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Application of the policy gradient method to 2048
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Abstract: This paper studies the effectiveness of policy gradient methods on a stochastic game 2048. Re-
inforcement learning is a method in which an agent learns an optimal policy through trial and error in a
given environment. There are mainly two ways in reinforcement learning to find an optimal policy: one is
by learning state or action value functions, and the other is by directly improving its policy according to
the policy gradient theorem. In 2048, the high scores achieved by Al agents have been updated mostly with
the former approach since Szubert presented TD-arrersTate learning. In this paper, we show that an
agent can learn its policy by policy gradient method too. Also, games scores have been used
exclusively as the reward to train agents until now. However, we show that the same or better
results can be obtained if the agent is given +1 reward for each step so that an agent prefers

longer episodes more.
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4. Proximal Policy Optimization
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RABERINE - 72 FEF 2R T 7 — X TREDHITS &
WCARIRA—XEZHEFLTLEW, FEROWIEIC ORI B Z
EMHBH. 2 ZTPPOXBEMBEEEZUTO LS ICEET
5 Z e TIORBITHILT 5.

LOYIP(9) = Ey[min(r(0) Ay, clip(r¢(0), 1 — €, 1 4 €) Ay)]
M)

Z 2T r(0) = mola|s)/mo, (arls) THYH, H2I=
Ny FOEEFDITROMET) 79, (ar]s:) EBAEDTTRD
H1 mo(asls;) DEEERLTWS. PPO I DK E L
ZEL7B0 &S ICHINBEEE TRS 2 2 & THER DS
A — R DR B 2B ELE LT TROUE LR 72
FEOMNZHIEL TV,

5. 2048 ICEAT 3 EITHTRLER

INFT2048 ZHMET 2 — 2> b ¥ LTI expec-
timax ZRRPE Y T AN A ARERZE o7 b DR R4 72
MEREINTE] FTHIROIBII L7727 v —F 1% Szu-
bert 57422 L 72 TD-arrerstate F 5 6] THB. Zh
AR AR O X b B OffifE V 2EE L, T8RO
BRI & afterstate DAfifEDGET A3 d K & i TH) % 12
A. Z LT afterstate Offif[Al+: TD &7 2 &/MELT 5
CETRIR—RDEHRZTSTNVITVALTHS. §
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T, 2048 BITEIRICHAT 2H LWETFB I U0Z0D
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H U afterstate s, ICES EFTIHRENTH 272D LD
72 afterstate (BT 2 DIIHANICHE T2 Z L A ATHE
7%%. &oT TD-arrerstars FEIIIREEDIREN 287 %
RABRICHHT 2 e THRIILAET ATV R LTHEEE
5.

BN — 2 DFETH % TD-arrerstare FE DI L7z
DK LT, HRABIEI & - T 2048 DBWEIZKI L 724
BINFETIRL, BELWEEZLN TV LAL IR
Q 8 & TD-arrerstare FH O LA &, 77 REIECZ IRAE
s¢ CATE a TR U TATENER m(ayls,) ZIEL KHEETZ
5E5 P e AEENDELZEEZONS. T
7hb afterstate ZHE R L AR ERGTTHUI XKL, HRE
FLEDO 7 LT Y X LA 2048 IZHE L TVARVWE WS 28T
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PPO %7 5.
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ARHEITIX 2048 12 PPO Z AT 27 DOFHEL LTOD
Afterstate PPO IZDWTEEBHT 4. Afterstate PPO 1d Ac-
tor Critic D7 L—2A7—=2ThH b, RKEEZ AT & LTT
iR 2 13 % Actor IREEDOAMEZF1E 3 % Critic &
FoTW3. Actor ¥ Critic IXW 31D 1 DD afterstate %
R o TZEDRD 7 — OFHifE (preference) ZFHH T2
Za2—IN32Y FT =7 factor & IARERIMEZHEE 32 foritic
ZRoTW3. Actor 135 2K s 26 LTS 4 DDAT
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fctorSup): Laeior Saonan) factor Srignt) SacrarSiend)] UerielSup): SeiieSaown) SecieSigh)» JerioeSrer)]
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MBI

e viS)

2 Afterstate PPO 1281} % Actor & Critic

D softmax # 2 52 TENZNDITE E & DHER
m(up|s), 7(downl|s), w(right|s), w(left|s) %1% 5. Critic ®
Actor XAIL & 512 foritic K& 2 TERZERDHMED af-
terstate DEARFRENZ 3T E L, 223 % Actor 23
T 21TEERCEANIIEEZHE TS Z 2T Ve(s)
PEE T 3. X212 Actor & Critic DEIZIZDOWT/RLT
W3, 2959352 & T afterstate Z I ARFRICHIF L7z Actor
Critic DETVEMPT LI LN TE S,

