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Abstract

Automatic summariesof text gener

ated through senenceor word extrac

tion hasbeenevaluated by compamng

themwith manualsummaresgenerged
by humars by using numeical evalu-

ation measurs basd on precigon or

accuracy. Although senence extrac

tion haspreviously beenevaluatedbased
only on predsion of a single senence,
sentence concatenations in the sum-
mariesshoud be evalugedaswell. We
have evaluaed the appoprigenessof

sentewe concaterations in summaris
by using evaluation measues usedfor

evaluaing word con@tenaibnsin sum-
mariesthroughword extraction. We de-
terminedthatmeasuesconstdering sen

tenceconatenaion muchbeter reflect
the humanjudgmentrather than those
basedonly on the preciion of a single
sentece.

1 Introduction
Summarization target and approach

The amountof text is explosively increasingday
by day andit is becaming very difficult to man-
ageinformationby readng all the text. To man-
ageinformationeasly andfind targetinformation
quicky, we needtechrologies for summariing
text. Although reseach into text summarzation
startal in the 19505, it is still largey in the re-
seart phasg(Mani andMaulury, 1999. Several

projectson text summarzationhave beencarried
out ! In theseprojed, text summarizéion has
so far focused on summariing singledoauments
throughsenenceextradion. Recenly, summariz-
ing multiple documentswith the sametopic has
been madea target. The major apprachto ex-
trading sertencesthat have signficant informa-
tion is statstical, i.e., supervised learring from
parallel corpora conssting of original texts and
their summarizéion (Kupiecet al., 19%) (Aone
etal.,1998)(Mani andBloedorn, 1998).
Severalsummariationtechnquesfor multime-
diaincludingimage spe=ch,andtext have beenre-
seached. Manudly transcibed nenvswire speeh
(TDT datg and meetingspeeb (Zechne, 2003)
have beensetassummarzationtamets. The need
to automaically geneatesummarésfrom speeh
hasled to research on summarizng transription
resuts obtainedby autamatic speechrecaynition
insteadof manualy transribedspeeb (Hori and
Furui, 200(). This summarizéon apprach is
word extracion (senence compation) that at-
temps to extrad significant information, exclude
acausticdly and linguisticaly unrdiable words
andmaintainthe meanimgsof the original speeh.
The summarizéon appoactesthat have been
mainly resarchedso far are extracing senta&ces
or wordsfrom original text or transribedspeeh.
Therehasalsobeerreseachongereratirng an“ab-
strect” like the much higher level summariation

ISUMMAC in the Tipster project by DARPA
(http://www-nlpir.nist.gas/relatedprojects/tipstelsummac)
and DUC in the TIDES project (http://duc.nist.g@/) in the
U.S. TSC (http://research.nii.ac.jp/ntcirip the NTCIR by
NIl (The Nationallnstituteof Informatica)in Japan.



compogd fredy by humanexpeits (Jing 2002.
This apprach includesnot only extrading sen-
tences but also combhing senencesto geneate
new senences replacing words, recorstrucing
syntactic strucure,andsoon.

Evaluation measures for summarization

Metrics that can be usedto accuately evaluate
the various appoprideness¢o summarzationare
neede.The simples and probably the ideal way
of evaluding automatt summarzationis to have
humansubjeds readthe summariesand evaluate
themin termsof the appopridenes of summa-
rization. However, this type of evaluation is too
expersive for comparng the efficienciesof mary
different appioache preciely andrepeatedy. We
thusneedautomaic evaluaion metricsto numeri-
cally validatethe efficiengy of variousappraches
repededly andconsstertly.

Automaticsummaris canbeevaluatedby com-
paring themwith manu& summariegenerséedby
humans The similarities betweerthe targetsand
the automaically processedesuls provide met-
ricsindicatingtheextert to which thetaskwasac-
complihed. The similarity that canbetterreflect
subjective judgmernts is a bettermetric

To creat corre¢ answersfor automaic sum-
marizaton, humansgeneate manud summaries
through senenceor word extracion. However,
referencesconrsisting of manualsummariesvary
amonghumars. The problemsin validaing auto-
maticsummaris by compamg themwith various
referencesareasfollows:

e corret¢ answerdor aubmaticresuts camot
beunifiedbeauseof suljective variaion,

e the coverageof correct answersin the col-
lectedmanud summariess unknown, and

e the reliability of referencesin the colleded
manualsummarisis not alwaysguaanteel.

