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Randomly initialize all particle
positions and velocities

]

Evaluate fitness function for
each particle

l

Record GBest and PBest

Update all particle positions and
velocities

topping criterion
satisfied?

YES

® L.PSO i i* 2 /i 2 W]

(=) *T4]7% &_R® 48 (Constraint Satisfaction

Problem ;CSP)
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Constraint-Based Particle Swarm Optimization Algorthem

()PSO Inidiazarion (5) Particle Update Approach
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(b)GA Approach
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Network Algorithm
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" 7 f&(Solution) © #iF iR > 5] R
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The Particle Filtering Algorithm

Function Particle-filtering ( <X,D,C>, I,, )
1)E « the initial set of unary constraints derived from 7,
2) p < p+1(i.e., the current variable; x, )
3)repeat
4) result « Forward Checking (<X,D,CUE>, x,)
5) switch (result)
6) case No-Solution:

7) x; < randomly selected from the original domain Sy; in
the remaining unassigned position x;, j=p,...,m.
8) return the total instantiation (i.e., the infeasible particle)

9)  case Solution:
10) 1,, < asingleton solution
11) return the total instantiation (i.e., the feasible
particle)
12) case Unknown:
13) X, <— any value v, selected from Sy,
14) E—EU {x=v,}
15) endswitch
16) until false

Swarm with size N
Particle/X | X [ % | X% Xa
B X U
R £ X x

] Constraint I‘Mmle Flll:m\g
PSO Approach Network {«—+{ GA Approach
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2 FSTH ST T
Py X ¥
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TR g gl % (Class) @ - 'Mﬁ Y e
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7i.(Enabled/Disabled) (2) fia']&_fﬁ (value) ; @ —
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[P S N
X X X; Xy class
‘ ] ‘ 1 | 1 3 1 ‘ 0 ‘2 87 l 0 | 1 | 1941 1 ‘
H/_) ;Y_/ — - JH'_}
X X X; X, class
‘ D ‘ 1 | E | 3 E < 2.8T| D = 11941 1 ‘
] ~~ - A~
X, X X X class

Rule = {If X, =3 AND X;<2.87 THEN Class =1}

W 44 H 5078 o )
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IF condy; AND ...
Eise IF condy; AND ...

AND cond;, THEN Class=C;
AND condy, THEN Class=C;

Eise IF cond,y AND ... AND cond, THEN Class=C(

Eise IF condy,y AND ... AND condy, THEN Cluss=Cy
Else Unknown Classification Resufts
B¢ cond;; 7% in"ii#FLE'J Py B A
Cie ot % 1 iERPZ A HFE S o
(=) 1+ i i (Stop Condition)
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e
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Constraint

Network Particle Filtering -—
New P’ | cond';; | cond'; > | cond'; 3 | ------ ‘ cond'y,, ‘
BSEFHFEZLABHTLE

2. R & { A7+ (Hybrid Approach)

R E AT H4c R 6 “75T > £ #-F¢h Swarm
POURE A 4 gl Sl W OER IR EF GA
Approach z_ =+ » ﬂz—“;ﬁf%}ﬁé’ﬁ & lfﬁﬂ‘f* + %A
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New ' ‘ cond'y; | cond', > | cond'y; | e ‘ conid'y, ‘
> > - 2
W 6.2 & LAT#HH7 L W

I ~REES

A2 ¥ Apig % Lgﬁﬁlﬁwu”ﬁ}?ﬁ?#—'%
(Heart Disease) » @ r_

i

5

Learning Repository » H 2_ 4% 0
"f o Heart

)

(Missing value) > * #% = ] >

Disease ¢+ T # £ 303 £ ¥ @,] Ny ¥

¢ 7 7 BHATE (D1screte) M6 B A

(Contmuous) B HE B éﬁ_f'( 4] 7L

i o i B (Healthy) 2 7 & B (Sick)® #F %);
£

% ﬁgw1%431¢%¢w

wm =r 7
34
2
*

__\_.
:\u

EN
B F 4 (Missing Value) » % 4.1 2 <5
ERISIEE K & 1) YR

At 2 FHR A G 0 HEY FF C 2
5
&

Cy% %5 20 @ Data Set 2 7] & 5 20 5 »
FTHE LS50 BT 0 BEFHEBK LS00 0 A
LHI > w ’fklfug@,u.ﬁ;jﬁgﬁﬁig B % 2% 3t

