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Abstract
Wedescribearobustaccuratedomain-independentapproachto statisticalparsingincorporatedinto thenew releaseof theANLT toolkit,
andpublicly availableasaresearchtool. Thesystemhasbeenusedto parsemany well known corporain orderto producedatafor lexical
acquisitionefforts; it hasalsobeenusedasa componentin anopen-domainquestionansweringproject.Theperformanceof thesystem
is competitive with thatof statisticalparsersusinghighly lexicalisedparseselectionmodels.However, we planto extendthesystemto
improve parsecoverage,depthandaccuracy.

1. Introduction

In recentyears,considerableprogresshasbeenmadein ac-
curatestatisticalparsingof realistictexts. However, a great
dealof this progresshasbeenachievedwith systemsbased
on lexicalisedprobabilisticmodelsof parseselectionop-
timisedon the Wall StreetJournaltreebank(e.g. Collins,
1999; Charniak,2000). Evaluationof suchsystemshas
beenprimarily in terms of the PARSEVAL schemetree
similarity measuresof (labelled)precisionand recall and
crossingbracket rate. The alternative approachto robust
parsing,favouredby most commercialand academicin-
formation extraction systems,is to use(cascaded)finite-
statetransducers,often augmentedwith heuristicssuchas
the longestmatchpreference,to constructpartial phrasal-
level parses(e.g.Appelt et al., 1995;Abney, 1996). This
approachhas the advantageof being much lessdomain-
specificanddoesnot requirelarge quantitiesof manually
annotatedtraining data. However, the output is neither
as completenor as accurateas state-of-the-artstatistical
parsers.

There are several reasonsto believe that finite-state
methodsof this latter kind will not be ableto achieve the
samelevel of accuracy asawell-designedstatisticalparser.
The first is that heuristicslike longestmatch interact in
complex ways with the large numberof manuallycoded
rules requiredin a wide-coveragesystem,making effec-
tive developmentof further rulesincreasinglydifficult and
requiringincreasinglypainstakingmanualspecificationof
the contexts of legitimate applicationfor eachrule. The
secondis that modularcascadedsystemsmust inevitably
resolve someambiguitiesearlier than is optimal because
of therequirementthat theoutputfrom eachphaseof pro-
cessingis deterministic.A third is thatmany suchsystems
achievemuchof theirdomainindependenceby basingrules
as much as possibleon part-of-speech(PoS)tags, rather
thanspecificlexical items,in orderto limit the numberof
rulesrequired.Evaluationhasbeensporadic,but suggests
that suchsystemsaresignificantly lessaccurateat finding
bothphraseboundariesandgrammaticalrelations.

We have developedanapproachto robustaccurate,but

domain-independent,statisticalparsing(RADISP) which
attemptsto combinethestrengthsof bothapproaches.This
is a pipelinedmodularsystem,in which a beamsearchfor
the most probableoverall analysisis doneon the thresh-
olded output of eachphase—seeFigure 1. First, text is
tokenisedusinga deterministicfinite-statetransducer. Sec-
ond,tokensarePoSandpunctuationtaggedusinga HMM
with a large lexicon and well-developedunknown word
handlingmodule.However, only very improbabletagsare
removed at this phase. Next deterministicmorphological
analysisandlemmatisationis performedonthePoStagged
tokens.Third, thelatticeof tagsis parsedusingamanually-
developedwide-coveragegrammarof suchPoSandpunc-
tuationtags.Finally, then-bestparsesareselectedfrom the
parseforestusingaprobabilisticparseselectionmodelcon-
ditionedon the structuralparsecontext, degreeof support
for a subanalysisin the parseforest,and lexical informa-
tion whenavailable. The outputof the parsercanbe dis-
playedassyntactictrees,and/orfactoredinto a sequence
of (weighted)grammaticalrelationsbetweenlexical heads,
or into a sequenceof elementarypredicationsandpossibly
underspecifiedequationalconstraintsin a minimal recur-
sionsemanticrepresentation.Figure2 showsanintermedi-
atestageof processingof thesimple(TREC8QA)question
Whatdebtsdid Qintex leave?alongwith threeof thevari-
ousoutputrepresentations.

