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Abstract

We present an application of ambigu-
ity packingandstochasticdisambiguation
techniquesfor Lexical-FunctionalGram-
mars (LFG) to the domain of sentence
condensation.Our system incorporates
a linguistic parser/generatorfor LFG, a
transfer componentfor parse reduction
operating on packed parse forests, and
a maximum-entropy model for stochas-
tic outputselection.Furthermore,we pro-
posetheuseof standardparserevaluation
methodsfor automaticallyevaluatingthe
summarizationquality of sentencecon-
densationsystems.An experimentaleval-
uation of summarizationquality shows a
close correlation betweenthe automatic
parse-basedevaluationandamanualeval-
uationof generatedstrings.Overall sum-
marizationqualityof theproposedsystem
is state-of-the-art, with guaranteedgram-
maticalityof thesystemoutputdueto the
useof aconstraint-basedparser/generator.

1 Intr oduction

Recentwork in statisticaltext summarizationhasput
forwardsystemsthatdonotmerelyextractandcon-
catenatesentences,but learn how to generatenew
sentencesfrom!Summar y, Text " tuples.Depend-
ing on the chosentask,suchsystemseithergener-
ate single-sentenceÒheadlinesÓfor multi-sentence
text (Witbrock and Mittal, 1999), or they provide

a sentencecondensationmoduledesignedfor com-
bination with sentenceextraction systems(Knight
and Marcu, 2000; Jing, 2000). The challengefor
suchsystemsis to guaranteethegrammaticalityand
summarizationquality of thesystemoutput,i.e. the
generatedsentencesneedto be syntacticallywell-
formedandneedto retainthemostsalientinforma-
tion of the original document.For examplea sen-
tence extraction systemmight choosea sentence
like:

TheUNIX operating system,with implementations

from Applesto Crays,appears to havethe advan-

tage.

from adocument,whichcouldbecondensedas:

UNIX appears to havetheadvantage.

In the approachof WitbrockandMittal (1999),
selectionand orderingof summarytermsis based
on bag-of-words modelsand n-grams.Suchmod-
els may well producesummariesthat are indica-
tiveof theoriginalÕscontent;however, n-grammod-
els seem to be insufÞcient to guaranteeegram-
matical well-formednessof the systemoutput. To
overcomethis problem,linguistic parsingandgen-
eration systemsare usedin the sentenceconden-
sationapproachesof Knight andMarcu(2000)and
Jing(2000). In theseapproaches,decisionsabout
which material to include/deletein the sentence
summariesdo not rely on relative frequency infor-
mationon words,but ratheron probability models
of subtreedeletionsthat are learnedfrom a corpus
of parsesfor sentencesandtheir summaries.



A relatedareawhere linguistic parsingsystems
have beenappliedsuccessfullyis sentencesimpliÞ-
cation.Grefenstette(1998)presenteda sentencere-
duction methodthat is basedon Þnite-statetech-
nology for linguistic markup and selection, and
Carroll et al. (1998) presenta sentencesimpliÞca-
tion systembasedon linguistic parsing.However,
theseapproachesdo not employ statisticallearning
techniquesto disambiguatesimpliÞcationdecisions,
but ratheriteratively applysymbolicreductionrules,
producingasingleoutputfor eachsentence.

The goal of our approach is to apply the
Þne-grainedtools for stochasticdisambiguationin
Lexical-FunctionalGrammarparsingto the taskof
sentencecondensation.Thesystempresentedin this
paperis conceptualizedasatool thatcanbeusedasa
standalonesystemfor sentencecondensationor sim-
pliÞcation,or in combinationwith sentenceextrac-
tion for text-summarizationbeyond the sentence-
level. In our system,to producea condensedver-
sion of a sentence,the sentenceis Þrst parsedus-
ingabroad-coverageLFGgrammarfor English.The
parserproducesa set of functional (f )-structures
for an ambiguoussentencein a packed format. It
presentstheseto the transfercomponentin a sin-
glepackeddatastructurethatrepresentsin oneplace
the substructuressharedby several different inter-
pretations.Thetransfercomponentoperatesonthese
packedrepresentationsandmodiÞestheparserout-
put to producereducedf -structures.The reduced
f -structuresare then Þltered by the generatorto
determinesyntacticwell-formedness.A stochastic
disambiguatorusing a maximumentropy model is
trainedon parsedand manuallydisambiguatedf -
structuresfor pairs of sentencesand their conden-
sations.Using the disambiguator, the string gener-
ated from the most probablereducedf -structure
producedby the transfersystemis chosen.In con-
trastto theapproachesmentionedabove,oursystem
guarenteesthe grammaticalityof generatedstrings
throughthe useof a constraint-basedgeneratorfor
LFG which usesa slightly tighter version of the
grammarthanis usedby theparser. As shown in an
experimentalevaluationof thesystemoutput,sum-
marizationquality of our systemis high, dueto the
combinationof linguistically Þne-grainedanalysis
toolsandexpressivestochasticdisambiguationmod-
els.

