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Abstract

In this paper we describea methodof automatic
sentencealignmentfor building extracts from ab-
stractsin automaticsummarizatiorresearch. Our
methodis basedon two steps. First, we introduce
the“dependeng treepath” (DTP). Next, we calcu-
late the similarity betweerDTPsbasedn the ESK
(ExtendedString SubsequencKernel),which con-
siderssequentialpatterns. By using theseproce-
dures,we canderive one-to-mag or mary-to-one
correspondencesnongsentencesExperimentsis-
ing different similarity measuresshov that DTP
consistentlyimproves the alignmentaccurag and
thatESK givesthe bestperformance.

1 Introduction

Many researchers/ho studyautomaticsummariza-
tion wantto createsystemghat generateabstiacts
of documentgatherthanextracts We cangener
ate an abstact by utilizing variousmethods,such
assentenceompactionsentenceombinationand
paraphrasing. In order to implementand evalu-
ate thesetechniqueswe needlarge-scalecorpora
in which the original sentencesre aligned with
summarysentences.Thesecorporaare useful for
trainingandevaluatingsentencextractionsystems.
However, it is costlyto createthesecorpora.
Figurel shavsanexampleof summarysentences
and original sentence$érom TSC-2 (Text Summa-
rization Challenge2) multiple documentsumma-
rizationdata(Okumuraet al., 2003). From this ex-

am ple,we canseemary-to-mary correspondences.

For instance,summarysentencgA) consistsof a
partof sourcesentencgA). SummarysentencéB)
consistsof partsof sourcesentenceg¢A), (B), and
(C). It is clearthatthe correspondencamongthe
sentencess very complex. Therefore,robust and
accuratelignmentis essential.

In orderto achiese suchalignment,we neednot
only syntacticinformationbut also semantianfor-
mation. Thereforewe combinetwo methods First,
we introducethe “dependeng tree path” (DTP) for

Source(A): £79. BEREEREOFES ML 5 MHHEE
ANEE ZHEEOF VR AE U -6 4 AHE
v FDRAM (EEGREESHFEFADECERRS
EEAHAEU ) "OFHRBEBEPRIEL, &I
AMEEOE Y AT L - A2 - Fu TRXHURD
256 AHDRAMORBAEREICY I LTS,
First, we stop the new investment of 64-Mega bit
memory from competitve companies, such as in
Korea or Taiwan, and we begin the investment
for development of valuable system-on-chip or
256-M ega bit DRAM from now on.

Source(B): 7. REIMICITFEHEEDS BNV IVH
BREDN (IFA) ADRAMEEDEEZWMSL T
WSS,

On a long-term tamget, we plan to reducethe rate of
gener al-pur pose semiconductor enterprisesthat pro-
duce DRAM for personal computers.

Source(C): 5. LE/SDR AMIZBEA—H-—hSHie
3 3758172,

From now on, we will be supplied with DRAM from
Taiwan.

Summary(A): KR AEY—64 AHEY FDRAM (&
BARREEDNLELRERGAM LB EARAEY —)
NOFHBREEHIE,

We stoppedhe new investmenbf 64-Megabit DRAM.

Summary(B): fHIMEEO B VEIFREIZY 7 bL. BN
IS av AR EOTNADR AMIZEE A -/ —0
BHRT 5,

We bagin the investmentfor valuabledevelopmentand
will be suppliedwith general-purpos®RAMSs for per
sonalcomputerdrom Taiwanin thelong run.

Figurel: An exampleof summarysentencesnd
their sourcesentence$rom TSC-2 multiple docu-
ment summarizatiordata. Underlinedstrings are
usedin summarysentences.

syntacticinformation. Second,we introducethe
“ExtendedString Subsequenc&ernel” (ESK) for
semantidnformation.

Experimental results using different similarity
measuresshav that DTP consistentlyimproves
alignmentaccurag and ESK enhanceghe perfor
mance.



Sentence 1: FAAEFTOELIZE LM E R T2,
watashiga kinjo no keisatsuni otosimonowo
todoketa.

