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On an optimization method for perishable inventory problem
using reinforcement learning
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1 BHRMzEIZEEEEETIL

ARFFETIE, B2 H T 2 ENNERET T ROEEEEMEICOWT, v va 7HRE
182 (Markov Decision Process; MDP) & 5#{t2%% (Reinforcement Learning) &5 —D
DBIRD» L ERMEE BUEFRZ1TS. RO 7Dz, EEobRIUMEE 25 K5 1iE b
T5Ze%ERT 5. MDP ZRESLCTE R EREO Y A XHKE L2 L REROFED
Witz 2. Zhzlhs 2720 0REFEL L TRILEERENDNE S et T 5720,
R OIREMERI R 12 ONWTEE T 5.

JERMAEE & 1%, BaPERMR ETHEHIR, A3HIR1H2 X5 hboziss. BRIt
TEHICEREHBCED 2D D, 2z T8 MEEELRITNER SR, 207D,
REMEZEZ 2 & 5 MR THt D TIEEEEBEICOWTON T 5 Z L3 L.

MDP I AFEFME 2 5 BRIREICE T 2 ETVT, EHEHICEIT 2FERE DR
MEEHE 23 NEM R AT Z RT3 [1][2]. MDP ORE#H 7% C & 2 b8 13
BT, EEEHBEICOWTLM(LEEZMAH LM 3] 2ThbhTn 3.

AT, EHEEHEE TV [4] CHERABEZEBML, BER, MRFRE, EWHAE
BREINTROBEMEZHT2HEEEHES V2RSS . 1 HHOEEEHIZK 1 1RTHNAT
T, BHDIBD OFENFHERZRET 2MEEZEZ 5.

ZOHEEEEETNVEINUTERET 5.

(a) HEBOPEREE S FHBOMHDIciTbh .
(b) BEEEE SN -ZHHOKDH D ISz Sh 5.
(c) V—RXA 2Z0HIR L T2 (BERELICEET3).



FTOLEFEBSND
FEIAXRDDDN D BEIX MDD D

Fx S DETEZS 2 Tk

|
A

| v |

I —

THARI DA & o> TWBEEEFSIHD TERRS DD D
ma REIZ N HHMD b

1 1 ofEHER DTN

(d) WEIEHZHEZ 256, BERTREIEDNS.

(e) IXzt, BH, TEIMIEF LT 5.

(f) HAZHEMTOARTET 5.

(&) R r 2 BE7MABHERET 5. (1> 2.7 N)
(h) fFEEEHIZEANTEH LI X > TITS.

)

(i) BEEORRIZ M Hifiir 5. (M eN)

2 YILO7REBIRCELFEE

MDP o%HE ¥ MDP Z Wit FEoMfA, HT2FE 7 L3 Y X AIZDWTHR
N3, AHFETIE, BEEHFOMHAICHWSNZBIEET L LT, MDP W 255
WCOWTEZ 5.

BIRIKEEERRITE) MDP IXEZ DM (S, A, p,r) IS X > TR 6N 5.

(i) ARRIREEES S = {s!,s%,...,s0}
(ii) HRITEES A= {a',a?, ..., aM}
(iii) BB p: Sx A xS —[0,1]
(iv) MEREE r . Sx AXx S =R

EEREE XL D 5 2 KB TEITAIRERITEN ZEIR L, 240 U7 ERIVIKREEHER &
WIWES S TThbN 2. ZDXShBfRIcEWT, BWERZE#EILT 2 E2ER T 3.
L E O MDP I X 2 AL, K2 DX ICREEIND., =T—I =Y bOfTENC KL 2
BEAOEE T CRE L MM A2 BT 2 L W BE L = — 2 = >~ MO EMEH 2 DK
L, BB ERELS 2R ERD 3.
SRLEEE O S MEREEIIL FO =2 THh 3. 22T, H5IEyc[0,1], 7 ls(BHS
W)L, S, A, Ry 3FNENRL ¢ 2B 2R, 178), MMOMERLHEZRT.
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2 BErz—Yx > MEOHEEH

(1) ARTEAMmMERERL

V7T(s)=E"

Z’thtH | So = s] \Vse S (1)

t=0

(ii) REEATHIERIRL

o0
Z’Yth—l—l | SO = S,A() =a
t=0

Q"(s,a) =E" VseS,Vae A (2)

AT, BEFEEFIED S B, TD %H (Temporal Difference Learning) & M:Eh 2 F
#HEHWS. Q-Learning ¥ SARSA 13 TD #E I I N L FIET, ZOZODFETH
Brfio. FHIT2 713V X L% TIRT. Q-Learning £ SARSA Tk, FEANE
5.

