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ZA}3} (global approximation) 2 FAE 4 Q. 1
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&5e3 A5 F28 9% FAE @ Bobol  (local structres)8l AAFE SAA HE A
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I 2E oF A4 2% 2493 (hidden layer)o] ALY Hggol Aol M wz
B¢ 2 uwitE 2 TAEH JAE 499 wPS 3tA "ok £ diolHY FAEA t@ Zdxe
FAAM BEE F A EE UEHI weights 2P A5S QT e EAAA HA 443
e Aze 34 dolgz ANN] Hed, ol 2% 7z §842 4%d MBI ¥
g MEHIEL dojel FJE JFS FaA sensorymotor Ao T+EE FHRH o2  FZH (local
lytuned) % & receptive fieldE Ze FE& o] &

* A71EAEA 474 stel zAEgs AMe 2 ¢EA Utk CMAC

* A7 EARA A%
 Agoittn W72

11

(Cerebellar Model Articulation Controller) 2 RBF



TASLUSHEA HBH H3E 1993. 10.

(Radial Basis Function) 9} #& AA3| 2w # 47

E& o9 FYF zAYYE o] &3t EFF
vl Ag ¢S Zdste do W A3Holqdh
o]gd M EYAEL multinput/multioutput §4
golge T4 FEHo 2 ZAlg(local approxi-
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BHHE O
TTCE

9] weights<&
o. T334
getulE &2
Folth. e vy g4E
ZAS 7S ol &dte
7= (global approaches) o] v]a] o & &
8% 2 oA e FY9aA ¢
SEYxA ¥ UYL FoA
EQag FdA= o] 7] wj &olct. CMAC
T Abbusol oJ3jA AtE ANAFZzF EDzA
[1][2], 7153 22E Lrshe lookup table Fe
2 iy #54E SARAIIH, F2RHEE 5
B4y g4E Fdst=d 3layer
feedforward network ¥+ look-up table 34102 4
gt CMACE "¢ we stgsEent oy
B ZH(interpolation) ¥ A}3}(approximation) 54 &
Zta Qi webAl, FHZo CMACH g #Alol
F7H8tAA, 2R ATAEL 44T 2AES 9
Ast7] §slA  CMACE AHE&sidch <EEH,
Moody[3 ]+ chaotic time seriesE < Z3}7] 93 A
39 ge o CMACE o] &3¢lth Carters [4]
2 CMAC U EY =9 fault tolerenceE ZA}stS
1, Kraft9} Campagna(5]= 5 7} & -$A0i7]<
CMACE 7[gtegd Aof7]E Blasiict. Ed,

receptive field $H4

s
st&E WEY

g

ae

Miller [6][7]% visiong o] &% x| ANz
Aole 9ad  CMACE ol&8¢on, Ling
Kim[8]& CMACE o] &3t selflearning control 7]
§e AL

ByE CMAC A7 3 279 EH:‘SHH Zteks] 7|
£597, CMACY sg5de Agar a4
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I.CMAC AlA32%

1. 2x|9} CMAC

43 (cerebellum)=  F 3 (midbrain)o] €0 §Jo
o (2% 1)odA A visual cortex otgol ¢4l
At 249 75L& ARY &R L, F FY &
21 AsA Aojde Zolth A
T B2 celld fiberso] AZ 4o QU (27 2)
oA EBiE upe} o] Mossy fibersgt Egle ZHe

BelEo] Fo| e, )AL JFAA = 1T
2 2 (higher command center) Z2E FBE 3
gt o] F A9 fiberYF(FAAY LTHH T
of & Mossy fibers)o] & Soje=d o7
S AR TES7I7E offet o2 % Mossy fi-
bers= oz} 749 7AAZ HAL 7+ 7HA= Gran-

ule cellojzt Eele AAMEY FFHotd T (ex-
citatory(+)) g}t 2 Granule cell & 12729 Mossy
fibersel 1707} AEH
Eojdith. Granule cell2 2E 9 Z axonEL §
Al BolEE BHET AZ HEE SR o] HT
axon HolglE< Parallel fibersz}t 22t} Granule
cellz} Parallel fiber?] ol Golgi cello]gt e

g 719 £¥ axong T



CMAC AlZ32%E 7|42z & St&H 0

MOTOR CORTEX
SENSORY CORTEX

VISUAL CORTEX

AUDITORY CORTEX CEREBELLUM

BRAIN STEM
SPINAL CORD

(32 1) A side view of human brain showing the
cerebellum.

