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Abstract

This paper presentsan overview of a
project to acquire wide-coverage, prob-
abilistic Lexical-Functional Grammar
(LFG) resourcesfrom treebanks. Our
approachis basedon an automatican-
notation algorithm that annotates“raw”
treebank trees with LFG f-structure
information approximating to basic
predicate-argument/dependency structure.
From the f-structure-annotated tree-
bank we extract probabilistic unification
grammar resources. We present the
annotationalgorithm, the extraction of
lexical information and the acquisition
of wide-coverage and robust PCFG-
based LFG approximations including
long-distance dependency resolution.
We show how the methodologycan be
applied to multilingual, treebank-based
unification grammaracquisition. Finally
we show how simple (quasi-)logical
forms canbe derived automaticallyfrom
thef-structuresgeneratedfor thetreebank
trees.

1 Introduction

Manually scaling modern unification/constraint-
basedgrammarssuch as LFG and HPSG to nat-
urally occurringfree text is very time-consuming,
expensive and requiresconsiderablelinguistic and
computationalexpertise. Few hand-crafted,deep

grammarshave in fact achieved the coverageand
robustnessrequiredto parsea corpusof, e.g., the
size and complexity of the Penn treebank: (Rie-
zler et al, 2002)show how a carefullyhand-crafted
LFG is successfullyscaled to parse the Penn-II
treebank (Marcus et al, 1994) with discrimina-
tive (log-linear) parameterestimation techniques,
providing deeplinguistic analysesincluding long-
distancedependencies(LDDs) andbasicpredicate-
argument/dependencystructurein the form of LFG
f-structures.

Thelast20 yearshave seencontinuouslyincreas-
ing efforts in the constructionof parse-annotated
corpora. Substantialtreebanks1 are now available
for many languages(including English, Japanese,
Chinese,German,French,Czech,Turkish), others
arecurrentlyunderconstruction(Bulgarian)or near
completion (Spanish). First generationtreebanks
representedmainly surfacesyntacticinformationin
the form of CFG parsetrees,while many second
generationtreebanksalso include “deep” informa-
tion such as LDDs, abstractsyntacticfunction or
dependency information. This information is of-
ten provided expresslyto supportthe computation
of meaningrepresentations.

Treebankshave beenenormouslyinfluential in
the development of robust, state-of-the-artpars-
ing technology: grammars(or grammaticalinfor-
mation) automaticallyextractedfrom treebankre-
sourcesprovide the backboneof many state-of-
the-artprobabilisticparsingapproaches(Charniak,
1996; Collins, 1999; Clark et al., 2002; Klein and
Manning,2003). Suchapproachesareattractive as

1Or dependency banks.



they achieve robustness,coverageandperformance
while incurring very low grammar development
cost. However, with very few notableexceptions
(Collins model3, Johnson(2002),CCG),treebank-
basedprobabilisticparsersreturnfairly simple“sur-
facy” CFG trees,without deepsyntactic(LDD) or
semanticinformation.Becauseof thethis,thegram-
marsusedby suchsystemsaresometimesreferredto
as“half-grammars”(Johnson,2002).

In this paperwe provide anoverview of a project
that in many respectsis a naturaldevelopmentand
extensionof thebasic,automatictreebankPCFGac-
quisitionparadigm(Charniak,1996;Johnson,1998;
Klein andManning,2003). Ratherthanextracting
simpleCFGs,however, our aim is a treebank-based
grammaracquisitionmethodologyfor deep,wide-
coverageunification grammarssuch as LFG. We
observed that many (secondgeneration)treebanks
provide a certainamountof deepsyntacticinforma-
tion (e.g.Penn-IIfunctionalannotationsandtraces)
supportingthecomputationof deeplinguistic infor-
mation. Exploiting this informationwe designand
implementanautomaticf-structureannotationalgo-
rithm thatassociatesnodesin treebanktreeswith f-
structureannotationsin the form of attribute-value
structureequationsrepresentingabstractpredicate-
argumentstructure/dependencyrelations.From the
f-structureannotatedtreebankwe automaticallyex-
tract wide-coverageunification grammarresources
(subcategorisationframesandPCFG-basedLFG ap-
proximations)for parsingnew text into f-structures.

