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Abstract

According to the research report, the rapid development of the Internet
results in the amount of the digital document, video, or other data to grow in
double rate per year. In orderto find out the information of these electronic files
efficiently, this thesis develops an automatic summarization system to sieve
out the non-information data of digital documents. Therefore, users can find
out the contents of information efficiently without losing the meaning of the
original documents.

The automatic summarization system proposed in this thesis considers
three different aspects for the sentence scoring: first, the relationship between
words and sentences; second, the relationship between the titles and
sentences; finally, the relationship between sentences and sentences. Before
the sentences scoring, this summarization system uses Alignment algorithm
and Mutual Reinforcement Principle to remove the sentences that have fewer
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information on the original dataset to avoid these sentences with fewer
information to be selected as a part of the summary. The HITS algorithm, the
cosine similarity calculation methods and the PageRank algorithm are
employed respectively to achieve the above three different aspects.

The dataset used in this thesis is the DUC dataset, and the constituent
documents of the DUC dataset are the English news articles. The evaluation
results of the evaluation tools ROUGE show the performance of the summary

generate by this summarization system is good.
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and effects of the El World ‘world'sweather forecasters: the massive
Nino and La Nina < disruptions caused by EI Nino are coming to
ieniar eonaiion me‘_te.otzt_)llogists an end. The World Meteorological
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What programs and : . S 8 : :
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; coming to an considerable uncertainty about the rate of
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l‘c‘vﬂﬁ FE L -

“
=k Questionher & & T g B QuestionF #x ~ iE K AR 11K o
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5% ¢ @ @ H4pna T e Question$t s o B FE 2 4o

Input : Topic Question and a Document
Output : The set of candidate sentences
Algorithm :
dof
Remove a sentence from the document set such that the

similarity between the Question and the remaining sentence

of the document set is higher
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} until the similarity between the Question and the document set

is lower
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2.7THITS 52 1 %

HITS( Hypertext Induced Topic Selection );# & ;2 #_¢ J.M. Kleinberg[ 12 ]

il B R A Fiep e 2 BaAgd ST AR T A 2R

* 2 CLEVER#F 518 + o

s,
==

Lo APiEEA B L3 0 HubgAuthority - 4t 3

cEBAA T o
Authority 7 $t =€ & ¥ 7 Fiend B2 0 o Hub: ¢ 242 53 &2 4 34 Bl

Hub# Authority 2. B e i 1

ernAuthority z_ & B - % Ls - &9t 4 % ehMutual

Reinforcement 32 :

A Good Hubdp #3# 5 Good Authorities ;

A Good Authority# 3 % Good Hubs 145 & -

o _ 0
00 o

o K-

A Good Authority A Good Hub

#® 2.7-1 Good Authority = Good Hub

Fle e f 2 F@ferF - R E 3o 2a BEE U i}n it Rt

F-fEr- B LB R R RRET 2ZF OG-
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B 4 w4 3-8 H AuthorityfeHubes fico 2 #5m pt % 7 2.3 5 Authority 2 Hub

T LHITSH 5 i enp & o

LT MPHITSHE % > Az - BELEP={py,p2 " PNYLEFE B L >
BB ERpEANG - BFE - B AELIMe =[m;]> ¢ Zpdpep o Rl
mij=1; %z >m;=0- @& % F hAuthorityfcHub s #ics &) * Ayg = [ a4, ag, -,
an ™eHne = [hy, hg, o, by T2 7 ©

Higg 4T

Input: P~ M
Qutput : A~ H
Algorithm :

Step 1. Initialize all element.of Aand Hto 1,i=0

Step 2. do{
i++;
H =M x A7
A= M x H

Normalize A' and H'"s.t. their squares sum to 1;