We have arguedelsewherethat an evaluationscheme
measuringrecovery of grammaticalrelationsbetweenlex-
ical headshasa numberof advantagesover one measur-
ing treesimilarity (Carroll, BriscoeandSanfilippo,1998).
Similar relation-basedschemeshave been employed by
others(e.g.Lin, 1998;Collins,1999;Srinivas,2000).Mea-
suredin this way our resultsappearbroadly competitive
with thoseproducedby state-of-the-artstatisticalparsers
(Briscoeet al., 2002a). Objective comparisonacrosssys-
temsis hamperedby the fact that systemsextract differ-
ing setsof relationsandhave beenevaluatedon different
testsuites.Our systemachievesa F� -scoreof 76.5%on a
manuallyconstructedtestsuiteof 500 sentencesfrom the
Susannecorpus(seeCarroll et al., 1998; Briscoeet al.,
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Figure1: Systemarchitecture.

2002afor further details). Other publishedresultsreport
F� -scoresin theregionof 80–84%usingacomparableeval-
uation with coarsergrainedsetsof grammaticalrelations
(not including, for example,control relations)anddiffer-
ing test sets. Thereis evidencefrom the resultsreported
by Srinivas(2000)thatSusannedata,drawn from a variety
of genres,constitutesa hardertestthanthemorehomoge-
neousWall StreetJournal. The RADISP systemcanout-
put probabilisticallyweightedcompetinggrammaticalre-
lations,allowing subsequentprocessingmodulesto make
principledtradeoffs betweenprecisionandrecall. At 90%
precision,thesystemachieves45%recallon thesametest
data(Carroll andBriscoe,2001).

Thesystemhasbeenusedto parseover 98%of the90
million wordwrittensectionof theBritish NationalCorpus
(BNC) aswell astheLancaster-Oslo-BergenCorpus,Spo-
ken EnglishCorpus,the SusanneCorpusandthe TREC8
QA track top-ranked documentcollections. To date, the
resulting annotatedcorpora have been used to develop
systemsfor word sensedisambiguation(Carroll andMc-
Carthy, 2000;Lambeau,2001),anaphoraresolution(Preiss,
2002),acquiringverbsubcategorisations(Korhonen,2002)
andacquiringselectionalpreferences(McCarthyandKo-
rhonen,1998;Clark andWeir, 2001).Thesystemhasalso
beenusedin experimentsin informationextraction (Yeh,
2000) and as a componentof an open-domainquestion-
answering(Briscoe,Copestake and Teufel, 2002b). The
RADISP systemis distributed freely for non-commercial
use(see � http://www.cogs.susx.ac.uk/lab/nlp/rasp/ � ).
Section2 describesthecomponentsof theRADISPsystem
in moredetail. Section3 discussesongoingextensionsto
thebaselinesystem.

ˆ ˆ_ˆ:1
What What_DDQ:1
debts debt+s_NN2:1
did do+ed_VDD:1
Qintex Qintex_NP1:1
group NNJ1:0.007 VV0:0.0007 NN1:0.99
leave VV0:0.644 NN1:0.355
? ?_?:1

(T/txt-sc1/-+-
(S/whnp_s (NP/det_n What_DDQ

(N1/n debt+s_NN2))
(S/sai/- do+ed_VDD

(S/np_vp
(NP/name_n1

(NP/n1_name/-
(N1/n Qintex_NP1))
(N1/n group_NN1))

(V/0 leave_VV0))))
?_?)

(ncsubj leave:6_VV0 group:5_NN1 _)
(detmod _ debt+s:2_NN2 What:1_DDQ)
(ncmod _ group:5_NN1 Qintex:4_NP1)
(aux _ leave:6_VV0 do+ed:3_VDD)
(dobj leave:6_VV0 debt+s:2_NN2 _)

ARGNu3 x1
What_rel x1
debt_rel x1
do_rel u3
ARG1 u3 x4
Qintex_rel x4
group_rel x4
leave_rel u3
?_rel u11

Figure2: Exampleof text input to theparser/grammar, and
threedifferenttypesof output: syntactictree,grammatical
relations,andminimal recursionsemanticrepresentation.

