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Abstract

We presentan application of ambigu-
ity packingandstochastidisambiguation
techniquedor Lexical-FunctionalGram-
mars (LFG) to the domain of sentence
condensation.Our system incorporates
a linguistic parser/generatofor LFG, a
transfer componentfor parse reduction
operatingon pacled parse forests, and
a maximum-entrop model for stochas-
tic outputselection Furthermorewe pro-
posethe useof standardbarserevaluation
methodsfor automaticallyevaluatingthe
summarizationquality of sentencecon-
densatiorsystemsAn experimentaleval-
uation of summarizatiorguality showvs a
close correlation betweenthe automatic
parse-baseévaluationandamanualeval-
uationof generatedtrings.Overall sum-
marizationquality of theproposedsystem
is state-of-the-artwith guaranteedyram-
maticality of the systemoutputdueto the
useof aconstraint-basepdarser/generator

1 Intr oduction

Recentvork in statisticakext summarizatiomasput
forward systemghatdo not merelyextractandcon-
catenatesentenceshut learn how to generatenew
sentencefom!Summary, Text" tuples.Depend-
ing on the chosentask, suchsystemseither gener
ate single-sentenc®headlines®r multi-sentence
text (Witbrock and Mittal, 1999), or they provide
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a sentenceondensatioomoduledesignedor com-
bination with sentenceextraction systems(Knight
and Marcu, 2000; Jing, 2000). The challengefor
suchsystemss to guarante¢he grammaticalityand
summarizatiorquality of the systemoutput,i.e. the
generatedsentencesieedto be syntacticallywell-
formedandneedto retainthe mostsalientinforma-
tion of the original document.For examplea sen-
tence extraction systemmight choosea sentence
like:

TheUNIX opemting systemwith implementations
from Applesto Crays,appeas to havethe advan-

tage.

from adocumentwhich couldbecondenseas:
UNIX appeasto havetheadvantae.

In the approachof Witbrock andMittal (1999),
selectionand ordering of summarytermsis based
on bag-of-words modelsand n-grams.Such mod-
els may well producesummariesthat are indica-
tive of theoriginal@content;hcwever, n-grammod-
els seemto be insufbcient to guaranteeegram-
matical well-formednesof the systemoutput. To
overcomethis problem,linguistic parsingand gen-
eration systemsare usedin the sentenceconden-
sationapproachesf Knight andMarcu (2000) and
Jing(2000). In theseapproachesgdecisionsabout
which material to include/deletein the sentence
summariesdo not rely on relative frequeng infor-
mation on words, but ratheron probability models
of subtreedeletionsthat are learnedfrom a corpus
of parsedor sentenceandtheir summaries.



A relatedareawherelinguistic parsingsystems
have beenappliedsuccessfullyis sentencesimplip-
cation.Grefenstett¢1998) presentedh sentencee-
duction methodthat is basedon Pnite-statetech-
nology for linguistic markup and selection, and
Carrolletal. (1998) presenta sentencesimplibca-
tion systembasedon linguistic parsing.However,
theseapproacheslo not employ statisticallearning
techniquego disambiguatsimplibcationdecisions,
but ratheriteratively applysymbolicreductionrules,
producinga singleoutputfor eachsentence.

