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ABSTRACT

The World Wide Web (WWW) contains a giant amount of information, but finding relevant
information from WWW is also a great challenge. Keyword-based querying usually returns
many documents; however, they are neither strongly related nor presented in a comprehensible
order. Clustering is capable of solving such a problem by grouping relevant documents. Users are

able to find relevant documents through groups containing documents with similar concepts.

This thesis attempts to extract concepts. from a’.corpus, each of which is defined as a
collection of keywords in documents, and conduct document clustering on the basis of the
extracted concepts. The overall processes-are-as follows. First, a clustering algorithm groups
similar keywords to create concepts. Second, a.document is represented by a vector, each
element of which indicates the similarity between the document and a concept. Then, documents
are clustered according to the abovementioned vector. Furthermore, citations between documents
are used to construct documents connections. Such connections are further used for discovering
group relations and concept relations. In addition to extracting concepts and clustering
documents, this thesis uses the visualization technique to present clustering results and show the
relationship between concepts. Several experiments with CiteSeer documents are performed in
order to show that concepts extracted by our method can not only clearly represent each group,

but also achieve good clustering accuracy, which is about 80%.

Keywords: Document Clustering, Keyword Clustering, Concept Extraction, Topic Keyword,

Visualization, Citation
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if, ;= freq,; = frenquency of term i in the document d;

) N N : # of documents

idf, =log, — = . : (10)
: n, : frenquncy of term 7 in document collections

w,, =tf,  xidf; = w, ;: the weight of term i in document d;

N

W=D (11
2:146

CW,=w,+—— (12)

m

H#-1ziE B 4EF 1% k-Nearest Neighbor i& (72 % » 2 4 FE M4eEF is > UF BiF
EMEF LY B RER - FBHREFERERD - FEMET I E L
Greedy ;7 & /245 M1z E Met3 F 3¢ 3 i 4 (Inter-Connected) £ 53 e B 3 #-2_ &

B0 B 3|3 R I i 4p MR (Relative Inter-Connective) ¥R -]+ [P 4718 £ i 2k » 9 {8
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FIMAET S H

Identifying Candidate T$ - j:; ‘

Topic Keywords andidatah\ By
. Tapic,_ i .
» L 3 1
L trywaecyl ||
=N
ey
3
- s P el
.‘?:1 (fl |ruf||h| :—. .
r'- A . Tap L
.:.‘;‘.i’.,‘.ﬂf‘f.,,, ' (i s
- By B8 Io
_,._'-——#*’-' ‘y ..‘. .
: : v )* ._B
Y .
m E
?nprr 14“4
Keyword™ ‘-...
— L.Idra:erl 4 e :
N J A\ } Identifying Candidate

0;}‘ Topic Keywords Clusters

B 4: Toplc Keyword Clusterlng L& A 2

BT AL EZ 2 BAH

SEWF BAWAR AL TR R BN PTG o RnLE

Pk FHEPN DMEET D AT IOMEET RD PO R RABFEER DA Y
M GEF o MR BREE R TR LR N MEF I HEB I REE > B
15 — R 4EF 302 Cosine Similarity 3 B Ap i A » T ¥~ 2R B I AP AR KB

AR FEHY > UE P BT e

2.2 A AR

-4k s Heaop B 4 (Cluster Compactness) 4 m Hp chfe p 2 FAR VA F 0 ¥

ek 3R B (Cluster Separation)p] & 77 % ¥ EAp A M > &P B4 2 23R

?u&,qaga@ Yt k2 - o MR R R T A HEAR B e

o R A FEORES c ASARTIFAEREYY RR > RAES [~ L E
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Hi 2 Hy» 352 252 de 422 (13)(14)(15)(16)(17) -

I = maxZn — Y. cos(d,.d,) (13)

nr d;.d €S,

I, = maxﬁ > cos(d,,C,) (14)

r=1d;es,

k

E, =min2nr cos(Cr,C) (15)
r=1

H, =maxi (16)
1
I

H, =maxE2 (17)

1

LRI e — B B e AR R 0 LA 5 dr 4 008 de S 15 T ¥ i Bl B4
EoSF¥Er ni¥Ere e g EBEd A dE T EIE SR e Lp
PEHBEIEANNARBR TR PR REEFRNR DS 22 I gt GES
HE o AN o [ b BB E P RALAE, (hp i @ @HE LB SR A

v

EFEol B FEEAp iR e B VTS - et oghgr ey S e gk C 3

EARRE BRI EEe gt R KEHe panb R g LS § 4
APHES GRF CH 2 Hd BRI QNS = BRI BE o FEY RHEP D
MR RE FEFEZL B AP -H P EE [E LEFT A2 EDEg T ] e

—a T LB LV AR R A R E BT L P ] R T e B
N

4
FREFAwEwe

14
{sh
%

23 FFHFEAMBAR

2

&

e

N
~

LAET 0 S SR AT AILEFE LA 1 R #ha 45 e
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2.3.1 Pearson’s Chi-Square Test

Pearson’s Chi-Square Test [4] > * fi i + g 2o #3003 BFR 1, 4 BRHE I Reh
WXL Rt F 2 B R RN S RIS L R S B
TETFE L GE RSP 3 T AR o F SRR E 2 e 2N (18) T o H P

7

Oij * 7 F - - ﬁﬂﬁfﬁaﬁ‘l"tﬁ"—ﬁ ’ E,_'j Al & ) I d ﬂ'.iﬁ_,é’ﬁ‘)fﬁf;‘" °

(0,-E,)

2: g g 18
X ZJ‘,—E (18)

g

2.3.2 Likelihood Ratio

Likelihood Ratio [6], [10]§+>* 3 B 3 20 1,87 4> BI3EA B E% 0 1) Hy 62 4 ¥ g
B o HNMETET A ERME ) H 8 eI M e H 2 Hy e ® &0 4258
(19)20)21)# 7% o

H;PQggzpzpﬁJa (19)
H,:P(t1,)=p, # p, = P[4, 1£) (20)

p=P(1;14)=P(1,17)=P(t,)

P\t Nt
pﬁ:POﬁn):_éﬁZT) @1)
p,=P(t,17)= Pli)

B GRERLAGH G T ATEA 1oOn i % a2k IRDIIE I Ons G
M=t L2 e 38 - IR 0y 5 G MehHe> 238 782 4-F

M=t Op 5 2 MR+ 7 IR et e o
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2 LG

Lot
L, 1 On | Oy
tj | On | Oxn

Wit 10 BE 2 4 a5 5 - 58 ;% 2 {7 (Binomial Distribution) » = 4%35%(24)
Lo A et E Sk hept - ko fF Ut E H ¥ H, eh Likelihood Ratio 5 4v = 42

X (22)(23)#7 7

L(H1)=b(011;011+012,p)b(021;021+022,p) (22)
L(Hz) :b(On;On +012,p1)b(021;021 +022,p2) (23)
b(k;n,x)= [Z]xk (l—x)(n_k) (24)

