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Abstract

The parsingcommunity haslong recog-
nizedthe importanceof lexicalized mod-
els of syntax. By contrast,thesemodels
do not appearto have had an impact on
the statisticalNLG community To prove
theirimportancein NLG, we show thata
lexicalized modelof syntaximprovesthe
performanceof a statisticaltext compres-
sionsystemandshow resultsthatsuggest
it would alsoimprove theperformancesf
anMT applicationanda purenaturallan-
guagegeneratiorsystem.

1 Intr oduction

We distinguish betweenthree types of language
models:

e n-gramlanguaganodelslook only atword se-
guencedo gaugethe quality of asentence.

e Non-lexicalized syntax models consideronly
syntacticstructuredown to the level of word
tagsin assessinghe grammaticalityof a sen-
tence.A PCFGis anexampleof suchamodel.

e Lexicalized syntax modelstake into account
both sentencesyntaxand lexical valueswhen
determiningthe quality of asentence.

The parsing community has long recognized
the importance of lexicalized models of syntax
for building robust natural languageapplications.
For example, Charniak(1997) showved that by us-
ing a lexicalized syntax model insteadof a non-
lexicalized PCFG syntax model trained on Penn
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Treebanldata,onecanincreasehe performanceof
a syntacticparserfrom 73.75% labeledrecall and
precisionto 83.75%. More sophisticatedexicalized
modelsof syntax(Collins, 1997; Charniak,2000)
have increasedhe performanceof syntacticparsers
to 90% labeledrecall and precision. Lexicalized
modelsof syntaxhave beenalso proven usefulin
speechrecognition(Chelbaand Jelinek,1998) and
languagamodeling(Charniak,2001;Roark,2001).

By contrast,lexicalized modelsof syntaxdo not
appeatto have hadanimpacton the statisticalNLG
community Langkilde and Knight (1998),for ex-
ample,usean n-grammodelto selectbetweendif-
ferentlexical renderingsof a meaningrepresenta-
tion. Knight and Marcu (2000) usea combination
of bigramandcontet free probabilitiesto selectbe-
tweensentencecompressions.To our knowledge,
the only NLG work that resonatesvith the work in
parsing speechrecognition,andlanguagemodeling
is thatof BangaloreandRambav (2000),who show
that a statisticalgeneratiorsystemthat usesa lexi-
calizedhierarchicalmodel of syntaxoutperformsa
systenthatusesarandommodel.

Giventhe smallinterestin exploiting lexicalized
modelsof syntaxin 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 lexicalized modelsof syn-
taxin NLG, we focus on threedistinct tasks,each
involving a generationcomponent.First, we show
that a lexicalized model of syntaxcanimprove the
performanceof a statistics-basetkxt compression
system. Secondwe show that a lexicalized model
of syntaxmayimprove the outputsof a Chinese-to-
Englishmachingranslationsystem.Finally, we an-
alyzetheresultsof a purenaturallanguagegenera-



tion systemt

In eachexperiment,we assesghe impactthat a
lexicalizedmodelof syntaxmay have onimproving
thequality of existing systemausinganoff-the-shelf
componentthe parseibuilt by Charniak(2000).

Our useof Charniaks parsemrovidesfor aloose
couplingof alexicalizedmodelof syntaxwith agen-
erationsystem,which is far from ideal. Neverthe-
less, theseexperimentsprovide evidencethat lex-
icalized modelsof syntaxcanimprove the quality
of the outputsof statistics-basedenerators. Our
resultsmotivatework aimedat building generation
systemghat choosebetweerpossiblerenderingsof
the samemeaningusing not only n-gram proba-
bilistic models, but lexicalized modelsof syntax,
suchasthoseproposedy Collins (1997)andChar
niak (2000).

2 Statistical Summarization

2.1 DocumentCompression

To assessheimpactthatlexicalizedmodelsof syn-
taxmayhave onthetaskof summarygenerationye
usedanoisy-channeflocumentompressiomsystem
(Daunglll andMarcu,2002),whichgeneralizeshe
sentenceompressiorsystemdevelopedby Knight
andMarcu (2000)to thedocumentevel.

In Daunt and Marcu’s system, possibledocu-
mentcompressiongre packedinto a shared-forest
structure which contains explicit channel-model
probability scores. Thesechannelprobabilitiesare
basedon discourseé?CFGprobabilitiesand syntac-
tic PCFGprobabilities aswell ascompressiomprob-
abilities. Noneof theseprobabilitiesarelexicalized.

We thenusea genericforestrankerwhich com-
binesthesechannebprobabilitieswith bigram-based
sourcemodelprobabilities(Langkilde,2000)to ex-
tract the top scoringcompression.The only point
at which lexicalization entersthe modelis in the
bigram-basedourcemodel. This leadsto the gen-
erationof mary poor syntacticstructures. For in-
stance the modeldoesnot know the differencebe-
tweentransitive andintransitiveverbs,andtherefore
will often “compressoff” the objectsof transitive
verbs.