Sentence2: ITATDEZIZTEL MaRANREIT 72,
kinjo no keisatsuni otoshimonowo watashiga
todoketa.

Figure2: Examplesf sentencethathave thesame
meaning.

2 Reated Work

Severalmethodshave beenproposedo realizeau-
tomaticalignmentbetweenabstiactsandsentences
in sourcedocuments.

Bankoet al. (1999) proposeda methodbased
on sentencesimilarity using bag-of-words(BOW)
representationFor eachsentencen the given ab-
stract, the correspondingsourcesentencds deter
minedby combingthe similarity scoreandheuristic
rules. However, it is known thatbag-of-wordsep-
resentations not optimalfor shorttexts like single
sentenceg¢Suzukietal., 2003).

Marcu (1999) regards a sentenceas a set of
“units” thatcorrespondo clausesanddefinessim-
ilarity betweenunits basedon BOW representa-
tion. Next, the bestsourcesentencegre extracted
in termsof “unit” similarity. Jingetal. (Jingand
McKeown, 1999)proposedigram-basedimilarity
usingthe HiddenMarkov Model. Barzilay (Barzi-
lay andElhadad,2003) combinesedit distanceand
contet information around sentences. However,
thesethreemethodstendto be stronglyinfluenced
by word order When the summarysentenceand
the sourcesentenceslisagreen termsof word or-
der, themethoddail to work well.

The supervisedlearning-basedmethod called
SimFinderwas proposediy Hatzivassilogbu et al.
(Hatzivassiloglouet al., 1999; Hatzivassiloglouet
al., 2001). They translatea sentencento a feature
vectorbasedon word countsandpropernouns,and
so on, and then sentencepairs are classifiedinto
“similar” or not. Their approachs effective when
alot of training datais available. However, the hu-
mancostof makingthistrainingdatacannotbedis-
regarded.

3 An Alignment Method based on Syntax
and Semantics

For example, Figure 2 shavs two sentenceghat
have differentword order but the samemeaning.
The Englishtranslationis “I took the lost article to
theneighborhoodgolice’

JE) 7z, (took)
todoke ta

()
watashi ga keisatsu ni

22 |Z (to the police)i& L # % (the lost article)
otoshimono wo

JEAT @ (neighborhood)
kinjo no

Figure3: An exampleof adependengtree.

Since conventionaltechniquesother than BOW
arestronglyinfluencedoy word order they arefrag-
ile whenword orderis damaged.

3.1 Dependency Tree Path (DTP)

Whenwe unify two sentencessomeelementshe-
comelongetr and word order may be changedto
improve readability Whenwe rephrasesentences,
the dependeng structuredoesnot changein mary
cases.even if word order changes. For example,
thetwo sentencem Figure2 shareghesamedepen-
dencestructureshovn in Figure3. Therefore,we
transforma sentencento its dependeng structure.
This allows usto considera sentenceasa setof de-
pendenyg tree pathsfrom aleaf to the root nodeof
thetree.

Forinstancethetwo sentencem Figure2 canbe
transformednto thefollowing DTPs.

o FA A% JE 7z (I took)
watashiga todoketa

o JTAT D 2\ JElJ 7z (tooktotheneighbor
hoodpolice)
kinjo nokeisatswni todoketa

o LY % JE\J 7z (tookthelostarticle)
otoshimonowo todoketa.

3.2 An Alignment Algorithm using DTPs

In this section,we describea methodthat aligns
sourcesentencewith the summarysentences an
abstract

Our algorithmis very simple. We takethe corre-
spondingsentenceo betheonewhoseDTP is most
similar to thatof the summarysentenceThe algo-
rithm consistsf thefollowing steps:

Step 0 Transformall sourcesentencemto DTPs.

Step 1 For eachsentencéq” in theabstract, apply
Step2 andStep3.

Step 2 Transform®“«” into a DTP set. Here, F'(«)
denotesa’s DTP set. F(s;) denoteshe DTP
setof thei-th sourcesentences.
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Figure4: ESKwith nodesequence.

