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Co-clustering with Dynamic Weighting

Student : Chih-Kai Chang Advisor : Prof. Chia-Hoang Lee

Institute Computer Science and Engineering
College of Computer Science
National Chiao Tung University

Abstract

This paper proposes a weighted co-clustering algorithm and applies it to document
clustering problem. The weighted co-clustering is an extension of co-clustering, and it
makes use of co-clustering properties tordesign.a dynamic weighting algorithm for
terms. Firstly, co-clustering presents both-documents and words on the same
coordinate system using spectral.embedding technique. Secondly, co-clustering
clusters documents and words simultaneously, so the documents that are within the
same cluster should be clustered together with their corresponding words. Based on
these two properties, the weighted co-clustering changes term weights iteratively. In
addition, an outlier detection mechanism is proposed in this paper to eliminate outlier
documents from clustering process. When the clustering process is completed, these
outlier documents are assigned to appropriate clusters. We conduct experiments on
three data sets and the experimental results show that the weighted co-clustering can

effectively improve the performance.
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BAPEHY s FES e e 2 I - 1 vector space model[2] 0 &
Bk AT o AP gE 2 - B word éh list 7 i@k list # ehE - B word £°
bz 2 E4Fh Ka gy &R word ¥ & ¥ kA T K Y F - AR
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2.1 Co-clustering ¥4

Co-clustering s#£ 4 ttiﬁﬁfjﬁ’ﬁ AP0 H e L Hofmann[ 15 ] 5 4 4% )
2t £ B F ¥ (unsupervised learning )12% @ @ * = ¥z (dyadic data)
fPApi; — AP BEIREHPR I - Bd A FAHY RE2 T LE L TP RE
BAiEpIAY - BREZY SHFPMEEN Y PRI A TSN T &
¥ EARE bl4e 0 2 24247 (text analysis) ~ TEGARE ~ B P E NI H o

R T I AR T EE N T O P S S S

| =

e R S A L L SR L ELE S
B FRERAFOTIELRBRZAAE- LT ERREAET SR DREEN
> Zhul 16 ]#74& e4p 3 4e 3 B2 (mutual reinforcement principle) » ¥ ¢ &
T E Y AdE R en ko2 P [16][17] e

Co—-clustering JZ bi-clustering e s w7l FF 5 7 3 A B BB 70
FEE ORI F S e 2 eI r > Dhillenl[1]41* 7 bi-partite H®3
kA u AR R M G REHBRIIE T R FRFA AR AmG g N
Spectral clustering[18]1[19][20]z + » ¥ % % % &1 » co-clustering = i
T4 OAERE* v BT EAEE o iR Zha[21]F A E 0 A B
(bi-partite graph)* % spectral clustering k# 74 ¥ a0 o % ¥ % 2
PR is B TG ool PPN % 0 2 s FOLI[22]3% N0 - B b
4 s e T g (feature structure) & B A 4 g% £
2 g+ it =2 (optimization procedure)if it #F gt &2 L ATHE ST -

AR R Pt d B o Bk &7 0  co-clustering ¥ i
- B R prEiL e T 2 A 5 2 5 B coclustering ¥ Mg d 4B

W f2[23][24][25] % f2i4 > co-clustering e ¥ 1 s Bt B AL R O

2 = € (triple)sh4E" 2 f2 > Long[26] % A & * 7 H v csprd & R > flia
5



Block Value Decomposition % 4 f& = %t 3 chaert 3 — 7] & #kse'E ~ Block
Value #E*L 11 % 7 ) #icdE'L o
b A BREFRAT S R e T asEE  HY SR AT 2R

FHREAT AF LG hF 0 3F F 2 2 FR (text mining)f|* co-clustering

=N

e F TP ¢ AR A Uk > Mandhani[27]% A & 41— BFF A 54 e

-

co—clustering i & i » & ? &% a2 F & F gt | & i co—cluster 384~
BFELT Y 2 77 2 NI E B%FEG B aF oPark[28] % A &AL
spectral clustering # {é e~ F 2 % 5 » ¥ 2 Latent Semantic
Analysis(LSA)[29] &t $i2 » 3 3 spectral co—clustering ™ 3 LSA i R F % e
TR T FEY A el R HLE R E 2 5% o Bisson 4 2 Hussain[30]
TE - BAR R an B AERY-Sin & R i 2 e B AP A 2 F B
Dhillon[1]#rco-clustering e il » & 1= i 5 & <hco-clustering & & iz -
B A HEHF LS ROKERE 0 e PSR Gy BAE A HahF B R i

E_i. o

2.2 Spectral Graph Bipartitioning

Spectral clustering[18][19][20] & - B A /75 % » U a2 g2 F
SRR R R R AR TR - BEP ORE B T aogp R ARF A28
F b ¥ B 8L [ AR 10 B P AR AR o SRR B 231 T 7 graph 0
bipartitioning » # - 3 »xF shheuristic > % & 1970 # E%f]m}tﬁ £
[31][321[33] » L i&— # & 1990 #4L4a R [34] - iT— & #-# H P spectral

graph bipartitioning & A R [18] % ¥ £ &% %35 graph minimum cut

2.2.1 PRITE

Bk F - ® & % Bl(undirected graph)G = (V,E) > Bl® # i% i (edge)t 47
6



7 € (weighted) » V = {vy, ..., vy} £ B:(vertex) 72 = ek £ » wy & i vj4p
@ b o Y owy 202 wy = wy Fwy = 0 AviEvi2 B ifdpid o
#_3% weighted adjacency matrix W:

W= (Wii)ii=1,...,n

G ¢ ¢ B gky; € Vifrdegree % & 5 ¢

di = Z Wii
j=1

%_% degree matrix D:

dl cee 0
D=|:
0 cee dn

Digtdsard » P 4 Mg 5dy,..,d,y e

B&F-Vend: B AV BlAeht & £ (complement) iz 5 A >

#_#%indicator vector fy = (f; f)TERMS :

