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Abstract

In order to promote the study of auto
matic summariation and translation, we
need an accuate autamatic evaludion
method that is close to human evalua-
tion. In this paper, we present an eval-
uation methodthat is basel on convolu-
tion kerrels that measurehe similarities
betweentexts consdering their subgruc-
tures We corductel an experiment us-
ing automaic summarizéon evaludion
data developed for Text Summarizatia
Challerge 3 (TSC-3). A compaisonwith
corventioral technques shows that our
methodcorrelatesmore closel with hu-
manevaluaionsandis morerobust.

1 Introduction

Automaticsummarizéion, machinetranshtion,and
pararasng have attraded muchattention recently.
Thesetaslks include text-to-text language gerera-
tion. Evaluation workshops are held in the U.S.
andJapane.g.,the DocumentUndersanding Con-
fererce (DUC), NIST Machine Transldion Evalu-
atior? aspartof the TIDES projed, the Text Sum-
marizaton Challerge (TSC) of theNTCIR project,
and the Intermatioral Worksh@ on Spolen Lan-
guage Translaion (IWSLT)%.

Theseevaluaion worksh@semplg/ humaneval-
uations, which are essatial in termsof achieving

http://duc.nist.ge

2http://www nist.go/speech/tests/mt/
3http://mwwr titech.ac.jp/tsc
*http://wwwslt.atrco.jp/IWSLT2004
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high qudity evaluatiors results However, human
evaludionsrequre ahuge effort andthecostis con
siderble. Moreover, we canrot automaically eval-
uatea new systemevenif we usethe corpora built
for theseworkshgs, and we canrot conduct re-
evaluaion experiments.

To copewith this situaton, there is a particular
needto estallish a high quality autanatic evalua
tion method Oncethisis dong we canexpectgrea
progressto bemadeon natuial languagegenerson.

In this pape, we propce a novel aubmatic
evalugion methodfor naturad language gereratian
techrologies. Our methodis basgd on the Ex-
tended String Subseqgence Kernel (ESK) (Hirao
et al., 2004) which is a kind of corvolution ker-
nel (Collins and Duffy, 2007). ESK allows us to
calcdatethe similarities betweera pair of texts tak-
ing accaunt of word seqencestheirword seng se-
guercesandtheir combirations

We conducted an expelimental evaluaton using
autamaticsummartationevaluaton datadeveloped
for TSG3 (Hirao et al., 2004). Theresuls of the
comparson with ROUGE-N (Lin and Hovy, 2003
Lin, 2004a;Lin, 2004b), ROUGE-S(U) (Lin, 2004b;
Lin and Och, 2004 and ROUGE-L (Lin, 2004a
Lin, 2004b) shawv that our methodcorrelatesmore
closdy with humanevaluaionsandis morerobust.

2 Reated Work

Automatic evaluation method for autamatic sum-
marizaton andmachinerandation aregroupedinto
two clas®s. One is the longest common subse
guerce (LCS) basedapprach (Hori et al., 2003
Lin, 2004g; Lin, 2004k Lin andOch, 2004. The
othe is theN-grambasedapprach(Papinen etal.,
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Tablel: Componatsof vectas coresponlingto S1andS2.Bold subsguen@sarecommonto SlandS2.

d | subsequece S1 S2|| d|subseqgance S1 S2||d|subsequece S1 82
Becoming 11 Becoming-is X2 M| lastronaut-DREAM [0 )?
DREAM 11 Becoming-my A% X%|| |astronaut-ambition|0 A2
SPACEMAN 11 SPACEMAN-DREAM | A3 )2 astronaut-is 01
a 10 SPACEMAN-ambition|0  A\?|| |astronaut-my 0 A
ambition 0 1 SPACEMAN-dream [A3 0 cosmonat:DREAM | A3 0
an 0 1 SFACEMAN-great  |A\? 0 cosmonatidream | A3 0