2. Components of the RADISP System

TheRADISPsystemis implementedasaseriesof modules
writtenin C or CommonLisp, whichcanbepipelinedanal-
ogouslyto a seriesof Unix-style filters. It will run under
Unix, Linux, or SUNOSwith mostC compilersandmost
CommonLisp implementations.

2.1. Tokenisation

The systemis designedto take unannotatedtext or tran-
scribed(andpunctuated)speechasinput andnot simply to
run on pretokenisedinput suchas the Brown, LOB, Su-
sanneor WSJ corpora. A tokenisationprogram, imple-
mentedas a set of deterministicfinite-staterules in Flex
(anopensourcereimplementationof theoriginalUnix Lex
utility Levine,MasonandBrown, 1992)andcompiledinto
C, converts raw ASCII datainto a sequenceof tokensin
which punctuationis separatedfrom wordsby spacesand
sentenceboundariesaremarked.



This componentof the systemrequiresfurther devel-
opmentasit doesnot annotateor preserve otherdocument
structuresuchasparagraphboundaries.It canbeeasilyre-
placedwith othermoredevelopedtools(e.g.theEdinburgh
TTT system,Groveret al., 2000).However, it is simpleto
addadditionalruleswhennew corporarevealspecificprob-
lems.

2.2. PoS and Punctuation Tagging

Thetokenisedtext is taggedwith oneof the155CLAWS-2
part-of-speech(PoS)andpunctuationlabels. This is done
usingafirst-order(‘bigram’) hiddenmarkov model(HMM)
taggerimplementedin C (Elworthy, 1994)andtrainedon
the manually-correctedtaggedversionsof the Susanne,
LOB and (subsetof) BNC corpora. The taggerhasbeen
augmentedwith a statisticalunknown word model(Piano,
1996; Weischedelet al., 1993)andachievesaround97%
per word accuracy whentestedon similar data. However,
the accuracy of the unknown word componentis around
80%,so thatperformanceon lesssimilar datacanquickly
degrade.

As the Forward-Backward algorithm (FBA) hasbeen
implementedin addition to the Viterbi algorithm (Elwor-
thy, 1994),thetaggercantrade-off precisionagainstrecall
by returningall but the most improbabletagsup to some
relative thresholdranked accordingto the posteriorprob-
abilities found usingthe FBA. Returninga mean1.3 tags
perwordhasbeenclaimedto improverecallby anorderof
magnitude(de Marcken, 1990),and turnsout to have lit-
tle impacton speedof tagging. It is possiblethat a more
accuratetaggermight allow usto dispensewith threshold-
ing and increasesystemthroughputwithout lossof accu-
racy. Howeverdevelopingsuchaparseris non-trivial since
extant approachesall tendto degradequickly on lexically
dissimilartext.

2.3. Morphological Analysis

The morphologicalanalyseris also implementedin Flex,
with about1400finite-staterulesincorporatingagreatdeal
of lexically exceptionaldata.Theserulesarecompiledinto
anefficient C programencodinga deterministicfinite state
transducer. The analysertakesa word form andCLAWS
tag andreturnsa lemmaplus any inflectionalaffixes. The
typeandtokenerror rateof thecurrentsystemis lessthan
0.07%,andthe systemis ableto processmorethan200K
wordsper secondon standardhardware(Minnen, Carroll
andPearce,2001).

Whentheanalyseris appliedto the thresholdedoutput
of thetaggeradistinctanalysisis returnedfor eachCLAWS
tag returnedby the tagger. The primary valueof morpho-
logical analysisis to enablelater modulesto make useof
lexical informationassociatedwith lemmaformsandto fa-
cilitate further acquisitionof suchinformation from lem-
masin parses.