{fi —1,  ifv, €A
fi=0, lfVIEK

B#RA~BCVIANB=0 8 %HA - B2 Fchweight 3 :

i€AjeB

2.2.2 Laplacian matrix

Laplacian matrix ¥ /4 % unnormalized & normalize o 7 3P

EVI

unnormalized Laplacian matrix > # % & 5
7



EELE G TR

(D. g5 e EfER" T4 F a2

n
Z w;; (f; — fj)z
ij=1

N| =

fTLf =

(2). L #_symmetric ¥ positive semi-definite °
12 DEWY 5 symmetric > #7724 L+ ¥ _symmetrice *d (1)¥ L 3

semi-definite °

(3). L ] eheigenvalue » 0 2 4p%F3t 02 eigenvector = 1 o
d 7 a0 L L2 eigenvalue o/ 2 F L & semi-definite > #1415 ih

eigenvalue ¥ =0 d * ¥ a5 () 5 /| eneigenvalue °
(4). L %73 eigenvalue(n )% 5 F#c> P 0=24; <Ay <Ay o

7 % #P normalized graph Laplacian ° normalized graph Laplacian

Y BT VAT

11
Leym = D ZLD2

4]

L., = DL
ELLgym B L& F TIAEF

(1). $20 9% o BFERD s T 13 & 2



n 2
£TL f—lzw<fi fi)
sym! — o ij\  — " 5
2i,j=1 vdi /4

(2). Lyu=2u = Ly,w=2aw # ¢ w=D"2u-

(3). Liwyu =2Au < Lu = ADu °

(4). Lyym& LwE_positive semi—definite °
d (1)¥ 4rLgyy » semi-definite » #HFFR#H(2)F 4v > F A LLgym
eigenvalue’ P| A » & L., reigenvalue’ #7141 Ly, 7¥7F eigenvalue &= 0

d ¥ Frl., % semi-dininite °

(5). Lyw3<] eigenvalue #0 - 24 %>70 2 eigenvector = 1 ° Lgyym®e’]
eigenvalue & 0 ¥ 4p¥*t 0 2 eigenvector 3 DV?%1 -
% Liwl =D71L1 = 0= 0'X1¥ L, % semi-definite » #7720 5 Ly, 2
‘| eheigenvaluec d (2)& (4)7 204 A Lgym 3| freigenvalue * Loy, 4p

# (0 2 eigenvector % D121 -

(6). Leym B Ly 7%73 eigenvalue(n )% = F#ic> TO0<A; <A <A,

2.2.3 RatioCut £ Ncut

%%~ B similarity graph G = (V,E) > % 7 #9715 8VA & 2 LKk#E >

BATE cut 40T

Kk
1 _
cut(Aq, ..., Ay) = 2 Z W(A, Ap)
p=1



1:"\:‘ 7A1U..-UAk=V’EAln..-nAk=®o

7~

Spectral clustering nF %,E:—TI.%{#J;‘ dt— % s i (partition) Ayq, ..., Ay 0 &

FHeut(Ay, - A s b o REBLHEB > FREEELLFERI S EF - BHED

KU ERE R G s I RN SY YR ) A HT} RatoiCut ¥ Ncut -

o

B & AT
k —
cut(A,, A
RatioCut(A, ..., Ay) = Z cut(A, A,)
k -
cut(A,, Ap)

Ncut(Aq, ..., Ay) = Z —_—
=t vol(Ap)

» Al £ AP B 0 VvOL(A) = Yiead; ©

BT ORGRT rof B fdeie 4 5] RatioCut s Neut b ) 1 6 o fig-
R SRR k=22 R, Fi KA ER R B AR B k=0T - Koo
A3 RatioCut

FoR 2 kit > pIRRES N

Ti\p RatioCut(A, A)

F L ke Bf=(fy,... f) ER"E :

| ’ ifVlEA
2 2.1)
/ | ’ ifVlEK

BIEE 4 o™ g

Q). fL1

2. lifll =+vn

10



(3). fTLf = |V| - RatioCut(A, A)

F 5 V|5 =& 0 #7245 JRatioCut(A, A) s EA4p § 45 I fi¢ FTLfh

B s s o FIR ¥ BRI ATA AT
I&li\p fTLf subjecttof L1 ® f,z %*(2.1) ||f]l =+Vn

fe iz % - @ NPhard SR 4L » 323 752 § sk chph Rk > 9502 B — 4 9T4)

R f ERME T o dopt VL BRREG S

Igelul&nn fTLf subjecttof L1 : ||f|| =+vn

(22

Rayleigh-Ritz theorem[35]¥ 4 :

* {3212 eigenvector ¥ > e g a0 G chszit ¥ 40 L4 ¥+ A, 2 eigenvector
10w F 5 AT Resb B 3 ] 0 A0 B Ap 428, 2. eigenvector o 18 f
{6 #-f 4 = indicator vector : FertH v e )’T'u{ﬁ?kV A

{vi €A, iff;>0

#FT REP 4o £ Neut 2 B B 0 B B4 K RatioCut 2 & | @224 &g o
FLEEDBE=(fy,.. ) ERVS
vol(A)

vol(A)’
f; = (2.3)

vol(A) o
| Jveiay’ "V

ple

ifVi eEA

1. (pHT1 =0

11



(2). fTDf = vol(V)
(3). fTLf = vol(V)Ncut(A, A)

ATV LR R A T AT

n/gci‘p fTLf subjecttoDf L 1 * f;% %*(2.3) > fTDf = vol(V)

e g %S
1}61“%““ fTLf subjecttoDf L 1 > fTDf = vol(V)

