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Symmetric Information Bottleneck Based on Maximization Inter-Correlated
Mutual Information
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Abstract  The symmetric IB aims to extract the double compressing patterns of data via the
cooperation between compressed row and column variables. However, the compressed variables
cannot completely carry the information resided in original variables, which results that there will
be some deviation between the compressing patterns extracted by symmetric IB and the original
patterns resided in original features. To solve this problem, this paper proposes an Inter-Correlated
Symmetric Information Bottleneck (ICSIB), which aims to maximize the inter-correlated mutual
information between compressed variables and original variables, so that original feature variables
can be involved in data double compressing process and can be used to help the compressed variables
to learn double compressing patterns. The ICSIB algorithm can monotonically increase the objective
function by an intertwining “draw-and-merge” sequential iteration procedure, and guarantee to
converge to a local maximum of the information. Our experimental results on benchmark data
sets have demonstrated the effectiveness of the proposed method in the application of data double

compressing and co-clustering.
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PO D p(ylD)log

p(f“CW)ZIJ(y\f““W)log
B9, A EK TS

AL =p() D) p(yl)log ASIEY

p(y)
P(y|5)__
p(y)
plyla™)
p(y)
plylx™™)
()
Pyl
::p(x)Ejp(y\lﬁlog4———1——7
y PGl

(y]2)
p(i)}jp(y\i)bg4l13ii;f
. p(y|1,now)

=p() D [pY |2 | p(Y | 2™ ]+
])(i)DKL[P(Y‘i) H/)(Y‘imw)]
=[p)+p@ ] JS[pY|2),p(Y|Z)],

+

PO D p(ylD)log
Ejp(x)p(y\xﬂog

Ejp(i)p(y\i)bg
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Horp IS[p(Y o) p(Y DO TR &M A p(Y ) 5
p(Y|Z)Z a4 JS(Jensen Shannon) i 855, fy
FHEn 15
AL=[p(x)+p@) ]+ JS[p(Y|2), p(Y|2)].
P FER o) G BI85 & rhist s H AR bR LAY 15 B30
Kt d, Ux) 2 H
d, Gxp ) =[p(x)+p]{JS[p(Y|2) p(Y| 2]+
IJS[p(Y ). p(Y|2)]} (22)
[ p (x| o) AR AR p (3 ) 1Y
WPy Ny p (3 [y) =1 H sl i ok,
AR b g — AN () R A IR 3
S I SR A S & I I O SIS N N 8
d. Uyt y)h
dL b =[p+p( ] {TS[p(X |y, p(X|3)]+

JS[p(X |y, p(X |37} (23)
3.3 EEam
3.3.1 B UEHE A Hr
EIE 1. fE ICSIB & k. R A LXM, Y

Foob— o0 R MY AT R R Z m e E bR

BB SR LCX™Y Y™ ) 5 85 “ i U ok i e
FAEBE I BN AL R H bR R 0

LOX Y ) = £(XM, Yo (24)

. ESEIENY p (5| ) EE AR 2

MBHTFE 20 p (22 [ 2) =1 P ok, R 5

FEFHEE IR SR 20 = argmind, (), 20 . 0t

CHHIR -4 IR R bR BRI L L (X YD) =
LIXM, Y,

i« R 220 p G [ ) =1 i
ok 5 1 FR BB £OX L Y T 4 9
AR 2 =2 p (o) WA U A
LX) = LOX, Y95 % 2 7 i, i T
LXM YY) = LCX™, Y —dp (Lays 29D,
LOX Y = LOX™, YM) —dy ({a), 7)),
Ifii 2™ =argmind, ({x},2), W d, (), x>

dy () ™) s WX, YO ) > (X9, Yoy,
B2 p (| ) [ 5 A AR B AE Ol -4 57 RS Y
H % 0 B e £(X, YOU ) => £(XO, Y1),

F AT 5.2 p(a o) [ ANZE K v YRG5
yMp(3M ) =1 H T Ok, IR A T E
it = argmind, ((y}, 3) B, LM, Y) =

P
LIXM, Yo,
B, 75 ICSIB Bk i — 6“4 a5 &
G HRA LOXY, Y™ ) => L(X0, YY), I Ee.
HEIE 1. ICSIB 5335 I 1A BR A5 B8 Py sk 31 52

XX IB H bR s (18) B — A SR B A 1.