T 4] iE 2 “Sex=Male and Chol<=210" &
“Sex=Male and Chol<=276"1: % CBPSOGA


Administrator
矩形


o Bl ¢ X #hk & PSO~CBPSO -~ CBGA
22 CBPSOGA e {7 " e > Y $hP] 5 & Sg4L R
2. FEF o
AR EHETHEERY IR KRER K2
(K-fold Cross Validation) {¥ & 3=z =8 [27]- 2 ®
HE R KA - A RFE LGP ULE L
B AS2Z VP RARaGER 32 H 325 ;;z,_?%ﬂu
Eosx pEa P pr2 F3 i i
FXMHY - BELFERRERTE AT EL
RIE E AL > 0t 2 N EAF n e s
BIFE 0 TP ME ono = ﬁv,fs«ga:i’ ES RSN -
AT o BH R 0 BAHT P RFTH
B 5 BEROS) ok Pl ERTR
HEF S E - e e R > 1 fold 1
BRREFTHM BT 4 B fold B § FPTRF A
" f*im 7 %%ﬁ*ﬂaﬂ‘l%,‘??iﬁ:i‘liﬁéﬁ
PP REE AT S L e K-g ¥
3,: VR S B MFES BT iR
FL G A g S o d gtk A
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SH b e TRt 2
Bl g TR
(—’ )H 55P~-‘=65° 37
% 1 % 245 “Sex=Malse and Chol<=210"
T 2_ PSO ~ CBPSO - CBGA £ CBPSOGA ¥ %
%o AW L E RGN B AT R
B2 HF 500 AR g% 2B A
100 ~ 200 ~ 300 ~ 400 % 500 = 14 i % ¥t £
Pooom LN T 2 17 500 =K RS e R AR
Fowl i 77.20% ~ 79.13% ~ 80.14% ~ 84.07% -
Bl RS PSO 8 5 74.21% » CBPSO
B % 77.54%'CBGA £ % % 77.78% ' CBPSOGA
BB & 79.15% ¥ g e di 2 R s g

rf‘]-,}i &

=t

v = —‘F”f o 7 [ 7 ' 4] ;% “Sex=Male and
Chol<=210"" # {4 > PSO #.% 500 =x 4 7=

#eis #r @ Flend FEF < X4 CBPSOGA *
10% % 20 % 2. Fent /g o

4 2 %34 “Sex=Male and Chol<=276"
T 2 PSO -~ CBPSO - CBGA £ CBPSOGA % 2%
% AR LE BRI e AT R
#5500 oriE Dl % X 2B EF
100 ~ 200 ~ 300 ~ 400 % 500 =t {s s % % 3+ 4
Pooodm RN T 2 7500 =S R M AR
Fawl L 77.20% ~ 79.13% ~ 85.16 ~ 87.03% »
PlET FEE PSO %8 & 74.21% » CBPSO % %
% 77.54% > CBGA #. % 3 80.25% » CBPSOGA
Bg G 8125% ¥ g it 2 3 Eoanar g

He = —‘F’f o v [B) 8 2 4] ;¢ “Sex=Male and
Chol<=276"" ¥ # 4 > PSO %% 500 = {7 =

Hets A Plent R+ 4 CBPSOGA *© # {7
40 =x & 50 X 2. B et Fg ¥ o

% 1 24| ;4 “Sex=Male and Chol<=210" 2_% %

Sex=Malse and Chol==210
generations 100 200 300 400 500
Train | Test | Train | Test | Train | Test | Train | Test | Train | Test
P50 T6.52 | 6872 | TE.52 | 9| TR0 | 7150 TRA0 | FAes | FR20 [ 2L
CBPSO T80 | TA24 | TR99 | AT | T899 | T643| TRO9 | FIM [ 7903 [ 7752
CBGA 7945 | 658 | 8014 | FA00 | 80.04 | TIUR| B0.14 | FAUE | 8014 [ TRU6
CBPSOGA | 8284 | 7358 | 33.04 | 7912 | 84.07 [ 79.15 | 84.07 | 73.03 | 84.07 | 7848

Sex = Male and Chole=210

85.00%
80.00% C _____ ——
g 75 00% L.jﬁ' _______________________________________ :771;50 777777 7
% 7000% f ngggio :
& 0500% \—CBPSOGA‘
R S——
55.00%
50.00%

0 100 200 300 400 500
Getieration 500°s

Generation Swrarm size: 50

W 7.724] 58 “Sex=Male and Chol<=210" 2_3" 3
LR


Administrator
矩形


% 2.4 3V “Sex=Male and Chol<=276" 2. % %

Sex=Male and Chol<=276
gencrations 100 200 300 400 500
Train | Test | Train | Test | Train | Test | Train | Test | Train | Test
PSO T453 | 6875 | T562 | V063 | 7672 | 6813 AT | M.38 | TRO3 | 66.88
CBPSO TR35 | TABE | 7953 | TAS0| 79.69 | TA.BR | 7985 | F6.25 | 80.00 | TETS
CBGA 8151 [ 78.03 | 8307 | TIO08 | 84.90 | 7917 | 8516 | 80.25 | 3516 | 30.25
CBPSOGA | 8328 | 78.13 | 3501 | 80.00 | 86.88 | 8L.25 | 87.03 | 80.63 | 37.03 | 81.25

Sex = Male and Chole=276
90.00%
_/-_’-—'—
8S.00% —=
. 3000% I
# i e itk -
AT i .
S 7500% J{w e RS0
g ‘ ——CBPSO 1
< T0.00% [( ! :
% i—--CBGA !
g OO% | ——CBPSOCA!
< 60.00%
35.00%
50.00%
0 100 200 0 400 00
) Generation 50075
Generation Cwarm size: 50

