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Abstract. This paperpresents robust parsingapproachwhich is
designedo addressheissueof syntacticerrorsin text. Theapproach
is basedon the conceptof anerrorgrammamwhich is a grammarof
ungrammaticabentencesAn error grammaris derived from a con-
ventionalgrammaron the basisof an analysisof a corpusof ob-
senedill-formed sentencesA robustparsingalgorithmis presented
which is appliedafter a corventional bottom-upparsingalgorithm
hasfailed. This algorithm combinesa rule from the error grammar
with rulesfrom the normalgrammarto arrive at a parsefor an un-
grammaticakentenceThis algorithmis appliedto 50testsentences,
with encouragingesults.

1 Intr oduction

A traditionalrule-basegarserwhenfacedwith a sentencavhichis
notdescribedy its grammaywill fail to returnary information.The
aim of arobustparsets to behae sensiblywhenconfrontedwith in-
putwhich doesnot conformto its ideasabouta particularlanguage.
Oneof thewaysin which a parsers expectationcanbe confounded
is if the input containsa syntacticerror The ideal way for a robust
parserto behae when confrontedwith an ungrammaticakentence
is to recognizethatthe sentencés ungrammaticalto suggespossi-
ble error diagnosesandfor eachdiagnosisto produceappropriate
parses.

This papermproposes robusttext parsingapproactwhichis capa-
ble of handlinga large classof syntacticerrors.An overview of the
ideais givenin section2 andcomparisonsare madeto previous at-
temptsto tacklethisissue A descriptiorof thedatawhichformsthe
basisof thisapproachs givenin section3, sectiord describeshero-
bustparsingalgorithmandsection5 detailsa preliminaryevaluation
of theapproactandprovidessuggestionfor improvement.

2 Overview

A collectionof authenticungrammaticasentencewasanalysedOn
the basisof this analysis,a setof transformationsvasappliedto a
contet-free phrasestructuregrammaryielding an error grammar
or a grammarof likely ungrammaticabequencesThis error gram-
mar containsa sequencef error rules, whereeacherrorrule corre-
sponddgo aparticularerrorwhich might be expectedto occur When
a bottom-upchart parserfails to find a parsefor a sentencea re-
covery parsingprocesss un dertalen. This recorery phaseusesthe
edgesfound during the normal parsingphasetogetherwith edges
arisingfrom anerrorrule in its attemptto arrive atacompleteparse.
In orderto keepthe searctspacewithin areasonablémit, theinter-
actionbetweererrorrulesis keptto a minimum. The benefitsof this
approacho rohustparsingareasfollows:

1 ComputationaLinguistics ResearciGroup, Departmenbf ComputerSci-
ence, Tinity College, Dublin. Email: jfoster@tcd.ie

1. A uniform framework for handling differ ent classef errors:
A popularapproachto robust parsing,the constraint relaxation
approach,proceedsby repeatedlyrelaxing constraintsin the
grammaruntil a parsefor an ungrammaticalsentencecan be
found.[4, 5, 12, 3]. However, suchanapproachdoesnot address
the problemof errorsarisingfrom the omissionor insertionof a
word within a sentence- two frequenterror typesaccordingto
the analysiscarriedout as part of this research(seesection3).
Ad-hoc parsingtechniques(seefor example[9]) are the usual
proposedsolutionto the problemof missingor extraword errors.
Theapproachoutlinedin this paperdoesnot needto rely on such
ad-hocmethodssinceall errorsaredealtwith within the uniform
framework of anerrorgrammar

2. A clear model of ungrammaticality: Probabilistic parsers,
such as thosedescribedin [2], are by their very naturerobust
sincethey make no distinction betweenthe grammaticalandthe
ungrammatical According to [10], this is a good thing sincea
clearline cannotalwaysbe dravn betweerthetwo. However, the
fact that languageerrors do undoubtedlyoccur meansthat the
conceptof ungrammaticalitycannotbe dismissed The useof an
errorgrammarhasthe advantageof providing a linguistic model
of ungrammaticality- this meanghatill-formed sentencesanbe
diagnosedhs such,insteadof being viewed merely as sentences
occurringwith a low frequeng. The use of an error grammar
is, however, compatiblewith a probabilistic view of language
processingsince eachindividual error rule can be augmented
with a probability (derived from a corpusof ill-formed sentences
suchasa larger versionof the one describedn section3), thus
allowing onerohustparseto be preferredover another

