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Abstract
Lexical-FunctionalGrammarf-structuresareabstractsyntacticrepresentationsapproximatingbasicpredicate-argumentstructure.Tree-
banksannotatedwith f-structureinformationarerequiredastrainingresourcesfor stochasticversionsof unificationandconstraint-based
grammarsandfor theautomaticextractionof suchresources.In anumberof papers(Frank,2000;Sadler, vanGenabithandWay, 2000)
have developedmethodsfor automaticallyannotatingtreebankresourceswith f-structureinformation.However, to date,thesemethods
have only beenappliedto treebankfragmentsof the orderof a few hundredtrees. In thepresentpaperwe presenta new methodthat
scalesandhasbeenappliedto acompletetreebank,in ourcasetheWSJsectionof Penn-II(Marcusetal,1994),with morethan1,000,000
wordsin about50,000sentences.

1. Introduction
Lexical-FunctionalGrammarf-structures(Kaplan and

Bresnan,1982;Bresnan,2001)areabstractsyntacticrep-
resentationsapproximatingbasicpredicate-argumentstruc-
ture (van Genabithand Crouch, 1996). Treebanksan-
notatedwith f-structureinformationarerequiredas train-
ing resourcesfor stochasticversionsof unification and
constraint-basedgrammarsandfor theautomaticextraction
of suchresources.In two companionpapers(Frank,2000;
Sadler, vanGenabithandWay, 2000)havedevelopedmeth-
ods for automaticallyannotatingtreebankresourceswith
f-structureinformation. However, to date,thesemethods
have only beenappliedto treebankfragmentsof theorder
of a few hundredtrees. In the presentpaperwe presenta
new methodthatscalesandhasbeenappliedto a complete
treebank,in ourcasetheWSJsectionof Penn-II(Marcuset
al, 1994),with morethan1,000,000wordsin about50,000
sentences.

Wefirstgiveabrief review of Lexical-FunctionalGram-
mar. We next review previouswork andpresentthreear-
chitecturesfor automaticannotationof treebankresources
with f-structureinformation. We then introduceour new
f-structureannotationalgorithmandapplyit to thePenn-II
treebankresource.Finally we concludeandoutlinefurther
work.

2. Lexical-Functional Grammar
Lexical-FunctionalGrammar(LFG) is anearlymember

of the family of unification-(morecorrectly: constraint-)
basedgrammarformalisms(FUG,PATR-II, GPSG,HPSG
etc.). It enjoys continuedpopularity in theoreticaland
computationallinguisticsandnaturallanguageprocessing
applicationsand research. At its most basic, an LFG
involves two levels of representation:c-structure(con-
stituent structure) and f-structure (functional structure).
C-structurerepresentssurfacegrammaticalconfigurations
such as word order and the grouping of linguistic units
into largerphrases.Thec-structurecomponentof anLFG
is representedby a CF-PSG(context-freephrasestructure
grammar). F-structurerepresentsabstractsyntacticfunc-

tions suchas subject,object, predicateetc. in termsof
recursive attribute-value structurerepresentations.These
abstractsyntacticrepresentationsabstractaway from par-
ticulars of surfaceconfiguration. The motivation is that
while languagesdiffer with respectto surfacerepresenta-
tion they may still encodethe same(or very similar) ab-
stractsyntacticfunctions(or predicateargumentstructure).
To give a simpleexample,typologically, Englishis classi-
fiedasanSVO (subject-verb-object)languagewhile Irish is
averbinitial VSOlanguage.However, asentencelikeJohn
saw Mary and its Irish translationChonaicSéan Máire,
while associatedwith very differentc-structuretrees,have
structurallyisomorphicf-structurerepresentations,asrep-
resentedin Figure 1.

C-structuretreesand f-structuresare relatedin terms
of projections(indicatedby the arrows in the examples
in Figure 1). Theseprojectionsare definedin termsof
f-structureannotationsin c-structuretrees(describingf-
structures)originatingfrom annotatedgrammarrulesand
lexical entries. A samplesetof LFG grammarruleswith
functionalannotations(f-descriptions)is provided in Fig-
ure 2. Optionalconstituentsareindicatedby brackets.