Step 3 For eachP, (€ F(«)), we align anoptimal
sourc&sentence&sfollom{s:
We definesim(P,, s;) de maxsim(P,, P).

Table 1: Componentf vectorscorrespondingo
‘abaca’and‘abbab’ Bold lettersindicatecommon

subsequences.
Here,P € F(s;), | subsequence abaca abbab
where for P,, we align a sourcesentencehat 2bb d 0 T
satisfiesargmax;, ¢ ouree SIM(Pas 5;). aba 1+)2 2
abc A 0
The above procedureallows us to derive mary- aab (/3\ 82
aac
to-mary correspondences. o 2 0
T ; aca M+l 0
3.3 Similarity Metrics b A i 4 A
We needa similarity metric to rank DTP similar- aa 22+0°% N
ity. Thefollowing cosinemeasurgHearst,1997)is ac 1”0
usedin mary NLP tasks. ba IRA7 142
bb - 1+A+)2
bc A 0
ca 1 0
. Z Wt 0, We,
simeos(01, 09) = =L (1) o >
\/Zt Wi o, Zt Wi, o0, c 1 0
Here,w; ,,, w o,, denotetheweightof termt in
texts o1, 02, respectrely. Notethatsyntacticandse- _
manticinformationis lost in the BOW representa-  For instance,the WSK value for ‘abaca’ and
tion. ‘abbab’ is determinedasfollows. A subsequence

In orderto solwe this pr0b|emiwe usesimilarity Whoselength is threeor lessis shovn in Table 1.
measuredasedonword co-occurrencesAs anex-  Here, A is a decay parameterfor the numberof
ampleof it s application,N-gramco-occurrencés  Skippedwords.For example subsequencaba’ ap-
usedfor evaluatingmachinetranslationgPapineni ~ Pearsin ‘abaca’oncewithout skips. In addition, it
et al., 2002). String Subsequencé&ernel (SSK)  appearsagainwith two skips, i.e., ‘ab**a.’ There-
(Lodhi et al., 2002) and Word Sequencekermel ~fore, abacas vectorhas“1+A*” in the component
(WSK) (Canceddat al., 2003)areextensionsof n-  correspondindo ‘aba’ From Table 1, we cancal-
gram-basedheasuresisedfor text catayorization.  culatetheWSK valueasfollows:

In this paper we compareWVSK to its extension,
the ExtendedString Subsequenc&ernel (ESK). aba
First, we describeWSK. WSK receves two se-
guencesof wordsasinput and mapseachof them
into a high-dimensionaVectorspace WSK’svalue ~
is justtheinnerproductof thetwo vectors. + Ix(24+24+A3)

f_/_\
Kwsk(‘abaca'., ‘abbab’)y = (1 +)\2) O\
ab



Table2: Descriptionof TSCdata
single multiple

# of docclusters — 30
# of docs 30 224
# of sentences 881 2425

#of characters | 34112 111472

aa

—TN—
+ (22 FA3) x A2
ba

+ (1+X)x (1+N)

a b
P NN,
+ 5x2+41x3. (2

In this way, we can measurethe similarity be-
tweentwo texts. However, WSK disregardssyn-
onyms, hyporyms, and hyperryms. Therefore we
introduceESK,anextensionof WSK andasimplifi-
cationof HDAG Kernel(Suzukietal., 2003). ESK
allows usto addword sensego eachword. Here,
we do not try to disambiguatavord sensesbut use
all possiblesensedisted in a dictionary Figure4
shavs anexampleof subsequencemdtheirvalues.
Theuseof word senseyieldsflexible matchingeven

whenparaphrasings usedfor summarysentences.

Formally, ESKis definedasfollows.

d
KeslT.U) = > > > Knl(tiuy)  (3)

m=1t,€T u; €U

val(t;, uj) if m=1
Ko (ti,uz) = (4)
K1 (ti,uy) - val(t, uy)

Here, K7, (t;, u;) is definedasfollows. ¢; andu;
arenodesof 7" and U, respectiely. The function
val(s, t) returnsthe numberof attributescommon
to givennodess andt.

