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Abstract
Lexical-FunctionalGrammarf-structuresareabstracsyntacticrepresentationapproximatingpasicpredicate-aggumentstructure. Tree-
banksannotatedvith f-structureinformationarerequiredastrainingresourcesor stochastiversionsof unificationandconstraint-based
grammarsandfor theautomaticextractionof suchresourcesln anumberof papergFrank,2000;Sadler van GenabithandWay, 2000)
have developedmethodsfor automaticallyannotatingreebankesourcesvith f-structureinformation. However, to date thesemethods
have only beenappliedto treebankfragmentsof the orderof a few hundredtrees. In the presentpaperwe presenia nev methodthat
scalesandhasbeenappliedto acompletereebankin ourcasetheWSJsectionof Penn-ll(Marcusetal, 1994),with morethan1,000,000

wordsin about50,000sentences.

1. Introduction

Lexical-FunctionalGrammarf-structures(Kaplan and
Bresnan,1982; Bresnan 2001)are abstractsyntacticrep-
resentationapproximatingasicpredicate-agumentstruc-
ture (van Genabithand Crouch, 1996). Treebanksan-
notatedwith f-structureinformationarerequiredastrain-
ing resourcesfor stochasticversionsof unification and
constraint-basegrammarsandfor theautomaticextraction
of suchresourcesin two companiorpaperqFrank,2000;
SadlervanGenabitrandWay, 2000)have developedmeth-
ods for automaticallyannotatingtreebankresourceswith
f-structureinformation. However, to date,thesemethods
have only beenappliedto treebankragmentsof the order
of afew hundredtrees. In the presentpaperwe presenta
new methodthatscalesandhasbeenappliedto acomplete
treebankin ourcaseheWSJsectionof Penn-ll(Marcuset
al, 1994),with morethan1,000,000wvordsin about50,000
sentences.

Wefirstgiveabriefreview of Lexical-FunctionalGram-
mar. We next review previous work and presenthreear-
chitecturedor automaticannotationof treebankresources
with f-structureinformation. We thenintroduceour new
f-structureannotatioralgorithmandapplyit to the Penn-II
treebankesource Finally we concludeandoutline further
work.

2. Lexical-Functional Grammar

Lexical-FunctionalGrammai(LFG) is anearlymember
of the family of unification-(more correctly: constraint-)
basedgrammarformalisms(FUG, PATR-Il, GPSG HPSG
etc.). It enjoys continuedpopularity in theoreticaland
computationalinguisticsand naturallanguageprocessing
applicationsand research. At its most basic, an LFG
involves two levels of representation:c-structure(con-
stituent structure) and f-structure (functional structure).
C-structurerepresentsurfacegrammaticalconfigurations
suchas word order and the grouping of linguistic units

_intolargerphrases.The c-structurecomponenbf anLFG

is representethy a CF-PSG(context-free phrasestructure
grammar). F-structurerepresentsabstractsyntacticfunc-

tions such as subject, object, predicateetc. in terms of
recursie attribute-value structurerepresentations.These
abstractsyntacticrepresentationabstractaway from par
ticulars of surface configuration. The motivation is that
while languagediffer 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-erb-object)anguagevhile Irishis
averbinitial VSO languageHowever, asentencdéike John
saw Mary and its Irish translationChonaic Seéan Maire,
while associatedvith very differentc-structuretrees,have
structurallyisomorphicf-structurerepresentationssrep-
resentedn 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)riginating from annotatecgrammarrules and
lexical entries. A samplesetof LFG grammarruleswith
functionalannotationgf-descriptions)is providedin Fig-
ure 2. Optionalconstituentsareindicatedby braclets.

3. PreviousWork: Automatic Annotation
Architectures

It would bedesirableo have atreebankannotatedvith
f-structureinformation as a training resourcefor proba-
bilistic constrainf{unification)grammarsandasaresource
for extractingsuchgrammars.The large numberof CFG
rule typesin treebanks( > 19,000 for Penn-II) makes
manualf-structureannotationof grammarrules extracted
from completetreebankgrohibitively time consumingand
expensve. Recently in two companionpapers(Frank,
2000; Sadler van Genabithand Way, 2000) have investi-
gatedthe possibility of automaticallyannotatingtreebank
resourceswith f-structureinformation. As far aswe are
aware,we candistinguishthreedifferenttypesof automatic
f-structureannotatiorarchitecturegthesehave all beende-
velopedwithin anLFG frameawvork andalthoughwe referto
theseasautomatid-structureannotatiorarchitectureshey
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Figure2: SampleLFG grammarulesfor afragmentof English

could equallywell be usedto annotatereebankswith e.g.
HPSGfeaturestructureor with Quasi-LogicaForm (QLF)
(LiakataandPulman,2002)annotations):

e regularexpressiorbasedannotatior(SadlervanGen-
abithandWay, 2000)