1|astronaut 0 1 SPACEMAN-is 11 cosmonatigreat | A% 0
cosmonati 1 0 SPACEMAN-my A A cosmonats 1 0
dream 10 a-DREAM 2o cosmonatm A0
great 1 0 a-SIACEMAN 1 0 great-DREA 1 0
IS 1 1 ([2|a-cosmonat 1 0 ||2|great-dream 10
my 1 1 a-dream Ao is-DREAM A%
Becoming-DREAM XD a-great A2 0 is-ambition 0 A
Becoming-SPACEMAN | A ) a-is A0 is-dream A2 0
Becoming-a 10 a-my A2 0 is-great A0
Becoming-ambition 0 A an-DREAM 0 X ism 11

2|Becoming-an 0 1 an-SRCEMAN 0 1 my-DREAM Al
Becoming-astrona 0 ) an-ambition 0 X3|| |my-ambition 0 1
Becoming-cosmoaut (A O an-astronalu 01 my-dream A0
Becoming-dream A0 an-is 0 A my-great 10
Becoming-great Mo an-my 0 X

2002 Lin andHovy, 2003 Lin, 2004; Lin, 2004b; However, N-gram basedmethals have a critical

SoricutandBrill, 2004)

Hori et. al (2003) proposedan automatt eval-
uation metha for speeh summarizéon basel on
word recoqnition accuagy. They repatedthattheir
methodis superor to BLEU (Papinen etal., 2002
in termsof the correlation betwe@ humanassess
mentandautomaitc evaluation. Lin (2004a; 2004b)
andLin andOch(2004) propcsedanLCS-basedu-
tomaticevaluaion measurealledROUGEL. They
appied ROUGE-L to the evaluaion of summariza
tion and machinetrandation. The resdts shaved
that the LCS-based measue is compaable to N-
gram-tasedautomaic evaluaion methods How-
ever, these methals tend to be strangly influenced
by word orde.

Various N-gram-baed methals have been pro-
posel since BLEU, whichis now widely usedfor the
evaluaion of machnetrandation. Lin etal. (2003
proposed a recaltorierted measure ROUGEN,
whereasBLEU is predsion-orienied. They repated
thatROUGE-Nperformedwell asregardsauibmatic
summariation. In particular ROUGE-1, i.e., uni-
gram matching provides the bestcorrdation with
humanevaludion. Soricutet. al (2004) propsed
a unified measure They integrated a precision
orierted measue with a recalloriented measue by
using anextenson of thehamonicmeanformula. It
perfamswell in evalugionsof machire trarslation,
autamatic summariation, and quesion answerirg.
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probdem; they canrot consicer co-oaurrenceswith
gaps.althoughthe LCS-basednethal candealwith
them. Therefae, Lin and Och (2004) introduced
skip-bigram staistics for the evaluaion of machire
trandation. However, they did not constder longe
skip-n-granssud asskip-trigrams.Moreover, their
methoddoes not distinguish betveenbigramsand
skip-bigrams.

3 Kernd-based Automatic Evaluation

The aboe N-gram-tased method correlted
closdy with human evaluaions. However, we
think someskip-n-gams(n>3) areusefd. In this
pape, we employ the Extended String Subsguene
Kernel (ESK), which consders both n-grans and
skip-n-grams. In addtion, the ESK allows usto add
word sengsto eachword. The useof word sense
enales flexible matching even when paaphrasg
is usel.

The ESK s akind of corvolution kernd (Collins
andDuffy, 2001). Corvolutionkerrelshaverecently
attracted attenton as a novel similarity measuren
natual languageprocessing

31 ESK

The ESK s anextersion of the String Subsguene
Kernel(SSK) (Lodhi etal., 2002 andthe Word Se-
guerceKernel(WSK) (Canceldaetal., 2003.

The ESK receivestwo node sequacesasinputs



andmapseachof theminto a high-dimersionalvec-
tor space. The kernd’s value is simply the inner
product of the two vectas in the vectorspae. In
orde to discaunt long-kip-n-grams,the decy pa-
rameter) is introducel.

We explain the computdion of the ESK's value
whoseinputs arethe senteges(S1and S2) shavn
below In the example word sengs are shownin
braces.