Someaspectsof our approachand early results
have beenpublishedelsewhere(Cahill et al., 2002;
Cahill et al., 2004a). This papergives,for the first
time, a comprehensive project overview, presents
new resultsandprojectextensionsnot reportedelse-
where.Thepaperis structuredasfollows: first, we
give a brief introduction to LFG. Second,we de-
tail the automaticf-structureannotationalgorithm.
Third, we presentour subcategorisationframe ex-
traction. Fourth,we presentour PCFG-basedLFG
grammarapproximationsandparsingarchitectures.
Fifth, while our original approachwas developed
for EnglishandthePenn-IItreebank,we show how
it can be migratedsuccessfullyto a typologically
differentlanguage(German)andtreebankencoding
(Brantset. al, 2002). Finally we show how sim-
ple (quasi-)logicalformscanbederived from thef-

structuresgeneratedfor the treebanktrees. In each
casewe provide resultsandextensive evaluation.

2 Lexical-Functional Grammar

Lexical-FunctionalGrammar(KaplanandBresnan,
1982;Bresnan,2001;Dalrymple,2001)minimally
involves two levels of syntacticrepresentation:2 c-
structure and f-structure. C(onstituent)-structure
representsthe groupingof words and phrasesinto
larger constituentsand is realised in terms of a
CF-PSG grammar. F(unctional)-structurerepre-
sentsabstractsyntacticfunctionssuchasSUBJ(ect),
OBJ(ect), OBL(ique) argument,sententialandopen
COMP/XCOMP(lement),ADJ(unct),APP(osition)etc.
and is implementedin terms of recursive feature
structures(attribute-value matrices, AVMs). C-
structurecapturessurface grammaticalconfigura-
tions,f-structureencodesabstractsyntacticinforma-
tion approximatingto predicate-argument-adjunct
structureor simplelogical form (van Genabithand
Crouch, 1996). Alternatively, f-structurescan be
regardedas AVM encodingsof dependency rela-
tions.C-structuresandf-structuresarerelated(non-
transformationally)in terms of functional annota-
tions (constraints,attribute-value equations)on c-
structurerules(cf. Figure1).
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Figure1: SimpleLFG c- andf-structure

3 Automatic F-Structure Annotation

ThePenn-IItreebankemploys CFGtreeswith addi-
tional “functional” nodeannotations(suchas-LOC,

2LFGsmayalsoinvolve morphologicalandsemanticlevels
of representation.



-TMP, -SBJ,-LGS, . . . ) aswell astracesandcoin-
dexation(to indicateLDDs) asbasicdatastructures.
Thef-structureannotationalgorithmexploitsconfig-
urational,categorial,“functional” andheadinforma-
tion to annotatenodeswith feature-structureequa-
tions. We adaptMagerman’s (1994)schemeto au-
tomatically head-lexicalise the Penn-II trees. This
partitionslocalsubtreesof depthone(corresponding
to CFG rules) into left and right contexts (relative
to head).Theannotationalgorithmis modularwith
four components(Figure2): left-right (L-R) annota-
tionprinciples(e.g.leftmostNPto rightof V headof
VP typerule is likely to beanobjectetc.);coordina-
tion annotationprinciples(separatingtheseout sim-
plifies other componentsof the algorithm); traces
(translatestracesandcoindexation in treesinto cor-
respondingreentranciesin f-structure( 1 in Figure
3)); catchall andclean-up. Lexical information is
providedvia macrosfor POStagclasses.

L/R Context � Coordination � Traces � Catch-All

Figure2: AnnotationAlgorithm
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Figure3: Penn-IIstyletreewith LDD traceandcor-
respondingreentrancy in f-structure

The f-structureannotationsare passedto a con-
straint solver to producef-structures. Annotation
is evaluatedin termsof coverageandquality, sum-
marisedin Table 1. Coverageis near complete
with 99.83%of the 48K Penn-II sentencesreceiv-
ing asingle,connectedf-structure.Annotationqual-
ity is measuredin terms of precision and recall

(P&R) againstmanuallyconstructed,gold-standard
f-structuresfor 105 randomly selectedtreesfrom
section23of theWSJpartof Penn-II.Thealgorithm
currentlyachievesanF-scoreof 96.3%for complete
f-structuresand93.6%for preds-onlyf-structures.3

# frags # sent percent
0 79 0.163
1 48343 99.833
2 2 0.004

all preds
P 96.07 93.38
R 96.44 93.97

Table1: F-structureannotationresultsfor Penn-II

A moredetailedanalysisof thef-structurequality
is shown in Table2. Precisionandrecall resultsare
provided for selectedfeatures,e.g. the annotation
algorithmachievesanf-scoreof 96%for thesubject
feature.

