(2/2)

NSC94-2213-E-032-004-
94 08 01 9%5 07 31

95 10 23



T ¥Cfa
T E A
04 & 8
AFACERRE

O R

SR R RN A L E
NSC 94-2213-E—-032-004

lp2x
TR R S
hshih@isu.edu.tw

FEAF1¥1

95 & 7% 31p

L1y Ry )

upwen@ie.nthu.edu.tw

21 4

B

~ ‘%E'

At E Ay A SRR (artificial
neural network, ANN) B3t 5 Ff K 3|
A (multl-level programming problems,

MLPPs) + o J* B 48 fedw i R 5% f‘%‘i"f
V/Lﬁ\ﬁm:—n"iﬁabti j—-ﬁ\ﬁ:,‘o Lb;fﬁ J_;—f\
R F LA (RLANAN) AR

(decentralized systems) *® > & F]ypt FF {5 e

IR B KRS SRR
(Wen and Hsu 1991) - & L‘»FTZE' e R PIE
* N AR ;%ere‘.@* Ee- 4 X A

% P (real-time) Hf2 i 4Z > ¥ EA ML
BF T 7 A AR (parallel distributed
processing) it # KiE = o I E B R4 R
BB ALz A o

AhE T A L AEAY T e R 1R

R B Rl EOE R R LA R

i *i%&é cPpme B REINREZLWH
(Tabu search) *LRY]# Rodriguez- Vazquez et
al. (1988) #4¢ ‘& B if B 5 2 5 PE A3
L KA g (hybrid neural network)
p | I R R R T 5%
fe gt fi. Shih et al. (2004) =AY 5 g
fAE @R Y G B2 d o Pl AR
R i sap Y o I S
o R B fo i B sl p 12 Y RG] 2
FRAR B R AE > P SR R A S R R R
B BT R AR (PR ERS S o

F.E-l« I“':'l g'
B

Matse  SIER AR A SRR B S
#% ~Hopfield i i & Sfice
Abstract

The proposed project aims to utilize
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artificial neural network (ANN) techniques
for solving multi-level programming
problems (MLPPs). Simulating the actual
decision-making process of the hierarchical
structure of an organization, multi-level
programming is practical and useful for
decentralized planning problems. Due to
the complexity of the problems, there exists
no efficient traditional technique for
obtaining the numerical solution of a
reasonable size problem (Wen and Hsu 1991).
The ANN approach is a newly technique for
mathematical programming or optimization,
and it is efficient for solving real-time
problems  through parallel distributed
processing, and especially good for large-size
problems. Therefore, the project will utilize
the ANN technique to solve MLPPs. We
have developed a hybrid algorithm with
ANN (Rodriguez-Vazquez et al. 1988) and
Tabu search to attack the problems with a
better performance than our previous work
(Shih et al. 2004). Currently, the new
algorithm will be applied to planning and
scheduling of supply chain management.

Keywords:  Multi-level  programming,
Artificial neural network, Tabu
search, Hopfield network, Energy
function.
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Step 1. (Initialization)
la. Set the tabu maximum terminal size
= N, the tabu list = TL, inventory list
=IL, and NA (No admittance) = 1.
Ib. Set a tabu index I = 1 for tabu
iteration, and the necessary NN
parameters, including learning rate =
W, maximum time for stopping
condition = T, max number of
iterations for NN= MI, and penalty
constant for the constraints = K.
Step 2. (The Selection of Tabu Strategy)
2a. Randomly generate the input data
n which is the discrete variables set
from IL' which is a complementary
infeasible variables set IL, go to Step
2b.

2b. Check the input data 7, go to Step
3 if 7 is not in TL; Otherwise,
repeat Step 2a.
Step 3. (Neural Network Computation)
Utilize the input data 7y to solve MIP
through the NN by Rodriguez-Vazquez
et al. (1988) for obtaining X, y, W, U and
t. Go to Step 4.
Step 4. (Decision Rule)
4a. Check if the variables X, y, w, U and t
are satisfactory. If all constraints in
MIP are satisfactory, compute Fp;=
ax+by and go to Step 4b;
Otherwise, go to Step 4c.

4b. If < N and 7yyis not in TL, record
the current 7jand the Fpy in the TL.
Set I=[+1 and Go to Step 2a;
Otherwise, go to Step 5.

4c. Record the input data 7y in the IL,
and let I =1+1. Go to Step 2a.

