ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn
Journal of Software, Vol.21, No.7, July 2010, pp.1561-1575 http://www.jos.org.cn
doi: 10.3724/SP.J.1001.2010.03704 Tel/Fax: +86-10-62562563
© by Institute of Software, the Chinese Academy of Sciences. All rights reserved.

iR - A SR Web EHRR R %
x U, BT ORAE B

(WK% T HUREE SR E B WL BULML 310027)

Clustering Web Images by Correlation Mining of Image-Text
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Abstract: To cluster the retrieval results of Web image, a framework for the clustering is proposed in this paper. It
explores the surrounding text to mine the correlations between words and images and therefore the correlations are
used to improve clustering results. Two kinds of correlations, namely word to image and word to word correlations,
are mainly considered. As a standard text process technique, tf-idf method cannot measure the correlation of word to
image directly. Therefore, this paper proposes to combine tf-idf method with a feature of word, namely visibility, to
infer the correlation of word to image. Through LDA model, it defines a topic relevance function to compute the
weights of word to word correlations. Finally, complex graph clustering and spectral co-clustering algorithms are
used to testify the effect of introducing visibility and topic relevance into image clustering. Encouraging
experimental results are reported in this paper.

Key words: graph clustering; complex graph; visibility; latent Dirichlet allocation; spectral clustering

O OE AT FERWeb BEAAEEROEERET —HF Web BB R EF K BAENLT AAFLR LIK 243
L B4 B Z R 6 AR A R 5 4 B Z R 4G R AR AR A T SLIRAE Sy TF-IDF 77 ik IS fg AL Rk 45 5 |14
A 4935 R BB PRk 3R i 52 5L T 595 7T JLJZ (visibility)iX — B ST AR R B4 s kg th-idf ARA b AR IR
18- B M2 18] K Bk 69 AL E ARE LDA(latent Dirichlet allocation)A£%! .35 - .48 2 [d] X BiAR &8 iF — A7 L84 2448
XESRBRF R LR AR AR EA B R R EFIERIET £ BARE L5 NP AR KM X ER A 2
MIAR) T BT Web BEIREM ARG B 49,

4R BEE;Z B T L& LDA(latent Dirichlet allocation); % % %
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7 Web b {8 I DG 8 7 30 R R AR 2 A 2 008 TR R T+ BEAE Web BUG R ZR P P 3228 1) 7 v D0 4 7 4
1 & WL % SR (visually polysemous word)™, 33 3 3 49 75 & AN A R LS 75 X490 f1, 837 mouse T %o
“computer mouse”,“mouse animal”#1“Mickey mouse™ 4§ 2 A 32 1. P& bk, F I Se 0 3 22 SCin) 25 i) G, BT iR [B1 1 1]
BRGREE RS H 2 A T8, IF H R IR 32 80 0 R IR A A — 2 X 75 ZAE S BIWHA A R 45 R X R IA AR 3=
F 1) PR 5 R AT JH 28 45 b B AT A SR T SE B4R T 4T Web P15 3R 257 vk 2Bl i e A i) . iy T P& A5 1) i 2
R A R e 2V S I A i SO 7R ™ 3K 2 B8 2 AR A A I R T R B RS AR & T S AL B SCAS R
P 2T BRI AE 25 0] 1) 22 M 255 B2 AR B SCIBE I AR B A A JE R 2% X0 42 3 R ) Y I 4 5
PE 5 B DL IE B A 22 A B i SRS 3 A WL 4 2% ST 9% 1) T MR R AR 3R Ik T4 22 A1 A1 2% 3T (multi-view
learning)®UR1E £ 2% 3] (transfer learning) ™ ™. i & [/ i R T 7] — $045 (1 22 Bl R A 48 [7) 26 o BEAT 2% 2, 1M J5 4 Wk
SN 2 B30 R F5 B A AN [ 43 A3 58 A [R5 A1 25 18] (1 2% 35 1) 0 AR SS9 SCA 5 G P PP A 8. 2 T
AH DR I 0 ok P A o 12 DG I O R IR AT RS, R T B R R VR Web UG IEAT 3R 2K,

Web [EI508  55 LA B SCA AR T HTML BT T A4 B SO DL K — S8 S0A b7 45 (textual tags)fiid T 14
1 UM 25 AE Web GRS 22 RBR A AT AR 22 i SR T T IR BORN S 2 TB] TR A DG P DR I SOk [12] 1 2 36 3R
W) FH BEGAT B SCA R — 28 HTML A P 09 SCAS S RGO 2R 45 SR AT FHE P mT DA o B R R P g £ B R
By b i A5, SC R (13T 70 AN A5 A1 B S0 AR o 2 S B 0 7 (salient term) ke o B (G AT b i, SR [14, 1518 50
BT A4 ST P D P 1) DI 38 PR A4 A D)3, AT PG AT B A v AR I S A v AN [ B ]k P A5 S
i JIT AT R AN ) 56 1 SCAR R 22 AN B A R T 5 4R B 3 1) EROR T G b A A 12 R 1 X i
chairs; £ [ 1] LGB 52, W AR 3 R 21— />4 28 B R T 52 bl ik 12 B3] 1) 2 S, 910 statistics. A 5 S 4 1)
FA R IR 22 e e e T B RN L AR AR UG 2 I A7 A1 B 55 I 10 G BB, s W e 3] B A R OB (visibility) J& 12 T
L JE 5 SC A AN BT o] LA B B 0 PR AR 2R SC R [16] R 8 HH 17— AN S i) ) L BE R A 4 2 B B SCA- T R
£ FRR G (TTP). 5% b — L 5 5 718 UL g A 3 T OO J38 Jed | N 80 P A4 v 9, A e 3% P A4 b v 45 S AR SR
HH o 04 5 A 3L ) R ] ) DL AR R AR 5 AR SR tf-idf 7k A ok s S ] - BB DGk G,

Ty 7 L5 F AL 2 A ) Web BHREE A, A B S0 AR 1 B3 35 8 (latent topic){= B A1 B bl S ik T &
PRI T2 A Sk SCR[L, 19138 18 LDA(latent Dirichlet allocation) s > A B IS5 A1 BB SCA o i B 38 20, JF K
P B 1] ) R T A A3 A 0 S EAT IR S RIHE T ARSI\ LDA BRI 1 4 FEAG AT Bl SC A o 19 B 2 0, S ad
JEAE AP B 1) M6 43 A1 8 S I] - 1] (1 35 A Gk G TG