3. Limiting the number of robust parses Constraintrelaxationat-
temptsto solve the problemof ill-formed input quickly become
intractableunlessstrictly controlled. This is becauseary con-
straintwhich fails canpotentiallybe relaxed,leadingto nonsensi-
cal parsesfor anungrammaticakentenceTake, for example,the
ungrammaticatentence

Want to savi ng noney?

A constraintrelaxationapproacthasthe potentialto suggesthe
following asa parsefor this sentence:

[s [pro want] [vp [verb t o] [np [det savi ng] [noun
noney]]]]

Onesolutionto this problemhasbeenproposeddy [5] - all the
potentialparsesare generatedand thenranked on the basisof a
generalnotion of “information loss”. It is not clearhow well this
worksin practice [3] limit the numberof parsesy statingin ad-
vancewhatconstraintamay be relaxed. The approactoutlinedin
this paperis closerin spirit to the latterapproachError rulesare



derived on the basisof empirical linguistic data,and are intro-
ducedinto the parsein a controlledfashionso that nonsensical
parsesarenever proposedasa solution.

The conceptof an error rule is not new. [13], for example,de-
scribean ATN parserwhich containsmeta-rules correspondingo
patternsof ill-formednessEachmeta-rulecorrespondso a corven-
tional rule andit is invoked during a parsewhena corventionalrule
fails. This approachis very similar in spirit to mine but thereare
differencesThe meta-rulesareintegratedinto the main parsingpro-
cesswhereasn my approactthe errorrulesareonly appliedafter
anormalparsehasfailed. The integrationof the meta-rulesnto the
main parsingphaseis a consequencef the factthatthe parseris a
top-davn ATN ratherthan a chartparser This meansthat thereis
lesscontrolover whenthe meta-rulesareinvoked, sincethey canbe
appliedevenbeforesectionf theinputhave beenencounteredin-
otherconsequencef the ATN-basedapproachs thatthe meta-rules
aremore procedurathandeclaratve — it is difficult to view them
in isolationfrom the actualparsingalgorithmandsothey cannotbe
usedasa modelof ungrammaticalityin the sameway thatthe error
rulesdescribedn this papercan.

Mal-rules or error productions areusedwithin thefield of applied
linguisticsto describethe errorstypically madeby the learnersof a
language[11] describeaparsingsystem(theICICLE system)which
identifiessyntacticerrorsin the writing of native spealkersof Amer-
ican Sign Languagevho arelearningEnglishasa secondanguage.
This systemusesmal-rulesto modeltheerrorswhich areexpectedo
be madeby this community SchneidelandMcCoy’s approachdif-
fersfrom minein two fundamentavays:

1. Their attentionis restrictedto secondlanguageerrors and they
explicitly attemptto modelthe secondanguagdearningprocess.
Theclassof errorshandledby the approactoutlinedin this paper
is moregeneral this classincludesary typeof syntacticerror, be
it languagdearningerrorsor performancesrrors?

2. Theparsingprocesemplo/edby [11] is notatwo-stageone.This
meanghatwhena sentences beingparsedthe setof mal-rules
are available alongwith the setof normalrulesfrom the outset,
with theunfortunateconsequencthatgrammaticakentencesan
be parsedwith mal-rulesand henceflaggedas ungrammatical.
Sincethereareno restrictionson whenthe mal-rulescanbe ap-
plied andon how mary canbe appliedat ary onetime, the prob-
lem of spiralling spuriousambiguityis alsoanissuehere.

