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Abstract

In this paper, we describea methodof automatic
sentencealignmentfor building extracts from ab-
stracts in automaticsummarizationresearch.Our
methodis basedon two steps. First, we introduce
the“dependency treepath” (DTP).Next, we calcu-
latethesimilarity betweenDTPsbasedon theESK
(ExtendedStringSubsequenceKernel),which con-
siderssequentialpatterns. By using theseproce-
dures,we canderive one-to-many or many-to-one
correspondencesamongsentences.Experimentsus-
ing different similarity measuresshow that DTP
consistentlyimproves the alignmentaccuracy and
thatESKgivesthebestperformance.

1 Introduction

Many researcherswhostudyautomaticsummariza-
tion want to createsystemsthat generateabstracts
of documentsratherthanextracts. We cangener-
atean abstract by utilizing variousmethods,such
assentencecompaction,sentencecombination,and
paraphrasing. In order to implement and evalu-
ate thesetechniques,we needlarge-scalecorpora
in which the original sentencesare aligned with
summarysentences.Thesecorporaareuseful for
trainingandevaluatingsentenceextractionsystems.
However, it is costlyto createthesecorpora.

Figure1showsanexampleof summarysentences
andoriginal sentencesfrom TSC-2 (Text Summa-
rization Challenge2) multiple documentsumma-
rizationdata(Okumuraet al., 2003). Fromthis ex-
ample,we canseemany-to-many correspondences.
For instance,summarysentence(A) consistsof a
partof sourcesentence(A). Summarysentence(B)
consistsof partsof sourcesentences(A), (B), and
(C). It is clear that the correspondenceamongthe
sentencesis very complex. Therefore,robust and
accuratealignmentis essential.

In orderto achieve suchalignment,we neednot
only syntacticinformationbut alsosemanticinfor-
mation.Therefore,wecombinetwo methods.First,
we introducethe“dependency treepath” (DTP) for
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First, we stop the new investment of 64-Mega bit
memory from competitive companies, such as in

Korea or Taiwan, and we begin the investment
for development of valuable system-on-chip or
256-Mega bit DRAM from now on.
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On a long-term target, we plan to reducethe rate of
general-purpose semiconductor enterprises that pro-
duce DRAM for personal computers.
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From now on, we will be supplied with DRAM from
Taiwan.
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We stoppedthenew investmentof 64-Megabit DRAM.
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We begin the investmentfor valuabledevelopmentand
will be suppliedwith general-purposeDRAMs for per-
sonalcomputersfrom Taiwanin thelong run.

Figure1: An exampleof summarysentencesand
their sourcesentencesfrom TSC-2 multiple docu-
ment summarizationdata. Underlinedstringsare
usedin summarysentences.

syntacticinformation. Second,we introducethe
“ExtendedString SubsequenceKernel” (ESK) for
semanticinformation.

Experimental results using different similarity
measuresshow that DTP consistently improves
alignmentaccuracy andESK enhancesthe perfor-
mance.



Sentence 1: ò #�ó�ô ��õ�ö�á�÷ø\�ù¯¨�ú�û��*ü
watashiga kinjo no keisatsuni otosimonowo
todoketa.

Sentence 2:
ó_ô ��õ�ö�á�÷b\�ù¯¨�ò # ú�û��*ü

kinjo no keisatsuni otoshimonowo watashiga
todoketa.

Figure2: Examplesof sentencesthathave thesame
meaning.

2 Related Work

Severalmethodshave beenproposedto realizeau-
tomaticalignmentbetweenabstractsandsentences
in sourcedocuments.

Banko et al. (1999) proposeda methodbased
on sentencesimilarity using bag-of-words(BOW)
representation.For eachsentencein the given ab-
stract, the correspondingsourcesentenceis deter-
minedby combingthesimilarity scoreandheuristic
rules. However, it is known thatbag-of-wordsrep-
resentationis not optimal for shorttexts like single
sentences(Suzukietal., 2003).