S1 Becoming a cosmonat:{SFACEMAN}
dream{DREAM}

S2 Becoming an astronaufSPACEMAN} is my ambi-
tion:{DREAM}

is my great

In this case “cosmonaut” and “astronaut shae
the sameseng {SPACEMAN} and“ambition” and
“dream” alsosharethe sameseng {DREAM}. We
canuseWordNetfor English andGoitaikei (Ikehara
etal., 1997) for Japaese.

Table1 shavs the subsguen@sderivedfrom S1
and S2 andits weights Note thatthe subsguene
lengh is two or less. From the table, there arefif-
teensulsequaces thatarecommonto S1andS2.
Therefae, ESK9=2(S1,82) = 74+ A 4+ 2X2 + A3 +
X+ X% + X6+ N2, For reference,therearethree
unigrams,onebigram, zerotrigramsandthree skip-
bigramscommonto S1andS2.

Formally, the ESKis definedasfollows. 7" andU
arenodeseqences

d
ESKAT,U)=> Y )" Knlti,uy)

m=1t;,€T u; €U
Km(ti,uj)—{

Here d is theupperbourd of thesubgquermrelengh
and K], (t;,u;) is definedasfollows. t; is the i-th
nodeof T'. u; is the j-th nodeof U. The function
val(s, t) retunsthenumberof attributescommonto
givennodes s andt.

@
val(ts, uz) if m=1
K, (tiyuj) - val(t;, u;) otherwise

0 if j=1

)\K;n(ti, Uj—1 ) -+ K;V,L (ti, u];]) otherwise
3)

Kﬁn(ti,uj):{

K (t;,u;) is definedasfoll ows:
, 0 if i=1
Km(ti,uj): 7
AKG (i1, u5) + Ko (tio1,u5).
®Bold subsequeresin Tablel.

(4)
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Finally, we definethe similarity measue betwea
T andU by normdizing ESK. Thissimilarity canbe
regardel asanextenson of the cosire measue.

ESK(T,U)
VESKY(T, T)ESKY (U, U)

Simlu (T, U)= ()

3.2 Automatic Evaluation based on ESK

Suppos, C is a systen output, which corsists of
¢ senteges,and R is a humanwritten reference,
which conssts of m senteges. ¢; is a senencein
C, andr; is asent@&cein R. We definetwo scaing
functions for autamatic evaluation. First, we define
apredsion-oriened measue asfoll ows:

PL(C,R)= 7 Z Inax Simy (ci,75) (6)

Symmetricdly, we deflnea recdl-orientedmea-
sureasfollows:

R&,(C,R)= Z 1H<1§1<XZ Siméac (i, 75) ()

Finally, we deflne a unlfled measue, i.e., F-
measue, asfollows:

1+ %) X Resk(C,R) X Pesic(C, R
P (c, R)=" R:sz,R) i(ﬂé X)Pesk(cf%) )
[ is a costparametefor R and P.. (§'s value
is selecteddepending on the evaluationtask Since
summary shoud not miss important information
givenin the humanrefererte, recallis moreimpor-
tant than precison. Therefoe,alarge 3 will yield
goodresuls.

3.3 Extension for Multiple References
Whenmultiple humanrefererces(correct answery

areavailable, we definea simplefunction for multi-
ple referencesasfoll ows:

e (C, R)= ZFesk C,Ra), 9)

Here,equaton (9) glvestheaveragesccre. Rin-
dicakesasetof references; R = {R1,---, Rp}.

4 Experimental Evaluation

To confirm and discuss the effectivenes of our
method we condwcted an experimental evalua
tion usingTSC-3multiple documehsummarizéon



evaluaion dataandour addtional data

4.1 Task and Evaluation Metricsin TSC-3

Thetaskof TSC-3is multiple doaumentsummariza
tion. Participants were given a set of docunents
abou a certan eventandrequred to gereratetwo
differentlengh summaresfor the entire document
set. Thelengtls wereabou 5% and10%of thetotd

numberof charatersin the doaumentset, respee
tively. Thirty doaumentsetswere provided for the
official run evaluation Therewere ten paricipart

systems; one provided by the TSC organizersas a
basdine system.