. B 1 AL ICSIB Bk — 4
“HEL- AR RR AR AR 3G 22 UK AR 1B H b pR 4L
A MME T I(X;Y)<<I(X;Y), [(X;Y)<I(X;
Y) L IOXY)<<I(X;5Y) . P i% F AR BRSO A 500
BI L3« I(X;Y). i db Al £ 4, ICSIB 53k il £ H
R A B Y 853 22 U RR 1B H A o 50— 4 JR 3
1. HEYE.
3.3.2 SRR A 2% Ay AT

ICSIB Bk 55 5 A H 5040 o0 R M S /7 7% il
ICHE Of 2 2 A AT A PR I T PR 5 R L R TR AR 4
O 355 6 5 AL AL & IF i B %t B
BT Y AR X R B B — L Ay A TS R
B A BRI E] 52 2= B 430 S OCR| Y 1) PSS 4
BB T ERIE 2N O | X[ 1Y D). 25l
55 8 B ENEE 11 BRI E 2N OU x| [ Y]). #
AR R 2L BE R OCLe+D | X | YD Hh
L J& ICSIB 553 3% 21 Ja #5816 1k fige 125 490 4 1) W 8%
25 b ik ICSIB B39k B B 18] 52 2% J R 550 40 1) B0 A5
LR PR .

ICSIB i X %k 1B Fk ™ R ITCCH ik
f 4 5 J5 P I ) 2 2% [/ R O (L (e+D [ X T Y .
F O RT D 0 2 R E AR i 2 [ (1 38 LI AT
S80I 0 I ] A 4 L alBCC 41 7E MOBE A B 2%
BF [ 5 A J2 4 A A8 22 ) T 28 45 1O 4R AR 15 L
(ERTARES V=)@ % JIPUN 5 ) A= R TN
BHRIEZ 240 O X[V + 1Y), Htn]
U, TCSIB B33k iy B[] 52 2% B Je I T aIBCC k.

4 LWEERES

ASCN SO A RIS R T W R e 2 A
AEE 3 A7 R PEAG TCSIB B3k %8s 2 M i 1 R
4.1 HE\EEERTLE

(1) SR 8

20 Newsgroups® 4 K £ 20000 j5 Hr [ SC Y,
LRG3 oA 20 AN P TS A . AR SCGIZ B B Al R
9 B T 1 R S B P A O R
500 j SCES 4 B, e T Bl L AN 20 Newsgroups
P 1R — S g ] i A SR Hh R Y.

X ) SCRY R AT AL B, =B AAHERE F bk
A R NG B T A BT R B A R — B %K
FAES s M BRE TS B BCF 455 45 F i (stop words)

@ http://people. csail. mit. edu/jrennie/20Newsgroups/
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A B — YR A 53] 5 3% R 0 B B T Ik A K
2000 A~ BRI /E Sy SCRY A AH G AR m 4

(2) FMG 5

AR SCHk L34 1 B i I 19 amazon, dslr,
webcam® = AN &G B0 4 ok 50 UE TCSIB 57 3% X ]
1500 W B A U B R g L JEHh amazon Y EIR
JE M2 b R bR R . dsle Hb i R O B SR A B
4515 2, webcam S5 Hh i1 [EIGUIE H 99 25 154 Sk F 48
3 A BRI R A A 31K R A,

Ji ey 1 PR B AR R A B A7 TG 2 )
TCvE B AR A AT A 00 A PRI 22 R S R R
Bds AT — LE AL B 8 HR 4 Oy Bk 1 ] AT Y
it B . A SR A Bag-of-Words (1 7 i 4%
EUG B S 55 A0 R e A . 2 ik R 4 4
AP (1) R SURF 5307 WA i 12 45 il 30U
AR, I 64 4k SURF $ 3 75 o $ i & — 4~
JRFRFRAE 5 (2) R k-means 8 3% b SURF $# 4
FF F B — AN B R 800 FRD AR , A — N 2 m] 41 4
— AP B R (visual word) 5 (3) HU2F — 4 MR 14
Hil I B — > SURF i i £5F B S 31 b 3R A A o
V4 JR ER R AL 5 by W06 B ) 5 (4) e 1 A A o B
T 7 T e AR v L B0 B K RS B AR R
I P

AR ST 00 SRS 0 ER Bt B2 2R H A G
# 1R,

x 1 HEEHR
LR MAC XD RAERHAYD AR

Binary_1,2,3 500 2000 2
Multi5_1,2.3 500 2000 5
Multil0_1,2,3 500 2000 10
dslr 498 800 31
webcam 795 800 31
amazon 2813 800 31

