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Abstract

We proposea conditional randomfield-
basedmethodfor supertagging,and ap-
ply it to the task of learning new lexi-
cal itemsfor HPSG-basedprecisiongram-
mars of English and Japanese. Us-
ing apseudo-likelihoodapproximationwe
are able to scale our model to hun-
dredsof supertagsand tens-of-thousands
of training sentences. We show that
it is possible to achieve start-of-the-art
results for both languagesusing maxi-
mally language-independentlexical fea-
tures.Further, weexploretheperformance
of themodelsat thetype-andtoken-level,
demonstratingtheir superiorperformance
whencomparedto a unigram-basedbase-
line and a transformation-basedlearning
approach.

1 Introduction

Overrecentyears,therehasbeena resurgenceof
interestin the useof precisiongrammarsin NLP
tasks,due to advancesin parsingalgorithm de-
velopment,grammardevelopmenttools and raw
computationalpower (Oepenet al., 2002b). Pre-
cision grammars are defined as implemented
grammarsof naturallanguagewhich capturefine-
grainedlinguistic distinctions,andaregenerative
in the senseof distinguishingbetweengrammat-
ical and ungrammaticalinputs (or at least have
somein-built notion of linguistic “markedness”).
Additional characteristicsof precisiongrammars
arethat theyarefrequentlybidirectional,andout-
put a rich semanticabstractionfor each span-
ning parseof the input string. Examplesinclude
DELPH-IN grammarssuchastheEnglishResource
Grammar(Flickinger, 2002;Uszkoreit,2002),the
variousPARGRAM grammars(Butt et al., 1999),
andtheEdinburgh CCG parser(Boset al., 2004).

Due to their linguistic complexity, precision
grammarsaregenerallyhand-constructedandthus
restricted in size and coverage. Attempts to
(semi-)automatetheprocessof expandingthecov-
erageof precisiongrammarshave focusedon ei-
ther: (a) constructionalcoverage,e.g.in the form
of errormining for constructionalexpansion(van
Noord,2004;ZhangandKordoni,2006),or relax-
ationof lexico-grammaticalconstraintsto support
partialand/orrobustparsing(Riezleretal., 2002);
or (b) lexical coverage,e.g.in bootstrappingfrom
a pre-existing grammarand lexicon to learnnew
lexical items(Baldwin,2005a).Our particularin-
terestin this paperis in the latter of thesetwo,
that is the developmentof methodsfor automati-
cally expandingthelexicalcoverageof anexisting
precisiongrammar, or morebroadlydeep lexical
acquisition (DLA hereafter). In this, we follow
Baldwin (2005a)in assuminga semi-maturepre-
cision grammarwith a fixed inventoryof lexical
types,basedon which we learnnew lexical items.
For the purposesof this paper, we focus specif-
ically on supertaggingas the mechanismfor hy-
pothesisingnew lexical items.

Supertagging canbedefinedasthe processof
applyingasequentialtaggerto thetaskof predict-
ing the lexical type(s)associatedwith eachword
in an input string, relative to a givengrammar. It
wasfirst introducedasa meansof reducingparser
ambiguity by Bangaloreand Joshi(1999) in the
context of theLTAG formalism,andhassincebeen
appliedin a similar context within the CCG for-
malism(ClarkandCurran,2004).In bothof these
cases,supertaggingprovidesthemeansto perform
a beamsearchover theplausiblelexical itemsfor
a given string context,and ideally reducespars-
ing complexity without sacrificing parseraccu-
racy. An alternateapplicationof supertaggingis
in DLA, in postulatingnovel lexical items with
which to populatethe lexicon of a given gram-
marto boostparsercoverage.This cantakeplace
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either: (a) off-line for the purposesof rounding
out thecoverageof a staticlexicon, in which case
wearegenerallyinterestedin globallymaximising
precisionover a given corpusandhencepredict-
ing thesinglemostplausiblelexical typefor each
word token(off-line DLA: Baldwin (2005b));or
(b) on thefly for a giveninput stringto temporar-
ily expandlexicalcoverageandachieveaspanning
parse,in whichcaseweareinterestedin maximis-
ing recall by producinga (possiblyweighted)list
of lexicalitemhypothesesto runpastthegrammar
(on-line DLA: ZhangandKordoni (2005)). Our
immediateinterestin this paperis in the first of
thesetasks,althoughwe would ideally like to de-
velopanoff-line methodwhichis trivially portable
to thesecondtaskof on-lineDLA.