The evaluaion metric follows DUC’s SEE eval-
uation schemgHarmanandOver, 2004). For eat
documentset,onehumansulject makesa reference
summaryand usesit as a basisfor evaluaing ten
systen outputs. This humanevaludion procedire
consstsof thefollowing steps

Step 1 For eachreferancesentacer;(c R), repea
Steps2 and3.

Step 2 For r;, the humanassessr finds the most
relevant sertencesetS from the system output.

Step 3 The assesor assgns a scorg e(r;,S),
0,0.1,---,1.0. 1.0 meansperfed. in termsof
how much of the content of r; canbe repro
ducedby using only sertencesn S.

Step 4 Finally, the evaludion
outpu C for refeence R

H(R,C)=3;e(rj, S)/IR|.

The final score of a systemis calcukted by
appling the above procedire and normalzed by
the numker of topics i.e, Y50, H(R:,Cy)/30.
When multiple references R(={R1,---,R,})
are available, the scores are given as follows:
H™ (R C)=>",, H(Rk,C)/|R|.

scae of
is definad

4.2 Variation of Human Assessors

In TSC-35 official run evaluation, systen outputs
were compaed with one humanwritten reference
summaryfor eachtopic. Therewerefive topic sets
andfive humanassasors(A-E in Table2) for eath
topic set.

Before we usethe one humanwritten reference
summaryas the gold-standird-réerene, to exam-
ine variationsamonghumanas®ssorswe prefared
two addiional humansummariedor eachtopicsets.
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Table2: Therelaionship betwea topics andrefer-
encesummarycredors,i.e., humanassssors.S(A)
indicatesa sulject A’'s evaluaion scorefor all sys-
temsfor corresporling topics.

tOpiC-lD | D, Do D3 Davg
1-6 1 S(A S(E S(C meanG(A),S(E),S(C
7-12 | S(B S(A S(D mean((B),S(A),S(D
13-18 | S(C S(B S(E mean((C),S(B),S(E
19-24 | S(D S(C S(A mean((D),S(C),S(A
25-30 | S(E S(D S(B mean((E),S(D),S(B

Table3: Correld@ionsbetwea humanjudgments.

correlation rankcorrelation
coeficient(r) coeficient(p)
short
Dl D2 DS Davg Dl D2 DS Davg
D, 1.00 .968 .902 .988 | 1.00 .976 .697 .988
Dy — 1.00 .910 .996 | — 1.00 .733 .988
Ds — — 1.00 914 | — — 1.00 .758
Davg | — — — 1.00 | — — — 1.00
long
Dl DQ DS Davg Dl DQ DS Davg
D, 1.00 .908 .822 964 | 1.00 .964 .939 .964
Do — 1.00 .963 .987 | — 1.00 .952 1.00
Ds — — 1.00 931 | — — 1.00 .932
ave | — — — 1.00 | — — — 1.00

Therefae, we obtdned threereferencesummaris
andevaludion resuts for eachtopic sets(Table?2).

Moreover, we prepaed unified evaluationresuls
of threehumanjudgmentas D,,,, which is calcu
latedasthe average of three humanscores.

Therelaionship betwee topicsandhumanasses
sorsis shavn in Table2. For example,subject B
gengatessummaris and evaludes all sysemsfor
topics 7-12, 13-18 and 25-30 on Dy, D», and Ds
respetively. Note that eachhumansulject, A to
E, wasaretired professioml journalist; thatis, they
sharel acommonbaclkgrourd.

Table 3 showsthe Pearsors corrdation coefi-
cient(r) andSpearmarsrankcorrelation coeficient
p for thehumansubjects. Theresuts showthat ev-
ery pair hasa high corrdation. Therefae, changng
thehumansubgcthaslittl einfluenceasregardscre-
ating referencesand evaluaing systen summares.
Theevaluaion by humansubjectsis stalle. Thisre-
sultagreeswith DUC’s addtional evaluaton resuls
(Harmanand Over, 2004. However, the behaior
of the corrdations betweenhumanswith different
baclgrourdsis uncetain. The correltion might be
fragile if we introducea humansubjgectwhoseback
groundis different from the others.