3. Previous Work: Automatic Annotation
Architectures

It wouldbedesirableto have a treebankannotatedwith
f-structureinformation as a training resourcefor proba-
bilistic constraint(unification)grammarsandasa resource
for extractingsuchgrammars.The large numberof CFG
rule types in treebanks( �������
	�	�	 for Penn-II) makes
manualf-structureannotationof grammarrulesextracted
from completetreebanksprohibitively timeconsumingand
expensive. Recently, in two companionpapers(Frank,
2000; Sadler, van GenabithandWay, 2000)have investi-
gatedthe possibility of automaticallyannotatingtreebank
resourceswith f-structureinformation. As far as we are
aware,wecandistinguishthreedifferenttypesof automatic
f-structureannotationarchitectures(thesehaveall beende-
velopedwithin anLFG frameworkandalthoughwereferto
theseasautomaticf-structureannotationarchitecturesthey
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Figure1: C- andf-structuresfor anEnglishandcorrespondingIrish sentence
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Figure2: SampleLFG grammarrulesfor a fragmentof English

couldequallywell beusedto annotatetreebankswith e.g.
HPSGfeaturestructureor with Quasi-LogicalForm(QLF)
(LiakataandPulman,2002)annotations):. regularexpressionbasedannotation(Sadler, vanGen-

abithandWay, 2000). treedescriptionset-basedrewriting (Frank,2000). annotationalgorithms

More recently, we have learnt aboutthe QLF annotation
work by (LiakataandPulman,2002). Much like (Frank,
2000),their approachis basedon matchingconfigurations
in a flat, set-basedtreedescriptionrepresentation.

Below we will briefly describethe first two architec-
tures.Thenew work presentedin thispaperis basedonan
annotationalgorithmanddiscussedat lengthin Sections4
and5 of thepaper.

3.1. Regular Expression-Based Annotation

(Sadler, vanGenabithandWay, 2000)describearegular
expressionbasedautomaticf-structureannotationmethod-
ology. Thebasicideais verysimple:first, theCFGruleset
is extractedfrom thetreebank(fragment);second,regular-
expressionbasedannotationprinciplesaredefined;third,
the principlesare automaticallyappliedto the rule set to
generatean annotatedrule set; fourth, the annotatedrules
are automaticallymatchedagainstthe original treebank
treesandtherebyf-structuresaregeneratedfor thesetrees.

Sincetheannotationprinciplesfactorout linguistic gener-
alisations,theirnumberis muchsmallerthanthenumberof
CFGtreebankrules.In fact,theregularexpression-basedf-
structureannotationprinciplesconstitutea principle-based
LFG c-structure/f-structureinterface. We will explain the
methodin termsof a simpleexample. Let us assumethat
from thetreebanktreesweextractCFGrulesexpandingvp
of theform (amongstothers):

vp:A > v:B s:C
vp:A > v:B v:C s:D
vp:A > v:B v:C v:D s:E

..
vp:A > v:B s:C pp:D
vp:A > v:B v:C s:D pp:E
vp:A > v:B v:C v:D s:E pp:F

..
vp:A > advp:B v:C s:D
vp:A > advp:B v:C v:D s:E
vp:A > advp:B v:C v:D v:E s:F

..
vp:A > advp:B v:C s:D pp:E
vp:A > advp:B v:C v:D s:E pp:F
vp:A > advp:B v:C v:D v:E s:F pp:G

EachCFGcategory in therulesethasbeenassociatedwith
a logical variable designedto carry f-structureinforma-
tion. In order to annotatetheseruleswe candefinea set
of regular-expressionbasedannotationprinciples:

vp:A > * v:B v:C *



@ [B:xcomp=C,B:subj=C:subj]
vp:A > *(˜v) v:B *

@ [A=B]
vp:A > * v:B s:C *

@ [B:comp=C]

The first annotationprinciple statesthat if anywherein a
ruleRHSexpandingavp categorywefind av v sequence
the f-structureassociatedwith the secondv is the value
of an xcomp attribute in the f-structureassociatedin the
first v (‘ * ’ is the Kleenestar and, if unattachedto any
otherregularexpression,signifiesany string). It is easyto
seehow this annotationprinciplematchesmany of theex-
tractedexamplerules,someeventwice. Thesecondprin-
ciple statesthattheleftmostv in vp rulesis thehead.The
leftmost constraintis expressedby the fact that the rule
RHSmayconsistof aninitial stringthatmaynot containa
v : *(˜v) . Eachof theannotationprinciplesis partialand
underspecified:they underspecifyCFGrule RHSsandan-
notatematchingrulespartially. Theannotationinterpreter
appliesall annotationprinciplesto eachCFGrule asoften
aspossibleandcollectsall resultingannotations.It is easy
to seethat we get, e.g., the following (partial) annotation
for:

vp:A > advp:B v:C v:D v:E s:F pp:G
@ [A=C,

C:xcomp=D,C:subj=D:subj,
D:xcomp=E,D:subj=E:subj,
E:comp=F]