PRI, 245 30 2% R 9 P S B 9 2R - B 1] - R A5 S S B R B 3] - B ] 32 A0 AR S M SR BRI ol A8 S S B AT A e A
TR AT AR K, B T L Ak B 2R 5] N 3 Web G 3R 288 7T b SOk [2) 8] H =346 B (tripartite graph) X &
15 - P R A4 I J2 R AE LA S P 15 - SCAS S ) 55 i ) 5 ) 8 382 (heterogeneous  links) % 28 #EAT @t A, o 56 T I 4 %)
(graph cut) /7725 Web BIHE AT 285 SCHR [ BAS 7], A S50 @ SR DRI OC R AN AL 55 BB - SCAR ) 3 ) e 2,
0, 5 B ] - B3] ) [ 4 86432 (homogeneous  links). 1k, 24 S Y 5 — 5 114 4 20k [ A 200 120230 gl 31 g 47 A 9 7 P
2 7R B R R P05 Wb PG EAT 8K,

F T BUR-SCAH S PR 3, AR SO — B0 B0 Web USSR RMELL Wi 1 BT, BEABE 20 o 55 B 2 485 050
A5 G5 55 1 L] 45 R A R G S BT jaguar 18 ZE RS 4 Google 1 BRI 2 51 855K [H] 45 B, i 2451 1]
K% = 545 3 ANiE X 3 i jaguar animal,jaguar car A1 jaguar plane. & H7 8] 5k (5 BAG 5T 78 W9 5 A R B S0 A Sk
2 R £ 43 S0 A QR il - P A5 LA R B ] - B AR D Pk S T T o B T LB 5 ef-idf D R 4 B, v AT DL B
Tl 55 PR A5 ) 1 % B2 15 81 o o A SR I R o v T DL R L] 45 0 TR 5 2 S ) PR G s P T T 2 ) A AT Sk
PEAZ L T2 8 Web B4 1 38 25 1 it

ASCH LA UG- SCAS A S FA 0 50 2 WA B R TR 58 3 1 S8 S ml LR T SR R AT 4)
A, X BT T AN 2 U DG B BN Web B B8 2K (AT e EAT BAIE. 55 4 7 i g 4L,
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Fig.1 Graph model (two types of nodes: Image nodes & word nodes; two types of links: Heterogeneous links
between image and word; homogeneous links (dashed) between words)

Bl L PR (W P 6 o PR 5 s N B 45 i P b B2 [ A B (Ml ) R S 8 2 (S £K))
1 EB-XABXEERE

T L TR A TR A BRI A% Lo 2 2 S PR ] - P A5 R B 1] - BRG] X P A DG 1k DG IR, T T O e T L S
tf-idf J k4 AT LS, J5 i i LDA 2% 23R 1.
11 BEMALE

AT UV 0 475 i PR 5 AT i S A w6 B v R PR AR 2 T A A G e, B 15 1 B i) R PR R PR AN R R AL &5 2
V¥ ) 2 O T A ] 4 B ] 0 PR T SR IR o 2 81 11 BT R AN [i), A S P S i R VA 00 A S e S Al 0k o 22 ) A%
G I I tf-idf 77 VLA R S BRI T A e R s T MG A B AT IR R I AR B e L]
DL RERLRAN T — A 2.
111 ARG vf-idf

ST SCA I P15 2 7 v 2 2 v A 3] A5 R e B SO AR 2 1) AR AR S AR ] 5 PR A 2 i A DR AR
P 1) 2 2% (A A (vector space model), B 1] 75 £ Fifi SCAS H [ F5 B2 PR 1% 5 i 1 tf-idf Bk B B AR A w sk
0 A EUGRBIAERE SCAS d; ] w tf-idf (8 tfidfow) TS T

N
tfidf (w) =i§ freq(w,d,) - log ) 1)

o freq(w,di) 2 SR w 7ESCRY dp PRI AN S PSR ) A B num(w) 2 £ BE SCAS TR A B we TR TS S L
- tf-idf D7 vk U T SO A BATUK, thidf(w) A fi L 32 1 B o0 o 1) R PRAR 22 ) (R AR Sk R ok, 75 B — 2D 4%
2 ) R P 2 T U R
112 wf WL A

BT FR) RO B (visibility) 44 B T 5 3R] (J0 3L 44 1) B 25 5 8 SCRTF BRAG Ske O 1 R B AN DA 0 B A R T
G SRR IR AR R s mT D0 RS B SRR (U0 banana) ZE BGA AT L BE I B (L Bayesian) B 2 75 A O i B T 4.
AT 31— SR T8 gy mT AL A Ay AR T G R A R A B3] 5 % 2 T R SCORTREAE Web T
Pl 45 JE] PRI A R i LA A [ R 5 (0 vy AL 5, vl D, T o AR 09 A B 5 P ek e

SCHR[16-18]43 4 H T AN T3] Ff A (g vaf L P A 280 (L SR [16] 0 1180 ml D, J8E A 70 W L B A0 P, 2 FH 1S
A B 1R (text-to-picture, fii AR TTP) &AL 2. TTP RGNS [ Bhith g SCA T $e38 SO 1 B%, 1K
A1 B G B B A R B R T G MR SCAR I E SO 2R A T R BSOS R ) L, SR [16] 4 H ()
T ERR G
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P(w)

1

T1+ exp(—(-2.78x +15.40))
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@

Horn P(w) FEoR B w R A] LB x=10g((C1+107°)/(Co+107%)),Cy &4 53] w1 Jhy #1424 47 Google [ 1548 %5
BRI REE RBH ,Co ¥ i w E AWMLY Google SCANE 2R 5148 IR B ()48 2% 45 R4 H AR =0
(2),P(w) 2 x [1738 B8 % Bt LG 1 9] w, I S AE Google A5 21 1%) Co/Co 1 LA, I w mT L BE it b 4 .