¢ treedescriptionset-basedewriting (Frank,2000)

e annotatioralgorithms

More recently we have learntaboutthe QLF annotation
work by (Liakataand Pulman,2002). Much like (Frank,
2000),their approachs basedon matchingconfigurations
in aflat, set-basedreedescriptiorrepresentation.

Below we will briefly describethe first two architec-
tures.The new work presentedn this paperis basedonan
annotatioralgorithmanddiscussedt lengthin Sections4
and5 of the paper

3.1. Regular Expression-Based Annotation

(SadlervanGenabitrandWay, 2000)describearegular
expressiorbasedautomatid-structureannotatiormethod-
ology. Thebasicideais very simple:first, the CFGrule set
is extractedfrom the treebankfragment);secondyegular
expressionbasedannotationprinciplesare defined;third,
the principlesare automaticallyappliedto the rule setto
generatean annotatedule set; fourth, the annotatedules
are automatically matchedagainstthe original treebank
treesandtherebyf-structuresaregeneratedor thesetrees.

Sincethe annotatiorprinciplesfactorout linguistic gener
alisationstheirnumbelis muchsmallerthanthenumberof
CFGtreebankules.In fact,theregularexpression-basefd
structureannotatiorprinciplesconstitutea principle-based
LFG c-structure/f-structurnterface. We will explain the
methodin termsof a simpleexample. Let us assumehat
from thetreebankreeswe extractCFGrulesexpandingvp
of theform (amongsbthers):

vp:A > viB siC
vp:A > viB viC s:D
vp:A > viB viC viD siE

vp:A > viB s.C
vp:A > viB viC
vp:A > viB viC

pp:D
s:D pp:E
v:D s:E pp:F

vp:A > advp:B v:C siD
vp:A > advp:B v:C viD siE
vp:A > advp:B viC viD viE siF

vp:A > advp:B v:C s:D
vp:A > advp:B v:C viD
vp:A > advp:B v:C viD

pp:E
s:E pp:F
V.E s:F pp:G

EachCFGcatayoryin therule sethasbeenassociatedvith
a logical variable designedto carry f-structureinforma-
tion. In orderto annotatetheseruleswe candefinea set
of regularexpressiorbasedannotatiomprinciples:

vp:A > * viB viC *



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

@ [A=B]
Vp:A > * viB siC *

@ [B:comp=C]

The first annotationprinciple statesthat if anywherein a
ruleRHSexpandingavp catgorywefindav v sequence
the f-structureassociatedvith the secondv is the value
of anxcomp attribute in the f-structureassociatedn the
first v (‘*’ is the Kleene star and, if unattachedo ary
otherregularexpressionsignifiesary string). It is easyto
seehow this annotatiorprinciple matchegnary of the ex-
tractedexamplerules,someeventwice. The secondprin-
ciple statesghattheleftmostv in vp rulesis thehead.The
leftmost constraintis expressedby the fact that the rule
RHS may consistof aninitial stringthatmaynot containa
v: *("v) . Eachof theannotatiorprinciplesis partialand
underspecifiedthey underspeciffCFG rule RHSsandan-
notatematchingrulespartially. The annotationinterpreter
appliesall annotatiorprinciplesto eachCFGrule asoften
aspossibleandcollectsall resultingannotationslt is easy
to seethatwe get, e.g., the following (partial) annotation
for:

vp:A > advp:B v:C viD viE 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 the publicly availablesubsection
of the AP treebank(Sadler van GenabithandWay, 2000)
achieve precisionandrecallresultsin thelow to mid 90 per
centregion againsta “gold standard’manuallyannotated
grammar Themethodis orderindependentpartialandro-
bust. To date however, themethodhasbeenappliedto only
smallCFGrule sets(of the orderof 500rulesapprox.).