The goal of our approachis to apply the
Pne-grainedools for stochasticdisambiguationn
Lexical-FunctionalGrammarparsingto the task of
sentenceondensationThe systempresentedh this
papelis conceptualizedsatool thatcanbeusedasa
standalonesystenfor sentenceondensationr sim-
plibcation,or in combinationwith sentencextrac-
tion for text-summarizationbeyond the sentence-
level. In our system,to producea condensedrer
sion of a sentencethe sentences brst parsedus-
ing abroad-ceerage FG grammarfor English.The
parserproducesa set of functional (f )-structures
for an ambiguoussentencen a pacled format. It
presentgheseto the transfercomponentin a sin-
gle paclkeddatastructurethatrepresentsan oneplace
the substructuresharedby several differentinter
pretationsThetransfercomponenbperate®nthese
pacled representationand modibeghe parserout-
put to producereducedf -structures.The reduced
f -structuresare then bltered by the generatorto
determinesyntacticwell-formednessA stochastic
disambiguatotusing a maximumentropy modelis
trained on parsedand manually disambiguated -
structuresfor pairs of sentencesnd their conden-
sations.Using the disambiguatqrthe string gener
ated from the most probablereducedf -structure
producedby the transfersystemis chosenln con-
trastto theapproachementionedabove, our system
guarenteeshe grammaticalityof generatedstrings
throughthe useof a constraint-basedeneratoifor
LFG which usesa dightly tighter version of the
grammarhanis usedby the parserAs shavn in an
experimentalevaluationof the systemoutput,sum-
marizationquality of our systemis high, dueto the
combinationof linguistically Pne-grainedanalysis
toolsandexpressve stochastiaisambiguatiormod-
els.

A secondgoal of our approachis to apply the
standarcevaluationmethoddfor parsingto anauto-
matic evaluationof summarizatiorguality for sen-
tence condensatiorsystems.Insteadof deploying
costlyandnon-reusablénumanevaluation,or using
automaticevaluationmethodsbasedon word error
rateor n-grammatch,summarizatiorquality canbe
evaluateddirectly andautomaticallyby matchingre-
ducedf -structuregproducedby the systemagainst
manuallyselected -structuresof a setof manually
createdcondensationsSuchan evaluationonly re-
quireshumanlaborfor the constructiorandmanual
structuraldisambiguationof a reusablegold stan-
dardtest set. Matching against the test set can be
doneautomaticallyandrapidly, andis repeatabléor
developmentpurposesand systemcomparison As
shawvn in anexperimentalevaluation,a closecorre-
spondenceanbeestablishedor rankingsproduced
by the proposed -structurebasedautomaticevalu-
ationanda manualevaluationof generatedtrings.

2 Statistical SentenceCondensationin the
LFG Framework

In thefollowing, eachof thesystencomponentsvill
bedescribedn moredetail.

2.1 Parsing and Transfer

In this project, a broad-coerage LFG gram-
mar and parser for English was employed (see
Riezleretal. (2002)). The parser producesa set
of contet-free constituent(c-)structuresand as-
sociated functional (f -)structures for each in-
put sentence,representedin pacled form (see
Maxwell andKaplan(1989)).For sentenceonden-
sation we are only interestedin the predicate-
argumentstructureencodedn f -structuresFor ex-
ample, Fig. 1 shavs an f -structure manually se-
lectedout of the40f -structuredor thesentence:

A prototypeis readyfor testing andLearyhopeso
setrequirrmentdor a full systenby the endof the
year

The transfer componentfor the sentencecon-
densationsystemis basedon a componentprevi-
ously usedin a machinetranslationsystem (see
Frank(1999)).In this application,it consistsof an
orderedsetof rulesthatrewrite onef -structureinto
another Structuresarebroken down into Ratlists of



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

PRED  Cbe<[93ready] >[@0:prototype] O
PRED Gprototype O
INTYPE [GRAIN count ]
d RED Ga0
SPEC [DET DETIFORMa, DETITYPE mde!:|
30|CASEnOm NUMsg, PERS3
RED  Gready <[30prototype] >0
[xcomP |SUBJ _ [a0:prototype]
93|ADEGRERpositive  , ATYPE predicative

PRED Qest O
0BJ  INTYPE [GRAIN gerund ]
141|CASE acc

lADJUNCT]
. NUMsg, PERS3, PFORMor , VTYPEmain
125 |ADVITYPE vpadv, PSEMunspecified , PTYPE sem

[TNSIASP [MOODindicative , PERF!_, PROGI_, TENSEpres]
IPASSIVE !, STMT!TYPE decl , VTYPE copular