4.3 Compared Automatic Evaluation M ethods

We compaed our method with ROUGEN and
ROUGE-L descrbedbelow We usda only corntent
wordsto calaulate the ROUGE scores becase the
corrdation coeficient decrasedif we did not re-
move functional words

W SK -based method
We useWSK insteadof ESKin equaion (6)-(8).

ROUGE-N

ROUGEN is an N-gram-based evaluaion mea-
suredefinedasfollows (Lin, 2004b):

Z Z Countmagcn (gramy)

SeR gramyEeS

Z Z Count(gramy)

SER gramyES

ROUGE-N(C, R)=

(10)

Here,Count(gramy;) is thenumbe of anN-gram

and Count,y,tcn (gramy) denoesthe numberof n-

gramco-ocurrercesin a systen output andtheref-
erene.

ROUGE-S

ROUGES is an extersion of ROUGE-2 definel
asfollows (Lin, 2004H:

1 + /62) X Rskip2(CaR) X Pskin(CsR)

RSkiP2 (C7 R) + ﬁZPskipZ (C« R)
(11)

WhereRgyipo and Pyipe aredefinedasfollows:

ROUGE-SC, R)= (

_ _ Skip2(C,R)
Retipa (€, R)=71 skip bigrame R
_ _ Skip2(C,R)
PSk‘f’Q(C’R_)_#of skip bigrame C (_13)
Here,function Skip2 returrs the numberof skip-

bi-gramsthatarecommonto R andC.

(12

ROUGE-SU

ROUGE-SU is anextenson of ROUGE-S, which
includes unigrams as a featue define as fol-
lows (Lin, 2004b):

(14 %) x Ru(C,R) x Psu(C,R)

ROUGE-SJ(C, R)= Reu(C,R) + 3°Pau(C, R)

(14)
WhereR,, and Py, aredefinedasfollows:

B SU(C, R)
Rsa(C,R)= (# of skip bigrams+ # of unigrams)c R

(15)
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B SU(C,R)
PS”(C’R)_(# of skip bigrams+ # of unigrams)e C (16)
Here,function SU retunsthe numbe of skip-bi-

gramsandunigramsthatarecommonto R andC.

ROUGE-L

ROUGEL is an LCS-basedevaluaion measue
definedasfollows (Lin, 2004):

(1 + [7)2) X Rlcs(cs R) X Plcs(CaR)

ROUGELC. R)I=""3 (C.R) + PP Pu(C.R)
17)
whereR,.; and P,.; aredefinedasfollows:
Ries(C,R) =1 > Lesu(i,0) (18)
“ T, ER
HCS(C,R):% > Lesu(ri,0) (19)
T, €ER

Here,LCS,(r;,C) is the LCS scoreof the union
longest common subgquerme betweenreference
sent@cesr; andC. u andv arethenumbe of words
continedin R, andC, respetively.

The multiple referance verdon of ROUGEN S,
SU or L’ RNIIleaII, Rsmean’ Rsunean’ RLlIle‘dIl Can
bedefinedin accadane with equation(9).

4.4 Evaluation Measures

We evaluge automaic evaluation methods by
using Pearsa’s corrdation coeficient (r)
and Spearmars rank correlation coeficient

(p). Since we have ten systems,we male a
vecta x=(z1,z9,---,x4,---,x19) from the
resuts of an automdic evaluaton. Here,

2;=1/303° f(R:,Ci). Ry indicatesa ref-
erene for the ¢-th topic. f indicatesan aubmatic
evaludion function suchas F.q, Fiysk, ROUGEN,
ROUGES, ROUGESU and ROUGE-L. Next, we

make andaher vecta y=(y1,y2, -, ¥i, ", ¥Y10)
from the human evaluaton resuts. Here,
yi=1/303, H(R:,C;y).  Finally, we com-

puter andp betwea x andy?®.

45 Evaluation Results and Discussions

Table 4 shavs the evaludion resuts obtdned by
using Pearsa’s corrdation coeficient ». Table5
shaws the evaluation resuts obtained with Spear
mans rank corrdation codficient p. The ta-

®When using multiple referencesfunctions f and H for

makingvectorsx andy aresubstitutedor f™°*" and H™°",
respectrely.