2.4. PoS and Punctuation Sequence Parsing

The lattice of lemma+affix tag forms is passedto a mod-
ified version of the probabilistic generalisedLR parser
(BriscoeandCarroll, 1993; Inui et al., 1997),augmented
with limited lexical information encodingthe probability

of somephrasalverbcombinations(i.e. verbpluspreposi-
tion/particle)andtheconditionalprobabilityof high to mid
frequency verbsappearingwith any oneof 23 subcategori-
sationframes.

The manually-developedwide-coveragetag sequence
grammarutilised in this version of the parser consists
of about400 unification-basedphrasestructurerules (see
Briscoe and Carroll, 1995 for further details). It is
designedto enumeratepossiblevalenciesfor predicates
(verbs,adjectives and nouns)by including separaterules
for eachpatternof possiblecomplementationin English.
The distinction betweenargumentsand adjuncts is ex-
pressedby adjunctionof adjunctsto maximalprojections
(XP � XPAdjunct) as opposedto governmentof argu-
ments (i.e. argumentsare sisterswithin X1 projections;
X1 � X0Arg1	
	�	 ArgN).

Although the grammar enumeratescomplementa-
tion possibilities and checksfor global sententialwell-
formedness,it does not attempt to associatemost ‘dis-
placed’constituentswith their canonicalposition / gram-
maticalrole. Therefore,the resultingparseris ‘intermedi-
ate’ in thesensethatit extendsapurelyphrasalanalysisbut
not to the point wherea completelogical form canbe re-
covereddeterministicallyin all cases.Thecurrentversion
of thegrammarfindsatleastoneparserootedin Sfor about
80%of theSusannecorpus,anda significantproportionof
the remainderconsistsof phrasalfragmentsmarkedasin-
dependenttext sentencesin passagesof dialogue.For other
corporatheproportionof parsesrootedin S recoveredcan
be lower; in the caseof the BNC it falls to 67%, primar-
ily probablybecauseof poorertokenisationand sentence
boundarydetection.In caseswherethereis noparserooted
in S, the parserreturnsan optimal connectedsequenceof
partialparseswhich coversthe input. Thecriteriaarepar-
tial parseprobability anda preferencefor longerbut non-
lexical partialparsecombinations(Kiefer etal., 1999).The
parsertakesaveragetimeroughlyquadraticin thelengthof
theinput (Carroll, 1994).With respectto theSusannecor-
pusthegrammarhasanaverageparsebaseof 1.28,mean-
ing that it assignsanaverageof 1.28� parsesto a sentence
of n tokens. Sentencesfor which a parseforestcannotbe
constructedwithin 15 secondsaretimed out resulting,for
example,in lessthan2% of timeoutson the BNC corpus.
The averagethroughputis 40 words per CPU secondon
standardhardware.

2.5. N-Best Parse Tree Output

The parseforest packssubanalysesin a graphstructured
stackusinga subsumptionratherthanidentity check,asis
standardwith unification-basedformalisms. This entails
that somefeaturesmustbe unified whenpacked subanal-
ysesareunpacked. Probabilitiesareassociatedwith sub-
analysesvia thoseassociatedwith specificreduceactionsin
theprobabilisticLR table. Then-best(i.e. mostprobable)
parsescanbe efficiently extractedby unpackingsubanal-
ysesandunifying the remainingfeatures,following point-
ers to containedsubanalysesandchoosingalternatives in
orderof probabilisticranking.This processbacktracksoc-
casionallywhenunificationfailsduringtheunpackingpro-
cess(OepenandCarroll,2000).



The resulting set of ranked parsescan be displayed,
or passedon for further processing,in a variety of for-
matswhich retainvaryingdegreesof informationfrom the
full derivations. The most commonoutput format is one
which replacesthefull featuraldescriptionof eachnodein
a derivationwith the rule nameusedto constructthe local
tree. Theserule namesaremanuallyencodedin thegram-
marto retainessentialfeaturesof thelocal treeandprovide
theinformationrequiredfor thesubsequentoutputtransfor-
mationswe currentlyutilise. This is the format displayed
in Figure2 above.

