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ABSTRACT

In this thesis, two rovel approaches are proposed to extract important sentences
from a document to create its summary. The first is a corpus-based approach using
feature analysis. It brings up three new ideas. 1) to enploy ranked position to
emphasize the significance of sentence position, 2) to reshape word unit to achieve
higher accuracy of keyword importance, and 3) to train a score function by the genetic
algorithm for obtaining a suitable combination of feature weights. The second
approach combines the ideas of latent ssmantic analysis and text relationship maps to
interpret conceptual structures of a document. Both approaches are applied to Chinese
text summarization. The two approaches were evaluated by using a data corpus
composed of 100 articles about politics from New Taiwan Weekly, and when the
compression |tio was 30%, average recalls of 52.0% and 45.6% were achieved

respectively.

Keywords. Chinese Text Summarization; Corpus-based Approach; Latent Semantic

Analysis; Text Relationship Map
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(Automated Information Summarization) [Gong01]
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(Query)
(Information Spotter)
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o (Hybrid Summarization)—

[Maniog]

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).

(Analyze the input text) (Select salient

features) (Transform the input
text into a summary representation)

(Synthesis an appropriate output form)
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(Compression Ratio) [Mani99]

1%—30%

[HabnOO] [Kupiec95] [Mani99]

(Natural
Language Processing, NLP) (Connected-text)
(Extract)—

(Fragments)

(Singular Document
Summarization) [Aone99] [Edmundson68] [Hovy99] [Gong0l] [Kim00Q] [Kupiec95]
[Luhn59] [Myaeng99] [Salton97] | 00] (Multiple Documents
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(Informative Summary) [Hovy99] (Evauative Summary)

(Generic Summary)
[Aone99] [Edmundson68] [Gong0l] [Hovy99] [KimO0O] [Kupiec95] [Luhn59]
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(User-oriented Summary)

(Mono-lingual  Summarization)
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(Indicative and generic

single-document extract)

(Latent Semantic Analysis)
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[HabnOQ] (Auxiliary Information)
Knowledge-rich approaches
[Mckeown95] [Barzilay97] [Aone99] [Azzam99] [Hovy99] [Silber00]
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[Luhn59] [Edmundson68] [Kupiec95] [Myaeng95] [Salton97] [Aoned9]
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(Text Relationship Map-based Approaches) (3)

(Discourse-based Approaches)

1950

( )

(Sentence/Paragraph Extraction) [Aone99] [Gong01] [KimO00] [Kupiec95] [Myaeng99]
[Salton97]
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1970 1980
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(Term Dependency)



(Linguistics) (Cognitive Psychology)

1960 1970
1970 1980
212
[Habn0O]
(Meta-Knowledge)

® Knowledge-poor Approaches
[Luhn59] [Edmundson68] [Kupiec95] [Myaeng95] [Salton97] [Aoned9]
[Hovy99] [Lin99] [Kim0OQ] [GongO1]

® Knowledge-rich Approaches

[Mckeown95] [Barzilay97] [Aone99] [Azzam99] [Hovy99] [Silber00]

® Hybrid Approaches [Aone99] [Hovy99]
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(Keyword)

(Knowledge Concepts)

K nowledge-poor

Knowledge-poor
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(Domain Knowledge)
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)
[Mani99]
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(Co-occurrence) (Context)

) (Thesaural Relationship) (Synonym)
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o (Co-reference) (Hyperlink)
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[Aone99]