Actor D% TRE 7 advantage D HEEfHIZIX, PPO
% i 5 355 1T 72 Generalized Advantage Estimate
(GAE) [8] ZH\ 3. GAE &, n-step return Z#t 4 7% n
WZOWT, fIEFFZ2 L o7bDTH 5. Critic 1d 1 R
Ty 7 TDREZRMET 2 LS5 CEH TS, $2bb
Critic & §; = 1y + 7V (s141) — V(s¢) ZEIME L, Actor 1
Ay =0+ (YN0 + -+ (N 2 LT (1)
HIBEABEZRARILT 2 LI X—22EHT 5.

/I E THIRHRME S — 20T L A4 THRET 2R
a7 DT 5 (LU score reward & FER) Z & 23
ot EBE2048 3EmERzEET 2T —240H
BTH 2702 a7 D) %2 IRRC S 2 DIXEARE
AHTHS. LHL 2048 13T —LF —N—=1ZR BT 7 —
L IFE SRR G T2 PRI TE 55— AT
H27-0, RN Z 1 A7y S22+l &35 2e0%
Zbh s, DIEZ % step reward & FERZ 21T L, score
reward ¥ O % FEERIZTRT.

7. ER

ARETIE Afterstate PPO DRES], B P T —I = ¥ MC
5.2 % score reward % step reward 22 CED L S I1THRL 3
P FEEC X DEHiS 5. 7.2 HiTlE Afterstate PPO & Af-
terstate Z {72 PPO (Normal PPO) % HiR$ 5. 7.3 i
Tld reward % score reward ¥ L7238 & step reward & L
72358 T D LR SEATIHSE D TD-arrerstare F8 & After-
state PPO THGEES 5. Zh o % E 2 T 7.4 8Tl reward
1 ATy FZT2IZ+1 & L7FED Afterstate PPO % 10
7 — 2P TERATHES 2. EBCHERLE a s
7 L& https://github. com/shuymst/2048_GPW2021 T
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7.1 Za—Jlxy bT—U DR

ARAFZTHEAT 2 =2 —F %y bV —2 DREEICOWV
TR 3. RBLAELELT 2 ZTOBHEIE Guei & [7] 23
BELZya—T4 V2T LT, 4x4,17F v+
NDIRTCE L T=a—F 3y bV —=2IZANT 5.
Thbb n FBEHOF v FIUITTOBMET 2" HIFIET 5L
B2, 20 AE0 e B L5155, ZZLOEHD
F ¥ 2 E 20 =1 TRZRLITTOMWETREHDNEIZ 123
3D,

HiffiZz PPO (Normal PPO & MEXR) IZREIIRED 5
AFANDOHEREHN T2 =2 —-F 0%y VT =2 % Ac-
tor, IKE&D & IRREMHE % H1 )1 F % Critic Z$#D. Normal
PPO & Afterstate PPO @ Actor Critic D=2 —J /L% v
Y= oERENENK 3, K4\ RTHEDTHS.
7ZLEH D Conv IZBEAAAEEZRL, Hl 21X 3 x 3Q64,
padding=1 ¥ 3H =P A XH33 x 3T 64 F ¥ )b, 2%
TAVIHRLEVWISERTH L. BRI Thzh
DEAAAE L ReLU DFEIZ Batch Normalization Z A
TW5.

7.3 H#iiTlX score reward ¥ step reward O Lg% Sef TR
FED TD-arrerstate FEICBWTHITH . T OEEDOAMHER
Briild =2 -0y bV — 27 3MIEHCHR [4] T
fifF L7 CNN22 28 L 7=
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Normal PPO vs Afterstate PPO (score reward)
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5 score reward T® Normal PPO ¥ Afterstate PPO Ot

Afterstate PPO B X Of TD-arrerstare 225 O EER I #
UL 7 VT Y ZBReNL =T X—RICHT 3
PR ATER Al BRI ATV,

7.2 Normal PPO ¢ Afterstate PPO DLLE

ARHiTlX Normal PPO & Afterstate PPO DHRE % FEig
T5.

score reward ¥ step reward D/ T Normal PPO ¥
Afterstate PPO O3 % 30,000 7 — L1772 o 7245 R % K
5, X 6 12~ T . ERIFEOGRID b R\WT — 28T o¥H
EHETEZENTERP 12720, FEORE L /TS
W HEEHMTE 2 30,000 7 —ATHBU5Z 2L
Foo 7573 —ADRAT (HWEDZTT) L 100
= LT CIFHEiE— R T10 RS LA L FERa 7 (B
WEBDZ S 7)) 2T ay b Lk @EI—Y = Y M Actor
P BHER DI - TITENZ BN T 5 23, FHiti€ —
Tl Actor 235 d mWIERZ H 15 2 K 5 e 78) 2 8IR
5. ZHUI DQN 23121 e-greedy D e % 0 1Z L7
greedy 72 IREETRHMEi 21T 5 O T, ZHIZMWS L Lz X
FEDERBHMERD T Z 71I2OWTHRETH 5.