Step 5. (Termination)

If I <N and NA < TL, let NA = NA+1
and [ = I+1. Go to Step 2a; otherwise,
go to termination. The near-optimal
solution is reached with the objective
value F* for the MIP problem.

d 3t & F 22 Rodriguez-Vazquez et
al. (1988) gteni & > #& A Shih et al.

(2004) 1 & * e A ko2 F R
(branch-and-bound) * &2 @& (Lenti > p ok

<+ (Lagrangian multiplier) VAT 'S
(penalty funct10n) L;;\F' A A 4 Rl }g—.ﬁx i B 3% .+¢ )
Bl E BT A ) KT B R

(Intel Pentium IV 3.0 GHz, Windows XP,

Matlab 6.0 % &)+ @ % K B] L AL PFAZ i
30 A 4B s MR S HEA S RBEIEE R F L
7\;‘3&4 o

ﬁw AP E IR R A
S E A Al <§p ? :i&%-ﬁi?'léﬁf%” %
GO QLR B U Y
AR o

P4 RS



d 3t A

FREFEAE T
SEEE S A R A R S
AF~ B R A SRR R R
RALT 8- Hndr s & F R 5 RGN
Renffz o P iz R R LR ELR
o R RS R AR SRR E D
SR L AR e B ARG S %
¢ 3+ 2006 & 7 * jE Applied Mathematics
Letters (Lan et al. 2006) F &~ 'J A

RF A A £y
% 2 §,ﬁ:r1%m§;'rs’ﬁ'a‘_|_
R o IR 1 i )
KT o

YRFHLIIMpa 3 o At F2 2 %
;M.ﬁ};}@’#v’\ﬁ—)’%ié?ﬂl_l— o PEn e ¥H ¢
i E TP ARG AR AR B AL T A
¥5 0 LB AT EE R EFD LG T
R
T BYYR
Anandalingam, G., T.L. Friesz (1992),

Hierarchical Optimization: An Introduction.
Annals of Operations Research. (eds. by G.
Anandalingam and T.L. Friesz) 34, 1-11.
Bialas, W.F., M.H. Karwan (1984), Two-level
linear programming, Management Science,
30, 1004-1020.
Ham, M.H., 1. Kostanic (2001), Principles of

Neurocomputing for Science and Engineering.

McGraw-Hill, NY.

Haykin, S. (1999), Neural Networks: A
Comprehensive Foundation. Prentice Hall,
NJ.

Hopfield, J.J. (1982), Neural networks and
physical systems with emergent collective
computational abilities. Proceedings of the
National Academy of Sciences, USA, 79,
2554-2558.

Hopfield, J.J., D.W. Tank (1985), “Neural”
computation of decisions in optimization
problems. Biological Cybernetics, 52,
141-152.

Lan, K.M., U.P. Wen, H.S. Shih, E.S. Lee, A
Hybrid Neural Network Approach to Bilevel
Programming. Applied Mathematics Letters

(Accepted for publication in July 2006,
#AML 5415).

Rodriguez-Vazquez, A., R. Dominguez-Castro,
A. Rueda, J.L. Huertas, E. Sanchez-Sinencio
(1988), Switched- capacitor neural networks
for linear programming, Electronics Letters,
24, 496-498.

Shih, H.S. (2002), An Interactive Approach for
Integrated Multi-level Systems in a Fuzzy
Environment. Mathematical and Computer
Modelling, 36(4-5), 569-585.

Shih, H.S., Y.J Lai, E.S. Lee (1996), Fuzzy
Approach for Multi-level Programming
Problems. Computers and  Operations
Research, 23(1), 73-91.

Shih, H.S., U.P. Wen, E. S. Lee, K.M. Lan, H.C.
Hsiao (2004), An Artificial Neural Network
Approach to Multi-objective Programming
and Multi-level Programming Problems,
Computers and Mathematics with
Applications, 48(1-2), 95-108.

Wen, U.P., S.T. Hsu (1991), Linear bi-level
programming problems - a review. J. oOf
Operational Research Society 42, 125-133.

Wen, U.P., A.D. Huang (1996a), A simple tabu
search method to solve the mixed-integer
linear bilevel programming problem,
European J. of Operational Research, 88,
563-571.

Wen, U.P., A.D. Huang (1996b), A tabu search
approach for solving the linear bilevel
programming problem. J. of the Chinese
Institute of Industrial Engineers, 13(2),

113-119.