ICSIB 5% % . % Bk 1B 513577 (ITCC 5137
alBCC Fk " Hy 5 B8 o 4y th J5dis o k5 20 Ao 3
b AR 5 0 SRS R A e Tk B 2 ) T )
OB HLIR] B R 5 W5 AR =2 ) Y B .
A (25) AT ER BRI 3 o0 A e rh (a3
Dy B CHLRE SR 7 SCR (B30 2 BRI UKL

pray) = n(x,y)

Z Zn(x,y)

T

(25)

4.2 FLIFFIT
4.2.1 X
R EeUE TCSIB B8 3 X B4 28 47 X 1) J& 46 19 1

B A SO I IZ AL 5 DAUT B R L 52 5 25

(1) k-means Fyk. B od G L oEAT L2 ML
(L2 norm) Fi AL B, 9K J5 R ] k-means 57 15 X $L
XS G TR K.

(2) Normalized Cuts(NCuts) 8 P, %8 3%
Ry T o B SR S AR DB T %) A AL B A
VE A A BHE. 9256 vh i Je xSl S AT L2 BLE
A FTAL B, K5 408 (5] 0 AR AL EE S [ Ay 54k X 4 ) BROJL
AR B Y T

(3) X FR IB(Sy 1B, SR HII Y 2% A% 1) 77 i
X RFR 1B H by ek Btk AT AL

(D5 BB BA RAEFIEATCO LR A B
J8 it (Matrix Approximations) [ 75 32 %I B 45 o8 %%
AT AL,

(5) BESR 1B KA BT 1 (aIBCOY . Hidli xf
S5 R Z 8] A I S 0 A A D i A BN L R T BRE R
AR X H AR s 5 AT Ak

(6) DRCC(Dual Regularized Co-Clustering) §&
B RPBESY L TG B Ry A B

k-means 35 1 Normalized Cuts 5 3 2B {& 48
SRS E L OO Hi s v R 47 R 2K 1CSIB i
ITCC Bk 4 1B 53k . alBCC ik & DRCC &
125 D) [5) B Xof 66 B ) A7 AN 9 R AT SR 2K
4.2.2  SEEGTRALOTIE

2 SCR FHE A B2 (Accuracy) ™ Fl bR E AL B 05
B (Normalized mutual information)™ 3 B & iR
BRI ) BRSO R AR S LA R
JE o DTS TG A ] B30 g M e X TR X 4 s
SRR &0 B e ROR 2 B REARZE R 2, 1) & RN 2R AR
25 U R B ] E LA

ZS(C, ,map(x;))
AC="

(26)

m

Forbom S P B X R B H 0 (e, ) Ny
BLFERR R Y =y BIIZMEN 1. B WX AE N 05
map () NP FRAREE o, W 3] 55 A FL LR 25 1) Ik
S R de A Y RS 56 2 Tl i Kuhn-Munkres 5
EEE N

R X R C 430 3R bR 25 AL S bR 4 L )
V45 45 A0 C AR 45 =2 8] B A B (X O A
2R AT A SOR b A AR R JE B A ) 3094
A 25 R C AR 28 2 (8] B U5 R R L L SO

@ http://www. icsi. berkeley. edu/~ saenko/projects. html #
data
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NMI = [(X;0) 2n
max(H(X), H(C))
4.2.3 SZEGHRAT
iR 6 Fhu b SR R AR SC TR ) ICSIB 8

TEE T H Z R AR E MBS K2 a7

XS ALB AT N S H) B BE L) fh 1k S e
GEOREFEITE MRS B H o NTCs(the Number
of True Clusters) F/s 48 i 4 B A & EH . D AR
FOCR L TAUREMR. 530 AEA SCE B A7 AR L
P 4 SRR AR AL B

R2 HENSHRE BIMBLRRESEREESE

(iR 3¢ 23 whg b BT WAL T A2 R
k-means NTCs X Fifi #IL 10 I U 45
NCuts NTCs X Fifi #IL 10 i A R
DRCC NTCs NTCs k-means 60 1T 45
alBCC NTCs B o & X 1 X
X FR 1B NTCs D:100 1:50 10 et B br iR
ITCC NTCs D:100 1:50 AH [R] 4 BE B 46 1L 10 Fe it H AR R 5L
ICSIB NTCs D:100 1.50 10 Fe it B Ar R 3L