A secondgoal of our approachis to apply the
standardevaluationmethodsfor parsingto anauto-
matic evaluationof summarizationquality for sen-
tencecondensationsystems.Insteadof deploying
costlyandnon-reusablehumanevaluation,or using
automaticevaluationmethodsbasedon word error
rateor n-grammatch,summarizationqualitycanbe
evaluateddirectly andautomaticallyby matchingre-
ducedf -structuresproducedby the systemagainst
manuallyselectedf -structuresof a setof manually
createdcondensations.Suchan evaluationonly re-
quireshumanlaborfor theconstructionandmanual
structuraldisambiguationof a reusablegold stan-
dard test set. Matching against the test set can be
doneautomaticallyandrapidly, andis repeatablefor
developmentpurposesand systemcomparison.As
shown in anexperimentalevaluation,a closecorre-
spondencecanbeestablishedfor rankingsproduced
by theproposedf -structurebasedautomaticevalu-
ationandamanualevaluationof generatedstrings.

2 Statistical SentenceCondensationin the
LFG Framework

In thefollowing,eachof thesystemcomponentswill
bedescribedin moredetail.

2.1 Parsing and Transfer

In this project, a broad-coverage LFG gram-
mar and parser for English was employed (see
Riezleretal. (2002)). The parser producesa set
of context-free constituent (c-)structuresand as-
sociated functional (f -)structures for each in-
put sentence,representedin packed form (see
Maxwell andKaplan(1989)).For sentenceconden-
sation we are only interested in the predicate-
argumentstructuresencodedin f -structures.For ex-
ample, Fig. 1 shows an f -structuremanually se-
lectedoutof the40 f -structuresfor thesentence:

A prototypeis readyfor testing, andLearyhopesto
setrequirementsfor a full systemby theendof the
year.

The transfer componentfor the sentencecon-
densationsystemis basedon a componentprevi-
ously used in a machine translationsystem(see
Frank(1999)). In this application,it consistsof an
orderedsetof rulesthatrewrite onef -structureinto
another. Structuresarebrokendown into ßatlists of



"A prototype is ready for testing , and Leary hopes to set requirements for a full system by the end of the year."

Õbe<[93:ready] >[30:prototype] ÕPRED
Õprototype ÕPRED

countGRAINNTYPE

ÕaÕPRED
DET!FORM a, DET!TYPE indef

DETSPEC

CASE nom, NUM sg, PERS 330

SUBJ

Õready <[30:prototype] >ÕPRED
[30:prototype]SUBJ

ADEGREE positive , ATYPE predicative93
XCOMP

Õfor <[141:test] >ÕPRED
Õtest ÕPRED

gerundGRAINNTYPE
CASE acc , NUM sg, PERS 3, PFORM for , VTYPE main141

OBJ

ADV!TYPE vpadv , PSEM unspecified , PTYPE sem125

ADJUNCT

MOOD indicative , PERF ! _, PROG ! _, TENSE presTNS!ASP
PASSIVE ! , STMT!TYPE decl , VTYPE copular

