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Abstract

The parsingcommunityhas long recog-
nizedthe importanceof lexicalizedmod-
els of syntax. By contrast,thesemodels
do not appearto have had an impact on
thestatisticalNLG community. To prove
their importancein NLG, we show thata
lexicalizedmodelof syntaximprovesthe
performanceof a statisticaltext compres-
sionsystem,andshow resultsthatsuggest
it wouldalsoimprovetheperformancesof
anMT applicationanda purenaturallan-
guagegenerationsystem.

1 Intr oduction

We distinguish betweenthree types of language
models:

��� -gramlanguagemodelslook only atword se-
quencesto gaugethequality of asentence.

� Non-lexicalized syntax modelsconsideronly
syntacticstructuredown to the level of word
tagsin assessingthe grammaticalityof a sen-
tence.A PCFGis anexampleof sucha model.

� Lexicalized syntax models take into account
both sentencesyntaxand lexical valueswhen
determiningthequalityof asentence.

The parsing community has long recognized
the importanceof lexicalized models of syntax
for building robust natural languageapplications.
For example,Charniak(1997) showed that by us-
ing a lexicalized syntax model insteadof a non-
lexicalized PCFG syntax model trained on Penn

Treebankdata,onecanincreasetheperformanceof
a syntacticparserfrom ���	�
����
 labeledrecall and
precisionto ���	�
����
 . Moresophisticatedlexicalized
modelsof syntax (Collins, 1997; Charniak,2000)
have increasedtheperformanceof syntacticparsers
to ����
 labeledrecall and precision. Lexicalized
modelsof syntaxhave beenalso proven useful in
speechrecognition(ChelbaandJelinek,1998)and
languagemodeling(Charniak,2001;Roark,2001).

By contrast,lexicalizedmodelsof syntaxdo not
appearto have hadanimpacton thestatisticalNLG
community. LangkildeandKnight (1998), for ex-
ample,usean � -grammodelto selectbetweendif-
ferent lexical renderingsof a meaningrepresenta-
tion. Knight andMarcu (2000)usea combination
of bigramandcontext freeprobabilitiesto selectbe-
tweensentencecompressions.To our knowledge,
theonly NLG work that resonateswith thework in
parsing,speechrecognition,andlanguagemodeling
is thatof BangaloreandRambow (2000),whoshow
that a statisticalgenerationsystemthat usesa lexi-
calizedhierarchicalmodelof syntaxoutperformsa
systemthatusesarandommodel.

Given the small interestin exploiting lexicalized
modelsof syntax in NLG, we may concludethat
suchmodelshave no role to play in this area. In
this paper, we show that this is not the case. To
prove the importanceof lexicalizedmodelsof syn-
tax in NLG, we focus on threedistinct tasks,each
involving a generationcomponent.First, we show
that a lexicalizedmodelof syntaxcanimprove the
performanceof a statistics-basedtext compression
system. Second,we show that a lexicalizedmodel
of syntaxmayimprove theoutputsof a Chinese-to-
Englishmachinetranslationsystem.Finally, we an-
alyzethe resultsof a purenaturallanguagegenera-



tion system.1

In eachexperiment,we assessthe impact that a
lexicalizedmodelof syntaxmayhave on improving
thequalityof existingsystemsusinganoff-the-shelf
component:theparserbuilt by Charniak(2000).

Our useof Charniak’sparserprovidesfor a loose
couplingof alexicalizedmodelof syntaxwith agen-
erationsystem,which is far from ideal. Neverthe-
less, theseexperimentsprovide evidencethat lex-
icalized modelsof syntaxcan improve the quality
of the outputsof statistics-basedgenerators. Our
resultsmotivatework aimedat building generation
systemsthatchoosebetweenpossiblerenderingsof
the samemeaningusing not only n-gram proba-
bilistic models, but lexicalized modelsof syntax,
suchasthoseproposedby Collins (1997)andChar-
niak (2000).

