatgorisation frames
(LFG semanticforms), traditional CFG cateyory-

basedsubcatgorisation framesas well as mixed

function/catgory-basel frames, with or without

prepositionnformationfor obliquesandparticlein-

formation for particle verbs. Our approachdoes
not predefineframes,associateprobabilitieswith

framesconditionalon the lemma,distinguishese-
tweenactive and passie frames,andfully reflects
the effects of long-distancedependenciesn the
sourcedatastructures.We extract 3586 verb lem-

mas, 14348 semanticform types(an averageof 4

per lemma)with 577 frame types. We presenta
large-scaleavaluationof the completesetof forms
extractedagainsthefull COMLEX resource.

1 Introduction

Lexical resourcesare crucial in the construction
of wide-coreragecomputationakystemsbasedon

modernsyntactictheories(e.g. LFG, HPSG,CCG,
LTAG etc.). However, as manualconstructionof

such lexical resourcesis time-consuming,error

prone,expensve andrarely ever completejt is of-

tenthe casethat limitations of NLP systemdsased
on lexicalisedapproachesredueto bottlenecksn

thelexicon component.

Giventhis, researclon automatingexical acqui-
sition for lexically-basedNLP systemsds a partic-
ularly importantissue. In this paperwe presentan
approacho automatingsubcatgorisationframeac-
quisitionfor LFG (Kaplanand Bresnan,1982)i.e.
grammaticafunction-basedystems.LFG hastwo
levels of structural representation: c(onstituent)-
structure,and f(unctional)-structte. LFG differ-
entiatesbetweengovernable (agument)and non-
governable(adjunct)grammaticalfunctions. Sub-
catgyorisation requirementsare enforcedthrough

semantidormsspecifyingthegovernablegrammat-
ical functionsrequiredby aparticularpredicatge.qg.
Focus((T suBJ)(T OBL,y,))). Our approachis
basednearlierwork onLFG semantidorm extrac-
tion (van Genabithet al., 1999)andrecentprogress
in automatically annotatingthe Penn-Il treebank
with LFG f-structures(Cabhill et al., 2004b). De-
pendingon the quality of the f-structures reliable
LFG semanticforms can then be generatedquite
simply by recursvely readingoff the subcatgoris-
able grammaticalfunctions for eachlocal pr ed
valueateachlevel of embeddingn thef-structures.
The work reportedin (van Genabithet al., 1999)
was small scale(100 trees),proof of conceptand
requiredconsiderablenanualannotationwork. In
this paperwe shav how the extractionprocesscan
bescaledo thecompleteWall StreetJournal(\WSJ)
sectionof the Penn-Iltreebankwith about1 mil-
lion wordsin 50,000sentencesbasedon the au-
tomatic LFG f-structure annotationalgorithm de-
scribedin (Cahill et al., 2004b). In additionto ex-
tractinggrammaticafunction-basedubcatgorisa-
tion frameswe alsoincludethesyntacticcatejories
of the predicateand its subcatgorisedarguments,
aswell asadditionaldetailssuchasthe prepositions
requiredby obliques,and particlesaccompaying
particle verbs. Our methoddoesnot predefinethe
framesto be extracted. In contrastto mary other
approachest discriminatedetweeractive andpas-
sive frames,properlyreflectslong distancedepen-
denciesandassignonditionalprobabilitiesto the
semantidormsassociatedavith eachpredicate.

Section 2 reviews relatedwork in the areaof
automaticsubcatgorisationframe extraction. Our
methodologyandits implementatiorare presented
in Section3. Section4 presentghe resultsof our
lexical extraction. In Section5 we evaluate the
completeextractedlexicon againstthe COMLEX
resource(MacLeodet al., 1994). To our knowl-
edge thisis the largestevaluationof subcatgorisa-
tion framesfor English. In Section6, we conclude
andgive suggestiongor futurework.



2 Reated Work

Creatinga (subcatgorisation)lexicon by handis
time-consumingerrorprone,requiresconsiderable
linguistic expertiseandis rarely if ever, complete.
In addition,a systemincorporatinga manuallycon-
structedexicon cannoteasilybe adaptedo specific
domains. Accordingly mary researcherbiave at-
temptedto constructlexicons automatically espe-
cially for English.