} until A and H converge

% 2.7-1 HITS ;% & i
HoH=M x A% 4 5 peiHub A B3t £d prrdy + chpg2 Authority 4
Fhesa A'= M" x H'pl 7 5 & % B piehAuthority & #c38 £ 8 pierik & 45 % e
2 Hub~ ﬁﬁ:b’“rfﬁ‘li% o
APEBHFRPLFEZ D TRETEE P={p,p2ps} ¥ HE

s AT S Bl A on B (AR

1
L My =[my]> 2¢ M= 0
1

o o K
[ T
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W 2.7-2 HITS ;& & i chff ih4B'i2 2
PUE R TR B A R A R
HF- 0 A AEHAAS[111]  H=[111]T e HF- 0 s Sz

T AR AT

1] [0.333] [0469] [0.451 0.459
A=|1|—|0.667|—>|0.625|>|0.631| - —|0.628
1] [0667] .[0625] |0:631 0.628
1] [0.905] " [0.:8707 [0.889 0.888
H=|1]|—|0.302|=|0.348 || 0.323| - —>| 0.325
1] [0.302) |0.348] [0.323 0.325

W 2.7-3 HITS ;% & i i 3§ 42

éi@%ﬁﬁﬂﬁhﬂAﬁHﬁﬁﬁg&%*—@Wiﬁ@n%&A?Héﬁ
AEGE S THIBASHA AR A B M RAHET B AR EEE o BF
CHOERGIETE RSB ATAEY BARRF ORT I L A

Bt hwm? NTEIAFE » FRFHET A S P FE
& F TRt - B R EE o A 2 IL320F P H Authority ihA BiA € Jeacd
MM g« i 74 g s s £ 5 Hubens #icH € s MM end + i
Srgt R i e B o ﬁ%?%,Aﬂygizwﬁﬁgﬂﬁﬁ#?uéﬂﬂﬁﬁ-

L
B ©

—x
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2.8 PageRankix & ;2 /i &

PageRank ;% & ;= .4 Sergey Brin 71 Lawrence Page [ 16 ]#7#% ) » # 3
EPEREFRpRET 2R OREETARERT A B HIFRY &
GOOGLE #&51& + -

PageRank i & 2 ek A %24 5

Good web page < Tt 5 Good web page #4q &
Sergey Brin 71 Lawrence Page i + it ek & #2 & 22 4 4% =1 -3 (Random
Surfer Model)iz = 7 = 7] PageRank &7+ 5 2 3¢ ¢

PR(A) = (1 - d) +d x (ifﬁg;)_+ if?:é) R if?:g))

#*? PR(A): %7 A PageRank :* & & d 5 damping factor > # d &% /g 4
FOR T2 RT 55 Ll Bdpe ] AR PR(T) ™ & 7 T e PageRank
FEECCM)- el Tt R SIHB R DR F Qg - ptatvdrT

ST KR

¥ 2.8-1 PageRank = ;% i3l B
d P o X BT o PageRank B Ed H @Azt p o e

*Hw?ﬂm’%fg ARG QB SIS RT R PrREE R EE

@R

‘3\

PageRank it » b2 + % & C(T)eit § + » Bl PR(TYC(T)ehit 1 - %
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>

AL rE A T2 %34 I E sk ) T,?F}f%%:&'?’ A fﬁ/&ﬁxﬁ} Lo e F
}]‘—;J%)i;‘l_ﬁé R Ak T oo PageRank i@ kil o 353 (1-d)R| 5 damping

faCtOI"’—F"'/JfU v t_.‘:}'—z’«i'\" lﬁ“{%/ﬁ‘jﬁﬁ ok PE-E‘ mﬁﬁ‘l ’ %ﬁ]%l}f "/ﬁ%}&‘

TP P i- PR RT R BTN AT RT 2R g P U BT L
IR PRETERINMET P &4 SEERETARIE - FHBLR

W B diE s 0.85 T A 5ok o TREMFITFH I E L 015

# B 9 PageRank & 2bde b g #rif e 5 - 3B @ m § - B
N PRHITSHFE/2- % &2 BRE i Ed i1  T3E» 280
#3518 e PageRank & » pt i R FE 4o