2 Statistical Summarization

2.1 DocumentCompression

To assesstheimpactthat lexicalizedmodelsof syn-
taxmayhaveonthetaskof summarygeneration,we
usedanoisy-channeldocumentcompressionsystem
(DauḿeIII andMarcu,2002),whichgeneralizesthe
sentencecompressionsystemdevelopedby Knight
andMarcu(2000)to thedocumentlevel.

In Dauḿe and Marcu’s system,possibledocu-
mentcompressionsarepackedinto a shared-forest
structure which contains explicit channel-model
probability scores.Thesechannelprobabilitiesare
basedon discoursePCFGprobabilitiesandsyntac-
tic PCFGprobabilities,aswell ascompressionprob-
abilities.Noneof theseprobabilitiesarelexicalized.

We thenusea genericforest rankerwhich com-
binesthesechannelprobabilitieswith bigram-based
sourcemodelprobabilities(Langkilde,2000)to ex-
tract the top scoringcompression.The only point
at which lexicalization entersthe model is in the
bigram-basedsourcemodel. This leadsto the gen-
erationof many poor syntacticstructures. For in-
stance,themodeldoesnot know the differencebe-
tweentransitiveandintransitiveverbs,andtherefore
will often “compressoff” the objectsof transitive
verbs.

1We aregrateful to EugeneCharniakfor suggestingthese
experimentsto us.

After thesystemwasconstructed,weevaluatedits
performanceon ��� documentschosenfrom theWall
StreetJournalportion of the PennTreebank,each
containingbetween��� and ��� words2. Wealsoeval-
uatedit on � documentsselectedfrom theMitre cor-
pus (Hirschmanet al., 1999), eachdocumentcon-
tainingbetween��� and �	� words.We usedtwo cor-
porato seewhetherthesystem’sperformancevaried
with text genre. In theevaluations,the systemout-
performedabaselinesystempresentedby Knight &
Marcu (2000),appliediteratively. However, it still
mademany errorswhichwouldnothavebeenmade,
hadit hadagoodgraspof Englishgrammar. Weper-
formedanexhaustiveerroranalysisonthesystemto
seewhereit couldbeimproved.

2.2 Err or Analysis

After analyzingtheerrorsthesystemmade,weclas-
sified them into ten classes,eachlisted in Table1
with anexampleof theerrorandanexampleof this
errorfixed.

We thentabulatedthefrequency with which these
error occurredin the summariesproducedby the
system.They areshown in Table2.

Three of these error classescan be consid-
ered grammaticalityerrors: DET, MOD, COMP,
NOVERB andNUM. Thesethreealoneaccountfor
��� errors out of a total of ��� errors. It seemed
that the integration of a lexicalized model of syn-
tax into the sourcemodelwould easily remove all
of theseproblems.Sincethedocumentcompression
systemwasableto outputan � -bestlist of possible
compressions,we wereableto rerankthis list using
Charniak’sparser.

2.3 Syntax-BasedReranking

To dothisreranking,wemodifiedCharniak’s(2000)
parser so that instead of outputting the optimal
parsetree for a given sentence,it outputsits non-
normalizedmaximumentropyscore. We then ran
the modifiedparseron the 1000bestcompressions
accordingto thebigrammodel,normalizedtheprob-
abilities by length and chosethe single bestcom-
pression.

2Becausethereareanexponentialnumberof summariesthat
canbegeneratedfor any text, thedecoderrunsout of memory
for longer documents;therefore,we selectedshortersubtexts
from theoriginal documents.



Grammatical Err ors

DET - A nounor nounphraseis missingadeterminer.

Erroneous “El Pasoownsandoperatesrefinery.”
Fixed “El Pasoownsandoperatesa refinery.”

COM P - Thecomplementof a verbor nounis missing,renderingtheoutputungrammatical.

Erroneous “BancoExteriorwasrun by politicianswho lackedtheskills or thewill.”
Fixed “BancoExteriorwasrun by politicianswho lackedtheskills or thewill to do ����� .”