Bt #f =D 1/2g% x

Ig]}gl g™DV/2LD~1/2g subjecttog L D~1/21 » ||g||? = vol(V)
# ¢ DTV2LD Y2 = Ly, 2w A it LA $1 504, 2 eigenvector 5 D71/21
“Tr1 4395 Rayleigh-Ritz theorem > B~ g % Lgm#p$13724,2 eigenvector » B

f=DY2g o b tidck (2.2) » 7ol f 8V & FAHA -

2.3 Co-cluster Algorithm

7% spectral clustering 7% 1 > Dhillon[1]# & 7 - i spectral

co-clustering e &/ » L iFE 222 L ES - BH B E £

W

(singular vectors)if & chifiic~ % 2 Ferupila R 2 4 4 { dFehz ~ 0 3
(bipartitionings) ° co-clustering /¥ & 2 #-& * — B - » chaw Bfe » -
BERNEEe ZIABHEDEE R - H R AR AR RLT MR
MR F BT co-clustering & R PRIV T B L - e S ddFae R
VRRF-FFOLE FROY - FHFLLUGY BARF-HEX R OAFE

12



@%b > spectral clustering #&# 7 & ¥ i 32 3| f2 B b & 2
(minimum cut) i 4% > @A A 2 o 4ok A EAUFE 2L F ¥ g IPIFESHL ]
AEIBERARG TG H L 0§ - B0 WA ARV ] 7]
B % eispectral clustering /@ &2 g B2 € 13450 2 B ar ] > 4ot &
2.2.2 ] &#7if > RatioCut[36] H 1345 8hcrlic & & 735 % » It Neut[3T]R] ¢
TR EE > i F R U418 spectral clustering F B 2 ¥ % A iR i
#2 7% (eigenvalue equation) 7k 8 » H4c Neut ¥ 135 — B R 7 e i 38

Lz=2ADz, v % &7 - B2 L a0 F 3 AR RS FH 50 0 1RG0

g o
Dhillon i & #-~ F 1 2 F - 4238 {7 wJ2 > #702 Laplician matrix /4 % %
BRI SHREE R - BRI FNEFE > N F (2 HBETIRT PR
e o
D, -A D, 0]

= = 2-4
L=]ar Dz]‘ 0~ D, (2.4)
Lz = ADz¥® M4 B 5 583 (27D)

D1 X
| DJB Ao m“ﬁ (2.5)

U A BAFT LA BB RS B NF F T PR e
A, =D;Y2AD, V21 8 % B &~ f2(singular value decomposition) &% % -
WA A AN ZEF SN E LS SRR Ee EME AL WhEhs
30 5 H AR > k-way A BT R FIAELA, L B AL SA 2 F OB
P LN EBE B Lt B R S Uy Uy LB B R

Vi, ., Vo411’ m ui."1 z Viix‘ %\%’KE-An/;): :'—r_ ‘f? ‘3: l = ‘:"ﬁ'\é‘ ﬂ fﬁ_é%éi’),%;ﬁ% —g

—

EeE 0 %2 Euy, . Uy ERELE T MR vy, L, Ve 2RV R 2 IREF

2LART RIS (2.6) B HLAR T TA DT T k-neans i§ & 2 T &

13



N '

# k-way % He % o FEE 1 F#hE R coclustering[1]ww & 2 -

_[p, 72U
7 = IDZ"l/ZV (2.6)

Intput : Given matrix A and the number of cluster K
Output : Clustering indexI and £ — dimension data Z
1.begin

1

2. A, Dl_%ADZ 2

3. £ < [log;K]

4. Compute ¢ leftand right singular vectors of A,. Left singular vectors are uy, ..., up,
and right singular vectorsare vy, ..., vpo; 1, Where u; and v; represents the left and right
singular vectors corresponding to ith largest singular values of A,,.

5. U« [uyg,...,uppq]

6. V<[V, Vel

7. Form the matrix Z as shown in Equation(2.6)

8. I« k—means(Z K)

9. return 1, Z

10. end
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3.1 =4
@ suen A ek blde K-means ~ pLSA[38 /L 7 4 o FI 8 — @k b i %
AE Gl R BARREAY R AT 2 G g P N e L Ol R

g Y RINF AT b R LB A G BARAM B AT R

#_i% i spectral clustering 4+ ## -

¢

B 2R 0% PF A F S co—clustering ¥ |
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TARESBE O RIE o ok - BREEREFEI CRBE O EBFTALFAPT I E L
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\
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o
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3

fe I 30d Fend FOoAPT faRie BT 2 8- L& 5y i

Rt
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)
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FAPEGITRAF PG TR SRo- B4R DMkt o i
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e

i

PERIESEBRE > AR F LB E- B IRERRE 0 %

3

G E > 5d - B 2 cocluster i BiF ¥ i ki (- H o

15



3.2 Outlier detection

3.2.1 P

' 2

A& NP * outlier detection PP v f AN AER A FHDR K>
~ A e A e A N - H AP T M F o A R R
P41l P5 k-means sE X F A F ] ATdp LA 0§ AR 395 co-cluster[1]
HUR B R A MR Z Mt B Bt hELE 2 doB] 3-10 iRt 2 T
AR R R R F AR DRGSR R ORI b2 ADTE
* k-means A HEFNES IR 32 BB APIERRIFEEIER A

ik fRie L 4 0 {1

Sy

R e IR A FLFHLBEINR I3 7L R

S

FI41* k-means i & i3 17 R ehlg % 0 3 JL AL S BT - L NEEIRAL L T

g e o

0.005 —;

-0.005 —

0.01—

-0.015 —

0.02—

-0.025 —

003 —

-0.035 —

-0.04 —

-0.045 -10

Bl3-1 * co-cluster’# s is 2L )
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B3-2 * co-cluster'# &1 2B * k-means4~ #¥ 1% %

B3-3 * co-cluster's s BLBF “ cHlabel

A b mFF o AR F Rooutlier detection (A F ~ A ko B L
A% outlier detection 45 &1t outlier ehgh i a4 3-4 > % & B