(8 kg5 L(H)E L(H,) " .3t & Likelthood Ratio & A » 40— 4235 (25)#77% o $ & >
B g st F ¢ D dg k& (ConfidenceLevel)k 3 h (ke 2 & ;5 g KM F 102
#258(26)% 7 0 a 5 7% &g %' (Confidence. Interval) #} ] e 5 o B h| ki > § «
=0.005 P » £ m BaF KM 99.5% » £ A A B HEE S 7.88 0 § A 4 7.88 pF

Fom R G2 BEF MG R

L(H,
(1-a)x100% (26)

2.3.3 Mutual Information

Mutual information (MI) [1]7 & - f3 5 F@FLAPM R0 2 > HE 2 2 L ¢

R BFELE LR LE LER DRIV AT A0 ZNQT) T e
] ]
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P(t,1t,)
- P(s))
Mutual Information if & * ** || d BF FF el M GEFH2 > @ 3 * 302
B F A EARBE[19] o £ - HEPEBIRE o & ° > (house, chambre)F 1l & >

Eir X kg o op) (house, chambre)=4p B 143% ~ 3t (house, communes) » R m » & G x?
i % 1 FEdne d gt & ¥ v 12 Mutual Information 371 & B F @ 4p M B 0 (house,
communes)® (house, chambre)iz 2.3 @4p B 12 £ 7 % > 3 & 3535 Mutual Information

BEEFEARMIE R LR EF NG BFEE DT AR

% 2: Mutual-Information # i

chambre ~chambre Ml o

house 31950 12004

~house =473 948330 4.1 553610
communes - ~communes
house 4974 38980
~house 441 852682 4.2 88405
24 ALF LR
ZR%ILW‘JLQR%F‘IIIJ@-’] ILI,’I‘J‘%}\A 33_, ﬁjé“%,\ﬁfé)}}%i?%jﬁ;%#"
AR R ARG ROk T 2 %%@%%k?w CLFARLT e

,,,_,,

ot AR TR L eniEARET 0 FRBFRED A IS BEFLER 4 T
AL TP b e T A MIE EE FARSE R A [13]

1. #FRr R AR

— A T AR A SRR AR KRR DA R AR ARl N 2

¥ NPE

-~
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BT F SRR FET TR G e LR BT G AR kR

Val

pE

F_&
“E,“\
=
=
e
3
=
Pl
W
hpas)
9
N
[
-
P
S
E .
=
=
prui
.
[V
=
ER0)
s
3
?‘IS
e
A

’l:_Lj'/. =

._.

[
=)

=K

BEEFRr RF ARl e B S AR T
Z\m‘*ﬂ J-&_j:?&m;P-ﬂt«’PﬁF%IJ 3?;&7\7 Paﬁj%i"ﬁr'g] 5’:"{_7‘[-‘0

B 5 - BTG 47 HE 3]

2. Ak B

FrNBESAEE O RBAIA AN EEDEEE R §T R G B
4ol 6 7T e
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o

F

Similarity
B 6 MELRB AT ERSES
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Fzd MAEB L ULHARLL

BARY O BRFHEAFTRNOMAT R LY ELoEFEZ N E o B HES

(\x

I~

-

e NLARAT T o B RJRE U F RHGEHE SR FRA BB d o B ARP W B 2 e
SN LR P R TIEA B 2 A R ke & WA R T
A& LG BARR 0 AW G F AW E 2 (Data Pre-processing) ~ 2 i* 4 ¥ (Document
Clustering) ~ #¥ & & ¥ 2 (Cluster Post-processing) > 14 % R4 it (Visualization) » * & ¢

- AR - B AR B

-~

F}-

Visualization

Pie Graph Radar Graph
Cluster Post-processing
Document Clustering

Semantic Document Clustering

Concept Extraction

Feature Selection

Data Pre-processing

3.1 o B a2

P TR RJE 2w AWP AT & chE kB (Corpus) o AFE Y E Y
CiteSeer [29] ] 77 2 i 5 3542 & » CiteSeer £ - BT L EA P H 2 =B 2 4 #
Jedrena KAp g 5 0 ¢ 3 Y #5245 (Architecture) ~ + 1 47 (Artificial Intelligence),
7 #g P~ (Information Retrieval) ~ 3+ & 4% i (Networking) ~ ¥ # % % (Operating

Systems) » 1 % 3+ B 481925 (Theory) & » & ¥ % Bk p M F = > ¢ 2 48 (Title)

%% (Author) ~ 4 & (Abstract) ~ %4t (Publisher) # 51 * (Citation) & F 3 o “,ﬁ% T
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Eenf i=2_ ¢ 5 CiteSeer 2% = 7 31 * % 51(Citation Index) > % B ¥ 64k~ T B enil * B
ol et R L e ? 54 E P o Blog 2 R FF g0 23 Google
ﬁ?PageRank[32]"FK{ié;ﬁﬁl?f foaz = BE TR Tt 332 PR WP heim 5 iE 5

F R R I o

ARG ERRAEAE R 2 5 R FALRR 4 R INA ALY 3 4 9 R G 1000
%3£’E%&§w§*”£EH§E§%%3ﬁﬁ%@ﬂﬁ%%ﬁﬁog@ﬁ?az

Renfiin ™ o A BE e e B 0 L e g -

% CiteSeer en% % 31 %8¢ » 287 7 & ¥_Information Retrieval 4p B 25 = 5 3734 E >
i&%éﬁ%ﬁ?%ﬁ@ﬁﬁﬁaﬂ’iiﬁﬁﬁiﬂéﬁ%?”3UW%WWM‘J
B it (Lowercase) ~ #1 "% iz * F (Stop Word) ~ 2 g7(Part of Speech, POS) ~ :#iz #& &
(Word Stemming) ~ % 3% i* (Chunk) [27] » %4 S| FP 40T o

311 $r F & B

aﬁﬁaﬁﬂ’%ﬁviaﬁ—ﬁ%omvm%“h4 EE RIS ot X

v
\ &
s
_‘.ﬁ\
B
aRf
pbd
)
4
NS
(;‘i;
=y
f\f\t
i’
i
1
~
i

Prided RenF f - bl e = s R L

ST AN > AT R SRR | BN | (e 3 SR

312 %% F 2 rJdl

Ui tr F i8> TRAIEN R PFFEF S - X HuBR ﬁ%@q‘ﬂfﬁﬁio%
FF ARG ER LT RTOEGF R AR Tl e 7 A ke s dp R0 s

Eﬁ?ﬁoé%ipi{u?ﬁﬁﬁ&;ﬂmiﬁﬁiﬁ&ﬁ@%aQQ%%3@%&
MA EY o F A ERFEH S EFAAGARZELE T TR AT Y 2 R

i > & I F 4 (Data Cleaning) 57p eh o & 3 5 8% 3 54 ch— 304 o

-19-



403 mAier 3

7 4

, the p In to of
a and that said With for is
was u he from  Have he not
had by it they Who  been on
but has news an As  where at
be which el states About him  you’re
whenever wherever whom willing  Still way take
3.1.3 # {4 #&3z(Part of Speech, POS)
—HA T o BT Y B R < A LR LY e e iR

