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Abstract

In this paper we presenta methodologyfor ex-
tracting subcategorisation frames based on an
automatic LFG f-structure annotation algorithm
for the Penn-II Treebank. We extract abstract
syntactic function-basedsubcategorisation frames
(LFG semanticforms), traditional CFG category-
basedsubcategorisation framesas well as mixed
function/category-based frames, with or without
prepositioninformationfor obliquesandparticlein-
formation for particle verbs. Our approachdoes
not predefineframes,associatesprobabilitieswith
framesconditionalon the lemma,distinguishesbe-
tweenactive andpassive frames,andfully reflects
the effects of long-distancedependenciesin the
sourcedatastructures.We extract 3586verb lem-
mas,14348semanticform types(an averageof 4
per lemma)with 577 frame types. We presenta
large-scaleevaluationof thecompletesetof forms
extractedagainstthefull COMLEX resource.

1 Introduction

Lexical resourcesare crucial in the construction
of wide-coveragecomputationalsystemsbasedon
modernsyntactictheories(e.g. LFG, HPSG,CCG,
LTAG etc.). However, as manualconstructionof
such lexical resourcesis time-consuming,error-
prone,expensive andrarelyever complete,it is of-
ten thecasethat limitations of NLP systemsbased
on lexicalisedapproachesaredueto bottlenecksin
thelexicon component.

Giventhis, researchon automatinglexical acqui-
sition for lexically-basedNLP systemsis a partic-
ularly importantissue. In this paperwe presentan
approachto automatingsubcategorisationframeac-
quisition for LFG (KaplanandBresnan,1982) i.e.
grammaticalfunction-basedsystems.LFG hastwo
levels of structural representation:c(onstituent)-
structure,and f(unctional)-structure. LFG differ-
entiatesbetweengovernable(argument)and non-
governable(adjunct)grammaticalfunctions. Sub-
categorisation requirementsare enforcedthrough

semanticformsspecifyingthegovernablegrammat-
ical functionsrequiredby aparticularpredicate(e.g.
FOCUS ����� SUBJ����� OBL �
	���� ). Our approachis
basedonearlierwork onLFG semanticform extrac-
tion (vanGenabithet al., 1999)andrecentprogress
in automaticallyannotatingthe Penn-II treebank
with LFG f-structures(Cahill et al., 2004b). De-
pendingon the quality of the f-structures,reliable
LFG semanticforms can then be generatedquite
simply by recursively readingoff thesubcategoris-
able grammaticalfunctions for each local pred
valueateachlevel of embeddingin thef-structures.
The work reportedin (van Genabithet al., 1999)
was small scale(100 trees),proof of conceptand
requiredconsiderablemanualannotationwork. In
this paperwe show how theextractionprocesscan
bescaledto thecompleteWall StreetJournal(WSJ)
sectionof the Penn-II treebank,with about1 mil-
lion words in 50,000sentences,basedon the au-
tomatic LFG f-structureannotationalgorithm de-
scribedin (Cahill et al., 2004b). In additionto ex-
tractinggrammaticalfunction-basedsubcategorisa-
tion frames,wealsoincludethesyntacticcategories
of the predicateand its subcategorisedarguments,
aswell asadditionaldetailssuchastheprepositions
requiredby obliques,and particlesaccompanying
particleverbs. Our methoddoesnot predefinethe
framesto be extracted. In contrastto many other
approaches,it discriminatesbetweenactiveandpas-
sive frames,properlyreflectslong distancedepen-
denciesandassignsconditionalprobabilitiesto the
semanticformsassociatedwith eachpredicate.

Section 2 reviews relatedwork in the areaof
automaticsubcategorisationframeextraction. Our
methodologyandits implementationarepresented
in Section3. Section4 presentsthe resultsof our
lexical extraction. In Section5 we evaluate the
completeextractedlexicon againstthe COMLEX
resource(MacLeod et al., 1994). To our knowl-
edge,this is thelargestevaluationof subcategorisa-
tion framesfor English. In Section6, we conclude
andgive suggestionsfor futurework.