5 outlier » AR B d BT UFR S INA he TRF T A7 L
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outlier sNF H. > » j‘u{;fufe?pimmv T ep 0 B AP outlier v § HL R
Feifehe 3 TIP3 ",45 outlier K,lrt TV B Ay Uk ghgr gLy R
sha 4 JpROYILF # % outlier &35 igd A 474 d T BRSPS
BE T R A § A T U IR 2§ 23 BT outlier A R

inner document °

0.005 —

-0.005 —
-0.01 —
-0.015 —
-0.02 —|
-0.025 —f
-0.03 —
-0.035 —

-0.04 —

-0.045 5
-8 -6 - - -10

Bl3-4 #woutlier detectionié «n2LE) » % ¢ Zoutlier

3.2.2 & PP outlier detection function hi# 5L & - ffd 3+ &
covariance matrix 4 % §]* % < jegt(Mahalanbios distance)sie 34 #5753 &9
BE NH DS VIERE OHE LS GAPIRTHE AR t BIRELDERY T

4

inner document > ¥ z_ #9745 outlier document °
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3.2.2 BEL TR
B & A 44 Qutlier detection f s E B BRI e ko L - B
ELAnnB P MAZREFT A F N E2REF nBF 0 - BEA;R A

ar e

iE>3h% jRF - HPie{l.. .. m}je{l.... n} i co—cluster[1]

s

S E L HE s AN e L E'J—%‘F'“E.Zx*z\-g‘m%éiiftdf@‘ﬁﬁfi—fﬁ?}if%%’
A2 - ertdp(ij) = {Z(i,j)|i €{l...m} je{l.... L}} dp A E QK

PR AR dTORAE s Adp, A nE T R (T eEk) VLB

't dp #hcovariance matrix © #A® covariance matrix (g ;¥ 0L H K4

1 < - — T
Vi = WZ(dpi ~ ) (dpi= dpm) (3.1)

£FJI* covariance matrix 2 e 2t 8 & < pegg(Mahalanbios distance)M; °

Hoi€{l....m}> B SpEdanty &R doT

1/2
M, = ((dp: — @) Vo (dps — dp)) (3.2)

APPEE BRGNS VEEHR UG P E R LS _J Y (M —M)2s BM; &
TiaEip £t B pESeh L outlier = H 5 outlierdoc F 2. 22 T 158 4p
At BEELN 2T E L innerdocy B¢ t - BAEET ANEEESB
ok AT 7 b B AT Az BT R T UF B GA F B
Z R BT BT 3 outlier «hBE2 2 F outlier eh@k> 5 7 H#-A1F enEh

F2HAZRFZRET > A AP Ed=3%E outlier é7% -
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3.2.2 FEZ

input  Give document matrix D = {dp,, ...dp,,}, where dp; € RY and
the number of standard deviation t

output innerdoc » outlierdoc

Given D = {dp4,..,dp,}

1. dp,, = mean of D

N

1 < - —T
Vin = mZ(dpi — dpy,) (dpj = dpy,)

3. fori=1tom

N =

4. My = ((dp; — ) Ve " (dps ~dpm)
5. end
6. M = mean of M (M = {My,..M_;})

7. fori=1tom

8. if((M—te)<M; <(M+to))
9. innerdoc « M;
10. end

11, if (M + to) < My||(M — to) > M;)

12. outlierdoc < M;
13. end
14. end

% outlier detection eF B2 7 » $dict % WEAPAEEE § Bk
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Wi AP ALY R B Bk b A PE S
talk. politics. guns /2 2 talk.politics.mideast i&= £ FHL 4~ ¥ > B 3-5 &
%R o F t=l i d B & ¥ inner document RN 0 Kk G ThenF R
AL T outlier » F t=2 Fizd B % F BN & inner document 3R> o
Hue 3 LT%E FARMLAP L T outliers § t=3FFizd ~%d 112 §Fd gLt £
inner document 8> » vz 5 0. 9%=HBAR A = outlier > A P T e F A
PLH AR 0L 0 BldogR fopolitics AR e R 0 A IWAGEEE AR E T o Aok

AN A o AR TR T outlier (PBEM-E Y L AP Bt A7 FE

chik & 7] didok 3-1 o

F1-value
t=1 93.21%
t=2 63.21%
=3 63%

% 3-1 #outlier detection ® # p S ¥ict #rAh H P iz % o

®l3-5 talk.politics.guns'? % talk. politics. mideast3 Foutlier

detectionsi %
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3.2.2 RE%ELIT

B L2 i iE B~ 20newsgroups 7 corpus % ¥ 7 talk. politics. guns 14 %
talk. politics. mideast & B F A s 47 SSiE 2 “ff outlier {é 2% i® 4- ¥t inner
document #% i #-H {8 {7 - = co-cluster & {5 f|* k-means A ¥ 5 (7 3|5
AR 36 RSV RFEL A FIRADER ST FIHOEET RIS S S
e = o F] LA RR A A T AP OB 54 outlier detection 14 18 H 3
gL R A2 3 0 0 PR k-means 823 € F G R A BLB 04 RTa 45 T 3 I 0
P FH IR Y s A EarTEk p A R RF RS LS
@ s datamining 2 0 AP € #-outlier eZh ] fmﬁv T d > AF 5%
Hdichoutlier £ 7 £ ehfesn > s Pl * 3.4 & chmerge function » 2 #-
Bt outlier en= 45 3|8 Soif B e Tdis 1 4 DISESR BT 03 5 Bt ch

50T 530G B ¥ gt o

B3-6 M 2 * co-clusters ¥ %
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BI3-7 | BEF "% shlabel

3.3 Weighted Term Matrix Construction Algorithm

3.3.1 P gL g

Q%ilfﬁ%%ﬁ’,”ﬁ#it%l Bz Feanfp B RERGAN P T GRE BACERE
ZE ZHE RBPBRS O GHERSSELERE FF I RUAFEL G F Aok

word) - “f pr2odhae 5 3F 5 2 E G stop word e iR B GO EN R hF 0 0 2

APEAFEASY T R SBIMALE MR AT SR 0 Ra B

GG PEE LA P Rt SR EUR TR AF -

FTN

TR d R AT 0 F AN P AL R K- BAELA

mxn7~ ’
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PR

PR AREINAEYR ONAARET NBF o wF BEA;FAS DR gD
¥ ] BF o ﬂwmmﬁffﬁmm%mmﬁﬁ{iﬁ?ﬁﬁOQ%n&ml
AN AP AL 0/1 4B > 2 b et 2 AR L TSR RS daei g
A4 EFrEZ TP aTA R T AP 2T RS g BRI T g
oAl BRIZIE AFOME AP RE - BAFRL D
¥ ”%%’é% FF e Rt g Ravck o
Co—cluster[1] 63 ALt >t A P 7 1 o P2 £ 2870 3 A 3 JL iR 5 2 hX