AFEFFNERAIL - AT ¥ @
Processor [30] % ¢ ¥ » NLP Processor i * :z % ;% Penn Treebank Tag-Set [31]:& {7 3" 4
g
= B

9

, 2,

i AR FlE Y v s A e

§T d )I] ﬁﬁ—}_‘" % L’I‘JLL 5

o

m>
‘Eﬂ
4k

DI EE L B (Training Set) & 4

BB 2

w

"2 @) 8 &1 CiteSeer R < ﬁ%] » NLP-Processor 2. {&. > . R

¥ oap a7 XML HR e 0 5 Ao B9 HEor o

we propose a hierarchical demand based replication strategy
that optimally disseminates information from its producer to
servers that are closer to its consumers

® 8: CitesSeer /i < # ]

AR Ndrd 42 4 5T o AR A A XA DR - N4 5 E R A

R BALF * e 3P (Noun) ~ ) % 59

%8 (Open-Class) » ¢4 58 W] * 0 & 57 - MR
(Adjective) ~ 537 (Verb) » 17 2 gl (Adverb) & ; % = %4 5 41 B 2 9] (Closed-Class) »

By VehF KRR T F ‘{;*%'r} B E ke 2 N K AT o Blde k3

#(Article) > 1% F 5 &2 WH 3 3 o

B SR

(Preposition) ~
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<S>

<NG>

<W C='PRP">we</W>

</NG>

<VG>

<W C='VBP'>propose</W>
</VG>

<NG>

<W C='DT'>a</W>

<W C="'JJ'>hierarchical</W>
<W C="'JJ'>demandbased</W>
<W C="NN">replication</W>
<W C="NN">strategy</W></NG>
<NG>

<W C="WDT'>that</W>
</ING>

<VG>

<W C='RB">optimally</W>
<W C='VBZ'>disseminates</\W>
</VG>

<NG>

<W C='NN">information</W>
<ING>

<W C="IN">from</W>
<NG><W C="PRP$"'>its</W>
<W C="NN">producer</W>
</NG>

<W C="TO">to</W>

<NG>

<W C='NNS">servers</W>
</NG>

<NG><W C="WDT"'>that</W>
</ING>

<VG>

<W C='VBP'>are</W>

</VG>

<W C="JJR">closer</W>

<W C="TO">to</W>
<NG><W C='PRP$">its</W>
<W C='NNS">consumers</W>
</NG>

<W C=""T=""></W>

</S>

Bl 9: NLP Processor EJZ % %

Fo 4 B g w enfdaE

B 2zggwl enfd s (open class categories)

POS Tag Description

Example

1
JIR
1S

A5 % 3 (adjective) Green
L A, % 3 (adjective comparative) greener
BB %A% 3 (adjective superlative) greenest
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3.14 #iz

R S

g g

# ¥ 2914 2] & F (Morphology) + #1737 4
X Bz &l = # £ ¥4 E 1 £ Morpha [33];

e

RB w3 (adverb) however, usually, naturally, here, good
RBR v B g3 (adverb comparative) Better
RBS BB & B3 (adverb superlative) Best
NN i AT (common noun) Table
NNS 48 #c &3 (noun plural) Tables
NNP % 3 %3 (proper noun) John
NNPS  4f#ic® 3 %3 (plural proper noun) vikings
VB ¥ 3 (verb base form) Take
VBD #3004 34 (verb past) Took
VBG irv é’ﬂ (gerund) Taking
VBN # 3 & 3 (past participle) Taken
VBP 2t5% = A fLde 3@ (Verb, present, non-3d)  Take
VBZ % = A fL#+3# (verb present, 3d person)  Takes
FW ‘t ®F (foreign word) d’hoevre
50 3B A fEsg
B v enfE s (closed class categories)
POS Tag Description Example
CD #F (cardinal number) 1, third
CC i#f #£3 (coordinating conjunction) and
DT ip 3% (determiner) the
EX there 73 %3 (existential there) there is
IN i % % (preposition) in, of, like
LS 7 4 #8347 % . (list marker) 1)
MD 3% # 3 (modal) could, will
PDT % " F 3 (predeterminer) both the boys
POS 73 1 %% | (possessive ending) friend’s
PRP A f]a_ ¢ 38 (personalpronoun) i, he, it
PRPS$ #1352 % L% (possessive pronoun) my, this
RP B (particle) give up
TO To (both “to go” and “to him”) to go, to him
UH J B3 (interjection) uhhuhhuhh
WDT WH R gg "2 23 (wh-determiner) which
WP WH B &g & 3 (wh-pronoun) who, what
WP$ WH ® &g #7173 )a % %3 (possessive wh-pronoun) whose
WRB WH F £g &3 (wh-adverb) where, when

i 4

i

fEE et

<

SELEEE I

/e ] ’*’: 2= [ o 2 Ny 2
E-URE - 38 Sl Ve SR TS s 2 A —E;.gﬁ

FH o £ I Flex R [15]:& (730888 3% o

2

UEar-

A AR e

S 42574 (28)(29)# o
-22 -
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{A}+{C} "ied"{return(lemma(3 "y d")),} = carry +ed (28)

"boog1ed"{return(lemma(3 "y"," d")) ,} = boogie +ed (29)

=R RS MERNA T TR AR PREDS]EES 30 0 S 2 N (28)29) R AL

Bt ied B BRI T G B[P Waes B K B G S AN FE

&

NE P EZF R TR R R g o

FrehitEd BT i EGRE-FAS I AL N I maER o ME L
* P2 F T HFRGEF AR 0 4 ¢ next month ~ recent years £ a critical point o 43
BPRET R M EEFE NN LR EE T MEFR AR DI R ML o ¥ 4
AREZZ 2Rl P SR FARAHESF > FL G EETF R F a4
Fledfa? kol 3iby 4 A apffemiiit bz R o NE AT E (Word

[

Sense Ambiguity) > i&4_¥ -

=
&
\ax
oy
mE
m
-
2
Br
o

~ 7 @ % NLP Processor 1 L i&fa 835 it » U & *%’gi P2 R u e (B

L

BT RILMA A N R A SR DT ARE o b T TS
L

I% i

(Data Cleaning){é e ® » g s N4 2 EADT A2 P F P53

F2RpM R > Tp o eRF LM B 0 £ 2958772 %(Graph Theory) i 12i&

FiERE AE NEFA TGP o d G AR 2 o EAH -
32,1 #FHEH

4o e i 18 45 HE % (Feature Selection)d' i3 i & (% & [ e &
FPek T MR EFPIRAY EAFRAN PP FHRL S §IIT F PR

ot bR K GE 7R ACE B -
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1.