NameTag
"IBM” International Business
Machines”
[Hovy99] (Summarization)
(Topic ldentification)+ (Concept Fusion)+
(Generation)
(Sentence Planning)
Analysis Features Improvement No. of Performance Compression Rate
(Compared with Training/
[Kupiec95]) Tegting
Documents
[Kupiec9s] | M Sentence Length B A statistical model 1871 Recall: 42% The same number of
W Cue Phrases based on Bayes' Rule sentences asin the
B Paragraph corresponding
W Thematic Words manual summary.
B Uppercase Words
B Proper Nouns
[Myaeng99] | ® Cue Words B Thematic Structure 30/30 11-point 5 sentences
W Negative Words Decomposition average regardless of thesize
B Position B Dempster-Shafer' s precision: 44% | of source document.
B ThemeWords Combination Rule
W Centrality B Use“text component”
B Resemblanceto asfilter
Title
[Aonedq] B ThematicWords | B To reshapetheword 100/100 Recall: 56%
B Sentence Length unit Precision:
B Position B Toacquiredomain 51.4%
W Paragraph knowledge
B To approximate text
structure
[Hovy99] B Propose anew idea
Summarization =
Topic Identification +
Interpretation +
Generation
B A method combines
robust NLP and
symbolic knowledge
by concept fusion
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Anaphora Link

Anaphora Link
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Anaphora Link 2@
DO
Anaphora Link
1.
2.
(Term-Level) (Concept-Level)
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(Text Relationship Map)

(Text Relationship Map) (Automatic Text Link)
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(Similarity)
(Semantic Related Link)

Links below 0.01 ignored

8907

17016

22387—Thermonuclear Fusion
19199—Radioactive Fallout

17016—Nuclear Weapons
17012—Nuclear Energy
11830—Hydrogen Bomb 009 22387
8907—Fission, Nuclear 19199 ’
6 Text Relationship Map [Salton97]
6 17012 17016 0.57
0.01 8907 22387

Text Relationship Map

[Salton97]  Text Relationship Map

(Peragraph)
Paragraph Relationship Map
Paragraph Relationship Map
Text Relationship Map Text Relationship

Map

1. Global Bushy Path
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Text Relationship Map Bushiness

Global Bushy Path

Global Bushy Path Global Bushy Path

K (Top K)

(Readability)

2. Depth-first Path

Depth-first Path Globa Bushy Path

Global Bushy Path

(Coherence)

3. Segmented Bushy Path



Introduction

Main Them Conclusion

Segmented Bush Path

Segmented Bushy Path

(Text Segmentation)

Text Segmentation Paragraph Relationship Map

7 Map

Map Used for Segmentaiion
Link berween nodes > 5 apart ignored
Best 54 links ot density 1.50, seg_csim 0.16

) Text Segment

yrdrgtoet

i3
17016--Nuclear Weapons Compare vici 5 scsim 0.40 segsim 0.20 17016

7 Paragraph Relationship Map Text Segmentation [Salton97]
Segmentation Global Bushy Path
Segmentation Segmentation

Global Bushy Path

Depth-first Path
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(Comprehension)

Segmented Bushy Path

Importance of initial paragraph Coher ence/compr ehensiveness
Global bushy path Usually starts with important early | Not coherent because adjacent
paragraph paragraphs may be unrelated
Segmented bushy path | May lose important first paragraph | Not coherent but more
because of need to include material | comprehensive than global central
from other segments path
Depth-first path Starts  with  important  first | Not comprehensive but more
paragraph coherent than central paths, may be
specialized to important subtopic
2 Global Bushy Path, Depth-first Path ~ Segmented Bushy Path [Salton97]
[Salton97] Text Relationship Map
[KimOoO] (
Aggregate Similarity
8 Aggregate Similarity [KimOO0]
8  Aqggregate Similarity
6

sim(i, j): én S,k* S,k
k=1

6 S.§
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7 S Aggregate Similarity [Kim0Q]

Aggregate Similarity
Aggregate Similarity
Aggregate Similarity
Global Bushy Path

(Discourse Moddl)

(Conceptual Space)

[Barzilay97]

S.n)

(Lexical Chains)

Lexical Chains

Lexical Chain

Lexical Chains

WordNet [24]
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Chains WordNet

Mr.