(Brent, 1993) relies on local morphosyntactic
cues(suchasthe -ing sufiix, exceptwheresucha
word follows a determineror a prepositionother
thanto) in the untaggedBrown Corpusas proba-
bilistic indicatorsof six differentpredefinedsubcat-
egorisationframes. The framesdo not include de-
tails of specificprepositions.(Manning, 1993) ob-
senesthatBrent'srecognitiontechniqueas a“rather
simplistic and inadequateapproachto verb detec-
tion, with a very high error rate”. Manningfeeds
theoutputfrom a stochastidaggerinto afinite state
parserandappliesstatisticalfiltering to the parsing
results.He predefined 9differentsubcatgorisation
frames,including detailsof prepositions Applying
this techniqueto approx. 4 million wordsof New
York Timesnewswire, ManningacquiresA900sub-
catgyorisationframesfor 3104 verbs,an averageof
1.6 perverh (Ushiodaetal., 1993)run afinite state
NP parseron a POS-taggeaorpusto calculatethe
relative frequeng of just six subcatgorisationverb
classes. In addition, all prepositionalphrasesare
treatedasadjuncts.For 1565tokensof 33 selected
verbs,they reportanaccurag rateof 83%.

(Briscoe and Carroll, 1997) obsere thatin the
work of (Brent, 1993),(Manning,1993)and(Ush-
iodaetal., 1993),“the maximumnumberof distinct
subcatgorizationclassesecognizeds sixteen,and
only Ushiodaetal. attempto derierelative subcat-
egorizationfrequeny for individual predicates”In
contrastthe systemof (BriscoeandCarroll, 1997)
distinguishesl63 verbal subcatgorisationclasses
by meansof a statisticalshallov parsera classifier
of subcatgorisationclassesanda priori estimates
of the probability that any verb will be a member
of thoseclasses. More recentwork by Korhonen
(2002) on the filtering phaseof this approachhas
improved results. Korhonenexperimentswith the
useof linguistic verbclassedor obtainingmoreac-
curateback-of estimatedor usein hypothesisse-
lection. Usingthis extendedapproachthe average
resultsfor 45 semanticallyclassifiedtestverbseval-
uatedagainsthandjudgementsreprecision87.1%
andrecall 71.2%. By comparisonthe averagere-
sultsfor 30verbsnotclassifiedsemanticallyarepre-
cision78.2%andrecall 58.7%.

Carroll and Rooth (1998) use a hand-written
head-lgicalised contet-free grammarand a text
corpusto computethe probability of particularsub-
categyorisationscenarios. The extractedframesdo
not containdetailsof prepositions.

More recently a number of researcherdhave
applied similar techniquesto derve resourcedor
otherlanguagesespeciallyGerman.Oneof these,
(Schulteim Walde,2002),inducesa computational
subcatgorisationlexicon for over 14,000German
verbs. Using sentence®f limited length, she ex-
tracts 38 distinct frame types,which containmax-
imally threeagumentseach. The framesmay op-
tionally contain details of particular prepositional
use. Her evaluationon over 3000frequentlyoccur
ring verbsagainstthe Germandictionary Duden-
Das Stilwbrterbuch is similar in scaleto oursandis
discussedurtherin Sectionb.

There has also been somework on extracting
subcatgorisationdetailsfrom the PennTreebank.
(Kinyon and Prolo, 2002) introducea tool which
usesfine-grainedrules to identify the aguments,
including optional aguments,of eachverb occur
rencein the PennTreebank,alongwith their syn-
tacticfunctions.They manuallyexaminedthe 150+
possiblesequencesf tags,bothfunctionalandcat-
egorial, in Penn-llanddeterminedvhetherthe se-
guencdn questiondenoteda modifier, agumentor
optional agument. Argumentswere then mapped
to traditionalsyntacticfunctions.As they donotin-
cludeanevaluation,currentlyit is impossibleto say
how effective this techniquds.