3.2. Rewriting of Flat Tree Description Set
Representations

In acompaniorpaper (Frank,2000)developsanauto-
matic annotationmethodthatin mary waysis a generali-
sationof the regular expression-basednnotationrmethod.
The basicideais againsimple: first, treesin treebanksre
translatednto a flat setrepresentatioformatin a treede-
scription language;second,annotationprinciplesare de-
finedin termsof rewriting rulesemploying arewriting sys-
temoriginally developedfor transferbasednachinetrans-
lation architecturegKay, 1999). We will illustrate the
methodwith asimpleexample

S:A
/ \ dom(A,B), dom(A,C),
np:B vp:C dom(C,D), ..
I I =>  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,2)

Treesaredescribedn termsof (immediateandgeneral)
dominancandprecedenceelations)abellingfunctionsas-
signing cateyoriesto nodesandso forth. In our example,
nodeidentifiersA, B, etc. do doubleduty as f-structure
variables. The annotationprinciple statesthat if node X
dominatesdothY andZ andif Y preced<Z andtherespec-
tive CFGcategyoriesares, np andvp, thenY is thesubject
of XandZ is thesameas(i.e. is theheadof) X.

Thetreedescriptionrewriting methodhasa numberof
adwantages:

¢ in contrasto theregularexpression-basetiethod an-
notationprinciplesformulatedin the flat treedescrip-
tion methodcanconsiderarbitrarytreefragmentgand
notjustonly local CFGrule configurations).

e in contrastto the regular expressionbasedmethod
which is order independent;the rewriting technol-
ogy can be usedto formulate both orderdependent
and orderindependentsystems. Cascaded,order
dependensystemscan supporta more compactand
perspicuoustatemenbf annotatiorprinciplesascer
tain transformationgan be assumedo have already
appliedearlieronin the cascade.

For a more detailed,joint presentatiorof the two ap-
proachesconsult (Frank et al, 2002). Like the regular
expressionbasedannotationmethod, the tree description
basedsetrewriting methodhasto date only beenapplied
to smalltreebankragmentsof the orderof severalhundred
trees.

3.3. Annotation Algorithms

The previous two automaticannotationarchitectures
enforcea clearseparatiorbetweenthe statemenbf anno-
tation principlesandthe annotationprocedure.In the first
case,the annotationprocedurds provided by our regular
expressioninterpretey in the secondby the set rewriting
machinery A cleanseparatiorbetweerprinciplesandpro-
cessingsupportsnaintenancandreuseof annotatiorprin-
ciples. Thereis, however, a third possibleautomatican-
notationarchitecturepnamelyan annotationalgorithm. In
principle, two variantsare possible. An annotationalgo-
rithm may

o directly (recursvely) transducetreebankreeinto an
f-structure— suchan algorithmwould moreappropri-
atelybereferredto asatreeto f-structuretransduction
algorithm;

e annotateCFG treebankireeswith f-structureannota-
tionsfrom which anf-structurecanbe computedoy a
constraintsolver.

Thefirst mentionof anautomatid-structureannotation
algorithmwe areawareof is unpublishedvork by RonKa-
plan(p.c.) who asearly as 1996 worked on automatically
generatingf-structuresfrom the ATIS corpusto generate
datafor LFG-DOP (Bod and Kaplan, 1998) applications.
Kaplan’s approachimplementsa direct tree to f-structure
transductionThe algorithmwalksthetreelooking for dif-
ferentconfigurationge.g. np unders, 2ndnp undervp,



etc.)and“folds” thetreeinto the correspondingr-structure.
In contrast,our approachdevelopsthe second moreindi-
recttreeannotatioralgorithmparadigm We have designed
andimplementecan algorithmthatannotatesodesin the
Penn-lltreebankreeswith f-structureconstraintsThede-
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-lltreebankwith 19,000CFG rulesfor
1,000,000words with approx. 50,000 sentences. The
algorithm is implementedas a recursve procedure(in
Java) which annotate$?enn-lltreebankiree nodeswith f-
structureinformation. The annotationsdescribewhat we
call “proto-f-structures”which

¢ encodebasicpredicate-agument-modier structures;

e may be partial or unconnectedi.e. in somecases
a sentencemay be associatedvith two or more un-
connected-structurefragmentgatherthana singlef-
structure);

e maynotencodesomereentranciese.g. in the caseof
wh- and other movementor distribution phenomena
(of subjectsnto VP coordinatestructuresetc.).