Table4: Resuls obtairedwith Pearsors correltion coeficient.“st@” indicateswith stgp word exclusion,

“casé€ indicatesw/o stopword excluson.

short long
Dl DQ DS D'awg Dl D2 DS Davg
stop case| stop case| stop case| stop Case| stop case| stop case| stop case| stop case
ROUGE-T 965 .884[.931 .888|.937 .879|.956 .906|.906 .876|.919 .916|.897 .891|.918 .948
ROUGE-2 .943 .960|.836 .880|.861 .906|.904 .937|.886 .930|.788 .941|.834 .616/|.856 .929
ROUGE-3 .906 .936|.759 .814|.786 .846|.862 .900|.873 .909|.717 .849|.826 .431|.844 .885
ROUGE-4 .878 .914|.725 .752|.729 .794|.837 .871|.850 .890|.651 .787|.836 .292|.836 .865
ROUGE-L .919 .777|.789 .683|.875 .867|.898 .852|.917 .840|.861 .812|.847 .829|.910 .848
ROUGE-S 934 .914|.805 .888|.872 .938|.867 .917|.812 .863|.744 .954|.709 .547|.757 .900
ROUGE-S(9 .929 .935|.783 .899|.808 .917|.856 .939|.840 .903|.735 .951|.730 .617|.787 .927
ROUGE-S(4 .936 .943|.802 .891|.839 .917|.877 .940|.876 .920|.778 .945|.814 .663|.840 .932
ROUGE-SUfx) | .934 .914|.805 .887|.872 .937|.867 .917|.811 .864|.743 .954|.707 .547|.756 .900
ROUGE-SU 9; .926 .938|.765 .890|.789 .906|.845 .936|.829 .904|.705 .948|.701 .586|.766 .925
ROUGE-SU(4) | .930 .945|.772 .865| .810 .889|.861 .927|.868 .921|.730 .928|.785 .620].818 .925
FE2(6=2) .942 .927 921 .957 941 .957 967 .969
FL.2(6=3) 929 943 .928 965 939 962 959 .967
F33(8=2) .939 .923 919 .962 .926 .954 953 .966
FL.3(6=3) 927 .933 .920 .964 .920 .947 .904 .949
F&4(8=2) 921 .900 .897 .955 .900 932 .890 .946
F24(8=3) .909 .900 .888 .950 .892 .921 .819 .922
FI22(8=2) .939 .900 .897 .942 .931 .923 .936 .939
Fi32(6=3) .928 921 .909 .958 932 .939 .950 .950
Fi23(8=2) .938 .902 .886 .947 .924 921 .934 .944
Fi33(6=3) .928 922 .895 .960 .920 .929 919 .942
Fi2(6=2) .929 .896 873 .947 .910 913 .908 .938
F24(3=3) 918 .915 879 .956 .903 913 .865 .925

bles shaw reslults obtaned with and without stop

word exclugon for the entier ROUGE family. For

ROUGE-S and ROUGE-SU, we use three varia

tionsfoll owing (Lin, 2004): themaximumskipdis-

tances are4, 9 andinfinity 7. In addiion, we exam-
ine 8 = 2and for the ESK-basecand WSK-based
method. The decayparaneter\ for F, and Fy,q

is setat 0.5. We will disausstheseparametevalues

in Section 4.6.

From the tables, ROUGE-N’s r and p decease
monotaicaly with N whenwe exclude stopwords.
In mostcasesthe performanceis improved by in-
cluding stop wordsfor N (>2). Thereis a large
differencebetwe@ ROUGE1 andROUGE-4. The
ROUGES family is comparale to the ROUGE-3J
family and their perfomanceis closeto ROUGE-
1 without stop words and ROUGE-2 with stgp
words.ROUGE-L is betterthanbothROUGE-3and
ROUGE-4 but worsethanROUGE-1or ROUGE-2.