Parallel fibers

Mossy fibers

(222 2) The principal cells and fiber systems of the
cerebellar cortex.
M £} dendrites0] 9o}, Golgi cell & Parallel fiber
9 o]5& 23, Mossy fiber JEo 42
of BAQlo] Granule celle] Y rto] thresholdgt i
0 2 %€ Z5E Granuecelle ZH3 0. Age
Parallel fibero] ¥¥-vte] Hesy £8&
o SdstA
Granule cell 27 E19] FRE 2t7 & Parallel
fiber= weightE zt= Purkinje cell, Basket cell, Stel-
late cellst 2& Al 79 & AEY HEFdo ¥
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B3tk Purkinje cell2 A FA 718 $8% 9
&2 30 Parallel fiber52 FEH9 94 & tidte
15& Y3t cerebellar cortex®] 2¥& UE
ojuith. BtH o] Basket celli} Stellate cell&2 Paral-
lel fiber2HE] 9] positive weightS 3} &7 a2
negative weightS& Purkinje cello] 333ttt

Cerbellar cortexe] Eoj7te % du9 fibere
Climbing fibero] t}. Climbing fiber= Purkinie % &
W7 A synaptic weight®] Z=E& Zdde= 42L&
gt

(29 3)& &4 g Abusd ©]3 2do]
. Albust ©]&% 2dg CMACE F2& 44
A a¥Edz FASG (28 97t £4Y
71%& A¥H o2 2% CMAC 2ol

N

olr

2

SELECTION
MOSSY FIBER  QF ACTIVE

INPUT FROM  pARALLEL FIBER
HIGHER CENTER

GRANULE
CELLS

MOSSY FIBER
FEEDBACK
FROM SENSORS

CLIMBING FIBER
INPUT

SYNAPTIC
WEIGHTS

(228 3) A theoretical model of the cerebellum.

table of
weights

command
from higher
levels

of weights

summation
M of selected
... N, weights

all possible
inputs

feedback from
sensors

(02 4) A CMAC model.
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2. CMACY| HI7I4E

7t CMAC mapping

CMACOI A Aefol et Fxue d2ed 24
Ao ARl address keyZA FHEFE o &
dto] AAZ. dole AAS AsA FHETFE
2 FZHE4EE mappingH 1, 2YPE AN
A3 223 w2 o=H~AE mappingHT.
Z CMACE &3 22 F¥ mapping® & F@
ot

S-M—-A-—P
o 7] o] A, S:¢) 8 ¥ € (input vectors)
M: 37t 4= (intermediate variables %=
conceptual memory)
Aol 28] of = #] 2 (physical memory address)
P: 2% g (output vectors) 0] t}.

AR mapping(S—~M)el tidte], Z+ A s
(28 5)9 Zo] B blocko BEET, z
block2 thA] Z74e 842 BFdEG. (27 5)d
Ax wdo g block divisiono] 4719 Fo =
TFAH0] Ao 74 FolA Z blocke <1419 (iden-
tification name) © 2 wjx®ct. 222 4z5idE
AeE 7 Zo thE block 0259 JAPeE 5
Agldd. d& &9, (28 5)dA AdH % =
Zz+ {B,H, M, Q}¢} {C,L, M, R}ell 9Jsir] 543t
€t} Mappinge thisel Z92 4T & e

H, (28 6)2 d57 270 Aol i doln.

A 12 W s19 B9 M4 s29 bel oA
o5 1, c2= He hol osjA Fogct nad

el Z7b 452 hypercube7} ® T}

2l A9

block
—
elfl"f"' Varlable s2
A I B ¥ Tie v D [ E B
FJ G [ H! | 11— 3
K] L [+ M| N [ O
P T Qi ®m [ s [
State] State-d
(22| 5) The block division of the CMAC for single
input variable.
variable s2
elo 14
g c6
T— e state 1
,_m_j___,, ! . o state 2
== ] ¢4 B state 3
1 [P T 3
AT I 7
LS i icl
P [k| a : : .
I ; variable sl
A» I BI]C [ D [ 1s
Pl ol Bl « T
T N[N )
Pl @ [k [ s [

(22! 6) The block division of the CMAC for two
input variables.