[252:hope]>s73

Õhope<[235:Leary] , [280:set] >ÕPRED
ÕLeary ÕPRED

properGRAIN
namePROPERNSEM

NTYPE

ANIM +, CASE nom, NUM sg, PERS 3235

SUBJ

Õset <[235:Leary] , [336:requirement] , [355:for] >ÕPRED
[235:Leary]SUBJ

Õrequirement ÕPRED
unspecifiedGRAINNTYPE

CASE acc , NUM pl , PERS 3336

OBJ

Õfor <[391:system] >ÕPRED
Õsystem ÕPRED

Õfull ÕPRED
ADEGREE positive , ADJUNCT!TYPE nominal , ATYPE attributive398

ADJUNCT

unspecifiedGRAINNTYPE

ÕaÕPRED
DET!FORM a, DET!TYPE indef

DETSPEC

CASE acc , NUM sg, PERS 3, PFORM for391

OBJ

PSEM unspecified , PTYPE sem355

OBL

Õby<[469:end] >ÕPRED
ÕendÕPRED

Õof <[519:year] >ÕPRED
Õyear ÕPRED

countGRAINNTYPE

Õthe ÕPRED
DET!FORM the , DET!TYPE def

DETSPEC

CASE acc , NUM sg, PERS 3, PFORM of519

OBJ

ADJUNCT!TYPE nominal , PSEM unspecified , PTYPE sem512

ADJUNCT

countGRAINNTYPE

Õthe ÕPRED
DET!FORM the , DET!TYPE def

DETSPEC

CASE acc , NUM sg, PERS 3, PFORM by469

OBJ

ADV!TYPE vpadv , PSEM unspecified , PTYPE sem451

ADJUNCT

PERF ! _, PROG ! _TNS!ASP
INF!FORM to , PASSIVE ! , VTYPE main280

XCOMP

MOOD indicative , PERF ! _, PROG ! _, TENSE presTNS!ASP
PASSIVE ! , STMT!TYPE decl , VTYPE main252

COORD +_, COORD!FORM and, COORD!LEVEL ROOT197

Figure1: F -structurefor non-condensedsentence.

facts,andrulesmayadd,delete,or changeindivid-
ual facts.Rulesmaybeoptionalor obligatory. In the
caseof optionalrules,transferof asingleinputstruc-
turemayleadto multiplealternateoutputstructures.
The transfercomponentis designedto operateon
packed input from the parserandcanalsoproduce
packed representationsof thecondensationalterna-
tives,usingmethodsadaptedfrom parsepacking.1

An examplerule that(optionally)removesanad-
junct is shown below:

+adjunct(X,Y), in-set( Z,Y) ?=>
delete-node(Z,r1), rul e-trace(r1,del(Z,X)).

This rule eliminatesan adjunct,Z, by deletingthe
fact that Z is containedwithin the set of adjuncts,
Y, associatedwith the expressionX. The + before
the adjunct(X,Y) fact marks this fact as one
that needsto be presentfor the rule to be applied,
but which is left unalteredby the rule application.
The in-set(Z,Y) fact is deleted.Two new facts

1The packingfeatureof the transfercomponentcould not
be employed in theseexperimentssincethe current interface
to thegeneratorandstochasticdisambiguation componentstill
requiresunpackedrepresentations.

are added.delete-node(Z,r1) indicatesthat
the structurerootedat nodeZ is to be deleted,and
rule-trace(r1,del(Z,X)) adds a trace of
this rule to anaccumulatinghistoryof rule applica-
tions.Thishistoryrecordstherelationof transferred
f -structuresto theoriginal f -structureandis avail-
ablefor stochasticdisambiguation.

Rulesusedin the sentencecondensationtransfer
systemincludethe optionaldeletionof all adjuncts
exceptnegatives(e.g.,He slept in the bed.canbe-
comeHeslept., but Hedid notsleep.cannotbecome
He did sleep.or He slept.), the optional deletion
of partsof coordinatestructures(e.g.,They laughed
andgiggled.canbecomeThey giggled.), andsimpli-
Þcations(e.g.It is clear that theearth is round.can
becomeTheearthis round.). For example,onepos-
siblepost-transferoutputof thesentencein Fig. 1 is
shown in Fig. 2.

"A prototype is ready for testing."

