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Automated text summarization investigates the process of extracting the most
important information from a source (or sources), and presenting a summary to the
user. In the past, much related work only focuses on single-document summarization.
Multi-document summarization obtains increasing attentions in recent years. The
distinction between single and multi-document summarization is that the latter has to
handle anti-redundancy and to keep salient information meanwhile.

This project is composed of three parts and was conducted in the past three years.
The goal of this research is to investigate and develop the techniques focusing on
multidocument summarization, cross-language multidocument summarization, and
query-focused multidocument summarization.

® The First-Year Project: A Study on Multidocument Summarization

This principal objective of this project is to develop new approaches to address
multi-document summarization. The research includes 1) Conceptual Modeling and
Representation for Multiple Documents, 2) Paragraph Significances Measurement,
and 3) Content Ordering for the summary.

We exploit latent semantic analysis and text relationship map to derive
conceptual model (or a graph model) for multiple documents. Based on the model, we
propose two approaches to measure the significance of a paragraph. They are 1)
Global Bushy Path, and 2) Aggregate Similarity. Moreover, we propose a novel
paragraph re-ranking approach on the basic foundation of Maximal Marginal
Relevance to extract salient paragraphs.

The evaluation metric used in this project is ROUGE, which is the official
evaluation tool at DUC 2004. We report ROUGE-1 as the official score for each
proposed models. Model 1 obtained a value of 0.3564 while Model 2 obtained a value
of 0.3497 for ROUGE-1. When compared with the official results at DUC 2003, our
proposed methods are at the average position and obtained competitive results.

® The Second-Year Project: A Study on Cross-Language Multidocument
Summarization

The principal objective of this project is to develop novel techniques to address
multilingual, multidocument summarization. The main issue is to propose a method to
compute the similarity between two short passages which are written in different

languages.
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With a Chinese-English parallel corpus, we propose a framework to derive a
hierarchical concept space by word clustering. On the basis of the concept space, a
Chinese or an English paragraph can be mapped into the space and represented as a
concept-level vector representation. Since a Chinese or an English paragraph is
mapped into the same concept space, it becomes easy to compute the similarity
between two paragraphs. Once the similarity between a Chinese and an English
passage is obtained, the summary is generated using the techniques developed in the

first-year project.

The preliminary results show that the larger the number of concept clusters,
words in the same concept can be regarded as corresponding translations; while the
smaller the number of concept clusters, words in the same concept are loosely-related.
In the set of Chinese-English paragraph pairs with Top 10 similarities, approximately
57% are judged as related by humans. Regarding the quality of the summary, in
average, a score of 7.06 and 6.04 was obtained in terms of information coverage and

readability respectively, in which 1 the worst, 5 good, and 10 the best.

® The Third-Year Project: A Study on Query-Focused Multidocument
Summarization

The principal objective of this project is to develop a summarization method to
answer user-specific questions. In this report, we try to merge techniques of multidocument
summarization and question-answering to generate a brief, well-organized fluent summary to
provide more relevant information for the purpose of answering real-world complicated

questions. The problem is addressed as a query-biased sentence retrieval task.

We propose a hybrid relevance analysis to evaluate sentence relevance to the
query. This is achieved by combining similarities computed from the vector space
model and the latent semantic analysis. Surface features are also examined to know
the impacts of low-level features for query-focused multidocument summarization. In
other words, the summary is created by including sentences with the topmost significances
which are measured in terms of sentence relevance and surface feature salience. In addition,
a modified Maximal Marginal Relevance is proposed to reduce redundancy by taking

into account sentence shallow feature scores.

The experimental results showed the proposed method obtained competitive
results when evaluated with the DUC 2005 corpus. Regarding ROUGE-2 and
ROUGE-SU4, the proposed method obtained a value of 0.0757 and 0.1299

respectively.
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Automated text summarization investigates the process of extracting the most
important information from a source (or sources), and presenting a summary to the
user. In the past, most related work on text summarization focuses on single-document
summarization. Multi-document summarization obtains increasing attentions in recent
years. The distinction between single and multi-document summarization is that the
latter has to handle anti-redundancy as well as to keep salient information meanwhile.
Moreover, content ordering, which is to provide a cohesive and coherent summary, is
an important issue to be examined.

As the first part of the project “The Research on Cross-Language, Composite and
Multi-Document Automated Text Summarization”, the principal objective is to
develop new approaches to address multi-document summarization. Our researches
include 1) Conceptual Modeling and Representation for Multiple Documents, 2)
Topic Detection and Paragraph Significances Measurement, and 3) Content Ordering
for the summary.

We exploit latent semantic analysis and text relationship map to derive
conceptual model for multiple documents. Based on the model, we propose two
approaches to measure the significance of a paragraph. They are 1) Global Bushy Path,
and 2) Aggregate Similarity. Besides, we propose a novel paragraph re-ranking
approach on the basic foundation of Maximal Marginal Relevance to extract salient
paragraphs.

The evaluation metric used in this project is ROUGE which is the official
evaluation tool at DUC 2004. In the experiment, we report ROUGE-1 as the official
score for each proposed models. Model 1 obtained a value of 0.3564 while Model 2
obtained a value of 0.3497 for ROUGE-1. When compared with the official results at
DUC 2003, our proposed methods are at the average position and obtained
competitive results.

Keywords: Multi-document Summarization; Latent Semantic Analysis; Text
Relationship Map
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Text summarization is the process of distilling the most important
information from a source (or sources) to produce an abridged version for a
particular user (or users) and task (or tasks).
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FhooRRmprdr e BagAlAphl o HASEAF I BT AR o

® 19701 1980+# A= » F7 3 2 2 A fI* A 1 E RS oddd otz
(Knowledge Representation) » %‘Jﬁ‘ WEF AT E A EEE (L& P o PR
T 0 4o[53][14] - st HEH L Hode (Template) k434 4 ~ B 2L2 BV S ?i S
#& & % (Entity) > ¥ % @ o {3 orda /F BRI A2 A2 FR B AR
BRI AFRFEZ FIERBEEAARLERPMF V0 o700 8 ’ferfF
R E ARG R JERER JE A4 o

® 1990 % B 4> > F M P~ (Information Retrieval, IR)H 4L B iZ & * o 4p B 77
» 4o[4][8][20][24][27][45][48] » £ £ & “f? R EEF A 5 (Word-level) »
ZF ¥ JaF &3 (Synonymy) ~ - 3 % & (Polysemy) 2 F 3 i J§ (Term
Dependency) B¢ % % 3% & & & (Semantic-level) 4 47 o 3 FFB~Fjirenjip * > 3
BEX 5 SRIARIAPFZRE G Fr27 o

13: oy

d A&k stehgg o~ Rg o v B ET A L H v 2 4E & (Single Document
Summarization) # % % 4§ & (Multdocument Summarization) o ¥ < i* 4 & #-2 it
M L fii’“iaﬁ“ v R R R T #Bi’a&?ﬁﬂi‘ ' e
[1][2][4][20][24][27][30][40][48][52] ° b B RPIRIL S R AR I L A

i (Topically-related Documents) > ¥ £ 3 # [ ~ g &£ * ¥ £A4F AT AL o AP
% 0 Ac[7][19][23][31][33][37][45][46] - — & k3 » B F < FiF & kL ik
T & f[19] -

1. Clustering— 2  #-A4pien> 2R EEHE S ApM T i 4 o

2. Coverage— & i F # 2 29 973 4 X 4 o

3. Anti-redundancy — #{p4E & ¢ 2 EE B EAF T 4 o

4. Summary Cohesion Criteria — #-% B Tl % & = - RMF 2§ & B g
&2 7 AR fﬂ#k}i

Quality — 4 & 5% Jf 2 FHEE T EFAAMEI I FE DT
Identification of Source Incon51stence — FERA BT BT RO AR
2% - RKpchi 4 o

Summary Updates — f HipF FF (43 28 B
Effective User Interface — & #r7i¢ * 4 3

o v

B4 RER T ERATPTR
@mﬁm’%@AW%Q54K°




dEThE R kg 0 2 2R T AL HF T 2 24 & (Mono-lingual
Summarization) ¥ % 3% '; < i+ 4§ & (Multi-lingual Summarization) « % %3 < i+ 4§
& o 4o[SS][10][57][29] » 5 F s & g P KRRV R Z A RFTAHE Y 2P 0
FARET & ‘“*F%Q?i’fiﬂﬂrﬁ? EAEBHEETFVROLE T
REEFTFI PR FDR A -

1.2, FF 7 B ehis ok

i;%;—&ﬁ?m4f?%?fﬁﬁéﬁéﬁﬁiipfgii“ﬁﬁ
PAERPHLD P BEEGIHR SRS R i e &
b2 el ﬁmw@£$vpmm$1%m%ﬁ%ﬁ%*vxﬁ?maiww@
WeFLfFEwe ¢

TLE

R = Er S
2. *RANHRZE ER MR
3. HEPMGEBEREA

P4t btk TR o AP AT HE Y B R R
LSA-based T.R.M. Approach [52] % A& > 4v T L ILiE * 30 5 2 ERE T 7 >
PRl s B R B (R FME RO - ko T RIS 2L R
”f £ 4F 1+ (Redundancy) 7z 38> # ¥ 4] * Maximum Marginal Relevance (MMR) [8]
KR p P ne R F P 0 RPN PR R PGFIEEZ AR T ,er)];
PR R o FEIRATE R g Y 3 o

Table 2: #2 7 38 P £2 4p B $ji

3P AR B P
v ERCA s R LT 1) Latent Semantic Analysis
2) Text Relationship Map
v EARE R R R PR 1) Global Bushy Path
2) Average Similarity
FERNFREBE PR MMR
2. 1My

TE KRR RS2 2 #ﬁ BJE_80 & BRI IR H P B A
ko MAED T AIMA BHER2 Y gé%ﬁvdﬁzoﬁwmpiw%?m
#7 P~ (Information Retrieval)¥? p 7% i% % /32 (Natural Language Processing) % #t
yieak ",4r? FE L T~ e 470 {38 WordNet [39] % 47 & fo3(Domain Knowledge)
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/