95, mapping2 %7+ 4 (intermediate varia-
ble)Eo] WEeg ol=dyAE mappings=d(M—
A), ©| mapping T}# o[ hash codingo] o] & t}.
Hash coding> & ® 22| oj=g~ F7& 2o} &
S o IRoR AFE7] A7 2 o=
£ 7122, hashcodingS AHEE02ZH HEe S
FEHOE o] &8 & St

opAgto 2 Afefo] ofd sEe o= B
T UL 2488 ©57] A8 A= o B
o] A—P mappingo|tt. Z#H 02 3 FHE
g3t EE hypercubeS & AE 9 28 & A4ts}
=6 33384 b 7 hypercubes o 7)o A
7} F58tA "Heh £, (2 6)dA] state 2=

el
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hypercube cl, ¢2, ¢3 2 c4E E§sic} 0|9 2o
N 2gs &3 AL CMACY ¥t} (generali-
zation) £4J o]0, hypercubed 4+ block &2 2
A7) g 2o duiste] =& 28 F U
Aellx Hdgd CMACY ARZFME 3oz
Oed 2ol 7l F Ao

s(k)& A1zt kel Ao A, c(sk))E AEl s
(k)oll £ jAA hypercube, NS Aol E£3Hd
hypercube®] 4=, IDe(s(k))E ci(s(k))<] ID(identi-
fication) <2t 3tz #ME U(s(k))= ch=# 2ol
Ao gt

U(s(R) =[w(s(k)), ua(s(k)),-u(s(k)),

()] © )
o} 7] A

1, if i € {ADDR(IDc;(s(k)));1<]<N.
)= { ,

0, otherwise 2)

0|1, Py W22 7|0t}
HE Me A(3)e2 EAEY HEY ZE Y
€& Jehdosia
M=[m), mz, M)’ (3)
A s(k) ol it A€ A B E INFORM(s(k))
g} 3}, INFORM(s(k)) & oh& 3} Zo] AldtE
INFORM(s(k)) =M = U(s(k)) 4)
g A Aedl i ARe 1 e EgE
hypercubeo] &3¥ o 7] w22 FE FA
"o
Hash codingo 2 <13 vj22e FE& H3}7]
JdaiEe 2o v2eS FAsof Aok ZE W
&S0 593 9 blockd} elementZ UFo] Tt
1 7}A38 3, & block o element 5 N, &

o U@ blocke] +5 Ny, 859 £ N2tstd,

15

FHTE YedE
7], & dAstd g A9 & Noe &3 20
Ns=(NeXNp)¥ (5)
7} hypercube= £ o 2 2] (physical memory)
d3g gofstnE Yed 2EF w2 Pud
Pa=N. X (Ny)¥ (6)
olth. A1(6)9 Py N,> 1o tfsted 4(5)9 N
g} Zojo} @it} F, W92 = EYH HE
9 27]E AA A E2 4 (conceptual memory) &
ot Zolol ot
o2Foz td 23 vrgst PRt At
A h2g 382 9% #7 Ao o$7] 2%
WE2ee Z4A717] 93iA M—A mapping2 ©]
g3, Be A4 AAEEL JdEAHT EF
Bole o|g3lnz, PEth 22 F7|9 HEIE

H2E S

o) & 2] (conceptual memory) 2|

u

L}. Hash coding

CMAC di=Zg agwieA 71 58 7%
%9 3lu+= hash coding® ¥ ot Hash# 4 h(k)
£ hypercube kol T3t o= 22N AXHL of
€8 h(k)e PRtk 3A @olop o} Hash
coding 7]®& 27427} 91y random number
generator Wo] ol o] §dth o Wy A(7)
I Zo] seed2H keyE Ze
eratorg o] &3t}

h(k) =RAND(k) * Py,
7]l 4] RAND(k)¢] ®¥¢i= (00, 1.0Jolot.

random number gen-

(M

Cl. CMACY &t&

CMACH| A training data7} FojA|¥, &5 &
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of talel SRz SHEHTY 2AE F
Zole Aot ¥ FRPH Y
T, O 34, 23 Ex o3 2t
E=(Ti-0)? (8)

o7]el 4 O 41(3)9 INFORM( + )olt}.
WEee LMS #&¢& o &dte &3 2ol A4
g

£ 99

o

P

8.
=

)

2

(l(Ti—‘M . Ui)Ui

= ®

AM=

o7]6 4 a(a> 0)E 353 (learning rate) o] .
CMAC 842 okz}3} 7] (quantization technique)
S o]&3t}. 593 CMAC element U9 ZE A
He $98 Az S8 gaA g3 <
H gzt ol
Aolth. &, Ny, Ne

7 ool JFL olAE ool
3. CMACS| EX

Aol A st CMAC 2733279 SA4E 2
7 E gokstd e 2.

