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A comparison between on-policy learning and off-policy one in reinforcement learning

for an inventory problem
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TWa. 24Uz, 2010 FR2 o DRBEHFEDORBPRERPEL A IhTws. K%
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BILFEITIIREL, ETIAR=ZAFIL, ETAVT7V—FEKE WS 20008 L1H 5. £
TAN—=ZAFEIZ N3 7REBEOHERIERL EHBIRI TREOE T V2 BRTE 258
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bH b, TD FETIX, FRAVAFE L LT SARSA, A 78148 ¥ LT Q-Learning
DRENTD 5.

TD #EHZIEL THAAERLEDEIICY I al—Y a VRERLR Y TREro—Y x>
FNOMEEREZ#REDRTFIETH 2. TD(0) IETIEEINFTEIED X 5 HEOMMEEZ 1 R
Ty FROMEE MM CTHE ST 2. BEro—Y = FMEOMEER 2GR T 2~1a 73k
EBMRIILL T OBEROMTRHAINS.

(i) KEEES S = {s!,s%,...,sV}
(i) fTEEE A = {a',d?,...,aM}
(iii) HEREREEL T: S x A x S — [0,1]

T(s,a,s") =p(sgr1 = 8|8 = s,a; = a) (1)
(iv) MEREFK R: S x Ax S =R
R(s,a,8") = E[ri1 ] st = 5,0 = a, 8441 = 3] (2)

¥/, HREr 2L, H2RE s ITBVWTH 178 a BRI NZEE 1(a]s) 2 RT.
TD 3 TIIBMVEHETE L & L B 0 IRAEME (3) L ATENMEE (4) &5 2 O E{EEIEK
ZHWS. 22T, El51Eye[0,1], mells(EEHEK) &7 5.

VT(s)=E Z’Ytru—l | so = s] ,Vse S (3)
t=0
Q™ (s,a) =E nytrt+1|sozs,a0:a] ,Vse S, Vae A (4)
t=0

TD(0) I5T® SARSA, Q-Learning D713V X L% TITRT.
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1 1TEMfME Q(s,a) Z#HALT 5.
2 FLEY — FICHLTUTZ#DIRT.
2.1 WIHAIRRE s ZIRET 5.
2.2 e-Greedy 72 T K o THIHIIREE s TOITE) 0 ZIRET 2.
23 TV —FHOKZRT v A LT T 2# DR .
2.3.1 178 a ZFEITL, WM r  XROIKEE s’ ZEHT 5.
2.3.2 e-Greedy 2 ¥ 2 X o TRDIREE s’ TDITE) o/ ZIRET 5.
2.3.3 ZEAHE - TITEIMIE Q(s, a) ZHHT 5.
SARSA OG&
QY (s,a) = (1 - )Q(s,a) + a(r +vQ(s',a’))
Q-Learning D%5&
Q" (s,a) = (1 — )Q(s,a) + a(r + ymaxaea{Q(s',a’)})
234 s+ s,a+d &35.

2.3.5 KR s DY — FORIRREZ SR L 2K T 5.
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ZD2O0DFNIFHEAICH D, SARSA TIIITHNERD T RMED B H 1 EZZE
L, Q-Learning T3 AMEZHWE 0 BEEZE L2V, [TEHEROGHRE LTHWS
e-Greedy 13, [0,1] O—HkELEZ FHAE S, ¢ LR SHEIRRKOITENZESR (FIH), ¢
KRR DT VX LATENZER (BRR) AR TH 2. [TEMMEICEI L T Greedy R1TEN T R
argmax,c 4 {Q(s,a)} 72 L JHFTRICHE 2 ATREMED D 2 7D, —EDIER € T ¥ X AITITH)
ZIES.
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COHEEEEEEICOWTYTZ2RET 3.

(a) FEFROPEIZEE XN HE OB IITbNS.
(b) FEIHT 2 A EE S oKD b iciil- s h 3.
(c) Ve FEALIZO0 LT 5,
(d) WEIEHZEZ 256, EaFHEEEbDNS.
(e) N2, B, TEIMIEFLT 5.
(f) BERIZHACORBET 5.
) TEEERIIE ANEE LICK > TITS.
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COEREEHEMEEZUTO L3 IcERLT 5.
(i) BRI T ={1,2,...,N}, N < ©

(i) BFRIRARZERH S = {012 .M}, seS
(iii) ARITEIZER A, ={0,1,2,...,M — s},a € A,

(V ﬂﬁ%ﬂ'—(él,ég,.. 5N 1)
(vi ﬁgﬁﬁpwtmﬁ d},d=0,1,2,...
RN (f: BAIZ 72 DINES)

(vii

s+a—1

F(s+a)= Z fdpa+ f(s+ a) Z Pd

d=0 d=s+ta

(viil) FEER (c1: EEREH, cor BAIHL D ZHHTR)

Ola) = c1 + caa %fa>0
0 ifa=0

(ix) EEREE (c3: B A7 DEEREH)
H(s+a)=c3(s+a)

(x) RANBIEK

ri(s,a) =F(s+a)—0(a)—H(s+a),t=1,2,...