In this research, we focus particularly on
the GrammarMatrix-basedDELPH-IN family of
grammars(Benderet al., 2002), which includes
grammarsof English,Japanese,Norwegian,Mod-
ern Greek,Portugueseand Korean. The Gram-
mar Matrix is a framework for streamliningand
standardisingHPSG-basedmultilingual grammar
development.Onepropertyof GrammarMatrix-
basedgrammarsis that they arestrongly lexical-
ist and adhereto a highly constrainedlexicon-
grammarinterfacevia a unique (terminal) lexi-
cal type for eachlexical item. As such, lexical
itemcreationin any of theGrammarMatrix-based
grammars,irrespective of language,consistspre-
dominantly of predicting the appropriatelexical
type for eachlexical item, relative to the lexical
hierarchyfor the correspondinggrammar. In this
samespirit of standardisationand multilingual-
ity, the aim of this researchis to develop max-
imally language-independentsupertaggingmeth-
odswhichcanbeappliedto anyGrammarMatrix-
basedgrammarwith the minimum of effort. Es-
sentially, we hopeto provide the grammarengi-
neerwith the meansto semi-automaticallypopu-
late thelexiconof a semi-maturegrammar, hence
acceleratingthepaceof lexicon developmentand
producinga resourceof sufficient coverageto be
practicallyusefulin NLP tasks.

The contributions of this paperare the devel-
opment of a pseudo-likelihoodconditional ran-
dom field-basedmethodof supertagging,which
we then apply to the task of off-line DLA for
grammarsof bothEnglishandJapanesewith only
minor language-specificadaptation.We show the
supertaggerto outperform previously-proposed

supertagger-basedDLA methods.
The remainderof this paper is structuredas

follows. Section 2 outlines past work relative
to this research,and Section3 reviews the re-
sourcesused in our supertaggingexperiments.
Section4 outlinestheproposedsupertaggermodel
and reviews previous researchon supertagger-
basedDLA. Section5 thenoutlinestheset-upand
resultsof our evaluation.

2 Past Research

Accordingto Baldwin (2005b),researchon DLA
falls into the two categoriesof in vitro methods,
wherewe leveragea secondarylanguageresource
to generateanabstractionof thewordswehopeto
learnlexical itemsfor, andin vivomethods,where
the target resourcethat we arehopingto perform
DLA relative to is useddirectly to performDLA.
Supertaggingis an instanceof in vivo DLA, asit
operatesdirectly over datataggedwith thelexical
typesystemfor theprecisiongrammarof interest.

Researchon supertaggingwhich is relevant to
thispaperincludestheworkof Baldwin(2005b)in
training a transformation-basedlearnerover data
taggedwith ERG lexical types. We discussthis
methodin detail in Section5.2 andreplicatethis
methodover our Englishdataset for direct com-
parabilitywith this previousresearch.

As mentionedabove, other work on supertag-
ging hastendedto view it asa meansof driving
a beamsearchto prune the parsersearchspace
(Bangaloreand Joshi, 1999; Clark and Curran,
2004). In supertagging,token-level annotations
(gold-standard,automatically-generatedor other-
wise) for a given DLR are used to train a se-
quentialtagger, akin to trainingaPOStaggerover
POS-taggeddatatakenfrom thePennTreebank.

One relatedin vivo approachto DLA targeted
specificallyat precisiongrammarsis that of Fou-
vry (2003). Fouvry usesthe grammarto guide
theprocessof learninglexical itemsfor unknown
words,by generatingunderspecifiedlexical items
for all unknown words and parsingwith them.
Syntactico-semanticinteractionbetweenunknown
wordsandpre-existinglexical itemsduring pars-
ing providesinsight into the natureof eachun-
known word. By combiningsuchfragmentsof in-
formation,it is possibleto incrementallyarrive at
a consolidatedlexical entryfor thatword. Thatis,
theprecisiongrammaritself drivesthe incremen-
tal learningprocesswithin a parsingcontext.
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An alternateapproachis to compileout a setof
word templatesfor eachlexical type(with theim-
portantqualificationthat theydo not rely on pre-
processingof any form), andcheckfor corpusoc-
currencesof an unknown word in suchcontexts.
That is, the morphological,syntacticand/or se-
manticpredictionsimplicit in eachlexical typeare
madeexplicit in theform of templateswhich rep-
resentdistinguishinglexical contextsof that lexi-
cal type.This approachhasbeenshown to bepar-
ticularly effective over web data,wherethe sheer
sizeof thedataprecludesthepossibilityof linguis-
tic preprocessingbut at thesametime ameliorates
theeffectsof datasparsenessinherentin any lexi-
calisedDLA approach(LapataandKeller, 2004).