Feature Precision Recall F-S
adjunct 892/968= 92 892/950= 94 93
comp 88/92= 96 88/102= 86 91
coord 153/184= 83 153/167= 92 87
det 265/267= 99 265/269= 99 99
obj 442/459= 96 442/461= 96 96
obl 50/52= 96 50/61= 82 88
oblag 12/12= 100 12/12= 100 100
passive 76/79= 96 76/80= 95 96
relmod 46/48= 96 46/50= 92 94
subj 396/412= 96 396/414= 96 96
topic 13/13= 100 13/13= 100 100
topicrel 46/49= 94 46/52= 88 91
xcomp 145/153= 95 145/146= 99 97

Table2: Annotationresultsfor selectedfeatures

4 Subcategorisation Frame Extraction

LFG distinguishesbetweengovernable(arguments)
and nongovernable (adjuncts) grammatical func-
tions (GFs). Subcategorisation requirementsare
statedin termsof GFslisted in whatarereferredto
as“semanticforms” (subcategorisationframes).For
example, the semanticform associatedwith tran-
sitive see is see([subj,obj]). If the automaticf-
structureannotationalgorithmoutlinedin Section3
generateshigh quality f-structures,reliableseman-
tic formscanbeextracted(reverse-engineered)quite
simply following (van Genabithet al., 1999): “For
eachf-structuregenerated,for eachlevel of embed-
dingwedeterminethelocalPREDvalueandcollect
the subcategorisablegrammaticalfunctionspresent

3Preds-onlymeasuresonly pathsendingin PRED:VALUE.



Semantic Form Occurrences Probability
accept([obj,subj]) 122 0.813
-accept([subj], p) 9 0.060
accept([comp,subj]) 5 0.033
accept([subj,obl:as], p) 3 0.020
accept([obj,subj,obl:as]) 3 0.020
accept([obj,subj,obl:from]) 3 0.020
-accept([subj]) 2 0.013
accept([obj,subj,obl:at]) 1 0.007
accept([obj,subj,obl:for]) 1 0.007
accept([obj,subj,xcomp]) 1 0.007

Table3: Semanticformsfor theverbaccept .

at that level of embedding.” For the f-structurein
Figure 3 we obtain the non-emptysemanticforms
sign([subj,obj])andsay([subj,comp]).

We substantiallyextend and scalethe approach
of (van Genabithet al., 1999), which was small-
scaleand ‘proof of concept’ (100 trees). We ex-
tract framesfrom the full WSJsectionof thePenn-
II Treebankwith 48K trees. Unlike van Genabith
(1999) and many other approaches,our extraction
processfully reflectsLDDs, indicatedin termsof
tracesin the Penn-II Treebankand corresponding
re-entranciesat f-structure(cf. Figure 3). We do
not predefinetheframesto beextractedby our sys-
tem. We discriminatebetweenactive and passive
frames. We computeGF, GF:CFGcategory pair-
as well as CFG category-basedsubcategorisation
frames. Finally, we associateconditionalprobabil-
ities with frames.Givena lemma � andanargument
list � , theprobabilityof � given � is estimatedas:������� �! #" $ %'&)(+*-, �.�0/1�2 354687:9 %'&)(+*-, �.��/1� 6  
We userelative thresholdingto filter possibleerror
judgementsby our system. Table 3 shows the at-
testedsemanticforms for the verb accept with
their associatedconditionalprobabilities.Note that
werethedistinctionbetweenactive andpassive not
takeninto account,thetransitive occurrenceof ac-
cept wouldhavebeenassignedanunmeritedprob-
ability. 4

4Giventhisdistinctionandthecomputedconditionalproba-
bilities of frames,it is easyto conditionframeson both lemma
( ; ) andvoice( < : active/passive):���.=?>)@BADC0� , � ; / <  D$ %1&E(F*G, � ;IH =?>)@BADC0� , / <BJ  354687:9 %'&)(+*-, � ;KH =L>2@BAKC0� , 6 / <BJ  