In their experimentswith thepublicly availablesubsection
of theAP treebank,(Sadler, vanGenabithandWay, 2000)
achieveprecisionandrecallresultsin thelow tomid 90per-
cent region againsta “gold standard”manuallyannotated
grammar. Themethodis orderindependent,partialandro-
bust.To date,however, themethodhasbeenappliedto only
smallCFGrulesets(of theorderof 500rulesapprox.).

3.2. Rewriting of Flat Tree Description Set
Representations

In a companionpaper, (Frank,2000)developsanauto-
matic annotationmethodthat in many waysis a generali-
sationof the regular expression-basedannotationmethod.
Thebasicideais againsimple: first, treesin treebanksare
translatedinto a flat setrepresentationformat in a treede-
scription language;second,annotationprinciplesare de-
finedin termsof rewriting rulesemploying arewriting sys-
temoriginally developedfor transferbasedmachinetrans-
lation architectures(Kay, 1999). We will illustrate the
methodwith asimpleexample

s:A
/ \ dom(A,B), dom(A,C),

np:B vp:C dom(C,D), ..
| | => pre(B,C),

John v:D cat(A,s), cat(C,vp),
| cat(D,v), ..

left

dom(X,Y), dom(X,Z), pre(Y,Z),
cat(X,s), cat(Y,np), cat(Z,vp)

==>
subj(X,Y), eq(X,Z)

Treesaredescribedin termsof (immediateandgeneral)
dominanceandprecedencerelations,labellingfunctionsas-
signingcategoriesto nodesandso forth. In our example,
node identifiersA, B, etc. do doubleduty as f-structure
variables. The annotationprinciple statesthat if nodeX
dominatesbothY andZ andif Y precedsZ andtherespec-
tiveCFGcategoriesares , np andvp , thenY is thesubject
of X andZ is thesameas(i.e. is theheadof) X.

Thetreedescriptionrewriting methodhasa numberof
advantages:. in contrastto theregularexpression-basedmethod,an-

notationprinciplesformulatedin theflat treedescrip-
tion methodcanconsiderarbitrarytreefragments(and
not justonly localCFGruleconfigurations).. in contrastto the regular expressionbasedmethod
which is order independent,the rewriting technol-
ogy can be usedto formulateboth order-dependent
and order-independentsystems. Cascaded,order-
dependentsystemscan supporta morecompactand
perspicuousstatementof annotationprinciplesascer-
tain transformationscanbe assumedto have already
appliedearlieron in thecascade.

For a moredetailed,joint presentationof the two ap-
proachesconsult (Frank et al, 2002). Like the regular
expressionbasedannotationmethod,the tree description
basedset rewriting methodhasto dateonly beenapplied
to smalltreebankfragmentsof theorderof severalhundred
trees.

3.3. Annotation Algorithms

The previous two automaticannotationarchitectures
enforcea clearseparationbetweenthe statementof anno-
tationprinciplesandtheannotationprocedure.In thefirst
case,the annotationprocedureis provided by our regular
expressioninterpreter, in the secondby the set rewriting
machinery. A cleanseparationbetweenprinciplesandpro-
cessingsupportsmaintenanceandreuseof annotationprin-
ciples. Thereis, however, a third possibleautomatican-
notationarchitecture,namelyan annotationalgorithm. In
principle, two variantsarepossible. An annotationalgo-
rithm may. directly (recursively) transducea treebanktreeinto an

f-structure– suchanalgorithmwould moreappropri-
atelybereferredto asatreeto f-structuretransduction
algorithm;. annotateCFG treebanktreeswith f-structureannota-
tionsfrom which anf-structurecanbecomputedby a
constraintsolver.