Tabular TD(0) @743 Y X A

1 {TENME Q(s,a) ZFIHALT 5.
28IV — PN LUTHUTZ#EDIET.
2.1 WIHAIREE s ZPET 5.
2.2 FIHIKEE s TOITH) a0 ZTET 5.
23 TEY—FNHDERXT v FITH LT T Z#DRT.
2.3.1 178 a ZFEITL, WM r 2 XDIKFE ' ZEBIHIT 5.
2.3.2 XDIRKE s’ TDITE) o/ BIRET 5.
2.3.3 FERHE o TITENMEME Q(s,a) ZHHT 5.
[Q-Learning D355
Q" (s,a) = (1 — )Q(s,a) + a(r(s,a, s') + ymaxaea{Q(s',a)})
[SARSA D&
Q'Y (s,a) = (1 — )Q(s,a) + a(r(s,a,s") +7Q(s', a’))
234 s+ sa+d 7 5.
2.3.5 R s KLY — FORKIGREER S DR L 2K T T 5.




3 BRItzEIIEEEEETILOEIL

BB T AIEEEHEE S ILICOWT, MDP it E s ko TERLT 2. #hz
e, s nvarvpreM@Ee LToERL, BtEEMEL LToERbe 35, v Laryik
EMEE LToERMETIE, HROEZ2EEZ 22N 4125 2 & THEENRIEED
MR T 5. MmEFEEREE LToELTid, MDP BEEZHW2 Z &, Kz
D—or L, BREMZHEBIME LTIRZA 25123222 I2&-T, b EREN <
Na7PERMEL REREY 22 X5 IERLEITS.

3.1 TIIIA7REMECLTOERL

(i) IR
T=1{1,2,..,N}, N < oc (3)

(ii) fIRHEAESE S

T—2
S = {(80,81,---;87—2) 10 < ZSkz <M, s0,81,---,8:—2 € N} (4)

k=0

(i) ARITEIES

A=1{0.1,2,. .. M} (5)
T—2
"4(50,81,.--7&—2) = {O,l,Q,...,M—ZSk} cA (6)
k=0
(iv) PUERAN, 7553
5, S At=12.. . N—1 (7)
7T:(517627"-751\7—1) (8)

(v) WEIM (D, d: TN ZNFEEOMEREL L LHE)

pa=P{D=d},d=0,1,2,... (9)



(vi) HERHER (7 =2)

0 if so+a < sy <M orsj>a
So
Zpd if0<sy<sp+a<Msy=a
d=0

p(56|507a) = § Pso+a—s), if 0 < 86 <sp+a< M,S6 %CL

Z pa ifso+a< M,sp=0,a>0

1 if sop+a<M,s;=0,a=0
(vii) HERERER (1 >3, m =37 58k +a, m' =m— 3] o s})

p((sé)aslla"'?S;—Z)|(807$17'--787' 2) CL)
(0 Y Dsra< Yias <M,
or (s._3> s;_o for some 7) or s,._5 > a

T—4
or k03k>0372>873f0rsome7')

T3 1
or ke 08k>0,a>87_2>

Zpd o<y, _ Osk P 08k+a<M

= { d=0
80—81,..., St s =S8:_9,5 _o9=ua
T—2
Dm/ if 0< > - OSkSZk:OSk+a§M7
SO F S1Or ... OrS-_q#S_g0rs,_5#a
oo
Zpd 1fz;:osk+a§M>Z£: L =0,>_ 1Sk+a>0
d=m 2 2 2
. T— T— T—
(1 if > p—oskta< My o8, =0, —ysk+a=0

(viil) BIERINRE (b: BAG247= D UN2S)

m—1 o)
= bdpa+bm ) p
d=0 d=m
(ix) FEFE (c1: FEEFEHE, co: HAIHL D ZBHIFETFE)

Ola) = c1+ca ifa>0
0 ifa=0
(x) FERRMRETE (c3: WA 72 D (ERRAT2E)

H(m) = csm

(xi) HIRHBERRE (00 BN 7- D HERE)

so—1

Z cy max{sg — d,0}pg + c450 Z Pd

dSO

(10)

(12)

(13)

(14)

(15)



(xii) FREHBEIEL
ri((s0,81,-..,8r—2),a) = F(m)—0(a) —H(m) —W(so), t =1,2,...,N—1 (16)

(xiii) ARHATEE fififiE

TN(SOa S1y--- 737'—2) = 9(807317 s 787'—2)7 t=N (17)
H iRk %
N—-1
Vi (8) =E" | > re(Sp, A) +rn(Sw) [So =s|,s €S (18)
t=1