Lexical Chain
10 9 Lexica Chain
person Lexical Chain Lexical Chain
Machine Micro-computer Device Pump
Lexical Chain Lexical Chain
Lexical Chain

Mr. Kenny is the person that invented an anesthetic machine which uses
micro-computers to control the rate at which an anesthetic is pumped into the
blood. Such machines are nothing new. But his device uses two
micro-computers to achieve much closer monitoring of the pump feeding the
anesthetic into the patient.

{PC, micro-computer, ...}
{machines}

Machine ) ( Micro-Computer

@ {Mr. Mister} Device ){device}
{ persony, individual, someone, ... } Pump ) { pumps}
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[Halliday76]

24

@



(Co-reference)  (2) (Substitution and Ellipsis) (3)
(Conjunction) 4 (Lexical Cohesion)
[Azzam99]
3 [Barzilay97] [Azzam99] 4 Lexica
Co-reference Chain
Representation Performance Comments
M odel
[Barzilay97] | Lexical Chain Recall: 64% The results indicate the strong potential of
Precision: 47% | lexical chains as a knowledge source for
sentence extraction.
[Azzam99] Co-reference Recall: 30% The novelty is to combine the idea of a
Chain Precision: 65% | document extract based on co-reference
chains with the idea of chains of related
expressions serving to indicate sentences
for inclusion in a generic summary.
3 Characteristics of Discourse Model Approach
L exical Chains Co-reference Chain
Differences | B Easy to compute B Require more complex techniques

B Not rely on full text processing

B Not always convey real “aboutness’
of atext because of being indicated
by an external resource

B Need to understand the meaning of
texts

B Hard to recognize relationships among
objects correctly

4 Lexica Chain
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8
Scorerostio(s) = P(sT S| Position)’ Averagewegrcl)t of Pasitioni
where s comes from Position
8 s
2. (Positive Keyword)
(Information Retrieval)
(Dictionary) —
(Word Co-occurrence)
[Kowal ski97]
A B, C C A B ( C )
freda A fregp B
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freqe C A B

9
WC(A B) S L
frega* fregp
9 AB [Kowalski97]
WC (A, B) C
C A B
s Keyword;,

Keywordy, ...,Keyword,

10
Scorerostivekaword(s) = g axP(sl S | Keywordk)
k=1,2,..,n
where ccistheno. of Keywordkin s.
10 s
3. (Negative Keyword)
Keywor d;
Keywor d; S 11

Keyword |si S)P(si S)
P(Keyword)

P(si S|Keyword)= al

11 Keyword; S
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S Keyword;,

Keywords, ...,Keyword,
12

Scor enegativekemord (S) = & 0 XP(si S| Keywordk)

k=1,2,..,n
where ccistheno. of Keywordkin s.

12 s

4, (Resemblanceto the Title)

13

Soren ofs)= |keywordsin s keywordsin thetitle]
e |keyW0rds insUUkeywordsin thetitle|

13 s

5. (Centrality)

(Centroid)
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keywords in s keywords in other sentences
Scor ecentraiinS) = [keyw _ keyw . |
|keywords in sU keywords in other sentences|
14 s
(Training Corpus)
(Position) W1 (Positive Keyword)
W2 (Negative Keyword) W3
(Resemblanceto the Title) A (Centrality) Ws

15  Score Function

15

Scor aDveraII(S) = Wi xScor EPositior(S) + We x SCOr Erositivekgword (S) - W3 x SCOr ENegativekeword (S)
+ W2 x SCOI EResemblaneto the TitIe(S) + Ws X&OreCentrality(S)

15 Score Function

W1, Wo, W3, Wa, Ws (Genetic Algorithm)

Score Function



Score Function W1, Wo, W3, Wa, Ws

(genome) 1000 (Element) (Generation)
_ (Recall)
10
10
1. 11 El, E2
E1 (M11,M12) B2 (M2,3, M24, M2p) E3
E2 (M21,M22) E1 (M3, M14, My5) E4
9.3 "
1-4,2-3,32,41
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Random
12 (M11,M12,M13,M14,M15)
(Test Corpus)
15
(Score)
(Ranking) Top N
13
Corpus-based
1
1.1 8 10 12 13 14
1.2 15
2
(Sentence Importance List)
3 (Compression Rate) N
4 N