Marcu (1999) regards a sentenceas a set of
“units” that correspondto clausesanddefinessim-
ilarity betweenunits basedon BOW representa-
tion. Next, the bestsourcesentencesareextracted
in termsof “unit” similarity. Jing et al. (Jing and
McKeown, 1999)proposedbigram-basedsimilarity
usingthe HiddenMarkov Model. Barzilay (Barzi-
lay andElhadad,2003)combinesedit distanceand
context information aroundsentences. However,
thesethreemethodstendto be strongly influenced
by word order. When the summarysentenceand
the sourcesentencesdisagreein termsof word or-
der, themethodsfail to work well.

The supervisedlearning-basedmethod called
SimFinderwasproposedby Hatzivassiloglou et al.
(Hatzivassiloglouet al., 1999; Hatzivassiloglouet
al., 2001). They translatea sentenceinto a feature
vectorbasedon word countsandpropernouns,and
so on, and then sentencepairs are classifiedinto
“similar” or not. Their approachis effective when
a lot of trainingdatais available. However, thehu-
mancostof makingthis trainingdatacannotbedis-
regarded.

3 An Alignment Method based on Syntax
and Semantics

For example, Figure 2 shows two sentencesthat
have different word order but the samemeaning.
TheEnglishtranslationis “I took thelost article to
theneighborhoodpolice.”

 ý-þ¿ÿ�� (took)
todoke ta

    
�

 �  (I)
watashi ga

   ���  �  (to the police)
keisatsu ni

    �
	��  
  (the lost article)
     otoshimono wo

���
 �  (neighborhood)

kinjo no

Figure3: An exampleof a dependency tree.

Sinceconventional techniquesother than BOW
arestronglyinfluencedby wordorder, they arefrag-
ile whenwordorderis damaged.

3.1 Dependency Tree Path (DTP)
Whenwe unify two sentences,someelementsbe-
come longer, and word order may be changedto
improve readability. Whenwe rephrasesentences,
thedependency structuredoesnot changein many
cases,even if word order changes. For example,
thetwo sentencesin Figure2 sharethesamedepen-
dencestructureshown in Figure3. Therefore,we
transforma sentenceinto its dependency structure.
Thisallowsusto considera sentenceasa setof de-
pendency treepathsfrom a leaf to the root nodeof
thetree.

For instance,thetwo sentencesin Figure2 canbe
transformedinto thefollowing DTPs.
����������� (I took)

watashiga todoketa����� �"!$#&%'���(� (took to theneighbor-
hoodpolice)
kinjo nokeisatsuni todoketa�*)"+-,/."�0��� (took thelostarticle)
otoshimonowotodoketa.

3.2 An Alignment Algorithm using DTPs
In this section,we describea methodthat aligns
sourcesentenceswith thesummarysentencesin an
abstract.

Our algorithmis very simple.We takethecorre-
spondingsentenceto betheonewhoseDTP is most
similar to thatof thesummarysentence.Thealgo-
rithm consistsof thefollowing steps:

Step 0 Transformall sourcesentencesinto DTPs.

Step 1 For eachsentence“ 1 ” in theabstract, apply
Step2 andStep3.

Step 2 Transform“ 1 ” into a DTP set. Here, 2435176
denotes1 ’s DTP set. 24358:9;6 denotesthe DTP
setof the < -th sourcesentences.
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Figure4: ESKwith nodesequence.

Step 3 For eachegf 3ihj2435176i6 , we align anoptimal
sourcesentenceasfollows:
We definesim3 ekfgl 8S9;6 defm maxsim3 ekfnlJe 6 .
Here, e h*243i8:956 ,
where,for enf , we align a sourcesentencethat
satisfiesoqpir�stoquwvixzy?{}|i~q�}�������Vs 3 e f l 8 9 6 .

The above procedureallows us to derive many-
to-many correspondences.

3.3 Similarity Metrics

We needa similarity metric to rank DTP similar-
ity. Thefollowing cosinemeasure(Hearst,1997)is
usedin many NLP tasks.

simcos3i��� l �N��6 m ��� ��� ��� � ��� �L�
� � ��A� �J� � � ���� �L� (1)

Here, � �A� �J� l � ��� �L� l denotetheweightof term � in
texts ��� l �N� , respectively. Notethatsyntacticandse-
mantic information is lost in the BOW representa-
tion.