0 if j=1
Kvln(tiﬂu]') = (5)
)\K,'n(ti,ujfl) —+ K,',’l(ti,ujfl)

K]l (t;, u;) is definedasfollows:
0 if i=1
K;r/z(tivuj) =
Ang(ti—h uj) + Km(ti—l-, uj)-
(6)

Table 3: The distribution of aligned original sen-
tencecorrespondingo onesummarysentence.

#of org. sents. 1 2 3>
Short | 167/(0.770) 497/ (0.226) _ 17(0.005)
Al Long 283/(0.773)  73/(0.199) 10/ (0.027)
Short | 157/(0.762)  46/(0.223)  3/(0.015)
A2 long 299/(0.817)  59/(0.161) 11/(0.022)
Short | 198/(0.846)  34/(0.145)  2/(0.009)
A3 Long | 359/(0.890) 39/(0.097) 5/(0.012)
Short | 295/(0.833) 45/ (0.127) 147(0.040)
Bl Long 530/(0.869)  65/(0.107) 15/(0.025)
Short | 156/(0.667) 58/(0.248) 20/(0.085)
B2 Long | 312/(0.698) 104/(0.233) 31/(0.069)
Short | 191/(0.705)  62/(0.229) 18/(0.066)
B3  |ong 392/(0.797)  76/(0.154) 24/ (0.048)

Table4: Thedistribution of alignedsummarysen-
tencescorrespondingo oneoriginal sentence.

# of sum.sents. 1 2 3>
Short 268/ (1.000) 0 0
Al |ong 458/(0.994)  2/(0.006) 0
Short 258/ (1.000) 0 0
A2 Long 440/ (1.000) 0 0
Short 272/ (1.000) 0 0
A3 Long 450/ (1.000) 0 0
Short 4067 (0.974) 11/(0.026) 0
Bl  Long 660/ (0.964) 22/(0.032) 2/(0.004)
Short 317/(0.975)  8/(0.025) 0
B2 |ong 550/ (0.945) 31/(0.053) 1/(0.002)
Short 364/(0.989)  4/(0.011) 0
B3 Long 583/(0.965) 16/(0.025) 5/(0.010)

Finally, we definethe similarity measuréoy nor
malizing ESK. This similarity canberegardedasan
extensionof the cosinemeasure.

KeogT,U)

.M
VEKeskT, T)Kegl(U,U)

Simgg T, U) =

4 Evaluation Settings
4.1 Corpus

We usedthe TSC2corpuswhichincludeshoth sin-
gleandmultiple documensummarizatiordata. Ta-
ble 2 shows its statistics. For eachdataset, each
of threeexpertsmadeshortabstractsandlong ab-
stracts.

For eachdata,summarysentencesvere aligned
with sourcesentencesTable 3 shaws the distribu-
tion of the numbersof aligned original sentences
for eachsummarysentence.The valuesin brack-
etsare percentagesTable4 shavs the distribution
of the numberof aligned summarysentencedgor
eachoriginal sentenceThesetablesshav thatsen-
tencesare often split andreconstructed.n partic-
ular, multiple documensummarizatiordataexhibit



Table5: Evaluationresultsw/o DTP (singledocuments).

ESK WSK BOW 2-gram 3-gram TREE

Short | 0.951 0958 0.006 0.952 0.948  0.386

Al long | 0951 0959 0916 0961 0959 0.418
Short| 0.938 0954 0.916 0.945 0950 0.322

A2 long | 0.968 0973 0.940 0.966 00972 0.476
Short| 0.927 0951 0.875 0.926 0.926  0.436

A3 Long | 0967 0966 0926 0.961 0962 0.547

Table6: Evaluationresultswith DTP (singledocuments).