13 Corpus-based
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(Latent Semantic Analysis, LSA)

(Latent Semantic Indexing, LSl) LSA
LSA
LSA
LSA LSA
(Latent Semantic Analysis)
411 LSA
[Landauer9g] LSA (Knowledge Representation)
LSA
LSA (Neural Net)
LSA
(Singular Vdue Decomposition SVD) (Dimension
Reduction)
LSA
LSA 14 SVvD



14 LA

(Corpus) Context 2
Word-by-Context M Context
M SvD
Lsu’ M=LSUT S (Semantic Space) L
u’ Context LSA
M M=LSUT

Word-Word Word-Context  Context-Context

2. LSA
Word- by-Sentence
3. M SvD M S

S Context

2 Context Sentence, Paragraph, Chapter, = Document
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5. LSA LSA
(Co-occurrence) Context
6. LSA
412 LSA
LSA [Landauer9g]
9 Context cl c2 c3 c4 ¢S m m2 m3 m cl
¢S5  HumanComputer Interface mlL m4

Mathematical Graph Theory

Exampl of text data: Titles of Some Technical Memos

[Human-Computer Interface]
cl: Human machine interface for ABC computer applications
c2: A survey of user opinion of computer system response time
c3: The EPSuser interface management system
c4. System and human system engineering testing of EPS
c5: Relation of user perceived response time to error measurement

[Mathematical Graph Theory]
m1: The generation of random, binary, ordered trees
m2: The intersection graph of pathsin trees
m3: Graph minors IV: Widths of treesand well-quasi-ordering
md4: Graph minors: A survey




(Row)
(Column)

Context

{PY' {X}

s U’

{xX}

Column(

XI=WHSHPY (W), {S}, {P'}

Column

0

é

é

& human
interface

D
3.
>
o
=
(%]

Context

{X}

)

cl c2 c3

O OO OO0 O OO OoOkFr k-

Context

{X}

SvD

M

Wy {8 {PY'

(Dimension)

Column

o

O OO FRP O R R RFP PP O

o

O OO Ok OO Fr Bk O Pk

Word-by-Title

2

0)

W, {s {P}

X} {X}

W {S

W {8 {P}

Column

c4 ¢c5 ml m2 m3 méu

0

O OO OFr OON OO O
O 0O o oo kr O P oo

37

0

O O FrPr OO OO O O o o

0

O kPP OO O OO O OoO o

0

P PP OO O OO OO O

u
04
ou
u
0y
ou
u
0y
0 3={W}{S}{P}T
0

= kO (O
OO CNCh



@02 -011 029 -041 -011 -034 052 -006 - 041y
€20 -007 014 -055 028 050 -007 -00L - 011!
€024 004 -016 -059 -011 -025 -030 006 04940
€040 006 -034 010 033 038 000 000 00l
€64 -017 036 033 -016 -021 -017 003 027U
27 011 -043 007 008 -017 028 -002 - 005§
- 20.27 011 -043 007 008 -017 028 -002 - 0.058
030 -014 033 019 011 027 003 -002 - 017§
20.21 027 -018 -003 -054 008 -047 -004 - 058
@0l 049 023 003 059 -039 -029 025 -0230
004 062 02 000 -007 011 016 -068 023

(S)
003 045 014 -00L -030 028 034 068 018§

fw}

B
N

o1

=

o

D> D> D> D> D> D> D> D> (D> D> (DD a)
=
o O O o o g o O O
=
o O O © 8 o O O ©
O O O w O O o o o
o