Comparedto the regular expression-and the set
rewriting-basedannotationmethodsdescribedabore, the
new algorithmis somavhatmorecoarse-grainedothwith
respecto resultingf-structuresandwith respecto thefor-
mulationof theannotatiorprinciples.

Even thoughthe methodis encodedn the form of an
annotationalgorithm (i.e. a procedure)we did not want
to completelyhardcodethelinguistic basisfor the annota-
tion into the procedure.In orderto achieve a cleandesign
which supportsmaintainabilityand reusability of the an-
notationalgorithmandthe linguistic informationencoded
in it, we decidedto designthe algorithmin termsof three
maincomponentshatwork in sequence:

‘ L/R Context AnnotationPrincipIe#
4

‘ CoordinateAnnotationPrincipIe#

‘ Catch-alIAnnotationPrincipIe#

Eachof the component®f the algorithmis presentede-
low.

In addition,atthe lexical level, for eachPenn-llpreter
minal category type, we have a lexical macro associat-
ing ary terminal underthe category with the requiredf-
structureinformation. To give a simpleexample,asingular
commonnounnns, suchase.g.companyis annotatedy
thelexicalmacrofor nns ast pred = company, 1 num =
sg, T pers = 3rd.

4.1. L/R Context Annotation Principles

The annotationalgorithmrecursvely traversesreesin
atop-dowvn fashion. Apart from very few exceptions(e.qg.
possesse NPs), at eachstageof the recursionthe algo-
rithm considerdocal subtreeof depthone(i.e. effectively
CFGrules). Annotationis drivenby cateyorial andsimple
configurationalnformationin alocal subtree.

In orderto annotatethe nodesin the trees,we par
tition eachsequenceof daughterdan a local subtree(i.e.
rule RHS) into three sections: left contet, head and
right context. The headof a local tree is computedus-
ing Collins (1999) head lexicalised grammarannotation
schemgexceptfor coordinatestructuresywherewe depart
from Collins’ headscheme). In a preprocessingtepwe
transformthe treebankinto headlexicalisedform. Dur-
ing automaticannotation,we canthen easily identify the
headconstituentin a local tree as that constituentwhich
carriesthe sameterminalstring asthe motherof thelocal
tree.With thiswe cancomputdeft andright context: given
the headconstituentthe left context is the prefix of thelo-
cal daughtersequenceavhile theright context is the suffix.
For eachlocal treewe alsokeeptrack of the mothercate-
gory. In additionto the positional(reducecto the simple
tripartition into headwith left/right context) andcategorial
informationaboutmotheranddaughtenodeswe alsoem-
ploy anLFG distinctionbetweersubcatgorisablgsubj,
obj, obj2, obl, xcomp, comp ...) and non-
subcatgorisable(adjn, xadjn ...) grammaticafunc-
tions. Subcatgorisablegrammaticafunctionscharacterise
arguments,while non-subcatgorisablefunctions charac-
teriseadjunctgmodifiers).

Using this information we constructwhat we refer to
asan “annotationmatrix” for eachof the rule LHS cate-
goriesin the Penn-lltreebankgrammar The x-axis of the
matrix is given by the tripartition into left contet, head
andright context. They-axisis definedby the distinction
betweensubcatgorisableand non-subcatgorisablegram-
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 annotatedt=J. Any det or quant constituentin
the left contet is annotatedt spec =|. Any adjp in
the left context is annotated,€1 adjn. Any nominalin
the left contet (in nounnounsequencesis annotatedas
a modifier Jet adjn. Any pp in theright contet is an-
notatedas )€1 adjn. Any relcl in theright contet as
JET relmod, ary nominal (phrase- usually separatedy
commadollowing the head)asanapposition|€1 app and
soforth. Informationsuchasthisis usedto populatehenp
annotatiormatrix, partially representedh Table 1.

In orderto minimisemistales,the annotatiormatrices
arevery consenrative: subcatgorisablegrammaticafunc-
tions are only assignedf thereis no doubt(e.g. annp
following a prepositiorin app is assigned- obj =J; avp
following av in avp constituenis assigned xcomp =/
, T subj =7 xcomp: subj andso forth). If, for ary
constituentthe argument- modifier statusis in doubt,we
annotatehe constituenfsanadjunct: €1 adjn.