(Xia et al., 2000) and (Chenand Vijay-Shanler,
2000)extractlexicalisedTAGsfrom thePennTree-
bank. Both techniquesimplementvariations on
the approachesf (Magerman,1994)and(Collins,
1997) for the purposeof differentiating between
complementandadjunct. In the caseof (Xia etal.,
2000),invalid elementaryreesproducedasaresult
of annotatiorerrorsin the treebankarefiltered out
usinglinguistic heuristics.

(Hockenmaieret al., 2002) outline a methodfor
the automaticextraction of a large syntacticCCG
lexicon from Penn-Il. For eachtree, the algorithm
annotateghe nodeswith CCG cateyoriesin a top-
down recursve manner In orderto examinethe
coverageof the extractedlexicon in a mannersimi-
lar to (Xia etal., 2000),(Hockenmaieretal., 2002)
comparedhereferencdexicon acquiredirom Sec-
tions 02-21with a testlexicon extractedfrom Sec-
tion 23 of the WSJ.It wasfoundthatthe reference
CCGlexicon contained5.09%of the entriesin the
testlexicon, while 94.03%of the entriesin the test
TAG lexicon alsooccurredn thereferencdexicon.



Both approachesnvolve extensve correctionand
clean-upof the treebankprior to lexical extraction.

3 Our Methodology

Thefirst stepin the applicationof our methodology
is the productionof a treebankannotatedvith LFG
f-structure information. F-structuresare feature
structureswhich representbstractsyntacticinfor-
mation,approximatingo basicpredicate-agument-
modifier structures.We utilise the automaticanno-
tation algorithm of (Cabhill et al., 2004b)to derive
a versionof Penn-llwhereeachnodein eachtree
is annotatedvith anLFG functionalannotatiori.e.
anattribute valuestructureequation).Treesaretra-
versedtop-davn, andannotationis driven by cate-
gorial, basicconfigurationaltraceandPenn-Iifunc-
tional tag information in local subtreesof mostly
depthone (i.e. CFGrules). The annotationproce-
dureis dependendnlocatingthe headdaughterfor
which the schemeof (Magerman 1994)with some
changesindamendments used.Theheads anno-
tatedwith the LFG equation]=]. Linguistic gen-
eralisationsare provided over the left (the prefix)
andthe right (sufiix) contet of the headfor each
syntacticcateyory occurringasthe mothernodeof
suchheadsTo give asimpleexample therightmost
NP to the left of a VP headunderanSis likely to
be its subject(T suBJ =), while the leftmostNP
to the right of the V headof a VP is most proba-
bly its object (T oBJ =]). (Cabhill et al., 2004b)
provide four setsof annotationprinciples, one for
non-coordinateconfigurations,one for coordinate
configurationspnefor traces(long distancedepen-
dencies)anda final ‘catch all andcleanup’ phase.
Distinguishingbetweenagumentandadjunctis an
inherentstepin the automaticassignmenof func-
tional annotations.

The satishctory treatmentof long distancede-
pendenciedy the annotationalgorithmis impera-
tive for the extraction of accuratesemanticforms.
ThePennTreebankemplo/s arich arsenabf traces
and empty productions(nodeswhich do not re-
aliseary lexical material)to co-index displacedna-
terial with the position where it should be inter
pretedsemantically The algorithm of (Cabhill et
al., 2004b)translateghe tracesinto corresponding
re-entranciesn the f-structurerepresentatioiiFig-
ure 1). Passve movementis alsocapturedand ex-
presseatf-structurelevel usingapassi ve: + an-
notation. Once a treebanktree is annotatedwith
featurestructureequationsby the annotationalgo-
rithm, the equationsare collectedand passedo a
constraintsolver which produceghef-structures.

