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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 complete 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 three approaches to
measure the significance of a paragraph. They are 1) Global Bushy Path, 2) Aggregate
Similarity, and 3) Spreading Activation. Besides, we propose a novel paragraph
re-ranking approach on the basic foundation of Maximal Marginal Relevance to
extract salient paragraphs. Furthermore, a content ordering method is proposed as
well to take into account topic relations.

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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Sima(Pij, Pam, C, 8, D) = wg + (Pij- Poam) +uwp clusters_selected(C;;, S} 4+ w, + documents_selected(D;, 5)

coverage(Fi;, C) = E wi * |k|
kEC;;

Cm‘litﬂf{P,'_fl; E Wrype{w)
WEFF,

f!‘m&éc‘mp{ﬂmafﬁmc} i flmﬁiﬂmP{D{)
timestamp(Dpnartime ) — timestomp(Dmintime )

time_sequence(D;, D) =

clusters.selected(Ci;, S) = [Ci; N U Cowl

v,wiP, €5

o+ 1P €9

documents_selected(D;, 5) =

where .

Simy is the similarity metric for relevance ranking

St is the anti-redundancy metric

D is a documemnt collection

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

@ is a query or user profile 3

R=IR(D, P,Q,#), ie., the ranked list of passages from documents retrieved by an IR system, given 12, P, Q) and a
relevance threshold 8, below which it will not retrieve passages {# can be degree of match or number of passages)
5 is the subset of passages in K already selected

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

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

Cyw is the subset of clusters of C' that contains passage Fyy

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

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

|Cyvw 11 Cyj| is the number of clusters in the intersection of CyyandCij

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

W is a word in the passage FPrj

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

| ;| is the length of document 4.

2.2.4. Graph Matching

B 26 % & WA KA bl

Mani et al. [33]#-< ¢ % 51 = B]3)(Graph) > H ¢ » =& B & 2% & - B 4R
(Term) > & BLE? & BERF * 7 fo coBf ifidgdc k> ¢ 3 1) 73 M %(PHRASE) ; 2)
25 % M 4(AD)); 3) F & M 2(SAME); 4) B B RE % (COREF) - < i B4 »
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4@ 2-6 1T o

PR RS E B E- € (Weight) > € B4~ 4 5 3% M 423 0 TF-IDF [3]
B o ¥ > fI* Spreading Activation [9]/f &2 > BE ST ipd g i€ ¥
L@ E @ B N Query Ap M ch&E 8L JF 0 RS S v 2 BAECE|
Ap 2 & (Commonality) 2 £ £ |4 (Difference) - # i #% ! FSD (Find Similarities and
Differences)if & /% » 45 1A B¢ dpives L B en& Bl o BB TR E 0 HH

Bho a3 - FL AW E T - FRLE G LR e gko

1) Common = {c | concept_match(c, G1) & concept _match(c, G2)}
2) Difterences = (G1 U G2) — Common
concept match(c, G) is true iff c1 € G such that c1 is a topic term or ¢ and c1 are

synonyms.

B {4 > %5 4 7 Common % Difference ¥ thhfég » 5 FZ amd £ 4> ¥
PENELFOFAFERLE cF O E R E N do? st 240

1 c(Ss
score(s)=—— e weight(wi), where c(s)={w|we Common N s}

e(s)] =

AR 24O E R R )]
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ApErhiaFy 2 2L AT S 3 2 — LSA-based T.R.M. Approach
[52],_;,5_1‘@ SIBPES L BPET SRR AR ,i%_g mp;g e P d 1g}sf{ B ML
ZEHG e A& 0 F A BB A L 4 19 (Latent Semantic Analysis) [28]¢2 3 4%
[ e %] (Text Relationship Map) [48] » & {5 3P 24 P 974k 1 e 5 < i 45 & Fpieie
3| — LSA-based MD-T.R.M. Approach -

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

Het i R 4 7 (Latent Semantic Analysis) [28] 5% 7 #c & %zt 5 A # enividific
Al HiF 73 g & e B (Neural Net)4p 12 o % e e g 854 SR g € g
1f(Propagation)£? v 4% (Feedback) iz it & & & ¥ [ BEAFZ L A~ 7RI H £ B4 (3
(Singular Value Decomposition, SVD)#£ ‘& & £ it (Dimension Reduction) % %< 1%
BB S N H RIZAcR] 3-1 47T o BAE A AR A R AT S
B o5 EiE SVD #2240 RE 72 e i) o 3 % 3 P R 5 (Semantic
Space) » £ fI* AR L FB2 BN F R E Y £ L DR o f%fﬁiﬁﬁi“f?
VURRE T AR LRI A R AR R A g e i TIRGE R R R