Other work on DLA (e.g. Korhonen(2002),
Joanisand Stevenson(2003), Baldwin (2005a))
hastendedto takean in vitro DLA approach,in
extrapolatingaway from a DLR to corpusor web
data,andanalysingoccurrencesof wordsthrough
the conduit of an externalresource(e.g. a sec-
ondaryparseror POStagger). In vitro DLA can
alsotaketheform of resourcetranslation,in map-
ping oneDLR ontoanotherto arrive at thelexical
informationin thedesiredformat.

3 Task and Resources

In this section,we outline the resourcestargeted
in this research,namely the English Resource
Grammar (ERG: Flickinger (2002), Copestake
andFlickinger (2000))andtheJACY grammarof
Japanese(SiegelandBender, 2002).Notethatour
choiceof theERGandJACY astestbedsfor exper-
imentationin thispaperis somewhatarbitrary, and
that we could equally run experimentsover any
GrammarMatrix-basedgrammarfor which there
is treebankdata.

Both the ERG and JACY are implemented
open-source broad-coverage precision Head-
driven Phrase Structure Grammars (HPSGs:
Pollard andSag(1994)). A lexical item in each
of the grammarsconsistsof a unique identifier,
a lexical type (a leaf type of a type hierarchy),
an orthography, and a semanticrelation. For
example,in theEnglishgrammar, thelexical item
for thenoundog is simply:

dog_n1 := n_-_c_le &
[ STEM < "dog" >,
SYNSEM [ LKEYS.KEYREL.PRED "_dog_n_1_rel" ] ].

in which the lexical type of n - c le encodes
the fact that dog is a noun which doesnot sub-
categorisefor anyotherconstituentsandwhich is

countable,"dog" specifiesthe lexical stem,and
" dog n 1 rel" introducesanadhocpredicate
namefor the lexical item to usein constructinga
semanticrepresentation.In thecontextof theERG
andJACY, DLA equatesto learningthe rangeof
lexical typesagivenlexemeoccurswith, andgen-
eratinga singlelexical item for each.

Recentdevelopmentof theERGandJACY has
beentightly coupledwith treebankannotation,and
all majorversionsof bothgrammarsaredeployed
over a common set of dynamically-updateable
treebankdata to help empirically trace the evo-
lution of the grammarandretrainparseselection
models(Oepenet al., 2002a;Bond et al., 2004).
Thisservesasasourceof trainingandtestdatafor
building our supertaggers,asdetailedin Table1.

In translatingour treebankdatainto a form that
canbeunderstoodby asupertagger, multiwordex-
pressions(MWEs)poseaslightproblem.Boththe
ERG andJACY includemultiword lexical items,
which caneitherbe strictly continuous (e.g.hot
line) or optionally discontinuous (e.g. transitive
English verb particle constructions,suchas pick
upasin Kim pickedthebookup).

Strictly continuouslexical items aredescribed
by way of a single whitespace-delimitedlexical
stem (e.g. STEM < "hot line" >). When
facedwith instancesof this lexical item, the su-
pertaggermustperformtwo roles: (1) predictthat
the wordshot and line combinetogetherto form
a single lexeme,and (2) predict the lexical type
associatedwith the lexeme. This is performed
in a single step through the introduction of the
ditto lexical type,which indicatesthat thecur-
rentwordcombines(possiblyrecursively)with the
left-adjacentword to form a single lexeme,and
sharesthesamelexical type.This taggingconven-
tion is basedon that used,e.g., in the CLAWS7
part-of-speechtagset.