AN

P HGE R

Z
&
™

RRs TR ¥ - B RED T AL R FAUE

R A EG TRTIELL - i 5 R § S A HE A R A

F_*

Jet

ERAPBAE TR AP PR T ML & DR o R SR D

=

i fze & R S5t (Dimension Reduction) [23] » 38 * MR gt ehdjie 7 2 ¥ 12 e

EpE AR AR R et FEy 2E~ Baprg o

2.

RET RAET G ST RDHBAE FBRE B

a) HBYpE-F~

e
|
¥
3
3
S
=
|
=i
(‘m\&
S

b) M EFE & L

©) A AIFALE NIRARE F T 5w

?@%Lii?oip;%ﬂmﬁ&i%éilkéiﬂﬁﬂiﬁﬁvi%

¢
=1

NI e UL FRL N 2 B 8% ¢
d) % hFEALR DR e

F-BF@ABeEcr ORI M FEEI VTR EF LA E Y o

A0 AR TN RAFNT UL 3K o

CE PR AR R
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A2 BFavz R4 R £ T 23 (Co-occurrence) i ;8 k2t 8 o Azt B £

%
M FLER - BREE AFL AT R ER TEA B ak - o DR

L5 ip M R E 4 * d Likelihood Ratio #74 ¢33t ;2 ! Log Likelihood Ratio
[6][10] - # gk % Sd B Sfornfgde (s » v 24 - B E Wit adks 5o 8
38 %2 5 % Likelihood Ratio & A L P~¥#ciE s » £kt - ¥ 82 -3+ ¥ 2logdin
WARAC(30) 7T AT R P ESENDAMFUEONREFEIAMARZTE -

:—210g b(Oll’O +012,p)b(021,0 +022,p) (30)
b(OH,O”+012,p1)b(021,021+022,p2)

O, +021)10gp+(012 +022)log(1—p)—
(011 log p,+0, 10g(1—p1)+ Osylogp, +0,, log(l—pz))

dE AR W% 5 R AT A AR ATt § LA g e e

KEPEL 0 3 & (Abstract) ] £ v yiméﬁﬁiﬁﬁw@?ﬁiioﬁﬂﬁmmﬁﬁﬁ

V2R HCRLE  RE & g T FRETFAAAMAER  SEH AL X
5. 1 fé-‘f—f*j"ﬁ((?bg 2o %\"H—’ é_j\}_?ﬂ %Ei:‘-‘ 200 7t 2 t] F% E_,#E'Fﬁg)i rij F 7%

de(31)# 7 o

1, = —2log Ax weight
2.0, if ¢, & ¢, are both in title (31)

weight = .
1.0, otherwise

P o2 fs o BRI SN R AAT B @=0.001 0 WY A2 99.9%:H

FHCM o R B 1083 P 4 T B MM B & 6 5 FIE - B M R

>

[£=8 K‘go

>
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% 6 PFHCh AF B

t; t associate weight
self-organizing map map 149.719
Wapper induction  149.719
mobile agent mobile 140.27
Question answer 138.388
Latent semantic 136.149
Label unlabeled 134.316
computer science science 131.792
Precision recall 106.873
Smooth bandwidth 93.8361
Information extraction learning 93.1027

G301 E A e IR R PE N AT B R A M ©0 R E T M
M T BT kA Sdeie 1) B B B GhB AR TREA B o P4 F Bt
% L #-2.1.4 83 3 hBl 423 A % Topic Keyword Clustering ;& & 2 [2]4v 1418 32 » 12§
LR TG E o B 10 5 FEA T B o Al H g B BT 2 o

Construct feature Identify candidate Find candidate
network features feature groups

N e
T

Refine feature Merge candidate
clusters feature clusters

. 22 P L R

B — o] &R AR AR R 1R R L R ST AT G

— 1B 2h(Vertex) » AR b 202 — Bif(Bdge)i s 27 > d - B Tv L4 - B
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ok e B ] 0 X T S B e B R 7 RS

a) A REEFIN LR

R RN DR TR PP S RREIN T F LM GRS R
PR A B R A R TG R R ELR]  4oR] 11 T o AR
Herd gt Bl AP RLP PR B0 Bt b o Bl ¢ cnF (B2 27 Information
Retrieval 4p B cnfd 423 30 > F R E X LM R T35 el 2> wifep

LEREFE2ZT g R AR o

slory
documant nEWs
collection filtering
self-organizing content-hased
map digital library

SOM
multimedia

world-wide web

gaogle

Bl 11: g5t 5

b) % fFE R BN B £ R DB

# fﬁ? W E R TIfFE R R 1 0 TR A BRI R R 2 R

o E 2 4G oy 5BV, E BV nF AR R 0V 5 2B VAP AR

2k oom G BE VAR AR BE B i 0 FpBREE T L SR E AR 2 B en T iaiE

AR IR LR 2 s kA R Y 7 LR gk

B HET A T B E T e f”f AT a8l > e @] 12 T 0 BT

g4 ot 7 & & en®E > - codec  story 0 news » google > yahoo #% ‘$ °
2

Cw ===t " (32)
' m
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document .
collection filtering
self-organizing content-based

map digital library
SOM g

mmltimedia

mpeg
]
codec(d \ 8998
engine >
video gme  ahoo

2. PRAFB2 2

iE- W%@Wﬁb+%7%¢ﬁﬁﬁ B - o FRATE 2 i E AL R RR
o IR chBE & 2S5 N £ i gt B Y W e A RE R
@%E—%ﬁ%ﬁiiﬁﬂﬁ—ﬁﬁ@’ £ﬁ% LAY L A MAF R RER

ity B 4o T
a) k-Nearest Neighbor Graph Approach [5]

TRE Y E BEL PR R k BEE - B B e - Bl B
(Connected Graph) » *# 7 fiL2 5 #FkizE e o k Egf ¢ B 550 ¥ p 0
SEO% kKER g% FAR g Boom A - Fe Fendiiey RS g ER
AR B  F A g2 A Eaoms o T RER PR Ao
BEARES A kBB BRI EALE S HE R AL DT RS
B hAEP2PFERERGE > AT Pk S 2B 13 ;%g%i’vnj_%@ﬁ k-Nearest
Neighbor Graph Approach 4 e % » £ & Z v B HcizE e o
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document

collection filiering
self-organizing centent-based
map i @ digital libr
SOM < Y

multimedia query

audio search

. cngine
video Bl

B 13: k-Nearest Neighbor Graph Approach 4 # %% %

U R GEHAES Y s H B R AT R GE RN B E A
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!
=
|
PN
9]
159
p—
Ty
s
=
Q
]
D
=y
Sk
J
it
-\?jg
Sy
e
&
3
Q\‘
)
fm
Q
3
=
(ﬂd\
N

