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A maximum entropy-based knowledge transfer
fuzzy clustering algorithm

CHEN Aiguo'*, WANG Shitong'
(1. School of Digital Media, Jiangnan University, Wuxi 214122, China; 2. Department of Computing, Hong Kong Polytechnic
University, Kowloon 999077, China)

Abstract:To address the issue of clustering performance degradation when traditional clustering algorithms are
applied to insufficient and/or noisy data, a maximum entropy-based knowledge transfer fuzzy clustering algorithm is
proposed. This improves the classical maximum entropy clustering algorithm for target domains by leveraging two
kinds of knowledge from the source domain, i.e., historical clustering centers and historical degree of membership,
into the objective function proposed for clustering insufficient and/or noisy target data. The effectiveness of the
proposed algorithm is demonstrated by experiments on several synthetic and two real datasets.
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Table 1 Parameter sets for algorithms
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Table 2 Parameter sets to generate synthetic datasets
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Table 3 Clustering performance of seven algorithms on synthetic datasets
s  TFMER LSSMTC CombKM STC Co-lustering TSC MECA MEKTFCA
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NMI-std 0.036 3  1.170 3x107'¢ 0 1.170 3x107" — 1.170 3x107" 0.002 2
S-T,
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Table 4 Text transfer scenes structures
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Table 5 Text transfer scenes data sources
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2 sci.crypt sci.space
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Table 6 Clustering performance of seven algorithms on text transfer scenes

b 227 =R N fli (=t LSSMTC CombKM Co-lustering TSC MECA MEKTFCA
NMI-mean 0.390 2 0.108 1 0.275 2 0.281 0 0.860 2 0.689 1 1
NMI-std 0.246 3 0.273 2 0.161 7 0.2958  1.170 3x107'° 0 0
comp VS sci
RI-mean 0.648 7 0.547 8 0.645 7 0.610 0 0.964 6 0.863 2 1
Rl-std 0.148 9 0.145 8 0.100 2 0.161 0  2.340 6x107"° 1.170 3x107'¢ 0
NMI-mean 0.027 9 0.165 1 0.188 8 0.025 1 0.822 6 0.066 6 0.905 3
NMI-std ~ 7.314 2x107"*  0.108 4 0.007 5 0.0088  1.170 3x107'°  0.077 4 0.026 0
v ik RI-mean 0.496 7 0.533 9 0.600 7 0.496 7 0.947 7 0.505 6 0.971 0
Rl-std 0 0.042 1 0.0020  2.829 8x10~° 0 0.027 1 0.010 2
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PO 5 M AR B RN ER L, MECA
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B, A S AARATIERE 2= S P, S EUR AR
HKLEREL ¥ STC 53k CombKM 4592 | LSSMTC 5
1LH Co-clustering F38 AR H T A [F A7
I ABAE RS o N RO AN B, T L E
IR R Rt ] B 4 25 T MEKTFCA 55 3% il
TSC S AR ME RS 37 50 B R R R SR B 8, ik
BB I R LE R

3) HE— B WMEE R 6 KSR 45 AT DL & B,
MEKTFCA B iE7E ik i f M 4T B 3 LI R3S
PEREFR I B T2 ) MECA Bvk, X F B H K
MEKTFCA 2 32 7F MECA 5535 iy 5 Al 1 38 5 ik 2w
AT PR 149 K /DN R 3 3 S 7 s v i g o
SR BE AR 2 ST AT, PR Ry 6 5B B8 R A AL
225 FTLMEIE T MEKTFCA 5572 1 B8 25 30 8 iR &
B MECA L R ARER LT
3.4 NBRMNEBFEEXIELERFIOMH