T S R I, 24 3C(2) 4 A T R L P T RS AR o T R A v 1) A R R N B 2 O, G R O
- bass 1E A £ 1, th Google BG4 %R 514 5& M1 Hi 5 AN 45 T (10— A~ F b SCA R 4430 ) C, 1 Co E L3R 1.40
&l 3 Jii7s,legend,record,scale %53 C1/C, 1t KT largemouth A1 fishermen.{H /& H2 45 7] WLJE & X, 24 largemouth
F fishermen J2& X M EIG b PR AS 326 G, BTN AT 5 v AT AL B 36 I P 4 SR 1 5 AL record &5 2 U i v R
K ETE Web DT b, [ B 419, 0K 58 bt 70 LA A B SO AR o AT 3 T BT Co/Co (. PRI A5 20 B0 2K
(2) %5 i 1A AT D B RS AR R AT Stk el T 3 6 V2 B 1) Cop (BLAT AT AR K, BRL AT DU 390 SR i) A e sk HG T L AT

ELIL

Could this be it? The new
number 1 for largemouth
bass fishermen? Mike Winn
is holding a 25.1-pound bass
caught on Dixon Lake in
southern California Monday
by his friend Mac Weakley.
By all accounts it smashes
the standing record, but
questions (as always) loom.
Jed Dickerson, a bass fishing
legend and friend of
Weakley’s, weighed the
big’un with a digital scale
and then released it.

Fig.2

Image and surrounding text

(the italic words are nouns)

K 2

[ 2 0 i SO G702 4 1)

—B—vis(w) B
—o—C1/C2 N
—A—P(w)
— L L V%
£ § 22222
3 E 28 8 38 8 g g
€E g o © P © v ¥ &
o < — o o s
[=)) [
s O o
-

Fig.3 Visibility scores comparison for nouns in Fig.2

K 3

2 (¥ B Bt SCA R 44 3] 1T AL RE X L

Table 1 Google image hit counts C; and Google Web hit C, counts for the nouns
in the surrounding text in Fig.1 (retrieved from Google on Apr. 24, 2009)
F 1 B 1R SCA T &1 1) C Al Co {H (M Google EA % 4#551,2009 4 4 7 24 1)

Word C,
Largemouth 88 800 1560 000
Fishermen 690 000 9 900 000
Pound 16 000 000 77 300 000
Legend 50 000 000 198 000 000
Scale 35 100 000 223 000 000
Record 110 000 000 606 000 000
Questions 79 400 000 869 000 000
Friend 114 000 000 1310 000 000
Number 88 700 000 1 660 000 000

BT BRI ASCEE T A (3)Frons i — A Ay L AR

ErhleFGoogle(W)‘}:t!Xﬁ”—F:

vis(w) —(

IDFGoogIe (W) = IOQ

C,+10°
C,+107°

j IDFGoogle (w)

ID]
CZ

© PEREEBARETT

(©)

4)

hitp:// Www. jos. org. cn



% FAMG- L AAR R HITIR Y Web BREE £ % 1565

Hrf,D 42 Google % 51 11T H Web T T4 &1 2 v 44 17 1) vis(w) (i W1 €] 3 7 7= largemouth 1 fishermen 1 vis(w)
B 85 K, HLAN [ 845 W] DL B A7 R W S IX 4 B AT AL, eSC ) ) AL P A B R 5 B8 T D B R AN B B ) B
PEFIE B, AR SCHAESE 3.1 1R R AT 41 2 F 43 1.
FATIER HRE n] WL BRI 4R B B A% G tf-idf g ik v R SO - BRI AR DG, B AR w5 PR 2 TR] 1 DG I
B2y tfidf(w)-vis(w). JXFF:, i Al W BE 51 5 B RRH SG AR AR 3 n a1 P D0 B B ] 5 R R AH DG PR ek 55
1.2 BiRE R EBEXE
AR T A G0 G 4240 2R R] (8] (9 32 R 56, 45 21 B ] - 3] 2 TR 1 SR e X LR T LDA X G AR Bl S0 A
HEAT 27 20 RIS A A5 5 /> B A b 0 R 3 R0, R FH I A WE 28 43 AT 6T T8 848 B S A v A 3 S B3] 2 Tl )
FOUAH SR AT B
1.2.1 LDA JEAH S
4y AN SCRYSE A LDA RRP2BUE B A SR A 2 AN B B ze {1, KRS B BESCR S M
AN SR, BEAS SRS AL Ng ANl de {1, MY AR LDA B SRS S A4S # i) oy LT 2 plad e 7 242
1) RS R =1, KR AR 5 TR (Dirichlet) S5 56 2 A Dir(A)ik#— A~ 4E i b
550k E 12 55 44 (multinomial distribution);
2) XTSRS dARYE A Dirichlet 2250010 Dir(e) b — A0 MRS 8BNS ECh it
Multinomial %3 ff;
3) R TREAE AN, B R R Multinomial 43 A w5 — A 5 2=j 4R 5 4R Multinomial 434 & 7
A L] Wi.
R A E 2R R R, A A SORS = e, iy, HORBESR SE SO

Py, [£4) =3P 1 2.E)P(Ip) (5)

i=1 z=1
AR VU7 (Bayes) s B, B 5 328 2= 20 A /£ 30K d = wy, ., wy, ERIBER P(z=jld) rT oS T
< P(z=jw)P(z=])
= P(w)

Pz=J1d)= > P(z=lw)- ©)

1.2.2  FEAHRE R
FER(B) P (z=jlwi) A2 B 8 2= AESCRS d = wy,, Wy, AN L] wy B IA 203 A, 1T LU R 3o
A BT 50 E AR A0 A SRR — AN BRI A B R LR T IR 1 T R X A BRI R S 00 AT
FHRT FCIOR R e, FRATT AT AR LDA B 5 SC A 5K 52 B 250K v S SO B 5 v AT T 99 1 B ) [ I Jag - —
AN T2 FBURI N 28 3 AR A A A AT i 09 A B 10 A G
EX L(RRR EMMBKE R E). RS RPN TR w, F1 iy 8] IR 32 U OC B2 R 4 Topic_r(ws,wy)
Topic_r(w,,w,) = m?x P(z=j|w)P(z=j|w)
e PO [ 2= DP=10) p(w|z=)P(z= ) -
j P(w,) P(w,)

o P, |Z = )P 2= PG = )

o
FESESC L IR B P(we)-P(wy) 5 REANBRE 8 2= JE 0%, A 1 3% 3 B ot 20 13—tk (normalized) # 44
2 BEEREFE