O g1 © ©O O O O O o
w O O O O o o o o
(e})

co.oooooaoooaa oo oo

o

6020 061 046 054 028 000 001 002 0084
€006 017 -013 -023 011 019 044 062 053
€011 -050 021 057 -051 010 019 025 0084
§095 -003 004 027 015 002 002 00l - 003
{P} :g 005 -021 038 -021 033 039 035 015 - 0.608
& 008 -026 072 -037 003 -030 -021 000 036
018 -043 -024 026 067 -034 -015 025 004 3
& 001 005 001 -002 -006 045 -076 045 - 0.07(
€006 024 002 -008 -026 -062 002 052 - 0.45H



@ D> D> D~

@D

D @ D D D D D D DD D> D> (D>

h
énterface 014
omputer 0.15

@
Q
3

cl
016

g
=
5

0.26
045

:

esponse 016

time 016
022

m
3

survey 010
trees

graph

& minor

Graph Theory

X} {X}
m4

survey

- 0.06
- 0.06
inors - 004

c2 c3 c4 c5
040 038 047 018
037 033 040 016
051 036 041 024
084 061 070 039
123 105 127 056
058 038 042 028
158 038 042 028
055 051 063 024
053 023 021 027
023 -014 -027 014
034 -015 -030 020
025 -010 -021 015

m4  survey trees
graph  minors
trees

X} 066

xy 1

Mathematical Graph Theory

survey

{x}

Context

(Row-V ector)—

(Inner-Product)

(Column-Vector)—

Context

Context

ml

m2

m3

m4 (

-005 -012 - 0.16 - 00d)]
-003 - 007 -010 - 0.04]
002 006 009 012
003 008 012 019U
-007 - 015 - 021 - 0.05]
006 013 019 o02U=fwisfp}
006 013 019 022
-007 - 014 - 020 - 011

0.14
024
031
0.22

{X}

X}

031
055
069
050

044
077
0.98
071

04210
066,

085U
u
062

frees

trees  Graph Theory

0

0.42

Context

survey

trees



(LSA) (Text
Relationship Map)
@ (2 LSA (3) Text

Relationship Map 4 15

FiEEE Text Relationship Mapisig EEGEL

LoARERIRTGRIR

15 LA
CKIP [23]
CKIP
CKIP
LSA
Word- by-Sentence ( Sentence Context)
(SVvD) (Dimension Reduction)
(Semantic Matrix) LSA



— (Row-Vector)

— (Column-Vector)

Text Relationship Map LSA

Global Bushy Path [Salton97]

Global Bushy Path

(LSA)

Relationship) LSA

Word- by-Sentence

N M
W S
S1 S2 - Sw
Wi | Ku Koo --- Kiw
Wal Kan Kn --- Kawe
Wi | Kaen Kz --- Kuw

16 Word-by-Sentence
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(Text
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LSA

[ 98]

(DK) (N (Na (Na) (D) (D) (VA) (VO
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Word- by-Sentence
4.3.2
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Cij W S {; W D
17
Cij
fij=—
: ti
7 W S f; [Bellegardags)
D W (Entropy)
Ta fl] * |Og(flj)
18 W D [Bellegardags]
18 fi 1 E;i 0 fij
1 Ei 1 W D
Ei 0
W D
D
Ei W 3§ Gi
G=1-E
19 W § G [Bellegardad6]
W S L 20

18

UN

19



Cij0O

Lij =log,¢cl+—=
e Ng
20 W S L; [Bellegardage]
N S
Word- by-Sentence A A
(SVD) A=USV" S (Dimension Reduction)
A=U'SVT Word-by-Sentence
(Row-Vector)
(Column-Vector)
4.3.3
LSA LSA
LSA — (Column
Vector) (Text Relationship Map) LSA
LSA
Cosine
15
n C(n,2)
1.5%n

Globa Bushy Path [Salton97]



TopK

17
LSA

1

11

1.2
2 LSA

2.1 Word-by-Sentence

2.2 (SvD)

2.3 (Dimension Reduction)

2.4
3 2

sm(s,s) 1.5n Text Relationship Map
4 Text Relationship Map Global Bushy Path
5 Global Bushy Path Top K