T R BB T 2 S A S R A I B
RACBAT I T e 48 B TP AR H . AR S
SR AT R B O B AR D BT A 2
k-means B 3E 5 Normalized Cuts & 3£ 14 Sy B i) IR
K TR BT E B AT, XA RE s 1T
10 UK o DA HR 38 46 1 0 185 0 g )R B 25 AL

ICSIB 535 JITCC S35 X FR 1B F ikt ax
3 ANBUI] He 46 B8 05 A6 SCRY B 4R i SRR E
100, 75 FG Bt 55 B3 HEECH 2 50. J34hik 3 A5
B B SR E — AW IR R 4y AS TR B 46 R A
AT A ] B SR 28 45 01 o T B S 5 X L A 8
P b G A S8 B TL TE B 1 W0 4G ) 4 AT B A AT Y
RERGE R AEA ST 5250 v, o 5 B0 80 10 W Bl
LRI R R 43 BRI KX 10 AT ia Rl 4 1E ik 3 A5
BRI 5r 4 24T 10 W A AR E] 10 44
ANTR) B R 4R 25 3 I 35 % H AR oR 850 10 09 7 O B
Pk

AR S BRSOk (24 ] v 1 2 803k By i ok A8 4T
DRCC 51 S SRR H ST R KA EH A E . 1
o B s A v LSO 8, OF HoR L k-means B35 R
WIURAT S50 R 4. T HIMZ AT T B4 3 40 1 4L
H & AL S H A Fl . R T 3R BUE & 0S50,
S AR AR TR R U K A RN e B BUE KB T
DRCC Bk o b BBUAETEE D (1,2,3, .10} ,A
e B G B K {0.1,1,10,100,500,1000} , H.
A= e BRLG BE X AN TR] 0 2 880 A6 TR — A Bodis 4R
DRCC 33247 60 U, M rbr ik 358 o 1 B S K 91
AR

alBCC FE W B R R R A BRI AT
B e S B IR R 4Y . AR b AU S O S

By BT S8 i 2 BORME R 1 53 A xR 1B 3
7L 5 TCSIB 553 i i 2 8 B = oo o U IR 0 ik
IB 53k i H b o6 RS W) T ITCC B i H bx

4.3 ZHHERRMEREDT
4.3.1 CHYERA R

TE SCRS B 4 o o A7 B AR 2 S0 L S AR AR
). p TS R AR R SORS i U ) 2R )
11T DG 2 iy 52 B3 Y SRR S R G AR SO B e AX
25t SCRS, RIAT B dE 1 92 58 AN 4R Ik 3 B
/R B4 R Ca) B Ch) 23 ) 25 TS A AR B A X
PR A _E B R 2 A o 1 S R AR v AL L AE R Y
FHE.

R3 XHBEMIRER
B AC/ %%

Data Sets

k-means NCuts DRCC ITCC Sy-IB aIBCC ICSIB
Binary_1 59.0 76.4 52.4 80.8 81.4 79.4 92.4
Binary_2 55.6 74.6 53.0 69.4 76.0 85.6 88.8
Binary_3 60. 8 84.0 54.6 74.8 85.0 84.2 91.4
Multi5_1 47.2 44.0 30.0 31.6 38.8 56.6 90.2
Multi5_2 47. 2 47.0 27.0 34.0 42.6 73.4 89.6
Multi5_3 49. 4 42.2  31.4 41.0 45.8 70.8 94.0
Multilo_1  33.8 36.8 18.4 24.2 23.8 43.6 56.0
Multil0_2  29.6 36.4  19.8 22.2 27.2 43.0 54.6
Multil0_3  31.4 31.6 14.0 23.6 26.8 41.2 59.8

FREfL I B NMI/ %
k-means NCuts DRCC ITCC Sy-1B alBCC ICSIB

Binary_1 5.6 23.9 0.5 29.7 30.7 32.2 61.3
Binary_2 1.4 18.2 0.9 11.2 20.9 40.7 49.4
Binary_3 6.2 36.7 1.5 19.0 39.7 37.7 58.1
Multi5_1 24.2 18.0 6.2 6.7 12.7 34.9 74.2
Multi5_2 20. 8 20.9 3.6 7.7 15.0 44.6 73.1
Multi5_3 24. 6 14.2  11.5 16.6 19.2 44.3 83.2
Multil0_1  23.9 24.3 8.7 9.9 13.5 31.1 46.2
Multil0_2  23.2 23.7 8.9 8.8 15.1 31.9 45.1
Multil0_3  23.1 20.5 4.6 10.2 16.0 33.4 47.2
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0.8 0.7
0.7F 0.6
0.6f 05l
0.5F
0.4F
0.4}
0.3
0.3f
0.2 02
0.1p 0.1
0 ¢ & C C L C N 0 ¢ & C C N C N
F F o 58 & & F 5 o &N &8
§ 5 5 & §¢ & 5 8§ § % § ¢
A\ A