W e4 i 17 F 35 P~(Information Extraction) ¥ $df j2a3F & 4 17 o

WM aoF T Emivd o F Loy Fp fl_xi Jk ~ % (Carnegie-Mellon
University) ~ & 2 f ~ & (Cornell University) ~ = *r ! < § (Southern California
University) ~ % & 12 = & (Michigan University) 2 # i§ * & = & (Columbia
University) % ; Bp * & > do 28+ & 7F RN ?*K" MY o K$¢'~ 2_¢h
EFRAFINE EF T EPBHEDARPA) T Byes Al e B & F o 4
SUMMAC [50]# DUC [15] » % § simen /i 2= B4ER 5 j2 2 3203 chfh F -

CECNERE R S T
CABE LML R R 0 RS 4%

Query Query Ve
| Wiy m I ndnganbdanmst |

Summary Summary of resulis

Intmduction . Frd bam. T than Finn, again! Taks . Boces filhon, momoommea !
Tl foanietion . Lye . Tha doys m. (5iinnt A vy s bamalstas bind akog i
T, pTILG al Aim, S e ofBon o7 by aing
Frucimltin bad + Bowhifarth nd By . Thoa

T et balltod thm o daa
* Ao ftar it abe mtdsAheTln
i T it it v K Joetifaation, 61 i oo ma

Figure 1: PERSIVAL ¢ * —’“Ff im [43]

B k00 & % 5B PERSIVAL s S[43]0 s 4 e 2 6508t TALEL Y 4p M o
FERAGIES FHB D EER§ RG KP RS RO ERD K
&rFlgurel“r—r Y EREFL DRSS TR (SR F T

Phoe B aMmE TR e R BT I%' (Personalized
Environment) » # %7 F K 6 g & P F o BEbola 5 0 p L 2 RpHrg D hdg &
PEEFRARATRIOERPFOEFRIRARGF IR o R RS
¥ 3% (Terminology) e 4% » R AF & ch FE @ * 3P q > gig * Jz g s @
ABNL R A G T o PP iR R i“(Vlsuallzation):f‘§J§ VA T

ﬂ]‘1§ ¢r?,wﬁ;m|§gg§§¢fiﬁqi’§g,ﬁo
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G A BEAAERTE 2 8 B Columbia Summarizer [36] o 3% & Suik ¥k
PR Alane BEL 2 RadE & PE S TR PR A 5 1) H - ¥ i*(Single
Event) ; 2) 48k % & ©* (Multiple Related Event) ; 3) i#3z(Biography) ; 4) 1Al %
i g3 35 7k 42 (Discussion Issue) & o Figure 2 & 3% & Sven i buzZg HR == B
$8 4 . Preprocessing ~ Routing # Summarizer Module ° Preprocessing i&ﬁﬁ » e
@3 A k- 7 XML #5354 5 Router P i& #gs\ﬁi%] 2 B A A R iR
® ; MultiGen [37]&J2 2 F 4pfF % # 2 2 & 5 DEMS (Dissimilarity Engine for
Multi-document Summarization) [49] 8] i #g—ﬁ;] R - AR TR A AR S
TR TEER o P oo 3% kA AR ATHAE L & 5% NewsBlaster [11]

P ATH AL i BS 3ER R -

MultiGen

single—event

biography | DEMS

bio configuration

Preprocessing Router

multi—event, DEMS

others default

Figure 2: Columbia Summarizer % %t % H#[36]

on: 100 Action: 10 MainAtirbuie: 10 AgentAetion: 10
1 100 S -
| el MainPerson: 100 SaidWord: 100 ProperPerson: | Time: |

Keywords: 10
ABSTRACT WITH HEADLINE

Figure 3: GLEANS & %u% HHI[13]
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v A B R - B4 L & %L GLEANS [13] > Figure 3 & # i 3L2¢ ’f%"- ° 3% ,f*
Sk B¢ oiry 2 gy i ehge i (Entity) £ 47 2 B B 55 (Relationship)4é B~
%o ¥y 'E\\;}\_'_E_Z\.‘fé.mz\'ﬁ/é I“zq FERE 2= ’f | L 5E LR AR ﬁ—l e
g s 0 & W % 1) H A 3+ (Single Person) ; 2) ¥ ¥ i#(Single Event) ; 3) % ¥ i
(Multiple Event) ; 4) % #% L 2 (Natural Disaster) o 1345 7 I enf %] » (R4 F £ 2
& 4F ficiE (Template) 2 2 £ R fREDPN FHE o B 0 BRI Fain > ¥ g
pF - 3R [2(Coherence)iiff 14 & 24 B fs hdg & p F o GLEANS 2 452k 43 )
RO A 4 SR E chdg & (Abstract) o

v % B e pFg E NeATS (Next Generation Automated Summarization)
[31] T ais TR WeanE &M > & 7 H F 3P (Unigram) ~ = F #(Bigram)% = F
3#(Trigram) » §1* log likelihood ratio 3+ ¥ F :# & A J8erp R 14> p S4B d1 2 2
% Y23 34 B ehIt A (" Topic Signature) ¢ NeATS & 5t# A& 24 — |23 &
(Generic Summary) > ® # %% ¢ kR i¢ ¥ J‘i Wehd 3G T B o BB 1T B
T 1) FFP 2 45 4 Hx(Topic Signature) [24]5 AREFE 4] D RRFE DT R M
# % (Ranking) ; 2) 41* OPP (Optimal Position Pohcy) [24]%-7 E £ B M2 FaH
,/TT ; 3) 5 it — {4 (Cohesion) % i 3 |4 (Coherent) ; 4) §]* MMR [8] & iE 3F &
BEEAAM S TR T HLAFELRF &P DF 5 F?FE'F“'EE
(Chronological)sfi— 3% ; 6) #-4f & g% fo 50 1 _11$§] A e

PERAFHEN I ERERNEHT FdE & 0 ¢ 7 Centroid-based
Approach [45]~ Cross-Document Structure Theory [54]~Revision-based Approach [42]
% Event-based Approach [12] o e pF » 7R iF= B 72 i il M P HF L ki &
4] % MEAD [38] ~ NewsInEssence [41]% WeblInEssence [44] - B+ » MEAD ¢ %
BRLET - AR S2 fi%gﬁf%p ) ﬁpv‘“ peni ) #EY B2 mie

#%fé%& *,2) FEE/G S RIER ARANER 1R (3) BRI ERE A7 ko
1 & %> ¢ 7 Co-Selection~Content-based ~ Relative Utility 2 Rank Preservation °
NewsInEssence SR OTATHRARE IR R KA REFTHE ¢ F ehd 31¥ B (Topic
Clustering) ~ 30 & ~ ~ ¥ 4 & 2 @ * & 3 & (User Interaction) ¥ # v -
WebInEssence A5 & < 2 4 & bt 03 Hoise o

o+ § B GISTexter 4§ & i $2[21]-Figure 4 & GISTexter £ $L7¢ 1§l -
3% & S F 3 5 P~ (Information Extraction, IE) % 3t — CICERO [22] ¢t fsde

4o WordNet [39] » 405~ % 2 ¢ s Pleige 2 % (0 52 2 g 2 g 2o
REBEHCAl R DA 2 S NP AR Ry O FE RAA P T BE - RER D
L o HE2 PRI AL 3 FE ¢ 4 P~(Sentence Extraction) e 5% # %
R P E s FY S 2 29 e A %8 (Shared Topics)dé B~ d1 & o
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— Input article

GISTexte

— Input article set

CICERO
Information Extraction
System

Tokenizer + Preprocessor

r
Single-Document Multi-Document
Sunmunarizer Suminarizer
Sentence Known Topic?
Extraction
Single-
Document
Sentence Decompo- Cohesive and
Compression gitron C'oherence- Extraction
Based Templates
i Extraction | l
summary i Content-Based
Reduction * Planning and
T N Generation
7 Corpus of ™
{ 1111111'111 -written Multi-Document
. _abstracts .~ Decomposition

Named-Entity Recognizer

Part-of-speech
Digambiguator

Named-Entity Aliag
Recognition

Phrasal Parser

Combiner

Entity Coreference

Domain-Event Recognizer

Domain Coreference

Merging of Event
Information

i | |

Sununary

Figure 4: GISTexter i 5278 #£[21]

52 RS EF g LA 2 f(Large Corpus)sindg & & 520 & & XDoX

[23] > H @ e 2 & X 0] 5 50-500 & % & o 7% % sud|* 4 # B (Clustering)
B RS LAB I RARDIE BRFNEEIEC RBERFEAEEE O
MEARR (AR > B i iRyp? e B A 4 3E & > H i A%4e Figure 5 #751 o ¥ ¢ >

e

XDoX # ki * F A fE7 Fr if & g %
T - @Ry E g R R 88

T é’ﬁ:}%ﬁ v ERCE R me o
BT R S &

-

queries
Diocument docs FPassage normalized Text
Eetrieval Extraction passages Processing
Paszage initial Seed similarity Passage
Clagsification clusters Clustering tnatis Matching

complete
clusters

meta-document
final summary

Summary
Generation

Figure 5: XDoX % u% %#.[23]
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e di &J}fﬁﬁﬂ 37 oI * F s (Lexical Bonds)H A 4 4 & [25] - # & 2
LA L= Tﬁs%bﬂ? » &%) 5 1) » 7 (Analysis) ; 2) #& 3% (Transformation) ; 3) & =
(Synthesis) o f & » #2 E g BNk B LR 12 82 @ e o
2 EY SR o EFE ’f | % SVM (Support Vector Machine)#-< £ ¥ ti¢ & 3%
PPEN R RS RRFONIRAST R TR RE A AR o35 E
R U “u’i'?t’ﬁk‘ggé?”miiﬁ FEPEEFRBERI FTAELLTE

