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Abstract - This paper deals with temporal-difference
learning that is a method for approximating
long-term future cost as a function of current state
in knowlege~poor environment. a function
approximator is used to approximate the mapping
from state to future cost. a linear function
approximator is limited because mapping from state
to future cost has a nonlinear characteristic. so a
nonlinear function approximator is used to
approximate the mapping from state to future cost in
this paper. and that TD learning using a nonlinear
function approximator is stable is proved
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Fig. 2 The reinforement learning framework

2.2 B
2.1 3o
FHoz ¥ise ¥AAME 838 FxE =y
g gyl 2o JlEY Bdo =3 Wyoze

g3 A EHo] A 9. 28 qgPe A
3 #gRze) FZ@AS oo WE ZHALE Eitd
2 PEE A Ylte WHo2A 87 g
Fag AAA 4] glo] g3 AL BAsly] g
o #4838,

723 g BEE olRY] 8 dx¥Lozwy ¥
&< 3 Wyoldt. ol F&¢AE B A (Agent)Ea
st gUAE Ae RE A& ¥ (Environment)
olglm Rtk BHAAE FF(Action)E HFAHD B
7 (Environment)& 1 #Fo dis] g (reward) S
3t AN M2 8 (state) T AgE}.

2E gge AZeE g BAA FL A AE
(reward) 2 E2le &% A2 H=2 st 47
(state)™ #EF(action)®e] AMZ ’&ﬂ]% tl“ﬁ%}w‘i- w
Hojd}, PARE od g5 & AUAE v Ao
o}iig}, °1“* yFol A & BAE R F ,J.“Z]%
ol Roldt,

73} 5}%91 E2RE BAE Hud s Reld, et
Azt ¢ ol Fe] e BAEOl ri4y,Tesz,Tess. st &
23 o] UEL Huzsle MY EE Ee Y
(N7 2e A 23S Hgz st Ao,

R(=rt+1+rt+2+r,+3+m+rr (1)

714 Te 335 Z8°] Fvde HF Atoint

W s fAze] 45 el U @: A
% ¥ g EAZ 48T ddA FoR AN 23
gol ¥ 4o ol ezt se Reold,

ahA AA B #4 EAE =A@, odua}
BAAE Zzte AN 4 (2)9 e FHERE
HAs=g gFste RAor,

Ri=ris+ megt 7’21’x+3+"'=

k;?'kﬂl'wk (2)

4714 e A AR, A4 dAe uAY By
Eol dAY 7t F& 9% FEE FF Y.

A Azt 0 < y (1 ol TR Y BFL
Bpgo]l Agddnat fsAdsd. y=0 /¥ 34
Ae @A FAe EAES Adgstedt #ddq
o] A% #AXE @A 7€ HAUZEI A 7 A
el olgA AFE AANE HEA . 1
o F2std vie 24E oE FaAsA #d

2.2 TD 8% (Temperal Difference Learning)
TD #&YL& Suttono] AL 73 g&goz €A

e ¥4z viglel BAE SAEEte dyeldh

TDEES RS ¥eg 34 ¥3n A=2E AYgoey

13 747\‘37—‘1°§ WA e, shAw 27t Yg o 7}

A 71geA g5 BFE A o= A F3d A
2& dAxE S

- 407 -



2 (3)2 7H d " TD $EE(TD(0)) o)t
Vis) — Vis)+alr, + 7V (s+1)—~ V() (3)
A7 Ve A4 242 delde A EgE, s =t

2" Me A}, 12 t+1 2" B, o
& % Hgggoltt,

2.2.1 Actor-Critic Methods

>
Policy

Actor

C ritic
Value
Function

rew srd

L d
—-LE nvironment

3% 2 Actor-Critic® 7%

Actor-Critic ¥ {5)& Bs}g4(value function)
g E¥d:e 2¥F 99 (Policy) 8 T3 22
o2 Ui TD Fgyolrt.

AL BEL2 FZ(action) S Adeted 245
7] &0l Actordbi 3, 7Ix Ty REL Actorold
& ¥FE Hrretr] 9Ee] Criticolgln $ok, Hrg
€ Thoa ez A#MAn o] 2zet AFE Criticd
FYE 2¥oln Actors}d Criticd] & o] &),
MZE gl Agd F Critice NZL AH7 37
TR IBX F2XE AR

o] Hrlgtel 4 (4)d] YEhd TD L3teld),

Btv"’—rtH*‘r?'V(S,H)-V(S:) (4)

Bt e 2 Foln duie] BN Agss, @
el Hrtge vidgd sidEe B4 $de] e
A §448% Tdste Jldeld 34 g4e 8
Ao A=Y g g8 doiuAGH, Hoigsa
ARG 5 8% Jadeozvy dgHd,

gei expE W7l ¥49 A ¢4E Rgsted
AHgErh A (5)F7o] 2t A9 to] UAA v BA
el 2HEe 4% Fz AL,

R,= kzb}'kfn-k (5)

DA 2R EGT dEA HAs= o] TDLxz
2 3 olE 1yt WV — V.2 FAAT w2 o]
A7 #HIt g £ B g4y o4 Azoln AR
o] & Zole WL #hgo] oA A Ho}.

2.3 &4 2Ar8 (Function Approximation)

T TASe U RYY ol BRowe A4S
SAtg st AtgET. g 2Alsle ¥SEL Ay
Wzt oo BAY B4 BEF sy BAES @
& SAlglel 2Re o g8 AdE B2 Poigel Ao
A BAe] 2algl g2 $AATIE Rolh,

2.3.1 712€71 78y (Gradient-Descent Methods)
7187 e /1te2se RAAQ2dae g4
A E A% Seuye AsEg. 7187 Zshge

2E ¥ A8 el del Agsn 3 Aa
o At
e dele 4 (6)8 2ol ved £ o

Bo=(6(D), 6:(2), ... . 6T (6)

ezt ¥9% $32 vdelddn sl e,
MSE(Minimun Square Error)?} 347l HEH
" g 7Bl g,

-ékﬂ = “ék “’% av @(V'(S:) - Vt(st))z

= B+a(V'(s)— Vs )V 3, Vilsy) 0
= Qék'*' a(rer;+rVilsi+) = Vils))v g‘V,(S‘)

4714 v 4f( B) & Lol g% f oua d@F
B e vl o)t

2.4. AA3%F ( Neural Network )
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