;35 FRAAITRY YR ¢ FTERER R AFEH - FEE 04
X et ;g__g NIt rﬁﬁ%,;g%mi JL iR 2 > RIBRETERE LD G Ty o

LSA
Surf SVD b
urface ; ; eeper
> | Dimension >
Information Reduction Abstraction

Bl 3-1:LSA 1 *RiL

Bz - o F L # % & B (Corpus) ¥ aw,s * i Context’ 2 Hf %
Word-by-Context ' (4) o &L ¢ = B~ % (q;) ° T % B4 (W) % Context
(Che g g & NBAF F o ke F B EH L f_ﬁ_a\ﬁ’zﬂ:ﬁ;—A 4»\ A A BAEELAH
T A=USV" o H ¢ 5§ 4 3F 4 = B (Semantic Space) > U % % B 423+ )L 25 3, %

* Context ¥ 4L % H % % 5 % #(Sentence) » £ j% (Paragraph) » # ¢ % (Document)iif & % % £ o
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e ehd g2 VTR 4 Context >t L 3E 3, 2 ¥ ehdk 7 2 S S N
iﬁtrgﬁ\w&l}?ﬂmg‘_)ﬁ,v‘é‘ wae 4=USyT VL E- o ED
Word-Word ~ Word-Context & Context-Context =1/ 55 35 & o & {8 — 3 08 A
gg,g/,,\ﬁf_ 4B R 4 ek MR P i - B BB ¢

R B te aE et > 0 E/Wm%%]?» H:RAGE R #iE { €7
xg—_a il @ B o

F_

ke

\\\ f

Pl

2 RERE T2+ B (Text Relationship Map)

3 48R 3 Bl(Text Relationship Map) [48]#-% 2 & ¥ < 2 R B R 4 7 =
Bl Tade ] o T80 M= B 2 E 4o £ & 7% (Vecton) &1 > 3483 & 2
i eh3p o2 & (Similarity) » & AR LB A3 TRA B AT A B B il BH G
(Semantic Related Link) o i& ¢ J Q|7 120 97 v & /B anff G B Bk
oo Bl 3-2 ¢ HEL 17012 2 17016 ¢ F > = '*z A AR K 0.57 0 < 3N gR B
001 » #7123 Al 0 2 5 A 8907 ¥7 22387 rmfp R R MY ERA B 0 F]pL At A
B GrBY T 3l - B EFRETFE TRV PLFE G M
B o

Links below 0.01 ignored

8907

17016

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

B 321 L AL (5 Bl 5I[48]

[48]4#-2 Xghd (ot Bleri 4 o »0 H ~ B R 3 o & B % (Paragraph)
SHEPEASREapinE > AN GF R o F R BE L G ol S
A5 RIRLZSBATHENEFE R #Y LD MA 4 F - [48]ind5d
SEP DI ERATHEERERR > T RINT B F AL H Y EEL

1.  Global Bushy Path

4 R EBSEL Y P R 'B‘-Fpr ;B B RE L P AT A RPN E XN TRE B o
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B A& T~ & B0 Bushiness 7 % & B2 H @ S8 B¥P T
A% 5 BE P B e B & T 3% aﬂﬂ&»”wﬂ@mﬁ T W R it thena JEAR
s F]P 0 FZEEF ARG e AR E % - Global Bushy Path #-£L % i
BRRADNIR 2 & E'ﬂ“'ﬁﬁf«” 2 Hip g Flcd <o o] ] o dR 0 PeE

tav K B E iz (Top-K) » T 53%% Beanfg & o

Depth-first Path

Depth—ﬁrstPath EPREAREE - TR E - BPERAEL AR IGES
PGB FF AER R4 BP R BB RIT Y B SR
BRend g (FT - BEL- R, RPEFRNER A T R F RTINS
CFi