Without Prep/Part With Prep/Part
Lemmas 3586 3586
Sem. Forms 10969 14348
Frame Types 38 577
Active Frame Types 38 548
Passive Frame Types 21 177

Table4: VerbResults

Table13 indicatesthescaleof our inducedlexical
resources.We extract non-emptysemanticforms5

for 3586 verb lemmas,resulting in 10969 unique
verbal semanticform types (lemma followed by
non-emptyargument list). Including prepositions
associatedwith the OBLs andparticles,this number
goesup to 14348,anaverageof 4.0perlemma.The
numberof uniqueframe types(without lemma)is
38 without specificprepositionsandparticles,577
with.

We carried out a comprehensive evaluation of
the automaticallyacquiredverbal semanticforms
againstthe COMLEX Resource(MacLeod et al.,
1994)for the2992(actively used)verblemmasthat
both resourceshave in common. The manually-
constructedCOMLEX entriesprovide a gold stan-
dard againstwhich we evaluatethe automatically
inducedframes. No otherapproachfor the extrac-
tion of Englishsubcategorisationdetailsconductsan
evaluationof this scale.The largestis thatof (Car-
roll and Rooth, 1998) who evaluated200 selected
verbs. Only the evaluationcarriedout by (Schulte
im Walde,2002)for Germanis in anyway compara-
ble in scaleto ours.

COMLEX lexical entriesexpresssubcategorisa-
tion information as a value of a :SUBC feature
in terms of surface syntacticconstituents. How-
ever, what makes the COMLEX resourceparticu-
larly suitablefor our evaluationis that eachof the
complementtypeswhich make up the valueof the
:SUBC featureis associatedwith aformal framedef-
inition encodingthe functionalargumentsrequired
by the pred in question. Here we report on the
evaluation of GF-basedframesonly. In order to
carryout theevaluationwe mappedCOMLEX GFs
to LFG GFs.

We carried out three experiments. Experi-
ment 1 excludesprepositionalphrases: e.g. the
frame [subj,obl:for] becomes[subj]. Experiment

5Non-emptysemanticforms containat leastone subcate-
gorisedgrammaticalfunction.



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(Threshold1%and
5%)

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

Table 6: COMLEX Comparisonusing p-dir (Thresholdof

1%)

2 includesprepositionalphrasessuppressingprepo-
sitions: [subj,obl:for] becomes[subj,obl]. Ex-
periment 3 evaluates the frames in full detail,
[subj,obl:for]. Experiments 2a and3a arethesame
as Experiment 2 and 3, except that they include
the particlewith eachPART function. We usecon-
ditional probability thresholdsto filter theselection
of semanticforms. Table5 shows experimentswith
threshold1%and5%. Theeffectof thethresholdin-
creaseis obvious in thatPrecisiongoesup for each
of theexperimentswhile Recallgoesdown. Our re-
sultscomparewell with thoseof (Schulteim Walde,
2002)for German.

Thelow recallfigurein thecaseof Experiments
3 and3a canbeaccountedfor by thefactthatCOM-
LEX errs on the side of overgenerationwhen it
comesto prepositionassignment(Grishmanet al., ,
1994).This is particularlytrueof directionalprepo-
sitions,alist of 31of whichhasbeenpreparedandis
assignedin its entiretyby default to any verbwhich
can potentially appearwith any directionalprepo-
sition. In a subsequentexperiment,we incorporate
this list of directionalprepositionsby default into
our semanticform induction processin the same
wayasthecreatorsof COMLEX havedone.Table6
shows thesignificantimprovementin recall for this
experiment.
Table7 presentsthe resultsof our evaluationof the
passivesemanticformsweextract. It wascarriedout
for 1422verbswhichoccurwith passive framesand
are sharedby the inducedlexicon and COMLEX.
We appliedLexical Redundancy Rules(Kaplanand
Bresnan,1982) to automaticallyconvert the active

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

Table7: Passive evaluation(Thresholdof 1%)

COMLEX framesto their passive counterparts.The
resultingprecisionwasvery high andtherewasthe
expecteddrop in recall when prepositionaldetails
wereincluded.