VALRRERESHER

F_L

His pMA T o 4o[40]4 e - £ B PATHE 2 F gL o 8 P * &3 230
# 5| $jr(Named Entity Identification)fg P~ 4 & ~ 3 £ 2 s L2 T > ¥ v* AT
HRATPE? BEYRLhF 22 35 FpFo 1%1iaa%m%£ﬁﬁiéi
£ o McKeown et al. [37]:#-1% & ? VORI L ot § 2 B & g
T oot Pen?2¥ A 5 = BI%A 1) A 478 (Theme Identification) [18]: % i~
B2 29 g0 35 (Theme)f B~ 41k » Py 24P Z £ B adfe
2) F e £ (Information Fusion) [5]: #34mip M LN F R b 12 ﬁi £ Af
T3 R é»(Text Reformulation) [37]: §1* FUF/SURGE [17][47]#-*73§ 4
NRNERFWERNELE AL AR R o

EA

BN ARRFT L o de B H[56] > %7 2 ATH 2 24724 £ R R
(Sub-sentence) » Ip PF 5 B~ L3 B fegp M dtie o 2% 0 I Mg R ES ) o B
%%ﬁﬁ’%%%&ﬂﬁﬁﬁgaﬂéW*@r’&w%wﬂjﬁwm%ﬁiﬁ
JRBE LR o FELFSS] - BEBNY X BRE LR AR
FEZBIMA o ABE ) ELAFE ) CEAELAIT I3 FEER . HiA
P ERBEZALE S UREIALETENER T O RE 2 fﬁ-@g mF. 2 e
PR ERSRATHRE R RIS R Y F o

AP MR SRR A MY RS A R 2
Eo gy 2 ¢ £ & 3F 20 4 % 5 Modified Corpus-based Approach (MCBA) [52]
% LSA-based T.R.M. Approach (LSA+T.R.M.) [52] -

MCBA A3 S A1 B s 47 0 NP RF DL R M o F g &
B % 3% 0 i % (Position) ~ & o B 4237 (Positive Keyword) ~ f & B 437 (Negative
Keyword) ~ &« {4 (Centrality) # £ %48 4p Bf & (Resemblance to the Title) o #% iF* &
Nz EAEE D) NP O R ERPARKE A R E SRR TR D)
1 * 222 B 75 (Word Co-occurrence)~ 7 % i ¢ 2730 I #3730 4r » M4 cnd &
M3t E 5 3) I A FF B 2 (Genetic Algorithm)43 213 & 2. F g €345 & ;¢
(Score Function) = 7 % & % & 77 > AP o1 ah= 25 2L hA R o 5 Rigw
(Compression Ratio) % 30%p# » T'35m 3 » F-measure & 0.5151 o




LSA+T.RM. 4| * # % F & » +7(Latent Semantic Analysis)Fjtr » 1 fgB~ < &
P£ & % 1 (Conceptual Structure) » 2% £ 4B (Semantic Matrix) @ ¥ iE P& 73 £
Bt A 720 B e e B0 1 E R AR 1135 & 4 7 3% (Sentence Representation)
" gE Jfﬁ 4 48 4P B 2 B)(Text Relatlonshlp Map) o 1 > B AL AP Bl > FE L
RinFe A AR - HHEFLEL ISR AP Y EHE > 4 5 (Single-document
Level)li 2 i* & & o (Corpus Level) » 0t fomd AN 2 s+ M o F e & 100 &
BAtstipffand 2 > o FRESEET > APEArRDS 2 2L DL F R
v (Compression Ratio) & 30%P# » T'35m % » F-measure 5 0.4242 -

< frF 3t
2.1.1. MEAD[38]

MEAD [38]4% % A 3 {5 02 2 % 3% 1 (Sentence) 5 B i+ » &35 B2
2 #¥(Document Cluster)4d B~ 11 & 5 i 2 2 anF o1 S 3L o 3 240 Figure 6“7 o

MEAD ¥ g~ 239 & Bz o 3Hd (Centrord)mﬁﬁ BAE ~Foami¥ % 2%3F
PEATEe Y iR E R E BE o R P\»’"F%:ﬂ“’f B~ *FEH
Pedindr BRE e o e SRR A o A Cluster; ¥ 3% o inii o r % A R o
Lo

Cluster; Cluster,  Cluster;

O
@) OO
O O o ONQ)

Lol

O O O
#(Sentence): ni*r ny*r n3*r
Figure 6: MEAD i# i% /i 3277 &, [

FTRFEADNEEM S MEAD ¥ g T = B 285 D) Eafrhae it
Fi2 Feondd i oW NI RAER B S TR A LAER T
Flpobe B E A E B 3) F ke B F 0 F Mans o e £ 353 e
£ Mo & {s » MEAD 2 &4 & & (Linear Combination) 7 & ¥ &5 3% # chE & 4
4r Eq. (1) -

* MEAD #: % 4p B ch= 2 & » 1 AL o R\ ETIRE 2 a2 2 &> R 5 ¥ G loosely-related
documents °
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S, =w xC, +w, xF,+wyx L, Eq. (1)

He » G A &Feorrhe 2EmE? o (Centroid)sfp M & > F; R 29> 2
Ll 'ﬂ':"fﬁﬁl'f!ii LA ESEE SRy g o o - i@ 3 > MEAD # %

PAE AR R e R EATR Y 0 ek B RS
ARNE 0 Blhe AR Y o RIE A E A2 B LA B o

(w, 3

"F_"l

g
His

2.1.2. Theme Recognition [37]

McKeown et al. [37]3% 5 L 3g4p R en> 2 Y » T3 3% 57 i dg
(Theme) ; i % K B4 B Y 91 M3t ek jiEfE & o % 20 5 2 RIE & P § o
@i e o 5 = BE%A 1) A 4554 (Theme Identification) [18]: 5 i & ¥4
-2 it ¢ e 35 (Theme)dd B4k » Py @ Ap 2 £ B adis 52) F
A & & (Information Fusion) [5]: #34imAp b L Mgz m & » 3 2 lf‘é‘w; E
5 3) 4 & 2 = (Text Reformulation) [37]: §1* FUF/SURGE [17][47] #-*74f &%
NRDERFPEANELE AL AR o

BRI T B AT B g R 0 3B ) A EE RS A R
AR IEE k& o

Word co-occurrence : BACELE ® § F S AR enE > RIS BEETARL AR o
Matching noun phrases : 41 * LinkIt [S1]#] 5 & % 3 4p B 0 e 390 5 353 .
WordNet synonyms : ¢ * WordNet [39]35 1 b & 3 %2 o

Common semantic classes for verb : #4753 b — 3F & @@ o

#£F > {1 Information Fusion sh3tjiF » & 459 FB B 5 R & Beaple
NET o ERB ;.r‘ =% B ﬁ%‘?%?#*ﬁo&%é’%gﬁ FUF/SURGE
APAREZT AL B 2% iff 3 o FUF(Functional Unification Formalism)f| *
SURGE # 1} ¢ ;% #H(Parsing Tree) BF oA R ROEE o AL AT e o

2.1.3. MMR[8]% MMR-MDJ[19]

MMR (Maximal Marginal Relevance) [8]if * ** H 2 45 & » 7 # 207 Mg &
PR R RGEEe 0 TR EAFE T o B g 2 EEAriE 1 & Query 4R
Moo EATEE NP EEF R AAAMAEE X LR RGP - 252 e
Eq. (2) :




o . . Eq. (2)
MMR = Arg gn%\xs[/iSzml (S,,0)-(1-4) max Sim, (S,,S )]

He s SR AP FENaF oL & o S,- REEBF o QO * % Query ’ Simy(S;,0)
PR SE QiR o Simy(S,S)3t B S8 Sjerdp i &

Table 3: MMR-MD ¢ Sim; 2 Sim, cr2+ & = 8[19]

Simy (P, Q, Cij, Dy, D) = wy +( Py;-Q)+worcoverage( Fi;, C;j)twarcontent | Py )+wyrtime_sequence( Dy, D)

Sima(Pij, Pam, C, S, Di) = wa # (Pi; - Pam) + ws * clusters_selected(Cl;, S) + we * docurments_selected( D;, S)

coverage(Py;,C) = Z wy * |k|
kEC;;

content(Py;) = z rype (W)
WEP,;
timestamp(Dmastime) — timestamp(Dy)
timestamp(Dygrtime ) — timestamp{ Diintime )

clusters_selected(Ci;, 5) = |Cy; N U Cow|

Py, €5

time_sequence(Dy;, D) =

documents_selected(D;, 5) = mb- Z[Pgw € 5]

where

Sim, is the similarity metric for re]evance ranking

Simg is the anti-redundancy metric

D is a document collection

P is the passages from the documents in that collection (e.g.. Fj; is passage j from document [);)

@ is a query or user prohie

R = IR{D,P,Q,#8),ie., the ranked list of passages from documents femcved by an IR system, given D, P,{Q and a
relevance threshold 8, bclow which it will not retrieve passages (@ can be degree of match or number of passages)
S is the subset of passages in R already selected

F\S is the set difference, i.e.. the set of as yet unselected passages in R

C is the set of passage clusters for the set of documents

Cluw is the subset of clusters of ' that contains passage Py,

C., is the subset of clusters that contain passages from document D,

|#] is the number of passages in the individual cluster k

[Cyw N Cyj| is the number of clusters in the intersection of €', andCi;

w.are weights for the terms, which can be optimized

W is a word in the passage F;;

type is a particular type of word, e.g., city name

| ;| is the length of document i,

MMR-MD [19]% # MMR £9pE4 » 424 5 2 B3 B 3 I3 &t B3 5% o
AR P RARAERGEAH Y Ao Query F BB dp 11k > I PRI A T U
EPEFERALOEEEDP cMMR-MD s g IR ER ~ &5 L3 ~ 8
A REerdp iR L & X L3 eh Penalty o B BB 02 54 0 4r Bq. (3) ¢
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def Eq. (3)

MMR—-MD = Arg max[/iSzml( P.,0,C;)—
1- ﬂ)maszmz( s B C58)]

A2 Simi(PpQ,Cy) v & Pyt Q chip ik > FMN BB T iy B
B R 5 Simy(Pyj,Pum,C,S)3- 8 Pyt Py ctfp it o » B9 Py 5 — MPE N2 B o
Fitd g R et g 3 38, Fmat Table 3 -

MMR-MD # ¥ it & crdg & ¥ L% & 7 s erdp 123° Query 0 e H #1iE | en
BEEREGEV e gpis o MR R4 & B2 Query 48 R B x> 2
P ET S B A LB SR A KR 2 B e
M Mo FRAAET ISP E I 2 €3 B EHPRETIFER -

2.1.4. Graph Matching [33]

Mani et al. [33]#-% £ & 77 = B]A5(Graph) » 2 7 » & B & 818 & — B B 430
(Term) » & BL¥7 §BLEF * 7 b chBf Bl 4342 % » ¢ 5 1) 3% M %(PHRASE) ; 2)
2% @M %(ADJ); 3) F & B %(SAME) ; 4) R 25 & 2 (COREF) - ~ i B35 #-7] >
4v Figure 7 #7751 o

Figure 7: < i B]2) #3) # &

B RS E B A - L (Weight) > 8 € B4~ 4> 5 3% B 423 50 TF-IDF [3]
B o &% > 1% Spreading Activation [9iF & 2 » B E ST fpd e T E L %
LS fBE @ 1245 02 Query 48 B ShE Bh o B 0 1A B 0 2R3
4p 12 & (Commonality) 2 % £ 4 (Difference) - # i # 1! FSD (Find Similarities and
Differences)i& & ;2 » 245 11 % @A ¢ 7}9 WA LR g el B T IRE 2 B
LA A AFE s - F AP DS B ¥ - FR L B LB hE gL
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1) Common = {c | concept match(c, G1) & concept match(c, G2)}
2) Differences = (G1 U G2) — Common
concept_match(c, G) is true iff c1 € G such that cl is a topic term or ¢ and c1 are

synonyms.