Optionally discontinuouslexical itemsareless
of aconcern,asselectionof eachof thediscontin-
uous“components”is donevia lexical types.E.g.
in the caseof pick up, the lexical entry looks as
follows:

pick_up_v1 := v_p-np_le &
[ STEM < "pick" >,

SYNSEM [ LKEYS [ --COMPKEY _up_p_sel_rel,
KEYREL.PRED "_pick_v_up_rel" ] ] ].

in which"pick" selectsfor the up p sel rel
predicate,whichin turnis associatedwith thestem
"up" andlexical typep prtcl le. In termsof
lexical tagmark-up,we cantreattheseasseparate
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ERG JACY
GRAMMAR

Language English Japanese
Lexemes 16,498 41,559

Lexical items 26,297 47,997
Lexical types 915 484

Strictly continuousMWEs 2,581 422
OptionallydiscontinuousMWEs 699 0

Proportionof lexemeswith morethanonelexical item 0.29 0.14
Averagelexical itemsperlexeme 1.59 1.16

TREEBANK

Trainingsentences 20,000 40,000
Trainingwords 215,015 393,668
Testsentences 1,013 1,095

Testwords 10,781 10,669

Table 1. Make-up of the English Resource Grammar (ERG) and JACY grammars and treebanks

tagsandleavethesupertaggerto modelthemutual
inter-dependencebetweentheselexical types.

For detailedstatisticsof thecompositionof the
two grammars,seeTable1.

For morphological processing(including to-
kenisationand lemmatisation),we use the pre-
existing machinery provided with each of the
grammars.In the caseof the ERG, this consists
of a finite statemachinewhich feedsinto lexical
rules;in thecaseof JACY, segmentationandlem-
matisationis basedon a combinationof ChaSen
(Matsumotoet al., 2003)and lexical rules. That
is, we are able to assumethat the Japanesedata
hasbeenpre-segmentedin aform compatiblewith
JACY, as we are able to replicatethe automatic
pre-processingthatit uses.

4 Suppertagging

The DLA strategy we adopt in this researchis
basedon supertagging,which is a simple in-
stanceof sequentialtaggingwith a larger, more
linguistically-diversetagsetthanis conventionally
thecase,e.g.,with part-of-speechtagging.Below,
we describethepseudo-likelihoodCRFmodelwe
baseour supertaggeron and outline the feature
spacefor thetwo grammars.

4.1 Pseudo-likelihood CRF-based
Supertagging

CRFsareundirectedgraphicalmodelswhich de-
fine a conditional distribution over a label se-
quencegiven an observation sequence.Herewe
use CRFs to model sequencesof lexical types,
whereeachinput word in a sentenceis assigned
a singletag.

The joint probability densityof a sequencela-
belling, � (a vectorof lexical types),giventhein-

putsentence,� , is givenby:

����� ��� �
	���
���� ��������� ����� ��� �"! �$#&% �'! � � ��	( � � ��	 (1)

wherewe makea first orderMarkov assumption
over the label sequence.Here � rangesover the
word indicesof the input sentence( � ), ) ranges
over the model’s features,and *+�-, � �/. arethe
model parameters(weightsfor their correspond-
ing features). The featurefunctions

�0�
are pre-

definedreal-valuedfunctionsover the input sen-
tencecoupledwith thelexical typelabelsoverad-
jacent“times” (= sentencelocations)� . Thesefea-
ture functionsareunconstrained,andmay repre-
sentoverlappingandnon-independentfeaturesof
the data. The distribution is globally normalised
by the partition function,

( �1� ��	 , which sumsout
thenumeratorin (1) for everypossiblelabelling:

( �1� ��	1�32
4 
5�6� 2 � 2 � � �7�8� ��� �9! �$#&% �9! � � ��	
We usea linear chainCRF, which is encodedin
thefeaturefunctionsof (1).

The parametersof the CRF are usually esti-
matedfrom a fully observedtraining sample,by
maximising the likelihood of these data. I.e.*;:=<>�@?BA"CEDF? � � �0���HG 	 , where G �I, � � � �
	 .
is thecompletesetof trainingdata.