3 Error Data

This sectiondescribeshow a small corpusof syntacticerrorswas
compiledandthenusedto generatean error grammarfrom a con-
ventionalgrammar

3.1 Error CorpusCollection

A complementaryrojectto this robust parsingstudyis the compi-
lation of a corpusof ungrammaticalanguageThe corpuscurrently
contains6,650words. Every time a sentence&ontaininga syntactic
erroris noted,thefollowing stepsarecarriedout.

1. Thesentencéds addedo thecorpus.

2 [7] distinguishesdetweererrorswhich occurasa resultof lack of knowl-
edgeof thelanguagei.e. languagdearningerrors,andthosewhich occur
asanoversight.Theformerareknown aserrors andthelatter mistakes. In
this papertheword “error” is usedwith its moregenerameaning.

2. A noteis madeof wherethesentenceccurred.

3. Theerrorin thesentencés diagnosedndbasednthisdiagnosis,
thesentencés corrected.

4. The correctedsentences addedto a parallel corpusof well-
formedsentences.

5. A noteis madeof whatwasdoneto correctthe sentenceFor ex-
ample,to correctthe sentence

Are people really capable to understand-
ing thenf

theinfinitival markert o is replacedy the prepositionof .

Not only doesthe error corpusprovide us with invaluableinfor-
mationon whatkind of errorspeopletendto make whenwriting or
typing, it alsoprovidesuswith a setof testdatawhich canbeusedto
testary robust parser Storingthe correctedversionof the sentence
alongwith theill-formed sentenceneanghattheresultsproducedy
a robust parsercanbe easily evaluated.If one of the solutionspro-
posedby the parsermmatcheghe correctedsentencethenthe parser
hassuccessfullyparsedheill-formed sentenceThis evaluationpro-
cedureis carriedout for the robust parsingstratgy describechere
(seeSection5), andit is ervisagedthatthe sameprocedurecould be
usedto comparethe ability of severalparserdo understandingram-
maticalsentencesrrespectve of their approacho parsing.

An importantaspecbf this corpuscompilationis thatthe context
in which the error occursis always available. This meansthat the
sentencesan be correctedwithout ambiguity This will not be the
casefor someill-formed sentencesaken out of contet, e.g.in the
sentence

Where did these woman | earn such arro-
gance?

taken from the British National Corpus, thereis no way to tell
whetherthesentencehouldbecorrectedy changinghedeterminer
these or by changingthe nounwoman.

The errorsin the corpuscomefrom the following sourcesaca-
demicpapersandthesesnewnspapersinagazinespovels, textbooks,
websites]ecturenotes,studentassignmentgpamphletsemailsand
technicamanualsThisis quiteabroadsourceof material especially
whencomparedo otherattemptgo createa repositoryof errors:[6]
only collect errorsin date expressionsn studentassignmentsand
newspapers{1] usean online discussiorforum astheir only error
source.

3.2 Analysing the Errors

Before the errorswere analyzed,50 sentencesvere randomly ex-
tractedfrom the corpusfor the purposeof testing(seesection5).
Theremaining306 sentencewereanalyzed.

Everytime asentencés addedo thecorpus,anoteis madeof the
operatiorthatis neededo correctthesentencelt is thisinformation
which is analyzedFig. 1 indicatesthe correctionoperationswvhich
wereappliedto the sentencen the corpus.The frequeng of each
correctionoperationis provided alongwith two examplesfrom the
errorcorpusandtheir correctionsfrom the parallelcorrecteccorpus.