73ps (252:hope] )
[PRED  Chope<[235:Leary]
PRED QLeary O

[PRED Gor <[141test] >0

. [280:se] >0

Isusa INTYPE [GRNN fed }
INSEM [PROPERnam4|

235[ANIM +, CASEnom NUMsg, PERSS3]

[PRED  Gset <[235iLeary] , [336:requirement]

lsuB)  [235:Leary]

. [855ior] >0

PRED Qequirement O
loBa INTYPE [GRAIN unspecified
336|CASEacc, NUMpl, PERS3
[PRED Glor <[391system] >0
PRED  Gsystem O

PREDGUl O

. ADJUNCTITYPEnominal , ATYPE attributive }}
INTYPE  [GRAIN unspecified ]
[PRED (a0
391|CASEacc, NUMsg, PERS3, PFORMor
355|PSEMunspecified , PTYPE sem
PRED Cby<[469:end] >0
RED  Cend®
RED  Gof <[519:year] >0
PRED Cyear O

xcomp

INTYPE [GRAIN count ]
lapauneT)  oBa RED Gthe

Ghe &
SPEC [DET DETIFORMthe , DETITYPE deiﬂ

[ADIUNCT, 0B 519|CASEacc, NUMsg, PERS3, PFORMof

[512 |ADJUNCTITYPEnOmInal , PSEMunspecified , PTYPE ser
INTYPE  [GRAIN count ]
[PRED Ghe &
469|CASEacc, NUMsg, PERSS3, PFORMby
451 [ADVITYPE vpadv, PSEMunspecified , PTYPE sem
[TNSIASP [PERF ! _, PROG! ]
280 INFIFORM to, PASSIVE !, VTYPE main
[TNSIASP  MOODindicative , PERF!_, PROGI_, TENSEpres]
[252|PASSIVE |, STMTITYPE decl , VTYPE main
97|COORDr_, COORDIFORMNA, COORDILEVELROOT

Figurel: F -structurefor non-condensesdentence.

facts,andrulesmay add,delete,or changeindivid-
ualfacts.Rulesmaybeoptionalor obligatory. In the
caseof optionalrules,transferof asingleinputstruc-

turemayleadto multiple alternateoutputstructures.

The transfercomponents designedto operateon
paclked input from the parserand canalso produce
pacled representationsf the condensatiomlterna-
tives,usingmethodsadaptedrom parsepacking®

An examplerule that(optionally) removesanad-
junctis shaowvn below:

+adjunct(X,Y),
delete-node(Z,rl),

in-set( z2)Y) ?=>
rul e-trace(rl,del(Z,X)).

This rule eliminatesan adjunct,Z, by deletingthe
factthat Z is containedwithin the setof adjuncts,
Y, associatedvith 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.
Thein-set(Z,Y) factis deleted.Two new facts

1The packingfeatureof the transfercomponentcould not
be employed in theseexperimentssincethe currentinterface
to the generatorandstochastiadisambiguatia componentstill
requiresunpacledrepresentations.

are added.delete-node(Z,r1) indicatesthat
the structurerootedat nodeZ is to be deleted,and
rule-trace(rl,del(Z,X)) adds a trace of
this rule to anaccumulatinchistory of rule applica-
tions. This historyrecordsherelationof transferred
f -structuredo the original f -structureandis avail-
ablefor stochastidisambiguation.

Rulesusedin the sentenceondensationransfer
systemincludethe optional deletionof all adjuncts
exceptngyatives (e.g., He sleptin the bed.canbe-
comeHe slept, but He did not sleep.cannotbecome
He did sleep.or He slept), the optional deletion
of partsof coordinatestructureqe.g., They laughed
andgiggled.canbecomeT hey giggled), andsimpli-
pcationge.g.lt is clear thatthe earthis round.can
becomeTheearthis round). For example,onepos-
sible post-transfeputputof the sentencén Fig. 1 is
shawvn in Fig. 2.