NUM - Oftenif theoriginaldocumentcontainsa percentage(for instance“5%”), thenumberwill bedroppedwithout thepercent-
agesign.

Erroneous “The rateis %.”.
Fixed “The rateis 5%.”.

NOVERB - Sentencelackinga verb.

Erroneous “Stewart,thebuilder.”
Fixed “ It is namedfor Stewart,thebuilder.”

Discourse/Coherence-specific Err ors

ANTE - Theantecedentof ananaphorhasbeendropped,resultingin incoherence.

Erroneous “Termsaresubjectto change,thecompany said.”
Fixed “Termsaresubjectto change,BankoExteriorsaid.”

CUE+ - Uninterpretablecue-word. For instance,if ��� and ��� form a discourseconstituentand ��� is contrasting��� and ���
beginswith “But”, but � � is dropped,soshouldbe“But.”

Erroneous “But theproposedtransactioncallsfor anexchangeof thedebt ����� ”
Fixed “The proposedtransactioncallsfor anexchangeof thedebt ����� ”

CUE- - A cuewordor phraseis missing,renderingtheoutputincoherent.

Erroneous “The Presidentof theUnitedStatesurgedthearmedforcesto advance.His commandersdid nothave
theinitiative.”

Fixed “Presidentof theUnitedStatesurgedthearmedforcesto advance.Whenhedid,his commandersdid
nothave theinitiative.”

Summarization-specificErr ors

M OD - A nominalmodifierwhich shouldnothave beendroppedhasbeenandsignificantmeaningis lost.

Erroneous “Tonswill fill dampbarnsacrosstheland.”
Fixed “Tonsof vegetables��� � will fill dampbarnsacrosstheland.”

M I SS - Thecompressionmissesimportantinformation.

EXTRA - Thecompressioncontainsunimportantinformation.

Table1: Typesof errorsin thetexts generatedby themodel.

This is far from anideal languagemodel. For in-
stance,thereis no guaranteethat the structurethe
parserwill derive for thesentencewill be the same
structurethecompressionmodelgenerated.Further-
more,sincethe parserassumesonly oneinput sen-
tence,thescoresproducedby thebestparsefor two
differentsentencesmaynotbecomparable.

2.4 Evaluation

After reranking,we performedthesameerroranal-
ysisasbefore.Theresultsfor thenew erroranalysis
aresummarizedin Table3.

Wecanseefrom thedeltarow in Table3 (negative

numbersaregood),thatweremovedmostgrammat-
icality errors.We saw modestimprovementwith re-
spectto thedroppingof importantmodifiers;this is
to be expected,though,sincethe syntaxmodelhas
no idea of “importance.” The sameargumentex-
plainstheminimalchangein themissingantecedent
problems.We removed all instancesof extra infor-
mationbut addedsevenadditionalcountsof missing
information.

Any summarizationsystemmust balancelength
of summaryagainstinformational and grammati-
cal quality. In order to have more documentsof
higher grammaticality, more words are often nec-



Grammaticality Discourse Summarization
DET MOD COMP NUM NOVERB ANTE CUE+ CUE- M ISS EXTRA

wsj 0607 ! !
wsj 0616 ! ! ! !
wsj 0632 !
wsj 0654 ! ! !
wsj 0655 !
wsj 0667 ! " !
wsj 0689 ! ! ! !
wsj 1126 " ! !
wsj 1146 !
wsj 1189 ! " !
wsj 1307 ! ! " !
wsj 1331 !
wsj 1346 " !
wsj 1376 ! ! !
wsj 1380 ! !
wsj 2386 ! ! !
rm5-10 ! ! !
rm5-22 ! ! "
rm5-27 ! !
rm5-6 ! !
rm5-9
Count !�# !$! !�% ! " & " " ' %

Table2: Tabulationof theerrorsin thetexts generatedby themodel.

