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Abstract. This paperpresentsa robustparsingapproachwhich is
designedto addresstheissueof syntacticerrorsin text. Theapproach
is basedon theconceptof anerrorgrammarwhich is a grammarof
ungrammaticalsentences.An errorgrammaris derived from a con-
ventionalgrammaron the basisof an analysisof a corpusof ob-
servedill-formed sentences.A robustparsingalgorithmis presented
which is appliedafter a conventionalbottom-upparsingalgorithm
hasfailed.This algorithmcombinesa rule from the error grammar
with rulesfrom the normalgrammarto arrive at a parsefor an un-
grammaticalsentence.Thisalgorithmis appliedto 50testsentences,
with encouragingresults.

1 Intr oduction

A traditionalrule-basedparser, whenfacedwith a sentencewhich is
notdescribedby its grammar, will fail to returnany information.The
aimof arobustparseris to behavesensiblywhenconfrontedwith in-
put which doesnot conformto its ideasabouta particularlanguage.
Oneof thewaysin which a parser’s expectationscanbeconfounded
is if the input containsa syntacticerror. The ideal way for a robust
parserto behave whenconfrontedwith an ungrammaticalsentence
is to recognizethat thesentenceis ungrammatical,to suggestpossi-
ble error diagnoses,andfor eachdiagnosis,to produceappropriate
parses.

Thispaperproposesa robusttext parsingapproachwhich is capa-
ble of handlinga largeclassof syntacticerrors.An overview of the
ideais given in section2 andcomparisonsaremadeto previousat-
temptsto tacklethis issue.A descriptionof thedatawhich formsthe
basisof thisapproachis givenin section3,section4 describesthero-
bustparsingalgorithmandsection5 detailsapreliminaryevaluation
of theapproachandprovidessuggestionsfor improvement.

2 Overview

A collectionof authenticungrammaticalsentenceswasanalysed.On
the basisof this analysis,a setof transformationswasappliedto a
context-free phrasestructuregrammaryielding an error grammar
or a grammarof likely ungrammaticalsequences.This error gram-
marcontainsa sequenceof error rules, whereeacherror rule corre-
spondsto aparticularerrorwhichmightbeexpectedto occur. When
a bottom-upchart parserfails to find a parsefor a sentence,a re-
covery parsingprocessis un dertaken.This recovery phaseusesthe
edgesfound during the normal parsingphasetogetherwith edges
arisingfrom anerrorrule in its attemptto arrive at acompleteparse.
In orderto keepthesearchspacewithin a reasonablelimit, theinter-
actionbetweenerrorrulesis keptto a minimum.Thebenefitsof this
approachto robustparsingareasfollows:
�
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1. A uniform framework for handling differ ent classesof 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
theproblemof 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 theproblemof missingor extra word errors.
Theapproachoutlinedin this paperdoesnotneedto rely on such
ad-hocmethodssinceall errorsaredealtwith within theuniform
framework of anerrorgrammar.

2. A clear model of ungrammaticality : Probabilistic parsers,
suchas thosedescribedin [2], are by their very naturerobust
sincethey make no distinctionbetweenthe grammaticalandthe
ungrammatical.According to [10], this is a good thing sincea
clearline cannotalwaysbedrawn betweenthetwo. However, the
fact that languageerrorsdo undoubtedlyoccur, meansthat the
conceptof ungrammaticalitycannotbe dismissed.Theuseof an
errorgrammarhastheadvantageof providing a linguistic model
of ungrammaticality– thismeansthatill-formed sentencescanbe
diagnosedassuch,insteadof beingviewed merelyassentences
occurring with a low frequency. The use of an error grammar
is, however, compatiblewith a probabilistic view of language
processingsince each individual error rule can be augmented
with a probability (derivedfrom a corpusof ill-formed sentences
suchasa larger versionof the onedescribedin section3), thus
allowing onerobustparseto bepreferredover another.

3. Limiting the number of robust parses: Constraintrelaxationat-
temptsto solve the problemof ill-formed input quickly become
intractableunlessstrictly controlled. This is becauseany con-
straintwhich failscanpotentiallyberelaxed,leadingto nonsensi-
cal parsesfor anungrammaticalsentence.Take, for example,the
ungrammaticalsentence

Want to saving money?