2 Related Work

Creatinga (subcategorisation) lexicon by hand is
time-consuming,error-prone,requiresconsiderable
linguistic expertiseandis rarely, if ever, complete.
In addition,asystemincorporatingamanuallycon-
structedlexiconcannoteasilybeadaptedto specific
domains. Accordingly, many researchershave at-
temptedto constructlexicons automatically, espe-
cially for English.

(Brent, 1993) relies on local morphosyntactic
cues(suchas the -ing suffix, exceptwheresucha
word follows a determineror a prepositionother
than to) in the untaggedBrown Corpusas proba-
bilistic indicatorsof six differentpredefinedsubcat-
egorisationframes. The framesdo not includede-
tails of specificprepositions.(Manning,1993)ob-
servesthatBrent’srecognitiontechniqueis a“rather
simplistic and inadequateapproachto verb detec-
tion, with a very high error rate”. Manning feeds
theoutputfrom astochastictaggerinto afinite state
parser, andappliesstatisticalfiltering to theparsing
results.Hepredefines19differentsubcategorisation
frames,includingdetailsof prepositions.Applying
this techniqueto approx. 4 million wordsof New
York Timesnewswire,Manningacquires4900sub-
categorisationframesfor 3104verbs,anaverageof
1.6perverb. (Ushiodaetal., 1993)runafinite state
NP parseron a POS-taggedcorpusto calculatethe
relative frequency of just six subcategorisationverb
classes. In addition, all prepositionalphrasesare
treatedasadjuncts.For 1565tokensof 33 selected
verbs,they reportanaccuracy rateof 83%.

(Briscoeand Carroll, 1997) observe that in the
work of (Brent,1993),(Manning,1993)and(Ush-
iodaetal.,1993),“the maximumnumberof distinct
subcategorizationclassesrecognizedis sixteen,and
only Ushiodaetal. attemptto deriverelativesubcat-
egorizationfrequency for individual predicates”.In
contrast,thesystemof (BriscoeandCarroll, 1997)
distinguishes163 verbal subcategorisationclasses
by meansof a statisticalshallow parser, a classifier
of subcategorisationclasses,anda 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 verbclassesfor obtainingmoreac-
curateback-off estimatesfor usein hypothesisse-
lection. Using this extendedapproach,theaverage
resultsfor 45semanticallyclassifiedtestverbseval-
uatedagainsthandjudgementsareprecision87.1%
andrecall 71.2%. By comparison,the averagere-
sultsfor 30verbsnotclassifiedsemanticallyarepre-
cision78.2%andrecall58.7%.

Carroll and Rooth (1998) use a hand-written
head-lexicalised context-free grammarand a text
corpusto computetheprobabilityof particularsub-
categorisationscenarios.The extractedframesdo
not containdetailsof prepositions.

More recently, a number of researchershave
appliedsimilar techniquesto derive resourcesfor
otherlanguages,especiallyGerman.Oneof these,
(Schulteim Walde,2002),inducesa computational
subcategorisationlexicon for over 14,000German
verbs. Using sentencesof limited length, sheex-
tracts38 distinct frametypes,which containmax-
imally threeargumentseach. The framesmay op-
tionally contain details of particular prepositional
use.Her evaluationon over 3000frequentlyoccur-
ring verbsagainstthe GermandictionaryDuden-
DasStilwörterbuch is similar in scaleto oursandis
discussedfurtherin Section5.

There has also been some work on extracting
subcategorisationdetailsfrom the PennTreebank.
(Kinyon and Prolo, 2002) introducea tool which
usesfine-grainedrules to identify the arguments,
including optionalarguments,of eachverb occur-
rencein the PennTreebank,alongwith their syn-
tacticfunctions.They manuallyexaminedthe150+
possiblesequencesof tags,bothfunctionalandcat-
egorial, in Penn-IIanddeterminedwhetherthe se-
quencein questiondenoteda modifier, argumentor
optionalargument. Argumentswere thenmapped
to traditionalsyntacticfunctions.As they donot in-
cludeanevaluation,currentlyit is impossibleto say
how effective this techniqueis.

(Xia et al., 2000)and(ChenandVijay-Shanker,
2000)extractlexicalisedTAGsfrom thePennTree-
bank. Both techniquesimplement variations on
the approachesof (Magerman,1994)and(Collins,
1997) for the purposeof differentiating between
complementandadjunct. In thecaseof (Xia et al.,
2000),invalid elementarytreesproducedasa result
of annotationerrorsin the treebankarefiltered out
usinglinguisticheuristics.