Whenthe similarity betweenautamatic results
andreferences is usedfor the evaluaion metrics,
the similarity detemination function courts over
lapping of eachcomporent or sequace of com-
ponants in the autamatic resuls. If conatena-
tions betwee comporentsin a summaryhadno

meanng, the overlap of a single compment be-
tweentheautamaticresuls andthereferencescan
representthe extert of summarizabn. However,
corcaterationsbetwea sertencesor words have
meanngs,sosomeconcdenatonsof sentecesor
wordsin theautanaticsummaréssometimesgen-
erae meanimgs different from the original. The
evaluation metricsfor summariation shoud thus
corsidereachconcdenatbn betweencomporents
in theautomaic resuts.

To evaluak senteice aubmaticaly geneated
with taking consiceratian word concaterationinto
by using references varied amonghumans vari-
ousmetricsusing n-gram precison andword ac-
curacy have beenproposed word string preci-
sion (Hori and Furui, 2000b) for summariation
throughword extraction, ROUGE (Lin andHovy,
20M) for abstacts,and BLEU (Papinen et al.,
20@2) for machire trarslation. Evaluaton met-
rics basel on word accuagy, summarizéon ac-
curacy(SumACCY), using aword network made
by meging manualsummariesiasbeenproposed
(Hori and Furui, 2001). In addtion, to solwe
the probdemsfor the coverage of corred answers
and the reliakility of manualsummares as cor
rect answes, weightel summarizéion accuracy
(WSUmMACCY) in which SUmACCY is weighted
by the majority of the humans’seletions, has
been propcsed(Hori andFurui, 2003).

In contast,summarizabnthroughsentegeex-
tradion hasbeenevaluaed using only single sen-
tence precision Sentewe extracion shoul also
be evaluaedusingmeasuesthattake into account
serienceconcdenatons, the coverage of correct
angvers,andthereliakility of manud summaries

This pape preentsevaludion resuts of auto-
maticsummarizéon through senteceor word ex-
tradion usingthe above mention& metricsbased
on n-gram predsion andserienceyord accuracy
andexamireshow well thesemeasurereflectthe
judgmentsof humars aswell.

2 Evaluation Metricsfor Extraction

In summarizéion through sentece or word ex-
tradion under a specific summariationratio, the
order of the senencesor wordsandthe length of
the summariesareresticted by the original doc-
umens or sent@ces. Metrics basedon the ac-



curacy of the comporentsin the summaryis a
straight-forward appoachto measuing similari-
tiesbetweerthetamgetandautanaticsummaries

2.1 Accuracy

In the field of speeb recogition, autamatic
recoquition resuls are compare with manual
trangription resuts. The corventional metric for
speeb recoqition is recaynition accuacgy calcu-
latedbasel onword accuacy.

ACCY
_ Len — (Sub + Ins + Del)
N Len

x 100[%], (1)
whereSub, Ins, Del, and Len arethenumbes of
subsitutions, insertons, deletions and words in
the manud transcription, resgectively. Although
word acauracy canrot be usedto directly evalu-
atethemeanimgsof senteces,highe acarag in-
dicatesthat more of the original information has
beenpreseved. Sincethe meaningof the original
documentsis gereratedby combining senteies,
this metric can be apgdied to the evaluation for
sent@ceextradion. Senenceaccuacydefinedoy
eqg. (1) with wordsrepacedby sertencesrepre-
sentshow muchthe automaic resut is similar to
the answerandhow well it presenesthe original
meaning

Accuracyis thesimples$ andmostefficient met-
ric whenthe tamget for the autanatic summaries
canbesetasonly oneanswer However, thereare
usualy multiple targets for eachautamatic sum-
mary dueto the variation in manualsummariza-
tion amonghumars. Therefoe, it is not easy
to useaccuacyto evaluae aubmaticsummaris.
Subjecive variation restits into two problems:

¢ how to corsiderall possble correctanswers
in themanualsummaris, and

e how to measue the similarity betveenthe
evaluaton sent&ice and multiple manual
summaries

If we could collea all possble manua sum-
mariestheonemostsimilarto theautomaic result
could be chosa asthe correct ansver and used
for theevaluaion. The sertenceor word accuacy

compaedwith the mostsimilar manualsummary
is denoedasNrstACCY . However, in real situa-

tions, thenumkber of manualsummarieshatcoud

be colleded is limited. The coverage of correct

angaversin the collectedmanualsummarisis un-

known. Whenthe coverageis low, the summares
are compaed with inappropriate tamgets, andthe
NrstACCY obtainedby suchcompaisondoesnot

provide anefficient measue.

2.2 N-gram precision

Oneway to copewith the coverage probdem is to
uselocal matchirg of comporentsor compment
stringswith all the manualsummariesnstead of
using a measurecompaing a word seqwenceas
a whole senence,suchasNrstACCY. The sim-
ilarity canbe measurd by countng the precison,
i.e., the numberof senenceor word n-gramover
lapping betweea the autanatic resut and all the
references.

Evenif there are multiple targets for an auto-
matic summary the precision of comporentsin
ead original canbeusedto evaluae the similarity
betwveenthe autanaticresut andthe multiple ref-
ererces.Precisonis anefficientway of evaluating
the similarity of compon@t occurence betveen
aubmaticresuts andtamgetswith adifferentorder
of comporentsanddifferentlengths.

In the evaluation of summarzationthrough ex-
tradion, a compaentoccuring in a differentlo-
cationin theoriginal is corsideral to beadifferent
compamentevenif it isthesamecompamentasone
in the result Whenan ansver for the automaic
resut canbe unified andthe lenghs of the auto-
maticresultandits answerarethe same accuracy
cowuntsinserton errorsanddeleton errorsandthus
hasboth the precision andrecal charaterisics.

Sincemeanimgsarebastally corveyedby word
stringsrathe thansinglewords,word string preci-
sion (Hori andFurui,200b) canbe used to evalu-
atelinguistic precison andthe maintenaceof the
original meanngsof anutterance. In this method
word strings of various lenghs, thatis n-grams,
areusal ascomponats for measumg predsion.
The extraction ratio, p,,, of eachword string con-
sising of n wordsin asummarzedsenta&ce,V =



v1, V9, ..., Uar, IS givenby

M
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1 if u, €U,
O(un) _{ 0 ifu g, . O
uy. eachword stringcorsisting of n words

U,: asetof wordstringsconsstingof n words

in all manualsummarzatiors.

Whenn is 1, p,, correspomls to the predsion of
eachword, andwhenn is the samelengh asa
summarizd senence(n = M), p,, indicaesthe
precsionof the summariedsenenceitself.

2.3 Summarization accuracy: SUmMACCY

Summarizéon accuracy (SUmMACCY) was pro-
posedto cope with the problem of correct an-
swer coverage and various referencesamonghu-
mans(Hori and Furui, 2001). To cover all possi-
ble correctanswergor summarizéon usingalim-
ited numbe of manualsummaris, all the manual
summariesare mewged into a word network. In
this evaluation method,the word sequencein the
network closestto the evaluaion word sequace
is consteredto be the target answer The word
accuiacy of the autamatic resut is calalatedin
comparsonwith the tamet answerextraded from
the network.

Sincesummarzationis processedby extracing
words from an original; the words camot be re-
placad by othe words and the order of words
canna be changd. Multiple manud summaries
can be combied into a network that represents
the variations Eachset of words that coud be
extraded from the network consstsof wordsand
word strings occuring atleastoncein all theman-
ual summaris. The network madeby the manual
summariesanbe consderedto representall pos-
siblevariaionsof corre¢ summaries

Theserience* Thebeautful cherry blossomsn
Japanbloom in spring” is assumedto be man-
ually summarizd as shavn in Table 1. In this

Table 1. Exampleof manualsummarizéion by
sertencecompation.