RSG5 B B8 27 v K 22 b AN A & P — SR 2 p 1 ) 44 &5 i 1l (homogeneous-node  graph). B &, jz 3 5K
Tt 5 2 ) 2 2R o A A PR Y — i 5 4 45 45 1] (heterogeneous-node  graph), B & A A0 55 22 Fh 2 R 45 5 451
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YRRk 25 A X v B 10 2 R S S P P A8 TR 8 S R 4 TR ) B A 5 1 e I TR A O R ) R R 4 2 T Y
[Fi] 74 % 2 (homogeneous links) FIAS [F] 28 Y ¢ ri 22 1] 11 57 #4) 4 32 (heterogeneous  links). 5 4, 7 # 2 [B] (1 A5 7E R &
AR SC 22 111 5| G 3R A IR e 82 1 2 R SC 2 TR (R B A O 8 2 S Mg e . Sl AR T ) 2 15 PR S ) 4 s )
) — Tl 441

WP 1 T, A T HE 2 r (1 [ A5 70 A0, 35 P AN [ SR 20 i PR AR 8 R B 48 A DA R B P 2R TR e B G R
AT - P AR TR 11 S ) i 2 AR A1) - B OR] [ P[] A i 2 SR [20] K 3 o B B — M M 1 S ) & AL S AR
(complex graph). Il ] 52 2451 % 2% (complex graph clustering)Y4 30 i sl [ 45 & s 3 AT 98 285 41 R 22000 5435 - 73]
[E1) f) [ ) B B (U P L o R 4 BT, % PR ] 40 D 3 Pl (bipartite graph), i ) A 35 I B3 [l 33 2% 2 (specttral
co-clustering) 592 (24} (&1 45 30 4T B8 2.
21 SERERE

EX 1(EZE(complex graph)). & —ANERK)ERE G = (VI E) b VI, A% m AARZEM

g5 A E AR L ISR A, G T LR TR A — AN R B 1 4 145 200

{{s® e R LAY e RV 3 (8)
o SOL IR 5 AR 5 Vi o [RIAG 45 5 2 1) 10 [0 A e (i ) AR S T o A 3 5 S 4 VG ATV 22 T ) S e
() B RS B 5 SRS VP IS S A Vil=n;.
211 SN RSAE LY

SCHR[20142 HE T — AN A% B R SSHE SR i AE S8 m] DA FH 52 2% ] v 11 (] 4 0 e A B 4247 IR 0) 22 T S TR ) 45
O3 RIS e R FE i AN [R) S IR 4 052 [B] (19 2R SIS 45 b T PRI 3o e 28 5 R 5.

BE ki RoRGE RS Vi BB, CO e RN RS MUES V; h 45 028 06 R R R R M B T % C)
R Vi ISR p A5 AR S TER o RI0EAGE, DY e REN {03 Vi I 45 R R AR i e % DY) FoR v,
WS p RIS q S ) KRR, BY e RE™ 1038 Vi IV, 1 S 2 1 10 5 26t 6 3 BY) 26 Vo 8
p AV, RS g K IA] AR 2 008 R A % ] SR ME T A 3 g S I i g 200

argminL

c® ¢

L= zw(l) D(S(I) , C(I)D(l)(C(I))T) + Zw(u) D(A("),C(')B(”)(C(”)T) 9)
i=1 ij=1

st.CVefo,3k cW1=1

Serp g 1 MREAN S B AS h 1,D AR 45 A AR B 5 R B, o T oM 4 042 )R S A 4 P A R R (o
T o™ iy FH PR LA ) SR ). 3(9) e A H5 A 8 2 bR K D, PR it 3 AN 2 4% PR R SR HE AT 1R A K4 kA
[Fi) 1A I 5 2R 406 v il 45 B0 0 52 2% ST BB A AN (] (9 8 TR P B AR B % A B I it o AR MR B S & 1
P B bR 25 SCHR[20] 508 T W A S A R AT e K R R P 1 R
1)  IEASA(normal distribution).iX i, 55 2 B D Mk A Rk [X#E % (Euclidean distance);
2) /A % (exponential family distribution),iX j& 1) KR IGEE &5 . §7 10 1-H#L3E (generalized
I-divergence) i %, KL & (KL divergence)ifi &5 487 LLHE) >4 Bregman #{ /% (Bregman divergences)
PRE, 52 RN — R AR B A
2.1.2 SREIRREL
WA E A BRI F R RS Gz B 1 FioR AEE 24 Gi=(Vy, Vo, E) Ak Hk A
VRS R A A REEOR BV AL Vo Hh I 4 i TR AR 58 X 1,64 I RIR A {S e RV™, Ae RIV™ Y T 3L 220
BUE R 80,2 (9) 0 H AR s L 460
L=D(S,cPD(C)N+D(A,CYB(C?)N (10)
DS D 3 K BB B, D A2 2% P Gy AR SR AT 45T LA R (R Ak i) 2
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min  ||S-CYD(C®)" |2 +|| A-CUB([CO) |?
B

c® c@ p (12)
st.COef0o,3v,Cc® efo,3* cP1=1,CcP1=1
EIB 1 WHECYe{o,3™*,C? e{0,)"*,D e R"™ B e R EARAK ) B (11) I e A% I A
D=((C @ )T C(l))fl (C (1))T sc® (c (1))T C(l))fl (12)
B= ((C(l))T C(l))—l(C(l))T AC® (C(Z))T C(Z))—l (13)

SCHR[20]45 T o2 B 1 (AE B AR B e B 1, B 2% ] Gy MR RV

i1 B G B KHE I CGC.

EIONEERE S A A G RS Vo FREAEL ky, Vo BIRBA L ky;

it G R AR CUR C@,

B mRENADE 2~ 5 H RIS

SR 2. M (12)7H 5 D;

AR 3. MR A (13) 155 B;

AR 4. [ D,B A1 CO AT H B CO i#5 &/ ME L= S —CODEC?P) |2 +]| A-CPB(CP) |1;

LS. [ D,B A CW AT 9B CO i /b L=||S —CPDECY) |2 +]| A-COB(C®)T |72.