17 LSA




(New Taiwan Weekly) [31]

100 100 5 Setl Set

2 Set3 Se4  Setb

274

8.7
31.8% 5
Setl Set2 Set3 Set4 Setb
20 20 20 20 20
27.5 24.8 26.7 315 26.4
8.8 8.0 8.5 9.8 8.4
32% 32% 32% 31% 32%
5
[Mani9g9]

(Intrinsic-Level Evaluation)

(Extrinsic-Level Evaluation)




(Document Classification System)

(Recall)

21

(Extract)
(Precision)
D
B
22
Precision = [AC B|
B
21
Recall = [ACB]
| Al
22

30%

Al 1B
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5.3.1 K. Cross-Vaidation

(Training) (Test)

Holdout K. Cross-Validation

K. Cross-Vdidation

K. Cross-Validation [Han01]

K. Cross-Validation

K
K-1
4 1
Set 5
Setl Set2 Set3  Set4 Score Function
532
6 10 Original
Modified (Position)
(Positive Keyword) (Resemblance to the Title)
(Centrality) (Negative Keyword)



(Position) 6 Modified  Origina
Original Modified
Set 1 0.4415 0.4788
Set 2 0.4639 0.4924
Set 3 0.4648 0.4844
Set 4 0.4796 0.4955
Set 5 0.4286 0.4632
Average 0.4557 0.4829
6
(Positive Keyword)
(Negative Keyword)
Original Modified
Set 1 0.4647 0.4839
Set 2 0.3648 0.3865
Set 3 0.4381 0.4190
Set 4 0.4912 0.5030
Set5 0.5399 0.5410
Average 0.4597 0.4667

49



Original M odified
Set 1 0.1982 0.1936
Set 2 0.2972 0.2771
Set 3 0.2301 0.2000
Set 4 0.1746 0.1826
Set 5 0.1739 0.1800
Average 0.2148 0.2067

(Resemblance to the Title)

(Centrality)
9 10
(Word Co-occurrence)
1600
1
Original Modified

Set 1 0.4274 0.4370
Set 2 0.4217 0.4487
Set 3 0.3644 0.3716
Set 4 0.4557 0.4628
Set5 0.3817 0.3895
Average 0.4102 0.4219




Original M odified
Set 1 0.4511 0.4798
Set 2 0.3944 0.3980
Set 3 0.4723 0.5217
Set 4 04777 0.4967
Set 5 0.5024 0.5229
Average 0.4596 0.4838
10
1 n
2 12
3 13
4 14
5 15
6 16
7 17
8 18
9 19
10 20
1
533
12

Original  Modified

Score Function

Original

0.6%

51

wl w2 w3 w4

Original

Set 1

w5

Modified

Set 4



Original Modified I mprovement
Set 1 0.2746 0.2684 -2.3%
Set 2 0.3700 0.3772 1.9%
Set 3 0.2769 0.2841 2.6%
Set 4 0.2633 0.2574 -2.2%
Set 5 0.2419 0.2478 2.4%
Average 0.2853 0.2870 0.6%
12 Origina  Modified ( )
(Position)
(Positive Keyword) (Resemblance to the Title)
(Centrality)
13 Original Modified (Negative
Keyword) Original Modified

Original  5.5% —

Original M odified I mprovement
Set 1 0.4647 0.4906 5.6%
Set 2 0.3799 0.4028 6.0%
Set 3 0.4191 0.4491 4.7%
Set 4 0.5142 0.5348 4.0%
Set 5 0.5149 0.5410 5.1%
Average 0.4586 0.4837 5.5%
13 Origina  Modified ( )

14

52



1( Set 2~Set 5 ) Recall

Position | Positive Keyword | Resemblanceto Title | Centrality | Recall
T1| 0.926 0.013 0.359 0.002 0.7841
T2 | 0.867 0.013 0.689 0.011 0.7875
T3 | 0.996 0.013 0.401 0.025 0.7674
T4 | 0.981 0.021 0.527 0.004 0.7782
T5| 0.875 0.012 0.581 0.022 0.7746

