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Goal Regulation Mechanism through Reinforcement Learning
in a Fractal Manufacturing System (FrMS)
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Fractal manufacturing system (FrMS) distinguishes itself
from other manufacturing systems by the fact that there is
a fractal repeated at every scale. A fractal is a volatile
organization which consists of goal-oriented agents
referred to as AIR-units (autonomous and intelligent
resource units). AIR-units unrestrictedly reconfigure
fractals in accordance with their own goals. Their goals
can be dynamically changed along with the environmental
status. Since goals of AIR-units are represented as fuzzy
models, an AIR-unit itself is a fuzzy logic controller. This
paper presents a goal regulation mechanism in the FrMS.
In particular, a reinforcement learning method is adopted
as a regulating mechanism of the fuzzy goal model, which
uses only weak reinforcement signal. Goal regulation is
achieved by building a feedforward neural network to
estimate compatibility level of current goals, which can
then adaptively improve compatibility by using the
gradient descent method. Goal-oriented features of
AIR-units are also presented.

Key words: FrMS, goal-orientation, goal-regulation, Air-
unit, fuzzy, reinforcement learning
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5kof 1515 9 (KRF-2004-041-D0080S).
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Algtt}, 53] HA|FE A A" (fuzzy inference system)
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Factory level status

production
order.

fractal A

« larger scope of decision

« hierarchically higher level
« abstract decision-making

Equipment level

« hierarchically lower level \
« narrower scope of decision \
« concrete decision-making

se\f—evc\uticﬁgry mechanism
I8 1 AIR B2 7|4ke] e L
3. Generic Goal Model (GGM)
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GGM< AIR 739 7HA B d& o3 Al 71A] &
& Rk 3ho] = st

® ol & (profit: 2] FAE Tl A= A 7HH 9}
zZre] frafo] A0 = 1] g-9] 2}o)

® T & (utility): 2% BA Ao X FEo ¥
st A%

® A% (credit): FEE 2] Fallo] @ E = 21E A
ok ol =

o] &2 AIR 12 A A olA & =& 13
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< 93z EE 22 2. 40|t T AIR f-H o] &
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3.2 Fuzzy model
GGME] 7N S5 A9} =] 4
2 A of & (linguistic term) ©. 2 % &

Avt ved 2
o},

r_\ﬂ, oL

Ternd profit) ={good, bad, good, bad
Tern utility) ={good, bad}
Tern credit) ={good, bad}

Term GA)  ={good, bad, good, bad}

GAE = BFEE Yu)dth GGME] 12H2] @.4x9l o]
a7 T AHAEE Ade A A A s 98 o
LAE ®Hop A Adods Fosnth /ME AdoF
< 2218 (triangle) =2 -5 ¥ A} (trapezoide)
B} 9] 4% &4 (membership function)E Zt=T}. o] & ¢t
FEj o] A&TrE vio] ErbsetA R dedtu A
T E3 o] Eth(Jouffe 1998). 7 ¢10]dFe] A %3
Fe a2 22 FEHE Y YgHr

membership

grade
not not
bad  .00d  bad good
1.0 : :
0.0 ; |
. profit
a9 2. 0]l g Ao A&F

4. Goal-orientation Mechanism

AR 52 & AL S Ze=v S5 e 14
HolA FoAR 2 AHE sy, 2 AFHE 9
3 FEADS F£HI B Ao AATE gAE
A EAE Ao R 3= AIR R & A& iard
A HAYUSS AAS) QAP Zg oA AIR -
2 A R Ao A AAYSE 2] o] oM Eof )] -§-5lo 4
A3k PEs AAST) o|HES] &3} oHE u}
& WA FE2 v A EH, AIR Y o8 1t
AHEE ToA HAY FFS Agstitg, o] Ao
Al AIR 519 & A& o] Hrd ) AIR FH 59
PEo s do] 72§ A2 Ho|sA st

AR 9 & A& HAYST S v 22 74
LAE FF FHEAN(LHE 3)

® Goal assessment network (GAN)
o] e R e SR m el BAH o
NS gow B9 HHEES STt o
AR AR A3 WAYF 23 vl A
ARE S Y

® Goal evaluation network (GEN)

Al o Bol A3e JE Pohech 87
of Wult= 38 AId e o R Bl mug o

wotH, o] oA =2 A BT

® Action selection network (ASN)
GANCA o 53 = AFEE ntgow 9 nt
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ZAFHE A5 A 5
2 =52 AR 99 & A dAYSES FH3=
;A LA Q@ 29 GANT GENS A =7 o 2 tpEt}

parameter
updater

~>

network
(GEN)

transformer

0

stochasitc
action
modifier

Environment

Model

action

&
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=y - assessment selection
= network network
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goal

(GAN)

reward/punishment

|
‘ goal-regulation

aH 3= AFHAUF
5. Goal Assessment Network (GAN)

GANE J2lo] 3uol thet 3o AEE B7H
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19 4. Goal Assessment Network (GAN)
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~ #ZA(antecedent) 1018 =2 A 7)E
T4z ] Ao
9] A 453 (membersip grade)

ofi

0i=11AU(Of),

-1 =2 2
.7
where k= n’+ j 5@
=1

Ao M == s HA
st 912 2] /3 4 E(firing strength)

43
T Z(consequent) fd =2 FAHEC HE
LEE YT AdEE sttt

where y =[] O%w

was gAA T E 779) B AEE gulet,
HA wERRE FAEE 2 AR FE2 de

2t

37/=L1_c1/(Y1) T2 )

o]

5%
shte] 29 wEw AT g s
2
03=y,
where y =07, 04,0 )

T2 (6)
1 7
nCZ !



2
ol
rx
e}
]3]
Jon
tol
~
ol
W
oY
08
[}
Jon
ton
nNY
(@]
o
[0}
A
X
0B
0
Jon
I8
o
ton
m
Ao

6. Goal Evaluation Network (GEN)

GEN2 = 9] & & S (fitness level)E 3 718l 4%
°] ACE (adaptive critic element)(Barto et al. 1983)] C}.
¥ 5% GENS| x5 Ed| g Aot}
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e B AN 2T FEVE S, x,)
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T2 (113 o] A4kttt
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AX= (X2 TARgelM, TAL A= 4

(12)%} 2t
w1 =F(X)-F(X) T2 (12)
(e A AR E 9w 8k, Bellman(1957)9]
52 A & ¥ (dynamic programming; DP)°]l A 3Fo] 4=
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