~HT e T R EP={p,p2 - pnt B R EBEL NGB Ry R

AR R T Aot R i R e T s o

Input : P ~ The Link Information that Need
Output : PR of all web pages
Algorithm :

Step 1. Initialize PR(p1)*~ PR(p2)® ~ =<~ PR(pn)° to 1 ~ k=0

Step 2. do{
k++;
fori=1toN
PR(p,)“ =(1—d)+d x Z ﬂ’?:l
viop C(T))
end

} until PR of all web pages converge

4 2.8-1 PageRank ;% & i*
THAPEBOFRM S FEE D S RETEE P={p,p2 P} &
TR LET AT BT

18



W 2.8-2 PageRank i & i Az B TR &
K- R0 I AP RE BT chPageRankiE AL A) 5 L 0 PRy = [

1,1,1,1]75 % B % F et gl 3 e EEA 8 47 > Cpq=[2,1,1, 1

0110
0010
T AR T o ReT 2 Bl BM iy NELGNL T M= .
] ER AT 2 Faag Sy PEEAN AT M L1000
0010
KA L P E RGN T AR AT
1] [ 1 |- [2.084] [1.263] [ 1.49 ]
1 0.575 0.575 1.036 0.783
PR=| |— = —> —> >
1 2.275 1.191 1.652 1.577
1] [ 015} (015} | 0.15] | 0.15 |

B 2.8-3 PageRank ;# & ;& e (N i 42
d 1 G S REAET o PRES I EYAOT - BADE > 4 PRI E AT
o TRBPRATARE A BE MA R AT B AR BEEE o BE > IF
SIETERRIEAEERY BLBRFOREETIE S BT R AR NI

PageRank i & £_p 7 GOOGLE# & 4 | end ¥ — B izd5

29 ROUGE;=R1 E 4 %

ROUGE(Recall-Oriented Understudy for Gisting Evaluation);®% 1 & §_d

Chin-Yew Lin[ 18 ]#74 B > H 4 & p 8 & FT 44 & i Siiv p #4200 H vean
19



o HpdFEipant 2y TAI
@ROUGE-N: N-gram based co-occurrence statistics
@ROUGE-L: LCS based statistics
@ROUGE-W: Weighted LCS based statistics that favors consecutive LCSes
@ROUGE-S: Skip-bigram based co-occurrence statistics
@ROUGE-SU: Skip-bigram plus unigram-based co-occurrence statistics
F1% NIST 3% % B4 £ & siemci B B 35 ROUGE-N &2 ROUGE-SU
TR B BIEE I EABETUAP TG R LS B BITR S EantE o5
- NIST *% 7 I EIERIE R AR R AL L £ L1 IR LB
B ARMTAEAD AR R ZBT R BHEE -F2E TR ST E
ROUGE-N 53+ % i sifp & 2 AL E2 FaoN-gram F# 2 E g 275

B H2ty o\ 4eT o

B
B - F

Z Z COum:match (gramn)

ROUGE_N - Sef{Manual _Summaries} gram, €S
Z Z Count(gram,)

Se{Manual _ Summaries} gram,eS

# ¢ Countmacn(gramn) 5 % Jidg &8 X 2 4E & #r & fe R eh N-gram 3 3 »

e

Count(gramp) = * 1 4 & # N-gram F:# g - i 238 5 Recall 3= 4 »
¥ ¢t ROUGE-N ~ ¢ 3+ % # Precision & F-measure % # cin®f; & o NIST 7
RTANEZ 1822 RAAPFHEH AL 2 1-gram & 2-gram =
Recall ~ Precision ¥ F-measure &1 i& °

712 ROUGE-SU #_ROUGE-S it # 5 A » #1121 20 3k 4 % ROUGE-S
- ROUGE-S 5 ROUGE-2 ¢+ 5> 2% % » ¥ 72 i ROUGE-2 *73- &
2-gram F # & f & Fad a0 & ROUGE-S R mir#r3t & a0 2-gram 5 30 1Y
BeiFH P FPenFg o Tt 2-gram 4 Z R Fad e HRE O 4eT o
Skip, (X,Y)