Thefirst mentionof anautomaticf-structureannotation
algorithmweareawareof is unpublishedwork by RonKa-
plan(p.c.) who asearlyas1996workedon automatically
generatingf-structuresfrom the ATIS corpusto generate
datafor LFG-DOP(Bod andKaplan,1998)applications.
Kaplan’s approachimplementsa direct tree to f-structure
transduction.Thealgorithmwalksthetreelooking for dif-
ferentconfigurations(e.g. np unders , 2ndnp undervp ,



etc.)and“folds” thetreeinto thecorrespondingf-structure.
In contrast,our approachdevelopsthe second,moreindi-
recttreeannotationalgorithmparadigm.Wehavedesigned
andimplementedanalgorithmthatannotatesnodesin the
Penn-IItreebanktreeswith f-structureconstraints.Thede-
sign andthe applicationof the algorithmis explainedbe-
low.

4. Automatic Annotation Algorithm Design

In our work on the automaticannotationalgorithm
we an annotationmethodthat is robust and scalesto the
whole of the Penn-II treebankwith 19,000CFG rulesfor
1,000,000words with approx. 50,000 sentences. The
algorithm is implementedas a recursive procedure(in
Java) which annotatesPenn-IItreebanktreenodeswith f-
structureinformation. The annotationsdescribewhat we
call “proto-f-structures”,which. encodebasicpredicate-argument-modifier structures;. may be partial or unconnected(i.e. in somecases

a sentencemay be associatedwith two or more un-
connectedf-structurefragmentsratherthana singlef-
structure);. maynot encodesomereentrancies,e.g. in thecaseof
wh- and other movementor distribution phenomena
(of subjectsinto VP coordinatestructuresetc.).

Compared to the regular expression- and the set
rewriting-basedannotationmethodsdescribedabove, the
new algorithmis somewhatmorecoarse-grained,bothwith
respectto resultingf-structuresandwith respectto thefor-
mulationof theannotationprinciples.

Even thoughthe methodis encodedin the form of an
annotationalgorithm(i.e. a procedure),we did not want
to completelyhardcodethelinguisticbasisfor theannota-
tion into theprocedure.In orderto achieve a cleandesign
which supportsmaintainabilityand reusabilityof the an-
notationalgorithmandthe linguistic informationencoded
in it, we decidedto designthealgorithmin termsof three
maincomponentsthatwork in sequence:

L/R Context AnnotationPrinciples/
CoordinateAnnotationPrinciples/
Catch-allAnnotationPrinciples

Eachof the componentsof the algorithmis presentedbe-
low.

In addition,at thelexical level, for eachPenn-IIpreter-
minal category type, we have a lexical macro associat-
ing any terminal underthe category with the requiredf-
structureinformation.To giveasimpleexample,asingular
commonnounnns , suchase.g.company, is annotatedby
thelexicalmacrofor nns as02143�57698;:�<�=,1,>@?4A��B0C?7D�=E8F�G �H021,5�3 F 8JI�346 .

4.1. L/R Context Annotation Principles

Theannotationalgorithmrecursively traversestreesin
a top-down fashion.Apart from very few exceptions(e.g.
possessive NPs), at eachstageof the recursionthe algo-
rithm considerslocal subtreesof depthone(i.e. effectively
CFGrules). Annotationis drivenby categorial andsimple
configurationalinformationin a localsubtree.

In order to annotatethe nodesin the trees,we par-
tition eachsequenceof daughtersin a local subtree(i.e.
rule RHS) into three sections: left context, head and
right context. The headof a local tree is computedus-
ing Collins (1999) headlexicalised grammarannotation
scheme(exceptfor coordinatestructures,wherewe depart
from Collins’ headscheme). In a preprocessingstepwe
transformthe treebankinto headlexicalisedform. Dur-
ing automaticannotation,we can theneasily identify the
headconstituentin a local tree as that constituentwhich
carriesthesameterminalstringasthemotherof the local
tree.With thiswecancomputeleft andright context: given
theheadconstituent,theleft context is theprefix of thelo-
cal daughtersequencewhile theright context is thesuffix.
For eachlocal treewe alsokeeptrackof themothercate-
gory. In additionto the positional(reducedto the simple
tripartition into headwith left/right context) andcategorial
informationaboutmotheranddaughternodes,wealsoem-
ploy anLFG distinctionbetweensubcategorisable(subj,
obj, obj2, obl, xcomp, comp . . . ) and non-
subcategorisable(adjn, xadjn . . . ) grammaticalfunc-
tions.Subcategorisablegrammaticalfunctionscharacterise
arguments,while non-subcategorisablefunctionscharac-
teriseadjuncts(modifiers).