In order to ensurethe quality of the seman-
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Figure 1. Penn-llstyle treewith long distancedepen-
deng traceandcorrespondingeentrang in f-structure

tic forms extractedby our method, we must first

ensurethe quality of the f-structure annotations.
(Canhill et al., 2004b) measureannotationquality

in termsof precisionand recall againstmanually
constructedgold-standard-structuresfor 105ran-

domly selectedtreesfrom section23 of the WSJ

sectionof Penn-1l.Thealgorithmcurrentlyachieres

an F-scoreof 96.3%for completef-structuresand

93.6%for preds-onlyf-structures.

Our semanticform extraction methodologyis
basedon the procedureof (van Genabithet al.,
1999): For each f-structure generated,for each
level of embeddingwe determinethe local PRED
value and collect the subcatgorisable grammat-
ical functions presentat that level of embed-
ding. Considerthe f-structurein Figure 1. From
this we recursvely extract the following non-
empty semanticforms: say([ subj, conp]),
sign([subj,obj]). In effect, in both (van
Genabithet al., 1999) and our approachseman-
tic formsarereverseengineeredrom automatically
generated-structuresfor treebanktrees. We ex-
tractthe following subcatgorisablesyntacticfunc-
tions: SUBJ, OBJ, OBJ2, OBL pycp, OBLZ,cp, COMP,
XCOMP and PART. Adjuncts (e.g. ADJ, APP etc)
are not included in the semanticforms. PART
is not a syntacticfunction in the strict sensebut
we capturethe relevant co-occurrencepatternsof
verbs and particlesin the semanticforms. Just
as oBL includesthe prepositionalheadof the PR
PART includesthe actualparticlewhich occurse.g.
add([ subj, obj, part:up]).

In the work presentecherewe substantiallyex-
tendthe approachof (van Genabithet al., 1999)as

!Preds-onlymeasuresnly pathsendingin PRED:VAL UE SO
featuressuchasnunber , per son etcarenotincluded.



regardscoverage granularityandevaluation: First,
we scaletheapproactof (vanGenabithetal., 1999)
which wasproof of concepion 100treesto thefull
WSJsectionof the Penn-Il Treebank.Second our
approacHhully reflectslong distancedependencies,
indicatedin terms of tracesin the Penn-Il Tree-
bankandcorrespondinge-entranciesat f-structure.
Third, in addition to abstractsyntactic function-
basedsubcatgorisationframeswe computeframes
for syntacticfunction-CFGcategyory pairs, both for
the verbalheadsandtheir agumentsandalsogen-
eratepure CFG-basedsubcatframes. Fourth, our
methoddifferentiateshetweenframescapturedfor
active or passve constructions.Fifth, our method
associatesonditionalprobabilitieswith frames.

In contrastto much of the work reviewed in the
previous section,our systemis ableto producesur
facesyntacticaswell asabstracfunctionalsubcat-
egorisationdetails. To incorporateCFG detailsinto
the extractedsemanticforms, we add an extra fea-
tureto thegenerated-structuresthevalueof which
is the syntacticcateyory of the pr ed at eachlevel
of embedding.Exploiting this information, the ex-
tractedsemantidorm for theverbsignlooksasfol-
lows:si gn(v, [subj (np),obj(np)]).

We have alsoextendedthealgorithmto dealwith
passie voice andits effect on subcatgorisationbe-
haviour. ConsiderFigure 2: not taking voice into
accountthealgorithmextractsanintransitve frame
out | aw( [ subj]) for thetransitve out | aw. To
correctthis, the extraction algorithm usesthe fea-
ture value pair passi ve: +, which appearsn the
f-structureat the level of embeddingof the verbin
guestionto markthatpredicateasoccurringin the
passie:out | awm( [ subj ], p) .

