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Clustering Algorithm Based on Weighting Joint Probability Model

Ji Bo, Ye Yangdong, LLu Hongxing
(School of Information Engineering, Zhengzhou University, Zhengzhou, 450052, China)

Abstract: Sequential information bottleneck (sIB) algorithm is one of the widely used clustering algo-
rithms. The sIB algorithm applies the joint probability model to describe data, which has good ability to
express the relationship between data samples and data attributes. However, the sIB algorithm suggests
that all data attributes are equally important, which influences the clustering effect. To address the is-
sue, the paper proposes the weighting joint probability model. The proposed model applies the mutual in-
formation measurement to the important level of data attributes so that to highlight representative attrib-
utes and depress redundancy attributes. Experiments on UCI datasets show that the proposed the weigh-
ting joint probability model (WJPM) sIB algorithm based on WJPM improves the F1 measure by 5. 90%
than the sIB algorithm.

Key words: clustering; attribute weight; joint probability model; sequential information bottleneck algo-

rithm; mutual information

51

i

= B B (Information bottleneck, IB) Jy k" R Il T15 B BB oA rids. BT 1B iEm—
RANRIE v & 4k 1B (alB) 8365 | ¥ 51 fk 1B (Sequential 1B, sIB) 8 3% | 3% 14 4 ¥ 511 1L 1B

ES TR : [ A R BHE IS (61170223) Ve BN« (55 (1 SRR 3 G T I A A B 2 16 45 4 (U L2046 10) VE B 00 F + 3 45 -4
T 3R (132102210404) ¥E B Wi H
W7 B H#3:2014-03-25; 81T B #7:2014-05-12



B F AR TRRBEA M ERAG R LA 131

(Tterative sTB) B3 0 P R 48 SRR TS50 7 45 . 703 2050 5 o sTB 353 th F BB AT RO 75 T 9573
50000 50 TR A 2 00 A U8 O T T A SRR RO L ST Ak L R SR PTG 2 M SRR R B L O
16T % HBR A0 0 0 1 L 3 ok A 2 R 205 1 T O A 1 R0 4 A {ELJ I
150 7 B A5 1 T 1 38256 10 00K 55 A ) L B T 5 8 ST 85 9 o o X 40 R ok R L DR 5 T
SIB ¥ B ROR . 5 SIB SERE I & % M1 R 7] . KNN. Rocchio. K-modes Fil K-means % $ 245
R 49 R 1] 0 2 TS AT KO S . RS W o ) it 2 (A AR SR PR DO LR € 1
T A 30 TU A% TR T DA 0 i B4R 2 KR AT DR I A SO A0 A R Rl L 4 1
T TSI A S B 4 I £ MR R I SR T £ T R L A ) 05 0 e
eI IE R b A T WIPM SIB §5 3%
1 IB 7Fi&fA sIB & ik
1.1 IB /A%

1B IR T AR A5 B . A 500 Xt 4y Y.
W B R TH pCy, |2 R EERBON d ey o L % ppmme Y
15 R4 B3 28 1) LA A 2 1 — A SR TIOR3 D 0 26 PR 1
7 5 P 250 1 1 135 L R R RN

RELHRB R(D)N
R(D) = minl (X;Y) (D
Pu

(%)
I Y T T

Fig. 1 Source encoder

A Po={pb [ a):D<D};D=>) > pla,.b)da, b)),

RCD) W] LLA S50 5 G A1 N 0 Hes 4 72 B8 DR I e 3l A v 45 DA 2 00 o HL 2, HE 32 2 I R0 o LA i
PR AIE R R ERE. B IB kgl A TR & X AR & Y R AR R TR EK
. IB A DARIR A
R(D) :c/mmr:IIl('irl:lY)w[J‘,I(T;X) (2)
KX DONEE ICT: X0 0 X MRS AR T M EAGEICT:Y) Y MRS ER T MEAEE: pl)h
MM,
IB 7 ik H s e SR AR X R4 2R Tl 558 1CT: X0 fe/Mem R 55 8 I1CT;Y) i
KAk« BIVAE AT RE Hb e 45 5504 1) (] B AT B AR A7 R AT 2544
1.2 sIB &%
sIBRVL BRI T IB ik R, Bk FELBENT .
(D) BRI 53R kA FE CBEPLRI 23 8048 22 X 73 5
(2) N HHE ¢ AR E AR H A BT A B REAR o, 3B o fil G 30 H Al oy G
cost({a} o) IH 2 AFFL BN R & AN /N R ¢
¢ =argmin,cpcost({x} 1) 3)
A : cost({a),0) =(p(a) +p(D) XTS, . (ply |2, p(y | 0)) FAREA BAEMI/NE; 7, m HAUE.
(3) RS (2B AT T —fe k. AR NG A TR AR K A A, 5 4

2 —HETHRNUKSHEIEBENEREZ
2.1 MEZEERMKSHEER

) i 25 [A) AL 7R 2 DL PR AR M AR B R AR LS o S AR E E B n i d. = (doay s dooy s o0 docny)
H R R A ) S AU D S m X on FE B m R REAS B n D FRAESCH .