However, ascalculating
( �1� ��	 hascomplexity

quadraticin thenumberof labels,we needto ap-
proximate�8��� ��� ��	 in orderto scaleour modelto
hundredsof lexical types and tens-of-thousands
of training sentences.Here we usethe pseudo-
likelihoodapproximation�0J <� (Li, 1994)in which
the marginals for a nodeat time � arecalculated
with its neighbournodes’labelsfixedto thoseob-

167



FEATURE DESCRIPTION

WORD CONTEXT FEATURES�����������
	���
������
& � 
����

lexeme+ label� 
 ���
& � 
 ���

wordunigram+ label��
��������
& � 
 ���

previouswordunigram+ label� 
"!#� ���
& � 
 ���

nextwordunigram+ label� 
 ���
&
� 
���� �%$

& � 
 ���
previouswordbigram+ label� 
 ���

&
� 
"! � ��$

& � 
 ���
nextwordbigram+ label� 
&�#�'���

& � 
 ��(
cliquelabelpair

LEXICAL FEATURES)+* �",#�.-/	"�0
�� & � 
 ��� 1
-gramprefix + label24365 �+-7	�� 
 ���%�

& � 
 ��� 1
-gramsuffix + label869;:.<&=;>?:.2 	��@
4A4B�C&� & � 
 ���

wordcontainselementof characterset
B'C

+ label

Table 2. Extracted feature types for the CRF model

servedin thetrainingdata:D J <� ��E9� � �"� 	 � 2 � � � � �0� ��� �GF! �$#&% �0E"� ��	H �0� �H�'�IE"�GF! ��J % � �
	 	 (2)

� J <� � ��� �
	 � K � 
���� � D J <� � � � � � �"� 	 	�ML � D J <� ��N � � � � 	"	 (3)

where O� � is the lexical type label observed in the
trainingdataand N rangesover the labelset. This
approximationremoves the needto calculatethe
partitionfunction,thusreducingthecomplexityto
be linear in the numberof labelsandtraining in-
stances.

Becausemaximum likelihood estimatorsfor
log-linear modelshave a tendencyto overfit the
training sample(ChenandRosenfeld,1999),we
definea prior distribution over the modelparam-
etersandderive a maximuma posteriori (MAP)
estimate,* :QP J # J < �I?�A"CEDF? � � �8J <� ��G 	 ��� * 	 .
Weuseazero-meanGaussianprior, with theprob-

ability density function �SR/� � � 	UT 
5�6�
VGWYX[Z\]�^ Z\/_ .

This yields a log-pseudo-likelihoodobjective
functionof:`

J < � 2a 4.b c6d�e.fhgji C � J <� � ��� ��	
H 2 � g"i C � R � � � 	 (4)

In order to train the model, we maximize(4).
While the log-pseudo-likelihoodcannotbe max-
imisedfor theparameters,* , in closedform, it is
aconvex function,andthusweresortto numerical
optimisationto find the globally optimal parame-
ters. We useL-BFGS, an iterative quasi-Newton
optimisation method, which performs well for
traininglog-linearmodels(Malouf, 2002;Shaand

Pereira,2003). EachL-BFGS iteration requires
theobjectivevalueandits gradientwith respectto
themodelparameters.

As we cannotobservelabel valuesfor the test
datawe must use �0�1� ��� ��	 when decoding. The
Viterbi algorithm is used to find the maximum
posteriorprobabilityalignmentfor testsentences,��k ��?BA C DF? � 4 �0��� ��� ��	 .
4.2 CRF features

One of the strengthsof the CRF model is that
it supportsthe use of a large number of non-
independentandoverlappingfeaturesof theinput
sentence.Table2 lists theword context andlexi-
cal featuresusedby theCRFmodel(sharedacross
bothgrammars).

Word contextfeatureswereextractedfrom the
wordsandlexemesof the sentenceto be labelled
combinedwith a proposedlabel. A clique label
pair featurewasalsousedto modelsequencesof
lexical types.