AR SCH SRR EBE S € RIVM Ay L] - 5L 3] AH 9K 14 A B2 g A2 14 it (vocabulary) P B3] (1 4~ 30, R B G 3% Sy(i=) %
PP wi A w2 T B 3 R 5 JEE ,Si=Topic_r(wi,wy). AEFE Ae R Ay #u il - B A5 G M [ ny 2 MR SR & v 1
BN EHE BETC 38 Ay 2R B wy FHER § AN MG 8] B AR DG B2 Ay=tfidf(wq)-vis(w).

22 EF-HEMHEERESE

EX 2(=#BE (bipartite graph)). Z55E (L) ~HBIE G=(Vy,Vo,E), b Vi={dy,...,d} 1 Vo={wy,...,
W MR AR 45 S A, E ={{d, w3 d, eV, w, e VIHRRE i 54

EX 3(E G #57El(cut)). 455E K G HIBHEFEFE M, G il (di,wy) AL Ei, ) M € A

M, - {EU, I RAFAEIL{d,, W} 1)
0, 7
WARE G B FR 45 LV 2 AT Vo NV U G2 E e SO
cut(Vy,V,) = Z Mj (15)
di eV, wjeV,
DR 2] kA7 AE U G ) k-2 %1 (k-cut) € XN
k-cut(V,,V,,...Vy) = D cut(V;,V;) (16)
i<j
R R 3L 3, s [T R SME L T LA &y S (17) D7 DAk i) R
k-cut(W, u D,,...,W, U D,) :Vmig k-cut(V,,....\V,) 17)

SCHR[24]+ 1) By [F) 1% 2% 25 (spectral  co-clustering) %72 Multipartition(k)25 th 77 LA A4k In) 81 (1) i H5 6L 3] - ]
BAR IR A e RI™M 4B 503 Multipartition(k) 4 A a5 B AT 582K,

3 X I

3.1 AREHE&ER S

ATCREAE 5 A Ia B A LRk AR SCHR HY AR B R AL R VT SR AT 5 M, LSRG E A BE AR AR REL SR
3.1.2 9 10y WL E v SRR 6 AN Rl S B KR AR TR REREAT 0 M R IR R 1 15 B SR 3.1.3 Wk
Bl T AR RS 5 2 B ) L AT ) g
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3.1.1 HIEES
RO TS ) >R 5 R B ] i S ]l A0 S PR BE A T BRI AR SR R R O R A A R g B R AT 3 B
T RIR 5 AN SR A UEAT S B4 W AT L SE

()

@

@)

(4)

(®)

Columbia374® %41k [ LSCOM A KPS fu 4 374 /gl 43 BIKF . 374 ASF0%5 Mk 2 (visual
concepts), & 11 H A 58 5 3 F R AATE SO AR REAT AR i

Flickr Hot Tags.i%#E &k [ Flickr(http://www.flickr.com/photos/tags), il 144 4> 54, & Flickr F ]
F 5 EUS bR 25

IAPR Annotations. %5 &k H JT 785 4 IAPR TC-12 Benchmark" e iy [ 45 bR v $ods . oA 12E B 1
IAPR TC-12 1 —A 14, £ 1% 2 000 A B 5 FFEHHL T Hobgy: SCA b (1 44 3l L4015 24 500 A P il
Surrounding Words.i% % & f BATTR 2, B ST K M 2 i) apples 75 b & 1§28 45 Google [ E{G# &
18 o 3R 0] 5 e R A A R FRAT R 3R T UG SO DL UG I AE Y Web TUTHI, FEER I T 4 A1
I S A v 4 A PR AR LA 4 1 200 A FLE]

NIPS BOWSs. 1%k Topic Modeling Toolbox281eh 144 £ “NIPS proceedings papers (bag of
words)” iZHHHE LS 9 244 > NIPS 2 BUE SCHE A 1 1], FATTRE A LI% X 7 2L+ i) 500 A 44 ] 44 J
LATESes

3.1.2 Wl BLEEAET SR TERE
I 24 2(3), B ATV T 5 A Bk A mh g B3] 10 BT L2 LR 2, 068 R gl B8, A AT LR A 1) B3 T4,
BEAS T DL JSE B D TR AN a0 T 20 MR A ] AR B SR AP B T ML EE A 4 s s e AR

LR
(1) %44k Colimbia374,Surrounding Words,Flickr Hot Tags #1 IAPR Annotations H B il /& B 45 b5 2 it
PR B W08 M-S, UL 3% 2 (1) football A1 oceans, JL 8 SCRT 4 W0 5 Ja 1 1) i ) 2% 3 4 5o, N FH AT UL 32
SRR L B A B e vis(w) 1R
(2) HHESE NIPS BOWSs v il £ K8 T-HL2% 5% > Sl (¥4 &, L3R 2 1 statistics A1 probability,
FEAE SORT AL AR BE 0 5559, IRLEF- 127 vis(w) (LI,
(3)  7E BB AR B B & v I AR PRy s X B (1 B, LR 2 Hh (¥ pavilions AT railings, fEAE SR 1S 5
fr Vis(w) X R 3 o (1 5] fishermen 1 largemouth 1) il W& — 3.
Table 2 20 representative words and corresponding vis(w) values from each of the 5 word sets
(values of C; and C, are retrieved from Google on May 27, 2009)
R 2 5AHUREES 20 M I M vis(w)fE (Cy B C, {E K B Google,2009 ££ 5 H 27 H)
NIPS BOWs Columbia374 Surr. words Flickr hot tags IAPR annotations
Fields 0.930 6 Pavilions 0.986 5 Fuji 0.9521 Museum 0.9255 Football 0.991 2
Dimension ~ 0.889 2 Harbors 0.9770 Statue 0.947 3 Urban 0.9199 | Foreground 0.987 4
Feature 0.8743 Oceans 0.965 0 Oranges 0.934 2 Autumn 0.906 6 Railings 0.978 3
Pattern 0.8557 | Microphones 0.959 6 Bananas 0.927 1 Portrait 0.897 3 Pavement 0.969 9
Kernel 0.8453 Suburban 0.944 8 Apples 0.9131 | Mountains  0.890 7 Pillows 0.955 6
Distance 0.8303 | Supermarket 0.9350 Spices 0.9049 | Landscape 0.8788 Chairs 0.946 9
Output 0.808 4 Farms 0.9231 Fruits 0.897 9 Festival 0.868 5 CIliff 0.9381
Detection 0.796 5 Flood 0.9170 Orchard 0.880 2 Ireland 0.856 5 Fountain 0.9230
Properties 0.7921 Clouds 0.909 6 Downtown 0.879 6 Holiday 0.8455 Sunrise 0.914 6
Abstract 0.784 8 Flags 0.896 4 Bush 0.862 4 Florida 0.836 6 Lamp 0.900 5
Weight 0.7739 Laundry 0.886 1 Ridge 0.858 2 Island 0.823 6 Desk 0.899 1
Statistics 0.752 9 Desert 0.875 2 Wine 0.8446 | Christmas 0.8134 Peak 0.886 1
Variable 0.7403 Politics 0.867 3 | Temperature 0.833 2 Wedding 0.800 4 Bathroom 0.8709
System 0.727 4 Traffic 0.858 0 Wood 0.829 3 Food 0.796 1 Mirror 0.864 4
Information  0.622 3 Block 0.8477 Storage 0.814 6 Fashion 0.784 0 Stone 0.856 5
Probability ~ 0.601 9 Qil 0.8304 Ground 0.801 4 Birthday  0.774 2 Areas 0.8418
Size 0.5859 Hand 0.8203 Settings 0.794 2 Family 0.765 8 Plant 0.836 4
Results 0.551 2 Frame 0.813 8 Format 0.7854 Green 0.737 3 Town 0.8250
Type 0.512 4 Party 0.804 1 Firm 0.7770 Art 0.7170 Night 0.8180
Search 0.352 8 Driver 0.797 0 Point 0.768 7 Black 0.700 7 Border 0.802 2
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INREEEE