In orderto solve this problem,we usesimilarity
measuresbasedon word co-occurrences.As anex-
ampleof it s application,N-gramco-occurrenceis
usedfor evaluatingmachinetranslations(Papineni
et al., 2002). String SubsequenceKernel (SSK)
(Lodhi et al., 2002) and Word SequenceKernel
(WSK) (Canceddaet al., 2003)areextensionsof n-
gram-basedmeasuresusedfor text categorization.

In this paper, we compareWSK to its extension,
the ExtendedString SubsequenceKernel (ESK).
First, we describeWSK. WSK receives two se-
quencesof wordsasinput andmapseachof them
into a high-dimensionalvectorspace.WSK’svalue
is just theinnerproductof thetwo vectors.

Table1: Componentsof vectorscorrespondingto
‘abaca’and‘abbab.’ Bold lettersindicatecommon
subsequences.

subsequence abaca abbab
abb 0 1+2� �
aba 1 + � � � �
abc � 0
aab 0 � �
aac � 0
aaa � � 0
aca � � +1 0
ab 1 2+� + ���
aa 2� + � � � �
ac 1+� � 0
ba 1+� � 1+�
bb � 1+� + � �
bc � 0
ca 1 0
a 3 2
b 1 3
c 1 0

For instance,the WSK value for ‘abaca’ and
‘abbab’ is determinedas follows. A subsequence
whoselength is threeor lessis shown in Table1.
Here, � is a decayparameterfor the numberof
skippedwords.For example,subsequence‘aba’ ap-
pearsin ‘abaca’oncewithout skips. In addition,it
appearsagainwith two skips,i.e., ‘ab**a.’ There-
fore, abaca’s vector has“1+ � � ” in the component
correspondingto ‘aba.’ From Table1, we cancal-
culatetheWSK valueasfollows:

�
wsk �A�X���i���i�L ¢¡q�£���5�i���A ¥¤§¦

¨i©Y¨
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Table2: Descriptionof TSCdata
single multiple

# of docclusters � 30
# of docs 30 224
# of sentences 881 2425
# of characters 34112 111472

«
¨i¨

�V°±¬
«´¬ · ¤¸¯³¬ ®
«

©Y¨
�Aª�«¹¬ ® ¤¸¯º�Aª�«¹¬w¤

«
¨» ¯¼°½«

©
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In this way, we can measurethe similarity be-
tween two texts. However, WSK disregardssyn-
onyms, hyponyms, andhypernyms. Therefore,we
introduceESK,anextensionof WSK andasimplifi-
cationof HDAG Kernel(Suzukiet al., 2003).ESK
allows us to addword sensesto eachword. Here,
we do not try to disambiguateword senses,but use
all possiblesenseslisted in a dictionary. Figure4
showsanexampleof subsequencesandtheirvalues.
Theuseof wordsenseyieldsflexible matchingeven
whenparaphrasingis usedfor summarysentences.

Formally, ESK is definedasfollows.

À
eskÁÃÂ�ÄSÅ`Æ¸Ç

È
ÉËÊËÌ ÍYÎ}Ï?Ð ÑJÒ;Ï?Ó

À É ÁÕÔAÖ�Ä�×ÙØqÆ (3)

À É ÁÃÔ;Ö�Ä�×�ØqÆ¸Ç
Ú�Û�Ü ÁÃÔ;Ö;Ä�×ÙØqÆ if Ý ÇßÞÀáàÉãâ�Ì ÁÕÔ Ö Ä�× Ø Æ�ä Ú�Û�Ü ÁÃÔ Ö Ä�× Ø Æ

(4)

Here, åºæç
èêéìë5íiînïqð is definedas follows. é;ë and îkï
arenodesof ñ and ò , respectively. The functionóõôHö èi÷�í5é?ð returnsthe numberof attributescommon
to givennodes÷ andé .
øúùû7üÕý;þ}ÿ��������

�
if 	 ��


� ø ùû üÕý;þ}ÿ��
��������� ø ù ùû�üÕý;þ}ÿ��
������� (5)

å æ æçáèêéìë;í5îkïLð is definedasfollows:

À à àÉ ÁÃÔ Ö Ä�× Ø ÆnÇ
�

if � Ç Þ� Àáà àÉ ÁÃÔ;Ö â�Ì Ä�×�ØNÆ�� À É ÁÕÔAÖ â�Ì Ä�×�ØqÆ ¾
(6)

Table 3: The distribution of alignedoriginal sen-
tencescorrespondingto onesummarysentence.