Õbe<[93:ready] >[30:prototype] ÕPRED
Õprototype ÕPRED

countGRAINNTYPE

ÕaÕPRED
DET!FORM a, DET!TYPE indef

DETSPEC

CASE nom, NUM sg, PERS 330

SUBJ

Õready <[30:prototype] >ÕPRED
[30:prototype]SUBJ

ADEGREE positive , ATYPE predicative93
XCOMP

Õfor <[141:test] >ÕPRED
Õtest ÕPRED

gerundGRAINNTYPE
CASE acc , NUM sg, PERS 3, PFORM for , VTYPE main141

OBJ

ADV!TYPE vpadv , PSEM unspecified , PTYPE sem125

ADJUNCT

MOOD indicative , PERF ! _, PROG ! _, TENSE presTNS!ASP
PASSIVE ! , STMT!TYPE decl , VTYPE copular73

Figure2: Goldstandardf -structurereduction.

2.2 StochasticSelectionand Generation

The transferrulesare independentof the grammar
andarenotconstrainedto preservethegrammatical-
ity or well-formednessof the reduced f-structures.
Someof the reducedstructuresthereforemay not
correspondto any English sentence,and theseare
eliminatedfrom future considerationby using the
generatorasaÞlter. TheÞlteringis doneby running
eachtransferredstructurethroughthe generatorto
seewhetherit producesan outputstring. If it does
not, the structureis rejected.For example,for the
f -structurein Fig. 1, the transfersystemproposed
32 possiblereductions.After Þltering thesestruc-
turesby generation,16 reducedf -structurescom-



prisingpossiblecondensationsof theinput sentence
survive. The 16 well-formedstructurescorrespond
to the following stringsthat wereoutputtedby the
generator(note that a single structuremay corre-
spondto morethanonestringandagivenstringmay
correspondto morethanonestructure):

A prototypeis ready.
A prototypeis readyfor testing.
Learyhopesto setrequirementsfor a full system.
A prototypeis readyandLearyhopesto setrequire-
mentsfor a full system.
A prototypeis readyfor testingandLearyhopesto
setrequirementsfor a full system.
Learyhopesto setrequirements for a full systemby
theendof theyear.
A prototypeis readyandLearyhopesto setrequire-
mentsfor a full systemby theendof theyear.
A prototypeis readyfor testingandLearyhopesto
setrequirementsfor a full systemby theendof the
year.

After Þltering by the generator, the remaining
f -structureswere weightedby the stochasticdis-
ambiguationcomponent.Similar to stochasticdis-
ambiguationfor constraint-basedparsing(Johnson
et al., 1999; Riezler et al., 2002), an exponential
(a.k.a.log-linearor maximum-entropy) probability
modelon transferredstructuresis estimatedfrom a
setof trainingdata.Thedatafor estimationconsists
of pairs of original sentencesy and gold-standard
summarizedf -structuress whichweremanuallyse-
lectedfrom thetransferoutputfor eachsentence.For
trainingdata{ (sj , yj )} m

j =1 andasetof possiblesum-
marizedstructuresS(y) for eachsentencey, theob-
jective was to maximizea discriminative criterion,
namelytheconditionallikelihoodL(! ) of asumma-
rized f -structuregiven the sentence.Optimization
of thefunctionshown below wasperformedusinga
conjugategradientoptimizationroutine:

L (! ) = log
m∏

j =1

eλáf(sj )
∑

s! S(yj ) eλáf(s)
.

At thecoreof theexponentialprobabilitymodelis a
vectorof property-functionsf to beweightedby pa-
rameters! . For theapplicationof sentenceconden-
sation,13,000property-functionsof roughly three
differentcategorieswereused:

¥ Property-functionsindicating attributes, attri-
bute-combinations,or attribute-valuepairs for
f -structureattributes(# 1,000properties)

¥ Property-functionsindicatingcooccurencesof
verb stemsand subcategorization frames (#
12,000properties)

¥ Property-functions indicating transfer rules
usedto arrive at the reducedf - structures(#
60properties).

A trained probability model is applied to un-
seendataby selectingthemostprobabletransferred
f -structure,yielding the string generatedfrom the
selectedstructureas the target condensation.The
transferedf -structurechosenfor our currentexam-
ple is shown in Fig. 3.

"A prototype is ready."

Õbe<[93:ready] >[30:prototype] ÕPRED
Õprototype ÕPRED

countGRAINNTYPE

ÕaÕPRED
DET!FORM a, DET!TYPE indef

DETSPEC

CASE nom, NUM sg, PERS 330

SUBJ

Õready <[30:prototype] >ÕPRED
[30:prototype]SUBJ

ADEGREE positive , ATYPE predicative93
XCOMP

MOOD indicative , PERF ! _, PROG ! _, TENSE presTNS!ASP
PASSIVE ! , STMT!TYPE decl , VTYPE copular73

Figure3: Transferredf -structurechosenby system.