« CMACE ¥ut3}(generalization) E4jo] Fto.
B W2 cllEe 349 ARE FHdle O
AHEEL olA2 A HY 7i5H fAlst. &
g2 oj=g 29 keyE o] &FHOZHN fEE cel
Adds A A¥dEd. a2z CMACE £
g 48 dd keyE o] &3t Uwi3l 2 HH
I 22 A4 dEy §4& 21 Yo

« CMACE #Al 98§ ol 28& s
o}

« CMACE 34 5°l Fob. CMACE 2733

rﬁﬁ

A
A3
A

ni
£
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2939 HUzM TRHOT BFY R A
Uz ok 2o dd-2d #A= AR

FYztd A ZAAEY. 1PEE TFE Lo
g T A%
« CMAC= #7}8 % (increamental learning) £

4ol Fot. Trainings 9% XAl training o °[E| &
olg] EHldhe AL A7 od. &5 HolHe
e B9 dolEd F7HAZ & Ao
wehA weightEe M2 ZA4E dlojg Jgoz
ZEARIN

+« CMACE HW=2gE aHyoz ogdd. §
& +9 A4S hash codingg o] &3t B} A
< 284 v E2 2 mappingH 7] o ol w2z
718 24 7 A%

* CMACE ol &3td, A% 34 2498 &
5o U B3 AAZE Asto] "g

CMAC J733 23l A 98/28

s

= sH}'\:‘n

A g o] AL

" mapping| training A S22E 8&57] g 2o|th,

« CMACE logic cell arrayS o] &3ted A% &l
hardware2 7&8& 4 tt. CMACY AlEd 0|4
FYst7] AsiA BANE FFEE ol &
|5t # 2 Miller 5& CMACE hardware2 +
Atk (6][7). wetd RO US B weight
o EANEH t& AU A28 dFHoE
ol &% UL Aolth

A% 2ol CMAC A7A3EFE 7|&Y A7
2% ZdEd Hd B FHES
e 22 9% F e 940l I

« Yutsl S4o] AFHolA X3tk 4 ¥
AA M2 AHT AeHEL Yo trainingH x| &
jddE o] AZ AR} Yepd. o]RE

0
=

)~l
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A dutsl 54& ZAHT tF perceptron
3 22 HAAAHQA gzl A4S ded= 733
EREg d AL 3g FES ZAH AAH Gl
3 §4 & b3 AF3 23 v]g) thak Bojzioh

* Hash coding0.2 Q1% w2 FEo 243
o WZel 37]§ £o]7] Y Z 83 hash coding
2o Ee FEo] LA HH o|Ze] T&
AN Fe9 Qo] At

. CMACY] Ao ZA] A&

1. 24 ¢

CMAC A7 279 545 A@st7] Al
Al 3joint squatting EAE o] &gt} SqE FHIEE
2RSS doj=g] @1 A= HAANA RA 3
€ ot B4 o]§d R L (2¥ 7))

(22! 7) A configuration of a robot for squatting.

17

X9} 2o foot, leg, thigh % body2 TAHo| 2,
1}9 linkg ZED 2 i) ZEE $3%
71202 o] AAWFE(+)o2 ZHHY. 7 i
o] Zolg} Ak link 2 9] A= (F 1)3} 2t

o

i
E

(E 1) A specification of 3-joint squatting robot.

Link length(cm)
foot : 25
leg 40
thigh : 40
body : 100

Mass(kg)

foot : 0

Angle limits
45" <f1<45°
-180" <@2< 0
—40" <03< 140°

leg 3
thigh :5
body : 10

2. g5ty o AlZdo[M

3joint 28] td YHPFE 7 joint]l W
7+ (61, 62, 63)0] 11, CMACel| o] &% block3} ele-
ment®] & 47 3, 47]olth whebA EH HE
g Pme 4] (6)o] sl 1087ho]ct. 2R A3
= AN w3, F, 01=20=603=0" o|t}.
st o A, linke] FAIFA ] footo] WHE M
ojuA =HH g5 A Ao HFIa g4
A=sA do. F, FAFA ] foote] Bl 9
28t reward(r=10)2 Fo|A 1 foote] WYES
HojuAl =9 penalty(p=—10)2 Fo]xit}.