e — 1 2 g0 {2 B S A AR A T R
4 KDDCup99' !, {iff FHZEUE T 1l — A~ H b £k

EREAC AN L (3% 5, 38 3 MEKTFCA 533 6
%5, FOCEIE % BE B AT 20, KDDCup99
Bl B R T 58 AR H S 56 28 A ST A — 54D Y
ZRIAGE P WCAR 1Y R 2% % e AR T RS . B D
MY B S AN TR B AT 28 AN [] 288 L 1% ) 4%
it DA A R R I 2% ik o 28k e A Rl AR
T 9 JEF Ay, v 7 R B T i ERcHE A A U1 25
W, 2975 45 000 0007 ¥ 2% 1% F Kt , 53 41 2 JH
S TR] AR A S R | 275 452 000 0007 9 2%
B . A 4R v R I R a8 AT
Ptk Z (A7 AN [ O o0, VRSBt 46 BAy
—E RIARRIE , [R] B A7 7E 3 — 2 1Y 25 S 1k, W A2
FIPUL R I Z64F . A SCHE T KDDCup99 Kot dk
P R A 7 5 Rk 8 T BdE S b i WLny 5 A
ARY( Normal | smurf , Neptune . satan ., ipsweep ) SR
BhH B A H BRSO 52 1 28 ), e g 45 I 4% i D
S 32 AN S R () R A AR S R AR B 1 4
JEIREEE SR R RE AR A IR i I R8s 5, H AR
B AR AR AR B b AR s 4R . B R EE
BERREARCE H G IR BRSO RE A B 1Y 10%, B
FEARBE A K RAE M2 HAR R A = A 2 1Y
T, FA Y AR DN AT 7% 37 5 0 58 4R B REAR
N HE AR IR 7 iR,
x7 ANERNZTHFHEHOEEEME
Table 7 KDDCup99 transfer scenes structures

Bl FEAA L B2 285
TRAHE 4 2 000 32
5
H AR 4 200 32

MEKTFCA B3 F1HA 6 Fhxf LB EAEIZ AR
MBI 5 EIPE T4 R a2 8 iR,

RS ANERUITHHR L7 MERE R

Table 8 Clustering performance of seven algorithms on KDDCup99 transfer scene

PR bR LSSMTC CombKM STC Co-clustering TSC MECA MEKTFCA
NMI-mean 0.402 1 0.383 4 0.397 0 0.302 5 0.284 5 0.409 0 0.756 9
NMI-std 0.045 3 0.008 3 0.061 2 0.126 9 0.023 1 6.409 9x107" 0.023 6
RI-mean 0.508 4 0.497 6 0.498 3 0.492 8 0.447 5 0.514 3 0.902 2
Rl-std 0.027 5 0.026 3 0.087 6 0.065 0 0.013 1 0 0.017 2
WML 8 LI 45 F vl LI, MEKTFCA $2: N
4 £EFRiE

TEW PR REFE B5 NMIL A R A4 24908 22 0 55 i T HiAth
6 AT LS 5 R A SE I 45 S 4 A 1 S R A
[M],MEKTFCA 5.3k B T M IEE L 22 >) T 4
14 1 5 e SR P s SRR R AR, X B AR B 42
MR KA #t8 T, JE 1 15 MEKTFCA 5%
TRAE HAR B0 SRR AR R IR A5 0 T AT RE LA He
HAh 6 MR A RISHERE, X Rt — 255
TE T X J7 58 TR A A 3005 20 % S B R AT 55 9
e A TR

M T4 50 R 2 05 70 e BE AR 2 A8 2 s sk
ZAG Y B G B R, H R ISR AR R S AR L & R
B, AR SCAE ML) MECA B89 1 LAk i o 51 AH
PUE R AL, 42 1 356 A8 KA %) 1 E AT A A 2R
% B MEKTFCA 8k, MEKTFCA Bk id 5]
AR EIR IE B AL ) e 4528 X6 B0 1 AN JE 1l A2 75 Y
() B bR R s A7 SR 2 BE S A Ak ) TRk R oA
i A0 DT S HR O R s S S R R, R I R T A
B IRISEE T 3l i — 2B DL B S R 4 S
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