C(m,2)

ROUGE-S =

20



HeY XEAIHE Y 5 L3R > SKipa(X,Y) 5 dSREL B2 AT RHE T )
e 2-gram F 3 0 @ gt 2-gram F @A FE AR F AR oo mR A L& AT

¢yl CM2)R 5 g sl T 5t m BinB G 7 £k

¢t ROUGE-S ¢ 7 — 1 gt i 37 » %A{Skip-bigram ¥ g1 2-gram F i A
FREERE G AP RT G k3
S+: police killed the gunman
S2: gunman the killed police
F139% ROUGE-S e 3% » f] S92 S 2 AP« ROUGE-Si#m e ¢ = 0 i
TR S B 2 g R RATG - BARE e 50 fRA RN RE 0 0F
+ # ROUGE-S # # 3 ROUGE-SU» #a# 5 % ROUGE-S ¥ % *t 44 1-gram

IR

s

o

4k
.
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31 Aiii

N

AER G I EREL AL ATAPERI RPN FEREAFFTEL
o R RRMFLES TR R A REIIES D SER o AR LR
7B E S DUC T & > R3gtpM a3 s DUC 4 g @8> APF & % ahf ik
7 443 fgen Title ¥2 Question s 444+ & & * & ¢ Head &2 Article- »4f & % &t

ﬁ&—g AR Lglf"’—;lx//)azl PN B S 3 e ffb:}%-\ﬁ °

FERATE AP NY R OBGEIR A 4 ok SRR BB R LS o Ra o
BT R DR - BoIMREI T MM AMOTR TG - 03T Gl
WG dn & eIt o gy S 20084250 B F ek SRAE & kg o rRa

P TR GEARE R G KRR e OFR T e BRI R WL g T

BE OAREIAEHGERE I TELo R T NITLAPRERE S

FenkPre APLRITZBA RGeS UL 1 FRE AT 2 Fel G 2.
WAL 5+ 2 B b e FHEAG L WON G e APEREZ B D

oo A B4 * HITS j§ 8 2 4352 4p i B3 8 2 2 o PageRank i & i & ¢ sy
P anEs® it B RMAAPFTIH T o OE &L FFwn i g o ApPRizs

B d owamTA Sk FRM RS > A @R EY HFEAL A o Bk A Bk
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T AR S AR A Siehd B LR

Candidate
DUC Dataset Summary

Wordnet Sentence 1.Te_rm vs Sentence
2. Title vs Sentence

Parser Scoring 3. Sentence vs Sentence
Stemmer

Non-information

Postprocess
sentence removal

G e AR
TR B (E B AL s v

£7% f B (TR E e 2 -

n.\\

B HMNERAT A AP RER L BT e e KOS TELS g (T
FALETZBA oA EL R LR fraﬁ,\{;ggpk;}%_t ﬁﬂb\;ﬁﬁtfi&%; Y B

FO LA H 200 0 R K RPE 9D R LR AL R i

M)
4y

TITE EERER O o Kt A2 AR KD IRER -

TE FINA AREWERLPL 0 BT R AR E AL .
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3.3 @ & pi?

#ip e A% DUC FA B Y ek - |2 F i L B ke

e
g;
b
=
o
-
)

WRER R RIS BRI AP AU § 0

€
=
?:t:‘
+
G

SRR AL 3R B RAIL B RS H ARSI F T F P8 A -
e ST g U o Bk LR B EL S A LR AR R RLR G BT e ik
Ppoo A iR ghiE L g o ik B 7] L %*’é_iﬁ”,j‘iffwfgiﬁﬁ—%”ﬁ‘Jﬁ‘*}?‘t}—°
HY RS 2 X715 DUC TR eny 3¢ @ - LR L AR
NPHF R b4t &QL-&URSN&LR % - 2 i @i gt A Bl g 3 B
ﬁgi,&ﬁmﬁ&jﬁyﬁﬁﬁia’ja&%ﬁaﬂﬁﬁﬁiﬁ%o