A FE O NP RE A

i

T#* WHF 2 FRABFOLFE AT F RF B
WHRFRAREL SRR A PRS gAY REL R ORT L SEE

BeF e AP T LT e ERFORE AL LD EAPEERP 4o

=y

PR AR F B E R Ao IR BT HLA o

S

3.3.2 3%z
EINE N R ARCE I LS TR PR TE (e et A S T T e
BT AP ARG FEREP F AN P LA BHE P Ceenter; ™ % Ceenter, * T B
*7F S BEwpiEwp o {ivjle{l.... n} > 4o mwp;tt #2313 Ceenter, P 12 95
b FEPLE owp; € 4 Tl Clustery 4o % 7 - Zwp¥ Cluster, 11 % Cluster, ’F’K
AR 2 > P BEE HR -6 3T Ceentery 'Y % Ceenter, * #5 7 2 18 B BEH-§ /130

113 C

Ccenter1 -

center, - & 0 Fl AP R K - B BIERDAFERGTE Rt 2 B D

I oA ]| I

AdiSti = ||Wpi - Ccenter1| - |Wpi_ccenter2| (3- 3)

R Rt/ IO TR A BEWpIL 2 wp; 0 B P

Ccenter1 rx Ccenterz‘ér'g] 3-8 *Q;}Ti 233,338 0 FAdist; = (48| =
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4 > Adlst] = |2 - 3| =1-> Adlst, > Adlst] ’ lj ¥ U%?I;Lg ﬁif}: i‘ﬁ"‘ i %\ JI'L,ES\,L
ﬁ*fﬁ-ﬁ;‘ %1 ’ #E *i‘f e % 'E'_-ﬁj [ %\‘ i%fgé'%/ﬁ;ccenter1 rz Ccenterz ‘?3 7]‘9 Ti%i mfhﬁ ’

FIL PR G e B E R AT o

Wp,

C

FI13-8 FFtgber3e e L A 24 hff Trfd

50 FF L AdIStenE T oA Bt o A P £ logistic function &R 4
i g 3 {0, 1} % & > logistie function e@l4e3-9 > i v g 3 Adistdx
AP EARFIT | 1R B AL R AT e AdisteiE A% £ (A% )R 93

SR ER)E R L o At PR B RASAEE 9 logistic function 40T

(3.4)

. I I | | | | |
-20 -15 -10 -5 0 5 10 15 20
X

B13-9 logistic functions & B
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DR (3.3) 102 (3 4)3E 5 0k cw, TS A wpy it IR E o At A s
- iR P 5 H A HAER S N F F A A Rl (R ] E
#Hemaiy o Flvalue[39] 2 2% R fARA > G AP A FEaTE = 34
A d ety TR N33 B AP T U BAeT 0 B P times £
43 (7 ek e

k k
Adist, = Z Z ||Wpi - Ccenterr| - |Wpi_ccenters|

r=1s=r+1

/times (3.5)

He kA& #¥#{r, sje{1.... K} ie{l.... n}> @ times £ i 7 L7
soAdist; 7 B fS € “f A et Be s times it B 2 N 5 ! times =
ko ok 11 Bt i@ Adist S 2 N (3. )7 Mg TS

1
W= ———— (3.6)

1_|_e—Adlstl
g s - BHEEELT RAELTG)D=w;jE{l.. .. n}> BX - B
LAy BV AR ARG PECAX TR & 4§30 F1IEATHES JBF RN

U T R E Wy T S e B R E - BATEEL LB E § T AT

1 %% Weighted Term Matrix Construction Algorithm e3®inz » AP ¥ 12 A 4F

PILAT— K Bl 20 2 3.5 F - Rl FHmaip o

3.3.3 whiZ

% % n B word point wp; i€ {l.... n}E kaEr & C

C s
centery '+ ** centery



s i - B AEELT 1555 @.0) Q.60 TR N *F B iF B e

- o

=== Algorithm 3. Weighted Term Matrix Construction Algorithm ===
intput wp; ° Ceengery - - Ceenter, ’ K is the number of cluster

output T

1.initial T is a zero — matrix with dimention n X n

k k
2.times=z Z 1

r=1s=r+1

3.fori=1ton

kK k
4. Adist, = Z Z ||wpi—Ccenterr / times

- |"'Vpi_(-:centers

r=1s=r+1
. e 1
BT
6.end
7.return T

3.4 Merge function

3.4.1 THREfER
E3.2& g &I EEARAP® 3 outlier detectiond outlier i ig s >
FgFI T FEAFET LEFIR I gk > €6 $Houtlier g F o A
EETE L E 1““]",% v ipe A3 WA A hdata mining[ 1450 st E 0 B -
BB Apyn i co—cluster[1]2 &2V P a-¢ (7 5] - B "% Bis g fh b 5t
Zimimyx, > B¢ Zeimx Lenia g & 4 it4f8 2anXL LA AF B2 § &
FF BB S BAE CRZAPL T 286 Flhd vl B8 outlier

ZE 7,

detection ™ f¢ 2V i B~ ¥ innerdoc i& {7 co-cluster 2 fs 3V i ¢ (¥ 3| - B AT
27



s 7 wk-means 2 6 & B innerdoc ¥ € F P ¢ ¢hindex & FHELE
T URIBFE o index A Y fiindeX e, 0 K & 2 “,f outlier {s FTeE"LiE {7