A constraintrelaxationapproachhasthe potentialto suggestthe
following asa parsefor this sentence:

[s [pro want] [vp [verb to] [np [det saving] [noun
money]]]]

Onesolution to this problemhasbeenproposedby [5] - all the
potentialparsesaregeneratedand thenranked on the basisof a
generalnotionof “information loss”. It is not clearhow well this
worksin practice.[3] limit thenumberof parsesby statingin ad-
vancewhatconstraintsmayberelaxed.Theapproachoutlinedin
this paperis closerin spirit to the latterapproach.Error 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 correspondingto
patternsof ill-formedness.Eachmeta-rulecorrespondsto a conven-
tional rule andit is invokedduringa parsewhena conventionalrule
fails. This approachis very similar in spirit to mine but thereare
differences.Themeta-rulesareintegratedinto themainparsingpro-
cess,whereasin my approachthe error-rulesareonly appliedafter
a normalparsehasfailed.Theintegrationof themeta-rulesinto the
main parsingphaseis a consequenceof the fact that the parseris a
top-down ATN ratherthan a chartparser. This meansthat thereis
lesscontrolover whenthemeta-rulesareinvoked,sincethey canbe
appliedevenbeforesectionsof theinputhavebeenencountered.An-
otherconsequenceof theATN-basedapproachis thatthemeta-rules
aremoreproceduralthandeclarative — it is difficult to view them
in isolationfrom theactualparsingalgorithmandsothey cannotbe
usedasa modelof ungrammaticalityin thesameway that theerror
rulesdescribedin thispapercan.

Mal-rules or error productions areusedwithin thefield of applied
linguisticsto describetheerrorstypically madeby the learnersof a
language.[11] describeaparsingsystem(theICICLE system)which
identifiessyntacticerrorsin thewriting of native speakersof Amer-
icanSignLanguagewho arelearningEnglishasa secondlanguage.
Thissystemusesmal-rulesto modeltheerrorswhichareexpectedto
be madeby this community. SchneiderandMcCoy’s approachdif-
fersfrom minein two fundamentalways:

1. Their attentionis restrictedto secondlanguageerrorsand they
explicitly attemptto modelthesecondlanguagelearningprocess.
Theclassof errorshandledby theapproachoutlinedin this paper
is moregeneral- thisclassincludesany typeof syntacticerror, be
it languagelearningerrorsor performanceerrors.2

2. Theparsingprocessemployedby [11] is notatwo-stageone.This
meansthatwhena sentenceis beingparsed,thesetof mal-rules
areavailablealongwith the setof normal rulesfrom the outset,
with theunfortunateconsequencethatgrammaticalsentencescan
be parsedwith mal-rulesand henceflaggedas ungrammatical.
Sincethereareno restrictionson whenthe mal-rulescanbe ap-
plied andon how many canbeappliedat any onetime, theprob-
lem of spirallingspuriousambiguityis alsoanissuehere.

3 Err or Data

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

3.1 Err or CorpusCollection

A complementaryprojectto this robust parsingstudyis the compi-
lation of a corpusof ungrammaticallanguage.Thecorpuscurrently
contains6,650words.Every time a sentencecontaininga syntactic
erroris noted,thefollowing stepsarecarriedout.

1. Thesentenceis addedto thecorpus.
�

[7] distinguishesbetweenerrorswhich occurasa resultof lack of knowl-
edgeof the language,i.e. languagelearningerrors,andthosewhich occur
asanoversight.Theformerareknown aserrors andthelattermistakes. In
this papertheword “error” is usedwith its moregeneralmeaning.

2. A noteis madeof wherethesentenceoccurred.
3. Theerrorin thesentenceis diagnosedandbasedonthisdiagnosis,

thesentenceis corrected.
4. The correctedsentenceis addedto a parallel corpusof well-

formedsentences.
5. A noteis madeof whatwasdoneto correctthesentence.For ex-

ample,to correctthesentence

Are people really capable to understand-
ing them?

theinfinitival markerto is replacedby theprepositionof.

Not only doesthe error corpusprovide us with invaluableinfor-
mationon whatkind of errorspeopletendto make whenwriting or
typing,it alsoprovidesuswith asetof testdatawhichcanbeusedto
testany robust parser. Storingthecorrectedversionof the sentence
alongwith theill-formed sentencemeansthattheresultsproducedby
a robust parsercanbe easilyevaluated.If oneof the solutionspro-
posedby theparsermatchesthecorrectedsentence,thentheparser
hassuccessfullyparsedtheill-formed sentence.This evaluationpro-
cedureis carriedout for the robust parsingstrategy describedhere
(seeSection5), andit is envisagedthatthesameprocedurecouldbe
usedto comparetheability of severalparsersto understandungram-
maticalsentences,irrespective of their approachto parsing.