Using this informationwe constructwhat we refer to
asan “annotationmatrix” for eachof the rule LHS cate-
goriesin thePenn-IItreebankgrammar. Thex-axisof the
matrix is given by the tripartition into left context, head
andright context. They-axis is definedby thedistinction
betweensubcategorisableandnon-subcategorisablegram-
maticalfunctions.

Considera much simplified example: for rules (local
trees)expandingEnglishnp ’s, the rightmostnominal (n,
nn , nns etc.) on the RHS is (usually) the head. Heads
are annotated0482K . Any det or quant constituentin
the left context is annotated0 F 1,5,:L82K . Any adjp in
the left context is annotatedKNMO0P>764Q�? . Any nominal in
the left context (in nounnounsequences)is annotatedas
a modifier K,MO0R>764Q@? . Any pp in the right context is an-
notatedas KNMO0H>�64Q�? . Any relcl in the right context asKNMO0S3�54TU=V<76 , any nominal (phrase- usuallyseparatedby
commasfollowing thehead)asanappositionK,MO0W>�1X1 and
soforth. Informationsuchasthis is usedto populatethenp
annotationmatrix,partially representedin Table 1.

In orderto minimisemistakes,theannotationmatrices
arevery conservative: subcategorisablegrammaticalfunc-
tions are only assignedif there is no doubt (e.g. an np
following aprepositionin app is assigned0W<@Y,QW82K ; avp
following a v in a vp constituentis assigned0[ZV:@<�=,1\82K�]0 F DXY,Q;820^ZN:�<�=,1[_ F DXY�Q and so forth). If, for any
constituent,theargument- modifierstatusis in doubt,we
annotatetheconstituentasanadjunct: KNMO0W>76XQ�? .

Treebankshave an interestingproperty: for eachcate-



np left context head right context

subcatfunctions det , quant : 0 F 1,5,:C82K n, nn , nns : 0X82K . . .
adjp : KNMO0`>�64Q�? relcl : KNMO0a3�5XTU=b<76

non-subcatfunctions n, nn , nns : K,MO0W>764Q@? pp : KNMO0a>764Q�?
. . . n, nn , nns : K,MO0`>�1X1

Table1: Simplified,partialannotationmatrix for np rules

gory, thereis a smallnumberof very frequentlyoccurring
rulesexpandingthatcategory, followedby a largenumber
of lessfrequentrulesmany of which occur only onceor
twice in thetreebank(Zipf ’s law).

For eachparticularcategory, the correspondinganno-
tation matrix is constructedfrom the most frequentrules
expandingthatcategory. In orderto guaranteesimilar cov-
eragefor theannotationmatricesfor thedifferentruleLHS
in the Penn-II treebank,we designeachmatrix according
to an analysisof the most frequentCFG rulesexpanding
thatcategory, suchthatthetokenoccurrencesof thoserules
coverat least80%of thetokenoccurrencesof all rulesex-
pandingthatLHS category in the treebank.In orderto do
this we needto look at the following numberof mostfre-
quentrule typesfor eachcategorygivenin Table 2.

Althoughconstructedbasedontheevidenceof themost
frequentrule types, the resultingannotationmatricesdo
generaliseto asyet unseenrule typesin thefollowing two
ways:. duringtheapplicationof theannotationalgorithm,an-

notationmatricesannotatelessfrequent,unseenrules
with constituentsmatchingthe left/right context and
headspecifications. The resultingannotationmight
bepartial (i.e. someconstituentsin lessfrequentrule
typesmaybeleft unannotated).. in additiontomonadiccategories,thePenn-IItreebank
containsversionsof thesecategoriesassociatedwith
functionalannotations(-LOC, -TMP etc. indicating
locative, temporal,etc. andotherfunctionalinforma-
tion). If we includefunctionalannotationsin thecat-
egories,thereareapprox.150distinctLHS categories
in the CFG extractedfrom the Penn-II treebankre-
source.Our annotationmatricesweredevelopedwith
the mostfrequentrule typesexpandingmonadiccat-
egoriesonly. During applicationof theannotational-
gorithm,theannotationmatrix for any givenmonadic
category C is alsoappliedto all rules(local trees)ex-
pandingC-LOC,C-TMPetc.,i.e. instancesof thecat-
egorycarryingfunctionalinformation.