(Hockenmaieret al., 2002)outline a methodfor
the automaticextraction of a large syntacticCCG
lexicon from Penn-II.For eachtree, the algorithm
annotatesthe nodeswith CCG categoriesin a top-
down recursive manner. In order to examine the
coverageof theextractedlexicon in a mannersimi-
lar to (Xia et al., 2000),(Hockenmaieret al., 2002)
comparedthereferencelexicon acquiredfrom Sec-
tions02-21with a testlexicon extractedfrom Sec-
tion 23 of theWSJ.It wasfound that the reference
CCGlexiconcontained95.09%of theentriesin the
testlexicon, while 94.03%of theentriesin the test
TAG lexicon alsooccurredin thereferencelexicon.



Both approachesinvolve extensive correctionand
clean-upof thetreebankprior to lexical extraction.

3 Our Methodology

Thefirst stepin theapplicationof ourmethodology
is theproductionof a treebankannotatedwith LFG
f-structure information. F-structuresare feature
structureswhich representabstractsyntacticinfor-
mation,approximatingto basicpredicate-argument-
modifierstructures.We utilise theautomaticanno-
tation algorithmof (Cahill et al., 2004b)to derive
a versionof Penn-IIwhereeachnodein eachtree
is annotatedwith anLFG functionalannotation(i.e.
anattributevaluestructureequation).Treesaretra-
versedtop-down, andannotationis driven by cate-
gorial,basicconfigurational,traceandPenn-IIfunc-
tional tag information in local subtreesof mostly
depthone(i.e. CFG rules). The annotationproce-
dureis dependenton locatingtheheaddaughter, for
which theschemeof (Magerman,1994)with some
changesandamendmentsis used.Theheadis anno-
tatedwith the LFG equation��
�� . Linguistic gen-
eralisationsare provided over the left (the prefix)
and the right (suffix) context of the headfor each
syntacticcategory occurringasthemothernodeof
suchheads.To giveasimpleexample,therightmost
NP to the left of a VP headunderan S is likely to
be its subject( � SUBJ 
�� ), while the leftmostNP
to the right of the V headof a VP is most proba-
bly its object ( � OBJ 
�� ). (Cahill et al., 2004b)
provide four setsof annotationprinciples,one for
non-coordinateconfigurations,one for coordinate
configurations,onefor traces(long distancedepen-
dencies)anda final ‘catchall andcleanup’ phase.
Distinguishingbetweenargumentandadjunctis an
inherentstepin the automaticassignmentof func-
tional annotations.

The satisfactory treatmentof long distancede-
pendenciesby the annotationalgorithmis impera-
tive for the extractionof accuratesemanticforms.
ThePennTreebankemploys a rich arsenalof traces
and empty productions(nodeswhich do not re-
aliseany lexical material)to co-index displacedma-
terial with the position where it should be inter-
pretedsemantically. The algorithm of (Cahill et
al., 2004b)translatesthe tracesinto corresponding
re-entranciesin the f-structurerepresentation(Fig-
ure 1). Passive movementis alsocapturedandex-
pressedatf-structurelevel usingapassive:+ an-
notation. Oncea treebanktree is annotatedwith
featurestructureequationsby the annotationalgo-
rithm, the equationsare collectedand passedto a
constraintsolver whichproducesthef-structures.

In order to ensurethe quality of the seman-
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Figure1: Penn-IIstyle treewith long distancedepen-
dency traceandcorrespondingreentrancy in f-structure

tic forms extractedby our method,we must first
ensurethe quality of the f-structure annotations.
(Cahill et al., 2004b) measureannotationquality
in termsof precisionand recall againstmanually
constructed,gold-standardf-structuresfor 105ran-
domly selectedtreesfrom section23 of the WSJ
sectionof Penn-II.Thealgorithmcurrentlyachieves
an F-scoreof 96.3%for completef-structuresand
93.6%for preds-onlyf-structures.1