This structurewasproducedby the following set
of transferrules,wherevar refersto the indicesin
therepresentationof thef -structure:

rtrace(r13,keep(var(98) ,of)),
rtrace(r161,keep(system ,var(85))),
rtrace(r1,del(var(91),s et,by)),
rtrace(r1,del(var(53),b e,for)),
rtrace(r20,equal(var(1) ,and)),
rtrace(r20,equal(var(2) ,and)),
rtrace(r2,del(var(1),ho pe,and)),
rtrace(r22,delb(var(0), and)).

Theserulesdeletethe adjunctof the Þrst conjunct
(for testing), theadjunctof thesecondconjunct(by
theendof theyear), therest of thesecondconjunct
(Learyhopesto setrequirementsfor a full system),
andtheconjunctionitself (and).

3 A Method for Automatic Evaluation of
SentenceSummarization

Evaluationof quality of sentencecondensationsys-
tems,andof text summarizationandsimpliÞcation
systemsin general,hasmostly beenconductedas
intrinsicevaluationby humanexperts.Recently, Pa-
pinenietal.Õs(2001)proposalfor anautomaticeval-



uationof translationsystemsby measuringn-gram
matchesof the systemoutputagainstreferenceex-
ampleshasbecomepopularfor evaluationof sum-
marizationsystems.In addition,an automaticeval-
uationmethodbasedon context-free deletiondeci-
sionshasbeenproposedby Jing(2000).However,
for summarizationsystemsthat employ a linguistic
parseras an integral systemcomponent,it is pos-
sible to employ the standardevaluationtechniques
for parsingdirectly to an evaluationof summariza-
tion quality. A parsing-basedevaluationallows us
to measurethe semanticaspectsof summarization
quality in termsof grammatical-functionalinforma-
tion providedby deepparsers.Furthermore,human
expertise was necessaryonly for the creation of
condensedversionsof sentences,and for the man-
ual disambiguationof parsesassignedto thosesen-
tences.Given sucha gold standard,summarization
quality of a systemcanbe evaluatedautomatically
andrepeatedlyby matchingthestructuresof thesys-
temoutputagainstthegold standardstructures.The
standardmetrics of precision, recall, and F-score
from statisticalparsingcan be usedas evaluation
metrics for measuringmatchingquality: Precision
measuresthe numberof matchingstructuralitems
in theparsesof thesystemoutput andthegoldstan-
dard,out of all structuralitems in the systemout-
putÕs parse;recall measuresthenumberof matches,
outof all itemsin thegoldstandardÕsparse.F-score
balancesprecisionandrecall as (2 $ precisi on $
r ecall )/ (precisi on + r ecall ).

For the sentencecondensationsystempresented
above, thestructuralitemsto bematchedconsistof
relation(predicate, argument)triples. For example,
the gold-standardf -structureof Fig. 2 corresponds
to 23 dependency relations,theÞrst14 of which are
sharedwith the reducedf -structurechosenby the
stochasticdisambiguationsystem:

tense(be:0, pres),
mood(be:0, indicative),
subj(be:0, prototype:2) ,
xcomp(be:0, ready:1),
stmt_type(be:0, declara tive),
vtype(be:0, copular),
subj(ready:1, prototype :2),
adegree(ready:1, positi ve),
atype(ready:1, predicat ive),
det(prototype:2, a:7),
num(prototype:2, sg),
pers(prototype:2, 3),
det_form(a:7, a),

det_type(a:7, indef),
adjunct(be:0, for:12),
obj(for:12, test:14),
adv_type(for:12, vpadv),
psem(for:12, unspecified ),
ptype(for:12, semantic),
num(test:14, sg),
pers(test:14, 3),
pform(test:14, for),
vtype(test:14, main).

Matchingthesef -structuresagainsteachothercor-
respondsto a precisionof 1, recall of .61, and F-
scoreof .76.