In our work to date we have not yet covered “con-
stituents” marked frag (ment) and x (unknown con-
stituents)in thePenn-IItreebank.

Finally, notethatL/R context annotationprinciplesare
only appliedif the local tree(rule RHS) doesnot contain
any instanceof a coordinatingconjunctioncc . Construc-
tionsinvolving coordinatingconjunctionsaretreatedsepa-
ratelyin thesecondcomponentof theannotationalgorithm.

4.2. Coorordinating Conjunction Annotation
Principles

Coordinatingconstructionscomein two forms: likeand
unlike (UCPs)constituentcoordinations.Dueto the(often
too) flat treebankanalyses,thesepresentspecialproblems.
Becauseof this,anintegratedtreatmentof coordinatestruc-
tureswith theotherannotationprincipleswould have been
toocomplex andmessy. For this reasonwedecidedto treat
coordinatestructuresin a separatemodule. Herewe only
havespaceto talk aboutlike constituentcoordinations.

Theannotationalgorithmfirst attemptsto establishthe
headof a coordinatestructure(usuallytherightmostcoor-
dination)andannotatesit accordingly. It thenusesa va-
riety of heuristicsto find and annotatethe variouscoor-
dinatedelements.Oneof the heuristicsemployed simply
statesthat if both the immediateleft and the immediate
right constituentsnext to the coordinationhave the same
category, thenfind all suchcategoriesin theleft context of
theruleandannotatethesetogetherwith theimmediateleft
andright constituentsof thecoordinationasindividual el-
ementsK,MO0c:�<X<�346 in the f-structuresetrepresentationof
thecoordination.

4.3. Catch-All Annotation Principles

Thefinal componentof thealgorithmutilisesfunctional
informationprovided in the Penn-IItreebankannotations.
Any constituent,no matterwhatcategory, left unannotated
by theprevioustwo annotationalgorithmcomponents,that
carriesa Penn-IIfunctionalannotationotherthanSBJand
PRD,is annotatedasanadjunctKNMO0W>76XQ�? .

5. Results and Evaluation
Theannotationalgorithmis implementedin termsof a

Java program.Annotationof thecompleteWSJsectionof
the Penn-IItreebanktakeslessthan30 minuteson a Pen-
tium IV PC.Onceannotated,for eachtreewe collect the
featurestructureannotationsand feedtheminto a simple
constraintsolver implementedin Prolog.

Our constraintsolver can handleequality constraints,
disjunctionandsimpleset-valuedfeatureconstraints.Cur-
rently, however, our annotationsdo not involve disjunctive
constraints.This meansthat for eachtree in the treebank
we either get a single f-structure,or, in the caseof par-
tially annotatedtrees,a numberof unconnectedf-structure
fragments,or, in caseof featurestructureclashes,no f-
structure.

As pointedout above, in our work to datewe have not
developedan annotationmatrix for frag (mentary)con-
stituents. Furthermore,as it stands,the algorithm com-
pletely ignores“movement” (or dislocationand control)



ADJP ADVP CONJP FRAG LST NAC NP NX PP PRN PRT QP RRC
25 3 3 184 4 6 64 14 2 35 2 11 12

S SBAR SBARQ SINV SQ UCP VP WHADJP WHADVP WHNP WHPP X
11 3 20 16 68 78 146 2 2 2 1 37

Table2: # of mostfrequentrule typesanalysedto constructannotationmatrices

phenomenamarked in the Penn-IIannotationsin termsof
coindexation (of traces). This meansthat the f-structures
generatedin ourwork to datemisssomereentrancieswhich
amorefine-grainedanalysiswouldshow.

Furthermore,becauseof the limited capabilitiesof our
constraintsolver, in our currentwork we cannotusefunc-
tional uncertaintyconstraints(regular expressionbased
constraintsoverpathsin f-structure)to localiseunbounded
dependenciesto model “movement” phenomena. Also,
againbecauseof limitations of our constraintsolver, we
cannotexpresssubsumptionconstraintsin our annotations
to, e.g.,distributesubjectsinto coordinatevp structures.

To give an illustrationof our method,we give the first
sentenceof thePenn-IItreebankandthef-structuregener-
atedasanexamplein Figure 3.