# of org. sents. 1 2 3 �
A1

Short 167/ (0.770) 49 / (0.226) 1 / (0.005)
Long 283/ (0.773) 73 / (0.199) 10 / (0.027)

A2
Short 157/ (0.762) 46 / (0.223) 3 / (0.015)
Long 299/ (0.817) 59 / (0.161) 11 / (0.022)

A3
Short 198/ (0.846) 34 / (0.145) 2 / (0.009)
Long 359/ (0.890) 39 / (0.097) 5 / (0.012)

B1
Short 295/ (0.833) 45 / (0.127) 14 / (0.040)
Long 530/ (0.869) 65 / (0.107) 15 / (0.025)

B2
Short 156/ (0.667) 58 / (0.248) 20 / (0.085)
Long 312/ (0.698) 104/ (0.233) 31 / (0.069)

B3
Short 191/ (0.705) 62 / (0.229) 18 / (0.066)
Long 392/ (0.797) 76 / (0.154) 24 / (0.048)

Table4: The distribution of alignedsummarysen-
tencescorrespondingto oneoriginalsentence.

# of sum.sents. 1 2 3 �
A1

Short 268/ (1.000) 0 0
Long 458/ (0.994) 2 / (0.006) 0

A2
Short 258/ (1.000) 0 0
Long 440/ (1.000) 0 0

A3
Short 272/ (1.000) 0 0
Long 450/ (1.000) 0 0

B1
Short 406/ (0.974) 11 / (0.026) 0
Long 660/ (0.964) 22 / (0.032) 2 / (0.004)

B2
Short 317/ (0.975) 8 / (0.025) 0
Long 550/ (0.945) 31 / (0.053) 1 / (0.002)

B3
Short 364/ (0.989) 4 / (0.011) 0
Long 583/ (0.965) 16 / (0.025) 5 / (0.010)

Finally, we definethesimilarity measureby nor-
malizingESK.Thissimilarity canberegardedasan
extensionof thecosinemeasure.

simeskü��Ëÿ������
ø

eskü��Ëÿ����ø
eskü��Ëÿ�� � ø eskü!�gÿ"���$# (7)

4 Evaluation Settings

4.1 Corpus

We usedtheTSC2corpuswhich includesbothsin-
gleandmultipledocumentsummarizationdata.Ta-
ble 2 shows its statistics. For eachdataset, each
of threeexpertsmadeshortabstractsandlong ab-
stracts.

For eachdata,summarysentenceswerealigned
with sourcesentences.Table3 shows the distribu-
tion of the numbersof alignedoriginal sentences
for eachsummarysentence.The valuesin brack-
etsarepercentages.Table4 shows thedistribution
of the numberof aligned summarysentencesfor
eachoriginal sentence.Thesetablesshow thatsen-
tencesareoften split andreconstructed.In partic-
ular, multipledocumentsummarizationdataexhibit



Table5: Evaluationresultsw/o DTP(singledocuments).
ESK WSK BOW 2-gram 3-gram TREE

A1
Short 0.951 0.958 0.906 0.952 0.948 0.386
Long 0.951 0.959 0.916 0.961 0.959 0.418

A2
Short 0.938 0.954 0.916 0.945 0.950 0.322
Long 0.968 0.973 0.940 0.966 0.972 0.476

A3
Short 0.927 0.951 0.875 0.926 0.926 0.436
Long 0.967 0.966 0.926 0.961 0.962 0.547

Table6: Evaluationresultswith DTP(singledocuments).
DTP(ESK) DTP(WSK) DTP(BOW) DTP(2-gram) DTP(3-gram)

A1
Short 0.966 (2,1.00) 0.957(2,0.10) 0.955 0.952 0.952
Long 0.960(4,0.20) 0.957(2,0.20) 0.960 0.951 0.949