Thefact thatour methoddoesnot rely on a com-
parisonof the characteristicsof surfacestringsis a
clearadvantage.Suchcomparisonsarebadat han-
dling exampleswhich are similar in meaningbut
differ in word orderor vary structurally, suchasin
passivization or nominalization.Our methodhan-
dlessuchexamplesstraightforwardly. Fig. 4 shows
two serializationvariantsof thecondensedsentence
of Fig. 2. The f -structuresfor theseexamplesare
similar to the f -structureassignedto thegold stan-
dardcondensationshown in Fig.2 (exceptfor there-
lationsADJUNT-TYPE:parenthetical versus
ADV-TYPE:vpadv versus ADV-TYPE:sadv ).
An evaluationof summarizationqualitythatis based
on matching f -structureswill treat these exam-
plesequally, whereasan evaluationbasedon string
matchingwill yield differentquality scoresfor dif-
ferentserializations.

In the next section,we report experimentalre-
sultsof anautomaticevaluationof thesentencecon-
densationsystemdescribedabove,andshow aclose
correspondencebetweentheautomaticallyproduced
evaluationresultsandhumanjudgmentsonthequal-
ity of generatedcondensedstrings.

4 Experimental Evaluation

The sentences and condensations we used
are taken from data for the experiments of
Knight andMarcu(2000), which were provided to
us by Daniel Marcu. Thesedata consist of pairs
of sentencesand their condensedversions that
have been extracted from computer-news articles
and abstractsof the Ziff-Davis corpus. Out of
thesedata,we parsedandmanually disambiguated
500 sentencepairs. These included a set of 32
sentencepairs that were usedfor testingpurposes
in Knight andMarcu(2000).In orderto control for



"A prototype, for testing, is ready."

Õbe<[221:ready] >[30:prototype] ÕPRED
Õprototype ÕPRED

countGRAINNTYPE

ÕaÕPRED
DET!FORM a, DET!TYPE indef

DETSPEC

CASE nom, NUM sg, PERS 330

SUBJ

Õready <[30:prototype] >ÕPRED
[30:prototype]SUBJ

ADEGREE positive , ATYPE predicative221
XCOMP

Õfor <[117:test] >ÕPRED
Õtest ÕPRED

gerundGRAINNTYPE
CASE acc , NUM sg, PERS 3, PFORM for , VTYPE main117

OBJ

ADJUNCT!TYPE parenthetical , PSEM unspecified , PTYPE sem73

ADJUNCT

MOOD indicative , PERF ! _, PROG ! _, TENSE presTNS!ASP
PASSIVE ! , STMT!TYPE decl , VTYPE copular201

"For testing, a prototype is ready."

Õbe<[177:ready] >[131:prototype] ÕPRED
Õprototype ÕPRED

countGRAINNTYPE

ÕaÕPRED
DET!FORM a, DET!TYPE indef

DETSPEC

CASE nom, NUM sg, PERS 3131

SUBJ

Õready <[131:prototype] >ÕPRED
[131:prototype]SUBJ

ADEGREE positive , ATYPE predicative177
XCOMP

Õfor <[27:test] >ÕPRED
Õtest ÕPRED

gerundGRAINNTYPE
CASE acc , NUM sg, PERS 3, PFORM for , VTYPE main27

OBJ

ADV!TYPE sadv , PSEM unspecified , PTYPE sem11

ADJUNCT

MOOD indicative , PERF ! _, PROG ! _, TENSE presTNS!ASP
PASSIVE ! , STMT!TYPE decl , VTYPE copular83

Figure4: F -structurefor word-ordervariantsof gold
standardcondensation.

the small corpussizeof this testset,we randomly
extractedan additional32 sentencepairs from the
500parsedanddisambiguatedexamplesasasecond
test set. The rest of the 436 randomly selected
sentencepairs were used to createtraining data.
For the purposeof discriminative training, a gold-
standardof transferredf -structureswas created
from the transferoutputandthe manuallyselected
f -structuresfor the condensedstrings. This was
doneautomaticallyby selectingfor eachexample
the transferredf -structure that best matchedthe
f -structureannotatedfor thecondensedstring.