ﬂ—r m,il,‘a@mag&\:\. xf“;‘&-u"? J fl; J F""'F”Lp smm/\ i:v

3.3.1 @iihie i

gh‘ﬂ

NPE F M g ¢ R T W Re e IS A PR FEF
B s LR o AP % en2| 47 1 B4 Stanford Nature Language
Processing Group*7#* % :Stanford Parser [ 31 ] > # % — f & 53 #03) e
M2 47 A2 50 o

@ Stanford Parseréﬁﬁi%l Mgk e gtiiRie 2 o ik a M ke 7]

PAPAFRREIFREHEMA T AN AR G5 o A9 P iRee d )

A~

R F AR BAR IR L o

-

T w = Stanford Parser=g i :

There was good news Wednesday from the world‘s weather

forecasters: the massive disruptions caused by El Nino are coming to
an end.

24



Output (3Lt
There/EX was/VED good/JJ news/NN Wednesday/NNP from/IN the/DT
world/NN */" s/JJ weather/NN forecasters/NNS :/: the/DT massive/JJ
disruptions/NNS caused/VEN by/IN EI/NNP Nino/NNFP are/VEP
coming/VEG to/TO an/DT end/NN ./.

Output (%2 % 1)

(ROOT
(S
(S
(NP (EX There))
(VP (VBD was)
(NP (JJ good) (NN news))
(NP (NNP Wednesday))
(PP (IN from)
(NP
(NP (DT the) (NN world))
)
(NP (JJ s) (NN weather) (NNS forecasters))))))
(:2)
(S
(NP
(NP (DT the) (JJ massive) (NNS disruptions))
(VP (VBN caused)
(PP (IN by)
(NP (NNP EI) (NNP Nino)))))
(VP (VBP are)
(VP (VBG coming)
(PP (TO to)
(NP (DT an) (NN end))))))
(--))

% 3.3.1-1 Stanford Parser 73 |
Fli t @& L a3 3P R F M Eanafo AP e % gt

MARzed % KRB L

g;

FioE Rl ERFPRE LY ddm B
B3l L I e 3 B I R A -
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3.3.2 3 #:BR RS
ANPF R nE - BEHITTRCAEIT LT E4F 2 H H 78k
CAECFEA R OF PR RS E R @ F RIEF A SRIL 5
g #v¥ I FE o B|4ri¥-connected ~ connecting ~ connection ~ connections 2 #%
£ & = connect -
Afeig* o1 B L d Martin Porter #73% 4! ¢9 Porter Stemming 5% & i#[ 32 ]
CH S 3?;?%%",%"#' RenF A f & F AR F R E o

T G 4 %t Porter Stemming J# E E i 3 LR -

Step 1a Example

SSES — SS caresses — caress

IES — | ponies — poni

SS - SS caress — caress

S — cats — cat

Step 1b Example

(m>0) EED — EE agreed — agree
feed — feed

(*v*) ED — plastered — plaster
bled — bled

(*v*) ING — motoring — motor
sing — sing

AT — ATE conflat(ed) — conflate

BL — BLE troubl(ed) — trouble

1Z — 1ZE siz(ed) — size

% 3.3.2-1 Porter Stemmer 3 $& 2 B

WA S M>0)R A H(CV) et i "R M- % HY C5333

“I"
=N

ANV AR 33 WVORANFRISRE F-BRFFR o FEEEF R

s B 2 {Fa é,_LLL v Fg“% /} i;v,g—,;:_g fﬁﬁﬁiﬂ,ﬂ‘l o



T 5 5 Porter Stemmer % ) :

There was good news Wednesday from the world‘s weather
forecasters: the massive disruptions caused by El Nino are coming to
an end.