B {4 » %18 & 7 Common % Difference ©» 4t » B FZoE £ 4> ¥
PENEESEAESRERE cFAERPITE S {5 doEq (4)

le(s)] Eq. (4)

score(s)= weight(w:), where c(s)={w|we Common N s}

b
[e(9)]

AP iny He BHEE A4 A eh3 2 — LSA-based T.R.M. Approach
[52] % A > Svrle s 3T § 2 fi;}%sg Gy 0 FRERIERFEE TR
ZAEAl e A& > F A A BB AE R 4 17 (Latent Semantic Analysis) [28]£7 4 4
R %+ B](Text Relationship Map) [48] » & {5 3P A idk d e § 2 24 & Hopheiic
3] — LSA-based MD-T.R.M. Approach °

3.1. # %3 & 4~ 17 (Latent Semantic Analysis)

HetiE R 4 17 (Latent Semantic Analysis) [28] 5 ™ #icH su3t i A # chimiific
Al HiF (73 N grga A & i (Neural Net)4p v o # e enE 84 S i i g £ i@
1f(Propagation)? v 4% (Feedback)iz it &~ & & ¥ [ BAZ R A 1TRI L H R B4 f2
(Singular Value Decomposition, SVD)# & & £ it (Dimension Reduction) 7 %< ¥
5 B{E4F o 3 0 H R I 4e Figure 8 #1777 ©

AR AT B 2R AT SaEE > HiE SVD B2 A2 2 Ak
B o % 45 T3 & 5 B (Semantic Space) » £ 1% AR G F B2 Rt E
e ol iim,&,moﬁfn[ﬁﬁiiﬂ/f’” R anE AR Rk s i E-R ikﬁig?J
AT R A PR B R TRER A G oo

EEL AR AF RIL0 ¢ TR R ARG PR ap
F&g r:" JIJ'M’-T"}E__% N o "'F‘F‘?%‘{m ljg*ﬂji <> ]:L‘TW}? P—:;—FTIP'JL )'é'—% = ﬁjﬁﬂi“ °
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LSA

SVD
; ; D
Surface |:> Dimension |:> eeper |
Information Reduction Abstraction

Figure 8: LSA 1 i 12

PoE b F A K2 it B (Corpus) ¥ T3 2 i D Context ® 1% # s
Word-by-Context 4" (4) &' ¢ 1= B ~ & (a;) T F B 4239(W) = F Context (C))
P E AN R F B R R R EL R A SRS BELRHF T
A=USV" o H ¥ > § % 4% 3 % B (Semantic Space) > U % % M L Z 4 2 F
¢ondomit o VRl & Context * ptF R 2P chi mid o L MR YT i
HamEh TR 2R han > ¥ E2aEd 4 USWUﬂgﬁ—ﬁ el

Word-Word ~ Word-Context 2% Context-Context ek 55 58 B o - HZaE BFh
FRATE 3 e 4 %%#ﬁ%ﬁ@ﬂmg—%%ﬁ $oHE% ¢ P
Lt EEamd ¥ ‘E‘x%“:’fﬁi“’lﬁl] H:hAGEagalice { ¢ EI4E

o hl @ fid o

3.2. A XE A} %3~ B (Text Relationship Map)

17012 11830
Links below 0.01 ignored

0.57

8907

17016

22387—Thermonuclear Fusion
19199—Radioactive Fallout
17016—Nuclear Weapons
17012—Nuclear Energy
11830—Hydrogen Bomb 0.09 22387
8907—Fission, Nuclear 19199 ’

Figure 9: & 4Z B k34 B 5[48]

A XE R %3 B](Text Relationship Map) [48]#-% ¥ > ERHMEMA 4 7 &
B Tads B o 17 RE R 2 MR e £ & 7 (Vector) & 7 0 3 E A A
i efp i B (Similarity) 5 & 4p 0 B < > §f IE_H?»‘ AR A Rt i B

6 Context ¥ 4% F % % % 3% ¢ (Sentence) » fx ;% (Paragraph) » & 2 % (Document)irig o k¥4 £ o
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0 Figure 9 ¥ %h%L 17012 2 17016 e~ F >

- X
B 0.01 > #rre s il R %

(Semantic Related Link) o i pt J | ¥ 11 3& 1‘]&_:". g Bl i Bl o Bk

S Fp AR R K 0.57 0 AT TRR
% 5 @ 8907 £2 22387 chp i) B B MATERR & 0 Fp
AREM GE R YA s e - kE S B oy ¥

Rz e

FoTRTPLEL

Wi

g

P -
4

[48]#-3 Xg b Ths Blerin 4 e * »0H ~ B R o & B % (Paragraph)
B8 a s i
I

Ap iR EHEAKIM GBS R o F RS RE G el ik

PRI RS BT B o R e Y ALt MR B o [48] ik Hhd
1.

BUR 5 R FHRT A SR T F AL H Y R

Global Bushy Path

B A TR E - &80 Bushiness G %@ BB B i B Bl P
AR S BETHE S DE BE A T 37 @ BT R REL TS 2 B B BUE AT s e AR
02 Fpt 0 3ZEE AR G 3t ¥ 2 4EEE o Global Bushy Path #-FC
BhANRA Y AR B Blcd XA ) ] o s PE
@ K £ 7% (Top-K) » %

7T ik
Sy Rafp R
2. Depth-first Path
Depth-first Path :£2~% B &8 — ¥t 2 % - BB £ L7 & 8%
S B RFE NERT R B O R A SRR RIT Y B A
BB adgy (T - Bag R RAERNEE S P R F R E A2
2
3.  Segmented Bushy Path

Segmented Bushy Path 2 % & B2 » § L2472 e 224
7 3] (Text Segmentation) » ¥ ¥ 4 %+-* B Segmentation % %] * Global Bushy
Path kR EB- & & chf T o 521 T 975

Segmentation ) F o & B
Segmentation I > & P4iE 11— BEJT RO B fS TR o

THERPEBEIEL R PR REE A SRS AT S IOp R < N TRE &
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o[
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-
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Figure 10: #7753 #7425~ S4E & %4

3.3. Proposed LSA-based MD-T.R.M. Approach

AE AR AT H 2 2R & A4k 0 eh 2 LSA-based T.R.M. Approach
[52] % A A Av et B g * 30 F 2 B R > TR FER PR O AR
3ok $L2E fde Figure 10 #7577 8,2 ¢ 57 B A ul # EJ2(Preprocessing)
# & #0302 = (Semantic Modeling) ~ i AL B % 3+ Rz 4 (Text Relationship Map
Construction) ~ f & £ & [+ :® 5 (Significance Measurement) % 1§ j 32

(Post-processing) o 14 T A WGP & BH-E 2 H o
3.3.1. @ E&JZ(Preprocessing)

wRJL e 7oA 3R 4 B 5 E Po(Feature Selection) % # i P~(Feature

Extraction) °
B GER

FV i 2 Bj% (Paragraph) & ¥ 0 % g #7308 F 3 (Unigram)~ = F 3#(Bigram)
= F #@(Trigram) e 4%+ - F 3% = 33 > 1 * Mutual Information [35]3+ & H &

PR EATHRZ SRR A p e AR AR A % 20 E ¥ #45 & 2 LSA-based TRM.
Approach [52] » 1 * &% & 4 +7(LSA) [28]% 4 35 4p b 3+ B](Text Relationship Map) [48]iF % <
e ial e
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B SERED B AR Pl E S S 4r B (5)
P(x,y) Eq. (5)

M) = ()

He sx2ry Zpas2a BEFHE P)E x M2 2Bk PO) 3
v iR Px, )R S x*y—"—']’?vﬂ!ﬁﬁ”%ﬁt" a0 E- O EE

y I
NEG RE I’* S £¢F B85 2 IDF (Inverse Document Frequency)
[3]» # 33 4o Eq. (6)% 7

Eq. (6
IDF(w,)=log & ©
’ n

B owi- BHMER O NLZ2ERY DR Bon iow DIRNEE Bl o
% IDF & <~ » 33k enfefh &> B2 7 % Hcl 7 &k

B R

=7

& BEpcchE B4 Y
F M P B

KIS

T REF BRI Nt A
T LR c TREEL S K0 B3t E 40 Eq. (7) ¢

Ki=Gi*Lj Eq. (7)

Bk B Y BRFDREL PP PR &R P e DY PR
Gi % % $rHch 430 W**P Red e iRl Ly B & Wi B0 an '"’*ﬁ °
Bk cje Wil P? ih=tlic o Wi AP R &Y ch=tde Pl W, & Py ¥
AR $HIE 53 B 2 N 4e Eq. (8) ¢

e Eq. (8)
fy ti
B¥ T RPELEP WahFE A G E(Entropy) > 3-8 2 440 Eq. (9) ¢
E 3" i+ log(f) £
i== j i
log(N ) j=1

d Eq. () ¥ 4vg f 53 1 anpFig » Eend 5 05§ f; % IUN hpFiz - E; en
Bi Lo g EenEARRIT S | cnpFig o 27 Wi PR &9 che GART 12 Wb