For the lexical features,we generatea feature
for the unigram,bigramandtrigram prefixesand
suffixesof eachword (e.g. for bottles, we would
generatethe prefixesb, bo andbot, and the suf-
fixess, esand les); for wordsin the testdata,we
generatea featureonly if that feature-valueis at-
testedin the training data. We additionally test
eachword for the existenceof one or more ele-
mentsof a rangeof charactersets lnm . In thecase
of English,we focuson five charactersets:upper
caseletters,lower caseletters,numbers,punctua-
tion andhyphens.For the Japanesedata,we em-
ploy six charactersets: Romanletters,hiragana,
katakana,kanji, (Arabic) numeralsand punctua-
tion. For example,oqpsrqt “mouldy” would be
flaggedascontainingkatakanacharacter(s),kanji
character(s)andhiraganacharacter(s)only. Note
that the only language-dependentcomponentof
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ERG JACY
ACC ACC � PREC REC F-SCORE ACC ACC � PREC REC F-SCORE

Baseline 0.802 0.053 0.184 0.019 0.034 0.866 0.592 0.680 0.323 0.438
FNTBL 0.915 0.236 0.370 0.038 0.068 — — — — —
CRF

�������
0.911 0.427 0.339 0.053 0.092 0.920 0.816 0.548 0.414 0.471

CRF
!����	�

0.917 0.489 0.509 0.059 0.105 0.932 0.827 0.696 0.424 0.527

Table 3. Results of supertagging for the ERG and JACY (best result in each column in bold)

the lexical featuresis the charactersets, which
requireslittle or no specialistknowledgeof the
language. Note also that for languageswith in-
fixing, suchasTagalog, we may want to include

 -graminfixesin additionto 
 -gramprefixesand
suffixes. Hereagain,however, thedecisionabout
whatrangeof affixesis appropriatefor agivenlan-
guagerequiresonly superficialknowledgeof its
morphology.

5 Evaluation

Evaluationis basedon the treebankdataassoci-
atedwith eachgrammar, anda randomtraining–
test split of 20,000training sentencesand 1,013
testsentencesin thecaseof theERG,and40,000
training sentencesand1,095testsentencesin the
caseof theJACY. This split is fixed for all models
tested.

Given that the goal of this researchis to ac-
quirenovel lexical items,our primary focusis on
the performanceof the different modelsat pre-
dicting thelexical typeof any lexical itemswhich
occuronly in the testdata(which may be either
novel lexemesor previously-seenlexemesoccur-
ring with a novel lexical type). As such,we iden-
tify all unknown lexical itemsin the testdataand
evaluateaccordingto: token accuracy (the pro-
portion of unknown lexical items which arecor-
rectly tagged:ACC � ); type precision (thepropor-
tion of correctlyhypothesisedunknown lexicalen-
tries: PREC); type recall (theproportionof gold-
standardunknown lexicalentriesfor whichweget
a correctprediction:REC); andtype F-score (the
harmonicmeanof type precisionandtype recall:
F-SCORE). Wealsomeasuretheoverall token ac-
curacy (ACC) acrossall wordsin thetestdata,ir-
respectiveof whetherthey representknown or un-
known lexical items.

5.1 Baseline: Unigram Supertagger

As a baselinemodel,we usea simpleunigramsu-
pertaggertrainedbasedon maximum likelihood
estimationover the relevant training data,i.e. the
tag �
� for eachtokeninstanceof a givenword �

is predictedby:

��� ��?BA"C�DF? �� ����� � � 	
In the instancethat � was not observedin the
training data,we backoff to the majority lexical
typein thetrainingdata.

5.2 Benchmark: fnTBL

In order to benchmarkour resultswith the CRF
models,we reimplementedthesupertaggermodel
proposedby Baldwin (2005b)which simply takes
FNTBL 1.1 (Ngai and Florian, 2001) off the
shelf andtrainsit over our particulartraining set.
FNTBL is a transformation-basedlearnerthat is
distributedwith pre-optimisedPOStaggingmod-
ulesfor EnglishandotherEuropeanlanguagesthat
canbe redeployedover the taskof supertagging.
Following Baldwin (2005b), the only modifica-
tions we make to the default English POS tag-
gingmethodologyare:(1) to setthedefaultlexical
typesfor singularcommonand propernounsto
n - c le andn - pn le, respectively; and (2)
reducethe thresholdscorefor lexical andcontext
transformationrulesto 1. It is importantto realise
that,unlikeourproposedmethod,theEnglishPOS
taggerimplementationin FNTBL hasbeenfine-
tunedto theEnglishPOStask,andincludesa rich
setof lexical templatesspecificto English.