Onthe othea hand, F,..'s corrdation coeficients
(r) donotchargevery muchwith respectto d. Even
if d is setat 4, we canobtan good corrdations.
The behavior of rank correlation coeficients(p) is

"We use3=1,2, and 3. However therearelittle difference
amongcorrelationcoeficient regardlesof 3 becaus thenum-
ber of the wordsin referenceandthe numkber of the wordsin
systemoutputarealmostthe same.
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similar to the above. The differencebetweenthe
ROUGE family andour methal is particularly large
for long summares. By settig d=2, our methal
givesthe goad resuls. The optimal 5 is variedin
thedatasets However, thedifferencebetwea 5= 2
andg=3is small.

For p, our methodoutpeformsthe ROUGE fam-
ily except for D;. By contrast, we canseed=3 or
d=4 provided the bestresuts. The differencesbe-
tweenour methodandthe ROUGE family arelarger
thanfor r.

For both r and p, when multiple references are
available,ourmethal outperformstheROUGEfam-
ily.

Although ROUGE-1 sometimesprovides better
resuts than our methal for shat summaris, it has
a critical prodem; ROUGE-1 disrggardsword se-
guercesmakingit easyto ched. For instance,we
caneasly obtaina high ROUGE-1 scoreby using
a sequence of high Inverse Documen Frequegy
(IDF) words. Sucha summaryis incomprehasi-
bleandmeanimglessbut we obtainagoodROUGE1
scorecompaableto thoseof thetop TSC-3sydems.
By cortrast,it is difficult to cheatothermembersof
the ROUGE family or our method.

Our evaluation resuls imply that Fi, is robugt



Table5: Resultsobtainedwith Spearmais corrdation coeficient. “stop” indicateswith stop word exclu-

sion, “cas€ indicatesw/o stopword excluson.

short long
Dl DQ DS D'awg Dl D2 DS Davg
stop case| stop case| stop case| stop Case| stop case| stop case| stop case| stop Case
ROUGE-T 988 064 |.842 .891|.842 .855[.927 .903|.818 .830|.903 .806|.867 .855|.842 915
ROUGE-2 927 .976|.770 .794|.855 .842|.879 .903|.721 .891|.721 .855|.794 .648|.818 .903
ROUGE-3 879 .927|.588 .697|.818 .818|.867 .927|.758 .842|.636 .745|.806 .564|.709 .855
ROUGE-4 818 .879|.721 .697|.745 .745|.867 .867|.685 .794|.564 .612|.830 .455|.709 .758
ROUGE-L .927 .830|.661 .600|.806 .818|.879 .806|.842 .770|.576 .612|.636 .709|.879 .697
ROUGE-S 939 .939|.673 .818|.794 .818|.818 .927|.770 .879|.636 .818|.697 .527|.709 .867
ROUGE-S(9 879 .952|.600 .745|.721 .794|.733 .939|.758 .806|.576 .806|.673 .564|.745 .855
ROUGE-S(4) |.891 .964|.600 .794|.794 .794|.794 .939|.709 .842|.576 .770|.770 .733|.758 .842
ROUGE-SUfx) | .939 .939| .673 .818|.794 .818|.818 .927|.770 .879|.636 .818|.697 .553|.709 .867
ROUGE-SU 9; 879 .964|.600 .745|.721 .794|.745 .939|.745 .806|.576 .758|.612 .564|.745 .903
ROUGE-SU(4) | 879 .988 | .600 .745|.721 .770|.794 .903| 758 .855| 576 .794|.709 .612|.794 .842
esk Z(6=2) 952 879 .855 .939 842 927 903 .903
FL3(6=3) 952 915 891 .939 .855 .903 903 .903
Fa(8=2) .964 .867 867 .976 818 927 879 879
FL3(6=3) .964 .891 915 .976 758 .903 .709 891
FLA(B=2) 927 .830 867 .952 661 .903 733 915
F24(8=3) .927 .842 .842 .988 .588 .903 .673 .891
F&2(6=2) 976 794 .830 .952 818 867 .806 .891
Fi.2(6=3) 952 842 .830 .952 818 .867 794 .903
Fi33(6=2) 976 794 818 .939 .806 .855 733 879
Fi.3(6=3) 976 879 .855 .952 .806 .818 794 915
Fg;‘*(ﬁ—z) .964 794 818 .939 .806 .855 697 915
Fi 2 (6=3) .964 .867 .855 .976 745 .855 770 915
summariation,‘predsion’ is notnecesarily agoad
Table6: Bestscore for eachdataset. . P . yag
Pearsors CorrelationCoeficient evaludion measurebecaisehighly redundantsum-
;ﬁ{;?tth D15 D2 7733 Dav; mariesmay obtain a very high precision On the
(d /\ ,6) (2 0.7,2) (2 o 7,4) (2 0.1,3) (2 0.7,3) othe hard, ‘recdl’ is notgoodwhena systen’s out-
(d g 9 | @, 016 2) 026 3) (27017 2) (27028 2) putis redurdant. Therebre,equaltreatmemnof ‘pre-
Spearmarg RankCorrelationCoeficient cision’ and rec;dl does not give a goodevaluaion
Length D1 D2 D3 Davg measue. The figure shavs that 3=2,3 and5 are
short 915 988 — infini
(d A B) (3 059 ) (2034) (31055 3) (43%7 4) goodfor r andf=3, 4,5 andlr!flnlty aregood for p.
(d A ) (2084) (3052) 0.054) (2083) Moreover, we canseea significantdifferencesbe-