2,

co-cluster ¢ % | # #¥ 7 index °

AR ‘F outlier & @ P Arensel i (7 co—cluster # 3| etk 4 L7 &

Zoa 3 s B3 e endl k 38> w28 % 1 gr Zinnerdoc € alldoc @ alldoc * 4

RAFRREGDTF 2 F > Rypt g anif 2 > AT LR B innerdoc 45 P H &
BoAaa kb SZoq® MG A EE > #1712 & B innerdoc “"Kg 952 ",ﬁ%
outlier {4 i& {7 co-cluster 2 #7A 4 % 397 & 4 dindeXpey X 2 i A2 %
outlier z ¥ A& & SdZyq £ £ outlierdoc 1~ F 7 iR g A A% & it
i Pl index M E B HERZgg o WRIR 3.1 AP E TR LR LA E FA
outlier e 5 & & 4%k 7 i o f e 5 Atk & 37 I ehindex 48 35 1%
e fe § 4o 2R outlierdoc #® F A4 2 #& i Frevindex » A 2 JE 4 innerdoc
iR 8E % 2 ¢ outlierdoc Hindex o

3%4r® 1% innerdoc ik #BEK 2 * outlierdoc irindex B A % 38 A&
index o, 2 ¥ VR4t 2L o Rk 3 0 2 Rt £ 3 58 aZogg Tk
FEL o BV EHEY w o AP APEAEREGS kRl B% S e 10 BED,
H A4 oo index 5 idx; i€ {1..... 10} > & A& {7 outlier detection ™ 2 H

A2 label H B4 £

*% | Dy | D | D3 | Dy | Dy | Dg | D; | Dg | Dy | Dy

Index | 1 1 1 1 1 1 1 b b b

7R 1 1 1 1 2 2 2 2 2 2

% 3-2 A #ioutlier detection e~ F #7¥ & ¢ index

AT U R B BT
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D,
°
D e
D, D, .
* ° D, Dy,
D, e . o ®
e D
D, D, 6
>
0

B13-10 & g% A iE{7outlier detectionz ~ i )

#HiEd ",ﬁ% outlier 2. {4 i€ {7 co-cluster » NP & -1 FrF & 8 7 2 35 )

outlier «PBLH (& 11 % A iF Bl4cT

M D; | D | Dg"|"Dy | D5 ."De | D; | Dg | Dy | Dy

Index, ., | | 1 1 1 2 2 2 ? ? ?

R 1 1 1 1 2 2 2 2 2 2

# 3-3 #® outlier detection £ :& = co-cluster s #h= F #7¥ & ¢ index

A D,
o]
D, o
D, D; o
° e D, D,
D, e R o ©
° D
D, D, ¢
>
0

Bl3-11 % ghig{7outlier detectionf iE 7co-clusteris 2. & i# )

490D ~ Do ~ Dygie = B 8o * # index 4355 BA » #0115 o
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ud
Vs

Indexp.,2- ¥ label = 1 #hgLy & 4

A T@EFFHP Ceenter; * P ¥ s\ i

4 %t label = 2 eEE- B 8 0 T30 R P S Coepger, * & AL R - BEE SN A

plena Rk SR E R A A7 outlier detection ek Ao F]E AL R

[E3] Dg > Dg > DlO = ’lli-}j—_ﬁrl‘f!é\!:":’h,;“ T :‘J‘;{ﬁ?fﬁ R ﬁ_i&—DB ~ D9 > Dlol;’f’l):l._’f}irl—é\

B & Ccenter1 ez Ccenterz BEPCIRTAPNRGREE o At AP BE N Rt

B2 R s K (FhoAp g £ R "B 2 4 e label 40 3-12 0 &

{6 4T £

L

3 D, D, D; D, | Ds D¢ D, Dg Dy | Dyo
Index ey 1 1 1 1 2 2 2 2 2 2
2 2 2 2 2

4 3-4 &7 ap ARSI F AT R 0 index

A D,
o
= D, e
DZ
[ ] o5 °
C @ center, Dl()
Dl o © “center, o @ D
[ D 7
D, D, ¢
>
0

BI3-12 & i74p 00 B 355 15 eh s B2 A (5 )

B Merge chin A2 Bl 4o
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AR % BEE inner document HI| B B2 [ ACHY label » 4152 E Y outlier
document » B FEHCF BB FEBE A/ NE IR T EABEIAY label  £%1%
E,‘J{E./j%rindexﬁnal

B13-13 Merge i 42 ]
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3.4.2 wEi#
1995 B 3-13 ey A2l > LT ANE B 2 L B AR (7 (Rl 5N o
============== Algorithm 4. Merge function =============
intput Given inner document clustering index, .y ~ Z,q ~ innerdoc ~ outlierdoc
output Clustering result index¢;,,;
1.begin
2. Compute Kinner document cluster centers
Cy ..., Ckxon Z, 4 using innerDoc and index,,.,, information
3. indeXfjy, = indexXyey
4. Assign each document d, in outlierDoc to one of the

clusters Cy,..., Cy according to

C* = argmin |d, — C| and update clustering indeX;,.;
C €{Cy,.Cpc}

5. return indexg,,
6. end

32



3.5 Co-cluster with Dynamic Weighting

3.5.1 iz

RE2Feapson AN F ol 195 3.2 & I houtlier detection >
A A iR 7 outlier (72 ¥ 0T 0 A F1] inner document 2 %
outlier document o # 3|5 inner document 4% % ¢ %32 {7 - =t co-cluster ’
EFR AT R R P~ F ki Rwp; i€ {1 .. n} 5% 3.3 & Weighted Term
Matrix Construction Algorithm $##7% shF B £ 2 1 > FiHF(3.5) »
B.O)A2ELT A PR R THELRLNARFELAR{ AT TFA=AXTLE
L AR R 32 (7 co—cluster b ik 7 128 DT A AREEWD; 0 A @ FTen
Wp; G FATOA G 0 sotRF e AP T AR S - BF L > T R
HeiEiB A+ (3.0) B 6)EEFLFAENT 4ot - kA EBF T UEHESF X
e co—cluster ~ Weighted ‘Term Matrix Construction Algorithm i& 7 & s 5034
o Ao d ¢ R3pt - AL L s ErE 4 as TR E > B output
% % #_inner document 7 indexe # F* #4235 3. 4 cimerge function £ outlier

document £ {7 & & > B fs e % L Ki3®w » B Co-cluster with Dynamic

Weighting ek 42 2% HE Bl 4e™ ¢
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Co-cluster

y

Outlier
detection

! )