In orderto estimatethe likelihood of the cooc-
currenceof a predicatewith a particularagument
list, we computeconditionalprobabilitiesfor sub-
catgyorisationframesbasedn the numberof token
occurrences the corpus.Givenalemmal andan
argumentlist s, the probability of s given! is esti-
matedas:

count(l, s)
Sor count(l, s;)

P(sll) :=

We usethresholdingto filter possibleerror judge-
mentsby our system. Table 1 shaws the attested
semantidormsfor theverbaccept with their as-
sociatedconditional probabilities. Note that were
thedistinctionbetweeractive andpassie nottaken
into accounttheintransitve occurrencef accept
would have beenassignegnunmeritedorobability

subj : spec : quant : pred : all

adjunct : 2 : pred : al npbst
adjunct : 3 : pred : remain
participle : pres
4 : obj : adjunct : 5 : pred : cancer-causing
pers : 3
pred : asbestos
num: sg
pform: of
pers : 3
pred : use
num: pl
passive : +
adjunct : 1 : obj : pred : 1997
pform: by
xconp : subj : spec: quant : pred : all
adjunct : 2 : pred : al nobst
passive : +
xconp : subj : spec: quant : pred : all
adjunct : 2 : pred : al npst
passive : +
pred : outlaw
tense : past
pred : be
pred : will
nodal : +
Figure 2: Automatically generated f-structure
for the string wsj.000323“By 1997, al nost
all remaining uses of cancer-causing

asbestos will be outlawed.”

Semantic Form Frequency  Probability
accept ([ subj, obj]) 122 0.813
-accept ([subj], p) 9 0.060
accept ([ subj, conp]) 5 0.033
-accept ([ subj, obl : as], p) 3 0.020
accept ([ subj, obj, obl : as]) 3 0.020
accept ([ subj, obj, obl :fron) 3 0.020
-accept ([subj]) 2 0.013
accept ([ subj, obj, obl:at]) 1 0.007
accept ([ subj, obj,obl:for]) 1 0.007
accept ([ subj, obj, xconp] ) 1 0.007

Tablel: Semantidormsfor theverbaccept marked
with p for passie use.

4 Results

We extract non-emptysemanticforms® for 3586
verb lemmasand 10969 unique verbal semantic
form types (lemmafollowed by non-emptyamu-
mentlist). Including prepositionsassociatedvith
the oBLs andparticles,this numberrisesto 14348,
an averageof 4.0 perlemma(Table2). The num-
ber of unique frame types (without lemma)is 38
withoutspecificprepositionandparticles 577with
(Table3). F-structureannotationsllow usto distin-
guishpassie andactive frames.

5 COMLEX Evaluation

We evaluatedour induced(verbal) semanticforms
againstCOMLEX (MacLeodet al., 1994). COM-

2Frameswith atleastonesubcatgorisedgrammaticafunc-
tion.



Without Prep/Part | With Prep/Part
Sem. Form Types 10969 14348
Active 8516 11367
Passive 2453 2981

Table2: Numberof Semantid-orm Types

Without Prep/Part ~ With Prep/Part
# Frame Types 38 577
# Singletons 1 243
# Twice Occurring 1 84
# Occurring max. 5 7 415
#Occurring > 5 31 162

Table 3: Numberof Distinct Framesfor Verbs(notin-
cludingsyntacticcategyory for grammaticafunction)

LEX defines138distinct verb frametypeswithout
theinclusionof specificprepositionsor particles.
The following is a sample entry for the verb

rei nbur se:

(VERB  :ORTH “reimburse” :suBC  ((NP-NP)

(NP-PP:PVAL (“for"))

(NP)))
Each verb has a :suBc feature, specifying
its subcatgorisation behaiour.  For example,
rei mbur se can occur with two noun phrases
(NP-NP), @ nounphraseanda prepositionalphrase
headedby “for” (NP-PP :PVAL (“for”)) or asingle
nounphrasgNpP). Notethatthedetailsof thesubject
nounphrasearenotincludedin COMLEX frames.
Eachof the complementypeswhich male up the
valueof the :suBc featureis associateavith a for-
mal framedefinitionwhich looksasfollows:

(vp-frame np-np :cs  ((np2)(np3))
:gs  (:subjectl :obj 2 :0bj2 3)
:ex  “sheasledhim hisname”)

Thevalueof the:csfeatureis the constituentstruc-
ture of the subcatgorisationframe, which lists the
syntactic CF-PSGconstituentsin sequence. The
value of the :gs featureis the grammaticalstruc-
ture which indicatesthe functional role playedby
eachof the CF-PSGconstituents.The elementsof
theconstituenstructureareindexed,andreferenced
in the :gsfield. This mappingbetweenconstituent
structureand functional structuremakes the infor-
mationcontainedn COMLEX suitableasan eval-
uationstandardor the LFG semanticforms which
weinduce.