Anotherpossiblecorrectionoperatioris themove operationwhich
maves a word from the sentencento anotherposition within the
sentenceHowever, sincesuchan operationoccursrelatively infre-
quently (2%, accordingto this corpus),the decisionwas taken to
defineit in termsof theaddanddeleteoperationsandto treaterrors

3 Accessedia http://sara.natcor p.ox.ac.uk/lookup.html, April 2000



Correction
Operation

Examples

Replace a
(47%)

word

e the theory in enpiri-
cal —=the theory is em
pirical

e staff was allowed to re-
turn—staff were all owed
to return

Add a
(27%)

word

e WIIl be declaring their
undyi ng | ove for each
other?—W || they be
decl aring their undying
| ove for each other?

e we nust assume the valid-
ity this induction prin-
ci pl e—»we must assune the
validity of this induction
principle

Delete a
(18%)

word

e Wiy is do they appear —Wy
do they appear

e Such dat abases can be
to some extent be im
proved—Such dat abases can
be to sone extent inproved

More thanone of

above (8%)

e This neans to allow
structure-sharing—This
nmeans structure-sharing is
al | oned

e \WWhat does a single line
yel | ow nean?—What does a
single yellow I ine nmean?

Figurel. Corpusanalysigesults

which could be correctedin this way as composite errors or errors
which canbe correctedby applyingmorethanonecorrectionopera-
tion. It is alsopossibleto definethe replacemenbperationin terms
of theaddanddeleteoperationsput sincereplacemenérrorsoccur
frequently this operationis seenasavalid correctionoperationin its
own right.

Another interestingpoint to noteis that 92% of the errorsthat
occurcanbe correctedby applyingjust one correctionoperation.It
is theseerrorswhichwill be handledby the robust parsingapproach
describechere.Compositeerrorsarenot handledalthoughthey are
notincompatiblewith this approach.

3.3 Generatingthe Err or Grammar

A grammarof well-formed languageis neededin orderto genef
ate a grammarof ill-formed. The only constrainton the format of
the grammairis thatit mustbe parsableusinga chartparser To test
this error grammarapproacha contet-free phrasestructuregram-
mar containingl,106ruleswasused.The non-terminalsymbolsof
thegrammaiareaugmentedvith agreemenfieaturesvhereappropri-
ate.For eacherrortype, the procesf generatingerrorrulesfor this
typeis describedTheerrorrulesweregenerateananuallybut there
is noreasonwhy this generatiorprocedurecould not be automated.

3.3.1 Replacement errors

In a sentencecontaininga replacementrror, the erroneousword
mustbe replacedby a word thatis similar in someway to it. The
ways in which two words can be similar correspondo particular
typesof replacemenerrorsfoundin the error corpus.Theseareas
follows:

1. A word canbereplacediy aword similarto it in spelling.Thisis
determinedasfollows: aword X is similarin spellingto aword Y
if X canbetransformednto Y by changingor deletingoneletter
in X, or by addingaletterto X, e.g.nor with not

2. If the word is a noun,verb or determinerit canbe replacedby
the sameword with a differentvalue for an agreemenfeature,
e.g.first persoramwith third person s, singularman with plural
men

3. If theword is a verb, it canbe replacedby the sameverb with
a different form, e.g. infinitival t el | with presentparticiple
telling

4. If thewordis aprepositionjt canbereplacedy ary otherprepo-
sition, e.g.f or with of

5. A word canbereplacedby a word with the samelexical root but
with a differentpartof speectcatgory, e.g.adjectve synt ac-
ti c with adwerbsyntactically

So,for eachrule in thegrammarmwhich expandsa pre-terminalsym-
bol (i.e. a part-of-speecleateyory), an errorrule is generatedor all
the words which are similar to the right-handside of this rule, ac-
cordingto the similarity criteriajust describedFor therule

verb(sing,third) --> [is]
thefollowing errorrulesaregenerated

verb(sing,third) spellop [in]
verb(sing,third) spellop [it]
verb(sing,third) spellop [if]
verb(sing,third) agreeop [are]
verb(sing,third) agreeop [an



verb(sing,third) vfornop [be]
ver b(sing, third) vfornop [being]
verb(sing,third) vfornop [been]

To distinguish error rules from corventional grammarrules, the
—— > connectieis replacedy aconnectve whichdescribesheer-
ror, e.g.theconnectie spel | op refersto replacemenérrorswhich
resultwhenthecorrectandincorrectword aresimilarin spelling,the
connectie agr eeop refersto replacemenerrorswherethe correct
andincorrectword have conflicting valuesfor anagreementeature,
andthe connectve vf or nop refersto replacemenérrorswherethe
two words (or verbs)have conflicting verb form values.In all other
respectgheseconnectves meanthe samething asthe conventional
rule connectie —— >.