Wo, =22 (33)
£ EE G

\

A4 IFERFHSTE2Z S # Y Greedy i & #1541 3 i@ 4 (Inter-Connected) 3 52
NiFEF S B3 FE T2 E B o TR R R A ikigS BiFE S
#eh3 i 4p M B (Relative Inter-Connective) k3-8 o 225 3 N 5 a8 B3 #Hp 2

e BE Qe it A B FORE R do 2034 o F b s

St

s TR A BIEERE FBED - W HPF TATES +#73
AT AR BRI > FIQL T s P EE o MR 14 5 b o iFE 4 ke {digital
library, self-organizing map, SOM} % {document collection, filtering,
content-based} B Rl 415 > ¥ X i E AT H2Z FhI dApM A S &

M LN BEATHEGD FRE s BPEE 05 PEE A ek o
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E(G;.G; )
R T o
G; Gj
story
document "-CWE'
collection = filtering
self-organizing 1 content-hased
map b!zh ital library
SGM ..... gl
multimedia query
. world-wide web
PeE dalaby ccogle
odec
¢ gudio  search
video engme gahg-g

Bl 14: & & 45T %

d) TAA A S H

\\i

B R 2 Th 0 TN R B R g A LI G g ik
éﬁ@ﬁ%’é3%&@?*4%€@¥@%éi BN e f R e
LAREHL e Bl R A LR LR BN BB A hm RN IER R

¥R RS A o

fl* & B3 2 FEETI5E 2 28 % A (Connected Density) k 3+ 5 & # e

=
=
[y

ioéﬁim)"'a-z‘\'&f'(35)°@ﬁ?&p ’/;:5- F\ mé'@;ﬁt“/\u 3 5 %3:
Bk B 4o(36)7TT o B FHEOE L N T IR E A F S EHR B
WL DR PIBFETERT PR (R TBRRL R S HERE

R R o R WA EL 7

M 55)

O )

-30 -



W«W%NGkﬂ/ (36)

CW =CD(G)x AS(G) (37)

"B 15 5 B] o {multimedia, mpeg, audio, video, codec}# Z 7 I B4 x> {SOM,
digital library, content-based, filtering, document collection, self-organizing map, story, news}

_ x5

@ 77~ e {search engine, database, query, world-wide web, google, yahoo} B
§ 5 BEA FBENTIOBED L (BH6+5)/3=633 A E BIHER I T E §
2 FHfco d P T v, F e M SOM th3 R (TR L 0 Hd 3 E & A story

% news # % s )T T PN BB BN che F b EE I PN S et

PEFHEHBEI AN TIORER ) A EP 7 7R DR T R RT R
P FFEEG RSN TEEE > Pl A T RERN Gl R O o sk
E*ﬁﬂmjf g «A\ »,J-gtﬂ HiE — ,[;_+ ,Lz\ %ﬁ*ﬂhu,‘;{j\/};ﬂ ;lg_;}.:‘./{gr(m/ﬁ\ »,J-g:
LTS K
docuiient

collection filtering
self-organizing content-based
map digital library
SOM
multimedia query
mpeg world-wide web
data
codec google
andio  search
) engine
video Bl yahoo
Bl 1S 21 Fjs ¥
323 FZERAAMAE R B2 2 o0
B322FB 2 de chE BERAZ 1S 0 B2 EPN R BB AR 0 A K 2
A B GRER R (TRABHEEARE L o



L A2FAApmAwE

AR E D EFHEC, R ’ﬁ:}%&z.zg_i kBREAFH - £ 6 5 n

BEAO R 2D EPEFFC, i n BEAE T B AR

A

RN B BB R P g 2P ch TF-IDF & > 12w & 77 »

P AR B SRR RE WS 0 A

SN

FHEHOE LI NE s

MIRAEA ST HEmPF v B EL 1> FRE 0> 40(38)#77F - & * Cosine Similarity

N

PE Ut R E - BMAFTHEHSEOPNAE AN AETNL Y 2F FRMA TR

BeoABeitdegdsd - Brhd? BMATHEINMAED R » 403977 -

C, =(fis fosws f,) Where m=1,2,...,k;
D. :<w1,w2,...,wn> wherej=1,2,.... N

J

n: # of features; k : # of clusters
0, if fe¢C,
" lLif £ eC,

N : # of documents in ¢orpus

w, : the weights of the-features i are estimated as TF-IDF

SDj = <sim(Dj,C1),sim(Dj,CZ)...,sim (Dj,Ck )>
wherej =1,2,....,nd; i =1,2, 5k

2. wFEc EAH

(38)

(39)

v e FE (T E A 0 H A 22 5 A A Bisection k-Means i ¥ 2 [24] 0 F &

Britg 2 BARG - o HFHE AT

Bisection k-Means & & i :

31,?]» Tn B

ﬁm:k%ﬁ

1 EFEH- Brxs dlar

2 #3%FE L 2-Means iF B 2 A 5 B

3 OM22&BF2 LER ML AERELANER2LE 2
BEApIR R B2 R H IR KR D
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4 B2 2 EREIPHRASFRE
4.1 FIEFALA G EF P FTERAGF kK1
42 EHE LYV FHREAH N FEEP Y B TR E | D

7] Fé"*’qﬁq’\ﬁqlqug”laur JE"/”&\‘#"

Bisection ~-Means 2 %18 » 2 2L E A RRZ A o 2 T L HEES AT TR

FHFI B AR o R PR R IEH N SRl 1R 2 NN R -

3322 18 8 BT

—\

b & Mg A e - ETER T A HE R R T R AL (R AU & A

-~

LA B 0 ¥- B3 AEs(Labeling) » $43F 91 & i A £ 5 3 o F 2 B

(w
=3
g;
=
o=

0> poansl 2 F (Citation) 2o 4p i B 2E = H B 32
33.1 #E L

v EAFEARE M HEPIREIT A e AR B e SRR G Sy pag T

S b fRE - BEATN L AR R CRATY S B hil e S B L BhaE

AP Ew & REFAP VAR B F OMAFTFHO DA T B e FERs ko

GPES T RS gE Y ] RBE LR L PR AR HORES T L R E e
A

BER A0 30 e MBS R R ERE AT 0 AT R T ]S ARk PE P

1. FEhEEs L 2k
LSBT > BAERLFE LT E G R E RSN
3. U A4 e iR F R R

B
4, BARE BoF cho TE AL Bofs B enike

332 e 250 2 Rk HEM G

TR S B AR S A o KA
A0 F 2T BB L EY 2d 3 A5 £ CiteSeer i LR » @ CiteSeer

gFd AN HEZ T R il * % 51(Citation Index) - I #* PIE M AP T A FE
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#p 51 * < (Citation Article)sp i & » i 7 % i & 051 * B #%(Citation Relation) » &
MmAEEFEE Wi B DRSS NRHERE N A AEYTY 2 BF

RPN AREZRS e KT KD L5
1. 351% <2 2 4z:8 % (Hyperlink)

& CiteSeer FALE Y » 2 B R 3l % 2 R 8 < 00 LR BT LB B TER
B AT RALG - 2 B2 R T RS E ARSI e R4 R R

< A3 l%#gk’?'g—_o

BB TR AR D 2 Ao@0) T | B 2 2 di 2 dp £ link(d)2 link(d)
B AB A 22 R 0 4R R Rl 2 R £ % L link(d) > link(d))
2 F| 1B o

‘lmk ) ke () )\
mln(‘lmk d;) s (dj)

linksim, ; = (40)

!