A2
Short 0.973 (3,0.60) 0.957(2,0.10) 0.959 0.957 0.956
Long 0.977 (4,0.20) 0.974(2,0.95) 0.972 0.973 0.975

A3
Short 0.962(3,0.70) 0.962(3,0.50) 0.964 0.962 0.960
Long 0.967(3,0.70) 0.969 (2,0.20) 0.962 0.960 0.960

Table7: Effectivenessof DTP (singledocuments).
ESK WSK BOW 2-gram 3-gram

A1
Short %'&�( ) *�+$( & %�,$( - .�+ %�+/( 0
Long %�+$( - *�+$( 1 %�,$( , +/( & *2&3( +

A2
Short %�4$( ) %�+$( 4 %�,$( 4 %'&�( 1 %�+/( 5
Long %�+$( - %�+$( & %�4$( 1 %�+$( 6 %�+/( 4

A3
Short %�4$( ) %'&�( & %�0$( - %�4$( 5 %�4/( ,
Long .�+ %�+$( 4 %�4$( 5 *�+$( & *�+/( 1

verycomplex correspondencebecausevarioussum-
marizationtechniquessuchassentencecompaction,
sentencecombination,andsentenceintegrationare
used.

4.2 Comparison of Alignment Methods

Wecomparedtheproposedmethodswith abaseline
algorithmusingvarioussimilarity measures.

Baseline
This is a simplealgorithmthatcomparessentences
to sentences.Eachsummarysentenceis compared
with all sourcesentencesand the top 7 sentences
thathave a similarity scoreover a certainthreshold
value8 arealigned.

DTP-based Method
This methodwasdescribedin Section3.2. In order
to obtainDTPs,we usedthe Japanesemorpholog-
ical analyzerChaSenandthedependency structure
analyzerCaboCha(KudoandMatsumoto,2002).

4.2.1 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 sequencesto BOW. We exam-
ined “2-gram” (unigram + bigram) and “3-
gram,”(unigram+ bigram+ trigram).

TREE The TreeKernel(Collins andDuffy, 2001)
is asimilarity measurebasedonthenumberof
commonsubtrees.We regarda sentenceasa
dependency structuretree.

WSK We examined 9;:=< , > , and ? , and @A:B�CDB�E í B�CDF í BGCHFIEKJLJLJ í F .
ESK We used the Japaneselexicon Goi-Taikei

(Ikeharaet al., 1997), to obtain word senses.
Theparameters,9 and @ , werechangedon the
sameConditionsasabove.

4.3 Evaluation Metric
Eachsystem’s alignmentoutputwasscoredby the
averageF-measure. For eachsummarysentence,
thefollowing F-measurewascalculated.

F-measureÇ Þ �NM O
Á Ì
Precision�PM O ÌRecallÆ (8)

Here,Precision:RQTS ô andRecall :RQUSIV , whereô is the numberof sourcesentencesalignedby a
systemfor the summarysentence.Q is the number
of correctsourcesentencesin the output. V is the
numberof sourcesentencesalignedby the human
expert. We set W to 1, so this F-measurewasaver-
agedoverall summarysentences.

5 Results and Discussion
5.1 Single Document Summarization Data
Table 5 shows the resultsof the baselinemethod
(i.e., without DTPs)with thebest8 ; Table6 shows



Table8: Evaluationresultsw/o DTP (multipledocuments).
ESK WSK BOW 2-gram 3-gram TREE

B1
Short 0.609 0.547 0.576 0.644 0.638 0.127
Long 0.674 0.627 0.655 0.714 0.711 0.223

B2
Short 0.622 0.660 0.590 0.668 0.680 0.161
Long 0.742 0.769 0.690 0.751 0.761 0.236

B3
Short 0.683 0.712 0.654 0.733 0.729 0.158
Long 0.793 0.821 0.768 0.805 0.817 0.280

Table9: Evaluationresultswith DTP(multipledocuments).
DTP(ESK) DTP(WSK) DTP(BOW) DTP(2-gram) DTP(3-gram)

B1
Short 0.746 (2,0.85) 0.734(2,0.55) 0.719 0.725 0.728
Long 0.802 (3,0.85) 0.797(2,0.65) 0.784 0.797 0.797