An importantaspectof this corpuscompilationis thatthecontext
in which the error occursis always available.This meansthat the
sentencescanbe correctedwithout ambiguity. This will not be the
casefor someill-formed sentencestaken out of context, e.g. in the
sentence

Where did these woman learn such arro-
gance?

taken from the British National Corpus3, there is no way to tell
whetherthesentenceshouldbecorrectedby changingthedeterminer
these or by changingthenounwoman.

The errorsin the corpuscomefrom the following sources:aca-
demicpapersandtheses,newspapers,magazines,novels,textbooks,
websites,lecturenotes,studentassignments,pamphlets,emailsand
technicalmanuals.Thisis quiteabroadsourceof material,especially
whencomparedto otherattemptsto createa repositoryof errors:[6]
only collect errors in dateexpressionsin studentassignmentsand
newspapers;[1] usean online discussionforum astheir only error
source.

3.2 Analysing the Err ors

Before the errorswere analyzed,50 sentenceswere randomlyex-
tractedfrom the corpusfor the purposesof testing(seesection5).
Theremaining306sentenceswereanalyzed.

Everytimeasentenceis addedto thecorpus,anoteis madeof the
operationthatis neededto correctthesentence.It is this information
which is analyzed.Fig. 1 indicatesthe correctionoperationswhich
wereappliedto the sentencesin the corpus.The frequency of each
correctionoperationis provided alongwith two examplesfrom the
errorcorpusandtheir correctionsfrom theparallelcorrectedcorpus.

Anotherpossiblecorrectionoperationis themove operationwhich
moves a word from the sentenceinto anotherposition within the
sentence.However, sincesuchan operationoccursrelatively infre-
quently (2%, accordingto this corpus),the decisionwas taken to
defineit in termsof theaddanddeleteoperations,andto treaterrors
�
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Corr ection
Operation

Examples

Replace a word
(47%) �

the theory in empiri-
cal � the theory is em-
pirical�
staff was allowed to re-
turn � staff were allowed
to return

Add a word
(27%) �

Will be declaring their
undying love for each
other? � Will they be
declaring their undying
love for each other?�
we must assume the valid-
ity this induction prin-
ciple � we must assume the
validity of this induction
principle

Delete a word
(18%) �

Why is do they appear � Why
do they appear�
Such databases can be
to some extent be im-
proved � Such databases can
be to some extent improved

More thanoneof
above (8%) �

This means to allow
structure-sharing � This
means structure-sharing is
allowed�
What does a single line
yellow mean? � What does a
single yellow line mean?

Figure1. Corpusanalysisresults

which could be correctedin this way ascomposite errors or errors
whichcanbecorrectedby applyingmorethanonecorrectionopera-
tion. It is alsopossibleto definethereplacementoperationin terms
of theaddanddeleteoperations,but sincereplacementerrorsoccur
frequently, thisoperationis seenasavalid correctionoperationin its
own right.

Another interestingpoint to note is that 92% of the errors that
occurcanbecorrectedby applyingjust one correctionoperation.It
is theseerrorswhich will behandledby therobustparsingapproach
describedhere.Compositeerrorsarenot handled,althoughthey are
not incompatiblewith this approach.

3.3 Generating the Err or Grammar

A grammarof well-formed languageis neededin order to gener-
atea grammarof ill-formed. The only constrainton the format of
thegrammaris that it mustbeparsableusinga chartparser. To test
this error grammarapproach,a context-free phrasestructuregram-
mar containing1,106ruleswasused.Thenon-terminalsymbolsof
thegrammarareaugmentedwith agreementfeatureswhereappropri-
ate.For eacherrortype,theprocessof generatingerrorrulesfor this
typeis described.Theerrorrulesweregeneratedmanuallybut there
is no reasonwhy this generationprocedurecouldnotbeautomated.