3.3.2 Missing word errors

For eachrule in the grammar (excluding rules expanding pre-
terminal symbols),an error rule is generatedvhich hasthe same
right-handside asthe original rule exceptthat a pre-terminalsym-
bol on theright-handsideis removed? So,for examplefor therule

np(Num Per) --> det(Num Per), nbar ( Num Per)

thefollowing two errorruleswill begenerated:

np(Num Per) mi ssi ngop nbar(Num Per)
np(Num Per) mi ssi ngop det (Num Per)

For unaryrulessuchas

np(Num Per) --> pro(Num Per)

no errorruleswith an emptyright-handsideare generatedinstead,
for eachrule which hasthe category np( Num Per) on its right-

handside,a correspondingerror rule is generatedvhich omits this

catgory. An error rule isn’'t generatedf its right-handsideis the
sameastheright-handsideof a corventionalrule, e.g.for therule

nbar (Num Per) --> adj, n(Num Per)

theerrorrule
nbar (Num Per) mi ssingop n(Num Per)

isn’'t generatedgincethis alreadyexistsin the grammarasa corven-
tionalrule.

3.3.3 Extraword errors

For eachrule in the grammar (excluding rules expanding pre-
terminal symbols),an error rule is generatedvhich hasthe same
right-handside asthe original rule exceptthat a symbolis addedat
somepositionin therule. This symbolmustbe capableof matching
with ary pre-terminalsymbolin the grammar:in a typed systemit

couldbethemostgenerawordtype;in the systemdescribechere,a
Prologvariableis used resultingin the addedbonusthattheseerror
rulescancopewith extra constituentaswell asextrawords.Given,
for example therule

vp_pastp --> v_pastp, pp.
thefollowing two errorrulesaregenerated:

vp_pastp extraop v_pastp, X pp.
vp_pastp extraop v_pastp, pp, X.

4 It mightbeinterestingo investigateto whatextentmissingword errorrules
provide atreatmenfor thegrammaticaphenomenonwf ellipsis.

4 Robust Recovery Algorithm

For all appropriate errorrules

1. Add anactive edgecorrespondingo thatrule to thechartagenda

2. Reinvokethebottomup chartparser stopwhenall solutionshave
beenfound or whenthereareno moreedgeson theagenda

3. If therearesolutionsrecordthem

4. Remaove all edgesin the chartwhich have arisenfrom the error
rule

Figure2. Recwery Algorithm

Therobust recovery parsingalgorithmis givenin Fig 2. The al-
gorithm takes asinput a sentencevhich hasfailed to parseusinga
bottom-upchartparserlt is importantthata bottom-upparsingstrat-
egy asopposedo atop-davn oneis usedduringthe normalparsing
phase A bottom-upparseris driven by the wordsin the input sen-
tenceandwill be guaranteedo find all partial parsesn theungram-
maticalsentenceA top-davn parserontheotherhand,is drivenby
thegrammarrulesandwill run out of steamJeaving sectionsof the
input sentencauntouchedAll the chartedgesbuilt during the nor-
mal parsingphaseactive andinactive, areavailableto the recorery
algorithm.After anerrorrule hasbeentried (whethersuccessfullyor
unsuccessfully)step4 wipestheslatecleanfor thenext errorrule. It
ensureshatthereis nointeractionbetweererrorrules.

Fig. 3 detailsthe algorithm which is usedto selectappropriate
errorrules.The errorop connectve corresponds$o ary connecte
which appearsn anerrorrule, e.g.missingop or spellop (seesec-
tion 3.3).

Stepl is usedto chooseerrorrulescorrespondingdo replacement
errors.For this kind of error, appropriatesrrorrulesareselectecon
thebasisof theactualwordsin theinputsentencen aprocessimilar
to thechartinitialization process.