B2
Short 0.726(2,0.65) 0.741 (3,0.25) 0.710 0.720 0.721
Long 0.808 (2,0.55) 0.800(3,0.05) 0.797 0.797 0.794

B3
Short 0.790 (2,0.55) 0.786(3,0.05) 0.748 0.768 0.760
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

B1
Short %'&�4/( 6 %'&�0/( 6 %'&�,/( 4 %�0/( & %�-$( 5
Long %'&�1/( 0 %'&�63( + %'&�1/( - %�0/( 4 %�0$( 5

B2
Short %'&�+/( , %�0/( & %'&�1/( + %�)/( 1 %�,$( &
Long %�)/( 5 %�4/( & %'&�+/( 6 %�,/( 5 %�4$( 4

B3
Short %'&�+/( 6 %'63( , %�-/( , %�4/( ) %�4$( &
Long %�)/( 1 %�,/( + %�5/( + %�4/( + %'&�( 4

the resultsof using DTPs with the best 9 and @ ,
which areshown in brackets.From theresults,we
can see the effectivenessof DTPs becauseTable
6 shows betterperformancethan Table 5 in most
cases.Table7 shows thedifferencebetweenTables
5 and 6. DTPs improved the resultsof BOW by
aboutfive points.Thebestresultis DTP with ESK.
However, we have to admit that the improvements
are relatively small for singledocumentdata. On
theotherhandTreeKerneldid not work well since
it is toosensitiveto slightdifferences.Thisisknown
asaweakpointof TreeKernel(Suzukietal.,2003).

Accordingto thetables,BOW is outperformedby
theothermethodsexceptTreeKernel.Theseresults
show thatword co-occurrenceis important. More-
over, we seethatsequentialpatternsarebetterthan
consequentialpatterns,suchastheN-gram.

Without DPTs,ESK is worsethanWSK. How-
ever, ESK becomesbetterthanWSK whenwe use
DTPs. This resultimpliesthatword sensesaredis-
ambiguatedby syntacticinformation,but moreex-
aminationis needed.

5.2 Multiple Document Summarization Data

Table 8 shows the resultsof the baselinemethod
with thebest8 for multipledocumentdatawhile Ta-
ble9 showstheresultof usingDTPswith thebest9
and @ , (in brackets).Comparedwith thesingledoc-
ument summarizationresults, the F-measuresare
low. This meansthat the sentencealignmenttask
is moredifficult in multiple documentsummariza-
tion thanin singledocumentsummarization.This
is becausesentencecompaction,combination,and
integrationarecommon.

Although the resultsshow the sametendency as
thesingledocumentsummarizationcase,moreim-
provementsarenoticed.Table10 shows thediffer-
encebetweenTables8 and9. Weseeimprovements
in 10 points in ESK, WSK, andBOW. In multiple
documentsummarization,sentencesareoften reor-
ganized.Therefore,it is moreeffective to decom-
posea sentenceinto DTP setsandto computesimi-
larity betweentheDTPs.

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

5.3 Parameter Tuning

For ESK andWSK, we have to chooseparameters,9 and @ . However, we do not know an easyway
of finding thebestcombinationof 9 and @ . There-
fore, we tunedtheseparametersfor a development
set.Theexperimentalresultsshow thatthebest 9 is
2 or 3. However, we could not find a consistently
optimal valueof @ . Figure5 shows the F-measure
with various @ for 9X:Y< . Theresultsshowsthatthe
F-measuredoesnotchangeverymuchin themiddle
range @ , [0.4,0.6]which suggeststhatgoodresults
arepossibleby usinga middlerange@ .
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Figure5: F-measureswith various@ values(9X:Y< ).

6 Conclusion

This paperintroducedanautomaticsentencealign-
mentmethodthatintegratessyntaxandsemanticin-
formation. Our methodtransformsa sentenceinto
a DTP setandcalculatesthesimilarity betweenthe
DTPsby usingESK.ExperimentsontheTSC(Text
SummarizationChallenge)corpus,which hascom-
plex correspondence,showed that the introduction
of DTP consistentlyimproves alignmentaccuracy
andthatESKgave thebestresults.
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