We testedthe coverageof our systemin a simi-
lar way to (Hockenmaieret al., 2002).Weextracted
a verb-only referencelexicon from Sections02-21
of the WSJ.We then comparedthis to a test lexi-
con constructedin the sameway from Section23.
89.89%of theentriesin thetestlexicon appearedin
thereferencelexicon.

5 PCFG-Based LFG Approximations

Basedon the resourcesdescribedabove we de-
velopedtwo parsingarchitectures. Both generate
PCFG-basedapproximationsof LFG grammars.

In the pipeline architecture we first extract
a standard PCFG from the “raw” treebank to
parseunseentext. The resulting parse-treesare
then annotatedby the automatic f-structure an-
notation algorithm and resolved into f-structures.
In the integrated architecturewe first automati-
cally annotatethe treebankwith f-structureequa-
tions. We then extract an annotated PCFG
where each non-terminal symbol in the gram-
mar has been augmentedwith LFG f-equations:
NP[ M SUBJ= N ] O DT[ M SPEC= N ] NN[ M = N ] We
treata nodefollowed by annotationsasa monadic
category for grammarextractionandparsing.Post-
parsing,equationsarecollectedfrom parsetreesand
resolved into f-structures.Both architecturesparse
raw text into “proto” f-structureswith LDDs unre-
solved.

In LFG, LDDs are resolved at the f-structure
level, obviating theneedfor emptyproductionsand
tracesin trees(Dalrymple,2001),usingfunctional
uncertainty(FU) equations. FUs are regular ex-
pressionsspecifying paths in f-structure between
a source(wherelinguistic materialis encountered)
anda target (wherelinguistic materialis interpreted



semantically). We approximateFUs by extracting
pathsbetweenco-indexed materialoccurringin the
automaticallygeneratedf-structuresfrom sections
02-21of thePenn-IItreebank.Weextract26unique
TOPIC, 60 TOPIC-REL and 13 FOCUS path types,
eachwith an associatedprobability. Given a pathP andan LDD type Q (eitherTOPIC, TOPIC-REL or
FOCUS), theprobabilityof P given Q is estimatedas:���SR:� ,  #" $ %'&)(+*-, � , /!RG 3 4687:9 %'&)(+*-, � , /!R 6  

For, say, a topicalisedconstituentto be resolved
as the argument of a predicateas specifiedby a
FU equation,the local predicatemust (i) subcate-
gorisefor the argumentand(ii) the argumentmust
not be alreadyfilled locally. Subcategorisationre-
quirementsare provided by semanticforms as ac-
quiredin Section4. TheLDD resolutionalgorithm
traversesan f-structurealongLDD pathsandranks
possibleresolutionsby multiplying pathandseman-
tic form probabilitiesinvolved. It supportsmultiple,
interactingTOPIC, TOPIC-REL andFOCUS LDDs.

Givenasetof semanticforms � with probabilitiesTVU �XW �ZY (where � is a lemma),a setof pathsP withTVU P W Q2Y (where Q is eitherTOPIC, TOPIC-REL or FO-
CUS) andanf-structure[ , thecoreof thealgorithm
to resolve LDDs recursively traverses[ to:

find TOPIC
�
TOPIC-REL

�
FOCUS:

@
pair; retrieve

TOPIC
�
TOPIC-REL

�
FOCUS paths; for each path

R
with GF

9 "X\]\�\^"
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: . . . :
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�
;

addGF:
@

to ` if fa GFis notpresentat `a ` togetherwith GFis locally completeandco-
herentwith respectto a semanticform

�
for

�
rankresolutionby

�����b� �c edf���SR:� ,  
We ran experimentswith grammarsin both the

pipeline and the integrated parsing architectures.
Thefirst grammaris a basicPCFG,while A-PCFG
includesthef-structureannotations.Wetrainonsec-
tions 02-21 (grammar, lexical extraction andLDD
paths)of the Penn-II Treebankand teston section
23. We evaluatethe parsetreesusing evalb. Fol-
lowing (Riezleret al, 2002),we convert f-structures
into dependency triple format. Usingtheir software
we evaluatethe f-structureparseroutputagainst(i)
manuallyconstructedgold-standardf-structuresfor