B 8 *41 ;% “Sex=Male and Chol<=276 2 3"3t
REESF

A
=
i

Bl
Jﬂ

¥

4y

)

=

A

>
ARG
BN

5

du

. 1
e L
T W flm
o R

Fie
=y
8
o
3
Dt F_& Yo

<
=
K"
ST h
A
2
& e
P
Nt
o M
=
¢

A
%
¥
N 4'
=
o
R\"' aul
Ko
=
W B
S % :_ﬂ
SRR

73 24 ik
Ao B G e BE BRI EIRY
P %% 87 7k 0 e CBPSOGA it 53 ie4p
St T FIRG LRSS HEE -

gL
e
\;\1-
4

(“

WE
up

‘%¥
@
W
ok
1‘-\

ES

A 51;-

[1] N. Barnier and P. Brisset, “Optimization by
hybridization of a genetic algorithm and
constraint satisfaction techniques,” in Proc.

IEEE  World

Intelligence—Evolutionary Computation, pp.

645-649, 1998.

Congr. Computational

[2] S. C. Brailsford, C. N. Potts and B. M. Smith,

“Constraint Satisfaction Problems: Algorithm

and Applications,” FEuropean Journal of

Operational ~ Research,  Vol.119,  No.3,

pp.557-581, 1999.

[3] G. F. Cooper and E. Herskovits, “A Bayesian
method for constructing Bayesian belief
networks from databases,” in Proc. 7th Annu.

Conf. Uncertainty in Artificial Intelligence,

Los Angeles, CA, pp. 86-94, 1991.
[4] I D. Falco, A. D. Cioppa and E. Tarantino.,

“Facing classification problems with Particle
Optimization,”  Applied  Soft
Computing, Vol. 7, pp. 652-658, 2007.

Swarm

[5] [4] A. A. Freitas, “A genetic algorithm for
generalized rule induction,” in Advances in
Soft Computing—Engineering Design and
Manufacturing, R. Roy, T. Furuhashi, and P.
K. Chawdhry, Eds. York:
Springer-Verlag, pp. 340-353, 1999.

[6] M. Garofalakis and R. Rastogi, “Scalable data
mining with model constraints,” SIGKDD
Explorations, vol. 2, no. 2, pp. 39-48, 2000.

[7] J. Kennedy and R. C. Eberhart, “Particle

Swarm Optimization”

New

, Proceedings of the


Administrator
矩形


1995 IEEE International Conference on
Neural Networks, Vol. 4, pp. 1942-1948,
2005.

[8] R. Kowalczyk, “Using constrain satisfaction
in genetic algorithms,” in Proc. Australian
New Zealand Conf. Intelligent Information
Systems, pp. 272-275, 1996.

[9] C.J. Lin, and Hsieh, M. H., “Classification of
mental task from EEG data using neural
networks based on particle swarm

optimization,” Neurocomputing,Vol. 72, pp.

1121-1130, 20009.

[10] B. Nadel, “Tree search and arc consistency in
constraint satisfaction algorithms,” in Search
in Artificial Intelligence, L. Kanal and V.
Kumar, Eds. New York: Springer-Verlag, pp.
287-342, 1988.

[11] S. L. Salzgerg, “On comparing Classifiers:
Pitfalls
Approach”, Data Mining and Knowlede
Discovery, Boston, Vol. 1, pp. 317-327, 1997.

to Avoid and a Recommended

[12] S. C. Satapathy, J.V.R. Murthy , P.V.G.D.
Prasad Reddy , B.B. Misra, P.K. Dash and G.
Panda., “Particle swarm optimized multiple
regression  linear model for  data

classification,” Applied Soft Computing, Vol.

9, pp. 470-476, 2009.

[13] R. Srikant
sequential

and R. Agrawal, “Mining

patterns:  generalizations and
performance improvements,” in Proc. 5th Int.
Conf. Extending Database Tech. (EDBT’96),
Avignon, France, pp. 3-17, Mar. 1996.

[14] Y. Shi and R. Eberhart, "A modified particle
swarm optimizer," pp. 69-73 ,1998.

[15] T. Sousa, et al., “Particle Swarm based Data

Mining Algorithm for classification tasks,”

Parallel Computing, Vol. 30,No. 5-6, pp.
767-783, 2004.

[16] Z. Wang, X. Sun, ,
“Classification Rule

and D. Zhang ,
Mining Based on
Particle Swarm Optimization,” Spring-Verlag
Berlin Heidelberg, LNAI 4062, pp. 436-441. ,
2006
[17] Z. Wang, X. Sun, and D. Zhang , “A
PSO-Based Classification Rule
Algorithm,” Spring-Verlag Berlin Heidelberg,
ICIC 2007, LNAI 4682, pp. 377-384, 2007.

Mining


Administrator
矩形