Currentlywe obtainthe following generalresultswith
ourautomaticannotationalgorithmsummarisedin Table 3:

# f-structure # sentences percentage
(fragments)

0 2701 5.576
1 38188 78.836
2 4954 10.227
3 1616 3.336
4 616 1.271
5 197 0.407
6 111 0.229
7 34 0.070
8 12 0.024
9 6 0.012
10 4 0.008
11 1 0.002

Table3: Automaticannotationresults

ThePenn-IItreebankcontains49167trees.Theresultsre-
portedin Table 3 ignore727treescontainingfrag (ment)
andx (unknown)constituentsaswedid notprovideany an-
notationfor themin ourwork to date.At thisearlystageof
ourwork, 38188of thetreesareassociatedwith acomplete
f-structure.For 2701treesno f-structureis produced(due
to featureclashes).4954areassociatedwith 2 f-structure
fragments,1616with 3 fragmentsandsoforth.

5.1. Evaluation

In orderto evaluatethe resultsof our automaticanno-
tationwe distinguishbetween“qualitative” and“quantita-
tive” evaluation. Qualitative evaluationinvolvesa “gold-
standard”,while quantitativeevaluationdoesnot.

5.1.1. Qualitative Evaluation
Currently, we evaluatetheoutputgeneratedby our au-

tomatic annotationqualitatively by manually inspecting
the f-structuresgenerated.In order to automatethe pro-
cesswe are currently working on a set of 100 randomly
selectedsentencesfrom the Penn-II treebankto manu-
ally constructgold-standardannotatedtrees(andhencef-
structures).Thesecan then be processedin a numberof
ways:. manuallyannotatedgold-standardtreescanbe com-

pared with the automaticallyannotatedtrees using
the labelledbracketingprecisionandrecall measures
from evalb , a standardsoftwarepackageto evalu-
atePCFGparses.This presupposesthat we treatan-
notatedtree nodesas atoms(i.e. a complex string
suchasnp: 0c<�Y,QR82K is treatedasan atomiclabel)
andthat in caseswherenodesreceive morethanone
f-structureannotationthe order of theseis the same
in boththegold-standardandtheautomaticallyanno-
tatedversion.. gold-standard and automatically generated f-
structures can be translated into a flat set
of functional descriptions (pred(A,see),
subj(A,B), pred(B,John), obj(A,C),
pred(C,Mary) ) and precisionand recall can be
computedfor those.. f-structurescanbetransformed(orunfolded)into trees
by sortingattributesalphabeticallyateachlevelof em-
beddingandby codingreentranciesasindices. After
this transformation,gold-standardand automatically
generatedf-structurescanbecomparedusingevalb .
This presupposesthat both the gold-standardandthe
automaticallygeneratedf-structurehaveidentical“ter-
minal” yield.

5.1.2. Quantitative Evaluation
For purely quantitative evaluation (that is evaluation

that doesnot necessarilyassessthe quality of the gener-
atedresources),wecurrentlyemploy two relatedmeasures.
Thesemeasuresgiveanindicationasto how partialourau-
tomaticannotationis atthecurrentstageof theproject.The
firstmeasureis thepercentageof RHSconstituentsin gram-
marrulesthatreceiveanannotation.Thetablelists thean-
notationpercentagefor RHSelementsof someof thePenn-
II LHS categories. Becauseof the functionalannotations
provided in Penn-II, the completelist of LHS categories
would containapprox. 150entries.Note that thepercent-
ageslisted below ignore punctuationmarkers (which are
notannotated):



Pierre Vinken, 61 years old, will join the board as a nonexecutive
director Nov. 29.

( S ( NP-SBJ ( NP ( NNP Pierre ) ( NNP Vinken ) ) ( , , ) ADJP ( NP (
CD 61 ) ( NNS years ) ) ( JJ old ) ) ( , , ) ) ( VP ( MD will ) ( VP
( VB join ) ( NP ( DT the ) ( NN board ) ) ( PP-CLR ( IN as ) ( NP (
DT a ) ( JJ nonexecutive ) ( NN director ) ) ) ( NP-TMP ( NNP Nov. )
CD 29 ) ) ) ) ( . . ) )