"A prototype is ready for testing."

PRED  (be<[93:ready] >[30:prototype] O
PRED Cprototype O
INTYPE [GRAIN count ]
PRED (0
SPEC {DET BDET!FORMa, DET!TYPE indef ﬂ
0|[CASEnom NUMsg, PERS3
PRED (ready <[30:prototype] >0
ISUBJ  [30:prototype]
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TNSIASP [MOODndicative , PERF!_, PROG!_, TENSEpres]
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Figure2: Gold standard -structurereduction.

2.2 StochasticSelectionand Generation

The transferrules areindependenbf the grammar
andarenotconstrainedo presere thegrammatical-
ity or well-formednessf the reduced f-structures.
Someof the reducedstructuresthereforemay not
correspondo ary English sentenceandtheseare
eliminatedfrom future considerationby using the
generatoasa blter The blteringis 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 bltering thesestruc-
turesby generation,16 reducedf -structurescom-



prising possiblecondensationsf theinput sentence
survive. The 16 well-formed structurescorrespond
to the following stringsthat were outputtedby the
generator(note that a single structuremay corre-
spondio morethanonestringandagivenstringmay
correspondo morethanonestructure):

A prototypeis ready

A prototypeis readyfor testing

Learyhopesto setrequirrementdor a full system
A prototypeis readyandLearyhopedo setrequire-
mentsfor a full system.

A prototypeis readyfor testingand Leary hopesto
setrequirementdor a full system.

Learyhopedo setrequiremetts for a full systenby
theendof theyear

A prototypeis readyandLearyhopedo setrequire-
mentsfor a full systenbytheendof theyea.

A prototypeis readyfor testingand Learyhopesto
setrequirementdor a full systenby the endof the
year

After bltering by the generatar the remaining
f -structureswere weighted by the stochasticdis-
ambiguationcomponent.Similar to stochasticdis-
ambiguationfor constraint-basegarsing(Johnson
et al., 1999 Riezler et al., 2002), an exponential
(a.k.a.log-linear or maximum-entrop) probability
modelon transferredstructuress estimatedrom a
setof training data.The datafor estimationconsists
of pairs of original sentencey and gold-standard
summarized -structures whichweremanuallyse-
lectedfrom thetransferoutputfor eachsentencer-or
trainingdata{ (s; , y; )}J-m=1 andasetof possiblesum-
marizedstructuressS(y) for eachsentencey, theob-
jective wasto maximizea discriminatve criterion,
namelytheconditionallikelihoodL (! ) of asumma-
rized f -structuregiven the sentenceOptimization
of thefunctionshown belav wasperformedusinga
conjugategradientoptimizationroutine:

. SNF(s))
L(. ) B Iog H Zs! S(yj) eNdf(s)

j=1
At the coreof the exponentialprobabilitymodelis a
vectorof property-functiong to beweightedby pa-
rameterd . For the applicationof sentenceonden-
sation, 13,000 property-functionsof roughly three
differentcateyorieswereused:

¥ Property-functionsgndicating attributes, attri-
bute-combinationsor attribute-value pairs for
f -structureattributes(# 1,000properties)

¥ Property-functionsndicating cooccurencesf
verb stemsand subcatgorization frames (#
12,000properties)

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

A trained probability model is applied to un-
seendataby selectingthe mostprobabletransferred
f -structure,yielding the string generatedrom the
selectedstructureas the target condensationThe
transfered -structurechoserfor our currentexam-
pleis shovnin Fig. 3.

"A prototype is ready."