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 subcategorisable grammat-
ical functions present at that level of embed-
ding. Considerthe f-structurein Figure 1. From
this we recursively extract the following non-
empty semantic forms: say([subj,comp]),
sign([subj,obj]). In effect, in both (van
Genabithet al., 1999) and our approachseman-
tic formsarereverseengineeredfrom automatically
generatedf-structuresfor treebanktrees. We ex-
tract the following subcategorisablesyntacticfunc-
tions: SUBJ, OBJ, OBJ2, OBL ���
��� , OBL2���
��� , COMP,
XCOMP and PART. Adjuncts (e.g. ADJ, APP etc)
are not included in the semanticforms. PART

is not a syntactic function in the strict sensebut
we capturethe relevant co-occurrencepatternsof
verbs and particles in the semanticforms. Just
as OBL includesthe prepositionalheadof the PP,
PART includestheactualparticlewhich occurse.g.
add([subj,obj,part:up]).

In the work presentedherewe substantiallyex-
tendtheapproachof (vanGenabithet al., 1999)as

1Preds-onlymeasuresonly pathsendingin PRED:VALUE so
featuressuchasnumber, person etcarenot included.



regardscoverage,granularityandevaluation:First,
wescaletheapproachof (vanGenabithetal.,1999)
which wasproof of concepton 100treesto thefull
WSJsectionof thePenn-IITreebank.Second,our
approachfully reflectslong distancedependencies,
indicated in terms of tracesin the Penn-II Tree-
bankandcorrespondingre-entranciesat f-structure.
Third, in addition to abstractsyntactic function-
basedsubcategorisationframeswe computeframes
for syntacticfunction-CFGcategory pairs,both for
theverbalheadsandtheir argumentsandalsogen-
eratepure CFG-basedsubcatframes. Fourth, our
methoddifferentiatesbetweenframescapturedfor
active or passive constructions.Fifth, our method
associatesconditionalprobabilitieswith frames.

In contrastto muchof the work reviewed in the
previoussection,our systemis ableto producesur-
facesyntacticaswell asabstractfunctionalsubcat-
egorisationdetails.To incorporateCFGdetailsinto
the extractedsemanticforms,we addan extra fea-
tureto thegeneratedf-structures,thevalueof which
is the syntacticcategory of thepred at eachlevel
of embedding.Exploiting this information,theex-
tractedsemanticform for theverbsign looksasfol-
lows: sign(v,[subj(np),obj(np)]).

Wehavealsoextendedthealgorithmto dealwith
passive voiceandits effectonsubcategorisationbe-
haviour. ConsiderFigure2: not taking voice into
account,thealgorithmextractsanintransitive frame
outlaw([subj]) for thetransitiveoutlaw. To
correctthis, the extractionalgorithmusesthe fea-
ture valuepair passive:+, which appearsin the
f-structureat the level of embeddingof theverb in
question,to mark thatpredicateasoccurringin the
passive: outlaw([subj],p).

In order to estimatethe likelihood of the cooc-
currenceof a predicatewith a particularargument
list, we computeconditionalprobabilitiesfor sub-
categorisationframesbasedon thenumberof token
occurrencesin thecorpus.Givena lemma � andan
argumentlist � , the probabilityof � given � is esti-
matedas:

�������! �"$#&% '�(�)+*-, �� /.0�1"235476 '�(�)8*-, �9 :.;� 3 "

We usethresholdingto filter possibleerror judge-
mentsby our system. Table 1 shows the attested
semanticformsfor theverbaccept with their as-
sociatedconditionalprobabilities. Note that were
thedistinctionbetweenactive andpassive not taken
into account,theintransitiveoccurrenceof accept
wouldhavebeenassignedanunmeritedprobability.

subj : spec : quant : pred : all
adjunct : 2 : pred : almost

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
xcomp : subj : spec: quant : pred : all

adjunct : 2 : pred : almost
...
...

passive : +
xcomp : subj : spec: quant : pred : all

adjunct : 2 : pred : almost
...
...

passive : +
pred : outlaw
tense : past

pred : be
pred : will
modal : +

Figure 2: Automatically generated f-structure
for the string wsj 000323“By 1997, almost
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,comp]) 5 0.033
- accept([subj,obl:as],p) 3 0.020
accept([subj,obj,obl:as]) 3 0.020
accept([subj,obj,obl:from]) 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,xcomp]) 1 0.007

Table1: SemanticFormsfor theverbaccept marked
with p for passiveuse.