51 COMLEX-LFG Mapping

We devised a commonformat for our inducedse-
mantic forms and those containedin COMLEX.

This is summarisedn Table 4. COMLEX does
not distinguishbetweerobliquesandobjectssowe
corverted Obj; to oBL; asrequired. In addition,
COMLEX doesnot explicitly differentiatebetween

coMPs and xcomps, but doesencodecontrol in-
formationfor ary Compswhich occur thusallow-
ing usto deducethe distinctionautomatically The
manuallyconstructedCOMLEX entriesprovidedus
with agold standarchgainstvhichwe evaluatedhe
automaticallyinducedframesfor the 2992 (active)
verbsthatbothresource$iave in common.

LFG
SUBJ
OBJ
0BJ2
OBL
OBL2
COMP
XCOMP
PART

COMLEX
Subject
Object
Obj2
Obj3
Obj4
Comp
Comp
Part

Merged
SUBJ
OBJ
0BJ2
OBL
OBL2
COMP
XCOMP
PART

Table4: COMLEX andLFG SyntacticFunctions

We usethecomputedconditionalprobabilitiesto set
athresholdto filter the selectionof semantidorms.
As someverbsoccurlessfrequentlythanotherswe
felt it wasimportantto usearelative ratherthanab-
solutethreshold. For a thresholdof 1%, we disre-
gard ary frameswith a conditional probability of
lessthanor equalto 0.01. We carriedoutthe evalu-
ationin a similarway to (Schulteim Walde,2002).
The scaleof our evaluationis comparablgo hers.
This allows us to malke tentatve comparisonse-
tweenour respectre results. The figuresshawvn in
Table 5 are the resultsof three different kinds of
evaluationwith thethresholdsetto 1% and5%. The
effect of the thresholdincreaseis obvious in that
Precisiongoesup for eachof the experimentswhile
Recallgoesdown.

For Exp 1, we excludedprepositionaphrase&n-
tirely from the comparisonj.e. assumedhat PPs
were adjunctmaterial(e.g. [subj,obl:for] becomes
[subj]). Ourresultsarebetterfor Precisionthanfor
Recallcomparedo Schulteim Walde(op cit.), who
reportsPrecisionof 74.53%,Recallof 69.74%and
anF-scoreof 72.05%.

Exp 2 includes prepositional phrasesbut not
parameterisedfor particular prepositions (e.g.
[subj,obl:for] becomedsubj,obl]). While our fig-
ures for Recall are again lower, our results for
Precision are considerablyhigher than those of
Schulteim Walde (op cit.) who recordedPreci-
sion of 60.76%,Recall of 63.91%and an F-score
of 62.30%.

For Exp. 3, we usedsemantidorms which con-
taineddetailsof specificprepositiongor ary sub-
categyorisedprepositionaphrase Our Precisionfig-
uresare again high (in comparisonto 65.52%as
recordedby (Schulteim Walde,2002)). However,



Precision Recall F-Score

Experiment 3 81.7% 40.8%  54.4%

Threshold 1% Threshold 5%
P R F-Score P R F-Score
Exp. 1 79.0% 59.6% 68.0% | 83.5% 54.7% 66.1%
Exp. 2 77.1% 50.4% 61.0% | 81.4% 448% 57.8%
Exp.2a | 76.4% 44.5% 56.3% | 80.9% 39.0% 52.6%
Exp. 3 73.7% 221% 34.0% | 78.0% 18.3% 29.6%
Exp.3a | 73.3% 19.9% 313% | 77.6% 16.2% 26.8%

Experiment 3a 83.1% 35.4% 49.7%

Table6: COMLEX Comparisorusingp-dir(Threshold
of 1%)

Table5: COMLEX Comparison

ourRecallis verylow (comparedo the50.83%that
Schulteim Walde (op cit.) reports). Consequently
our F-scoreis alsolow (Schulteim Walde (op cit.)
recordsanF-scoreof 57.24%).Experiment2aand
3aaresimilar to Experiments2 and 3 respecirely
exceptthey includethe specificparticle associated
with eachPART.