[PRED  Cbe<[93:ready] >[30:prototype] o]
PRED C(prototype O
NTYPE [GRAIN count ]
RED (a0
SPEC [DET [EET!FORMa, DET!TYPE indef ]
30|CASEnom NUMsg, PERS3

rRED Gready <[30:prototype]
S

SUBJ

>0
XCOMP UBJ  [30:prototype]
93 |ADEGRERositive , ATYPE predicative

TNS!ASP [MOOD'ndicative , PERF!_, PROG!_, TENSE pres]
73|PASSIVE !, STMT!TYPEdecl , VTYPE copular

Figure3: Transferred -structurechoserby system.

This structurewasproducedby the following set
of transferrules,wherevar refersto theindicesin
therepresentationf thef -structure:

rtrace(r13,keep(var(98) ,0f)),
rtrace(rl61,keep(system ,var(85))),
rtrace(rl,del(var(91),s et,by)),
rtrace(rl,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)).

Theserules deletethe adjunctof the brstconjunct
(for testing, the adjunctof the secondconjunct(by
the endof theyean), therest of the secondconjunct
(Leary hopesto setrequirementdor a full systen),
andthe conjunctionitself (and).

3 A Method for Automatic Evaluation of
SentenceSummarization

Evaluationof quality of sentenceeondensatiosys-
tems,and of text summartationand simplibcation
systemsin general,has mostly beenconductedas
intrinsic evaluationby humanexperts.Recently Pa-
pinenietal @ (2001)proposafor anautomaticeval-



uationof translationsystemsby measuringn-gram
matchesf the systemoutputagainstreferenceex-
ampleshasbecomepopularfor evaluationof sum-
marizationsystemslin addition,an automaticeval-
uationmethodbasedon context-free deletiondeci-
sionshasbeenproposedby Jing (2000). However,
for summarizatiorsystemgshatemploy a linguistic
parseras an integral systemcomponent,t is pos-
sible to emplgy the standardevaluationtechniques
for parsingdirectly to an evaluationof summariza-
tion quality. A parsing-basedvaluationallows us
to measurehe semanticaspectf summarization
quality in termsof grammatical-functionahforma-
tion provided by deepparsersFurthermorehuman
expertise was necessaryonly for the creation of
condensedrersionsof sentencesand for the man-
ual disambiguatiorof parsesassignedo thosesen-
tences Given sucha gold standardsummarization
guality of a systemcan be evaluatedautomatically
andrepeatedlypy matchingthestructure®f thesys-
temoutputagainstthe gold standardstructuresThe
standardmetrics of precision recall, and F-score
from statistical parsingcan be usedas evaluation
metricsfor measuringmatchingquality: Precision
measureghe numberof matchingstructuralitems
in the parsesf the systemoutput andthe gold stan-
dard, out of all structuralitemsin the systemout-
put@ parserecall measureshe numberof matches,
outof all itemsin thegold standard€parse F-scoe
balancegrecisionandrecallas(2 $ predsion $
reall)/ (predsion + reall).

For the sentencecondensatiorsystempresented
above, the structuralitemsto be matchedconsistof
relation(predicate argument)triples. For example,
the gold-standard -structureof Fig. 2 corresponds
to 23 dependengrelations the brst14 of which are
sharedwith the reducedf -structurechosenby the
stochasti@isambiguatiorsystem:

tense(be:0, pres),
mood(be:0, indicative),
subj(be:0, prototype:2)
xcomp(be:0, ready:l),
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,
pers(prototype:2,
det_form(a:7, a),

s9),
3),

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-
respondgo a precisionof 1, recall of .61, and F-
scoreof .76.

Thefactthatour methoddoesnot rely ona com-
parisonof the characteristic®f surfacestringsis a
clearadwantage Suchcomparisonsre bad at han-
dling exampleswhich are similar in meaningbut
differ in word orderor vary structurally suchasin
passvization or nominalization.Our methodhan-
dlessuchexamplesstraightforvardly. Fig. 4 shavs
two serializationvariantsof the condensedentence
of Fig. 2. The f -structuresfor theseexamplesare
similar to the f -structureassignedo the gold stan-
dardcondensatioshavnin Fig. 2 (exceptfor there-
lationsADJUNT-TYPE:parenthetical Versus
ADV-TYPE:vpadv versus ADV-TYPE:sadv ).
An evaluationof summarizatiomuality thatis 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 the sentenceon-
densatiorsystemdescribedabove, andshav a close
correspondendeetweertheautomaticallyproduced
evaluationresultsandhumanjudgmentonthequal-
ity of generatedondensedtrings.