Step2 is usedto chooseerrorrulescorrespondingo missingand
extraword errors.Thechartedgenotation

W — — > a.[start, end]

is explainedasfollows: a category W consistingof the categyory se-
guencex hasbeenfoundbetweerthepositionsstart andend in the
inputsentenceTheselectiorprocesss acombinatiorof thebottom-
uprule of chartparsin§(step2a)anda left andright scanof thechart
(step2(a)i).

5 Evaluation

The robust recovery algorithm describedin Fig. 2 and Fig. 3 was
appliedto the 50 testsentencewhich wererandomlyextractedfrom
theerrorcorpus.Theshortessentencén thesetof testsentencebas
4 words,thelongesthas35 wordsandthe averagesentencéengthis
20 words.

5 Whenachartis initialized, eachword in theinput sentencés examinedand
anactive edgeis addedo the chartbeforethis word for eachgrammarrule
which hasthis word asits right handside.

6 The bottom-uprule of chartparsingstatesthatif thereis aninactive edge
of a particularsyntacticcatgory, X, spanninga particularsectionof the
chart,thenary rule which hasX asthefirst cat@ory onits right-handside
is addedasanactive edgeatthe beginning of this chartsection.



1. Forall words,w, in theinputsentence
(a) Add all errorrulesof theform
Z errorop w
to the chartin theform of anactive edgebeforew
2. Forall inactive edges
W — — > a.[start, end]
foundduringthe normalparsingphase
(a) For all errorrulesof theform
7 errorop W 3

i. If thereis anactve edgein the chartendingat positionstart
lookingfor Z orif positionstart is atthestartof thesentence,
andif thereis asequencef inactive edgesn thechartstarting
at positionend for the cateyory sequences, thentherule is
appropriate.

ii. Otherwisetheerrorruleis discarded.

Figure 3. Algorithm to chooseappropriateerrorrules

5.1 Accuracy

Therecovery processvasdeemedo have workedif oneof the cor-
rectionsit proposedor aninput sentencenatchedhecorrectedver-
sion of the sentenceAccordingto this measurethe robustrecovery
procedureachievzed an accurag rate of 84%. The 8 failed attempts
canbeexplainedasfollows:

1. Morethan oneerror in the sentence2 sentences thetestdata
containedwo separaterrors,e.g.thesentence

Fromall of the above considerations,
the following roadnap for the has been
derived derived for this presentation

which containsa missingword error along with an extra word
error. Step4 in therecovery algorithmmeanghatonly oneerror
rule is ever consideredduring ary one parseattempt,with the
result that this algorithm will not handle sentencesontaining
two or moreerrors.The next stepin this researchs to modify the
algorithmsothatit canconsidermorethanoneerrorrule under
certaincontrolledcircumstances.

2. Compositeerrors: 3 sentencefn the testdatacontaineda com-
positeerror, e.g.thesentence

But not one of themis capable to deal
with robustness as a whol e

which canbecorrectecby replacingt o with of andby replacing
deal with deal i ng. Sentencegontaininga compositeerror
will not be dealtwith underthis approachfor the samereason
that sentencegontainingmore than one error won't: only one
error rule can be consideredat ary one time. To deal with

compositeerrors,therecovery algorithmwill needto be modified
sothatit hasthepotentialto usemorethanoneerrorrule atatime.

3. Failureto recognizea sentenceasungrammatical: 3 sentences
in the corpuswere not recognizedas ill-formed by the normal
parsere.g.thesentence

Conpared to syntactic valid structures,

the set of syntactically incorrect

sent ences can be considered al npbst

infinite
which canbe correctedby replacingthe adjectve synt acti c
with theadwerbsynt acti cal | y.If therecoreryalgorithmwas
appliedto thesesentenceshe appropriateobust parsewould be
suggestedyut sincethey arenot ungrammaticahccordingto the
testgrammay the recovery processwill never be applied.Short
of extendingthe testgrammarsothatits grammaticakonstraints
malke useof sophisticatedemanti@andcontetual information(in
itself a formidabletask),thesekinds of casesreunaroidable.