Segmented Bushy Path

Segmented Bushy Path 4 % & 3% » # L4 2 2R > 254
*7 % (Text Segmentation) - 4% ¥ 4* ¥+ % # Segmentation & % §|* Global Bushy
Path REFBE & chfLjE o 2 7 %9 “7F Segmentation i % » &
M- BEERN RS R

Segmentation I > & PtiE

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

W-by-P
Matrix Construction

Feature

i

Singular Value

Semantic Similarity

Selection Decomposition Computation
Topically Related
Documents
Feature Dimension Semantic Related
Extraction Reduction Paragraph Link
Preprocessing :l:: Text Relationship Map
Semantic Matrix Construction
Reconstruction
Semantic Modeling
Model 1:
Global Bushy Path
MMR-based Traversing
Paragraph Selection
Model 2:
Summary Average Similarity
Computation
-
Paragraph Ordering Y —
Model 3:
Spread Activation
Postprocessing |

Significance Measurement
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AE AP RS A E 2 B R R e 2 — LSA-based TRM.
Approach [52] % A#H > v B At 2 B E S TR IEKFLR PR
ZFEEA o ifﬁﬁf‘_ﬁr’% 33 g0, X E 5T BHE S A B LR A
(Preprocessing) ~ 3 & #-7)& = (Semantic Modehng) JRE M b B f?(Text
Relationship Map Constructlon) Bjr &£ & 14375 (Significance Measurement) % &

fid2 (Post-processing) o 1T A LI L BlCE 2 F o
3.3.1. = EJZ(Preprocessing)

WRJL e 7oA B BR e A W 5 4 fGE P~(Feature Selection) 2 ficf P~(Feature
Extraction) °

B B i

# fF“ ™4 B % (Paragraph) & 8 0 ¥ g #7F 0¥ F 32(Unigram)~ = F ?"”(Bigram)
% = F 3@(Trigram) - ¥ - F 3% = 33 > | * Mutual Information [35]3* & H &
%ﬁ’um$n£A%ﬁL%&’zﬁ P st 3410

P(x,y)
P(x)p(y)
4258 3-1 1 x ¥ y % & & Mutual Information [35]

Mi(x,y) =

ﬁﬂ’xﬁyéwﬁ\»@E4ﬂﬂP@;xmmﬁéﬁgm@ﬁ,mwé 2
B2 2Bl Puy)Rl S x 2y 2 I Ece S0 [ - g ﬂ
3R R M SHHE B Gt B 2 IDF (Inverse Document Frequency) [3] 0

P Ao A28 322 AT

N
IDF(wj)zlog—
S 258 321w 2 IDF 35 &5

He ow i- Pl N2 2 EQ B onfioon 5w NI Bl -
% IDF & < *t gk et B 0 R & s il 3 Ao

[ I Y& P

RN 1ar TR 5 1&#‘ vt R AT T4 i * St H 2 g & 2 LSA-based T.R.M.
Approach [52] > Fi# ,ﬁl_t% A& 17 (LSA) [28]% A 47 4p B 3 Bl(Text Relationship Map) [48]1F 5 =

SR 5 I
SR 3l B E - 3z MIGE o 25 = 3302 MIER & MI(x, y, 2) -
[ R SN ) Ei% 4 window



SRRt

S LU SRV ARY B R Y S X 4: Rt
B 4o f750 3-3:

Mt 2R e R AT REEE S Ky

I{y Gi* sz
A 331K antE ot

 P={Pj|P;& % — P2 2 DP PrEiE)
’}E‘é"Lw*z\»W}LLPjﬂm/}fw’}E}i_:o
APREY el B W AP

Bk 2 EY BTl &
Gk 4 Bt Wi P B &7 cha
IF}‘F/{CUF“ VV[»VIE-‘ Pﬂm—k&’t/p Wvll—l

PRI S S e 25 34

fi=

ti
3258 3-4 1 Wik Py ¢ dndp $HIE 5 £ [6]

BF TR PEELEY WihEAL G E(Entropy) > 318 2 e f258 3.5

Ei=- log( Zf, log z/)

% st 35 W*“P&Mmppma\mm [6]

Fard fi 800 1 PR g o Eehe s 05 f; %2 UN ehpbig 0 E

> Az 35
gL 1o iilﬁ EnARiZ:r 3 1 apFigz > 20 W, AP E & ¢ b maxT ia W,
NERMIT MR AR o ok EPEARRITOPIE > 27 W R IR AR
NN