4 Results
We extract non-emptysemanticforms2 for 3586
verb lemmasand 10969 unique verbal semantic
form types (lemma followed by non-emptyargu-
ment list). Including prepositionsassociatedwith
the OBLs andparticles,this numberrisesto 14348,
an averageof 4.0 per lemma(Table2). The num-
ber of unique frame types(without lemma) is 38
withoutspecificprepositionsandparticles,577with
(Table3). F-structureannotationsallow usto distin-
guishpassive andactive frames.

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

2Frameswith at leastonesubcategorisedgrammaticalfunc-
tion.



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

Table2: Numberof SemanticFormTypes

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

Table3: Numberof Distinct Framesfor Verbs(not in-
cludingsyntacticcategory for grammaticalfunction)

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

(VERB :ORTH “reimburse” :SUBC ((NP-NP)
(NP-PP :PVAL (“for”))
(NP)))

Each verb has a :SUBC feature, specifying
its subcategorisation behaviour. For example,
reimburse can occur with two noun phrases
(NP-NP), a nounphraseanda prepositionalphrase
headedby “for” (NP-PP :PVAL (“for”)) or a single
nounphrase(NP). Notethatthedetailsof thesubject
nounphrasearenot includedin COMLEX frames.
Eachof the complementtypeswhich make up the
valueof the :SUBC featureis associatedwith a for-
mal framedefinitionwhich looksasfollows:

(vp-frame np-np :cs ((np 2)(np3))
:gs (:subject1 :obj 2 :obj23)
:ex “sheaskedhim hisname”)

Thevalueof the:csfeatureis theconstituentstruc-
tureof thesubcategorisationframe,which lists the
syntacticCF-PSGconstituentsin sequence. The
value of the :gs featureis the grammaticalstruc-
ture which indicatesthe functional role playedby
eachof the CF-PSGconstituents.The elementsof
theconstituentstructureareindexed,andreferenced
in the :gs field. This mappingbetweenconstituent
structureand functionalstructuremakes the infor-
mationcontainedin COMLEX suitableasan eval-
uationstandardfor theLFG semanticforms which
we induce.

5.1 COMLEX-LFG Mapping

We devised a commonformat for our inducedse-
mantic forms and thosecontainedin COMLEX.
This is summarisedin Table 4. COMLEX does
not distinguishbetweenobliquesandobjectssowe
converted Obj= to OBL = as required. In addition,
COMLEX doesnot explicitly differentiatebetween

COMPs and XCOMPs, but doesencodecontrol in-
formationfor any Compswhich occur, thusallow-
ing us to deducethedistinctionautomatically. The
manuallyconstructedCOMLEX entriesprovidedus
with agoldstandardagainstwhichweevaluatedthe
automaticallyinducedframesfor the 2992(active)
verbsthatbothresourceshave in common.

LFG COMLEX Merged
SUBJ Subject SUBJ

OBJ Object OBJ

OBJ2 Obj2 OBJ2
OBL Obj3 OBL

OBL2 Obj4 OBL2
COMP Comp COMP

XCOMP Comp XCOMP

PART Part PART

Table4: COMLEX andLFG SyntacticFunctions

Weusethecomputedconditionalprobabilitiesto set
a thresholdto filter theselectionof semanticforms.
As someverbsoccurlessfrequentlythanotherswe
felt it wasimportantto usearelative ratherthanab-
solutethreshold.For a thresholdof 1%, we disre-
gard any frameswith a conditionalprobability of
lessthanor equalto 0.01.Wecarriedout theevalu-
ationin a similar way to (Schulteim Walde,2002).
The scaleof our evaluationis comparableto hers.
This allows us to make tentative comparisonsbe-
tweenour respective results. The figuresshown in
Table 5 are the resultsof threedifferent kinds of
evaluationwith thethresholdsetto 1%and5%. The
effect of the thresholdincreaseis obvious in that
Precisiongoesupfor eachof theexperimentswhile
Recallgoesdown.

For Exp 1, weexcludedprepositionalphrasesen-
tirely from the comparison,i.e. assumedthat PPs
wereadjunctmaterial(e.g. [subj,obl:for] becomes
[subj]). Our resultsarebetterfor Precisionthanfor
Recallcomparedto Schulteim Walde(opcit.), who
reportsPrecisionof 74.53%,Recallof 69.74%and
anF-scoreof 72.05%.

