The 24th Game Programming Workshop 2019

EIRDL & D EZHWE AlphaZero DFEDRAE
hEH K1Y &7 HLE2P)

¥E : AlphaZero [ZF—DT7 IV TV XA THEN LA VY EERTESDZ 28, Fo A, TUTHED
3ODT—LDENETNTHRLUZ., LML AlphaZero DFiLlE, YO S50VDFEETEDL HWViE A&
MR E RPN T2 Z I3 L <, LA Y 23 ICIEERIVIZT D UAARW. ARiTik
AlphaZero D FETHER 2T 5222 —I N3y N7 —INEDREELVWVHNZ L T\Wd 0%, §TIC
SEREFINZT—LTHEZEDIRDODUL LD EEHNT, TR UELZ. 2855
RKEID=Za—FN3Y M= EZHCTERZT, —a2a—F N3V NI—IDREXIZLDHEEL
WELZ., ILICEL2MMEREHOCAERMH Y FEHEITY, Z2a—IF VWXV NT—TJDRKEIZTDE
DI & BDMHEILIRE 1T > /2. W &I AlphaZero M8 U FREDBIZHWT WA HEET IV T AL TH D
Monte-Carlo Tree Search (ZDWT, TDNAINN—=INF A —RIZLBE N2 HBIZFHAETEL /2. EEBROMER,
B ) ZFEOEGEIIEREV=a—F IRy T =T IFE XWERETH D — T, AlphaZero DFET
FAVSEIZIIBTLE TS TRV £ %2R_ U7z, £72 Monte-Carlo Tree Search DA /8—/8F A —&
&> THROEHNKEILEDLDE 2R

A Survey on AlphaZero Algorithm through Dobutsu Shogi

TaicHI NAKAYASHIKIY'®  ToMOYUKI KANEKO?:P)

Abstract: AlphaZero succeeded to make a strong player with its alrogithm on each game of Shogi (Japanese
chess), Chess and Go. However, it is a hard work to analyze the relationship between learning amount and
strength of AlphaZero theoretically, so experiments are needed to measure its strength. In this paper, we
investigate performance of neural networks which trained in AlphaZero algorithm via Dobutsu Shogi that
has already solved, comparing solved data. We trained neural networks of different sizes and compare them.
Then we conduct supervised learning on neural networks of several sizes with solved data and compare the
difference among them. Finally, using Monte-Carlo Tree Search that is used when AlphaZero decides the next
move, we investigate effects of its hyper parameter. As a result, we found that larger neural networks have
better performance in supervised learning of our experiments. On the other hand, larger neural networks
can be worse in AlphaZero algorithm. Subsequently, we found that the hyper parameter is not negligible for
its behavior.
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Fig. 1 Overview of neural networks
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Fig. 2 Four steps of MCTS. Dotted line denotes leaf nodes that are not evaluated yet.

K1 E53DL &5 FDHOH;MNL S

Table 1 Movements of each piece

L] JilA

0&Z =

TUA E H R, E

z>5 £k AHF, BT, £k

44y &, ALk, A, AF, F, EF, £ EL

Zhey Lk, ALk, A, N, £, Kl

LLTHEHZTY. R (2 o0 ABER/IMET S LD 12
Za—=INhAY NI = DFEELTS.

1(0) = (2 —v)* — 7" logp + cl|0]|? (2)

ZITOWR=Za—FNVAY NT—=TDINTA—RERT.
clFZ L2 IFR{LDINT A—=ZTHY, 107* Z2HN 5.

2.2 ESXDL & D EDELME

ED2RD2L&DFLE, REMORET —LD—FETH
5. BERNGZN—IVIIARGHEIZFE A LR UEDR, HWd
PO K I XD 4 x 3 /N, BOFES 5 ML D
B> TWd, sEEHONIZOLZ, SVA, T5, F
AxY, IZhe)ThY, OXZIFMEFMIZIT<Z LT,
IZHhEDIZRBZENTES. HHREIN3I THD. £
NENOBFNEER 1 DL 121 v AZITFEL.