WiehEd B W TH0F AP EEP et X9 3
23 3-6:

1&&5’»‘%" )

E WA PP BEELT G Ae
Gi=1-Ei

FAR 3-6: Wi PR EY hRHMEL G (6]

aW—g Pﬂm*g-é‘lly,_érﬂsﬁi\ 3-7- #¢ n; i*%‘\P/“b"i‘/g‘rﬁ%i‘ﬁi:

I—Lf’]‘ LI

F&g %——1 4R

nj

Lij = logz[l + cuj

17?5\37 W%"Pt’rr‘!*}'ﬁ'iLl/[]

3.3.2. # & 3] 2 (Semantic Modeling)

#1222 4 Word-by-Paragraph hE L 17 5 i & v 2 2 3F LA - BK
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ﬁA’ﬁﬂ%@%PV*P&%?%“&%U%%@Aﬁ%ﬂ@&ﬁ@w»,
% A=USV" o $>+ § i {7 & % it (Dimension Reductlon) e pFB~if § R
ATt A'=U'S ylo pops g EJ—— i 3% & ¢ Word- by-Paragraph K
PEIEI : SN %) E‘(Row-Vector)’* F MR AT BEREY EE 0 A
& {3 (7w £ (Column-Vector) * £ 32 7% d & BRl4ETF srie s Eﬂil & o

@ﬁ‘?
-4

N

2,

A

[k

W
;\\

/,

Lok 2 BAT R A~ 17 (LSA) [28]4 #-~ % ¢ g 142 § (Latent Semantic)
FRNK FUBELFLAWTENLRFA ANV EEA R F ik B
FE U HSRYMEFTIREIRE DL T RAFHF o LB EE o NP
BF R A ITTE IR E £ 8 — 7w & (Column Vector)® * 72 3540 B 3+ )
(Text Relationship Map) [48] » T fFE B aZF & A T H L g x PP -

3.3.3. 1 AER 23 Bl H(Text Relationship Map Construction)

,I‘J'}%E‘i_;§,g),é,\*ﬁ"é‘ i%‘/ 'Jfﬂf’f‘?'ﬂglffhlk mz\ﬂ‘/z‘"‘l’{)"‘ﬁ IIr;‘iraa
#Cosine (& 72 34 8 25 £ ff el 1R < 2 HEL AT M S R 2R 5 LS
B oMl g W F G on BEF O VRS il gl Cn, 2)
A B fS R Y AR A F A 1.5*n B o

3.3.4. £ & {75 (Significance Measurement)

J—\. ]FB %‘—'l st %ﬁ J:]p'“s X, ivi Llp#{i’\#prﬁg% g] LL%&,(?P_F;%){;’!?_QJK}_O ,L,\
G &Lt 4o ol

-~

B Model 1: Global Bushy Value

Global Bushy Value (GBV)’ 4 L 3g4n b & B F - S 2hr H 8 S 2L eh
@ EHP LA AN 387 B P P LA KB - §8ed BT
Geo Feh AR S MR R E R A TR T e e ﬁ;ﬁ’m”ﬂ T R

fy}"‘rffuf ml‘g\,:, #E],J/, F] gL ,/,—‘E)\-%— ;‘:“; %\mﬁ;\,’%\:o
GBr(R)= Y
VP;,P; hasa link with 7}

B Model 2: Average Similarity

Ap#Et Model 1 4 Il idE4phd B & B ghand 2B Hc AP

SapenfE v iE S RN 33Nl e

’ w[48]" %_% 2. Bushiness & o
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H[26] > &4 & B g€ > 3% 12 Aggregate Similarity 3-8 & 3 & 2k
g & 'b‘_ » Aggregate Similarity 5 %, Bl4cB) 3-4 :

Bl 3-4: 3+ % Aggregate Similarity 4% 4 877 [26]

BPenad BEBRLEREET e ELA72 FRBRENLS BF o Feangp
MR ES B ﬂfﬂwuwﬁfhﬂij?wA%@; B B ehp ff E - Aggregate
Similari z_ 3+ & 403 258 3-9 @

Angim(R): Zsim(Pi,Pj)