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

For Exp. 3, we usedsemanticformswhich con-
taineddetailsof specificprepositionsfor any sub-
categorisedprepositionalphrase.OurPrecisionfig-
uresare againhigh (in comparisonto 65.52%as
recordedby (Schulteim Walde,2002)). However,



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% 44.8% 57.8%
Exp. 2a 76.4% 44.5% 56.3% 80.9% 39.0% 52.6%
Exp. 3 73.7% 22.1% 34.0% 78.0% 18.3% 29.6%
Exp. 3a 73.3% 19.9% 31.3% 77.6% 16.2% 26.8%

Table5: COMLEX Comparison

ourRecallis very low (comparedto the50.83%that
Schulteim Walde(op cit.) reports).Consequently
our F-scoreis alsolow (Schulteim Walde(op cit.)
recordsanF-scoreof 57.24%).Experiments2aand
3a aresimilar to Experiments2 and3 respectively
except they includethe specificparticleassociated
with eachPART.

5.1.1 Directional Prepositions

There are a number of possiblereasonsfor our
low recall scoresfor Experiment3 in Table 5. It
is a well-documentedfact (Briscoe and Carroll,
1997) that subcategorisationframes(andtheir fre-
quencies)vary acrossdomains.We have extracted
framesfrom onedomain(theWSJ)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 Energy, and
the WSJ. For this reason,it is likely to contain
a greatervariety of subcategorisationframesthan
our inducedlexicon. It is also possiblethat due
to humanerror COMLEX containssubcategorisa-
tion frames,thevalidity of which maybe in doubt.
This is dueto thefactthattheaimof theCOMLEX
projectwasto constructascompleteasetof subcat-
egorisationframesaspossible,even for infrequent
verbs. Lexicographerswere allowed to extrapo-
late from the citations found, a procedurewhich
is boundto be lesscertainthan the assignmentof
framesbasedentirelyonexistingexamples.Our re-
call figurewasparticularlylow in thecaseof eval-
uationusingdetailsof prepositions(Experiment3).
Thiscanbeaccountedfor by thefactthatCOMLEX
errson thesideof overgenerationwhenit comesto
prepositionassignment.This is particularlytrueof
directionalprepositions,a list of 31 of which has
beenpreparedandis assignedin its entiretyby de-
fault to any verbwhich canpotentiallyappearwith
any directionalpreposition.In a subsequentexper-
iment,we incorporatethis list of directionalprepo-
sitionsby default into our semanticform induction
processin the sameway as the creatorsof COM-
LEX have done. Table6 shows the resultsof this
experiment. As expectedthereis a significantim-

Precision Recall F-Score
Experiment 3 81.7% 40.8% 54.4%
Experiment 3a 83.1% 35.4% 49.7%

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

Passive Precision Recall F-Score
Experiment 2 80.2% 54.7% 65.1%
Experiment 2a 79.7% 46.2% 58.5%
Experiment 3 72.6% 33.4% 45.8%
Experiment 3a 72.3% 29.3% 41.7%

Table7: Passiveevaluation(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 passive semanticforms we extract. It was
carriedout for 1422 verbswhich occur with pas-
sive framesandaresharedby the inducedlexicon
andCOMLEX. As COMLEX doesnot provide ex-
plicit passive entries,we applied Lexical Redun-
dancy Rules(Kaplan and Bresnan,1982) to auto-
matically convert the active COMLEX framesto
their passive counterparts.For example,theCOM-
LEX entry see([subj,obj]) is converted to
see([subj]). The resulting precisionis very
high, a slight increaseon that for theactive frames.
The recall score drops for passive frames (from
54.7%to 29.3%)in a similar way to that for active
frameswhenprepositionaldetailsareincluded.