(a) MERAE

(b) FrAELE S B

Pl 4 SORSIR £ SR 2 i B2 B A AL AR X L& 2R

3 AR 4 RS R A

(1) A SCHT 42 /Y TCSIB 53 32 18 i SR B
R, MERE L F 1) R K k-means B 3L Al
Normalized Cuts B 3%.

(2) ITCC 553k FX Fr 1B 5305 7E 8B 5 58 26
IF AN SR TEAT A1) 46 78 5 22 B) i DR DG R L B 2 W
TAT VI EEE AR B 2 [ AR R R 5 SR A )RR S
T TCSIB 557k ) ] 5 22 £ J32 B 56 53 3t ) P RS 30 o e
O WA MER S R BT R PIRhE .

(3) alBCC F¥E 1Y J2 W Bk 5 A Ak 2 78 A8 BB 58 40
Ho Al Ak H b5 oA B 10 TCSIB S 3% (1 38 4 0 I 5 3%
A7 2 W B 58 43 b A4k 1 H br R B M RE AL T
alBCC Hik.
4.3.2 PRI B A R

F A5 T KB ETE dslr, webcam, amazon X
3SAEIMGEAEE E eI 2 R A LR A5 R R .
FAXS T HoA 6 XS HE 532, ICSIB 532 78 KR B X
YU e [R]AE B AT i ) P03 E

x4 BEBREXRINPLEER
e AC/ %

Data Sets
k-means NCuts DRCC ITCC Sy-IB aIBCC ICSIB
dslr 38.0 37.1 38.8 38.2 45.8 45.6 46.8
webcam 40. 3 35.7 34.7 39.7 43.8 47.3 48.2
amazon 23.1 22.2 18.8 20.3 21.9 23.2 25.6

FREAL BAG B NMI/ %
k-means NCuts DRCC ITCC Sy-IB aIBCC ICSIB
dslr 56. 3 56.0 52.7 53.0 60.9 60.9 61.4
webcam 55.6 52.0 50.5 55.7 59.7 62.8 63.6
amazon 26. 1 24.6 22.5 24.5 26.6 27.7 28.4
4.3.3 RS

AL JEZE R T 58] X 8 X JE45 %R p (7|
KY BNY MESRERS p (35 WA X 5 Y
Z R E R p (XY, i 14 G5 1 5 i) 58 3
BRI REPRZ S RS 1 p(XLY)

JEgE7 i X 5Y 22 i) Y 56 R 3 1] B Rz e 7 XL 1]
FE4g Bk ERE I L B AR BE . TTCC B A Xy Fr 1B 55
TR A R H br — 20, ¥ 07 BIHEAT 78 5 51 7%
22 1) B G L 9E R I E A5 B T(X s Y) 4 WL J&
451 B bR R AL A SCHE W TCSIB 353k AN B g [
45 A8 5t 22 () e B ORI L 34 ' Lol e 4 A o P R R
BARE N A RS, TRl R 45 A B 2 W Y
SR FE A SCR A EAF B T YO AR VA b .

£ 5450 T ICSIBITCC JxfFr 1B 82858
BB Eg R p (X YR HEEE (XYW
(ERZIEN SR 5] FAE NP SN )
DVE X 3 AL 15 8 1 58 5 5K 2 1] i OC B
PR ICSIB Bk e i, R O X AR 1B 5303 2 41 58
Urenp = L

(1) [R)FE ) H bR ok 0 X AR IB B8k w1 0y 3%
A5 s 2009 H A R BUE L T ITCC F ik b i 5
W 38 3 5 5 BT A5 ) A R (L.

(2) ICSIB Bk 78 12 A E 4 i 8 A%l 4
RHE T RS S O HOICSIB Bk i 1(X;Y)
(1 5F- 245 {8 Fpe .