Treebankshave aninterestingproperty: for eachcate-



| np I left context

| head | right context

subcafunctions det ,quant : 1 spec=|

n,nn,nns : t=J

adjp :Jl€tadjn
non-subcafunctions || n,nn,nns : |t adjn

relcl :]l€&t relmod
pp : l€Tadjn
n,nn,nns : J€?1 app

Tablel: Simplified,partialannotatiomrmatrix for np rules

gory, thereis a smallnumberof very frequentlyoccurring
rulesexpandingthat cateyory, followed by alarge number
of lessfrequentrulesmary of which occuronly onceor
twice in thetreebankZipf'slaw).

For eachparticularcategory, the correspondinganno-
tation matrix is constructedrom the mostfrequentrules
expandingthatcategory. In orderto guarantesimilar cov-
eragefor theannotatiomrmatricedfor thedifferentrule LHS
in the Penn-Iltreebankwe designeachmatrix according
to an analysisof the mostfrequentCFG rules expanding
thatcategory, suchthatthetokenoccurrencesf thoserules
cover atleast80% of thetokenoccurrencesf all rulesex-
pandingthat LHS category in the treebank.In orderto do
this we needto look at the following numberof mostfre-
guentrule typesfor eachcateyory givenin Table 2.

Althoughconstructedasedntheevidenceof themost
frequentrule types, the resulting annotationmatricesdo
generalisdo asyet unseerrule typesin the following two
ways:

e duringtheapplicationof theannotatioralgorithm,an-
notationmatricesannotatdessfrequent,unseerrules
with constituentamatchingthe left/right contet and
headspecifications. The resultingannotationmight
be partial (i.e. someconstituentsn lessfrequentrule
typesmaybeleft unannotated).

¢ in additionto monadiacategyories thePenn-llitreebank
containsversionsof thesecateyoriesassociatedvith
functionalannotationg-LOC, -TMP etc. indicating
locative, temporal,etc. andotherfunctionalinforma-
tion). If we includefunctionalannotationsn the cat-
egories,thereareapprox.150distinctLHS cateyories
in the CFG extractedfrom the Penn-Il treebankre-
source.Our annotatiommatricesweredevelopedwith
the mostfrequentrule typesexpandingmonadiccat-
egoriesonly. During applicationof the annotatioral-
gorithm, the annotatiormatrix for any givenmonadic
catgory C is alsoappliedto all rules(local trees)ex-
pandingC-LOC,C-TMP etc.,i.e. instance®f thecat-
egory carryingfunctionalinformation.

In our work to date we have not yet covered “con-
stituents” marked frag (ment) and x (unknowvn con-
stituents)n the Penn-lltreebank.

Finally, notethatL/R context annotatiorprinciplesare
only appliedif the local tree (rule RHS) doesnot contain
ary instanceof a coordinatingconjunctioncc. Construc-
tionsinvolving coordinatingconjunctionsaretreatedsepa-
ratelyin thesecondcomponenbf theannotatioralgorithm.

4.2. Coorordinating Conjunction Annotation
Principles

Coordinatingconstructiongomein two forms: like and
unlike (UCPs)constituentoordinationsDueto the (often
too) flat treebankanalysesthesepresentspecialproblems.
Becausef this, anintegratedreatmenbf coordinatestruc-
tureswith the otherannotatiorprincipleswould have been
too complex andmessy For this reasorwe decidedo treat
coordinatestructuresn a separatenodule. Herewe only
have spaceo talk aboutlik e constituentoordinations.

The annotatiomalgorithmfirst attemptso establishthe
headof a coordinatestructure(usuallythe rightmostcoor
dination)and annotatest accordingly It thenusesa va-
riety of heuristicsto find and annotatethe various coor
dinatedelements.One of the heuristicsemployed simply
statesthat if both the immediateleft and the immediate
right constituentsext to the coordinationhave the same
catagyory, thenfind all suchcateyoriesin theleft context of
therule andannotateéhesetogethemwith theimmediatdeft
andright constituentf the coordinationasindividual el-
ements| €t coord in the f-structuresetrepresentatiowf
thecoordination.

4.3. Catch-All Annotation Principles

Thefinal componenbf thealgorithmutilisesfunctional
informationprovidedin the Penn-lltreebankannotations.
Any constituentpo matterwhatcateyory, left unannotated
by the previoustwo annotatioralgorithmcomponentsthat
carriesa Penn-llfunctionalannotatiorotherthanSBJand
PRD,is annotatecdsanadjunct|,€? adjn.