5.2 Lexical Accession Rates
As well as evaluatingthe quality of our extracted
semanticforms,we alsoexaminethe rateat which
they areinduced. (Charniak,1996)and(Krotov et
al., 1998)observed that treebankgrammars(CFGs
extractedfrom treebanks)arevery large andgrow
with thesizeof thetreebank.Wewereinterestedin
discoveringwhethertheacquisitionof lexical mate-
rial on thesamedatadisplaysa similar propensity.
Figure3 displaystheaccessionratesfor theseman-
tic forms inducedby our methodfor sections0–24
of the WSJsectionof the Penn-IItreebank.When
we do not distinguishsemanticforms by category,
all semanticformstogetherwith thosefor verbsdis-
playsmalleraccessionratesthanfor thePCFG.

We alsoexaminedthecoverageof our systemin
asimilarway to (Hockenmaieretal., 2002).Weex-
tracteda verb-onlyreferencelexicon from Sections
02-21of the WSJandsubsequentlycomparedthis
to a test lexicon constructedin the sameway from
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Entriesalsoin referencelexicon: 89.89%
Entriesnot in referencelexicon: 10.11%
Known words: 7.85%
- Known words,known frames: 7.85%
- Known words,unknown frames: -
Unknown words: 2.32%
- Unknown words,known frames: 2.32%
- Unknown words,unknown frames: -

Table 8: Coverageof inducedlexicon on unseen
data(VerbsOnly)

Section23. Table 8 shows the resultsof this ex-
periment.89.89%of theentriesin the test lexicon
appearedin thereferencelexicon.

6 Conclusions

Wehavepresentedanalgorithmandits implementa-
tion for theextractionof semanticformsor subcate-
gorisationframesfrom thePenn-IITreebank,auto-
maticallyannotatedwith LFG f-structures.Wehave
substantiallyextendedan earlierapproachby (van
Genabithet al., 1999). The original approachwas
small-scaleand‘proof of concept’.We have scaled
our approachto the entireWSJ Sectionsof Penn-
II (50,000trees).Our approachdoesnot predefine
the subcategorisation frameswe extract as many
other approachesdo. We extract abstractsyntac-
tic function-basedsubcategorisation frames(LFG
semanticforms), traditional CFG category-based
framesas well as mixed function-category based
frames. Unlike many otherapproachesto subcate-
gorisationframeextraction,oursystemproperlyre-
flectstheeffectsof long distancedependenciesand
distinguishesbetweenactive and passive frames.
Finally our systemassociatesconditionalprobabil-
ities with the frameswe extract. We carriedout an

extensive evaluationof the completeinducedlexi-
con (not just a sample)againstthe full COMLEX
resource.To our knowledge,this is themostexten-
sive qualitative evaluationof subcategorisationex-
tractionin English.Theonly evaluationof asimilar
scaleis thatcarriedoutby (Schulteim Walde,2002)
for German. Our resultscomparewell with hers.
Webelieve oursemanticformsarefine-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-
erageof our acquired lexicons by applying our
methodologyto the Penn-III treebank,a morebal-
ancedcorpusresourcewith a numberof text gen-
res (in addition to the WSJsections). It is impor-
tantto realisethattheinductionof lexical resources
is part of a larger project on the acquisition of
wide-coverage,robust, probabilistic,deepunifica-
tion grammarresourcesfrom treebanks.We areal-
readyusingtheextractedsemanticformsin parsing
new text with robust, wide-coveragePCFG-based
LFG grammar approximationsautomatically ac-
quiredfrom the f-structureannotatedPenn-II tree-
bank(Cahill et al., 2004a). We hopeto be ableto
apply our lexical acquisitionmethodologybeyond
existingparse-annotatedcorpora(Penn-IIandPenn-
III): new text is parsedby ourPCFG-basedLFG ap-
proximationsinto f-structuresfrom which we can
thenextract further semanticforms. The work re-
portedhereis partof thecorecomponentfor boot-
strappingthisapproach.

As theextractionalgorithmwe presentedderives
semanticforms at f-structurelevel, it is easilyap-
plied to other, even typologically different, lan-
guages.We have successfullyportedour automatic
annotationalgorithm to the TIGER Treebank,de-
spiteGermanbeinga lessconfigurationallanguage
thanEnglish,andextractedwide-coverage,proba-
bilistic LFG grammarapproximationsand lexical
resourcesfor German(Cahill et al., 2003). Cur-
rently, we aremigrating the techniqueto Spanish,
which hasfreer word order than English and less
morphologicalmarkingthanGerman.Preliminary
resultshave beenvery encouraging.
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