3.3.1 Replacement errors

In a sentencecontaininga replacementerror, the erroneousword
mustbe replacedby a word that is similar in someway to it. The
ways in which two words can be similar correspondto particular
typesof replacementerrorsfound in the error corpus.Theseareas
follows:

1. A word canbereplacedby a word similar to it in spelling.This is
determinedasfollows:awordX is similar in spellingto awordY
if X canbetransformedinto Y by changingor deletingoneletter
in X, or by addinga letterto X, e.g.nor with not

2. If the word is a noun,verb or determiner, it canbe replacedby
the sameword with a different value for an agreementfeature,
e.g.first personam with third personis, singularman with plural
men

3. If the word is a verb, it can be replacedby the sameverb with
a different form, e.g. infinitival tell with presentparticiple
telling

4. If theword is apreposition,it canbereplacedby any otherprepo-
sition,e.g.for with of

5. A word canbereplacedby a word with thesamelexical root but
with a differentpartof speechcategory, e.g.adjectivesyntac-
tic with adverbsyntactically

So,for eachrule in thegrammarwhich expandsa pre-terminalsym-
bol (i.e. a part-of-speechcategory),anerror rule is generatedfor all
the wordswhich aresimilar to the right-handsideof this rule, ac-
cordingto thesimilarity criteriajust described.For 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 [am]



verb(sing,third)� vformop [be]
verb(sing,third) vformop [being]
verb(sing,third) vformop [been]

To distinguish error rules from conventional grammarrules, the
���
	 connective is replacedby aconnectivewhichdescribestheer-
ror, e.g.theconnectivespellop refersto replacementerrorswhich
resultwhenthecorrectandincorrectwordaresimilar in spelling,the
connectiveagreeop refersto replacementerrorswherethecorrect
andincorrectword have conflictingvaluesfor anagreementfeature,
andtheconnectivevformop refersto replacementerrorswherethe
two words(or verbs)have conflictingverb form values.In all other
respectstheseconnectivesmeanthesamething astheconventional
rule connective ���
	 .

3.3.2 Missing word errors

For each rule in the grammar (excluding rules expanding pre-
terminal symbols),an error rule is generatedwhich hasthe same
right-handsideasthe original rule except that a pre-terminalsym-
bol on theright-handsideis removed.4 So,for example,for therule

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

thefollowing two errorruleswill begenerated:

np(Num,Per) missingop nbar(Num,Per)
np(Num,Per) missingop det(Num,Per)

For unaryrulessuchas

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

no error ruleswith anemptyright-handsidearegenerated.Instead,
for eachrule which hasthe category np(Num,Per) on its right-
handside,a correspondingerror rule is generatedwhich omits this
category. An error rule isn’t generatedif its right-handside is the
sameastheright-handsideof a conventionalrule,e.g.for therule

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

theerrorrule

nbar(Num,Per) missingop n(Num,Per)

isn’t generatedsincethis alreadyexists in thegrammarasa conven-
tional rule.

3.3.3 Extra word errors

For each rule in the grammar (excluding rules expanding pre-
terminal symbols),an error rule is generatedwhich hasthe same
right-handsideastheoriginal rule exceptthata symbolis addedat
somepositionin therule.This symbolmustbecapableof matching
with any pre-terminalsymbol in the grammar:in a typedsystemit
couldbethemostgeneralword type;in thesystemdescribedhere,a
Prologvariableis used,resultingin theaddedbonusthat theseerror
rulescancopewith extra constituentsaswell asextra words.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.
�

It mightbeinterestingto investigateto whatextentmissingworderrorrules
provide a treatmentfor thegrammaticalphenomenonof ellipsis.

4 Robust Recovery Algorithm

For all appropriate errorrules

1. Add anactive edgecorrespondingto thatrule to thechartagenda
2. Reinvokethebottomupchartparser- stopwhenall solutionshave

beenfoundor whentherearenomoreedgeson theagenda
3. If therearesolutionsrecordthem
4. Remove all edgesin the chartwhich have arisenfrom the error

rule

Figure2. Recovery Algorithm

The robust recovery parsingalgorithmis given in Fig 2. The al-
gorithm takesasinput a sentencewhich hasfailed to parseusinga
bottom-upchartparser. It is importantthatabottom-upparsingstrat-
egy asopposedto a top-down oneis usedduringthenormalparsing
phase.A bottom-upparseris driven by the wordsin the input sen-
tenceandwill beguaranteedto find all partialparsesin theungram-
maticalsentence.A top-down parser, on theotherhand,is drivenby
thegrammarrulesandwill run out of steam,leaving sectionsof the
input sentenceuntouched.All the chartedgesbuilt during the nor-
mal parsingphase,active andinactive, areavailableto therecovery
algorithm.After anerrorrulehasbeentried(whethersuccessfullyor
unsuccessfully),step4 wipestheslatecleanfor thenext errorrule.It
ensuresthatthereis no interactionbetweenerrorrules.