Y35, ZIT, vi(s) ZOHAIREE s THER m it - /e & & OHARERINAN, Thyp ZHEED
JLATHREEL L, S, Ay BENENL 128 2IRE, [TEOMELHZRT. %
7o, IE{CREZ

maximize vy (S0, 81, -5 Sr—2)

subject to 7 € Ilyp

€35,

3.2 RtFEMBLLTOENEL
(i) ARKEES

S= {(t7807817"'787’—2) |t6{17277N}7N<OO7

T—2
OSZSkSM,SO,Sl,---,ST_QGN} (19)
k=0
(ii) ARITEIRS
A=1{0,1,2,..., M} (20)
T—2
Also s1misrn) = {0, 1,2,..., M — Zsk} cA (21)
k=0

(i) HEFSHER
TD BT, HBHERINCFICROREE S I 21— a ik > THNT 5.
(iv) INZ& (b: EAATY7 DINEE, d: BE, m =312 sk +a)

F(m) = bmin{m, d} (22)



(v) FER (c1: BEEFREHE, cor BALHLDZEFETH)

Ola) = c1 + caa Tfa>0 (23)
0 ifa=0

(vi) TERERETTR (ca: BAMTX 72 D (EREIRETY)
H(m) = csm (24)
(vil) BEZRHE (cq: HAIH72 D BEERE, d FE)
W (s0) = ¢4 max{sy — d, 0} (25)

(viii) ¥RENBEEL
TD ¥ T3, BEEFY I 2L —YayilkoTHEBIZN S, Z oMM HERET
RV TEIZBALGEICRFLT 4 BRET 5.

r((t,50,81,---,87—2),a) = F(m) — O(a) — H(m) — W (sp) (26)
HEVEI R %
V7(s) =E" Zrt(st,AtHSo:S ,Vse S (27)
t=1

9%, TIT, V7(s) ZWHIRAE s THER m 1Tt - 7z & T DHIRREAI, TIs Z2EH TR
REEL, S, A 3ERZNRA ¢ 2B 208, 178, RMoRERzERT. £, K
AR %

maximize V7 (t,S0,51,...,87_2)

subject to 7 € llg

95,

4 PEERRICLD TD ZEOREDOLR

BEERZTV, BLPEMEN <L a 7RERME L FREOFERNE LN 2 2 RGEEE 1T
5. Fie, BRBFHEHER T A —RITOWT, FETOIREME, RETEMHE»S L
DG EDTEYID LIRS 5.

ZIZTIE, UTORTI X=X 2T 5.

(1) REMM =3
(2) BEAE M =10
(3) AIRIARM N =10



(4) BNY72D IS b= 10

(5) EEFTE 1 =4

(6) BARIY/z D BENFEIEE cp = 2

(7) B Y47 DIEHREE 3 =2

(8) BN X7 b BEEE ¢y = 2

(9) HERAATRERATENCX 3 2RI LT 4 —1000
(10) AIAEJEMHE g(s0,51) =0
(11) BEE N =1 DRT Y U HHITHES.

¥EHE o = 0.01 D Q-Learning T, 100000 =&Y — F¥H L. [TEHERICIE e-Greedy
ZHW, =001 2 Lz TERERD SR LTHWS e-Greedy 1, [0, 1] O—RRELEE 5
AXH, e EROMEIBRADITEZES (FIH), ¢ Rk 7Y X AATEHEZER (I
R) LWIHKRTHS. [TEMMMEICEE LT Greedy 2ATEIG IR ¥ RFTARICHA 2 AlREMED B
3728, —EDER e T VR LIATHE RN, MOMEHERT 3.

BonlzAReMEO—HER 1ITRT. 2D E MDP TR o5N-HETRIZE 2
DEIHKR-TWVWS. 100000 =Y — FRRTIE, HRIZ—HLTWED, T2 &4
EIZIER > TVWARWI LA HERTE 3.

# 1 Q-Learning TS 51 2 /5K & HIRFRMA £ 2 MDP 2 6145 0 5 hnatid /53 & T EAl
RIE AFE) A (SRR t=10RE T8 ifE (GHHFHREA)

(1,0,0) 2 1.199 (0, 0) 2 4.651
(1,0,1) 0 4.378 (0, 1) 0 9.014
(1,0,2) 0 5.076 (0, 2) 0 10.066
(1,0,3) 0 4.551 (0, 3) 0 8.054
(1,0,4) 0 0.805 (0, 4) 0 4.064
(1,0,5) 0 ~4.570 (0, 5) 0 -1.043
(1,0,6) 0 -10.494 (0, 6) 0 -6.695
(1,0,7) 0 -13.815 (0, 7) 0 ~12.579
(1,0,8) 0 -20.736 (0, 8) 0 ~18.544
(1,0,9) 0 -25.877 (0, 9) 0 -24.533
(1,0,10) 0 -33.609 (0, 10) 0 -30.531

TR 2 R% =20, FEPTOMEDEZLE T 2. EE A TR, 1782 A oE
RL, HREAARERITENCRI LT 4 2k, FEB TR, T2 A, o) P DI
RU, HERAATRERATENGEIIN R WD RF LT 1 3.