DTP(ESK) DTP(WSK) DTP(BOW) DTP(2-gram) DTP(3-gram)
Short | 0.966 (2,1.00) 0.957(2,0.10) 0.955 0.952 0.952
Al |ong | 0.960(4,0.20) 0.957(2,0.20) 0.960 0.951 0.949
Short | 0.973(3,0.60) 0.957(2,0.10) 0.959 0.957 0.956
A2 Long | 0.977(4,0.20) 0.974(2,0.95) 0.972 0.973 0.975
Short | 0.962(3,0.70) 0.962(3,0.50) 0.964 0.962 0.960
A3 Long | 0.967(3,0.70) 0.969(2,0.20) 0.962 0.960 0.960

Table7: Effectivenesf DTP (singledocuments).

ESK WSK BOW 2-gram 3-gram

Short | +1.5 —0.1 +4.9 0 108
Al long | +0.9 —0.2 444 0.1 —1.0
Short | 35 403 +4.3  +1.2 106
A2 long | 40.9 401 432 407  +0.3
Short | 35 +1L1 +89  +3.6  +34
A3 Long | £0 +03 436 —0.1  —0.2

very comple correspondendeecaus@arioussum-
marizationtechniquesuchassentenceompaction,
sentence&eombination,andsentenceéntegrationare
used.

4.2 Comparison of Alignment Methods

We comparedheproposednethodswith abaseline
algorithmusingvarioussimilarity measures.

Baseline

This is a simplealgorithmthatcomparesentences
to sentencesEachsummarysentencaes compared

with all sourcesentencesnd the top n sentences
thathave a similarity scoreover a certainthreshold

valuer arealigned.

DTP-based Method

This methodwasdescribedn Section3.2. In order
to obtain DTPs, we usedthe Japanesenorpholog-
ical analyzerChaSerandthe dependeng structure
analyzerCaboChgKudoandMatsumoto2002).
421 Similarity Measures

We utilized thefollowing similarity measures.

BOW BOW is definedby equation(1). Here,we
useonly nounsandverbs.

N-gram This is a simple extensionof BOW. We
add n-gram sequenceso BOW. We exam-
ined “2-gram” (unigram + bigram) and “3-
gram’(unigram+ bigram+ trigram).

TREE The TreeKernel(Collins and Duffy, 2001)
is asimilarity measurdasedon the numberof
commonsubtrees.We regarda sentenceasa
dependengstructuretree.

WSK We examinedd = 2, 3, and4, and \ =
0.05,0.1,0.15---, 1.

ESK We used the Japanesdexicon Goi-Taikei
(Ikeharaet al., 1997), to obtainword senses.
Theparametersq and \, werechangednthe
sameConditionsasabove.

4.3 Evaluation Metric
Eachsystems alignmentoutputwas scoredby the
averageF-measure. For eachsummarysentence,
thefollowing F-measurevascalculated.
1+ "/2

F-measure= - —
(precision™ 7 Recall

(8)

Here,Precision= b/a andRecall= b/c, where
a is the numberof sourcesentenceslignedby a
systemfor the summarysentenceb is the number
of correctsourcesentencesn the output. ¢ is the
numberof sourcesentenceslignedby the human
expert. We set+y to 1, sothis F-measuravasaver-
agedover all summarysentences.

5 Resultsand Discussion
5.1 Single Document Summarization Data

Table 5 shavs the resultsof the baselinemethod
(i.e., without DTPs)with the bestr; Table6 shavs



Table8: Evaluationresultsw/o DTP (multiple documents).

ESK WSK BOW 2-gram 3-gram TREE

Short | 0.609 0547 0576 0644 0638 0.127

Bl |ong | 0674 0627 0655 0714 0711 0.223
Short | 0.622 0.660 0.590 0.668 0.680  0.161

B2 |ong | 0.742 0769 0690 0.751 0761  0.236
Short | 0.683 0.712 0.654 0733 0729 0.158

B3 Long | 0.793 0821 0.768 0.805 0.817 0.280

Table9: Evaluationresultswith DTP (multiple documents).