Fig. 3 details the algorithm which is usedto selectappropriate
error rules.The ��
�
���
���� connective correspondsto any connective
which appearsin anerror rule,e.g. ����������������� or ������� � ��� (seesec-
tion 3.3).

Step1 is usedto chooseerrorrulescorrespondingto replacement
errors.For this kind of error, appropriateerror rulesareselectedon
thebasisof theactualwordsin theinputsentence,in aprocesssimilar
to thechartinitializationprocess.5

Step2 is usedto chooseerrorrulescorrespondingto missingand
extra worderrors.Thechartedgenotation

! �"�
	$#&%(' ��)+*,
�).-/����0�1
is explainedasfollows: a category

!
consistingof thecategory se-

quence# hasbeenfoundbetweenthepositions��)/*2
�) and����0 in the
inputsentence.Theselectionprocessis acombinationof thebottom-
upruleof chartparsing6(step2a)andaleft andright scanof thechart
(step2(a)i).

5 Evaluation

The robust recovery algorithm describedin Fig. 2 and Fig. 3 was
appliedto the50testsentenceswhichwererandomlyextractedfrom
theerrorcorpus.Theshortestsentencein thesetof testsentenceshas
4 words,thelongesthas35wordsandtheaveragesentencelengthis
20words.
3

Whenachartis initialized,eachword in theinputsentenceis examinedand
anactive edgeis addedto thechartbeforethisword for eachgrammarrule
whichhasthisword asits right handside.4
The bottom-uprule of chartparsingstatesthat if thereis an inactive edge
of a particularsyntacticcategory, X, spanninga particularsectionof the
chart,thenany rule which hasX asthefirst category on its right-handside
is addedasanactive edgeat thebeginningof this chartsection.



1. For all5 words,6 , in theinputsentence

(a) Add all errorrulesof theform
7 ��
�
���
�����6

to thechartin theform of anactive edgebefore6
2. For all inactive edges

! �"�
	$#&%(' �8)/*,
�).-/���90�1
foundduringthenormalparsingphase

(a) For all errorrulesof theform
7 ��
�
���
���� !;:

i. If thereis anactive edgein thechartendingat position ��)+*,
�)
lookingfor

7
or if position ��)/*2
�) isatthestartof thesentence,

andif thereis asequenceof inactiveedgesin thechartstarting
at position ����0 for the category sequence

:
, thenthe rule is

appropriate.

ii. Otherwisetheerrorrule is discarded.

Figure3. Algorithm to chooseappropriateerrorrules

5.1 Accuracy

Therecovery processwasdeemedto have worked if oneof thecor-
rectionsit proposedfor aninputsentencematchedthecorrectedver-
sionof thesentence.Accordingto this measure,therobustrecovery
procedureachieved an accuracy rateof 84%.The 8 failed attempts
canbeexplainedasfollows:

1. Mor ethan oneerror in the sentence: 2 sentencesin thetestdata
containedtwo separateerrors,e.g.thesentence

From all of the above considerations,
the following roadmap for the has been
derived derived for this presentation

which containsa missingword error along with an extra word
error. Step4 in therecovery algorithmmeansthatonly oneerror
rule is ever consideredduring any one parseattempt,with the
result that this algorithm will not handlesentencescontaining
two or moreerrors.Thenext stepin this researchis to modify the
algorithmso that it canconsidermorethanoneerror rule under
certaincontrolledcircumstances.

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

But not one of them is capable to deal
with robustness as a whole

whichcanbecorrectedby replacingto with of andby replacing
deal with dealing. Sentencescontaininga compositeerror
will not be dealt with underthis approachfor the samereason
that sentencescontainingmore than one error won’t: only one
error rule can be consideredat any one time. To deal with
compositeerrors,therecoveryalgorithmwill needto bemodified
sothatit hasthepotentialto usemorethanoneerrorruleatatime.