Inner Outlier
document document

|

—1  Co-cluster

While |T-T,,,[ > 0.1 i
Weight
function

—

Merge
function

J

Evaluation

<~ |

®3-14 Co-cluster with Dynamic Weighting# i 4228 & 8]
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3.5.2 iwE:
Aol EHI D A G B BFE A PR RE 3.2:3.3:3.4 0% 5

Bois to3.5.3 54 P MSTR ek o

======== Algorithm 5. Co — cluster with Dynamic Weighting ======
1. Initial Tinitial = Told =T r=1

1 1
2. Given A fromA, =D; 2AD, 2

3. [index, Z] = co — cluster(A) > and setZ,q = Z

4. [innerdoc, outlierdoc] = Outlier detection(Z4)

5. A « innerdoc

6. While(r > 0.1)

7. [index, Z] = co — cluster(A)rand set Z o, < Z °
which is L — dimensiondata > and L .="[log,k]

8. T = weight function(Zs)

9. A<AXT

10. r=|T— Toall

11. Tola < T

12. end

13. Run k — means algorithm on the L. =dimension data Z to obtain
the desired k — way multipartition > L = [log,Kk]| * and setindex — indexpey
14. indeXxg,, = merge function(indexy ey, Zo14, innerdoc, outlierdoc)
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20newsgroups' ' % Reuters-21578°> % = i % Dhillon % % % KDD2001 # v

2 [1]¥ #F 4 2 (Classicd’) o

(1). 20newsgroups s E P & 71 20,000 5 37F >3 > 2P o273 208
KW 2 R P R0 W3 e A {3 4% 3T B4 comp. sys. ibm. pc. hardware
22 comp. sys. mac. hardware 4% A_% 3133 M hardware = & PRTH 5 ¥ 3@
b B GRIT 0 R R § A RIE G 6 S AAR $ et ORI il
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20newsgroups-bydate erima o JL SR A j 5 p B it 5| 3 ¥ % 14 "$ 1R
T ¢ euaghs| v 3 200 (Xref, Newsgroups, Path, Followup-To, Date) -
fepers 3050 - L EAF AR ED QR a0 R R AFT Y R

518,846 % % &

(2).Reuters-21578 s & & 7 7 21578 <~ & » H x5 4t (Reuters)#7H &

AN
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(™ fClassicd) kg B> 2 ¢ Classic3d ¢ 7 7 MEDLINE(d %51% P

TP g & 3R A > K32 1033 £4 &) ~ CISI(& information retrieval #%
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e f R G 20 % 0 SRE R G ARRIG > SRR - S 5 T R

DR FHAEOR LT 0 B SRR e Pt g R

F

4.2.2 F1 cluster evaluation measure
Clustering e3% 4 » *#% < $ * F1 cluster evaluation measure[39] % =
AR IR o F AR R AT A ¢ i R BRI AT
BE G MG T RA S Rl 3 E i B A H i R s 7
SE B T g0 g 2 2 Ramage[40]% 4 7@ * i o s BT A e R
1. True Positives(TP) :
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2. False Positives(FP) :
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3. True Negatives(TN) :

JRMF B EAAARE ABAILET RTINS Ak BAYN
4. False Negatives(FN) :
GRHEA BRI RE ) RIEIESFEFLAR BRENR o

F1 cluster evaluation measure % 2 T_& 4T

.. TP
precision = —————
TP + FP

recall = L

TP+ FN

2* precision * recall

Fl=
precision +recall
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4.2.3 VgD
?,55;% TARRENE S LA A T, T BB AP T LR
S Gk Ot i B T AR CF ok AT AR IR A > S R O Bt A B
matlab § ¥ :
(1).K-means :

K-means[4]& - BA+ 737G Z v F 75 ABFch- B2 REMAGE > &

21

T-BELEHEY & 27 nBEEX...X,> B¢ ¢ n B8 % d-dimension #§
#ics B k-means ;¥ & iz P ch#-n BEA 2 k#(K<n),S=1{S,S; .., S}V
FERCEEH A Y S pEM T 2 4 (within-cluster sum of
squares)=™> ;% o AP HE* matlab p¥%: K-means = 2 ¢
[ Index J=kmeans(matrix, k) » # © 3Li¢ A 2 smv natrix M % P &3 k 518
ph 2 E ¢ T 2 BT R T 1abel o

(2).Co-cluster
AR %" Dhillon[1]eh= 2 5 2.8 &5 o > FF i 5 o

(3).PLSA : £ PLSA e 1% g » 2V i 8 g = 2 [38] » j & B+ k3R » PLSA &
AR & & 32 (mixture decomposition):it @ 18 BB ehsE W] s
(latent class model) - v k#4425 5 41 * Expectation
Maximization(EM)[8]:# & i* %gv} & i B2 (latent variable models)
et B~ P2 (maximum likelihood) » ¢ iF &2 ¢ 7 7 & i # 2 E-step ™
% M-step > E-step € 1945 P % B3t engdic k3B R E z i %S S o
e M-step %-#c ¢ 145 L 7 E-step *Tie Fenfe S 5 K7 L A1 § AP
T_word w e W = {wy, Wy, ..., Wy}~ Fd €D ={ddy, .., dy}’E-step &

A L
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P(Zkldii W]) =

P(wj|zy)P(z|d;)

YK P(Wj|z))P(z|dy)

(4.1)

2Py «n(d) ™ kb e Feh s @ Mostep * ok F AT S lcehE

4T

i1 n(dy, wy)P(z|d;, w;)