There wa good new Wednesdai from the world weather forecast the

massiv disrupt caus by El Nino ar come to an end

% 3.3.2-2 Porter Stemmer % |

3.3.3 F &L & g2

LA PR e BIAEUREFEROS T ER SRR PFRLH
N- BAR R TREE B ATIRLES B R R FAP AR
BHE RS FEE R b R R e DA

AfE i * en1 B d A 3ReraE 5 & George A Miller.#74g #4723 ##\Wordnet
[33] ) # 5 - @R FHEE o BEAL YL L3 H0 s Bl e s - B
WAl dle £ B £ (Synsets) » # F R F P2 Bl i B Pai A8 PR

2 Beh o BB GG e RM G K RM G TR s BRI R G

}Z‘.
7
SN
4

T % i * Wordnet ¥ Synsets e7F & :

There was good news Wednesday from the world‘s weather
forecasters: the massive disruptions caused by El Nino are coming to
an end.

= P [ Rk A
There Adverb | thither

27


http://www.cs.princeton.edu/%7Erit/geo

good Noun commodity trade_good goodness
undecomposed unspoiled unspoilt honest
salutary sound serious effective in_effect
Adjective in_force well right ripe dependable safe secure
dear near adept expert practiced proficient skillful
skilful just upright beneficial estimable honorable
respectable full
Adverb | thoroughly soundly well
news Noun newsworthiness intelligence tidings word
Wednesday Noun Midweek Wed
world human_race humanity humankind humans
N mankind man worldly _concern earthly _concern
populace public globe reality domain universe
existence creation cosmos macrocosm
Adjective | global planetary worldwide world-wide
weather N weather_condition conditions
atmospheric_condition
Verb endure brave brave out
Adjective | upwind
massive Adjective | monolithic monumental
by Adverb | aside away past
El N elevated_railway elevated_railroad elevated
overhead_railway elevation altitude ALT
coming N orgasm climax sexual_climax approach
approaching advent
Adjective | approaching forthcoming upcoming
end remainder remnant oddment conclusion close
Noun | closing ending destruction death goal last
final_stage terminal
Verb terminate stop finish cease

% 3.3.3-1 Wordnet Synsets ¢ |

PLPE S ARSI R EPLE AR - BRE > UM PR SRR o
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3.34 ¥ * FPHF I
e AR AR R AN HEARES T AR T A iR e
ERehi Ao FROAPE T OURSEY Y B  NELGEY T 3P
FruRar g2 gt e B EFaaR -

Apig 1 B DUC TR EDT* 354 0 B 2407

Common Words List

a about above across  after again all
almost  alone along also always am among
an and another any anybody anyhow anyone
apart are around as aside at away

b be become been before  behind  below

beside  best better between beyond both brief

but by c can certain could  .........

% 3.3.41 4 32054

Taé%%#“iﬁfﬁfiﬁﬁﬁﬁﬂﬁ?w:

There was good news Wednesday from the world‘s weather
forecasters: the massive disruptions caused by El Nino are coming to
an end.

good wednesdai world weather forecast massiv disrupt el nino come
end

%3342 B% ¥ 3R 73w RERDOT 0l

b 7&,{;\‘. " ¥ DUC F.ﬁ;},ljvg; v E’—ﬁr:'l-'r’ﬁ v EeriTam ¥ adl e (T oo pLpE

ST BRBI e R B 08 T R R ASEE (e 2 s

S

SR ST X S Bt

L S b T 2 = 2
L BAEL TN o

-
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2o 31 E G RII AR AR AL REFIEG DR e A F

APTEEAF A O T OBEE AL D AMELE O BRE F 1S o R

~
=+

G PSS E Rt A o ¥R 5 200 2 250 B F ek SAE & KR i
FRE AT R AR S AR o TR 5 @A AR R g

AFRETOFPEaFTLFE 2SS AMER LA Alignment iF & 2

o AL £ AL FiES B R MERE

A A g 25 ) &Y 4 L0 AlignmentiF B 2 o0 A AT Y - T etk )

iR e EQuestionshe s 2 € B2Question Bet dE R AR IR o HITA

Benaz APFLEGERL 0T ELRAFRTE Ryo+ B2 Lok

Input : Topic Question and Topic Title ~ all Article of this Topic
Output : The set of candidate sentences of this Topic
Algorithm :
For all Article of this Topic dof
Step1. Remove the sentence contains the number of the words,
nouns and verbs in this sentence which are fewer than 5,
2 and 1.