Grammaticality Discourse Summarization
DET MOD COMP NUM NOVERB ANTE CUE+ CUE- M ISS EXTRA

wsj 0607
wsj 0616 ! !
wsj 0632 ! !
wsj 0654 !
wsj 0655 ! ! !
wsj 0667 !
wsj 0689 " ! !
wsj 1126 !
wsj 1146 !
wsj 1189
wsj 1307 !
wsj 1331 ! !
wsj 1346 !
wsj 1376 ! !
wsj 1380 ! !
wsj 2386 !
rm5-10 ! !
rm5-22 ! !
rm5-27 ! "
rm5-6
rm5-9 ! !
Count ! ' ( ! # ( # # !)& #
Delta *,+ *,% *,+ # *-" *.! *-" *-" /.0 *,%

Table3: Tabulationof theerrorsin thetexts generatedby themodelwith syntax-basedrescoring.

essary, which reducesthe amountof information
whichcanbepackedinto a summaryof comparable
length.Here,by removing mostof thegrammatical-
ity errors,wecausedthesystemto dropsomeof the
importantinformation.

To determinewhetherthe changesin the system

are noticeableto a user, we carriedout a subjec-
tive evaluation.We presented� humanjudgeswith
the outputsgeneratedby theoriginal text compres-
sionsystem,theresultsafter rescoring,andhuman-
generatedcompressions.Thesejudgeswereasked
to rank outputson a scalefrom � to � ( � beingthe



WSJTexts Mitre Texts
CmpGrm CohQual CmpGrm Coh Qual

Old 0.47 3.112.98 2.55 0.47 3.572.90 2.80
Rescored 0.42 3.413.11 2.64 0.30 3.003.05 2.23

Hand 0.59 4.384.33 3.97 0.46 4.704.45 4.10

Table4: EvaluationResults

best)on metricsof compressionrate(Cmp),Gram-
maticality (Grm), Coherence(Coh) and Compres-
sion Quality (Qual). The resultsof this evaluation
aresummarizedin Table4.

In theWall StreetJournaldata,therewasa mod-
erateimprovementin grammaticality, coherenceand
quality, as error analysissuggested. In the Mitre
data,grammaticalityandquality went down signif-
icantly, while coherenceremainedsteady. This can
be attributed to two factors. First, therewere few
errorsin the Mitre datato start with and thus less
roomfor improvement;Second,theMitre datais out
of domainfor both thedocumentcompressionsys-
tem andfor the parser, which leadsto lessreliable
statistics.

3 Machine Translation

For ourmachinetranslationexperiments,weusethe
statisticalMT systemof YamadaandKnight (2001).
ThissystemproducesEnglishtranslationsof foreign
languagesentencesby exploiting threecomponents:

� A Translationmodel(TM). For any givenpair1
Englishparsetree 2 , foreign languagestring354

, this modelreturnsa probability 687 3.9 2�: .
� A Languagemodel(LM). For any Englishtree

2 , thismodelreturnsa probability 687;2<: .
� A Searchalgorithm. Givena foreign language

sentence
3

, this algorithmsearchesfor theEn-
glish treee that maximizes687;2 9=3 :?>@687A2<:CB
687 3D9 2<: .

Yamadaand Knight (2001; 2002) describethe
TM and the searchalgorithm, respectively. The
searchalgorithmtakesa foreign languagesentence
and producesa vast numberof candidateEnglish
trees, packed into a forest structure, as in sum-
marization (seeSection 2), then searchesfor the
highest-scoringtree. The currentalgorithmusesa
trigram LM, ignoring the internal structureof the

candidatetrees.Therefore,thesystemdoesnot nec-
essarilyproducesyntacticallycorrecttranslations.