4 Experimental Evaluation

The sentences and condensaons we used
are taken from data for the experiments of
Knight andMarcu (2000), which were provided to
us by Daniel Marcu. Thesedata consistof pairs
of sentencesand their condensedversions that
have been extracted from computemews articles
and abstractsof the Ziff-Davis corpus. Out of
thesedata,we parsedand manualy disambiguated
500 sentencepairs. Theseincluded a set of 32
sentencepairs that were usedfor testing purposes
in Knight andMarcu (2000).In orderto control for



"“A prototype, for testing, is ready."

PRED Gbe<[221:ready]  >[30:prototype] ]
PRED Cprototype O
INTYPE [GRAIN count ]

SUBJ PRED Gad
SPEC PDET {DET!FORMa, DETITYPE indef

30|CASEnom NUMsg, PERS3

PRED Oready <[30:prototype] >0
ISUBJ  [30:prototype]
IADEGREBpositive , ATYPE predicative

PRED Ofor <[117:itest] >0
PRED Gest O
0BJ INTYPE [GRAIN gerund ]

XCOMP
221

IADJUNCT

117 |CASEacc, NUMsg, PERS3, PFORMfor , VTYPE main
73 |ADJUNCT!TYPEparenthetical , PTYPE sel

, PSEMunspecified

TNS!IASP  [MOODNdicative , PERF!_,
201 |PASSIVE !, STMT!TYPE decl ,

PROG! _,
VTYPE copular

TENSE pres ]

"For testing, a prototype is ready."
[PRED Cbe<[177:ready] >[131:prototype] o

[PRED Oprototype O

NTYPE [GRAIN count ]

suBJ PRED (a0
SPEC [DET [DET!FORMa, DETITYPE indef

131 |CASEnom NUMsg, PERS3

RED  Gready <[131:prototype] >0
XCOMP ISUBJ [131:prototype]
177 |ADEGREEpositive , ATYPE predicative

=)
J

PRED for <[27:test] >0
RED Cest O
IADJUNCT oBJ F}TYPE [GRAIN gerund ] }
27|CASEacc, NUMsg, PERS3, PFORMfor , VTYPE main
PTYPE sem

11|ADVITYPE sadv, PSEMunspecified

TNS!ASP  [MOODNdicative ~, PERF!_, PROG!_, TENSEpres]
3|PASSIVE |, STMTITYPE decl , VTYPE copular

0

Figure4: F -structurgor word-ordewariantsof gold
standarcdcondensation.

the small corpussize of this testset, we randomly
extractedan additional 32 sentencepairs from the
500parsedcanddisambiguate@gxamplesasa second
test set. The rest of the 436 randomly selected
sentencepairs were usedto createtraining data.
For the purposeof discriminatve training, a gold-
standardof transferredf -structureswas created
from the transferoutput and the manuallyselected
f -structuresfor the condensedstrings. This was
done automaticallyby selectingfor eachexample
the transferredf -structure that best matchedthe
f -structureannotatedor the condensedtring.

In the automaticevaluationof f -structurematch,
three different system variants were compared.
Firstly, randomly chosentransferredf -structures
were matched against the manually selectedf -

structuresfor the manually createdcondensations.