14 ( )

15 Score Function (Modified+GA)

Score Function (Modified) Modified+GA
Modified Modified+GA Modified 7.4%

Score Function
(Training Corpus)
(Test Corpus)

Score Function

M odified M odifiecdhGA I mprovement
Set 1 0.4906 0.5556 13.2%
Set 2 0.4028 0.4790 18.9%
Set 3 0.4491 0.4604 2.5%
Set 4 0.5348 0.5376 0.5%
Set 5 0.5410 0.5655 4.5%
Average 0.4837 0.5196 7.4%
15 Modified Modified+GA ( )




54.1

LSA

(Corpus-based Approach)

(Dimension Redvction)

0.65*n

(Text Reationship Map)

65%

Keyword-based T.R.M.) [Salton97]

LSA

S Rak n S
64%

(Keyword)

LSA

(LSA-based Text Relationship Map

Rank

(Keyword-based Text Relationship Map

LSA-based T.RM.)

16 LSA-based T.R.M. Keyword-based T.R.M.
12.9% Setl
34.8% 17
LSA-based T.RM. Keyword-based T.RM.
Dimension Reduction | Recall Recall I mprovement
Setl 0.65 0.4616 0.3425 34.8%
Set 2 0.45 0.4005 0.3817 4.5%
Set 3 0.8 0.4567 0.4469 2.2%
Set 4 0.65 0.4657 0.4276 9.6%
Set 5 0.65 0.4943 0.4201 17.7%
Average 0.64 0.4558 0.4038 12.9%
16 LSA  Keyword Global Bushy Path [Saltoon97]




Dimension Reduction Set 1 Set 2 Set 3 Set 4 Set 5
0.05 0.4519 0.3985 0.3614 0.3044 0.3272
0.10 0.3229 0.2959 0.3690 0.2897 0.3526
0.15 0.3002 0.3581 0.3183 0.3716 0.3609
0.20 0.3144 0.3211 0.3600 0.3811 0.3810
0.25 0.3235 0.3251 0.3294 0.3761 0.3824
0.30 0.3343 0.3178 0.3663 0.4097 0.4043
0.35 0.3164 0.3842 0.3861 0.4165 0.4381
0.40 0.3911 0.3841 0.4122 0.4024 0.4441
0.45 0.4102 0.4005 0.4265 0.3773 0.4648
0.50 0.4029 0.3798 0.3985 0.4173 0.4860
0.55 0.4374 0.3557 0.3889 0.4374 0.4784
0.60 0.4236 0.3443 0.4312 0.4305 0.4737
0.65 0.4616 0.3359 0.4256 0.4657 0.4943
0.70 0.4319 0.3591 0.4512 0.4342 0.4500
0.75 0.4121 0.3541 0.4545 0.3789 0.4792
0.80 0.4273 0.3742 0.4545 0.3789 0.4792
0.85 0.4217 0.3635 0.4515 0.4073 0.4467
0.90 0.3781 0.3087 0.4313 0.3922 0.3803
0.95 0.3614 0.3705 0.4441 0.3849 0.3859

Average 0.3854 0.3543 0.4033 0.3935 0.4253
17
542
LSA-based T.R.M.
Keyword-based T.R.M.
P1S1

Keyword-based T.R.M.

LSA-based T.R.M.