DTP(ESK) DTP(WSK) DTP(BOW) DTP(2-gram) DTP(3-gram)
Short | 0.746 (2,0.85) 0.734(2,0.55) 0.719 0.725 0.728
Bl Long | 0.802(3,0.85) 0.797(2,0.65) 0.784 0.797 0.797
Short | 0.726(2,0.65) 0.741(3,0.25) 0.710 0.720 0.721
B2 |ong | 0.808(2,0.55) 0.800(3,0.05) 0.797 0.797 0.794
Short | 0.790(2,0.55) 0.786(3,0.05) 0.748 0.768 0.760
B3 Long | 0.845(3,0.60) 0.861(2,0.40) 0.828 0.835 0.830

Table 10: Effectivenessof DTP (multiple docu-
ments).

ESK WSK BOW 2-gram 3-gram
Short | +13.7 +18.7 +143 481  +96
Bl long | +12.8 +17.0 +129  +83  +86
Short | +104  +81 +12.0 452  +4.1
B2 long | +56 +3.1 4107  +4.6  +3.3
Short | +10.7  +74 494 435 431
B3 ong | 452 440 460 430 413

the resultsof using DTPs with the bestd and A,
which areshawvn in brackets.Fromtheresults,we
can seethe effectivenessof DTPs becauseTable
6 shaws better performancethan Table 5 in most
cases.Table7 shavsthe differencebetweenTables
5 and6. DTPsimproved the resultsof BOW by
aboutfive points. The bestresultis DTP with ESK.
However, we have to admitthatthe improvements
arerelatively small for single documentdata. On
the otherhandTreeKerneldid not work well since
it istoosensitveto slightdifferencesThisis known
asaweakpointof TreeKernel(Suzukietal.,2003).

Accordingto thetables BOW is outperformedy
theothermethodsexceptTreeKernel. Theseresults
shav thatword co-occurrencés important. More-
over, we seethatsequentiapatternsare betterthan
consequentigbatternssuchasthe N-gram.

Without DPTs, ESK is worsethan WSK. How-
ever, ESK becomedetterthanWSK whenwe use
DTPs. Thisresultimpliesthatword sensesredis-
ambiguatedy syntacticinformation, but moreex-
aminationis needed.

5.2 Multiple Document Summarization Data

Table 8 shaws the resultsof the baselinemethod
with thebestr for multiple documentatawhile Ta-

ble 9 shavs theresultof usingDTPswith thebestd

andJ, (in brackets) Comparedwith the singledoc-

umentsummarizationresults, the F-measuresare
low. This meansthat the sentencealignmenttask
is moredifficult in multiple documentsummariza-
tion thanin single documentsummarization.This

is becausesentence&eompaction,combination,and
integrationarecommon.

Although the resultsshav the sametendenyg as
the singledocumentsummarizatiorcase moreim-
provementsare noticed. Table 10 shaws the differ-
encebetweerTables8 and9. We seeimprovements
in 10 pointsin ESK, WSK, andBOW. In multiple
documensummarizationsentencesre oftenreor
ganized. Therefore,it is more effective to decom-
posea sentencénto DTP setsandto computesimi-
larity betweerthe DTPs.

Moreover, DTP(ESK)is onceagainsuperiorto
DTP(WSK).

5.3 Parameter Tuning

For ESK andWSK, we have to chooseparameters,
d and A\. However, we do not know an easyway
of finding the bestcombinationof d and A. There-
fore, we tunedtheseparametersor a development
set. Theexperimentakesultsshav thatthebestd is
2 or 3. However, we could not find a consistently
optimal valueof \. Figure5 shavs the F-measure
with various\ for d = 2. Theresultsshavsthatthe
F-measuréoesnotchangevery muchin themiddle
range)\, [0.4,0.6]which suggestghat goodresults
arepossibleby usingamiddlerange).
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6 Conclusion

This paperintroducedan automaticsentencelign-
mentmethodthatintegratessyntaxandsemantidn-
formation. Our methodtransformsa sentencento
a DTP setandcalculateghe similarity betweerthe
DTPsby usingESK. Experimentonthe TSC (Text
SummarizatiorChallenge)orpus,which hascom-
plex correspondenceshaved that the introduction
of DTP consistentlyimproves alignmentaccurag
andthatESK gave the bestresults.
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