VPj- #P,
P; hasalink with B

= 238 3-9 : P, Aggregate Similarity 73t & = 3%

B oosim(P,P) s A Bagfadpink > TEEpkw £ 7 Cosine & o
8 & B & 2L Aggregate Similarity > H 4F i >t ",% 7Y R IF B S ELand
LRk BPEFESY RIF BREOELE o

B Model 3: Spreading Activation

P> Model 1 2 Model 2 K3+ & 2 — 4044 4§ & (Generic Summary) °
Model 3 1 * Spreading Activation [9]Z 2 £ % 34 4p B} 2_ 4% & (Query-oriented
Summary) e ¥+ » F ARRI-HA(G)ER ZBLFL AT ENZFL
TR AT EES NS 250 3-10¢

q':éXU'XS'
SR 310 HER g R L ELLE

]

q

(]

ﬁ ¢ q .v ﬁ:"‘ﬁr- ’E’_% Tz U'R S,:;'fljr# p l__p\:' ,E,/”\*L’rm‘rg'wipp :E,;E@L—
o B F o PEN B GE Ak B & 2§ T Spreading Activation m%] » s

1% B2k w-by-p(word-by-paragraph)4E* 5 A > # A SiEH B &4 fA(SVD)is 7 # » A=USV' - &
#F A& 9 it (Dimension Reduction) » B] A=U’S’V’T e B¢ s UFAR L wih S chd 72 2S5 - 3%
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FTEETFE RS R M SRR f SR E 2 £
RhpE o PR AR L BohE 8 B A3(g)Ap MR AR 0 T

ARE KL Mo

Algorithm Spread (TRM, Relevant):
Input := Relevant = {P,|P; is relvant to ¢'};
sort(Input); /12 ¥ sim(P;, q'){c#: A
while (Continue?(Output)) {

Node := first(Input);

insert(Output, Node);

Succs = ActivateSuccs(Node, TRM);

While (Succs) {

insert(Input, pop(Succs));
j

Algorithm ActivateSuccs(Node, TRM):
/1% Ap i & BLRF 0 weight (7¢ similarity) 3 &
While (<Nodel, Link> := links(Node, TRM)) {
Nodel.wt = max(Nodel.wt, (Node.wt * Link.wt));

}

Node 2. Neighboring Nodes =7 weight

FiEFEER o A B Node(?’rf P) e & 47 4 (B (PiWhiniriar) 35 5 0 4™ 4%
7V 3-11 ¢ B3R > P=<wyp,... W EEREL AT RN BT AT R * Wi
% 5% word; ¥t paragraph; ® m%é'_é: o 3L B PiWliniia T Jo FRR_ELE P Bk
GEPNT IR E > N LEE e F G H i aOBAEF R S R
VREFR S RLA BFL I hEL o

B mmal Z W

2 F5% 3-11 0 A EEARRM b Bl SR b B L B

& B Iteration ¥ » b i 52 1% AP A ELRY Shdp 00 B > 3% AE 4R AR 60 2k
SR E K P Y R S8 L P& P joid % 0§ (T Neighboring Node)
PP AEER 4o At 3-120- 8¢ ’LGk.wt?’P,—;\ P;¥3 Piendp R 0 7

e Sim(Pia F)j) °
P,.wt =max(P,.wt,B,.wt* Link.wt)

= #23;% 3-12 : Neighboring Node s € % { 3+ &

Spreading Activation % 4 ¥2 Best-first Search 4p i » 3& iF pF L #-22 g' 4p

R en & BE2x 3 Priority Queue P o 3 % & B 33 & Priority Queue ¥ & B & 2h2_

TR OVFARL p? Sk T o

W
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Neighboring Node srf# & o A fren= 58 T g spgh b o it > § 3 B L
AR S PIEERPARE ) N E BEEATRF LA REL AR 0 T
mEUERBAESEARE NP e A SEEE R AR R 0 N EET
% F_gER B pF 0 B Spreading Activation if % 1+ o %+ J Spreading Activation
Boabmig i > ¥ U g % [ =% iteration R PF > JLPEATF S BRI R IL £ &
o % i-k =% iteration FFenR £ X E 0 F 5 =t iteration ARV E LB
A APES LT L

3.3.5. (& 2 (Post-processing)