3. Failur e to recognizea sentenceasungrammatical: 3 sentences
in the corpuswere not recognizedas ill-formed by the normal
parser, e.g.thesentence

Compared to syntactic valid structures,
the set of syntactically incorrect
sentences can be considered almost
infinite

which canbe correctedby replacingthe adjective syntactic
with theadverbsyntactically. If therecoveryalgorithmwas
appliedto thesesentencesthe appropriaterobust parsewould be
suggested,but sincethey arenot ungrammaticalaccordingto the
test grammar, the recovery processwill never be applied.Short
of extendingthe testgrammarso that its grammaticalconstraints
makeuseof sophisticatedsemanticandcontextual information(in
itself a formidabletask),thesekindsof casesareunavoidable.

5.2 Efficiency

AverageParseNo. AverageCycleNo.
Corrected 2.1 820.4
Ill-f ormed 4.1 5225.2

Figure4. Someperformanceresults

Fig.4 comparesthe ill-formed sentenceswhich could be parsed
correctly to their correctedcounterparts,in termsof averagenum-
ber of parsesandaveragenumberof parsecycles.The notion of a
parsecycle wasproposedby [9] asan implementation-independent
measureof a chartparser’s efficiency. In oneparsecycle, anedgeis
taken from the agenda,addedto the chartandused(via the funda-
mentalandbottom-uprulesof chartparsing)to proposemoreedges.

Theincreasein numberof parsesfor thesetof ill-formedsentences
is expected,sincetherobustrecoveryalgorithmis essentiallypropos-
ing waysof correctingan ill-formed sentence,andeachcorrection
will have acertainnumberof parsesassociatedwith it. Consider, for
example,theill-formed sentence

Will be declaring their undying love for
each other

Thecorrectedversionof theabove sentenceis thesentence

Will they be declaring their undying love
for each other

andthis receives4 parses.Therobustparsingalgorithmfindsthese4
parses,alongwith another4 associatedwith theotherpossiblecor-
rection,i.e.

They will be declaring their undying love
for each other.

The parsecycle numberfor an ill-formed sentenceincludesthe
parsecycle numberfor theoriginal parseof the sentence(whenno
parsesarefound)plustheparsecyclenumberfor therecoveryparse.
The largefiguregiven in Fig.4 is alsonot a mysterygiven the large
numberof error rules.The reductionin the parsecycle numberfor
theill-formed sentencesis a goalfor furtherresearch.Thefollowing
arepossiblewaysin which improvementscouldbemade:

1. Just one correction The numberof parsecycleswill be signifi-
cantlyreducedif therecovery phaseparsingstopsafteroneerror
rule hasparsedsuccessfully. The problemwith this is that, for



somesentences,thereis morethanonewayto correctthesentence
and the first correctionobtaineddoesnot always correspondto
thecorrectone.A probabilisticorderingof theerror rules(along
thelinesproposedby [8]) suggestsitself asapossiblewayaround
this problem.However, in order for realistic probabilitiesto be
computed,moreerrorswill needto becollected.

2. Choosingerror rules Anotherwayto reducethenumberof parse
cyclesis to reducethenumberof inactive edgesand/orwordsin
thesentencewhich areusedto choosetheappropriateerror rules
(seeFig. 3). This could be doneby guessingwherein the input
sentencethe error is most likely to have occurred.[9] suggests
that runninga top-down parseon anungrammaticalsentence,di-
rectlyafterrunningabottom-upparse,canbeusedto pinpointthe
locationof anerror. Thistechniqueneedsto beinvestigatedwithin
thecontext of theapproachdescribedhere.

6 Conclusions

Therobustparsingtechniquedescribedin this paperis basedon the
conceptof an error grammar, which provides a set of error rules
describingungrammaticalsentencesin the sameway that a con-
ventionalgrammarprovidesruleswhich describegrammaticalsen-
tences.Therulesin anerrorgrammararedistinguishedby meansof
a rule connective from rulesin thenormalgrammarbut they canbe
parsedusingnormalchartparsingtechniques.Theerrorrulesthem-
selvesarerealisticsincethey arederivedfrom normalgrammarrules
onthebasisof actualerrordata.Therecoveryalgorithmdescribedin
this paperis designedto useoneerror rule togetherwith theresults
producedby a bottom-upchartparserin orderto find a parsefor an
ungrammaticalsentence.The decisionto usejust oneerror rule at
a time hasalsobeenjustified by empiricaldata.The recovery pars-
ing algorithmhasachieved promisingresultsin its first evaluation,
resultswhich, it is expected,will beimprovedwhenthesuggestions
for furtherwork have beencarriedout.
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