}‘H_ﬂ-h

‘é‘.\ﬁr}ugg““ﬁ E P ek EEEARZET00rF G 20 W8 IR AR

15 MI(x, y, 2) °
FRE > L EE A window o
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B WihE R P T30t b PR EY DM TR o B LA
Wit P ¥ M E G0 4o Eq. (10)
Gi=1-Ei Eq. (10)

ek '—‘1%; I/Vl.—%’_.‘ch‘ E’ﬁ’fgi Lij"lif'Eq.(ll)’ —,ﬂ v n;j f).]% Pj‘:" t"Tg E’ﬁ#’jf&{trﬁgﬁ

’—’J lﬂ ﬁ'{ o
Eq. (11)

Lij= logz(l +ﬁj
nj

3.3.2. # & #i-AlE 2 (Semantic Modeling)

# TF“ 112 4 Word-by-Paragraph sh4E' iF 5 (% £ 2 2 B 2 FE R KA o R
Ho g d W Pofge e o % o aEd 4 (73 B & A f2(SVD)>
€18 A=USV" » $4* S i 7 & 9 it (Dimension Reduction) » F PFB~if # e &
TE AL A'=US yhoppms, @ @58 3 ¥ & e Word-by-Paragraph &L
w & (Row-Vector) i % iZ M43 & BEZ Y gL >

y 1Y B
d & BRMAET TS DR & o

% 1B {7 % £ (Column-Vector) * % 3% F %

Aok 2 BAF R A 1T(LSA) [28]5 &~ F ¢ av'& 1435 £ (Latent Semantic)
BiEd BLXagpin g B8

%"Iﬁ‘m%O%—r'{%i—;%th/\’l{%hﬁ-%' V\-F/»/;z, 7T ¥ b2 ’L—,-r
R HBR Y BT IR IEE T2 KA o RSB RE > AP IR
AERLAPFTENSERE A7 — F% £ (Column Vector)® * "+15\‘7fﬁﬁng" )

(Text Relationship Map) [48] » & fF @ B AF L A~ 1TH > H & $F P E -

3.3.3. A AER %3 Bl2E H(Text Relationship Map Construction)

'}@E‘L—\m A EZZ B E M Er R l't‘ﬁ,\,k i TPt EiEs B E

e Cosine R GrE 3-8 E A B aip iR o A KA M B B> T RF Y15
B EP TR T B on BEE RS INARE g B Ecp C(n,2)B >

Modfs FOIRS AR R B i 1.5%n B kS

3.3.4. & & 4:=1% (Significance Measurement)

APRNAFBTF N UTF KA B SFE(TEE)NELE o o

] £t 4o

" gy 5 Bq. () B -
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B Model 1: Global Bushy Value

Global Bushy Value (GBV)'?% i 4Z4p R+ B+ - & 2er H s & gLy
g B HP ; LHkAoEq (12)%77 - AP > PG A %J" B - o d e w
Ao P AR MBS hE R A TR eE e ﬁ?{ﬁv:ﬁ%xwﬂfw;\#ﬂ

o T2 2k e JEe AP o FpL oo ;xﬁxg%ﬁa;;\ %\mﬁﬂfge

GBV(P)= P! Eq. (12)

VP;,P; has a link with B,

B Model 2: Average Similarity

#gﬁa%? Model 1 ¥ ¥ g 5|3 Za4p il = Bl + = B & Zhand .‘séfﬁﬁ;ca ENNA
+[26] > &% jp=* B B E > 580 12 Aggregate Similarity 3+ 5 & B & 2k
e & 'H_ » Aggregate Similarity = %, B4 Figure 11 :

Figure 11: :* & Aggregate Slmllarlty PR L BT [26]

Bl o E BB LAEIRREIEE2 72 T RBRLEAELA BT
AR LR 0 IS B EE e g R f’vif; e & B ) ff 2 o Aggregate
Similari 2_ 3+ ¥ 4 Eq. (13) :

Eq. (13)
Angzm(R) ZSim(R,P_/) !

P; hasa link with B

—?i ¢ osim(Py, Py) & B B & 8L cip fwi > WA e £ 7 Cosine &
L8 & 1 & 8he Aggregate Similarity © H 43 Ef 3t % e U E Ry 1t
SR FETY RIS ll%@.sé—m%&g‘_ @ o

12 9r[48]¢ %_% 2 Bushiness i °
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3.3.5. {8 2 (Post-processing)

S RIZ e 7% BB A B| 5 L% E B~ (Paragraph Selection) 2 £ £ B
(Paragraph Ordering) °

B EER

A 4% Maximal Marginal Relevance (MMR)"? [8]e#% 4 » 4% 41 £ 738 B ih
5 % 40 Bq. (14)%7
Eq. (14)

def
PS = Arg ggg\)g[SlG(R) A ngag REL(F,P))]

He oSk e REF 2 g & SIGP) 4 PjinE &> REL(P, P))
% P2 P, b B o R o

Wizt PSS RREPRNEAFE LR PRI W HFE SR EE AT
el enpE R ARREARR 2 £.5 0 2 “,% £ 4§ 1 (Anti-redundancy) > " 3% &
% % { % T3 o Table 4 FILE$7 — % F TR 2 chd BHCY Y SIG 1 REL

HrEE S N o

Table 4: SIG £2 REL &+ 5 = 58

SIG(P;) REL(P;, P))
Model 1| GBV(P) ¢ if P hasalink with P,
0 otherwise
Model 2 | ASim(P;) sim(P;, P))

SR T

B B2 peho BPeg kBT kg 0 F - 3% {4 (Cohesion) 2 i@ 7 {4
(Coherent) £ ATHE A » Mk it * KR ERPIfF R « A g Y > APehE gt
AR R B R S T R AL T L PE R 9 Dk o 7]
B AP I HMEERAES G 2 TRET AR FOE DY
(Publication Date)# & o

sy aemATE 1 (Y i3 2 2 MMR [8]2 MMR-MD [19] -
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4. B%x&EdHm
41, BEFHE

# % © 11 DUC (Document Understanding Conference)s» DUC 2003 7 #% % i
FHEE o FZERIELE L S v B P 1) Task 1 — Very short summaries; 2) Task
2 — Short summaries focused by events; 3) Task 3 — Short summaries focused by
viewpoints; 4) Task 4 — Short summaries in response to a question - £ ¢ Task 2 %
Task3 5 % 2 E4E &30t > R FZ AP Benff & Uit E 2 52 &2
BEAXK > F > ARt Task2 hF R FL=RIFE 2 EHPTRE -

Task 2 #T#g ik enF L £ 5 30 B2 23 (Document Clusters) » # < 2% ¢ %
3 qlog;:«fr@v—zi’f‘* 0L &R~ 2 Lodhin b cn3r B T 24 & o Task 2
BRE B RE ek A 30 B 2L é_i %100 3 ma‘%lﬁ ak

4.2, 3Fi5 3E

DUC #%_DUC 2004 4=# * ROUGE (Recall-Oriented Understudy for Gisting
Evaluation)[58] % 3=z 1 & » F]pt A jon e 221 B k=R iF X 2 43 - DUC
2003 HFALY o ERETEEYI e BEREFETF 2 F L SHETZ Y BEAY
WHOFEEIHEFT A1 3 E 5100 F vEdE & - ROUGE & 72

Mg & SR HRPFEDTANNFEEPNF ARG T5F 5B
Word - & 7 B2 4 Sl B 9 b & 5 o

ROUGE #3*i% 2 & 3 ROUGE-1, ROUGE-2, ..., ROUGE-N, ROUGE-L,
ROUGE-WL - ROUGE-N 12 N % % H =3 % Recall &, 4= ROUGE-2 % 14
Bigram & ¥ = pF #7{F 3| &7 Recall - ROUGE-L 17 common string 3 H =3+ &
Recall » ROUGE-WL R 5 4c {#iE ¢ e ROUGE-L - p =0 ¢ &2 ROUGE-1 &73%
A Bt BURIT B RO TG A fic 0 TP A P 5] ) ROUGE-1 54 #c -

?%ﬁj%‘iﬁi;{ » Model 1 e a IE'(”T T Table 4 ¢ 1 q IE') ,5:5 :i% ;Z Pi
?Bﬁﬁ*éi#ﬂﬁia’%ﬁ 24 @B P Rl B (14)7 5k @RI L3
FISO ot REAET L T R R R

* 100 TR s %S 100 glU%ﬁ AR 100 4 F | Hl*[ﬁ, SIEHEIE e

28




Table 5 7]3 Model 1 & ROUGE-1 X 3i3ig ; Table 6 B 7] Model 2 =
ROUGE-1 32 - Figure 12 B #- Table 5 £? Table 6 # £ % - d B¢ ¥ 4v > %
A=0 PF(7* 72§ ¥ & | Anti-Redundancy) » ¢t e % B £ o ¥ b » Model 1 %
T A A T T 0 ¥t Model 2 § # it ehd R o i E ¥ 5 Model 2 ¥ &3

Table 5: Model 1 3 2% % % (ROUGE-1 Average)

A=0 A=10 A=20 A=30 A=40 A=50
ROUGE-1 | 0.3405 0.3579 0.3544 0.3521 0.3532 0.3564
Table 6: Model 2 7§ % & % (ROUGE-1 Average)
A=0 A=10 A=20 A=30 A=40 A=50
ROUGE-1 | 0.3402 0.3457 0.3497 0.3434 0.3429 0.3466
0.36
0.355 //\\\//
0.35
—*— Model 1
—=— Model 2
0.345
0.34 |
0.335

Figure 12: Model 1 & Model 2 77 ROUGE-1 +* #&

Table 7 ¢ 73} DUC 2003 & st Fr g% » H ¢ SYSID %4 % fpef kb ¥
FAATGBERETIFFEE LB L RO R VRS E TR A ER S
Feojuiglod LA I RAP SR DFEZRE T AP E