2.6. Weighted GR Output

Weoriginally proposedtransformingtreesto setsof named
grammaticalrelations(GRs)of the type illustratedin Fig-
ure 2 above as a techniquefor facilitating fine-grained
cross-systemevaluation(seeCarroll et al., 1998 wherea
detailedspecificationof the representationis also given).
However, becausethis representationof the grammatical
informationin aderivationis factoredinto asetof ‘atomic’
componentswhichcanbetypedvia theirnames,it canalso
beausefuloutputrepresentationfor othertasksandfor sub-
sequentprocessing.For instance,the argumentrelations
from derivationscanbe usedfor acquiringpredicatesub-
categorisationor selectionalpreferenceinformation. Fac-
toring makes it possibleto computethe transderivational
supportfor aparticularrelationandthuscomputeaweight-
ing which takesaccountboth of the probability of deriva-
tionsyieldingaspecificrelationandtheproportionof such
derivationsin the setproducedby the parser(Carroll and
Briscoe,2001). Factoringof derivationsinto setsof bi-
lexical dependenciescanalso,in principle,supportrerank-
ing of derivationsusinga lexicaliseddiscriminative model
(Hektoen,1997;Collins,2000).

TheGRsetfor aderivationis computedfromthederiva-
tion treelabelledwith rulenames.Somerelationsarebased
on informationnot accessiblein a singlelocal tree,for ex-
ample,whethera non-clausalsubjectis logically thedirect
objectof apassiveparticiple.Useof non-localinformation
alsoallowstheGRrepresentationto extendwhatis directly
encodedin thederivation. For example,thegrammardoes
notattemptto relatepreposedwh-phrasesto theircanonical
position,but appropriateGRscanbe recoveredreliably in
themany caseswherethereis only a singlecandidateverb.
Theexamplein Figure2 representssuchacase.

2.7. Robust MRS Output

The GR representationstaysdeliberatelycloseto surface
syntax,althoughit doesencodesomelogical / underlying
relationsvia extra parameterson specificnamedrelations
(seeCarroll et al., 1998for details). However, it doesnot
mapeasily to a logical form or predicate-argumentstruc-
ture,andthe tag sequencegrammar, unlike theANLT full
grammar(Grover, Carroll andBriscoe,1993)is not ableto
constructa logical form deterministicallyfrom the deriva-
tion becauseof theintermediatelevel of analysisachieved.

Nevertheless,for sometasksthat we want to usethe
RADISP system for, such as parsing of highly-ranked
documentsrelevant to queriesin open-domainquestion-
answering(Briscoeet al., 2002b), it is useful to be able

to outputanunderspecifiedsemanticrepresentation,in our
caserobust minimal recursionsemantics(MRS, Copes-
take et al., 1999). In robust MRS the argumentsof pred-
icatesare representedusing Parsons’(1990) event-based
scheme:insteadof, for example,give(e,x,y,z), RobustMRS
usesgive(e),arg1(e,x),arg2(e,y),arg3(e,z). This is done
becausethe arity of predicatesis not known in advance
whenparsingwith thetagsequencegrammar, soarguments
canbeaddedincrementally. It alsoallows for underspecifi-
cationof argumentpositions:argN is usedto indicatethat
someargumentrelationshipholds,but thatit mightbearg1,
arg2, or soon.

Compositionof semanticsis doneaccordingto a very
simplealgebra. In composition,semanticstructurescon-
sistof ahook,currentlywith asingleelement,which is the
index, a list of elementarypredications,anda list of equal-
ities. Eachword of theinput is associatedwith anelemen-
tary predicationwith the single argumentbeing an event
or objectdependingonly on its PoStag. Thesepredica-
tionsareaccumulatedasthesemanticsis composed,along
with setsof variableequalities,insofar asthesecanbere-
liably inferred from the derivation tree labelledwith rule
names(asabove). Thus,themechanismfor computingro-
bustMRSsfrom treesis very similar to thatusedto com-
puteGRs, but the output format is that of a factoredand
underspecifiedMRS.Sincethereis asemanticsfor this for-
malism(Copestake, LascaridesandFlickinger, 2001),it is
possibleto defineproof-theoreticallyrelationshipsbetween
(underspecified)MRSs,andthesecanbe exploited in, for
example,matchingfully-specifiedMRSsfor questions,re-
coveredusinga deeperbut slower andmorefragile parser,
with the often underspecifiedMRSsextractedfrom docu-
mentcollectionsusingtheRADISPsystem.