Pipeline Integrated
PCFG A-PCFG

2416Section23 trees
# Parses 2410 2398
Lab. F-Score 75.46 80.01
Unlab. F-Score 77.91 81.95

105F-Strs– preLDD resolution
All GFs 74.2 79.23
Predsonly 64.75 73.19

105F-Strs– postLDD resolution
All GFs 78.67 84.93
Predsonly 69.23 79.14

2416F-Strs– preLDD resolution
All GFs 76.75 80.73
Predsonly 67.5 75

2416F-Strs– postLDD resolution
All GFs 79.51 83.87
Predsonly 70.23 78.24

Table8: ParserEvaluation

105 randomly selectedsentencesfrom section23
and(ii) in a CCG-style(Hockenmaier, 2003)eval-
uationexperimentagainstthefull 2,416f-structures
automaticallygeneratedby the f-structureannota-
tion algorithm for the original Penn-II trees. The
resultsaregiven in Table8. The integratedmodel
outperformsthepipelinemodelin all aspectsof our
evaluation. In all cases,thereis a marked improve-
ment(2.8-5.7%)in thef-structuresafterLDD reso-
lution. We achieve between78.2and79.1%preds-
only and 83.9 to 84.9%all GF f-score,depending
on gold-standard,with the integratedmodel. In or-
derto measurehow many of theLDD reentraciesin
thegold-standardf-structuresarecapturedcorrectly
by our parserswe developed evaluation software
for f-structureLDD reentracies(similar to Johnson’s
(2002) evaluation to capturetracesand their an-
tecedentsin trees). Table9 show the results,with
the integratedmodelachieving morethan79%cor-
rectLDD reentrancies.

Our parsingarchitecturesprovide wide-coverage,
robust, and- with theadditionof LDD resolution-
“deep”or “full”, PCFG-basedLFG approximations.
We do not claim to provide fully adequatestatisti-
cal models. It is well known (Abney, 1997) that
PCFG-typeapproximationsof full unificationgram-
marscanyield inconsistentprobability modelsdue
to lossof probability mass:the parsersuccessfully
returnsthe highestranked parsetree but the con-
straint solver cannotresolve the f-equations(gen-
eratedin the pipelineor “hidden” in the integrated



Pipeline Integrated
PCFG A-PCFG

TOPIC

precision 12/13 13/13
recall 12/13 13/13
f-score 92.31 1

FOCUS

precision 0/0 0/1
recall 0/1 0/1
f-score 0 0

TOPICREL

precision 19/32 29/35
recall 19/43 29/43
f-score 50.67 74.36
OVERALL 60.78 79.25

Table9: LDD Evaluationon 105Gold StandardF-
Structures

model)andtheprobabilitymassassociatedwith that
treeis lost. This case,however, is surprisinglyrare
for our grammars:only 0.0016%(79 out of 48424)
of the original Penn-II trees(without FRAGs) fail
to producean f-structuredueto inconsistentanno-
tations(Table 1), and, e.g., for parsingsection23
with the integratedmodel 24 sentencesdo not re-
ceive a parse,18 of which becausethereis no span-
ning tree,6 becauseno f-structurecanbegenerated
for thehighestrankedtree(0.25%).

6 Multilingual Grammar Acquisition

A number of strategies have been developed for
multilingual,wide-coveragegrammardevelopment.
The ParGramproject (Butt et al., 2002), e.g., de-
velops wide-coverage (English, German, French,
Japanese,. . . ) LFG grammarswith harmonisedfea-
ture inventoriesand geometries.Grammarmigra-
tion cansometimesbeusedto seedgrammarsfor ty-
pologicallysimilar languages,suchase.g.Japanese
andKorean(Kim etal., 2003).

If treebank resourcesare available, treebank-
basedunificationgrammaracquisitioncanbeavalu-
ablealternative to traditionalmultilingual grammar
development.We appliedour methodologyto Ger-
manandtheTIGER (Brantset. al, 2002)treebank.
Germanis typologically different from English, in
that it is much less configurational. The TIGER
treebankis a corpusof approximately40,000syn-
tactically annotatedGermannewspapersentences.
TheTIGER treebankdatastructuresdiffer substan-
tially from those in Penn-II: TIGER usesgraphs

with crossingedges(ratherthantreeswith traces)to
indicatenon-localdependenciesandprovides con-
siderablyricherfunctionalannotations.