EDRDU & 5 FIHHLY 5 DAREEDD 7 < SE2 i 3
NTHY, YIRS BEA R 2 RIS 246 803 167
FETHY, MHHBETIREBEFEHRLTHD ZLAMENT
W5 [4].

3. BERF&%
Elo V=74 V72L& T LA YOMRIOFMTIE, s

© 2019 Information Processing Society of Japan

R & | Z

| 7| &

B3 ¥2382UL&2 FOUMRE. [0, T¥), I€), 15 &%
NTNO&Z, VA, TS, I4AVERT. FEOY AR
ST, REOYAIETEERT.

Fig. 3 The initial position of Dobutu Shogi.
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Table 2 Features of each channel
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Table 3 The structure of neural networks
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Table 4 The structure of residual block

A1 [256,4, 3]
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Fig. 4 Accuracy on neural networks with different number of

residual blocks (supervised learning)
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Fig. 5 Accuracy on neural networks with different number of

residual blocks (AlphaZero algorithm)
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7 DFZEOBIZIEH 80000 HFEMER X 4, FH RIS
A5 HTH27~. FE1A4TL—yarvdb-DIZERIN
LIEEOBIL, TD2DOD=a—F )3y NT—7DMT
FREEDLLRMD /-,

FHROOAZK A1ITRTY. EA2FEITES vIEm

-92 .-

10

—— ResNet 3
ResNet 3 (No Dirichlet)
R e e SRR S (CLLLL ResNet 5

loss

le5 2e5 3e5 4e5 5e5 6e5  7e5
iteration

Al FEEODA

—— ResNet 3
0.751 ResNet 3 (No Dirichlet)
------ ResNet 5

—-0.254 -+

—0.501

—0.751

-1.00 T T T T T T T
le5 2e5 3e5 4e5 5e5 6e5 7e5
iteration

A2 IR TO Value D1

D Value DH I DEZE X A-2 1ZRT.
A.2 MCTS TORmEFHmD /Ny FaUiZ

MCTS TliZ Virtual loss [7] # T 32 JATH = — 122
RU, ThEFeHT=a—I)3xy NT—T THli L 7=.

Virtual loss I MCTS % i 5i{k U 7zB%IZ, MCTS D:#ER
DATY TTHHAIND FETHD. EHEAL Y RWFERE
WGERDATY T2 EFTTHE, BUERME, —RIZkLEY
BFOTULEWEBKER>TLES. ThEEMT S0,
DALY RIEIRO ATy TTEAE ) — R %, =
MTONDET, 1 ALY RIZDE 1 EEATZEARTL
WO FIETHB.

AW TIIEHALV Y NTERZ2TODTIR AL, B—2
Ly RTERETIIDEROATY 7% 1 EIZ 32 [\fTWV,
R2MEDK /) — R2LHIFEL Uz, BBEIDEET
L GPUILED =2 =T 3y T =T DEGFHNY FAL
S5 R WA Dl s RAN =B Y | AR A
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A.3 Dirichlet / 1 XDFE

AlphaZero TlZH CR#kIZ & > THE S NS MG LR
%5 23728, Policy ®H JJiZ Dirichlet / ¥ A% M A T
W5, AT AlphaZero DF{£ T Dirichlet / 1 A% f
WRWEB BT, ZD) A Rk BERERHELZ. K
5, KA1, MA2ITHERERT.

X 5 25 EZEFIZE U Tl Dirichlet / f A% W/ E
DEEBETHD. UL, O AW Dirichlet / 1 A% A
W2EDEERNIWHIZZZ>TEY, FAYFEETO
Value O H B3 EFHED OFHIIZEDNT WS Z & 235
%. Z & Dirichlet / 1 XMz [A] UALEYS % £k 9
2 ENHR, BEEERLILTVWDIEEZILND. TD
T2 D5 B HIZ¥E % Fel) 72BRIZ Dirichlet / 1 X% W
2EDIZHAEENBLS R I ENEZLND.
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