5. Resultsand Evaluation

The annotatioralgorithmis implementedn termsof a
Java program.Annotationof the completeWSJsectionof
the Penn-lltreebankakeslessthan30 minuteson a Pen-
tium IV PC.Onceannotatedfor eachtreewe collectthe
featurestructureannotationsand feed theminto a simple
constraintsolverimplementedn Prolog.

Our constraintsolver can handleequality constraints,
disjunctionandsimpleset-\aluedfeatureconstraints Cur-
rently, however, our annotationslo not involve disjunctive
constraints.This meanshat for eachtreein the treebank
we either get a single f-structure, or, in the caseof par
tially annotatedrees,a numberof unconnected-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,asit 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 typesanalysedo constructannotatiommatrices

phenomenanarkedin the Penn-llannotationsn termsof
coindeation (of traces). This meansthat the f-structures
generatedh ourwork to datemisssomereentrancies/hich
amorefine-grainedanalysisvould shaw.

Furthermorepecausef thelimited capabilitiesof our
constraintsolver, in our currentwork we cannotusefunc-
tional uncertainty constraints(regular expressionbased
constraintsver pathsin f-structure)to localiseunbounded
dependencieso model “movement” phenomena. Also,
againbecauseof limitations of our constraintsolver, we
cannotexpresssubsumptiorconstraintdn our annotations
to, e.g.,distribute subjectdnto coordinatevp structures.

To give anillustration of our method,we give the first
sentencef the Penn-litreebankandthe f-structuregener
atedasanexamplein Figure 3.

Currentlywe obtainthe following generalresultswith
ourautomatiannotatioralgorithmsummariseih 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: Automaticannotatiorresults

The Penn-lltreebankcontains49167trees. The resultsre-

portedin Table 3 ignore727treescontainingfrag (ment)
andx (unknown) constituentaiswedid notprovideary an-
notationfor themin ourwork to date.At this early stageof

ourwork, 38188of thetreesareassociatedvith acomplete
f-structure.For 2701treesno f-structureis produceddue
to featureclashes).4954 are associateavith 2 f-structure
fragments1616with 3 fragmentsandsoforth.

5.1. Evaluation

In orderto evaluatethe resultsof our automaticanno-
tation we distinguishbetweenrt‘qualitative” and “quantita-
tive” evaluation. Qualitative evaluationinvolvesa “gold-
standard”while quantitatve evaluationdoesnot.

5.1.1. Qualitative Evaluation

Currently we evaluatethe outputgeneratedby our au-
tomatic annotationqualitatively by manually inspecting
the f-structuresgenerated.In orderto automatethe pro-
cesswe are currently working on a set of 100 randomly
selectedsentencedrom the Penn-ll treebankto manu-
ally constructgold-standarcinnotatedrees(and hencef-
structures). Thesecanthen be processedn a numberof
ways:

¢ manuallyannotatedjold-standardreescan be com-
paredwith the automaticallyannotatedtrees using
the labelledbracleting precisionandrecall measures
from evalb , a standardsoftware packageto evalu-
ate PCFGparses.This presupposethat we treatan-
notatedtree nodesas atoms(i.e. a comple string
suchasnp: 1 obj =/ is treatedasan atomiclabel)
andthatin casesvherenodesreceve morethanone
f-structureannotationthe order of theseis the same
in boththe gold-standar@ndthe automaticallyanno-
tatedversion.

e 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
computedor those.

o f-structurecanbetransformedor unfolded)intotrees
by sortingattributesalphabeticallyateachevel of em-
beddingandby codingreentranciegssindices. After
this transformation gold-standardand automatically
generated-structureccanbe comparedisingevalb .
This presupposethat both the gold-standarandthe
automaticallygeneratedstructurehaveidentical‘ter-
minal” yield.

5.1.2. Quantitative Evaluation

For purely quantitatve evaluation (that is evaluation
that doesnot necessarilyassesshe quality of the gener
atedresources)ye currentlyemploy two relatedmeasures.
Thesemeasuregive anindicationasto how partialour au-
tomaticannotatioris atthecurrentstageof theproject. The
firstmeasurés thepercentagef RHSconstituentsn gram-
marrulesthatreceize anannotation Thetablelists the an-
notationpercentagéor RHSelement®f someof the Penn-
Il LHS categories. Becauseof the functional annotations
providedin Penn-Il,the completelist of LHS cateyories
would containapprox. 150 entries. Note thatthe percent-
ageslisted below ignore punctuationmarkers (which are
notannotated):



Pierre
director

Vinken, 61 years old,

Nov. 29.