5.2 Efficiency

AverageParseNo. | AverageCycle No.
Corrected | 2.1 820.4
ll-formed | 4.1 5225.2

Figure4. Someperformanceesults

Fig.4 compareghe ill-formed sentencesvhich could be parsed
correctlyto their correctedcounterpartsin termsof averagenum-
ber of parsesand averagenumberof parsecycles. The notion of a
parsecycle was proposedy [9] asanimplementation-independent
measuref a chartparsers efficiengy. In oneparsecycle, anedgeis
taken from the agendaaddedto the chartand used(via the funda-
mentalandbottom-uprulesof chartparsing)to proposemoreedges.

Theincreasén numberof parsedor thesetof ill-formed sentences
is expectedsincetherobustrecovery algorithmis essentiallypropos-
ing ways of correctingan ill-formed sentenceand eachcorrection
will have a certainnumberof parsesassociatedvith it. Considerfor
example theill-formed sentence

W Il be declaring their undying |ove for
each ot her

Thecorrectedversionof the above sentencés thesentence

WIIl they be declaring their undying |ove
for each other

andthisrecevves4 parsesTherobustparsingalgorithmfindsthese4
parsesalongwith another4 associatedvith the otherpossiblecor
rection,i.e.

They will be declaring their undying |ove
for each other.

The parsecycle numberfor an ill-formed sentencencludesthe
parsecycle numberfor the original parseof the sentencdwhenno
parsesarefound)plustheparsecycle numberfor therecovery parse.
Thelargefigure givenin Fig.4is alsonot a mysterygiventhe large
numberof error rules. The reductionin the parsecycle numberfor
theill-formed sentencess a goalfor furtherresearchThefollowing
arepossiblewaysin whichimprovementscouldbe made:

1. Just one correction The numberof parsecycleswill be signifi-
cantlyreducedf therecorery phaseparsingstopsafter oneerror
rule has parsedsuccessfully The problemwith this is that, for



somesentenceghereis morethanonewayto correctthesentence
and the first correctionobtaineddoesnot always correspondo
the correctone.A probabilisticorderingof the errorrules(along
thelinesproposedy [8]) suggestiself asapossiblewvay around
this problem.However, in order for realistic probabilitiesto be
computedmoreerrorswill needto becollected.

2. Choosingerror rules Anotherwayto reducehenumberof parse
cyclesis to reducethe numberof inactive edgesand/orwordsin
the sentencevhich areusedto choosethe appropriateerrorrules
(seeFig. 3). This could be doneby guessingwherein the input
sentencethe error is mostlikely to have occurred.[9] suggests
thatrunningatop-davn parseon an ungrammaticasentencedi-
rectly afterrunningabottom-upparse canbeusedto pinpointthe
locationof anerror. Thistechniqueneedgo beinvestigatedvithin
the contet of theapproactdescribecdhere.

6 Conclusions

Therobust parsingtechniquedescribedn this paperis basedon the
conceptof an error grammay which provides a set of error rules
describingungrammaticakentencesn the sameway that a con-
ventionalgrammarprovidesruleswhich describegrammaticaken-
tencesTherulesin anerrorgrammararedistinguishedy meansof
arule connectie from rulesin the normalgrammarbut they canbe
parsedusingnormalchartparsingtechniquesThe errorrulesthem-
selvesarerealisticsincethey arederivedfrom normalgrammarules
onthebasisof actualerrordata.Therecovery algorithmdescribedn
this paperis designedo useoneerrorrule togetherwith theresults
producedby a bottom-upchartparserin orderto find a parsefor an
ungrammaticakentenceThe decisionto usejust one error rule at
atime hasalsobeenjustified by empiricaldata.The recovery pars-
ing algorithm hasachiezed promisingresultsin its first evaluation,
resultswhich, it is expectedwill beimprovedwhenthe suggestions
for furtherwork have beencarriedout.
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