PRk o TR AEE SSRGS Y B .
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Table 7: DUC 2003 =% 4 Official Results

SYSID ROUGE-1 SYSID ROUGE-1
B 0.4467 17 0.3606
C 0.4451 6 0.3598
D 0.4358 20 0.3475
E 0.4201 14 0.3362
A 0.4149 23 0.3339
H 0.4109 18 0.3297
I 0.4001 21 0.3267
G 0.3956 3 0.3170
12 0.3918 2 0.3090
F 0.3918 11 0.3068
J 0.3883 19 0.3057
16 0.3747 15 0.2943
13 0.3698 10 0.2905
26 0.3627 22 0.2565

30




rrhizEYEg -;»%L‘a’:—&%L%m'ru;éwraz?‘iﬁ’%f*ﬁ%@ &
G2 A g TARFEZHE Y @Q—» 2[52] 5 AAF > A LETIELGE H AT
SR ERER S PEHEHYERELLEITRR DS AR -

MU ORI D g R AR R B DR TR Y gl

1. = EJZ(Preprocessing)
® Feature Selection
® Feature Extraction
2. # % 3] 2 (Semantic Modeling)
® [atent Semantic Analysis
® Semantic Matrix
3. 2 AER i Bl#E H(Text Relationship Map Construction)
® Text Relationship Map
® Similarity Matrix
4. £ & M43z (Significance Measurement)
® Model 1 : Global Bushy Path
® Model 2 : Average Similarity

@ 2%/ 12 DUC [15]# - enF 45 (78 % 0 £ 013 DUC 2 % 325 A og
S BAER SR o3=R 4% ROUGE %355 & RUra o) indf & wﬁw
A NEEY > T 75 50 BAp o A0 ROUGE-] & 3% 4528 »

% & 5% &7 Model 1 J£{¥ T35 ROUGE-1 4 # 5 0.3564 > Model 2 2%15'—1 P
ROUGE-1 % #c s 0.3497 - b i DUC 2003 =t %‘—;—% » VRS R Ry 2 45 in
2 HEe Tl o

I,

2

TLowe
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R

As the second part of the project titled “The Research on Cross-Language, Composite
and Multi-Document Automated Text Summarization,” the principal objective of this
project is to develop novel techniques to address multilingual, multidocument
summarization. The main issue is to propose a method to compute the similarity

between two short passages which are written in different languages.

In this technical report, with a Chinese-English parallel corpus, we propose a
framework to derive a hierarchical concept space by word clustering. On the basis of
the concept space, a Chinese or an English paragraph can be mapped into the space
and represented as a concept-level vector representation. Since a Chinese or an
English paragraph is mapped into the same concept space, it becomes easy to compute
the similarity between two paragraphs. Once the similarity between a Chinese and a
English passage is obtained, the summary is generated using the techniques developed

in the first-year project.

The preliminary results show that the larger the number of concept clusters,
words in the same concept can be regarded as corresponding translations; while the
smaller the number of concept clusters, words in the same concept are loosely-related.
In the set of Chinese-English paragraph pairs with Top 10 similarities, approximately
57% are judged as related by humans. Regarding the quality of the summary, in
average, a score of 7.06 and 6.04 was obtained in terms of information coverage and

readability respectively, in which 1 the worst, 5 good, and 10 the best.

Keywords: Multilingual Multidocument Summarization; Chinese-English Sentence

Similarity; Hierarchical Concept Space; Concept Mapping
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Text summarization is the process of distilling the most important information from
a source (or sources) to produce an abridged version for a particular user (or users)

and task (or tasks).
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Eq. (20)

Eq. 21)
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ABSTRACT

Much research for question-answering aims to answer factoid, definitional and biographical
questions. In most cases, the answers are given as a name, date, quantity, and so on. In this
paper, we try to merge techniques of multidocument summarization and question-answering
to generate a brief, well-organized fluent summary to provide more relevant information for
the purpose of answering real-world complicated questions. The problem is addressed as a
query-biased sentence retrieval task. Formally, query-focused multidocument
summarization is to synthesize from a set of topic-related documents a brief,
well-organized, fluent summary for the purpose of answering a need for information

that cannot be met by just stating a name, date, quantity, etc.

In this report, we propose a hybrid relevance analysis to evaluate sentence
relevance to the query. This is achieved by combining similarities computed from the
vector space model and the latent semantic analysis. Surface features are also
examined to know the impacts of low-level features for query-focused multidocument
summarization. In other words, the summary is created by including sentences with the
topmost significances which are measured in terms of sentence relevance and surface feature
salience. In addition, a modified Maximal Marginal Relevance is proposed to reduce
redundancy by taking into account sentence shallow feature scores. The experimental
results showed the proposed method obtained competitive results when evaluated with
the DUC 2005 corpus.

Key-Words: - Query-focused summarization; Hybrid relevance analysis; Sentence feature

salience; Latent semantic analysis; Modified Maximal marginal relevance;

61




1. Introduction

Automated text summarization has been in existence since the 1950’s. By definition,
it is the process of distilling the most important information from a source (or sources)
to produce an abridged version for a particular user (or users) and task (or tasks) [18].
The technology can potentially ease the burden of information overload because only
summaries need to be read or analyzed. For example, a search engine could provide
summaries (e.g., snippets of texts) to help users spot desired documents in a short

time.

Over the past few years, text summarization has drawn tremendous interest from
both the natural language processing and the information retrieval communities. DUC
(Document Understanding Conference) [10] is one of the active forums for
large-scale evaluations of summarization systems. Since 2001, DUC has held several
evaluations, including  single-document  summarization, multidocument
summarization, cross-lingual summarization and query-focused summarization.
Query-focused multidocument summarization was first formally proposed and
evaluated at DUC 2005. The task is, given a set of topic-related documents (i.c., a
topic cluster), a query topic, and a user profile, to generate a brief, well-organized
fluent summary for the purpose of answering users’ information needs. The query
topic, illustrated in Table 18, models the real-world complex question-answering
proposed in [2]. A user profile with a value of “general” or “specific” specifies the
granularity required for the output summary. In essence, query-focused
multidocument ~ summarization  integrates  techniques of  multidocument
summarization and question-answering. From the viewpoint of multidocument
summarization, it needs to generate not only a theme-relevant but also a
query-relevant summary; while from the perspective of question-answering, the
output summary can not just state a name, date, quantity, etc., which makes it more

challenging.

In this report, we propose an approach to address query-focused summarization.
The method considers as the task a query-biased sentence retrieval task. In other
words, only relevant sentences are included in the summary. It measures the relevance
of a sentence to the query using a novel hybrid relevance analysis which linearly
combines relevance measures from the vector space model and latent semantic
analysis (LSA). The output summary is generated according to sentence salience

which is estimated in terms of sentence relevance and low-level feature significance.
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Furthermore, a modified redundancy reduction module based on Maximal Marginal

Relevance (MMR) [6] is proposed for anti-redundancy.

This report is organized as follows: Section 2 introduces previous related work.
In Section 3, an overview of the proposed system is presented. In Section 4, the
proposed approach to the query-focused multi-document summarization task is
described. Experimental results are given in Section 5. Finally, Section 6 concludes

this work.

Table 18: DUC 2005 example queries

Dataset: d332h

Granularity: general

Question:
What kinds of non-tax crimes have led to tax evasion prosecutions (failure to file,
inaccurate filing), instead of or in addition to prosecution for the non-tax crimes

themselves?

Dataset: d313e

Granularity: specific

Question:

In what countries are MAGLEYV rail systems being proposed? Are the proposals for

short or long haul? Is government financing required for construction?

2 Related Work

Much previous research has regarded query-focused summarization as a sentence
extraction task which identifies sentences that are relevant to the query topic.
Approaches to determining sentence relevance vary greatly. For example, Daumé and
Marcu [8] employed a Bayesian language model to estimate sentence relevance for
ranking sentences. They found that the Bayesian model consistently works well even
when there is significantly less information in the query. Jagadeesh er al. [14]
combined feature scores obtained from relevance-based language modeling, latent
semantic indexing, and special words to determine the relevance of a sentence to the
information need. Hachey et al. [11] presented a system which measures relevance

and redundancy using a latent semantic space constructed over a very large corpus.
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Approaches based on the graphic model have also been tried. For example,
Mani and Bloedorn [17] used a document graph to formulize relations between
sentences inside a document. A spreading activation algorithm is applied to perform a
query-biased summarization. Bosma [5] created a graphical representation for a
document using the Rhetorical Structure Theory (RST) [19]. Based on the graph

model, a graph search algorithm is exploited to identify relevant sentences.

Some approaches use shallow semantic analysis. D’Avanzo and Magnini [7]
exploited key-phrase extraction to identify relevant terms and used machine learning
to select significant key-phrases. Summaries are generated according to relevance and
coverage of keyphrases of a certain topic. Li et al. [15] built a query-oriented
multidocument summarization system under the framework of MEAD [20] by
integrating entity-based, pattern-based, term-based, and semantic-based features.
Hovy et al. [13] proposed a method on the basis of the extraction of basic elements. A
basic element, defined as a head-modifier-relation representation, is regarded as a

basic unit to determine the salience of a sentence.

In contrast, some approaches depend on deep discourse analysis. For instance,
Schilder et al. [22] investigated a tree matching algorithm to obtain a tree similarity
of dependency parse trees between a question and candidate answer sentences.
Sentences with the highest similarities are extracted as the summary. Ye et al. [24]
handled query-focused summarization by computing sentence semantic similarity via
concept links. In their work, concept links were shown to outperform word
co-occurrence since they highlight words that are semantically-related. A modified
MMR for anti-redundancy was proposed by introducing semantic similarity into the
original MMR [6]. Zhou et al. [26] combined lexical chains and document index
graphics by adding verbs to chains. Sentences are scored according to the integrated

chain structure.