4% A @ Q-Learning (e = 0.01), SARSA (e = 0.01) T, 1000000 -t — F*~#E L



AEREX 3 IORT. EREFEEFD 1 Y — R ORESHMEORAEFEER
L, ARIFIREE (1,0,0) KBTI 2%EHFD 1 vy — FZr OREMEEZRT. K4, K
5, K6 dFkRT, £hZznEE A O Q-Learning (e = 1), SARSA (e = 0.01), £E% B
@ Q-Learning (e = 0.01), SARSA (e = 0.01), 5% B @ Q-Learning (e = 1), SARSA
(e=0.01) D ZDOFRERT.

FEE A DA, SARSA TIREEHORPCMELBDICEL 5. HELE O EE CTHA
LTWBZens, FELLRFAT 4 DEUNIHEEL TOWRWATREENE R oh 5. HiE
B o5&, EHE A THLN SARSA TOMEDED 7% <, BBEflifE 4.651 123E W E%
BloTW3. i A, FEBICHEL T Q-Learning 1% € = 1 DIFA IR T = B IE{H{E
ZEBATMEIEML TS, e=1XDde=001lDIESHIDETFTIMIHLTWVWS FE
Z6ib.

- Q-Learning . —— Q-Learning
© SARSA . . 5 —— SARSA
104 Zas :
44
8
o
5 34
g 61 g
o
£ Y
g4 L ”
24
04
0 -1
0:0 O:Z 0:4 0:6 0:8 1:0 O.IO 012 014 O:G 018 1:0
Episode le6 Episode le6
3 H# A, Q-Learning (e = 0.01), SARSA (e = 0.01): IKEEFTEIifIE D f5e K HEHr
B (5, HRAE (1,0,0) OIRBEAE (49)
5 #asm

JEHEAEE O BB D WT, MDP (b FE w5 Zo08E D & E AL & 1l
EEEATV, IREITENMER & 205 TD #2F B 2 8FEDEE L. EETHELN
ZARBEAM I Z MDP DIt 2 REEME IO DD, [NHIZIEE > TVWARWI b o
7. FERRPEEHOTEBRINGTEDART X — X R DEMFIC X - TiE, RBEMEDEE S
Z %, FRHOBHCMEIEACHL L 2 & Y REMEOHEDL SRS 2HELH L. TD):
B, HEEFROITHRERZ COREICRESEDL D % 2 LI & » THYIRZEE I TbhTnin
A[REMED D 5.
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Maximum Change in Q

1.0

0.8

Maximum Change in Q

0.2

0.0

Q-Learning
SARSA

0.0 0.2

0.4 0.6 0.8 1.0

Episode le6

Value

4 5% A, Q-Learning (e = 1), SARSA (e
(%5), IREE (1,0,0) OIRREMMHAE (£5)

0.6

0.4 4

Q-Learning
SARSA

0.0 0.2

0.4 0.6 0.8 1.0
Episode le6

Value

—— Q-Learning
—— SARSA

0.0 0.2 0.4 0.6 0.8 1.0
Episode 1le6

= 0.01): IRAESTENMMiE D e K EH i

—— Q-Learning
—— SARSA

0.0 0.2 0.4 0.6 0.8 1.0
Episode 1le6

5 5% B, Q-Learning (e = 0.01), SARSA (e = 0.01): JIREEATEIME O K HHT &
(f5), IKEE (1,0,0) DIRREMME (£7)

HEE LT, #EUEEnTbivkd o il RREMEIES 5 2 &, FFERE OO
DI T EFICOWTHRET 3 Z e BT o 3.



+ Q-Learning —— Q-Learning
1.0 1 - SARSA | —— SARSA

0.8 1

0.6 -

Maximum Change in Q

0.2 1

0.0

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Episode le6 Episode le6

6 % B, Q-Learning (e = 1), SARSA (e = 0.01): JREETTHIfM i oD f A B i &=
(7£), JIREE (1,0,0) DIRREMIME (F7)
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