We are grateful to EugeneCharniakfor suggestinghese
experimentgo us.

After thesystemwasconstructedwe evaluatedts
performancen 16 documentghoserfrom the Wall
StreetJournalportion of the PennTreebank,each
containingbetweent1 ands87 words’. We alsoeval-
uatedit on5 documentselectedrom theMitre cor
pus (Hirschmanet al., 1999), eachdocumentcon-
tainingbetweert4 and91 words.We usedtwo cor
porato seewhetherthesystems performancevaried
with text genre. In the evaluations the systemout-
performedabaselinesystempresentedby Knight &
Marcu (2000),appliediteratively. However, it still
mademary errorswhichwouldnothave beenmade,
hadit hadagoodgraspof EnglishgrammarWe per
formedanexhaustve erroranalysisonthesystemo
seewhereit couldbeimproved.

2.2 Error Analysis

After analyzingtheerrorsthe systenmade we clas-
sified them into ten classesgachlisted in Table 1
with anexampleof the errorandanexampleof this
errorfixed.

We thentakulatedthefrequeng with whichthese
error occurredin the summariesproducedby the
system.They areshavnin Table2.

Three of these error classescan be consid-
ered grammaticalityerrors: DET, MoD, COMP,
NoVERe andNuM. Thesethreealoneaccountfor
37 errorsout of a total of 57 errors. It seemed
that the integration of a lexicalized model of syn-
tax into the sourcemodelwould easily remore all
of theseproblems.Sincethedocumentompression
systemwasableto outputan n-bestlist of possible
compressionsye wereableto rerankthis list using
Charniaks parser

2.3 Syntax-BasedReranking

To dothisrerankingwe modifiedCharniaks (2000)
parser so that instead of outputting the optimal
parsetree for a given sentenceijt outputsits non-
normalizedmaximum entropyscore. We thenran
the modified parseron the 1000bestcompressions
accordingo thebigrammodel,normalizedheprob-
abilities by length and chosethe single bestcom-
pression.

2Becausé¢hereareanexponentianumberof summarieshat
canbegeneratedor ary text, the decoderunsout of memory
for longer documentstherefore,we selectedshortersubtets
from the original documents.



Grammatical Err ors

DET - A nounor nounphrases missingadeterminer

Erroneous “El Pasoownsandoperatesefinery’
Fixed “El Pasoownsandoperates refinery’

CoMmP - Thecomplemenbf averbor nounis missing,renderingthe outputungrammatical.

Erroneous “Banco Exteriorwasrun by politicianswho lackedthe skills or the will.”

“Banco Exteriorwasrun by politicianswho lackedthe skills or thewill todo... .

”

Num - Oftenif theoriginaldocumentontainsa percentagé€for instance’5%"), thenumberwill bedroppedwithoutthe percent-

Fixed
agesign.
Erroneous “Therateis %.".
Fixed “Therateis5%/..

NOVERB - Sentencdackingaverh

Erroneous “Stewart,thebuilder”
Fixed “It is namedfor Stevart,the builder”

Discourse/Coheence-spedfic Err ors

ANTE - Theantecedendf ananaphotasbeendroppedresultingin incoherence.

Erroneous “Termsaresubjectto changethecompaly said’

Fixed

“Termsaresubjectto change BankoExteriorsaid”

CUE+ - Uninterpretablecue-word. For instance,f D, and D, form a discourseconstituentand D- is contrasting); and D,

beginswith “But”, but D; is droppedsoshouldbe“But.”

Erroneous “But the proposedransactiorcallsfor anexchangeof thedebt. .. ”

Fixed

“The proposedransactiorcallsfor anexchangeof thedebt. .. ”

CUE- - A cueword or phrasds missing,renderingthe outputincoherent.

Erroneous “The Presidentf the United Statesurgedthearmedforcesto advance.His commanderslid nothave

theinitiative”
Fixed
not have theinitiative”

Summarization-specificErr ors

“Presidentof the United Statesurgedthe armedforcesto advance Whenhedid, his commanderslid

MobD - A nominalmodifierwhich shouldnot have beendroppedhasbeenandsignificantmeanings lost.

Erroneous “Tonswill fill dampbarnsacrosgheland?
Fixed

M1ss - Thecompressiomissesmportantinformation.

EXTRA - Thecompressiomrontainsunimportantinformation.

“Tonsof vegetables .. will fill dampbarnsacrosgheland”

Table1: Typesof errorsin thetexts generatedby the model.

This is far from anideallanguagemodel. For in-
stance,thereis no guaranteehat the structurethe
parsemwill derive for the sentencewill bethe same
structurehecompressiomodelgeneratediFurther
more, sincethe parserassume®snly oneinput sen-
tence the scoregproducedoy the bestparsefor two
differentsentencemay notbe comparable.