P(wfn) =

Zi]L n(di' Wj)P(zkldi' wj)

P(zy|d;) =

4.3 FH>%

n(d;)

1]\:[1=1 Z{\le n(diJ Wm)P(Zkldi, wm)

(4.2)

(4.3)

AEMAR SR - — B k> H £ a & 4-1 £ 20newsgroups A H

BEOHY ¢ G 2¥EE 4¥ME S A Fvalue BB B0 G Bfl A i

Hoe AN 2 ariB Fl ek qp At Bl 3 2 kg £ 4-2 §_Reuters-21578

PSRBT S

Co-clustering

k-means PLSA Co-cluster | with Dynamic
Weighting
talk.politics.guns & 66.63% 76.76% 66.63% 93.63%
talk.politics.mideast
rec.autos & 66.62% 69.65% 64.39% 75.85%
rec.motorcycles
alt.atheism & 66.75% 96% 94.02% 96%
comp.graphics
rec_autos & 65.50% 62.08% 89.47% 91.63%
rec_baseball
alt.atheism & 50.17% 94.39% 64.91% 94.09%
comp.graphics &
rec_baseball
# 4-1 20newsgroups % ¥ % % » & F-1value
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Co-clustering
k-means PLSA Co-cluster | with Dynamic
Weighting
crude & money-fx 65.37% 62.63% 62.56% 96.66%
corn & ship 67.40% 64.96% 67.43% 80.64%
corn & crude 65.49% 79.78% 90.46% 95.02%
grain & interest 67.56% 97.25% 97.26% 97.47%
ship & trade 59.02% 58.49% 59.05% 83.80%
grain & ship 63.50% 85.59% 70.65% 86.01%
trade & wheat 69.53% 95.16% 78.58% 92.55%
crude & grain & 48.75% 64.41% 66.31% 67.45%
money-fx
money-fx & ship & 39.58% 53.32% 52.15% 52.85%
trade & wheat
grain & interest & 32.66% 53% 43% 46.45%
money-fx & ship &
trade
crude & earn & 45.85% 59.48% 59.94% 60.02%
grain & interest &
money-fx
# 4-2 Rruters-21578 ens # %% » w5 F-1value
Co-clustering
k-means PLSA Co-cluster with Dynamic
Weighting
cisi & med 67.34% 97.62% 93.68% 96.65%
med & cran | 60.68% 98.41% 99.20% 99.36%
cisi & cran 66.18% 98.61% 97.58% 97.65%
Classic3 55.84% 97.14% 95.00% 96.38%

% 4-3 Classic3d eh4 ¥ %% > & 5 F-1lvalue
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4.4.1 »xEx8TG

A & 2 i 47 3t Co-cluster with Dynamic Weighting = i e B a2 % -
B L2 talk. politics. guns 2 % talk. politics. mideast 77 B % % i
170 1395 08 3-6 12 B 3-T> AP F LR D F outlier 2 15 18
co-clustering e ¥ 7 11 {1 B engt B DAp T LB A G2 °F outlier 04

—

HorxkyREFEFHLE > AP AKE- =t co-clustering ' {5 1345 weight

function B~{¥ weight 4B T 2_ {8 #-2_ k1 A B 8 3] 1 #7e0aprE 2 (5 > SN P
71 % - =% iteration B3 1 L FTenE k4B 4-1 0 HHp g A G B L B
4-2 5 AP B 36 L E B 3-To ¥ R FEBHR S K A E  k e Hantk
WA T & FEPERAR 2 T O PR S R PR B R A H o it
% = S ehiteration > *TEI| NS R AeBl4-3 > FEBENL FRlAc 44 NPT
MR AE 2 b iteration B M P B eng AV BLLIEE 2 G0 AR AL 5 - e
BI(R 36 3-T% & %% > A4l * Fl-value[39]en ;2 ierai an® i >
FrmenFl-value 53t 5 & 30 #-¢ A% e F P ARD A% - =X iteration
A BTk kienFl-value % 90, 27% % = = iteration 93 %> % L Fl-value

% 93.08% > % = =t iteration &2 BT » k& tenFl-value % 93.71% e
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Bl4-2 &7 % - K iteration§ oA i
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Bl4-3 {7 % = X iteration,x s~ ¥ HE

f

Bl4-4 &7 %

=X iterationq "% B4 i B

f

Co-clustering i & i# ¢hfk » 7 £ & Spectral clustering > & i# sien

spectral clustering i = — % semi-definite s4E*: K» # ¢ K= GGT 3| ;0
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B £ 35 9 normalized cuts % E & TP OM3)PEF AR 0 D
co—clustering £ i& {7 SVD 4 j2eife s B i L OM3) e FFAgse B » 2Rm A %
sy 82 £ 87 % - < thco-clustering Z i+ O(n3) » £ &7 iteration e
A 0(m3) 4+ weighted function e pF F O(nk? + n3)# #

O(nk?) % weight function (PR » O(m3) 2 4B 4p 3k » & @ A B (s merge

function snpF B 4g 52 & 5 O(Kn)> #7020 5 7 ¥ & iteration eh=x #HiE (7ehs § @
b Al L o N ’ﬁ /ﬁ'ﬁ’(j&_ rrhéﬂ'l} A B Bk g p 'Té’ r= ”T Told” <0.1
Pl B3 o Sy ET § i ST R ) - £ T4 L Tagsh it

Flicgigen R T iz b > T B 4-5 - Bl 4-6 2% 7 44 20newsgroups =7 corpus
? B~ talk. politics. guns 1% % talk. politics.mideast & & 32 2
Reuters21578 ®~ crude # money-fx @ 458 #Li& 7 Co-cluster with Dynamic

Weighting * 2 5@ % - = % 2 =x % &= =t [ & iteration’ {345 r &%

g T N eLena Fl-value #riEeng] o

97.00%
96.00% /’._-0—-‘ 0
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93.00% /

92.00% //

91.00% 1 —— E%11
90.00%
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