NIPS
Flickr
IAPR

olumbia374
Surr. words

Fig.4 Average gf vis(w) for each datasets
4 5 ARS8 AT LR

3.1.3 WL NOS

SCHER[AF - WordNet(http://wordnet.princeton.edu/) 75 2 M 5 % S (A [A] & X (sense), 4R Jm il o £ il SCAS
KR A & SR 5 BE T 37 5, B ATTH R B NOS(number of senses in WordNet), BT #3474 WordNet =
AN S (sense) (19 AN B0 — Fi b K B £ B ] 1) 3 R 98 V2 AR B2 9, 44 4] place T desk (19 NOS {4351l 4 16 FH
1,0 %35 place Lt desk B 53 .

T 2 52 3 (B) 0T A R T vz B v T AL R P A 2 R A S B X AN [ AT AL R B4 ) NOS . i 181 5 TR, 43 3
AN vis(w){EL X [0 EEA Y B3] (- 25 NOS 1. e i WL JEE 53] (vis(w) € [0.9, 1]) FK 124 NOS B 2104 2.5, 111K W] WL J&E
Hi] (vis(w)<0.8) [T ¥ NOS {H £ 24 6.

[ Jvis(w)e[0.9,1)
[ Jvis(w)e[0.8,0.9
— I vis(w)<[0,0.8)

o P N W b~ 00 oo N

IAPR annotation  Flickr tags Clumbia374

Fig.5 Average of NOS for each datasets
5 AIA] vis(w)fi X 8] ) ~F) NOS {i

TRt L] WL 5 NOS B K & FA R S a) LB vis(w) 55 H NOS (E#EAT T — 4kl M AL 27 ]
6 TR, RHB S v vis(w) fH 517 H NOS fEAR /N, T BEAE vis(wi) {198/ AH R 53 1K) NOS A1 237 585 1.

DA b Sz 25 SR AR B

(1) #ephk b, 20 (30T 3 78058 2 PR3] ] AL B (R4 o 20 SR 2 B S 1.

(2) i xF 5 A HH A b F IR NOS {H 43 H A H, 13k G PR 5 X G (R B 25 BB A o 8 2, B ] 1) NOS %8
/Nt desk, pavilion,railings,pillows,largemouth F1 fishermen 25 5.5l (1)) NOS {5 >y 1, 11 1 & P j] i i 5 3] ] DL A58
RV RN vis(w) B4 s B G, A% SCHIT 4 L i) B8R i) w0 5 o SRS A 0 o) 3 R 5 v B ) R DL I [ I 1
HARTE T il B 5 b s X G L] PR R D, DA T A 453X 4 ] T PR 40 (1) A R T A SR ) 4 - [ B
KA SCT 43 3] 38 5.
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1.0 0.90&4=g

AN A a
0-95g T 09| 8542 © 088A§ﬁ et
0.90 Y § NN NS g N § R . AéﬁAAAA N A
0.851 2 % & A AR A o 0.8 A é § A § N o
080[ 28558° 22 - 0.7 T ey 086 "% .08, an 0.
. A A A ) A A A
07515, , &Loet  ses saat, 084 “ & Z..a, S
070} = 0.6 20 ansd
N A
0.65 05 R 0.82 4 Rafs
0.60 L s a s Len e
0.55 2 0.4 = 0.80 o
0 5 10 15 0 2 4 6 8 10 12 0 5 10 15 20
NOS NOS NOS
(a) Columbia374 words (b) Flickr tags (c) IAPR annotations
(a) Columbia374 #.i7 (b) Flickr #5%& (c) IAPR F it 1]

Fig.6 2D visualization of vis(w) and NOS for words
Kl 6 Fim] WL vis(w) 5 NOS {8 H) —4E A Ak IR
3.2 WebE&E%E

AT I Web IR 58 288 S50 568 BT B HA 1) 28 2 HE 42 ) A7 R0 kAT IR i
3.21 Hdidk

ARSI R AP EE (L) BOMET Google EMGIH R L RAIRAE(2) TFIUM BG4 & &M Bl 4k
IAPR TC-12 Benchmark[®"!,

AV S T TC R 7 AR 48 A 1) S B 74 Dy 25 1 1 3 #2 X Goolge Image Search™ 43 [A] 45 S xR [7] 45
R A BB, T BB SO CL L EGRE Y Web U R 1 547 B 3G IF 2R 2 0L AR HR SRR [1] 7 s 56,
HERET 5 AN 2 SCEE K EE i), E 4112 :apple, bass, jaguar,mouse 1 tower. Hi - Google PRl T 48 % S b ik [H]
1) &6 B, e € HOER B R B AR 15 4 4 000 AN B T 2 T SR EX G A1 B SC AR o G T TE 1Y) Web TT
THEAT AT S H T R T 8 112k 3000 A Bl ) SCARAE Ay i PR A5 (00 A B SCAS 3 A 1) 1 B S A 3 ek 3 P A
(part of speech tagging)$& B T i 44 17 3% R SCHR[29] 19 55 598 $2 L T Web TTTi - alt Fi title #7525 v 1 44 1.
2L L EACBE, REAS IR (1] 45 R 10 BT A A Bl SCAS A R A4 3] 1 VR R AR Dl 1.000~2 000 A H .