2. lr R

&

B8 CiteSeer v 51 % 2 6 e R (A2 & » R F A3 K51 » F 2 g
AR RMIT IR EG A B RZER TR

T Rt Fodga sty BT R Y R 2 R RE R AR 0 B

/\\

=5

P fE —?1 BB AT o RN E B 2 o R v i AL T RAT R

=

» £ 1“2 {8 » @& * Cosine Similarity i& {7 4p i & 3-8 o

f?“'
\‘&r
¥

AR ES B NRE AP EEAK S NP E 22 4 2 di e051 % Ap i B
DR(ij) » linksim % 77 31 % = 22 42 S 4p 0 & » textsim P 5 % < 22 {LA54p U R >

S de(d)¥T 0 AT b 0.5

DR(i,j) = a-(Zinksiml.’j)+(1—a)-(textsiml.’j) 41)

FER O M AR LS 2 b R PR T RERE  FH G Y
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2 (T dieCy) #CF 2 R d(TdieC) EdiE diil  Ap R AP EE O
PI#-Cp % Cpendl % et 10 8 PIFEF 2 el B n’ﬁ‘ﬁF F oA ko N (42)
B Cu% Co24p A o S is i 7ARE P> % CRmn)d = 3| 7] 705 L i Ap

CEL R RN EEE S

Define a threshold &
# of document pairs (dl. ,dj) that DR (i, j) > 6 (42)

)

CR(m,n)z max(

3.4 A4 1 E AR

—

REG AR S SR ERA SR ¥ - B Y RS ELE R A LR
Fo - pRARAT R AT LA %

¥

A
%

WS R AR HEP Y Sk TG - RO QREA AR THAS HR
¥

|4
[B=]

/!

R o B 16 L b0 F - L Eehe 3 4 gk T g2 )

i\4
—

v

R R] RAp 2R A G ow AR B IRAROCR R KRR > A W A collaborative filtering >

speech recognition > self-organizing map > decision tree °

ﬁé%ﬁu’ﬁf'“"‘k{ k4 EHEFEL MM A AT ERARZ > FTER
M AT U R R H e H L Bl G R  UE 17 A6 B R 3 i
- FHOALME  THERF - BEETAL - BEGE LG PMAEIE  SEFTERT
5 b T fRLE S H 2 B eanip M AR R 0 Bt B P text categorization ¥ self-organizing

map P M R B o
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speech recognition self-organizing map

error rate document collection
collaborative filtering decision tree
information filtering association rule

B 16: A #HE %2 ALE

self-organizing map

document collection
decision tree

association rule
4.0.8

datun iten

. text categorization
answer question

- .. relevance feedback

-~ unlabeled docunent
large quantity

erent kind
rnation extraction

binary text
binary text classification systen

B 17: 32 3m %2 AR
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Fr ¥ FHRLEFLSPEIER

*i%ﬁﬁ?%*%ﬁ?%%%’iﬁﬁﬁﬁﬁé%ﬁfﬁ%oLw& ik % 4
h A R E B gL
T &@, EF]LL: V] f’,ﬁ_—% ;m, Jgﬁoj\,pi";_",’g%;_ﬁjszfé—%;; ,—'p»';h{;_; _g?‘i;iz,_;%#_l_

5

=

SR AP CR L A L AU § PR R 2 2 R

B gy 2 oo 145 & Rens #5535 Entropy ~ Purity ~ Recall 2 F-measure ° %
A EHON B A E LA s A B SRR AL RSS2

ﬁ ; N # i@
2 Bdp iR o gttt BAF TR DA FE S E 2 214 ¢ K 3] Topic Keyword

Clustering it {7 v“ #2287 & 47 o

4.1 3% > =

411 B pAHEE R

dRREE R AR L AR SR FE RN e A H S A
3 A 4 * & Information Refrieval [48 M eah = i F 8L > %]y 1245 Information
Retrieval 4f 3} 455 HE 5 ?éé’ié%;,%zl}iiﬁ#ﬁ AFHY > Rz AL =L T

oo pni AR 2 B F ke BT SEREB4LE ¢ 2

207 & pgEA chiE %

Class Number Class Label Number of documents
1 Search engine 12
2 Data mining 20
3 Speech recognition 16
4 SVM 12
5 Machine learning 12
6 Labeling 9
7 Information filtering 35
8 Agent 18
9 Computational complexity 22
10 Natural language processing 40
11 Text analysis 18
12 Programming language 7
13 Text categorization 28
14 Document clustering 12
15 Information extraction 30
16 Tracking 9
17 Digital library 16
18 Biological 4
19 Information retrieval system 7
20 Self-organizing map 9
21 Multimedia retrieval 8
22 Image encryption algorithm 3
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23 Markov model 9

24 Personalized web 15
25 Supervised learning 19
26 Query expansion 20
27 Naive bayes 18
28 Part-of-speech tagging 11
29 Wapper induction 16
30 Content-based retrieval 25
31 Middleware ~ midation 10
32 Broadcast disks 10
33 File system 11
34 Network 17
35 Visualization 13

BRI IERG A E2 > A AL E B S (Precision)® & > 5 (Recall) [18] > & # 5 2
B 2Feha e 20A43)(44) 0 AR FE G > F R KA AR TR R G At
e BB A DI R AN A R A AWNEE L D S A

B 2FhL A SRS FORE S F - FR PR A N R S g AL FERF AR

.. # of relevant retrieved
precision= - (43)
# of retrieved

recall= # of relevant retrieved (a4)
# of relevant

BT ORRRP R Ao 2 [21] AR AP ¥ @ % o Purity - Recall »
Entropy ~F-measure’ iz2 B#ciE 'y £.d FienF B X2 § 2 X474 @ ke mip

4o T

1. Purity

AR - B AT PR v R - B R RS (py) o pphR ARG B
TP AR BT A e R R e AR @S) T oy 2 H e F 2 A
Jee E R B s F i R g Fidpurity B p, i AEFEF SN2 pyo
he? A2 (46) 4T o F MR - e gihy B dih Y PR By RRE 0 8

BRI A FHES D Purity B p 2 o3 NUEDTTF 0 BY on dF e 2 Hk o

N~
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4,

.. n
Pij =— (45)
n

p, =max{p,| (46)
ni
P=2. P @7)
Recall
Recall #73- § = i fe Purity % KAk > A ld $505 - B > 57 13- 5 v 85
- B A R () R E S EAEN Y RS S H A g ol