In theautomaticevaluationof f -structurematch,
three different system variants were compared.
Firstly, randomly chosentransferredf -structures
were matched against the manually selectedf -
structuresfor the manuallycreatedcondensations.
This evaluation constitutesa lower bound on the
F-scoreagainst the given gold standard.Secondly,
matchingresultsfor transferredf -structuresyield-
ing the maximal F-score against the gold stan-
dardwererecorded,giving an upperboundfor the
system.Thirdly, the performanceof the stochastic
modelwithin the rangeof the lower boundandup-

per boundwas measuredby recordingthe F-score
for the f -structurethat received highestprobability
accordingto the learneddistribution on transferred
structures.

In order to make our resultscomparableto the
resultsof Knight andMarcu(2000)andalso to in-
vestigatethecorrespondencebetweentheautomatic
evaluationandhumanjudgments,a manual evalua-
tion of the stringsgeneratedby thesesystemvari-
antswas conducted.Two humanjudgeswere pre-
sentedwith theuncondensedsurfacestringandÞve
condensedstrings that were displayedin random
order for each test example. The Þve condensed
strings presentedto the human judges contained
(1) stringsgeneratedfrom threerandomlyselected
f -structures,(2) the stringsgeneratedfrom the f -
structureswhich were selectedby the stochastic
model,and(3) the manuallycreatedgold-standard
condensationsextracted from the Ziff-Davis ab-
stracts.Thejudgeswereaskedto judgesummariza-
tion quality on a scaleof increasingquality from 1
to 5 by assessinghow well thegeneratedstringsre-
tainedthe most salient information of the original
uncondensedsentences.Grammaticalityof the sys-
tem output is optimal and not reportedseparately.
Resultsfor both evaluationsare reportedfor two
testcorporaof 32 exampleseach.TestsetI contains
thesentencesandcondensationsusedto evaluatethe
systemdescribedin Knight andMarcu(2000).Test-
setII consistsof anotherrandomlyextracted32sen-
tencepairs from the samedomain,preparedin the
sameway.

Fig. 5 shows evaluation results for a sentence
condensationrun that usesmanually selectedf -
structuresfor the original sentencesas input to the
transfercomponent.Theseresultsdemonstratehow
the condenstationsystemperformsunderthe opti-
mal circumstanceswhen the parsechosenas input
is the bestavailable.Fig. 6 appliesthe sameeval-
uationdataandmetricsto a sentencecondensation
experimentthat performstransferfrom packed f -
structures,i.e. transfer is performedon all parses
for an ambiguoussentenceinsteadof on a single
manuallyselectedparse.Alternatively, asingleinput
parsecould be selectedby stochasticmodelssuch
astheonedescribedin Riezleretal. (2002).Sucha
separatephaseof parsedisambiguation,andperhaps
the effects of any errorsthat this might introduce,



testsetI
lower
bound

system
selection

upper
bound

F-score 58% 67.3% 77.2%
sum-quality 2.0 3.5 4.4
compr. 50.2% 60.4% 54.9%

testsetII
lower
bound

system
selection

upper
bound

F-score 59% 65.4% 83.3%
sum-quality 2.1 3.4 4.6
compr. 52.7% 65.9% 56.8%

Figure5: Sentencecondensationfrom manuallyse-
lected f -structure for original uncondensedsen-
tences.

can be avoided by transferringfrom all parsesfor
an ambiguoussentence.This approachis computa-
tionally feasible,however, only if condensation can
be carriedall the way throughwithout unpacking.
Our technologyis not yet ableto do this (in partic-
ular, as mentionedearlier, we have not yet imple-
menteda methodfor stochasticdisambiguationon
packed structures).However, we conducteda pre-
liminary assessmentof thispossibilityby unpacking
and enumeratingthe transferredf -structures.For
many sentencesthisresultedin morecandidatesthan
wecouldoperateon in theavailable timeandspace,
andin thosecaseswe arbitrarily seta cut-off on the
numberof transferredf -structureswe considered.2

Theresultof this experiment,shown in Fig. 6, thus
providesaconservativeestimateonthequalityof the
condensationswemightachievewith a full-packing
implementation.