[SUB[Thebeautifulcherryblossomsn Japarbloomin spring

The cherryblossomsn Japan
cherryblossomsn Japarbloom
beautifulcherry bloomin spring
beautifulcherryblossoms in spring
Thebeautifulcherryblossoms bloom

mo O W >

Figurel: Word network madeby meging manual
summares.

exampk, five words are extraded from the nine
words Therefoe,thesummarizéion ratiois 56%.
The variations of manualsummaris are meged
into aword network, asshavn in Fig. 1. We use
<S> and</s> asthebegginning andending sym-
bols of a sertence. Although “Cherry blossoms
bloomin spring’ is notamongthemanualanswers
in Tablel, thissenence which could beextracied
from the network, is consicereda correctanswer

When referencescorsisting of manud sum-
mariescanrot cover all possble answes andlack
theappopriate answelfor anautomaic summary
SUMACCY calaulated using such a network is
beter than NrstACCY for evaluaing the auto-
matic resut. This evaluaton methal gives a
peralty for eachword concdenaton in the auto-
matic restuts tha is excludedin the network, so
it canbe usedto evaluat the senencelevel ap-
propriatenessmore predsely than matchirg each
wordin all thereferences.

2.4 Weighted SUmMACCY: WSUmACCY

In SUMACCY, all possble setsof wordsextracied
from the network of manudly summaried sen-
tencesare equdly usedastarget answes. How-
ever, the setof wordscorntaining word strings se-
lectedby mary humars would presumablybebet-
terandgive morereliabde answersTo obtainrelia-
bility thatreflecsthemajority of sele¢ionsby hu-
mans.the summariationaccuagy is weighted by
a poserior probaility basedon the manualsum-
marizdion network. Thereliaklity of a sertence



extradedfrom the network is definedasthe prod-
uct of theratiosof the numberof subjectswho se-
lectedeachword to the totd numker of subgcts.
Theweightedsummarizéion accuagy is givenby

WSumACCY

_ P(v1...vm|R) x SumACCY @
P(iy...05|R) ’

wheref?(vl ...vp|R) is thereliability scoe of a

setof wordsv; ... vy in the manud summariza-
tion network, R, and M representsthe total num-

berof wordsin thetargetanswer Thesetof words
01 ... Dy, representgheword seqeencethatmaxi-

mizesthereliability scae, P(-|R), givenby

P(Ul . .U]\/[|R)

(I

1
Cvm1,vm|R)\ ™"
Cre e ”) . ®

wherewv,, is the m-th word in the sertenceex-
tractad from the network asthetarget ansver, and
C(z,y|R) indicatesthe numberof suljects who
seleted the word conrection of z andy. Here,
“word comecticn” meansan arc in the manual
summarizéion network. H i isthenumberof sub-
jects.

2.5 Evaluation experiments

Newspaperartides and broalcast news spesch
wereautamaticaly summariedthrough sentece
extradion andword extradion respectively under
thegivensummarizéion ratio, whichis theratio of
thenumbess of senencesor wordsin thesummary
to thatin theoriginal.

Theautomatt summarizdbn resuts weresub-
jectively evaluaked by ten humansubjed¢s. The
subjects read thee summariesand rated each
one from 1 (incorrect) to 5 (perfect). The au-
tomatic summares were also evaluatedby using
thenumeri@l metricsSUMACCY, WSUmACCY,
NrstACCY, andn-gram precision (1 < n < 5)
in compari®n with referencesummares gerer-
atedby humans The precisons of 1-gram,...,
5-gram aredended PRECL, . .., PREC5.The nu-
mericalevaluaion resuts wereaveragedover the
numberof automaic summaris.

Notethatthesubjetswho judgedtheautamatic
summarieglid notinclude anyone who gererated

the references. To examinethe similarity of the
humanjudgmentsand that of the manualsum-
maries the kappa statigics, x, wascalaulated us-
ing eq. (A-1) in the Appendx.

Finally, to examine how much the evaluation
measuesreflectedhehumanjudgmentthecorre-
lation coeficients betwea the humanjudgmerns
and the numeical evaluaion resuls were calau-
lated.