To seetheeffect of a lexicalizedsyntaxlanguage
model,weperformedwhatautomaticspeechrecog-
nition (ASR) researcherscall “a cheatingexperi-
ment”. For agivenacousticsignal,ASR researchers
know boththecorrecttargettranscription,A, (which
wasdoneby hand)andthecurrentautomaticsystem
transcription,B. Theprobabilisticscorefor B will be
greaterthanthat for A. However, a new knowledge
sourcemayprovideadditionalscoresthatcauseA to
bererankedhigher. This is cheatingfor two reasons:
(1) it doesnot includea searchalgorithmthat inte-
gratesthenew knowledgesource,and(2) theremay
beanincorrectstringC thatscoreshigherthanboth
A andB underreranking.

This kind of experimentis not regularly donein
machinetranslationbecausethereis no singlecor-
rect translationA. Using a humantranslationas a
targetA doesnot work, becausehumantranslations
areoftennon-literalandcurrentstatisticalmodelsdo
not recognizethem as good translations. To rem-
edy this, we manuallycreateda setof target trans-
lations,which we called“hope” translations.These
are good translationsthat we believe to be within
reachof the system: we can reasonablyhopethat
thesystemwouldpreferthem.

In ourexperiment,we scorebothhopesentences,
A, andcurrentsystemtranslations,B, over a num-
berof examples,usingcombinationsof theseknowl-
edgesources:

� T: translationmodel

� R: word-trigramlanguagemodel

� C: scorefrom Charniak’sparser

Table 5 shows the results. A sentencemarked
“dec1” is adecoderoutput(SentenceB) and“hope”
is a hopesentence(SentenceA); lower scoresare
better. Thelastrow shows theaveragedifferenceof
the score(a positive differencemeansthat the sys-
tem prefers“hope” sentencesover current system
outputs). Justabove the last row is the numberof
sentenceswhich rankedbetter.3

3The score from Charniak’s parser (C) is a*,EGF HJI un-normalizedprobK , thus it may yield negative
value.TheTM scoresarecalculatedfrom parsetrees,not from
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(H37 :ADJUNCT "earlier"
:LOGICAL-SUBJECT (H5 / "company")
/ "announce"
:ADJUNCT (H34 :ADJUNCT "its"

/ "plan"))

Figure1: An underspecifiedinput for thesentence,
”Earlier thecompany announcedits plans.”

As expected,our current system(T+R) almost
neverranksthehopesentencehigherthanthesystem
sentence.If wereplacethetrigrammodelwith Char-
niak’s parser(T+C), the hope sentenceis ranked
higher than the originally preferredsentencesin 9
cases.Theseresultsareslightly betterthanrerank-
ing with the parser(T+R+C). Best resultsare ob-
tainedby assigninga higher weight to the parser
scorerelative to thetranslationmodel(T+2C):here,
thehopesentencecomesouton top in 12 cases.

4 Natural LanguageGeneration

From the sentencesin section 23 of the Penn
Treebank,inputs to the HALogen generatorsys-
tem were automatically derived and then re-
generated(Langkilde-Geary, 2002). The inputs
derived were feature-value dependency structures,
wherethe featuresrepresentsyntacticrelationships
betweenvalues,andthevalueswereeitherwordsin
root form or a nestedfeature-valuestructure. The
inputs were underspecifiedwith respectto proper-
ties suchas part-of-speechcategory, tense,voice,
andnumber, aswell asconstituentorderandsome
closed-classwords like auxiliary verbs and deter-
miners.Underspecificationteststheability of a lan-
guagemodelto pick thebestsolutionfrom amonga
setof choices.

HALogen overgeneratespossibleexpressionsfor
an input, in part becauseof enumeratingpossible
choicesfor underspecifieddetails.It thenrankspo-
tentialoutputsusingan � -grammodel.Bothbigram
andtrigram modelswereavailable,but becausethe
trigram modeltakestwo ordersof magnitudemore
time to use(roughly 40 minutesper sentence,ver-
sus1 minutepersentencefor thebigrammodel),the
sentencesweregeneratedusing the bigrammodel.

sentences.For “dec1” sentences,we usetheparsetreereturned
from thedecoderto calculateit. For “hope” sentences,we use
a parsetreegeneratedfrom Collins parser(1997)to calculate
it. Thus,theremaybedifferentT scoresfor thesamesentence.