In Figs. 5 and 6, the Þrst row shows F-scores
for a randomselection,the systemselection,and
the bestpossibleselectionfrom the transferoutput
against the gold standard.The secondrows show
summarizationquality scoresfor generationsfrom
a randomselectionand the systemselection,and
for thehuman-writtencondensation.Thethird rows

2Sincethe output of the transfersystemis set up to pro-
ducesmallerf -strucuturesÞrst,i.e. transferredf -structuresare
producedaccordingto the numberof rulesappliedto transfer
them,a cutoff on thetransferoutputwill keepmorecondensed
variantsanddiscardlesscondensedones.Furthermore,with our
currentimplementation,in somecasesthe transfercomponent
wasalsounableto operateon thepackedrepresenation,andin
thosecaseswe chosea parseat random,again in orderto pro-
videaconservativeestimateof condensationquality.

testsetI
lower
bound

system
selection

upper
bound

F-score 55.2% 63.0% 72.0%
sum-quality 2.1 3.4 4.4
compres. 46.5% 61.6% 54.9%

testsetII
lower
bound

system
selection

upper
bound

F-score 54% 59.7% 76.0%
sum-quality 1.9 3.3 4.6
compres. 50.9% 60.0% 56.8%

Figure 6: Sentencecondensationfrom packed f -
structuresfor original uncondensedsentences.

report compressionratios. As can be seen from
thesetables, the ranking of systemvariants pro-
ducedby theautomaticandmanualevaluationcon-
Þrma closecorrelationbetweentheautomaticeval-
uationandhumanjudgments.A comparisonof eval-
uation resultsacrosscolums, i.e. acrossselection
variants,shows that a stochasticselectionof trans-
ferred f -structuresis indeedimportant.Even if all
f -structuresaretransferredfrom thesamelinguisti-
cally rich source,andall generatedstringsaregram-
matical,areductionin errorrateof around50%rela-
tiveto theupperboundcanbeachievedby stochastic
selection.In contrast,a comparisonbetweentrans-
fer runswith andwithout perfectdisambiguationof
the original string shows a decreaseof about 5%
in F-score,3 and of only .1 points for summariza-
tion quality when transferringfrom packed parses
insteadof from the manuallyselectedparse.This
shows thatit is moreimportantto learnwhatagood
transferredf -structurelookslike thanto haveaper-
fect f -structureto transferfrom. The compression
ratesassociatedwith thesystemsthatusedstochas-
tic selectionis around60%,which is acceptable,but
notasaggressiveashuman-writtencondensations.

Overall, the summarizationquality achieved by
our system is similar to the results reported in
Knight andMarcu(2000). However, the data used
in theexperimentsof Knight andMarcu(2000)and

3Thedropin F-scorefor theupperboundcomparedto trans-
fer from a manuallyselectedparseis dueto a fall-backmech-
anismfor transferringfrom a randomlyselectedparsethathad
to be appliedoccasionally in the currentexperiments.Despite
thesenear-termsystemdeÞciencies,overall resultson summa-
rizationqualityarestill state-of-the-art.



thereforein our experimentsare somewhat artiÞ-
cial: The human-writtencondensationsin the data
set extracted from the Ziff-Davis corpus show
the same word order as the original sentences
and do not exhibit structural modiÞcations such
as nominalization, which are commonin human-
written summaries.Also, no additional condensa-
tions were createdfor the original sentencesother
than the condensedversions extracted from the
human-writtenabstracts.This simpliÞesthe con-
densationtask strictly to the operation of dele-
tion. Clearly, it would be desirableto matcheach
systemoutput against any numberof independent
human-writtencondensationsof the same origi-
nal sentence,without restrictions on word-order
or structural modiÞcations.The idea of comput-
ing matching scoresto multiple referenceexam-
ples was proposedby Alshawi etal. (1998), and
laterby Papinenietal. (2001)for evaluationof ma-
chine translationsystems.Similar to thesepropos-
als,anevaluation of condensationqualitycouldcon-
sider multiple referencecondensations and record
the matchingscoreagainst the mostsimilar exam-
ple.Also, anevaluationof oursystemonacorpusof
morediversecondensationswouldtestoursystemin
amoreinterestingway, andis thusadesideratumfor
futurework.Furthermore,work onemploying pack-
ing techniquesnot only for parsingandtransfer, but
also for generationand stochasticselectionis cur-
rently underway (seeGemanandJohnson(2002)).
Thiswill eventuallyleadto asystemthatcompletely
avoidscostlyunpackingof representations.
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