S I2 e 75 BH RIS N 7% if P~(Paragraph Selection) 2 £ % # &
(Paragraph Ordering) °

a2 e

-~

4 ipF 43 Maximal Marginal Relevance (MMR)'! [8]s P24 » #& g ERV ey
FE o e 4750 3413 ran

def

PS = Arg max[ASIG(P) ~ (1~ ) max REL(E, P,)]

S AN 3-13 1 BEER S S

Ho Sk REF 2 EF DR L > SIGP) 4 Piend &4 > REL(P, P) &
P2 P, B B 5g R o

D

Wuz b o PS RBEPRNEARFEDEE  FRERI R FEOREFEALD
B R R AP ARR s E 50 2 ",% ¥ 4§ 14 (Anti-redundancy) - 12 $% &
@ EL TR R 31 FIL AT - Ferie O ehz BHCALY SIG & REL

rj’y%—l-_;!; = ;\ o

%4 3-1 1 Model 1-3 2 SIG ¢ REL &3~ 5 =
SIG(P;) REL(P;, P))
Model 1 | GBV(P)

{0{ if P, has a link with P,

0 otherwise
Model 2 | ASim(P;) sim(P;, P))
Model 3 P.wt sim(P;, P))
u 'VE/‘ g #E }:\”

HELHMATT 1 ¢ 913 2 2 MMR [8]2 MMR-MD [19] «
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R A2 P P kB RN F - Tt (Cohesion) £ @ F 4%
(Coherent) & #7#: B » 11 4% & FHE & RF g & o [31]4 g Paired Sentences
RPE N RAREOEATRA o B P BT T o xy R A x v 2P p3E

R he e ol + & Paired Sentences "z & :
43,6.6,2.5,52,... — 4.1,43,6.1,6.6,2.1,2.5,5.1,5.2, ...

Paired Sentences 4 jg# BF a7 272 25 o b koo Bl RE > 4.1 82 43 7
MO T 41 BRI A3 B o e RA T L PR kg o
FTEE R o ZA@ o Paired Sentences £ 2 7101 5 B A KR B o B 6] kI K
432 2.1 5 Moo PP A S g R PIpa e 7T A4
R B A o

AR R R NATE A o AP EENZEERLEY
AR EMEN KRB NP NF FARRAEEREST o BF B
SR Jﬁ T B ITM 0 g AP DR K OTIER 2 TR P RIMEE R
-3 e PR EEEFRALR Y ERREEE cAeR] 35 40w 0 o
o ﬁ-‘—’ﬁ m,}i}%: BFEOBRAU R4 LS T Bucket; 0 e T & B i o5
BET Bucketmher o s 0 £¥F B Bucker F1* F L v B (3 f258 3-13 g
B)ERE A4 B ma‘%ﬁ RHER o

Other paragraphs

Main Ordering O
Xi.Vil Xi.Vi2 Xi Vi3 Xi.Vi4 others
[ | |

|
Bucket;; Bucketp,  Bucketis Bucketis Bucketsmer

Bl 3-5: APRNZETEAES 27 LT
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4. MTRRE 2% T

i%“‘%?i-&ﬁﬂﬁﬂiﬁ;i%?—E;‘L%v}\‘.fﬁ—“’ﬂjgfﬁgégkﬁ&#&*@fi#ﬁ;g.ﬁ—f—;
SR A B AE B2 B BAER GF[52]5 A de s g v
P ERER O PR f?';";ilt'r“ﬁr N2 FEHCA] o ¥k AR BT R
B SEEEY o BT E S IR B E R G AR T RBR 33
k2 5 PR R B PR GR AT A A BRI E P F

Ei

1. % g2 (Preprocessing)
B Feature Selection
B Feature Extraction
2. 3 R 3)#E = (Semantic Modeling)
B Latent Semantic Analysis
B Semantic Matrix
3. 2 AER k3 Bl H(Text Relationship Map Construction)
B Text Relationship Map
B Similarity Matrix
4, & & 1431 (Significance Measurement)
B Model 1 : Global Bushy Path
B Model 2 : Average Similarity

BFFf o AP EFTE B ML e Model 3 #r# 2. Spreading Activation
FEER A2 BT R4 e TR RHRTRE LT F HRIVAH
" DUC [15]# beenF e (77 S ¥ i3 DUC S %R AP arde 2 § < 24
B Zgy o FEHe S o PR TREAZFY o kTR RAEEFY R
ZEFEAEET PRI MFETRESLEFLNREEREY -
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