We first convert TIGER graphsinto Penn-IIstyle
treeswith tracesandcoindexation encodingLDDs.
Therearetwo maincomponentsin thealgorithmto
automaticallyaddf-structureinformationto TIGER
trees,with a pre- and post-processingstage. The
preprocessingis a simple walk throughthe tree in
order to build a lookup table for the trace nodes.
The first stageof the algorithm exploits the rich
TIGERfunctionalannotationsby associatingdefault
f-structureequationswith functional tags. Over-
generalisationis correctedin a secondcomponent
(mainly with respectto adpositionalcasemarking,
complementisersand multiple coordinations). Fi-
nally, a post-processingstageexplicitly links trace
nodesandthereferencenode,encodingLDDs.

We evaluatethe f-structuresproducedboth qual-
itatively andquantitatively. Table10 illustratesthe
coverageof thealgorithm. Ideally we would like to
generatejustonef-structurepersentence.Thereare
however, a numberof sentencesthat receive more
than one f-structurefragment. This is mainly due
to sentencessuchasBonn,7. September, wherein
the sourceTIGER graphsthereis no clearrelation
betweenthe elementsof the “sentence”andwhere
we do not wish to enforcea relationfor thesake of
having fewer fragments.Webelieve thatthese“sen-
tences”arein fact fragmentsandshouldbe treated
accordingly. Therearealsoa small numberof sen-
tenceswhich do not receive any f-structure.This is
asa resultof featureclashesin theannotatedtrees,
most of which are causedby inconsistentannota-
tions. We also evaluatethe quality of the annota-
tion againstourmanuallyconstructedgold-standard
of 100sentences.Table11 shows thatcurrentlyour
automaticannotationreceivesanf-scoreof 91.03%.

We extractedan annotatedgrammar(A-PCFG)
from the TIGER corpus(excluding 2000sentences
setasidefor testing). We parsedthe2000raw sen-
tencesusingHelmutSchmid’s BitPar parser(p.c.).
The resultsare presentedin Table 12. We evalu-
ate the quality of the treesproducedby the parser
with resultsof f-score67.91 (Labelled)and 72.63
(Unlabelled). 95.9% of the 2000 sentencespro-
duceonecompletef-structure(Fragmentation).We
evaluatethe quality of the f-structuresproducedin



# f-str. frags # sent percent
0 143 0.3573
1 38765 96.864
2 1032 2.5787
3 75 0.1874
5 1 0.0025
6 1 0.0025
7 3 0.0075

Table10: Coverage& fragmentationresultsof Ger-
manAnnotationAlgorithm

PredsOnly Evaluation
Precision 93.62
Recall 88.59
F-Score 91.03
CompleteMatch 25

Table11: Evaluationof thef-structuresproducedby
automaticallyannotatingtheTIGERtrees

two ways. First we evaluateagainstour 100 man-
ually constructedgold standardf-structures,achiev-
ing anf-scoreof 68.5. Second,in a mannersimilar
to (Hockenmaier, 2003),we automaticallyannotate
the2000treesto producef-structures,andevaluate
theoutputof theparseragainsttheseautomatically
producedf-structures.This experimentreturnsanf-
score62.62.

A-PCFG
Lab. F-Score(2000Trees) 67.91
Unlab. F-Score(2000Trees) 72.63
Fragmenation(2000f-structures) 95.9
F-Score(100f-structures) 68.5
F-Score(2000f-structures) 62.62

Table12: ParsingResults

We automaticallyinduceGermansubcategorisa-
tion framesusingthemethodologyoutlinedin Sec-
tion 4. As Table 13 shows, we extract 8632 non-
emptysemanticform types,7081of which are for
verbs. (We extract framesfor 4331verb lemmas.)
When the obliquesare parameterisedfor preposi-
tions we found an averageof 1.63 semanticforms
per verb. As for English,we alsoassociatecondi-
tional probabilitieswith the framesextracted. Ta-
ble 14 illustratesthe most frequentsubcategorisa-
tion framesfor theverbaufḧorenwith their associ-
atedconditionalprobabilities.We testedthecover-
ageof our systemin a similar way to thatdescribed
for Englishin Section4. Weextractareferenceverb

Sem. Form Types 8632
Verbs Only 7081

Table13: Non-emptySemanticFormsextracted

Semantic Form Conditional
Probability

aufh ören([subj]) 0.444
aufh ören([subj,xcomp]) 0.389
aufh ören([subj,obl:mit]) 0.111
aufh ören([comp,subj]) 0.056

Table 14: SemanticForms with associatedcondi-
tional probabilityfor theverbaufh ören

lexicon from trees1–8000and10001–40020of the
Tiger Treebank.We thencomparethis to a testlex-
icon from trees8001–10000.For 86.75%of theen-
triesin thetestlexicon thecorresepondingsemantic
form existsin thereferencelexicon.