This evaluation constitutesa lower bound on the
F-scoreagninstthe given gold standard Secondly
matchingresultsfor transferredt -structuresyield-
ing the maximal F-score aguinst the gold stan-
dardwererecordedgiving an upperboundfor the
system.Thirdly, the performanceof the stochastic
modelwithin the rangeof the lower boundandup-

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

In orderto make our resultscomparableto the
resultsof Knight andMarcu(2000) and alsoto in-
vesticatethe correspondencleetweerthe automatic
evaluationandhumanjudgmentsa manwel evalua-
tion of the stringsgeneratedy thesesystemvari-
antswas conducted.Two humanjudgeswere pre-
sentedwith the uncondensedurfacestringandbve
condensedstrings that were displayedin random
order for eachtest example. The bve condensed
strings presentedto the human judges contained
(1) stringsgeneratedrom threerandomlyselected
f -structures(2) the stringsgeneratedrom the f -
structureswhich were selectedby the stochastic
model, and (3) the manuallycreatedgold-standard
condensationsxtracted from the Ziff-Davis ab-
stracts.The judgeswereaskedto judgesummariza-
tion quality on a scaleof increasingquality from 1
to 5 by assessinfpow well the generatedtringsre-
tainedthe most salientinformation of the original
uncondensedentencesGrammaticalityof the sys-
tem outputis optimal and not reportedseparately
Resultsfor both evaluationsare reportedfor two
testcorporaof 32 exampleseach.Testset contains
thesentenceandcondensationgssedto evaluatethe
systemdescribedn Knight andMarcu (2000).Test-
setll consistof anotherandomlyextracted32 sen-
tencepairsfrom the samedomain,preparedn the
sameway.

Fig. 5 shows evaluation results for a sentence
condensatiorrun that uses manually selectedf -
structuredor the original sentencessinput to the
transfercomponentTheseresultsdemonstratéow
the condenstatiorsystemperformsunderthe opti-
mal circumstancesvhenthe parsechosenasinput
is the bestavailable. Fig. 6 appliesthe sameeval-
uationdataand metricsto a sentenceondensation
experimentthat performstransferfrom pacled f -
structures,i.e. transferis performedon all parses
for an ambiguoussentenceansteadof on a single
manuallyselectegarseAlternatively, asingleinput
parsecould be selectedby stochastiomodelssuch
astheonedescribedn Riezleretal. (2002).Sucha
separat@haseof parsedisambiguationandperhaps
the effects of ary errorsthat this might introduce,



lower system upper lower system upper
testset bound se>llection b(F))End testset bound se>llection b(F))End
F-score 58% 67.3% 77.2% F-score 55.2% 63.0% 72.0%
sum-quality 2.0 3.5 4.4 sum-quality 2.1 3.4 4.4
compt 50.2% 60.4% 54.9% compres. 46.5% 61.6% 54.9%

lower system upper lower system upper
testsetl bound se)I/ection bc?Snd testsetl bound se)I/ection bc?Snd
F-score 59% 65.4% 83.3% F-score 54% 59.7% 76.0%
sum-quality 2.1 34 4.6 sum-quality 1.9 3.3 4.6
compt 52.7% 65.9% 56.8% compres. 50.9% 60.0% 56.8%

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

can be avoided by transferringfrom all parsesfor

an ambiguoussentenceThis approachis computa-
tionally feasible however, only if condensatin 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 stochasticdisambiguatioron

pacled structures) However, we conducteda pre-

liminary assessmemf this possibilityby unpacking
and enumeratingthe transferredf -structures.For

mary sentencethisresultedn morecandidateshan
we couldoperateonin the available time andspace,
andin thosecaseswe arbitrarily seta cut-off onthe
numberof transferred -structureswe considered.

Theresultof this experiment,shavn in Fig. 6, thus
providesaconserative estimateonthequality of the
condensationg/e might achieve with a full-packing

implementation.