132 HERE LS L Journal of Data Acquisition and Processing Vol. 31,No. 1, 2016

dy di, di,
ds ds, d,,

p= | 7 ) 5
dml dmz o dmn

1B 7 1 v SR FH 10 166 2 AR 23 480 750 J2 3 3ok o 1) 5k 2 ) A 780 D) R A7 B0 H — b OB B R 1) o 15 3 1k
A HER A % D

d/u d/IZ d/h,
;o d/m d/ziz d/2" (5)
d/m d/mZ d//rm
H—1k N
d/,/ :# (6)
RIPICT

i=1 j=1

1B J5 12 A Bk A ME SR ASE 700 5 i) ik 45 i) 58 TR0 504 ok VAR T ok H AR AR O . (L DY S0 Tt B A
ERER TIPS
2.2 WAEKEHEER

R A L 3 T 0 B SRR A 5 T P 1 AR O P (R AR B R0 2% Ji A X 3R 6 1 ST R L A IR L O
BOSIB AR OR X 23 @ PR 208 L DT 55 1 sIB Sk A SRR AOR o A SCHE T ROBUIE A M 3 48 1
Ry st 5 i CULIEL 20 o 1 Se e o) b s ) A R i Jas P AL A4 B A 1) 2 ) A 7R 5 K S U — fl 7 1) T
R A ALY WA 5 BE A AR 25 5 1 fo) k2 () A6 2R 0 IG5 E 3 A6 28 ) 0 i Bk B 72 70 M 3% 15 iy
FEA SR A Sk . BB S R R R PR AR L

LB 23 ) B2 1) e A R AT
Je] 5 A A Y [y TBUAR, 1y 25 [ ALY P TR & B RAR R

B2 TRASCER A AR 2 A5 70
Fig. 2 Weighting joint probability model

2.3 ETHNKAMEERNERIE
BT R A0 5 M A R ) SR AR AN 3 TR .

e e FETEG| R [EEE| R [ s kg
FABH am | wEie [ mE | 2wk || ™ [ | B2

3 T R A AR R A R 2K AR

Fig. 3 Clustering process based on weighting joint probability model

(ORI NN

(1) BEARH IS o A FEA B O 1) 25 [ B Y D,

() P HEEENEER.

() ¥ Dt a, Mo, HE—THHEED,;

(b) KA T~k D, 132K AE R p (a0 a) FIHEME pla) . pla;) s
(o HHEIEE



B — AR TR AR SR 8 R K Sk

plaisa;)
I(ai,a, Ezp(a ’aj>log P(a)])(a/

(D HHEFEHEFR

E(a)—%lj lz;fl(a sa;)
(o) 758 M E
Wa;) :M
EE(a)

133

7

(8

9

(3) BUHE ML B AL Liiﬁ%;%ﬂv’ﬁ%f@ﬁ% AN R A L X BT AR B R A

PRI 0t R JH B30 L 249 7 05 o 50 1 B B A9 4 T AR (L B o — M A2

wY
w, =] & = w X0 |
D w) /0

’
oW,

W=
/7
wl

Z(w) =1,0 = attr_num X scale

(10)

0 WA R B 0=>1, 95%&7%‘%&&? 6 R K B BB R, 0=1 A Y F R MY s attr_num

TR AESY s scale ST REL,
B o R FH WX Dt A7 IRASL A28 28
a,/ - IU”, L £
X e H—A W, H—A R,
() T —Ab o P IRA [i] St 2 ()42 700 5 4 Ay IR ASEEK 15 M R RS T
(5) Ak,
2.4 WJPM sIB &%

HE TR G M AL () WIPM_sIB KRR -

A <1 S (A AR R Dy HAR R E ks KRCE T RS SCALE; V- Hl § Beta,
Wiy D 2k FEZ AR TT,

AR EACE R W,

BIR 2 REMY

For every scalee SCALE:

(D) HENREML ZE0,0=attr_num X scale,attr_num 5 J@ P50 ;
(2) L2 .45 BB [ 5 W5

(3) WAL , 715 B WAALHE FF D, 5

(4) JH—1k D, . 153 3 WA & MR A5 D,

End for

PR HK

For every D,€ D

(1) ML AL D, 3 & 50505

(2) While not Done

3 Done=TRUE;

(1D



134 HERE LS L Journal of Data Acquisition and Processing Vol. 31,No. 1, 2016

4 For every x€ X
%) MR (OB BR xR R ) 5

(6) ' =argmincost({x} ,)
(D o G
(8 End for

(9) End while

(10 JE 1R TMALS TT

End for

BiH TT

MR B R OCe « LUXTITIY Do Hrp | X AREAREG Y] NEEE e A%ES SCALE T
R W RBTER AL

3 XWITEMEER

3.1 SEHEE

SIS B B 20-Newsgroup £ £ . Reuters-21578 % 4% 5 il 4Univesities 2048, W FE 1 i,
K rainbow B (Y B B AL IS HA R -

(1) 20-Newsgroup, "-istext-avoid-uuencode -skip-header -O 2" ;
(2) Reuters-21578, "-O 2";
(3) 4Univesities, "-skip-html -no-stoplist -O 2",

®1 RBBIEE
Tab.1 Experimental dataset

Eis ok IR EH BB B J& 1k
NS2_1,2,3 2 250 500 2 000
NS5_1,2,3 20Newsgroup 5 100 500 2 000
NS10_1,2,3 10 50 500 2 000
RS2_1.2.3 2 250 500 2 000
RS5_1,2,3 Reuters 5 100 500 2 000
RS8_1,2,3 8 50 400 2 000
us7 1,2.3 4Universities 7 60 420 2 000
RM2_1,2,3 Reuters 2 250 4 000 2 000
NM20_1,2,3 20Newsgroup 20 250 5 000 2 000
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Tab.2 Weighting experiment result & analysis

&R sIB WIPM sIB R B %
NS2 1 93.970 0 94,770 0 0. 85
NS2_ 2 92.795 0 93.390 0 0. 64
NS2_3 92. 605 0 93. 635 0 111
NS5 1 91.955 0 93.765 0 1.97
NS5_2 94. 620 0 95. 840 0 1.29
NS5 3 96.015 0 96. 415 0 0.42
RS2_1 91.620 7 91.736 8 0.13
RS2 2 94,059 3 95. 504 9 1.54
RS2 3 94. 679 2 95.744 8 1.13
RS5_1 79.299 6 84,988 2 7.17
RS5 2 78.439 7 80.953 5 3. 20
RS5 3 80. 444 7 89.027 9 10. 67
RS8_1 64.124 8 73.177 9 14,12
RS8 2 65.939 9 74.369 7 12.78
RSS_3 67.897 6 67.897 6 0. 00
Us7 1 40.923 3 47,434 0 15. 91
Us? 2 43.519 2 19.473 5 13. 68
US7 3 45.278 3 50.178 1 10. 82
NS10_1 64.055 1 74.859 5 16. 87
NS10 2 65.881 5 73.596 7 11.71
NS10_3 69.302 7 71.810 0 3. 62
NM20 1 54.917 5 61.866 3 12. 65
NM20_2 56.171 5 61.409 2 9. 32
NM20_3 57.641 7 61.913 4 7.41
RM2_1 92. 867 6 92.907 7 0. 04
RM2_2 92.692 1 92,752 3 0.06
RM2_3 92.431 9 92.567 1 0.15
T4y 5. 90
i
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Tab.3 Adjustment coefficient empirical value

Rk mEES BMERTRE S REMARK 24 il A S A KL W2 J5 AR A KL

NS2 1 1952 3 5 856 1 707 4
NS2 2 1947 5 9 735 1 705 6
NS2_3 1 894 1 1 894 1679 2
NS5 1 1 948 1 1 948 1 866 2
NS5 2 1931 20 38 620 1 839 20
NS5 3 1936 1 1936 1 859 2
RS2 1 1478 1 1478 1269 2
RS2_2 1533 1 1533 1 328 2
RS2 3 1 541 1 1 541 1 342 2
RS5 1 1922 100 192 200 1 864 85
RS5_2 1 882 1 1 882 1819 2
RS5_3 1 890 2 3 780 1 815 3
RS8 1 1 868 2 3 736 1775 3
RS8_2 1875 5 9 375 1811 6
RS8_3 1 861 0.5 930. 5 1762 1
UuS7_1 1 952 20 39 040 1928 28
US7 2 1929 20 38 580 1 888 25
UuS7_3 1 940 20 38 800 1914 25
NS10_1 1 904 20 38 080 1792 20
NS10_2 1 875 3 5625 1 754 4
NS10_3 1 885 10 18 850 1771 10
NM20_1 2 000 2 4 000 1993 3
NM20_2 2 000 1 000 2 000 000 1992 435
NM20_3 2 000 1 2 000 1993 2
RM2 1 2 000 1 2 000 1 991 2
RM2 2 2 000 1 2 000 1990 2
RM2_3 2 000 1 2 000 1 989 2
4 LERIE
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