5.1.1 Directional Prepositions

There are a number of possiblereasonsfor our
low recall scoresfor Experiment3 in Table5. It
is a well-documentedfact (Briscoe and Carroll,
1997) that subcatgorisationframes(andtheir fre-
guenciesyary acrossdomains. We have extracted
framesfrom onedomain(the WSJ)whereasCOM-
LEX was built using examplesfrom the SanJose
Mercury News, the Brown Corpus,several literary
works from the Library of America, scientific ab-
stractsfrom the U.S. Departmentof Enegy, and
the WSJ. For this reason,it is likely to contain
a greatervariety of subcatgorisationframesthan
our inducedlexicon. It is also possiblethat due
to humanerror COMLEX containssubcatgorisa-
tion frames,the validity of which maybein doubt.
Thisis dueto thefactthatthe aim of the COMLEX
projectwasto construcascompletea setof subcat-
egorisationframesas possible,even for infrequent
verbs. Lexicographerswere allowed to extrapo-
late from the citations found, a procedurewhich
is boundto be lesscertainthan the assignmenbf
framesbasedentirelyon existing examples.Ourre-
call figure wasparticularlylow in the caseof eval-
uationusingdetailsof prepositiondExperiment3).
Thiscanbeaccountedor by thefactthat COMLEX
errson the sideof overgenerationwhenit comesto
prepositionassignmentThis is particularlytrue of
directional prepositions,a list of 31 of which has
beenpreparedandis assignedn its entiretyby de-
faultto ary verbwhich canpotentiallyappeamith
ary directionalpreposition.In a subsequengxper
iment, we incorporatethis list of directionalprepo-
sitionsby default into our semantidorm induction
processn the sameway asthe creatorsof COM-
LEX have done. Table 6 shaws the resultsof this
experiment. As expectedthereis a significantim-

Recall

54.7%
46.2%
33.4%
29.3%

F-Score
65.1%
58.5%
45.8%
41.7%

Precision
80.2%
79.7%
72.6%
72.3%

Passve
Experiment 2
Experiment 2a
Experiment 3
Experiment 3a

Table7: Passie evaluation(Thresholdof 1%)

provementin therecallfigure, beingalmostdouble
the figuresreportedin Table 5 for Experiments3
and3a.

5.1.2 Passive Evaluation

Table 7 presentsthe resultsof our evaluation of
the passie semanticforms we extract. It was
carriedout for 1422 verbswhich occurwith pas-
sive framesand are sharedby the inducedlexicon
andCOMLEX. As COMLEX doesnot provide ex-
plicit passie entries, we applied Lexical Redun-
dany Rules(Kaplanand Bresnan,1982)to auto-
matically corvert the actve COMLEX framesto
their passve counterpartsFor example,the COM-
LEX entry see([ subj, obj]) is corvertedto
see([subj]). The resulting precisionis very
high, a slightincreaseon thatfor the active frames.
The recall score drops for passie frames (from
54.7%to 29.3%)in a similar way to thatfor actve
frameswhenprepositionalletailsareincluded.

5.2 Lexical Accession Rates

As well asevaluatingthe quality of our extracted
semantidorms, we alsoexaminethe rateat which

they areinduced. (Charniak,1996)and (Krotov et

al., 1998) obsered thattreebankgrammargCFGs
extractedfrom treebanks)re very large and grow

with the sizeof thetreebank We wereinterestedn

discoreringwhethertheacquisitionof lexical mate-
rial on the samedatadisplaysa similar propensity
Figure3 displaysthe accessiomatesfor the seman-
tic formsinducedby our methodfor sections0—-24
of the WSJsectionof the Penn-lltreebank.When
we do not distinguishsemanticforms by category,

all semantidormstogethemwith thosefor verbsdis-

play smalleraccessiomatesthanfor the PCFG.