Step2. Remove on sentence from the Article set such that the

30



similarity between Title, Question and the remaining
sentences in the Article set is higher than before until
the remaining sentences in the Article set is half of the

original Article set.

% 3.4-1 #3 & 4 ¥ueh Alignment 57 ¥ 2

PORE R AP R E S E R hE248 7 ST Rtk MR E O

TEFTERALNIAPAYLFEZY AHF- AP R R AN F
Alignment:g (T > I & P Ap 2 B B K45 % MERE P+ > HArg 4 hig
ERFEFREEIRAAT T FREEZL - E o K Eﬁ%ﬂiﬁﬂ%‘“’\ e S
R R ICr? F
LT - & i E 4 B0 TREA s 1F o

% T I A b R E AN AP R 15 260§ e
Mutual Reinforcementm 524t = & 7 e — B @S2 0 > 1R ETigE S 3 O

B 5E o HAPRLEILAINFE E LB boT

Input : Topic Question and Topic Title ~ all Article of this Topic
Output : The set of candidate sentences of this Topic
Algorithm :
For all Article of this Topic do{
Step1. Remove the sentence contains the number of the words,
nouns and verbs in this sentence which are fewer than 5,
2 and 1.
Step2. Use the following formulas to calculate the sentence

score matrix V, and then remove half of all sentences

31



with the lower score according to the sentence score

matrix V.

% 3.4-2 &3 & % seh Mutual Reinforcement i & 2

He Uz F@es Bicar'd > H4-408 2 ETF-IDFE » 2 % £ 3 3 . Topic

Question Topic Title® ) es » Bt F e e Bog FDFE e i@ o 20

iR FIE F S Bt A DR o @ 93 A BEE Va4 B R

31° #m 3% Mutual Reinforcementz 32 » 5 #fra? &+ eho B 4p 3 ?r/;Lm
Tl - BRFREAZOIAP AP FE I A HR - AP LR EA

| ifAlignmentsds (€ > 1 P F 2R 605 R A W
g F

SFEARE O B L AR R P R -~ L Bl s s A
éﬁﬁ"_l_%gmn?ig:}%_\ﬁ 3

Lbeiph - LAP ST 2 RO G R R S
B £

PN R - ik i 4

3.5 FEHE HT L

B INA o AR FREHGERE OF TS g (T L IFL AP PER
EpFakipe APLTRIZBARDG w0 A8 E 1 FFRE I 2T
By 2, R E o3 2 Tl e 3. 3B o3 2 b ik o NP4
B2 g e o B HITS if & 2 452 4p 12 & 3+ 8 = 2 - PageRank /# & ;2

%B IO T HEEAS B (T I m AR A JFE 2 BT G s B &4 R

o
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3.5.1 #Fikie 1: B3 2 b ik

Apd e 2.7/ & 4 %5 HITS( Hypertext Induced Topic Selection )i#

Ao PARMARF Y e RET 2R ORASTARSRETRAE o B

RIS
PRLR P MARE L FFE T2 Bl T2 #aF PR o
At 48 % — T Hub#2 Authority 2. fF e % ¢
A Good Hub:};, @ 2¥ % Good Authorities -
A Good Authority##. 3%  Good Hubs*7ig = -
AR AR FHE o3 2 Fald % 0 P 5 Mutual Reinforcement i

o

. // ¥
A Good Sentence A Good Term

®) 3.5.1-1 Good Sentence {~ Good Term

Het > s 2 L3 HMaFsHe 203475 b h 2AHITSHE % Az B0 %
B %

ot e TR

HITS:# & /2 chp 5 » B H5F - B F 2 -5 2 AuthorityfrHub e o 12

FEM L e F 2 F S AuthoritystHub - @ gt A ipep £R)F 23285 - B3

BE - RO B F L B as gl F ke

PORMPAPEMEESOFEE > APE2- BELS={s1,Sy ,SN}E

PERE R BEREINE  BET={t b )E 3R B B
33



SMiB - EFEE- Be FHAEEMu=[my] 80 FsE py0 Almy =1

Fzomy=0- @ FHFE aF b fies B * UMx1=[U1,U2,"',Um]T’fPVNx1=[V1,
Ty =

V2"“’VN] %" °

By BieT !