Last but not least, Seki et al. [23] proposed a summarizer that focuses on
subjectivity analysis. Subjectivity refers to aspects of language description that are
formed to express an author’s opinions, evaluations, and speculations. The
summarizer generates summaries to reflect information needs based on subjectivity
clues. Berger and Mittal [3] introduced a statistical model for query-relevant
summarization. The parameters were learned with a collection of FAQs using
maximume-likelithood estimation. Blair-Goldensohn [4] adapted a system originally
designed to answer definitional and biographical questions and enhanced it with

sophisticated question parsing, topic term identification, and passage retrieval. In
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addition, they experimented with several schemes for including the content of nearby

sentences to help determine sentence relevance.

3  System Overview

The overview of the proposed system is shown in Figure 24. The system first
evaluates the relevance of each sentence to the query and its sentence significance on
the basis of surface features, and then applies sentence selection to generate a
summary of approximate 250 words to reflect the information need defined in the
query topic and the level of granularity specified in the user profile. There are eight

modules in the proposed system:

1) Document Analysis

Several document preprocessing steps are conducted in this module, including
sentence boundary detection, tokenization, Part-of-Speech (POS) tagging, stopword
removal, word stemming, and named entity extraction. After preprocessing, words
tagged as NN (noun), VB (verb), JJ (adjective), or RB (adverb) are regarded as
significant unigrams and are used to generate bigrams and trigrams. Bigrams and
trigrams occurring in more than three sentences as well as all unigrams are kept to
build a vector representation for each sentence using a term weighting scheme
proposed by Allan ef al. [1], as shown in Eq. (26). In Eq. (26), #f;, is the frequency of
a term ¢ occurring in a sentence s, sf; is the number of sentences in which term ¢
appears, and N is the total number of sentences in the document collection.

Nl Eq. (26)

W(f, S) = log(tfm + 1) lOg(m)

2) Text Feature Extraction (refer to Section 4.2)

This extracts surface features which are useful for query-focused summarization.
These features are further exploited to measure the significance of a sentence in the

sentence scoring module.

3) Query Analysis

The same procedure of document analysis is applied to the given query. A query

is represented as a vector, except that the term weighting scheme uses Eq. (27).
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wit,q) = log(tf,,, +1) Eq. (27)

where #f;, the frequency of term ¢ in the query q.

4) Summary-Type Detection (refer to Section 4.3)

This module determines whether the desired summary is specific or general
according to the user profile. If a specific summary is expected, the number of named
entities in a sentence is regarded as another feature and integrated into the sentence

scoring function as well.

5) Relevance Analysis (refer to Section 4.1)

Sentences are evaluated to obtain their relevance to the query by measuring their

similarity.

6) Sentence Scoring (refer to Section 4.3)

Sentence relevance and surface feature salience are combined to estimate the
significance of a sentence. Sentences are ranked according to their scores for

selection.

7) Redundancy Reduction (refer to Section 4.4)

A modified MMR is employed to reduce information redundancy in the

summary.

8) Summary Generation (refer to Section 4.5)

This module selects salient sentences on the basis of sentence scores and
re-orders sentences according to their original time and date of publication to form a

summary.
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Figure 24: System overview

4 Query-Focused Summarization

This section presents details for modules introduced in the previous section.

4.1 Relevance Analysis

Given a query ¢, for each sentence s, the degree of relevance between s and g is
evaluated based on their similarity, sim(s, ¢). Three approaches are introduced in this
section to compute sim(s, ¢g). The first is the similarity measured in the traditional
vector space model (VSM); the second employs latent semantic analysis (LSA) to
derive semantic-level similarity; and the third integrates similarities from VSM and

LSA in a linear manner.
4.1.1  Similarity Based on VSM: simy(s, q)

In the vector space model, since s and g are both represented as weighted vectors
using Eq. (26) and Eq. (27) respectively, the similarity between s and ¢ is computed
as the inner product of the two corresponding vectors. More specifically, the
relevance of s given ¢ is defined as Eq. (28). This model has been proven successful
for query-biased sentence retrieval [1] and is used in this work as a competitive

baseline.
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. Eq. (28)

sim,(s,q) =5 -q

N+1
= > log(tf, +1Dlog(tf, . +1)]og(—————
Z g(tf,, +Dlog(tf,, +1) g(o.5+sf,)

4.1.2  Similarity Based on LSA: simy(s, q)

In recent years, LSA [9] has been profitably employed in information retrieval to
derive inherent semantic structure from a corpus. We employ LSA to measure the

semantic relevance of a sentence s to the query q.

First, a word-by-sentence matrix, A, is built from all sentences, as presented in
Eq. (29). In this matrix, columns represent sentences and rows denote unique words
found in the collection. (Note: without loss of generality, m is greater than or equals
to n.) The cell of row 7 and column j (i.e., a;;), computed by Eq. (26), signifies the

weight of a term ¢ in a sentence s;.

S, S, v S, Eq. (29)
L|a, a, a ,
A=t, a,; a;, a,,
tm am,l am,2 am n

Singular Value Decomposition (SVD) is then performed on A. The SVD
projection of A4 is the product of U, Z and V: A =UZV" where Uis an mxn matrix

1
° and zeros

of left singular vectors, Z is an nxn matrix with a diagonal (o, ..., 6;)
elsewhere, and V' is an nxn matrix of right singular vectors. In theory, U and V are
both orthogonal matrices; there exists a property that U'U=V'V=I, where I is the
identity matrix; Z could be interpreted as a semantic space (or the topic structure)
derived from the corpus; U and V could be viewed as semantic representations of

words and sentences in Z respectively.

Finally, Dimension Reduction is applied to Z by keeping only k (k < r) singular
values to obtain an approximate Z;. 4 new matrix, A, which denotes the semantic
representation of 4 in Z; could be obtained by folding 4 into the reduced space Z;
using Eq. (30).

91f rank(4) = r, Z satisfies 0;>0»>...>20,> 0,4 ,=...=0;,=0.
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Similarly, a query g=<t,;, ..., t;»> can be mapped into the same semantic space Z;
with Eq. (31).

7=4U,2; o

Thus, the semantic similarity between s and ¢, 1.e., simy(s, ¢), can be obtained by Eq.
(32).

g-A" =qU,zNA'U,Z") Fa. 32)
=qU,(Z,)’U/ 4

=< 85im,(s,,q), ..., Sim,(s,, q) >

Conceptually, LSA is the process of discovering relationships among word
co-occurrences. Regarding Z;, the SVD analysis provides information about how
words and sentences are related to & latent semantics. Furthermore, in Eq. (32), ¢
times U,(Z;")*U} can be viewed as query expansion, where synonymy is essentially

defined by similarity of word co-occurrences derived in the semantic space.
4.1.3 Hybrid Relevance Analysis: sims(s, Q)

The hybrid relevance analysis is practically proposed as a linear combination of
sim (s,q) and sim,(s,q) to take the advantage of the effectiveness of both approaches.
In this combination, the noises introduced from both models could be reduced by
model averaging, which is expected to obtain more robust sentence relevance. As a

result, the proposed hybrid similarity metric is defined as Eq. (33).

sim, (s,4) = a - sim, (s,q) + (1= @) - sim, (5,q) Fa. 9

4.2 Surface Feature Extraction

In the literature of text summarization, surface features, such as position and tf-idf
weighting, have been studied and proven useful for extracting significant sentences
(e.g., [16], [25]). In this work, we aim to re-examine these features in order to
understand whether they could be salient evidences for sentence scoring in the

query-focused summarization task. For a sentence s, we consider five surface features
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to obtain its feature score. They are: 1) position; 2) average tf-idf weight of
significant words; 3) similarity with title; 4) similarity with document centroid; and 5)

similarity with topic centroid.

fi1 — position: it is believed that important sentences are usually located in
particular positions in a document. Take a news article for instance, the first sentence
always introduces the main topic or summarizes the whole story. The position score is
defined in Eq. (34), which was proposed by Hirao, et al. [12]. In Eq. (34), |D] is the
number of words in the document D that contains s and NC(s) is the number of words
appearing before s in D. On the basis of this mechanism, the first sentence obtains the

highest score and the last has the lowest one.

NC(s) Eq. (34)

| D|

fis)=1-

f> — avg. tf-idf weight of significant words: generally, terms with higher term
frequency and tf-idf values are more important, implying that a sentence with a higher
summation of tf-idf values from its constituent words tends to be a substantial
sentence. In previous studies, all words in a sentence are taken into account and the
total score is averaged over the length of the sentence. In our work, in order to obtain
a more precise weight for a sentence s, we only consider significant words in s. The
average tf-idf score is computed as shown in Eq. (35), where w(z, s) is the weight in
Eq. (26).

f,(s) = Average w(t,s) Eq. (35)

tes,tis significant

A significant word is defined as a keyword ¢ which satisfies the criterion shown in Eq.
(36), where u is the mean and o is the standard deviation of all w(z, C), and w(z, C) is
the summation of all #/~idf values for ¢ from all sentences in the document collection
C.

u+0.50 <w(t,C) Eq. 36)

f3 — similarity with title: there is no doubt that the title always sums up the main
theme of a document. In other words, the more similar a sentence is with the title, the
more important it is. This similarity is measured by Eq. (37) where s 1s the title

sentence.
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- Eq. (37)

S-S,
S3(8) = sim(s,5,,) = ="
|S || Stitle |

f4 — similarity with document centroid: this measures the centrality of a sentence
with the whole document. The centrality means the similarity between s and the
centroid of the document. Generally speaking, if a sentence contains more concepts
identical to those of other sentences in the same document, it tends to be more
significant. This feature score is obtained with Eq. (38), in which D,,,,, is the

average vector representation of all sentences in the document D.

Eq. (38)

ol

“l

centroid

f4 (S) = Sim(s’ Dcentroid) =

©)
o

centroid ‘

fs — similarity with topic centroid: similar to f;, this feature estimates the
similarity of a sentence with the centroid of the topic cluster. The score is computed
as Eq. (39), where T,..0ia 1S the average representation of all sentences in the
document collection.