123<p1S1>
2Bep152>
1,23<P281>
<P252>
<P3S1> 13<p3s2>
<P4S1>
l<p5S1>
123p550>
<P681>
2ppS2>
<P6S3>
12<p731>
<P7S2>
<P8S1>
<p8S2> 00O
1<pos1> <P9s2>
LSA-based T.R.M. 0.67 Keyword-based
T.RM. 0.50 LSA-based T.R.M.
P3S2 Keyword-based T.R.M. P6S2 P3S2 P6S2
LSA-based T.RM. Keyword-based T.R.M.
LSA-based T.R.M.
Keyword-based T RM. LSA-based T.R.M.
18 (Column) S
S S (
Bushiness [ Salton97])



LSA-based TRM. Keyword-based T.RM.
P1S1| P2SL, P5S2, P6S2, P7SL | 4 | P1S1, P2SL, P4SL, P5SL | 6
P6S2, P7SL
P1S2| P2SL, P3S2, P7SL, P7S2 | 4 | P1Sl,P2SL,P2S2,P7SL, | 5
P7S2
P2S1 | P1SL, P1S2, P2S2, 7 | P1SL P1S2, P2S2,P5S2,| 5
P3S2, P4SL, P5S2, P6SL P6S1
P2s2 | P2st 1 | P1s2, P2SL, PeSL 3
P3S1 | P3s2 1 |P3s2 1
P3S2 | P1SL, P2SL, P31, P3S1, P4SL, P5S2 3
P4S1, P5SL, P5S2, PIS2
P4S1 | P2SL, P3S2, P5S2,P6S3 | 4 | P3S2, P6S3 2
PSS1 | P3s2, P5S2, P7S1 3 | P1sy, Pss2, Prst 3
PSS2 | P1SL, P2SL, P3S2, 5 | P1S1, P2SL, P3s2,P5SL | 4
P4S1, P5S1
P6SL | P2S1, P8S2 2 | P2sL, P2s2, P8S2 3
P6S2 | P1S1 1 | P1SL P6S3,P7SL P7S2 | 4
P6S3 | P4SL, P7SL 2 | P4sL, Pes2 2
P7S1 | P1SL, P1S2, PSSL, 6 | P1SL P1S2, P5SL,P6S2,| 6
P6S3, P8S2, POS2 P8S2, POS2
P7S2 | P1S2 1 | P1s2, P6S2 2
P8S1 | P9SL 1 | Post 1
P8S2 | P6SL, P7SL 2 | PesL, Prsl 2
POS1 | P8sL 1 | Pest 1
P9S2 | P3s2, P7S1 2 | Prst 1
18 LSA-based T.R.M. Keyword-based T.R.M.
P3s2  P4SL Keyword-based T.RM.
0.0831  LSA-based TRM. 0.8604  Keyword-based
TRM.
L SA-based

T.RM.



LSA-based T.R.M.

LSA
19
LSA-based T.R.M. Original Corpus-based LSA
LSA-based T.R.M.
(Corpus-based Approach)
(Domain)
Set 1 Set 2 Set 3 Set 4 Set5 | Average
Original Corpus-based 0.4647 | 0.3799 | 0.4191 | 0.5142 | 0.5149 | 0.4586
Our Modified Corpus-based 0.4906 | 0.4028 | 0.4491 | 0.5348 | 0.5410 | 0.4837
Our Modified Corpus-based+GA | 0.5556 | 0.4790 | 0.4604 | 0.5376 | 0.5655 | 0.5196
K eywor d-based T.R.M. 0.3425 | 0.3817 | 0.4469 | 0.4276 | 0.4201 | 0.4038
Our LSA-based T.R.M. 0.4616 | 0.4005 | 0.4567 | 0.4657 | 0.4943 | 0.4558

19




(Indicative) (Generic) (Single-Document)

(Extract)
(Corpus-based Text Summarization)
(Latent Semantic Analysis)
(Text Relationship Map)
1.
2.
(Word Co-occurrence)
3. Score Function
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(LSA)

LSA

LSA LSA

LSA

LSA
LSA

LSA

LSA
LSA Context
LSA (



Word-by-Document) LSA

LSA
(User Feedback)
LSA
(Document Classification) (Topic
Detection & Tracking) (Semantic Search Engine)

(Knowledge Management)
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19 LSA-based T.R.M. Approach
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Original Corpus-based Approach 3 Our Modified Corpus-based Approach

4 Keyword-based TRM. ° Our L SA-based T.RM.
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