Notethatwereonly ableto run FNTBL overthe
Englishdata,asencodingissueswith theJapanese
proved insurmountable.We arethusonly ableto
compareresultsover theEnglish,althoughthis is
expectedto be representative of the relative per-
formanceof themethods.

5.3 Results

The resultsfor the baseline,benchmarkFNTBL
methodfor Englishandour proposedCRF-based
supertaggerarepresentedin Table3, for eachof
the ERG andJACY. In orderto gaugethe impact
of the lexical featureson the performanceof our
CRF-basedsupertagger, we ran the supertagger
first without lexical features(CRF

#������
) andthen

with thelexical features(CRF
J������

).
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The first finding of note is that the proposed
modelsurpassesboth thebaselineandFNTBL in
all cases. If we look to token accuracyfor un-
known lexical types,theCRF is far andaway the
superiormethod,a result which is somewhat di-
minishedbut still markedfor type-level precision,
recallandF-score.Recallthat for thepurposesof
this paper, our primary interestis in how success-
fully we areable to learnnew lexical items,and
in this sensetheCRFappearsto havea clearedge
over the othermodels. It is alsoimportantto re-
call thatourresultsoverbothEnglishandJapanese
have beenachieved with only the bareminimum
of lexical featureengineering,whereasthoseof
FNTBL arehighly optimised.

Comparingthe results for the CRF with and
without lexical features(CRF�

�����
), the lexical

featuresappearto have a strongbearingon type
precision in particular, for both the ERG and
JACY.

Looking to therawnumbers,thetype-level per-
formancefor all methodsis far from flattering.
However, it is entirely predictablethat the over-
all tokenaccuracyshouldbe considerablyhigher
thanthetokenaccuracyfor unknown lexicalitems.
A breakdown of type precisionandrecall for un-
known words acrossthe major word classesfor
Englishsuggeststhat theCRF

J������
supertaggeris

mostadeptat learningnominalandadjectival lex-
ical items(with anF-scoreof 0.671and0.628,re-
spectively), and hasthe greatestdifficulties with
verbsandadverbs(with an F-scoreof 0.333and
0.395,respectively). In thecaseof Japanese,con-
jugatingadjectivesandverbspresenttheleastdif-
ficulty (with an F-scoreof 0.933 and 0.886, re-
spectively), and non-conjugatingadjectives and
adverbsareconsiderablyharder(with an F-score
of 0.396and0.474,respectively).

It is encouragingto note that type precisionis
higherthantyperecallin all cases(aphenomenon
that is especiallynoticeablefor the ERG),asthis
meansthatwhile we arenot producingthefull in-
ventoryof lexical itemsfor a given lexeme,over
half of the lexical itemsthatwe producearegen-
uine(with CRF

J������
). Thissuggeststhatit should

bepossibleto presentthegrammardeveloperwith
a relatively low-noisesetof automaticallylearned
lexical itemsfor themto manuallycurateandfeed
into thelexiconproper.

Onefinal point of interestis the ability of the
CRF to identify multiword expressions(MWEs).

There were no unknown multiword expressions
in either the English or Japanesedata,suchthat
we canonly evaluatethe performanceof the su-
pertaggerat identifyingknown MWEs. In thecase
of English,CRF

J������
identifiedstrictlycontinuous

MWEs with anaccuracyof 0.758,andoptionally
discontinuousMWEs (i.e. verbparticleconstruc-
tions)with anaccuracyof 0.625.ForJapanese,the
accuracy is considerablylower, at 0.536for con-
tinuousMWEs (recalling that therewere no op-
tionally discontinuousMWEs in JACY).

6 Conclusion

In this paper we have explored a method for
learningnew lexical items for HPSG-basedpre-
cision grammars through supertagging. Our
pseudo-likelihoodconditionalrandomfield-based
approachprovides a principled way of learning
a supertaggerfrom tens-of-thousandsof training
sentencesandwith hundredsof possibletags.

We achieve start-of-the-art results for both
English and Japanesedata sets with a largely
language-independentfeatureset.Our modelalso
achievesperformanceat thetype-andtoken-level,
over differentword classesandat multiword ex-
pressionidentification,superiorto a probabilistic
baselineanda transformationbasedlearningap-
proach.
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