(i) AR HE R

)
)
)
(iv) TENL—I §; 1 S — {0 1,...,M},6(s) € A, t =1,2,...,.N —1
)
)
)



(xii) HERBRRER

0 ifs+a<s <M

/ Psta—s HO0<s <s+a<M
p(S|S,CE): %)

S pa ifsta<Ms =0
d=s+a

VT (s) % HIREREN, Thup ZHEENEEES L T5. 22T, ol = ( N1 pl) rCha.

maximize vy (s)

subject to 7w € Illpp

PUT O BIREFUTHE o THRAARFRMA vy, (s) & BBEBOR 7% Z2EH T 5.

uy (s) = max {7“ (s,a) + > p(s']s,a) upyy (S’)} :

ac4s s'esS
uy (s) =rn(s)

O E NS BEEGRE, JEEE (0, X) WS T 3.

Xp—s ifs=oy
0f (s) =
¢ (s) {O if s> oy
LoLl, —RICHEIEFETREEAREW O 72D, ZOFEXHETERY., 207D,
SARSA, Q-Learning THEEHTZX2 X5 TOLIWCENMLO—HZEHET 5.

(i) BRKREZEM S = {(t,s)|t=1,2,...,N,5=0,1,2,...., M},t€T,s€ S
(i) P2k F(s+a—s")=f(s+a—5)
(iil) EMEAEL ri(s,a,8') = F(s+a—s)—0(a) —H(s+a),t=1,2,...,.N —1

VY —FHDORTy THEHBZNGEE, 1Y —FB N ATy T3 X517
52 CIEHEHTENELGND X512 T3. £, EFAT7Y—FETHEET L0, HE
ERIFEEICH W,
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4.1 BUER

Python3 THEZ L, §HIZIX Mac(F v 7 Apple M1 8core, XEV: 16GB) ZH 7.
WU LT, N =4, M =3,f =8,c1 = 4,0 = 2,5 = 1, pg = 0.25(if d = 0),0.5(if d =
1),0.25(if d = 2),0(if d = 3),7 = 1,a = 0.1,¢ = 0.1 W 7. 112 Q-Learning TO
MR E RS, MEOPERIG SN d o 7208, IEEH (0, 2) BRI SN,



# 1 Q-Learning T 50 2 /75K & HIRHEREHAT
RRE 178 fEE (JHTERIAD)

(1,0) 3 4.639
(1,1) 0 8.182
(12) 0 11.944
(1,3) 0 13.759
(2,0) 2 0.850
(2,1) 0 5.929
(22) 0 9.075
(23) 0 11.024
(30) 0 0.000
3,1) 0 4531
(32) 0 6.595
33) 0 7.038

4.2 SARSA, Q-Learning @ L8

BUE E T TEMMEOINE G SN oz, FD0, B oN7-lE L BfYEHEHEIC
& o TEH L 2B 2 li{E DR AN —ERM E 722 T TOIY Y — FE, FHHARR %t
g3, 73V R LFHENEZEDREKRE

mw{“TDT@ﬁ@%ﬂDPT@@@H}
(DP T D ffiifE)

W01 RimeBRolTRTTE2ILLETS. 3, 4z Zz SARSA, Q-Learning
THEHLL (M =10,N = 10) BRoTEfi{EO R AEHE (£X), HAMRZE (GX) 2R
T Fk, M5, 6 RENZNERER M 2 XA LBORTRIEY — FLFIRKHZ
R, fTEMECRAEHEL SINKICE > TRV D ERTE 2. MHAXEZED 0.1
Kifie ol Y — FEUZ SARSA 238 X % 25000, Q-Learning 2338 & % 12000 & %
D, Q-Learning D5 P72 VWL Y — FETHRERAEOIHIEO VT VWS, —#%IC
SARSA XD % Q-Learning D5 BRI HEL, ZOETALTHRKDZENF R ELE
ZAbNE. BTRZEY — FEEERARME SICEHEERNZ R IIFEAEDRELRZST
W35, BIVETEIEDFTERFHDIZ S 235, 2R DEITRICKRHEZE T 2EEITR->TWD
AlREMED D % .
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Puterman(1] OfEEEHME 2 RLEEFRE L U THEE L. TEMEOICRIZ/ Sk
Do 723, BIRYETENEAIC X o TEtHRE L Rl Dir-5 % /7T SARSA ¢ Q-Learning %kt
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