3. Conclusions and Further Work
The baselineRADISP systemdescribedhere has usable
performancefor a numberof tasks. Its relative domain-
independencecoupledwith competitive levelsof accuracy
make it especiallypracticalfor easydeploymenton new or
varieddatafrom differing domains. However, therearea
numberof ways in which the systemmight be improved
whichwe arecurrentlyexploring.

It is likely that further improvementof parseselec-
tion accuracy will requirea lexicalisedmodel. Our cur-
rent approachto lexicalisationis to usea modelbasedon
the discriminative techniqueof Hektoen(1997)appliedto
the setsof grammaticalrelationsextractedfrom compet-
ing derivations. In this approach,the model is trainedto
discriminatebetweenthe correctandincorrectderivations
for a given sentencein termsonly of the differing gram-
maticalrelationsbetweenthem.Thuslexical dependencies
areutilised in an efficient manneramelioratingdataspar-
sity. It is clear that this model resultsin more accurate
parseselectionwhentrainedandtestedon treebankscon-
tainingsimilar material. The challengeis to make it work
asa domain-specificrerankingtechniquewhich canbeef-
fectively trainedfrom noisyautomaticstructurally-selected
parsesfor a givendomain.

Therearemany otherlexical issuesaffectingoverallac-
curacy. It is likely thatimprovedtokenisationincludingbet-



terhandlingof idiomaticandsemi-idiomaticphraseswould
bothamelioratesomeparsefailuresandguideparseselec-
tion. However, relianceon lexical informationleadsto do-
main dependenceso our broadapproachis to attemptto
seedthe RADISP systemwith suchinformationacquired
from automaticparsesobtainedwithout it, aswith our ap-
proachto subcategorisation(Carroll, Minnen andBriscoe,
1998;Korhonen,2002).

Thecurrentmanually-developedtagsequencegrammar
wasoriginally developedfor the subcategorisationacqui-
sition task. However, it hassincebeenextendedto yield
parsesfor a higherproportionof dataandto recover more
informative representationsof constructionslargely irrele-
vantto subcategorisation,suchasnamesanddates,for ex-
ample. Oneway to improve systemaccuracy on specific
taskswould beto developdifferentgrammarsor subgram-
mmaticalcomponentstunedto specifictasks.To someex-
tent, this is alreadythe situationas the grammaris quite
modular, and subpartssuch as detailedrules for names,
datesor punctuationcanbe removedor added.However,
no systematicinvestigationof the performanceeffectshas
beenundertaken.

The work we have undertaken on probabilistic tech-
niquesis fully compatiblewith any grammardevelopedin
the ANLT formalism. However, very little work hasbeen
undertaken with the ANLT full grammarsincethe initial
experimentparsingdictionarydefinitions(BriscoeandCar-
roll, 1993)becausethis grammarrequiresaccuratesubcat-
egorisationinformationfor all lexical itemsto functionef-
fectively. Recently, though,Grover andLascarides(2001)
have demonstratedthata usefulsystemcanbebuilt recov-
ering full logical forms for around30%of sentencesfrom
a sampleof the Medline corpus,usinga modifiedversion
of theANLT full grammarbut backingoff to PoStagsfor
unknown words.If wewantto accuratelyrecover full logi-
cal formsin a practicalway, thefull grammaris a valuable
wide-coverageresourceto achieve this. The challengeis
to develop a methodof deploymentwhich doesnot criti-
cally rely on detailedandaccuratelexical informationfor
every domain.Usingtheoutputof theprobabilisticparser
with the tagsequencegrammarto constrainapplicationof
thefull grammaris oneavenuewe intendto explore in the
ongoingquestfor a practicalfull parser.
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