In Figs. 5 and 6, the brstrow shows F-scores
for a randomselection,the systemselection,and
the bestpossibleselectionfrom the transferoutput
against the gold standard.The secondrows show
summarizatiomuality scoresfor generationdrom
a randomselectionand the systemselection,and
for the human-writtencondensationThe third rows

2Sincethe output of the transfersystemis setup to pro-
ducesmallerf -strucuture$rst,i.e. transferred -structuresare
producedaccordingto the numberof rules appliedto trarsfer
them,a cutoff on thetransferoutputwill keepmorecondensé
variantsanddiscardesscondensednes Furthermorewith our
currentimplementationjn somecaseshe transfercomponat
wasalsounableto operateon the pacledrepresenatiorandin

thosecaseswe chosea parseat random,again in orderto pro-
vide a consenrative estimateof condensatiomuality.

Figure 6: Sentencecondensatiorfrom pacled f -
structuredor original uncondensedentences.

report compressionratios. As can be seenfrom
thesetables, the ranking of systemvariants pro-
ducedby the automaticandmanualevaluationcon-
Prma closecorrelationbetweerthe automaticeval-
uationandhumanjudgmentsA comparisorof eval-
uation resultsacrosscolums, i.e. acrossselection
variants,shows that a stochasticselectionof trans-
ferredf -structuress indeedimportant.Evenif all
f -structuresaretransferredrom the samelinguisti-
cally rich sourceandall generatedtringsaregram-
matical,areductionin errorrateof arounds0%rela-
tiveto theupperboundcanbe achieredby stochastic
selection.In contrast,a comparisorbetweentrans-
fer runswith andwithout perfectdisambiguatiorof
the original string shavs a decreaseof about5%
in F-score? and of only .1 points for summariza-
tion quality when transferringfrom pacled parses
insteadof from the manually selectedparse.This
shawvsthatit is moreimportantto learnwhata good
transferred -structurelookslik e thanto have a per
fect f -structureto transferfrom. The compression
ratesassociatedvith the systemghatusedstochas-
tic selectionis around60%,whichis acceptablehut
notasaggressie ashuman-writtercondensations.
Overall, the summarizationquality achieved by
our systemis similar to the results reportedin
Knight andMarcu (2000). However, the data used
in the experimentsof Knight andMarcu (2000)and

3Thedropin F-scorefor theupperboundcomparedo trans-
fer from a manuallyselectedparseis dueto a fall-backmed-
anismfor transferringfrom a randomlyselectedharsethat had
to be appliedoccasonally in the currentexperiments.Despte
thesenearterm systemdebcienciespverall resultson summa
rizationquality arestill state-of-the-art.



thereforein our experimentsare somevhat artib-
cial: The human-writtencondensationgn the data
set extracted from the Ziff-Davis corpus show
the same word order as the original sentences
and do not exhibit structural modiP@tions such
as nominalization, which are commonin human-
written summaries Also, no additional condensa-
tions were createdfor the original sentence®ther
than the condensedversions extracted from the
human-writtenabstracts.This simpliPesthe con-
densationtask strictly to the operation of dele-
tion. Clearly, it would be desirableto matcheach
systemoutput against ary numberof independent
human-written condensationsof the same origi-
nal sentence,without restrictions on word-order
or structural modibcations.The idea of comput-
ing matching scoresto multiple referenceexam-
ples was proposedby Alshawi etal. (1998), and
later by Papinenietal. (2001)for evaluationof ma-
chine translationsystems.Similar to thesepropos-
als,anevaluation of condensatiouality couldcon-
sider multiple referencecondenstions and record
the matchingscoreagainstthe most similar exam-
ple.Also, anevaluationof our systemon a corpusof
morediversecondensationgouldtestoursystemn
amoreinterestingwvay, andis thusa desideratunfor
futurework. Furthermorework on employing pack-
ing techniquesiot only for parsingandtransfer but
alsofor generationand stochasticselectionis cur-
rently undervay (see GemanandJohnsor(2002)).
Thiswill eventuallyleadto asystenthatcompletely
avoidscostlyunpackingof representations.
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