IAPR TC-12 Benchmark %#i 24925 20 000 3K H& v FIAH B (¥) SCAARYE (annotations) £ 4. SCA bR i 2040 LA
XML 4% A7 8 204G R R bs . B IS ). A B A0, R P9 25 1038 S (description) 1 4% ¥ (notes),
PRI mT AR 8 A 1R A B SO H T A 2 30 7 22 PR B o B & R R Bl SO, AT 138 B T LAPR H Description
F Notes SCAH LAY 2 000 7k i JEAT SIS 856 i 1 $2 X Description Al Notes H1 ¥ 4 i8] JE Bl (1) iA) V2%
£ 55 4y 550 > HL ],

3.2.2 RRVEREVEO bt

T v (1) B 25 R DR o v 2 JF — A0 B8 26 B 45 JEL (normalized mutual information, &% NMIEY).NMI & 34

EX 4. 4 BN KK BRI EA=(A, .. A) T A BUETE E Y 4=1,... kA=) R 5 | AN s 08 T
55 C; 26 ADFNA® 3 53] 2 75 B S 45 LA 1 (ground truth) 2 J 5112 1 4, 0 AR AC G ) — 4k SR 26 11435 1L gD
5 X AR
Z:—lzr—lnm IOQ(WJ

nr(]a)nl(b)

(a) (b)
K 1@ og O
\/[E o1 Nh IOgn](E N IogT

Horpr, n® g R A2 Cp e ECE A B, n® SR 1 A K Cy e IR B A B, Cry 2 [ I 4 R AEA®)
(f25 Cy tRAIAPG S C o B T AN 5L
AR 5 S 4, IR B B AORI RS A® 2 10 (1) A% B MM (A, AO) K, R AR YR SR b 2

S (4@ 700y (18)
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AR 2 SNMD (4@ 20N)=1 S T 3545 5L (ground truth) 34 J8 41l 22 1) & Fe A T3 Bt A2 04T T F LR,
3.2.3  BIAF LA BE S K

Sy T UIE N 2 T LB £ M A ) tfidf(w)-vis(w) 7 R thidf(w) 777 Google Pl 1% 45 U
2 EREAT S2EG X O AR XA e b FRAT S ] 1 ST (1 BRRSE 2Y e AL R] - AT 2 ] )R] A A, R ] - R
(10 7 e . DAL AR A 78 A i N A 1 - R DG A AR R TG 38 Ay (i) 28 7 o il w BTSSP 2 T 1
R X B R Ag=tfidf(wy) 71 Ay=tfidf(wg)-vis(wy) ZEA7 %5 L. R - B R RE A S B RS AR o — 0, Bk
KT AR EI T RS SRR L O T — PR R R R WG A T R R SR KA S k-means
R EFAAT 76 b Se a6 45 B 7 s k-means FiT Spectral Co. 3 /1 fL i - B 5 4 AR L Ay=tfidf(w;) i
[ k-means 22 R0l 7] 33 2 28 (1) 2 2 LA U2 T +vis(w) e B i) - MR BE A TR Ay=tfidf(wy)-vis(w;) B 1 2R
T A S S0 4 S AR N AR SR R ) R L R A R A AR il B th-idf v P RS R v S R SE RS B . s T A
J BR R A TSI T e B 1) PR S 36 B 2 (03 SCHE IR A SR T8 153 B [ % 5 S 1 BEG JS R B ] SR (M2 L
GE B E S S

1.0
0.9l L Tk-means
|| " Tk-means+vis(w)
0.8 [___]Spectral+Co.
0.7 I Spectral+Co.+Vis(w,
0.6
0.5
0.4
0.3
0.2
0.1
oo LLLIN [T1 Nl s

Apple  Bass Jaguar Mouse  Tower

Fig.7 NMI of k-means and spectral co-clustering clustering results
B 7 k-means Fp Al 3 B2 10 2 H (5 BTG

3.2.4 G B K BE A Rt S 5

FESEI6 T, 7 18 PR 2 T) R P A5G IR 2 R S SR BRI 3R AR AR S SRk S A A S SR I SR

TE X 5(EA iR A £ A #8 5% 1 R Bk (co-occurring relevance)). 5 A1 BE SCAS H AT R AN LA wg B w f 3
AR IR 5 S EATTTR] I R BLAE A R AR A B SOA R IR P (wis, W)
num(w,, w,)

N
b N 2 BB R, num (W, we) 2 FC A BESCAS HR () IS A, 25 R wig I w18 B IR S 2L

A5 8 3 5 R 5K JEE B 0 Topic_r(wi,wiy) v 550 9 A B 3] [ 3 RUAR 56 M IR, A SCR A LDA Topic Modeling
Toolbox®1 3 T3 17 7 5% k¥ (Gibbs sampling) /7 %, 1 i % 7k Dirichlet 2t 5, 2 4% & Jy: a=50/K #14=0.01. 1 1, K
SR 455 T (AR 2V I AL 1 2 RN L A R AE IR EC 500 A ALAE L LDA % 2045 2 U A P(wlz) LA &
P(2), = (7) 7T vH 5 Topic_r(ws,wy).