subj : headmod : 1 : num : sing
pers : 3
pred : Pierre

num : sing
pers : 3
pred : Vinken
adjunct : 2 : adjunct : 3 : adjunct : 4 : pred : 61

pers : 3
pred : years
num : pl

pred : old
xcomp : subj : headmod : 1 : num : sing

pers : 3
pred : Pierre

num : sing
pers : 3
pred : Vinken
adjunct : 2 : adjunct : 3 : adjunct : 4 : pred : 61

pers : 3
pred : years
num : pl

pred : old
obj : spec : det : pred : the

num : sing
pers : 3
pred : board

obl : obj : spec : det : pred : a
adjunct : 5 : pred : nonexecutive
pred : director
num : sing
pers : 3

pred : as
pred : join
adjunct : 6 : pred : Nov.

num : sing
pers : 3
adjunct : 7 : pred : 29

pred : will
modal : +

Figure3: F-structuregeneratedfor thefirst sentencein Penn-II

LHS # RHS # RHS %
elements annotated annotated

ADJP 1653 1468 88.80
ADJP-ADV 21 21 100.00
ADJP-CLR 27 24 88.88

ADV 607 532 87.64
NP 30793 29145 94.64
PP 1090 905 83.02
S 14912 13144 88.14

SBAR 423 331 78.25
SBARQ 270 212 78.51

SQ 657 601 91.47
VP 40990 35693 87.07

The second,relatedmeasuregives the averagenum-
ber of f-structurefragmentsgeneratedfor eachtreebank
tree(themorepartialourannotationthemoreunconnected
f-structurefragmentsare generatedfor a sentence). For
45739sentences,theaveragenumberof fragmentspersen-
tencesis currently: 1.26 (note againthat the numberex-
cludessentencescontainingfrag andx constituents).

6. Conclusion and Further Work
In thispaperwehavepresentedanautomaticf-structure

annotationalgorithmandappliedit to annotatethe Penn-
II treebankresourcewith f-structureinformation. The re-



sultingrepresentationsareproto-f-structuresshowing basic
predicate-argument-modifier structure. Currently, 38,188
sentences( d�e,f eXg of the48,440treeswithout frag andx
constituents)receiveacompletef-structure;4954sentences
areassociatedwith two f-structurefragments,1,616with
threefragments.2,701sentencesarenotassociatedwith an
f-structure.

In future work we plan to extendandrefineour auto-
maticannotationalgorithmin a numberof ways:. We areworkingon reducingtheamountof f-structure

fragmentationby providingmorecompleteannotation
principles.. Currentlythepred values(i.e. thepredicates)in the
f-structuresgeneratedaresurface(i.e. inflected)rather
thanrootforms.Weareplanningto usetheoutputof a
two-level morphologyto annotatethe Penn-IIstrings
with root forms which canthenbe picked up by our
lexical macrosandusedaspred valuesin the auto-
maticannotations.. Currentlyour annotationalgorithmignoresthePenn-
II encodingof “moved” constituentsin topicalisation,
wh-constructions,control constructionsand the like.
These(often non-local)dependenciesare marked in
thePenn-IItreeannotationsin termsof indices.In fu-
turework weintendto makeourannotationalgorithm
sensitive to suchinformation. Therearetwo (possi-
bly complementary)waysof achieving this: the first
is to maketheannotationalgorithmsensitiveto thein-
dex schemeprovidedby thePenn-IIannotationseither
duringapplicationof thealgorithmor in termsof un-
doing “movement” in a treebankpreprocessingstep.
Thelatterrouteis exploredin recentwork by (Liakata
andPulman,2002). The secondpossibility is to use
the LFG machineryof functional uncertaintyequa-
tionsto effectively localiseunboundeddependency re-
lationsin a functionalannotationat a particularnode.
Functionaluncertaintyequationsallow the statement
of regularexpression-basedpathsin f-structure.Cur-
rentlywecannotresolvesuchpathswith ourconstraint
solver.. We are currently experimenting with probabilistic
grammarsextractedfrom theautomaticallyannotated
versionof thePenn-IItreebank.We will bereporting
on the resultsof theseexperimentselsewhere(Cahill
etal, 2002).. We areplanningto exploit thef-structure/QLF/UDRS
correspondencesestablishedby (van Genabithand
Crouch, 1996; van Genabithand Crouch, 1997) to
generatesemanticallyannotatedversionsof thePenn-
II treebank.
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