T Eq. (39)
fS (S) - Sim (S’ Tcentroid ) — —C’emmld

|

“|

‘ ‘ centroid |

4.3  Sentence Scoring

The sentence score denotes the importance of a sentence and is exploited as a
judgment to determine whether a sentence should be included in the output summary.
We define the score of a sentence s by taking into account: 1) its relevance to the
query ¢; and 2) its salience of low-level features. Eq. (40) delineates the scoring
function.

score(s) =w,, -sig(s)+w, -sim(s,q) Eq. (40)

where sig(s)= Zwﬁ_ - f:(s), andsim(s,q) could be any similarity metric proposed

in Section 4.1. In sig(s), fi(s) is one feature score in Section 4.2, and w, is the

weight for f; used for linear combination.
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Recall that in Section 3, there is a module called summary-type detection. If the
summary is specific, the number of named entities, denoted as fyz(s), is regarded as
an additional feature considered in sig(s). The idea is, when a specific summary is
needed, information containing named entities, such as person, location, date/time,

and so on, becomes more important. Therefore, in this case,

Sig(s)zzwj; S () F W - S (5).

4.4  Redundancy Reduction

Carbonell and Goldstein [6] proposed Maximal Marginal Relevance (MMR) to
reduce redundant information in the summary. The main idea is, when including a
sentence s in the summary, the summarizer measures MMR for s to satisfy the
following criteria: 1) the maximum relevance of s to the query ¢ and 2) the minimum
similarity of s to previously selected sentences in the summary. That is, s has high
marginal relevance iff it is both relevant to ¢ and contains minimal overlap with
previously selected sentences. The MMR is defined in Eq. (41), where R is the ranked
list of sentences, S is the set of sentences which are already selected in the summary,
SIM; is the similarity metric used in relevance ranking, and SIM, is the similarity

measured by the cosine value of two sentence vectors.

Eq. (41)
def
MMR = argmax[A-SIM (s,q) — (1 - A)-max SIM, (s, s,)]

seR-S s;€8

One shortcoming of MMR is that it does not consider the sentence representative
power (e.g., surface feature salience). In our work, we propose a modified MMR,
presented in Eq. (42), to integrate surface feature salience into the original MMR. In
Eq. (42), 6 and A are weights to control the impact of sig(s), SIM;, and SIM.,, sig(s), as
mentioned in Section 4.3, is the score obtained from feature salience, SIM; denotes
the similarity metric proposed in Section 4.1, and S/M; simply computes the cosine
similarity. In general, a sentence which has a high feature score and is highly relevant
to the query but has a lower similarity to sentences in the summary will be ranked in
the topmost position.

Eq. (42)

def
ModifiedMMR = argmax[o - sig(s)+ A - SIM,(s,q)

seR-S
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It should be noted that a similar form of the modified MMR was proposed by Ye,
et al. [24]. However, unlike our work, they view as the sentence representative power
the similarity of a sentence to other sentences in the document collection, which is

computed via their proposed concept links.

45 Summary Generation

In this work, the output summary is generated by extracting salient sentences from
documents. There are two ways to rank sentences. One is that sentences are ranked
according to their scores computed by Eq. (40) (i.e., no anti-redundancy is
considered). The other employed MMR, mentioned in Section 4.4, to avoid

redundancy. This is achieved by re-ranking sentences with the new MMR scores.

Once sentences are sorted by their significances, k sentences with the topmost
scores are included to form the summary. Those selected sentences are presented in
order according to their publication date and time. Furthermore, if the length of the
summary is greater than the required length (e.g., about 250 words), the summary is
truncated to satisfy the constraint. Please note since we only focus on examining the
effectiveness of the proposed hybrid relevance analysis and the impact of shallow
feature salience on sentence scoring, sentence ordering is not an issue discussed in

this work.

5 Evaluation

In this section, we present our experimental results.

5.1 The DUC 2005 Corpus

The DUC 2005 Corpus, consisting of 50 topics, was created by NIST assessors.
Topics were created to explicitly reflect the specific interests of a potential user in a
task context and to capture some general user/task preferences in a simple user profile.
Each topic has approximate 25-50 documents. A user profile for each topic was
specified by the assessors to define the desired granularity of the summary. Then,
other NIST assessors were each given the user profile, the DUC topic, and the
document cluster and were asked to create a summary that meets the needs expressed
in the topic and user profile. These human-created summaries are used for evaluation

as reference summaries.
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5.2 Evaluation Metric

There were two evaluations conducted at DUC 2005. One automatically measured the
consistence between reference summaries and machine-generated summaries using
ROUGE (Recall-Oriented Understudy for Gisting Evaluation) [21]. The other was a
manual evaluation which measured the quality of linguistic well-formedness and the
responsiveness of each submitted summary using a set of quality questions. Since we
did not participate in DUC 2005, we only report results evaluated by ROUGE.

ROUGE is an automatic evaluation tool for automated text summarization. It
measures the number of overlapping units, such as n-gram, word sequences, and word
pairs between computer-generated summary and ideal summaries created by humans.
There are several measurements, including ROUGE-N, ROUGE-L, ROUGE-W, and
ROUGE-S. DUC 2005 ran ROUGE-1.5.5 to compare human and system scores.
Only the recalls of ROUGE-2 and ROUGE-SU4 were reported as the official
ROUGE scores at DUC 2005.

5.3 Experimental Settings

In our experiments, we evaluated models with different settings to answer the

following questions:

Q1: Can the proposed hybrid relevance analysis achieve better
performance when it is employed to estimate the relevance of a sentence to

the query?

Q2: Are surface features beneficial to improve the summarization

performance?

Q3:  Does the modified MMR outperform the original MMR?

Table 19 lists these models. In the table, B1 and B2 are baselines, which only
exploit the similarity metric proposed in [1] and the original MMR [6]. M10 is the
system that integrates all proposed methods in this work. Others are listed here as
references to obtain more clearly the impact of different factors. As for parameters (as

listed in Table 20), they were set manually in these experiments.
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Table 19: Settings of different models

Settings | Relevancg Features | MMR
B1 Sim; N None
B2 sim; N Original
M1 sim; Y None
M2 Sim; Y Modified
M3 Sim; N None
M4 Sim; N Original
M35 sim; Y None
M6 sim; Y Modified
M7 sim3 N None
M8 sims; N Original
M9 sim3 Y None
M10 sims; Y Modified
Table 20 Parameter settings

Equation Parameter Setting

Eq. (32) k=10

Eq. (33) 0=0.5

Eq. (40) Wsig=0.5; W =0.7; wi=0.8;

wp=0.3; w=0.3; wy=0.5; ws=1.0;
wye=0.3
Eq. (42) 6=0.5; A=0.7

5.4 Results
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The recall results are given in Table 21, sorted by the recall values of ROUGE-2 and
ROUGE-SU4 respectively. In this table, the recall values of the best systems at DUC
2005 are listed as well (see System 15 [24] and System 17 [15]).

First, when only sentence similarity with the query is considered (see B1, M3,
and M7), as we expected, M7, which employs the hybrid relevance analysis, obtained
the highest score. As mentioned before, this benefits from noise reduction by
averaging different similarity metrics. M3 outperformed B1, showing that latent
semantic analysis could derive the topic structure of the corpus by grouping words
according to co-occurrences, which leads to higher recalls compared to the vector
space model. Moreover, for all cases using the proposed hybrid relevance analysis,
they outperformed all other models (e.g., M7>M3>B1; M8>M4>B2; M9>M5>M1;




M10>M6>M2). These results suggest that a hybrid relevance analysis which
combines similarities computed from the vector space model and latent semantic

analysis is a successful way to estimate a better sentence relevance to the query.

Second, for those models in which surface features are taken into account but
without MMR (see M1, M5, and M9), it is obvious that a scoring mechanism
enhanced with low-level text features will improve the performance (e.g., M1>B1;
M5>M3; M9>M7). It is noted that according to the results of our experiments, we
found that a slightly smaller wy, obtains better results. This is because for
query-relevant summarization, relevant sentences are much more important than
those sentences with high shallow feature salience which might be interpreted as

theme-relevant sentences.

Finally, considering cases when the modified MMR was applied (see M2, M6,
and M10), they outperformed models which use the original MMR (see B2, M4, and
MS). A sentence, if it has high feature score and is highly relevant to the query but has
lower similarity with sentences in the summary, will be ranked in the topmost
position. This demonstrates that the modified MMR is a suitable module for

query-focused multidocument summarization.

Table 21: recalls of ROUGE-2 and ROUGE-SU4

Models R-2 Models R-SU4
1 | M10 0.075690 System 15 | 0.131633
2 | M6 0.073880 M10 0.129950
3 | M9 0.073780 System 17 | 0.129725
4 | System 15 | 0.072510 M6 0.127110
5 | M2 0.072280 M9 0.126870
6 | System 17 | 0.071741 M5 0.124430
7 | M5 0.071340 M2 0.124330
8 | M8 0.070110 M8 0.124270
9 | M4 0.070000 M4 0.123930
10 | M1 0.069720 M7 0.121750
11 | M7 0.068730 Ml 0.121350
12 | B2 0.067690 B2 0.120200
13 | M3 0.067190 M3 0.119950
14 | Bl 0.064830 B1 0.117550
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To sum up, we got the best results of 0.075690 and 0.129950 for ROUGE-2 and
ROUGE-SU4 respectively (see M10). The results are comparable to System 15 and
System 17, which had the best results at DUC 2005.

6 Conclusion

In this report, we propose a sentence retrieval approach to address query-focused
multidocument summarization. The proposed method measures the relevance of a
sentence to the query using a novel hybrid relevance analysis which linearly
combines relevance measures from the vector space model and latent semantic
analysis. The output summary is generated by including sentences with high sentence
salience which is evaluated in terms of sentence relevance and low-level feature
significances. In addition, a modified redundancy reduction module based on MMR is
proposed for anti-redundancy by combining sentence representative power (i.e.,
surface feature salience) with the original MMR. The proposed method was evaluated
using the DUC 2005 official corpus and found to perform well with competitive

results.

The contributions of this work are three-fold. First, a hybrid relevance analysis is
proposed to estimate sentence relevance to the query. Second, shallow features are
employed for scoring sentence importance and are shown to be useful. Finally, a
modified MMR was proposed and shown to be a suitable component for

query-focused summarization when sentence representative power is considered.

In the future, we intend applying sentence compression techniques in order to
include more useful information in the summary. We also plan to resolve anaphora
references to obtain a summary with better readability. Sentence ordering is another

issue that needs to be investigated to create a more fluent and coherent summary.
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