5 X6 OIRWERE R % & Afterstate PPO 13 score
reward DFE D step reward DIHFEDFE 2 HEDHTED,
20,000 Mz HEMRL TWDB. —J T score reward D
Noraml PPO 12 FEPHEATE ST, step reward D
Normal PPO I3 Z3UTHR2 & D UL¥EEZ L DA R TH
NBM, F—u2 V) 7OHERE S 20,000 &2 IIFEEL E
MLTLE->TWA.
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Normal PPO vs Afterstate PPO (step reward)
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RER 8oy, EERRIFM DD & score reward & DL
BERT ZENTERD o W, IHFICFEEE LTV 25
FORRTENS. RBR 7Y 74 H DK 9 DREWEDHE
X, Aoy — FOBEIFEY (30 [815) TH 5.

BRI TOFE L 2 KO REREITO e TER
o F2 DB TIIEL IOV THIE T 5 2 LIFTERW
A3, step reward TH T FE 2 ED LN E  Ebh b,
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BIRIC step reward TD Afterstate PPO % 100,000 7 —
LI THR A TORKIHEZ{To 72, B — LD A
AT ZED 3T —LTOBEI T2 272277 72K 9
RS, JVIERZVHEETZIZCEER a7 ko
TW3 Z b . EERERROfIF S 100,000 7 — 4
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Afterstate TD(trained with step reward)

60000

50000

40000

30000 4

Game score

20000 4

10000 -

15000 20000 25000 30000

episode

0 5000 10000

8 TD-arterstare learning (235 1F % step reward TD
Ea

® 2 BEORKMEYE ZOREEK

wAME | [
256
512 5
1024 | 31
2048 56
4096 7

TH B Yo 723, FEEHF I T RS ELZ S 7%
TR %.

80000 A

70000 -

60000

50000 4

40000 4

Game Score

30000 A

20000 4

10000 A

40000 60000 80000 100000

episode

20000

9 step reward TD Afterstate PPO(100,000 7 — 2)

HEBOETNTL00 BF — 0% T4 LUEERFEE
26,861.84 ¥ otz 7 — ABHEIOREREDONRZFRKIC
R

FrHE5%BOBREE
AR TS RAEET 2048 ZHRMET 3720 DFiEL L

T Afterstate PPO 2R L ok BtgEEz oz %
ML SHIFEEROHME 1 A7y FZic+1l e d

8.

© 2021 Information Processing Society of Japan

-184-

% step reward THIHEED T — L2 a7 28N & 3 % score
reward ¥ I EOEENTELZ 2R L. IhE
TODHRATIHFICB VT H I % step reward ICEET 572
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F/AERALI TRLTWS X518, AR TIXERRFR O
R S B NE 2 —F Ly N T — 27 TDEER
BiTolz. —RIC=2—F 2y bV =% RKREL TS
FERBENOMEICE > THREZ ENZ2DT, Kb KER
Za—I3y P E2HEVIIERE X DEST e
T Afterstate PPO IZ & o T TD-arrerstare FEHIZ & 35¢
TR OB Z R Z 2A[REMEIE T Icdh b e EZ O 5.

SHRIFEDKRER=2—-F L Fy T =2 TOERS
score reward ¥ step reward ® X b FEAMI D LLER, FIGEARY
EREALEERETVEZVWEEZITVWS., ZHUTE- T
TD-arrerstare 23 ¥ Afterstate PPO D #5872 bLil % 3%
MCTEREEZTVDS. £722048 BV TIFAREEDOR
FRIRIN 2 ¥E15 5 2 /-0 O —BHDITEI & L THEEDZEIRE A
FIES 2 Z o2\, AU REGMZESGETE2 2 00K
BTIEZ L 0BERK 2R OREBO AP RWVIRELZEE R S
N3 XoTzrtut—2F@LAEEEIIOWTHIET
52 HBEBRFENT —< B EZITVWS.
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