2.4 Evaluation

After reranking,we performedthe sameerroranal-
ysisasbefore.Theresultsfor the new erroranalysis
aresummarizedn Table3.

We canseefrom thedeltarow in Table3 (negative

numbersaregood),thatwe remosed mostgrammat-
icality errors.We sav modestimprovementwith re-
spectto the droppingof importantmodifiers;this is
to be expected,though,sincethe syntaxmodelhas
no idea of “importance. The sameamgumentex-
plainsthe minimal changen the missingantecedent
problems.We removed all instancesof extra infor-
mationbut addedsevenadditionalcountsof missing
information.

Any summarizatiorsystemmust balancelength
of summaryagainstinformational and grammati-
cal quality. In orderto have more documentsof
higher grammaticality more words are often nec-
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Table2:

Tahulation of theerrorsin thetexts generatedby themodel.
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1
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0 4 0 0 15 0

Delta

-9
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0
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Table3: Takulationof theerrorsin thetexts generatedby the modelwith syntax-basedescoring.

essary which reducesthe amountof information are noticeableto a user we carried out a subjec-
which canbe packednto a summaryof comparable tive evaluation. We presented® humanjudgeswith

length.Here,by remarving mostof thegrammatical- the outputsgeneratedy the original text compres-
ity errors,we causedhe systemto dropsomeof the sionsystemtheresultsafterrescoringandhuman-
importantinformation.

To determinewhetherthe changesn the system 0 rank outputson a scalefrom 1 to 5 (5 beingthe

generateccompressions.Thesejudgeswere asked



Mitre Texts
CmpGrm Coh Qual
0.473.572.902.80
0.303.003.052.23
0.464.704.454.10

WSJTexts
CmpGrm CohQual
0.473.112.982.55
0.423.413.112.64
0.594.384.333.97

Old
Rescore
Hand

Table4: EvaluationResults

best)on metricsof compressiomate (Cmp), Gram-
maticality (Grm), CoherencgCoh) and Compres-
sion Quality (Qual). The resultsof this evaluation
aresummarizedn Table4.

In the Wall StreetJournaldata,therewasa mod-
erateimprovementin grammaticalitycoherencand
quality, as error analysissuggested.In the Mitre
data,grammaticalityand quality went down signif-
icantly, while coherenceemainedsteady This can
be attributed to two factors. First, therewere few
errorsin the Mitre datato startwith andthus less
roomfor improvement;SecondtheMitre datais out
of domainfor both the documentcompressiorsys-
temandfor the parser which leadsto lessreliable
statistics.

3 Machine Translation

For our machindranslationexperimentswe usethe
statisticalMT systenmof YamadaandKnight (2001).
Thissystenproducegnglishtranslation®f foreign
languagesentenceby exploiting threecomponents:

e A Translationmodel (TM). For ary givenpair
(Englishparsetree e, foreign languagestring
f), thismodelreturnsa probability P(f|e).

e A Languagemodel(LM). For ary Englishtree
e, thismodelreturnsa probability P(e).

e A Searchalgorithm. Givena foreignlanguage
sentencef, this algorithmsearchegor the En-
glish tree e that maximizesP(e|f) ~ Pf(e) -

P(fle).

Yamadaand Knight (2001; 2002) describethe
TM and the searchalgorithm, respectiely. The
searchalgorithmtakesa foreign languagesentence
and producesa vast numberof candidateEnglish
trees, packedinto a forest structure, as in sum-
marization (see Section 2), then searchedor the
highest-scoringree. The currentalgorithm usesa
trigram LM, ignoring the internal structureof the

candidatdrees.Therefore the systemdoesnot nec-
essarilyproducesyntacticallycorrecttranslations.

To seethe effect of a lexicalizedsyntaxlanguage
model,we performedwhatautomaticspeechrecog-
nition (ASR) researchergall “a cheatingexperi-
ment”. For agivenacousticsignal, ASR researchers
know boththecorrecttargettranscription A, (which
wasdoneby hand)andthe currentautomaticsystem
transcriptionB. Theprobabilisticscorefor B will be
greaterthanthatfor A. However, a new knowledge
sourcemayprovide additionalscoreghatcauseA to
bererankechigher Thisis cheatingor two reasons:
(1) it doesnot include a searchalgorithmthatinte-
grateshenew knowledgesourceand(2) theremay
beanincorrectstring C thatscoreshigherthanboth
A andB underreranking.

This kind of experimentis not regularly donein
machinetranslationbecausdhereis no single cor-
rect translationA. Using a humantranslationas a
target A doesnotwork, becausdaumantranslations
areoftennon-literalandcurrentstatisticaimodelsdo
not recognizethem as good translations. To rem-
edy this, we manuallycreateda setof tamget trans-
lations,which we called“hope” translations.These
are good translationsthat we believe to be within
reachof the system: we canreasonabljhopethat
the systemwould preferthem.