for d andlengh of summaryandcorrelatesclosely
with humanevaluationresuls. Moreover, it includes
no trivial way of obtaining a goad scoe. These
are significant advantagesover ROUGE family. In
addtion, our methal outperformedthe WSK-based
methodin mostcase. Thisresut confirmstheeffec-
tivenessof sematic informationandthe signficant
adwartageof theESK.

4.6 Effectsof Parameters

Our methodhasthree parametes, d, A, and .

this sectbn, we disaussthe effects of thes param-
eters Figurel shavs r and p for various A\ and g3
values with respet to D,,,. Notethatwe setd at
2 in thefigure becasetheterdeny is similar when
we useother values namelyd(=3 or 4). FromFig.
1, we canseethat3=1 is notgoad. With aubmatic
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tween\ = 1 andothesfromthefigure. Thisimplies
anadwantageof ourmethodcompaedto ROUGES
andROUGE-SU which canrot handk decayfacta
for skip-n-grams.

FromFig. 1, we canseethatp is moresensiive to
(G thanr. Here,5=3,4,5 andinfinity obtanedthe
bestresuts. =1 wasagainthe worst. This resut
indicatesthat we have to detemine the paramete
valueproperly for differenttasks. A doesnotgreaty
affectthecorrdationfor d=3, 4, 5 andinfinity asre-
gardsthemiddlerance.

Table 6 show the bestresuts when we exam-
ined all paranetercombhnations. In the bradets,
we shawv the bestsetings of thes paramé¢er com-
bindions. For r, d= 2 providesthe bestresultand
middlerange A ands=2 or 3 aregoodin mostcases.
On the other hard, the bestsettirgs for p vary with
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Figurel: Correhtioncoeficientsfor variousvaluesof 3 andA onD,y.

thedataset.d=2 is not always goodfor p.

In shat, we canseethatthe decy paramegr for
skipsis significant andlong skip-n-grams areeffec-
tive especially p.

Theseresuls shav that our methodhas an ad-
vantaye over the ROUGE family. In addition, our
methodis robust andsuflicienty good evenif close
attertion is not paidto the paramegtrs.

5 Conclusion

In this paper, we descibed an autanatic evalua
tion methodbasedon the ESK, which is a methal
for measuing the similarities betweentexts basel
on sequencas of words andword senss. Our ex-
perimens shaved that our methodis compaable
to ROUGE family for shortsummarie and outper-
formsit for long summaries In orderto prove that
our methodis languageindepenent, we will con
duct an experimental evaluaton by using DUC'’s
evalugion data We believe that our methodwill

alsobe usetul for other naturd languagegereratian
tasks We arenow planning to apdy our methodto
anevaluaton of machire transhtion.
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