(3) ICSIB B 7 X Fi 1B B35 14 H b eR B

x5 HEBIX:;Y)HIMEER

Data Sets ITCC Sy_IB 1CSIB
Binary_1 0. 1848 0.2042 0.2044
Binary_2 0. 1688 0. 1883 0.1791
Binary_3 0. 1835 0.2123 0.1936
Multi5_1 0.4601 0.5318 0.6189
Multi5_2 0.4681 0.5264 0.6199
Multi5_3 0.4626 0.5352 0.6234
Multilo_1 0.6137 0.7242 0. 7748
Multil0_2 0. 6289 0.7270 0.7785
Multil0_3 0.6092 0.7216 0.7810
dslr 0.4151 0. 4509 0. 4470
webcam 0. 3321 0. 3537 0. 3576
amazon 0.5234 0. 5483 0. 5354
average 0.4209 0. 4770 0.5095
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LT o % & T R D) SR WA N [ DA S L R o SR 3 ¢
A v A AR Y [ BsF ) AR AT O e 4 A8 o 22 TR S
JE SRHR.
4.3.4  FPWSE L R

541 T ICSIB &7 Multilo_1 $3E4E I
FREACET ICSIB 1 H b ok 8. i &1 32 B, ICSIB
S R L AR B AR T B AR R RO A, R
152 B A5 R ECH) — > A L. 78 Multilo_1 4
£ L LICSIB Ak e 19 kR 2] T H b5 ek 4k
1) — A~ JR BB ARAE 1% Ak B AR AT MW Sk 7E A3
HA G A b Ay 9250 b, ICSIB 8k W) A 36 B 0 AR
U WS AR SCHE I IF AN 2 25

5.0

PRRUE

H b5

3.0 R

i —o—Muli10 1
22 4 6 8 10 1z 11 16 18 20

IR B
5 ICSIB RS 52 4

X FR 1B FE A0 1) TR 45 15 o AN 96 1 47 L 9 1R 46 A8
It 22 [H]AH 26 R AE AR L N M T R A 2 HTAT
B 2 AR R O 6 5 SR A A RRAE AR B AT VO R
A5 A L R R A SRR AE A R B R 4 2 5 1A
B PR AR A B o A E BB
I E AT AN RE 58 42 K 280 v B A I R AR S B B
X ), 7 270 i 1B J7 i i R Al b 42 28 X
Fr 1B ICSIB. ICSIB [ 1 JC ¥ He 4f 48 f& 2 ] AH F. 26
F R IERL AN L 30K T 45 22 A 1) D AR 5] A B
B IB ol AT P B 45 78 ok o 2D Wk 43 A Y
A ) 45 B2 TCSTB 5307k 5% FI A B iy il B4 8
M 2 A BT H bR R B AT R AR B B AR RN
3 H b o E0 — AR AL A% B BURET ] & 2
JE . S22k L L TCSIB 54 4k 45 31 19 B XL i 45
BT 00 T 5 o S Y N AR A X O T A R
7 FH B3O8 A B A R .
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Background

This work is supported by the National Natural Science
Foundation of China under Grant Nos. 61170223, 61502434.
The Information Bottleneck (IB) method is an unsupervised
data organization technique, which extracts the data patterns
by compressing them into a bottleneck variable and has been
widely used in many fields, such as machine learning and
pattern recognition. The multivariate IB method is a general
principled framework for multivariate extensions of the 1B
method, which aims to deal with data analysis problems that
are more challenging. In the Multivariate 1B framework, the
domain knowledge is characterized by multiple variables and
more information is employed into the data compressing
process. The multivariate IB method provides a theoretical
framework for multivariate data analysis problems, where
the collaborative model describes the cooperative relationship
between variables and provides the foundation for defining
objective function about data analysis task. A good collabora-
tive model can make full use of the valuable information.
Algorithm is used to optimize the objective function, which is
related to the efficiency of the data analysis task. How to

construct the collaborative model and how to optimize the

objective function are two core problems of multivariate 1B
method.

Our team has been working on the research of multivariate
IB method and has achieved certain results, such as the IB
algorithms for improving the clustering accuracy; the
application of IB method to unsupervised image categorization;
the multi-feature information bottleneck and non-redundant
multi-view clustering.

The symmetric IB is one of applications of multivariate
1B, which aims to extract two systems of compressed variables
that are information about each other. However, the symmetric
IB only concentrates the relationship between the compressed
variables, and the information resided in the original variable
is ignored, which will lead to the fact that the compressed
results deviate from the patterns resided in the original
features. To solve this problem, this paper proposes an
Inter-Correlated Symmetric Information Bottleneck (ICSIB)
algorithm, which is an extension of the multivariate 1B
method. And the experimental results have demonstrated the
effectiveness of ICSIB algorithm in the application of data

double compressing and co-clustering.