S o RCOL S SRS U PEE T VRS R P
%5 Hc o g %] j enrecall | By, SAXFEFaEL o B {s:t;yg;/jg{‘g‘; FERY A S

fRecall & 9 » 4o 4274 (49)(50) ©

& 48
V., =——
Y n, (48)
I, = max{rij} (49)
n;
7=, (50)

Entropy

= - Fehg > 7 ¥ g W Y - @A ¥ s J 22 — Entropy © Entropy
(F)> &R FAERE ﬁi&&_ﬁ_@ oo A E BE G T U F S 42N (51)2 E
# Entropy & E; > £ 1345 E; 3-8 B8 2 3 % % 0 Entropy » 403 425%(52)%77F o

=_ijij log p, (51)

E=Y,E, (52)

F-measure
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J *tEntropy £} A A%F 0 HERALAH D 0 LB T R S
B4 HB Ky > X F-measure o $1% i % £ %] j ch F-measure » 3+ 5 3 j 4v> 42
F(53) T ok RAETPAHELE R Y 0 & - B2 o F-measure & F 0 #3477

FE AR j e Fij 2. B S B des AR (54 m ook m iR A HaS Nk

Magnle 7ih Bk cih v B g Bl R L 0 B A ¥ o0 F-measure >
“ f2.54(55) -

21, p,;

F="1 0 53)
Pyt

F, = max, {F | (54)

n;
F= 2]73 (55)

4.12 11 E 520

AR ARE T LS L FRE 20 BETHE SN OT R DT EER A

v

— A FIFHHEAGLEPMA VAR TS TARREF o - HITEAHELE RN

& F AP ap B4 (Cluster Compactness) s~ 4t (Cluster Separation)'? 2 % & o 3

# ¢ Overall Cluster Quality © & " iHmii P ig = fi=f > st b B2 [9]:

—_—

mORA

IR PMRS O p AR E T 2 B € X% B B (Variance) v(X) > M2 PR E#

g R B ve) 0 FE v N e 42N (56)5F o N G2 Rk X R & T AT
YRR T do 23N (5T) S diax) R T e B B SEERE > FESE T K o
250 (58) V(eI E S e v A ARk > MHE L HE R P EHEA Y 2EHE o

B2 [ ORESE > o 4255 (59) 47T o

=J§ﬁd2(x,-,f) (56)
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fz%zixi (57)

d(xi,xj):l—cos(xl.,xj) (58)

i
o e

LT R B-E - H (c,00...0) TR R ﬁﬂ:l’ﬁ.“f oyX)is BT i > 3R E o 5V 4e(60) 57
TFoHP CLERBHE F- ECmp> FirER2ESON RS > Cmp B3 43 0~1
iF’a“”iﬁCmpﬁ’lfﬁ_@f}’z\WA—iimp\%f\ 4530

Cmp=ii v(e)

C&u(X) (0)

LR

AR B S 2 ae(61) %R B3l Sep ¢ o % Gaussian Constant » C 3 #R
B # > d(xaxg) s ¥ ¢ RGP S Beniedy 0 Sep B (308 1 2B o § Sep ihie
Bl RAE - HOL R BF

Sep— Z exp —M (61)
i=l j=1,j#i 20_

Overall Cluster Quality

Bt it Cmp 3 Sep 1% e & 5|55 & 4 #c> Lz 5 Overall Cluster Quality »
POLER A FAE e 2N e(62)4m 0 B 5 Ko 2 Be01] 0 G Cp £

Sep 0t & o § Ocq B M4 7 FHHFERA G o0k 47 -

Ocq(ﬂ):ﬂ~Cmp+(l—ﬂ)-Sep (62)
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413 15 FIET A A 2 TR TR

2] S % PR 0 AL R b FEHE AP 1R i LA K

1% ¥ % & (Reliability)* } »ci (Validity) &k % %] o ¥ 2 & L4 & RA= 6 E427 7
- R A oAk RGER kA Y T nfk Al o A 5" Kappa

Statistics[34] % 3+

F4

L ETR T 0 Yes 4 on

LN A

FEFORRLARE A 8 L BIRP 2

olE,\“"”ﬁ 291“}’%4/} L2 I

LT R L AGERE o No R £ T 6ERE 5 B

Kappa= (Observed agreement — Chance agreement) / (1 — Chance agreement)
Observed agreement = (10+12) / 29 =0.76

Chance agreement = 0.586 * 0.345 + 0.655 * 0.414 = 0.474

Kappa = (0.76 — 0.474) / (1-0.474) = 0.54

# 8 Kappa Statistics # & [7]

Doctor A
No Yes Total
No | 10 (34.5%) | 7 (24.1%) | 17 (58.6%)
Doctor B e 10009y 2} 12 (41.4%) | 12 (41.4%)
Total 10 (34.5%) | 19.(65.5%) 29
73 0.134: § & &g K & (Confidence Level)iE 95%FF - & % &

(Confidence Interval) 7 (0.279, 0.805) > #-’%5 % d Kappa c1h%% £ > 4ok 9 #77 » pt

#= b enke & & 4 % Fair 2 Almost Perfect 2R

~s

£ 2

# 9: Kappa Table

Kappa

Strength of agreement

0.00

0.01~0.20
0.21~0.40
0.41~0.60
0.61~0.80
0.81~1.00

Poor

Slight

Fair

Moderate
Substantial
Almost perfect

FTAFAAN BEAoE 10 77

BB MIEALL R e AR
T

o

—ﬁ iﬂﬁaﬁfl v p}g % ’?\ﬁ:‘"r 2% . k2R F\ £

I
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30100 B RdEA B R A4

Expert A
No Yes Total
o, 0 0,
Expert B No | 97 (90.65%) | 10 (9.35%) | 107 (53.5%)
Yes 4 (4.3%) 89 (95.7%) | 93 (46.5%)
Total 101 (51.5%) | 99 (49.5%) 200

Observed agreement = (97+89) / 200 = 0.93
Chance agreement = 0.535 x 0.515 + 0.465 x 0.495 = 0.5057
Kappa =(0.93 -0.5057 / (1-0.5057) = 0.8584

B L W] 0.036 0 § 2ok E O5%RE » B 5 (0.7893,0.9305) » #
2%d & 9447 F & & /> Substantial 2 Almost Perfect 2. /¥ » 7= & % A 2 & 7B
B RE A AE B KL ABCFELY 0 b RABEL RB - RESE RS

186 2 » *ETF Uiz 186 2 R RIS T B R A o

FREAEFIRT S TN P RETE RGNS A R Y RV A R - H o R
T

oo

FAANET A A0 R AT RE BN EFELL L W E S 2 2 de 4255(63)