Sentence extraction

Sixty artidesin Japaesenewspger pubished in
94, 95, and 98 were autanaticaly summaried
with a 30% summariationratio. Half the articles
weregeneal news repat (NEWS),andotherhalf
werecolumrs (EDIT).

The automdic summarizéion was perfamed
using a Suppot Vector Machine (SVM) (Hirao
etal., 2003), rancdbm extradion (RDM), the lead
methal (LEAD) extrading senencesfrom the
heal of articles. In compaison with thes auto-
matic summaris, manua summares (TSC) was
alsoevaluaed.

These 4 types of summares, SVM, RDM,
LEAD, andTSCwerereadandratedl to 5 by 10
humars. The summariesvereevaluaedin terms
of extraction of significance information (SI1G),
coherene of senences(COH), mainterance of
original meanimgs (SEM), andappopriaenessof
summaryasawhole (WHOLE).

To numerially evaluaetheresuls usingtheob-
jective metrics, 20 othe humansubjeds gene-
atedmanualsummaris through sentege extrac-
tion. Thesemanualsummaris weresetasthetar
getsetfor theautomatt summaries

Word extraction

JamneserV news broalcastsairedin 1996were
aubmaticaly recoquized and summaried sen-
tence by sertence(Hori andFurui, 2003). They
corsistedof 50 utterances by afemaleannauncer
The out-d-vocatulary (OOV) rate for the 20k
word vocabularywas 2.5%, and the testset per
plexity was 54.5. Fifty utteranceswith word
recanition accuagy above 90%, which wasthe
averagerateover the 50 utteranceswereseleced
and usedfor the evaludion. The summariation
ratio wassetto 40%.
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Figure 2: Correldion coeficients betwea hu-
manjudgmentandnumeical evaluaton resulsfor
EDIT.

Nine aubmatic summaris with various sum-
marizaton accumacies from 40% to 70% and a
manualsummary(SUB) were seleced as a test
set. Thesetensummariedor eachutterancewere
judgd in termsof the appr@riatenessof the sum-
maryasawhole ( WHOLE).

To numeically evaluate the resuls using the
objedive metrics, 25 humansgeneated manual
summarieghrough word extraction. Theseman-
ual summaris were setasatamet setfor the au-
tomatic summariesand memged into a network.
Note thata setof 24 manualsummariesnadeby
othersuljectswasusedasthetametfor SUB.

2.6 Evaluation results

Figures2 and3 showthe correhtion coeficients
betweerthe judgmerts of the subjectsandthe nu-
merical evaluaton resuls for EDIT and NEWS.

They showthat the measurs basel on accuacy
muchbeter reflectechumanjudgmensthanthose
of the n-gram predsions for evaluating SIG and
WHOLE for bothEDIT andNEWS.Onthe other
hand PREQ bette reflectal the humanjudg-
mentsfor evaluatingCOHandSEM. Theseesuts
shav that measuwestaking into accaint senteice
concdenatons beter reflectel humanjudgments
than single compormnt precision The predsions
of longer sentece strings (PREC3to PRECS)
didn’t reflectthe humanjudgmernsfor all the con-
ditions. Theseresuts shav that meaning of the
originalartide canmaintan by the concaterations
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Figure 3: Correlaton codficients betweenhu-

manjudgmer andnumercalevaluationresuts for

NEWS.

of only afew sertencesn summarizéon through
sertenceextraction.

Table 2 lists the kappastatstics for the man-
ualsummaresandthehumanjudgmerisfor EDIT
andNEWS Themanua resuls variedamonghu-

Table 2: Kappastaistics for manua summarés
andhumanjudgmerts for senteceextracton.

[ DATA | SUMMARIES [ & |
EDIT manualsummaries|| 0.35
NEWS | manualsummaries|| 0.39

mansand the similarity amonghumanswas low.

The kappa staistics for NEWS is slighty high
than thatfor EDIT. The differenceof similarities
amongmanud summaris is dueto the difference
in struduresof informationin eachartide. Al-

thoughthearticlesin EDIT hada discairsestruc-
ture, NEWShadisolatedandsteretyped informa-
tion scatteedthroughaut the artides.