{8 AT E sk) (1=1,2,3) 519, Ae) s(k)
o distd AZE HFL(CMACY Z&)e A (4)
o YajA oz} Zo] Aatgch

INFORM(si(k)) =M « U(si(k)) (10)
Weds gee gaFdd a4 Aag.
AM= d(CI‘itiCI\?M # U.) (11)
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o] 79| A, 8
+ penaltygto] 0Bt} 329 1ojx
9 ze o
3} o] Asdnh
1 if 2w

T3,

& g 0.0]t). Critic& reward &
a8 ¢od 0

Ae9 AsFM)L e

+sin(f4—6;) >0
—1°, otherwise
Aoy SFRAFL oy Lo 4T
%+
Joint Angles(degree)
100 T T T T T T T T T
50 - Jointl |
/ \
0 Joint3
-50 4
100 b Joint2
_150 1 1 L 1 1 1 1 1 1
0 15 30 45 60 75 90 105 120 135 150
Time steps
(a)
Center of Mass
30 T T T T T T G e |
25 .
20 -
15 r E
10 B
| |
0 1 L 1 D [ | 1 1 =l 1
0 15 30 45 60 75 90 105 120 135 150
Time steps
(b)
(2! 8) Joint paths and the center of mass for

squatting example.(target angles . 1=

40°, 02=-122°, 63=20")

(o

Step 1. v 22 %7|3}3c},

Step 2. 27] ZA=(6(t)% FF Z4E(6(1)E

e LIS
Step 3. &S FaA  H(1)E AR
Step 4. 0(t)7F ZAEY, o] W A FAo|
dHE FdHolH rewardgt g, AT
dgo] olUW penaltyghe F1 &
Bt
Joint Angles(degree)
100 T T T T T I T T T
50 / /Jolntl 4
0 Al
Joint3
50 | o
100 F oint2 |
= 1 1 1 | 1 1 1 1 1

0
0 15 30 45 60 75 90 105 120 135

150

Tirne steps

(a)
Center of Mass

30 T T T T T T T T T
% {
20 I 7
15 o
10 5
5 F 1

1 1 1 1 1 ! 1 1 1L

0 =
0 15 30 45 60 75
Time steps

(b)

90 105 120" 135 150

9) Joint paths and the center of mass for

squatting example.(target angles : 61=

44°, 62=-130°, 63=10")
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Step 5. 6(t)=0s(t) o™
ide

(29 8)3 (28 9)& F squatting o Ao g
AEFold Agolth F oA BEF 274 74
T 01=602=03=0 °|x, o] W FAFAL
24001t} (1% 8)2 ZEZEL 61=40", 62=
—-120° , 3=20" o], EAZEA o] 145¢ ALo|t}.
(28 9= 234571 01=44" , 2=-130", 63
=10 o], ZAIFAl] 15021 A$o|th £ A B
A F o]l [0, 25]9] HHE vloutA] &
FR A 2R 2T/ squatting @t

, Step 194 7€ &

4n

EI
y T
,]
.E.
=

S|
o

Iz £
2 TdA= CMACE 22e AZ3z2%9 o
&atA 71&dt 3L, CMAC 1733 =2%

A9l =3 CMACY g&54%

K

ting EAlol HL3Ach. CMAC &&S S3A o
2o AA4Y FBE roboto squattingg A&}
o] &3, FXAEA 2R Fu
squatting® & USotAT. AollA HHI = 2
o] CMAC 4R32%L SFEET] wen Z
2wz} 2R ¢
£3te T B FHol UARL ¥k CMAC A
A3 Ege dutzg S4o] HAFHo|A
hash coding2 2 1%+ vjEg] FEo] TFIA A
noiseZ 2+ &-3HA e Dol Yot gEtA 71EY
0% AZ327Y AU A dutsl 545
421712 hashing nosieE A st WHo] AT
soj Aot & Zolth

£ d

Zot1

Bo|7] 93l 3-joint robote] squat-
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