Onehundredsentenceswererandomlychosenfrom
amongthesuccessfullygeneratedoutputs.Eachwas
pairedwith its original Treebanksentence,andthen
trigramandCharniak-parserscoreswerecalculated
for all thesentences.About3%of thesentencepairs
wereexactmatches.Sentenceswithin pairshadvery
similar lengthsin all cases. The averagesentence
lengthwas24 tokens. The original Treebanksen-
tenceservesasagoldstandardfor thegenerator.

Trigram scoresfor original Treebanksentences
scoredbetter than the output of the generatorsys-
tem 71% of the time. In comparison,Charniak-
parsescorespreferredthe original Treebanksen-
tences83%of thetime. This indicatesthatthegen-
eratorsystemwouldbenefitevenmorefrom astatis-
tical modelof syntaxthanfrom trigrams.

5 Conclusion

In statistical summarization,we have shown that
having a lexicalized syntaxmodel reducesthe fre-
quency of grammaticalerrorsthroughboth a care-
ful error analysisand a human evaluation. We
furthermoreshow that a lexicalized syntax model
mightassistin theselectionof goodtranslationsin a
syntax-basedmachinetranslationsystem. Finally,
we presentresultsthat indicate the importanceof
lexicalized modelsof syntaxin the HALogen nat-
ural languagegenerationsystem(Langkilde-Geary,
2002).

It seemsfrom theseresults that the integration
of such a languagemodel in thesetasks and in
statisticalnaturallanguagegenerationsystemswill
prove to be fruitful. Most importantly, all three
of thesesystemsusethe sameforest rankingalgo-
rithm/component.Thus,if thisonecomponentwere
extendedto use a lexicalized model of syntax in
placeof thecurrent� -gramscoringmethod,theper-
formanceof all threesystemwouldundoubtedlyim-
provesignificantly.
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HalDauḿeIII andDanielMarcu. 2002.A noisy-channel
model for documentcompression.In Proceedingsof
the Conferenceof the Associationof Computational
Linguistics(ACL 2002).

L. Hirschman,M. Light, E. Breck,andJ. Burger. 1999.
Deepread:A readingcomprehensionsystem.In Pro-
ceedingsof the37thAnnualMeetingof theAssociation
for ComputationalLinguistics.

Kevin Knight andDanielMarcu. 2000. Statistics-based
summarization— step one: Sentencecompression.
In The17th National Conferenceon Artificial Intelli-
gence(AAAI–2000), pages703–710,Austin,TX, July
30th– August3rd.

Irene Langkilde and Kevin Knight. 1998. Generation
that exploits corpus-basedstatisticalknowledge. In
Proceedingsof the 36th AnnualMeetingof the Asso-
ciation for Computational Linguisticsandof the17th
International Conferenceon ComputationalLinguis-
tics (COLING/ACL’98), Montreal,Canada,August.

Irene Langkilde-Geary. 2002. An empirical verifica-
tion of coverageandcorrectnessfor a general-purpose
sentencegenerator. In Proceedingsof the 2nd Inter-
nationalConferenceonNatural LanguageGeneration
(INLG 2002)., ArdenHouse,NJ,July.

IreneLangkilde. 2000. Forest-basedstatisticalsentence
generation.In Proceedingsof the1stAnnualMeeting
of theNorth AmericanChapterof theAssociationfor
ComputationalLinguistics, Seattle,Washington,April
30–May3.

Brian Roark. 2001. Probabilistictop-down parsingand
languagemodelling. In Computational Linguistics
27(2), pages249–276.

K. YamadaandK. Knight. 2001. A syntax-basedstatis-
tical translationmodel. In Proceedingsof theConfer-
enceof the Associationof Computational Linguistics
(ACL 2001).

K. YamadaandK. Knight. 2002. A decoderfor syntax-
basedstatisticalMT. In Proceedingsof the Confer-
enceof the Associationof Computational Linguistics
(ACL 2002).