7 [8] FEA G Ak 11957 b

Z 11 22 pdEAB S ARz T 2L H A

Y N
% | Y | tpos |f pos
%% | N | fneg |t neg

t pos: B RIETARN > T AFEE TGN - FLR A B
fpos: B pgEA A AP0 > R AREE LN - Ho A B
tneg: b PR A AR 0 T A B R A BT - B2 A B
fneg: B pIETARI > R ABEEE LA FEHZEABEK
s B RIET H AP etk A Bl TR B e o
neg i & R3ET L A AR A Bk TR bk o
sensitivity * I IOk FES > WA FGE LR HD & RET SR b2
Specifcily‘ FAleht e > A LR S 2 Y & FOET 5 3 49 02 X
accuracy : X% & sensitivity % specificity m {8 enit Fg ¥

L _pos
sensitivity =
pos
specificity = f_neg (63)
neg

e pos o neg
accuracy = sensitivity ——————+ specificity —————
(pos+neg) (p0s+neg)
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42 PS5

421 M B RLHEHEFITR

v

PR AL ARER S o A R HE R R A AT M AR 5 50,75
2 100% > 1 &2 2.1.4 & ¢ enhTopic Keyword Clustering ;&% & j# \* o A B HE 5 0.1, 0.15,
05> @273 50,752 1003 o d HciE? ¥ 00 i § ~FBag 5 Purity 3 0 2

Recall + § 1% > % 7 4 & 4 g Purity & Recall (hiE & %% 2 K3 » A5 #r1 iz g

FiEd BiEanty 2 kG > 1 & 4% Entropy 2 F-measure °

% 012: NEFAHHEETELE2 B

# of clusters Topic Keyword Clustering Our Method
Estimation 50 75 100 50 75 100
Purity 0.3008 0.4084 0.5259 0.5359 0.6096 0.6295
Recall 0.3239 0.2569 0.2138 0.4709 0.3811 0.3298
Entropy 2.6289 2.0581 1.4362 1.7427 1.348 1.1622
F-measure 0.2472 0.2971 0.3078 0.4339 0.4643 0.4586

¥k 12 VB A BT o 4B 18 ~@ 19 v B20 -~ B 21 #7157 o ",% 7 Entropy fﬁ )
,ﬁﬁ»}i o Hp ﬁfg;&{@«' @Jﬁf vl FAHOR AT oo AT A HEIFE L ity B

7~

BEIREG Y % PR 2.1.4-50 Topic Keyword Clustering 4+ -

Purity

—<¢— Our Method —8— Topic Keyword Clustering

0.7 r

06 - e B
05 - ®
#04 -
®03 -
02 |
01 |
0
50 75 100

AR E

Bl 18: Purity #icig 2 ' #i2
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Recall

—<¢— Our Method —— Topic Keyword Clustering

L 2
04 | T,

#03 .\.:;
Eo2
01 f
0
50 75 100
A¥ B

B 19: Recall #c iz 2 +* &

Entropy

—e— Our Method —a— Topic Keyword Clustering

3 =
25
2 -
%5 TEe—
L T ———e
05 -
0
50 75 100
A B K
Bl 20: Entropy #cig 2+t fi
F-measure
—e— Our Method —=— Topic Keyword Clustering
05 - =~ N R
04 -
#03 ./-———I
©02
0.1 -
0
50 75 100
LERE

B 21: F-measure #cig 2. b $i
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422 NER L FFFR

i * Topic Keyword Clustering ¥ A7 3§ cn4 32 2 > o B #-> & 4 5 50,75 2 100

Bk M EY BAZTEA GO AR SRt 13

2013 UHEAGIEGL S

# of clusters Topic Keyword Clustering Our Method
Estimation 50 75 100 50 75 100
Compactness 0.9217 0.8520 0.7841 0.4914 0.4350 0.3806
Separation 0.6086 0.4820 0.4531 0.5031 0.4991 0.4911

Overall Cluster Quality 0.7652 0.6670 0.6186 0.4973 0.4671 0.4358

Wiy 41 a5 202 > R A TR - wp R4 AR E FL PR
fo& # & 0 Overall Cluster Quality e0{E 3884 -] g4 o #-2& 13 &1 5§ 22~ B 23
B 240 GRAET @i A LRMDAES E LR RS 2 A R L
%+ Topic Keyword Clustering> 4- & 22 2 B] 24 #7774~ L& 82 782 5 > Topic Keyword
Clustering> e & ficie F chL jE» Ao FIPL v REE 7 W E R A 7 i3T5 & 38 7 i3 Topic

Keyword Clustering °

Compactness

—+—Our Method —8— Topic Keyword Clustering

1 -
0.8 | .\'\.
kO.G -
04 s
02 |
0
50 75 100
i #

Bl 22: Compactness Hcig 2. b i
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Separation

—+—Our Method —8— Topic Keyword Clustering

0.7 r
06 -
05 r .\‘l—\_.
#04 -
7 03
0.2 r
0.1
0
50 75 100
A FE R

Bl 23: Separation #cig 2.+t #2

Overall Cluster Quality

—+¢—0ur Method —8— Topic Keyword Clustering

1
08 |

£ 06 | F\\\\\*“*‘—*
& 04 |
02 t
0

50 75 100

T

Bl 24: Overall Cluster Quality #c i 2. " $&

423 1L FIEFA B 2 R AP R ER

B FEAA A RANMRIER AT EA G A o ded 144 150 LA

# 3 ¥ Topic Keyword Clustering snEfg 5 > dod 16 #777 > 5 #-iea fAF 5 2 * 3

FARIWNY R HET BRERT &L A LR o RBTHRLE 0 AT fdp L

2 F ) w] b g Topic Keyword Clustering # /2 & % » 2 R F1 5 7 M1 5 2y &2 0w
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Title: using reinforcement learning to spider the web efficiently
consider the task of exploring the web in order to find pages of a particular kind or on a particular topic.
this task arises in the construction of search engines and web knowledge bases. this paper argues that the
creation of efficient web spiders is best framed and solved by reinforcement learning, a branch of
machine learning that concerns itself with optimal sequential decision making. one strength of
A reinforcement learning is that it provides a formalism for measuring the utility of actions that give benefit
only in the future. we present an algorithm for learning a value function that maps hyperlinks to future
discounted reward by using naive bayes text classifiers. experiments on two real-world spidering tasks
show a three-fold improvement in spidering efficiency over traditional breadth-first search, and up to a
two-fold improvement over reinforcement learning with immediate reward only.  keywords:
reinforcement learning, text classification, world wide web, spidering,

Title: A machine learning approach to building domain-specific search engines

domain-specific search engines are becoming increasingly popular because they offer increased accuracy
and extra features not possible with general, web-wide search engines. unfortunately, they are also
difficult and time-consuming to maintain. this paper proposes the use of machine learning techniques to

B greatly automate the creation and maintenance of domain-specific search engines. we describe new
research in reinforcement learning, text classification and information extraction that enables efficient
spidering, populates topic hierarchies, and identifies informative text segments. using these techniques,
we have built a demonstration system: a publicly-available search engine for computer science research
papers.
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