7 Quasi-Logical Forms

F-structuresencodemainly abstractsyntacticinfor-
mationwith somesemanticinformationin theform
of basicpredicate-argumentstructure.Quasi-logical
forms,thesemanticrepresentationformalismof the
CoreLanguageEngine(Alshawi & Crouch,1992),
encodepredominantlysemanticwith somesyntac-
tic information(syntacticinformationis represented
asit constrainse.g. anaphoraresolutionandquan-
tifier scopepossibilities). Despitecleardifferences
in approachandemphasis,unresolved QLFs andf-
structuresbeara striking similarity and,for simple
casesat least,it is easyto seehow to getfrom oneto
the otherin termsof a translationfunction

U'g Y�h , cf.
(vanGenabithandCrouch,1996):����ji 9 k-9\'\]\

PRED lmH 	 i 9 /�\n/ 	 i 4 J\'\]\i 4 k 4
� ���po $

?Scope: l � k o9 /]\n/ k o4  
The core of the

U'g Y�h mapping taking us from f-
structuresto QLFsplacesthevaluesof subcategoris-
ablegrammaticalfunctionsinto their argumentpo-
sitions in the governing semanticform q and re-
curseson thosearguments.Fromthis rathergeneral
perspective, thedifferencebetweenf-structuresand
QLF is oneof informationpackagingandpresenta-
tion ratherthananything else.



In (Cahill et al., 2004b)we substantiallyextend
thecoverageof themoretheoreticallyorientedwork
of (vanGenabithandCrouch,1996)to includepas-
sive constructions,wh-questions,relative clauses,
fronted materialand subjectsof participal clauses,
gerundsandinfinitival clauses,modification(adjec-
tival, adverbial,prepositional,appositionalandsen-
tentialandnon-sententialadjunctsaswell asrelative
clauses)andcoordinate/subordinateconstructions:

An agreement was brokered by the U.N.�����������
SUBJ � PRED ‘AGREEMENT’

NUM SG
SPEC A �

PRED ‘ BROKER H 	 SUBJ
/ 	

OBJr's)J ’
PASSIVE t
OBL r�s ��� PRED ‘ BY H 	 OBJJ ’

OBJ � PRED ‘ U.N.’
NUM SG
SPEC THE �

����
� ����������

?Scope:broker(term(+r,<num=sg,spec=th e>,
U.N.,?Q,?S),

term(+g,<num=sg,spec=a>,
agreement,?P,?R))

Currently, the f-structure–QLFtranslationalgo-
rithm associates95.76%(46371)of the48424trees
(without FRAG andX constituents)in the Penn-II
treebankwith a QLF basedon the f-structureauto-
maticallygeneratedfor thetree.

8 Conclusions

We have presenteda method for treebank-based,
wide-coverage,deepunification grammaracquisi-
tion. The resultingPCFG-basedLFG approxima-
tionsparseunseenPenn-IItreebankEnglishnewspa-
per or unseenTIGER Germannewspapertext with
widercoverageandresultssimilar to thoseachieved
by thebesthand-craftedgrammars,with, webelieve,
considerablylessdevelopmenteffort. We have ex-
tractedwide-coveragelexical resourcesfrom the f-
structureannotatedtreebanksandshowedhow sim-
ple (quasi-)logicalformscanbederived from thef-
structuresgenerated.We believe that the approach
(with suitable adaptationsfor HPSG, PATR and
other constraint/unification basedformalisms)can
provide an attractive, wide-coverage,multilingual
unificationgrammaracquisitionparadigm,comple-
mentingand,in certaincases,replacingmoretradi-
tional,manualgrammardevelopment.
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