(S ( NP-SBJ ( NP ( NNP Pierre

will

join

) ( NNP Vinken

) ) (

the board as a nonexecutive

) ADJP ( NP (

CD61 ) ( NNSyears ) ) ( JJ old ) ) (

) ) ( VP ( MD will

) (VP

( VB join
DT a ) ( JJ nonexecutive )

(' NN director

) ) )

) ( NP( DTthe ) ( NNboard ) ) ( PP-CLR ( IN as ) ( NP (

( NP-TMP ( NNP Nov. )

Ch29)))) (. .))
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-structuregeneratedor thefirst sentencén Penn-I|
LHS #RHS #RHS % The second,related measuregives the averagenum-
elements| annotated annotated ber of f-structurefragmentsgeneratedor eachtreebank
ADJP 1653 1468 88.80 tree(themorepartialour annotatiorthe moreunconnected
ADJP-ADV 21 21 100.00 f-structurefragmentsare generatedor a sentence). For
ADJP-CLR 27 24 88.88 45739sentencesheaveragenumberof fragmentgpersen-
ADV 607 532 87.64 tencesis currently: 1.26 (note againthat the numberex-
NP 30793 29145 94.64 cludessentencesontainingfrag andx constituents).
PP 1090 905 83.02
S 14912 13144 88.14 6. Conclusion and Further Work
SBAR 423 331 78.25 In this paperwe have presente@nautomatid-structure
SBARQ 270 212 78.51 annotationalgorithmand appliedit to annotatethe Penn-
SQ 657 601 91.47 Il treebankresourcewith f-structureinformation. The re-
VP 40990 35693 87.07




sultingrepresentationareproto-f-structureshaving basic
predicate-agument-madlifier structure. Currently 38,188
sentence$78.8% of the 48,440treeswithoutfrag andx
constituentsjeceveacompletd-structure4954sentences
are associatedvith two f-structurefragments,1,616with
threefragments2,701sentencearenotassociateavith an
f-structure.

In future work we planto extendand refine our auto-
maticannotatioralgorithmin a numberof ways:

¢ We areworking onreducingtheamountof f-structure
fragmentatiorby providing morecompleteannotation
principles.

¢ Currentlythepred values(i.e. the predicates)n the
f-structuregyeneratedresurface(i.e. inflected)rather
thanrootforms. We areplanningto usetheoutputof a
two-level morphologyto annotatethe Penn-llstrings
with root forms which canthenbe picked up by our
lexical macrosandusedaspred valuesin the auto-
maticannotations.

e Currentlyour annotationalgorithmignoresthe Penn-
Il encodingof “moved” constituentsn topicalisation,
wh-constructionsgontrol constructionsandthe like.
These(often non-local)dependencieare marked in
the Penn-llitreeannotationsn termsof indices.In fu-
turework we intendto make our annotatioralgorithm
sensitve to suchinformation. Therearetwo (possi-
bly complementaryjvays of achiesing this: the first
is to make theannotatioralgorithmsensitve to thein-
dex schemeprovidedby thePenn-llannotationgither
duringapplicationof the algorithmor in termsof un-
doing “movement”in a treebankpreprocessingtep.
Thelatterrouteis exploredin recentwork by (Liakata
and Pulman,2002). The secondpossibility is to use
the LFG machineryof functional uncertaintyequa-
tionsto effectively localiseunboundediependengre-
lationsin a functionalannotatiorat a particularnode.
Functionaluncertaintyequationsallow the statement
of regular expression-basepathsin f-structure. Cur
rentlywe cannotresohe suchpathswith ourconstraint
solver.

e We are currently experimenting with probabilistic
grammarsxtractedfrom the automaticallyannotated
versionof the Penn-lltreebank.We will bereporting
on the resultsof theseexperimentselsavhere(Cahill
etal, 2002).

e We areplanningto exploit thef-structure/QLF/UDRS
correspondencesstablishedby (van Genabithand
Crouch, 1996; van Genabithand Crouch, 1997) to
generatesemanticallyannotatedrersionsof the Penn-
Il treebank.
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