While the humanjudgmentsfor NEWS were
similar, thosefor EDIT varied.The difficulty in
evaluating COH and SEM in EDIT is dueto the
variation in both manu& summariesand human
judgment.

Figure 4 shaws the corrdation coeficients be-
tweenthe judgments of the subpctsand the nu-
mericd evaluationresutsfor summarie®f broad-
cag news speehthroudh word extradion. Table3
lists the kappastaisticsfor the manualsummares
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Figure 4: Correldion coeficients betwea hu-

manjudgmentandnumeical evaluaton resulsfor
summarieshroughword extraction.

andthe humanjudgmentsfor summaris through
word extracion. In word extraction, the human

Table 3: Kappastatidics for manualsummaries
andhumanjudgmentsfor word extradion.

[ DATA [ SUMMARIES [ ~ |
| Broadcashews | manualsummaries]| 0.47 |

judgments and the manualsummariesvere very
similaramongthe subgcts.

As shavnin figure4, WSUmACCY yielded the
best corrdation to the humanjudgments. This
meansthat the corre¢nessas a sentece andthe
weight(thatis how mary subjectssuppat the ex-
tracted phrasesin summarizedsentaces)areim-
portantin summarizéon throughword extradion.
In compaison with the resuts of sertence ex-
traction in Figures2 and 3, PREC1 effectively
reflectedthe humanjudgmentsfor word extrac-
tion. Sincein the manualsummarizd sertences
throughwordextradion unde thelow summariza-
tion ratio, the sertenceswere summarzed based
on significance word extraction rathe than syn-
tacticstructuremainteranceto geneategrammat-
ically corred sentees.

3 Conclusion

We have presented the resuts of evaluaing
the apprqriatanessof the senence conatena-
tions in summares gereratedusing SUMACCY,

WSUmACCY, NrstACCY and n-gram preci-
sion. We found that the measure taking into
acount senteice concdenaton much bette re-
flectedthe judgmentsof humars thandid the sin-
gle senence precison, so the conatendion of
sertencesn summaris shout be evaluated.
Although the humanjudgmentsand the man-
ual summariesfor word extracton did not vary
much amongthe subgcts, thosefor sentece ex-
tradion for sinde artide summariation greaty
varied amongthe suljects. As aresut, it is very
difficult to set correct answes for sinde artide
summarzationthrough senenceextradion.
Futureworks involves experimentsto examine
the efficiency of eachnumeical measursin re-
spmseto the coverage of corectanswers.
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Appendix
k is givenby

_ P(A) - P(E)
- 1-PE)

where P(A) and P(FE) are the probabilities of
humanagreementand chane agreemat, resgec-
tively, sox is adjugedby thepossbility of chance
agreenent. This measue was usedto assess
agreenentof humanselectionsfor discairsesey-
mentaton (Carleta, 1996.

In this study, kappa wascalaulatedusing a ta-
ble of objects and categories(Takeudi and Mat-
sumotq 2001). P(A) wascalcuatedusing

(A-1)

N
PA)= L3S (A-2)
=1

whereN is thenumberof trials to select oneclass
amongall clas®s, and S; is the probability that
two humansat leastagreeat the i-th selecton:

m
Z ni; 2
j=1

S, = 1=

=t A-3
e (A-3)

where k and m are the numberof subjects and
clases respetively. Whenthetaskis senteceor
word extracion, thenumbe of clasesis two, i.e.,
extractnot extract. The numerdor of eq. (A-3)
showsthe sum of the combinatiors that two hu-
mansat leastagreefor eachclass; n;; is thenum-
berof humars who selectthe j-th classat thei-th
selection.

P(F) istheprobaility of charceagreenentby
atleasttwo humars:

P(E) =} ;" (A-4)
j=1

wherep; is the probaility of seleding the j-th
clas givenby

N
> nij
1=1

NE

wherethe total numbe of humanswho selectthe
j-thclassfor eachtrial is dividedby thetotalnum-
berof trials performedby all humans

P = (A5)