Input : The word set T, the sentence set S, the relationship matrix M
Output : The score of word vector U, the score of sentence vector V
Algorithm :

Step 1. Initialize all elements of U° to its TF-IDF »

Initialize all elements of Vto 1:i=0

Step 2. do{
i++;
U'=Mx V7
Vi=MT gouh

Normalize U'and V' s.t. their'squares sum to 1;

} until U and'V/ converge;

% 3511 2 L& KRB HITS 752

U =M x VIR 5 &5 B e B ey b sz 55 0 e R

ppiu|

pa V=MD x UTRI T 5 25 Beenio 3 o4 Boyn Ed st e 3ot 30 A Bt
;I;Je o BTV EEAL DI AP R ERF DL B AT A i A

24 g i S A Ap R TF-IDF - & * TR-IDFE { so %o 2 S BERF

e 3 2 A\ﬁgﬁié’iﬁf"bi\'l’“*i\am SN, PN TR
d FibenF B 2T av o 93 chAh e V m%} Pk o BT G AE 1

¥t 3 Bt R R B o
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AmA e 24 )& 4% 3 Cosine Similarity X3+ 3 o3 2 BFFenfp i & >

H2lE O\ e o

< B It
Cos_Sim (S, )= —1 o1
- ST s HSJH
Bt AP Fafenqp i R 2N R B R S 2 Bepjn ik o 3

K PR
Flh 2 oAl v g S B R 2 T e B A T R
WHE G AREAY G F AL %Wﬁﬁiﬂ’ﬂWE23+$¢ﬁﬁ'

DUC 4l ®+ ¥ *t#& &7 Topic Title f= Topic Question » i& B T4 3¢

HEARREILFFFRESD

FrA PR iRt ens B 2 R st 7 Article Head ~ Topic Title ~ Topic
Question & & 4=k = 5 New.Title > &% - = 2 -4 New Title &2 &2 3 2. [ crajp
MR A QAR R DR MK S R s HIgE L e

Y- BEES={sySy i, SNtan T ELE  HELEBEENB-

Input : New Title ~ S
Output : Cos_Sim of all sentences

Algorithm : for all sentence s; in S{

New Titlee S,
|New Title|| x |S;]

Cos_Sim (New Title, S, ) =

% 3.5.2-1 4 & & 20 Title Similarity 5 ¥ 72
H ¥ New Title # Article Head ~ Topic Title ~ Topic Question #7333 » & 5 &
WAle ® o o7 ARHEY ||| 2-norm B E o gt 25T E A E New
Title v Sim B2 B entpsz 4 & > FIEAA PR T E A F F 230520 00 9112

Edhkefpm R EE A 0F T2/

3
s
@)
(@]
cn
C_D
3
S
ppas}
1"“
i
<
=



* % New Title &2 S; 2_ [ e4p iuf;:@r‘g o
d FikegE 2T Ao "'T)a ¢+ e Cos_Sim 2. &2 #ic i @ka_&a@ » Rl L

P 2 S80S i BOE R o

3.5.3 #ﬁiiﬁ:; A3 B HT 2 Fenpdth
A te28) &P i i1PageRankig iz H i &8 p A Y k]
L%&mi{gﬁ%’:?’é%kﬁ_&%ﬁﬁkﬁ’é‘ﬁb’ivkiraﬁ‘tjzl—b*gﬁﬁg*&:& —;‘E‘ i —;‘

R chbl thn % 2 #eind PR o

~

At 4F Y - T PageRank j§ 5 i el A E4 S
Good web page & Tt 5 Good web page #4p &
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