We alsoexaminedthe coverageof our systemin
asimilarway to (Hockenmaieretal., 2002). We ex-
tracteda verb-onlyreferencdexicon from Sections
02-21 of the WSJand subsequentlgomparedhis
to a testlexicon constructedn the sameway from
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89.89%
10.11%
7.85%
7.85%

Entriesalsoin referencdexicon:
Entriesnotin referencdexicon:
Known words:

- Known words,known frames:

- Known words,unknavn frames:
Unknown words:

- Unknown words,known frames:

- Unknawvn words,unknavn frames:

2.32%
2.32%

Table 8. Coverageof inducedlexicon on unseen
data(VerbsOnly)

Section23. Table 8 shaws the resultsof this ex-
periment. 89.89%o0f the entriesin the testlexicon
appearedn thereferencdexicon.

6 Conclusions

We have presentednalgorithmanditsimplementa-
tion for theextractionof semantidormsor subcate-
gorisationframesfrom the Penn-II Treebankauto-
maticallyannotatedvith LFG f-structures We have
substantiallyextendedan earlierapproachby (van
Genabithet al., 1999). The original approachwas
small-scaleand‘proof of concept’.We have scaled
our approachto the entire WSJ Sectionsof Penn-
Il (50,000trees). Our approachdoesnot predefine
the subcatgorisation frameswe extract as mary
other approacheslo. We extract abstractsyntac-
tic function-basedsubcatgorisationframes (LFG
semanticforms), traditional CFG cateyory-based
framesas well as mixed function-catgory based
frames. Unlike mary otherapproacheso subcate-
gorisationframeextraction,our systemproperlyre-
flectsthe effectsof long distancedependencieand
distinguishesbetweenactive and passve frames.
Finally our systemassociatesonditionalprobabil-
ities with the frameswe extract. We carriedout an
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extensve evaluationof the completeinducedlexi-
con (not just a sample)againstthe full COMLEX
resource.To our knowledge,this is the mostexten-
sive qualitatve evaluationof subcatgorisationex-
tractionin English. The only evaluationof a similar
scaleis thatcarriedoutby (Schulteim Walde,2002)
for German. Our resultscomparewell with hers.
We believe our semantidormsarefine-grainedand
by choosingto evaluateagainstCOMLEX we set
our sights high: COMLEX is considerablymore
detailedthanthe OALD or LDOCE usedfor other
evaluations.

Currentlywork is underway to extendthe cov-
erage of our acquiredlexicons by applying our
methodologyto the Penn-I1ll treebank.a more bal-
ancedcorpusresourcewith a numberof text gen-
res(in additionto the WSJ sections). It is impor
tantto realisethattheinductionof lexical resources
is part of a larger project on the acquisition of
wide-coverage,robust, probabilistic, deepunifica-
tion grammamresourcesrom treebanksWe areal-
readyusingthe extractedsemantidormsin parsing
new text with robust, wide-coreragePCFG-based
LFG grammar approximationsautomatically ac-
quiredfrom the f-structureannotated®enn-Il tree-
bank (Cahill et al., 2004a). We hopeto be ableto
apply our lexical acquisitionmethodologybeyond
existing parse-annotatezbrpora(Penn-llandPenn-
[): new text is parsedy our PCFG-baselFG ap-
proximationsinto f-structuresfrom which we can
then extract further semanticforms. The work re-
portedhereis partof the corecomponenfor boot-
strappingthis approach.

As the extractionalgorithmwe presentedierives
semanticforms at f-structurelevel, it is easily ap-
plied to other even typologically different, lan-
guagesWe have successfullyportedour automatic
annotationalgorithmto the TIGER Treebank,de-
spite Germanbeinga lessconfigurationalanguage
than English, and extractedwide-coverage,proba-
bilistic LFG grammarapproximationsand lexical
resourcedor German(Cahill et al., 2003). Cur
rently, we are migrating the techniqueto Spanish,
which hasfreer word order than English and less
morphologicalmarkingthan German. Preliminary
resultshave beenvery encouraging.
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