55 S BUAH MR AN S A AR S R IBC, B 1 [0] PR [ AL B e AT Sk (A(0<A<1) A2 T I 2 40):

A-P(ws,Wp)+(1-2) Topic_r(ws,w;) (20)

3 ) I 255 ] - P AR 1 S ) e R - AP ] ) [ A B R S 2 R R B o0 T 0) h i 2 8,
8 3 P O

1) A=1.50(20) 56 bk P (wi,Wy). 32K I 20065 17 PP ] 1] 116 32 AUAH 2 1k SR K

2) 2=0.3X(20) %1424 Topic_r(ws,wy). 3% B 20 1% T B il [7] (1) He A0 AH 6 M DR B

3) A=0.15.3X IR, [7] I 25 s P95 o AH G 1t S TR

P(wg,w) = (19)
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£ Google &% ZR Mt dE LK SCH 4 R W&l 8 Jron X T HiAT 5 ANE IR 28 B R IEREASFEA=0 I} ik
B b UL TG 204518 8, th LDA 25 5345 21 19 32 AU S P S IR 2 LU A AR S P S IR o 28, LR AE R I 2R
JERL AR R, B U] i £ A 5% A1 RE 0% G o P 1) - PR G K B R R AT A 0, TRATHS I R SRR S R

0.40
[ =1
0.35 [ 14=015
0.30 C__12=0 S
: I /=0 (vis(w))

0.25 ]

0.20

0.15

0.10

0.05

0.00

Apple Bass Jaguar Mouse Tower

Fig.8 NMI of complex graph clustering results
K8 SR EAR BXT L

h T HE— P 2 g 0] WAL (A A AT S e R ISR IX 4y T tfidf(w)-vis(w) 7 VAR tidf(w) 77k
K 8 i1k, A=0(vis(w)) 2 7~ HL il - PG B 12 A TR A=tfidlf(wy)-vis(w;). 28 58 A B 45 S n] UE 3, 76 R 2% 2R
e 2K BT R T L BE 5N B 1] - PG R AT A A v ) WL SRR 1) 5 2 IR ) PR R A e AR R B 2 1 AT G
PEAF B TR — 20 B2 1k e

DL 9 JTos ok £ ) jaguar 462 15 B8 2 45 1 Ok 51 (A #Y jaguar ) 3 4> 3 i jaguar car,jaguar animal £l jaguar
plane 4> I Z T 5 AN 45 5, 02 AE B H 7 B 5 B 28 2R 000), 4 LE B 9(a) P 9(b) T 45 LA R 45 i

(1) %3 jaguar animal SR tfidf(w)F thidf(w;)-vis(w;) T 5 28 2830 R4 B A7, 1AL T 1% 32 780 P45 A8 Bt S
AR Hh AT H B IR], An water, cat T tree, 7E At 3 BG4 BE SCAS A AR AR AR, {173 LDA Gibbs KA1 23T
B S B A2 A AT AR T, DT A 15 LA B S A v BT [R] 1Y) 3 AT DG R A v, SR A EE B I B A IR B
4k,

(2) 1R % #ia] 4 car,speed HI wheel, [ it} i BL7E 3 35 jaguar car,jaguar plane F jaguar logo &4 £ bifi Se A< o,
{33 3 AT MBS AEE 9(a) 1R 45 Forh th IR AS SCARZ E B 9() i) thidf(wy)-vis(w;) 772 5 N AT U B 3 i
S AR P B ) 2 1 PR 5 R A TR T R S A AT B — o G

—~ JAGUAR]

(a) The link weight between word-image by tfidf(w) method (b) The link weight between word-image by tfidf(w;)xvis(w;) method
() SR - PR ARE A R A tfidf(w) Jy 2 (b) 1] - P15 e B R SR A il (wy) < vis (wy) 5 7%

Fig.9 Examples of complex graph clustering results under condition 1 by tfidf(w) and tfidf(w;)-vis(w;) method
9 ZrORH thidf(w) R thidf(w;)-vis(w;) 75 i (1 52 % B R 2 5
3.2.5 1APR TC-12 Benchmark %45 4 I 5246 45 3
AT kPR UE TN AT AL JRE N T REUAH 5% FE A A O B L AN SR S HE S ER M i ) S R FRATTAE T
JBEAERHR 4 IAPR TC-12 Benchmark?"_E 47 DA _E 5256 5236 45 L P 10 .
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(1) FIAH] XS B3k k-means,Spectral Co.fll Complex Graph Clustering(CGC)7E IAPR %45 E IR H
R A 5k 3.6%,0.4%F1 9.8%;

(2) XFLbl 7. & 8 A 10 15k k-means F1 Spectral Co-clustering F28 28 &5 I n] DLUA I HE 2R 2R M g
Fa 2, 1X & 1T 5992 k-means )48 4R A6 BT 3% (spectral co-clustering 53032 v X il 3 il Jm R AL 7] B
(R 58 S5 1t k-means Sy B BN AT WL S 4R T 3 NMI;

(3) B EIIRE(CCC) M fit A Ao 41 iy A SURE T 12 B2 1 125 o 45 D SR WK I R 9, L5 (11). 48 52 30 R TR, 4
CGC 85 ot 9%1%1%(@ LT3R %8R, 2 B BE 19 oK 4 D 78 BAR IR B8 AT 55 vh J5 8 — A 0 R it
E2, 5INA] ILE J5 AR$ 7 2 NMIL TR IE T 4t 110 5 A 28 1) A 2k

1.0
0.9 [ Jtf-idf ]
0.8 I tf-idf+vis(w)—
0.7 — —
0.6
0.5
0.4 —
0.3
0.2
0.1
0.0

k-means Spectral co. CGC

Fig.10 NMIs of clustering results for 3 algorithms by tfidf(w) and tfidf(w;)-vis(w;) methods
10 3 ML BITT thdf(w) I thidf(wy)-vis(w;) 77 0 38K 1 45 A0 He

4 Z i

ASCAT —Fh Web 5 B 5 T5 125, 1277 VR 00 B 5 PRI AR ] g A SR R 5 5 F) TR 0 AT SR 26 A SR R 7
HRE LT PR ORI IR AR - 1] - P B PR A 9 ST A A P 3] - B ] *H?%‘Té?%ﬂ?ﬁ BT RO (6 53] ] AL 5
R L tf-idf 7 ik A SE OR E S Il i LDA BERS BR 1 A Bl SCAS AT 27 219 31, S 06 45 AR WA 5 ml WL
PR ] PR S BUAR SRR 5 TN 3 B SRR B v RE S 25035 Web TR ) SRS 1L g

BE DA AR AT Bt SO ) (1 T SOR K, {&Uﬁuzjﬂﬁﬂl%ﬂ’h%x%ﬁ%% Ja BT ARG . A R I
R A PR PR R 5 SO 536 1 24 b K D I I 38 A2 7% TR SR vt A A 5 i AL
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