In our experiment,we scorebothhopesentences,
A, andcurrentsystemtranslationsB, over a num-
berof examplesusingcombination®f theseknowl-
edgesources:

e T:translationmodel
e R:word-trigramlanguagemodel
e C:scorefrom Charniaks parser

Table 5 shows the results. A sentencemarked
“decl”is adecodeputput(Sentencdd) and“hope”
is a hopesentencgSentence?); lower scoresare
better Thelastrow shows the averagedifferenceof
the score(a positive differencemeansthat the sys-
tem prefers“hope” sentence®ver currentsystem
outputs). Justaborve the last row is the numberof
sentencewhichrankedbetter®

3The score from Charniaks parser (C) is a

—log(un-normalizecprob), thus it may vyield negative
value.The TM scoresarecalculatedrom parsetrees,notfrom
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(H37 : ADJUNCT "earlier"

:LOd CAL- SUBJECT (H5 / "conpany")
/ "announce"

: ADJUNCT (H34 : ADJUNCT "its"
/ "plan"))

Figurel: An underspecifiednhput for the sentence,
"Earlier the compary announcedts plans.

As expected,our current system(T+R) almost
neverranksthehopesentencaigherthanthesystem
sentencelf wereplacehetrigrammodelwith Char
niak's parser(T+C), the hope sentenceis ranked
higher than the originally preferredsentencesn 9
cases.Theseresultsareslightly betterthanrerank-
ing with the parser(T+R+C). Bestresultsare ob-
tained by assigninga higher weight to the parser
scorerelative to thetranslatiormodel(T+2C): here,
thehopesentenceomesoutontopin 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-Geary2002). The inputs
derived were feature-alue dependeng structures,
wherethe featuresrepresensyntacticrelationships
betweernvaluesandthe valueswereeitherwordsin
root form or a nestedfeature-alue structure. The
inputs were underspecifiedvith respectto proper
ties such as part-of-speectcatayory, tense,voice,
and number aswell asconstituentorderandsome
closed-classwords like auxiliary verbs and deter
miners.Underspecificatiomeststhe ability of alan-
guagemodelto pick the bestsolutionfrom amonga
setof choices.

HALogen overgeneratepossibleexpressiondor
an input, in part becauseof enumeratingpossible
choicesfor underspecifiedietails. It thenrankspo-
tentialoutputsusingann-grammodel. Both bigram
andtrigram modelswere available,but because¢he
trigram modeltakestwo ordersof magnitudemore
time to use(roughly 40 minutesper sentenceyer-
susl minutepersentencdor thebigrammodel),the
sentencesvere generatedising the bigrammodel.
sentenced-or “decl” sentencesye usethe parsetreereturned
from the decodetto calculateit. For “hope” sentencesye use

a parsetree generatedrom Collins parser(1997)to calculate
it. Thus,theremaybedifferentT scoredor the samesentence.

Onehundredsentencewererandomlychoserfrom
amongthesuccessfull\generatedutputs.Eachwas
pairedwith its original Treebanksentenceandthen
trigram and Charniak-parsescoreswere calculated
for all the sentencesAbout 3% of thesentenceairs
wereexactmatchesSentencewithin pairshadvery
similar lengthsin all cases. The averagesentence
lengthwas 24 tokens. The original Treebanksen-
tencesenesasagold standardor the generatar

Trigram scoresfor original Treebanksentences
scoredbetterthanthe output of the generatorsys-
tem 71% of the time. In comparison,Charniak-
parsescorespreferredthe original Treebanksen-
tences83% of thetime. This indicatesthatthe gen-
eratorsystemwould benefitevenmorefrom a statis-
tical modelof syntaxthanfrom trigrams.

5 Conclusion

In statistical summarization,we have shown that
having a lexicalized syntaxmodelreduceshe fre-
gueny of grammaticalerrorsthroughboth a care-
ful error analysisand a human evaluation. We
furthermoreshow that a lexicalized syntax model
mightassisin theselectiorof goodtranslationsn a
syntax-basednachinetranslationsystem. Finally,
we presentresultsthat indicate the importanceof
lexicalized modelsof syntaxin the HALogen nat-
ural languagegeneratiorsystem(Langkilde-Geary
2002).

It seemsfrom theseresultsthat the integration
of such a languagemodel in thesetasksand in
statisticalnaturallanguagegenerationsystemswill
prove to be fruitful. Most importantly, all three
of thesesystemsusethe sameforestranking algo-
rithm/componentThus,if thisonecomponentvere
extendedto use a lexicalized model of syntaxin
placeof thecurrentrn-gramscoringmethod the per
formanceof all threesystemwould undoubtedlym-
prove significantly.
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