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Average Reward Reinforcement Learning Scheduling of Closed
Reentrant Production Systems
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Abstract : How to schedule the closed reentrant queueing net works so as to maximize the system mean output is

an intractable NP-hard problem . In this paper, a method of average re ward reinforce ment learning ( RL) is applied

to automatically find an adaptive scheduling policy by directly optimizing the mean output. Numerical study de mon-

strates that the RL scheduler consistently outperforms all the known priority policies .
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Tab .1 Main experiment parameters
SIS H ZHH
SP-E53 Jin  H T) [ my,my, my,m] =[1,3.5,3,0.5]
TAA %L N=60
WILH S K n) B rp=e
YILRIRAS xo=[15,15,1515]
[V, [0.005,0.002]
EV [2000,100,9999 ,500 ,9999]
x’ Xo=[15,15,15,15]
A 0.5
48 0.00005

Fo ERMIEREELR ( N=60)

Tab.2 Performance comparison of the scheduling policies
iy R LTI
VHRESRE P R

S1 S2
RLS 2.4782 - 1 9.8743e- 1 9.9107e - 1
WBAL 2.4630e - 1 9 .8386e - 1 9.8958e - 1
FBFS 2.4582¢ - 1 9.7996¢ - 1 9.8534e - 1
SRLS 2.4757e -1 9.8602¢ - 1 9.9076e - 1

3 PR TERELLEL (N =20)

Tab.3 Performance comparison of the scheduling policies
\ _ LI R 2
WA SR -2yt %
S1 S2
SRLS 2.4127e- 1 9 .5842e - 1 9.5991e- 1
WBAL 2.3994e - 1 9 .5753e -1 9 .5810e -1
FBFS 2.3602e - 1 9 .4520e - 1 9 .4658e - 1

5 %51 (Conclusion)

A ENAE P RGBS — A AR A RS S ]
BRI 2% R 8, H A 52 e vh T SE B
SRS AR SRS — b5 T R B AL AR~ 22 410 T 2
ASZE Y HIL B RS R S ARG
RN AT T ShA R s JLEREL TO0 e
U BE SIS A% R 2 AR G TR bR B K B
BRI Pl R BBt A8 N A
Ah B RSB R e T AR RO R g 58 | JF
FLBRAT A8 2 SR mss AT ARBLHE S 1 XA TR T M
FV- S0 R i A 25 S At o ] SN R T I )
LR I P I



150 " & 5 & # 33 %

%TEI I':El E/JE ﬂzi"'jz%f"lu \ﬁ‘?i%%j&}\é [4] Harrison J M, Kumar P R. Scheduling network of queues : heavy

El/‘:[ ,E’\'ﬁgﬂélﬁ ,F‘?ﬁﬁ lzﬁ{zﬁgy%lﬂﬂﬁaqﬁklﬂjﬁﬁujizﬁ traffic analysis of a twostation closed network[ J]. Operations

Swp Y S N Research, 1990 ,38(6) :1052 ~1064 .

JNHI6T Sk ks BLAH Z5 2 [ B4 22 3] S

/Jb ’ é] ]3 = iﬁﬁ{j *H E/J EH‘ T% E_‘:% 2537 %I [5] Tsitsiklis J N, Roy B V. Average cost te mporal difference learn-

EP iﬁm %%DXT:Fi/j*&@H E’J{EVI‘ EI/J-LH *HE /l]['] ing [ J]. Automatica, 1999 ,35(11) :1799 ~1808 .

ﬁﬁﬂ_j\ %ﬁ%ﬁmﬁ%/\}ﬂ/umﬁyiﬁi EJLI_/A ﬁ%‘g [6] Bertsekas D P, Tsitsiklis J N. Neuro Dynamic Programming

BE— X T BT ) A 22 0 A S [ M]. Athena Scientific, 1996 .

%ﬁ&)ﬁ}@f@ﬁ\*ﬁiﬁﬁfﬁ_‘iﬁﬁﬁ [7] Jin H, Ou J, Kumar P R. The throughput of irreducible closed

%

=

% L #R (References)

Kumar P R. Reentrant queueing networks [ J].

1993 ,13:87 ~110.

Special Issue
Queuing Syste ms .
Kumar P R. Scheduling manufacturing syste ms of re-entrant lines
[ A]. Yao D D. Stochastic Modeling and Analysis of Manufactur-
ing Systems [ M]. New York :Springer Verlag, 1994 .325 ~ 360
Meyn S P. Stability and optimization of multiclass queueing net-

works and their fluid models [ A]. Proceedings of the Summer

«

Se minar on “ The mathe matics of Stochastic Manufacturing Sys-

tems”[ C]. American Mathe matical Society, 1997 .

markovian queueing networks: functional bounds, asymptotic

loss , efficiency , and Harrisomr wei conjectures [ J]. Mathe matics

of Operations Research, 1997, 22(4) :886 ~920.

TEH R

kAR (1975 - ) 9 W-E 2R SO OUBUN L3 T R
'fjé?j BRI RG AeE
BIL (1976 - ) 5 A2 BTG HLAS 2 5 38

o) 2R RE R RS
THE (1964 - ) 55 BTFE AT ST 0RO B g 2R 7 A
B oA RPN R G BN M Bh & R G855

( LB 144 T
M A2 AN [) 1 R 38 56 S s o) G2 1) s i) 52 s 7 FH 44
RARWZ T VERENS TR X S A B ARG

% % L Wk (References)

THHL, AR RSP R ERAR (1], RS
NH 13(2) :137 ~ 144,

Chen S, Billings S A. Neural net works for nonlinear dynamic sys-

1996,

tem modeling and identification [ J]. International Journal of Con-

1992, 56(2) : 359 ~ 366
TAERE, B DA BHFRAE S S N R S A i 48 X 28 K
TR 17, 5 0e5 , 2001 , 16 (5) : 549 ~ 552,

Su H B, Fan L T, Schlup J R. Monitoring the process of curing

trol ,

of epoxy/ graphite fiber composites with a recurrent neural net-
work as a soft sensor [ J].

1998 ,11(2) : 293 ~306.

Engineering Applications of Artificial
Intelligence ,
Park S Y, Han C H. A nonlinear soft sensor based on multivariate
smoothing procedure for quality estimation in distillation columns

[J]. Computers and Che mical Engineering, 2000 ,24(2 - 7) :

871 ~877.

[6] Baum E B, Haussler D. What size net gives valid generalization
[J]. Neural Computation, 1998 ,1(1) :151 ~160 .

(71 FIOAR, HOEE . ST A ML il B8R 111, B3
b3, 1998, 24(5) : 702 ~ 706

(81 VEM T, XEME, Brg, & . KR PriE e o 4o
FIN [T77. KFI2E4R 1998, 5(1) : 28 ~32.

Riedmiller M, Braun H. A direct adaptive method for faster back-

propagation learning : the RPROP algorithm [ A]. Proceedings of
the IEEE International Conference on Neural Networks [ C].

New York:IEEE Press,

T A

1993 .586 ~ 591 .

ZEW (1974 - ) 5 A BEITAUE A A 2k 2 R
) AR R N Y
L4950 - ) 53 209 1 A Uil ST A Ol K

RS K Aok Tl A
M 1977 - ) 99 LA BFFTAR
PR AR B 8

RO S e R



