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Deep Learning for Positional Evaluation Function of Shogi

YUSUKE WADA™ HARUKAZU IGARASHI™

Abstract: Deep Learning has been proved to be very effective in computer Go and was applied to learn positional evaluation
functions in computer chess. Deep Pink and Giraffe are ones of such examples. Deep Pink used supervised learning whose input
are bit data representing piece positions. Giraffe used reinforcement learning whose input are characteristics extracted from piece
positions. In this paper, we applied the two kinds of learning methods to computer shogi and report the results of our
experiments.
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Figure 3 Feature representations of Giraffe
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Figure 7 DNN model of Giraffe applied to Shogi
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£

i [ e
l—@ %
s [0

(Zi#
)

LI LRRS, FEEOT 07T b PELIEICEHHT 2
FreZ iz, Zhid, TBRUEOREDOFEEN A+

a) 28 F— At 16 fiz. Bonanza 6.0 o AR %k % Fl I .

- 247 -



The 22nd Game Programming Workshop 2017

ThdZ e, ANBOE Y MITEOMIENSE LT
WRNWZ ERNRREEEEZOND. £, PO A
R 2B L, BOWBRREMTARNWZ IO ERARS 5
EEZOLND. INLOMEITIE, BAiE L THW DRLEE
RO L CRBEARFEAZITo> 28, ANEEZ 0L 1Y
v MNICIEZR <, BIOME 2 B L7--1~1 0 FEEKE5
ERWDZ LR, GPU #FIH L CRHmiBI%k 0 35 % &k
THZEBREZLND.

5. Giraffe DEEAXDBERKR

51 FERROME

PHEIZE ] L7z Giraffe 058 % C++THREL, #H
EBREIT o7, AEBRTIE, 7o OREE 62454 /)5
L72#) 700 H/RmmEmn s 7 >4 L 1000 BiEE Y H L,
Giraffe D FIE L FRICEN TN L T T U X MZEDTZ1%IT
12 FOHCHAIT-72. 2 1000 JHHE D H EXAHRIC &
DB EIATL—2a L TB0001 T L—a D
BEITo7-. 7P, RQICBIT2%ER % 1.0, 1% 0.7
L L7

52 BREDOHR

5.1 DFHERICKB T 2BEOHB LK 12 1277, 20
BMEE, QRUCBWT, 2 FoHOHETHESN 1 L
TD AZEDOFE O % 1000 BiEHstHE L, OV %x L o7
HLOTHAH. 1264 T L— g UEOBEME HIiE=E
DAL, FEMTbRZZ 2 BNbnb. LR,
AR REZEITR 007 TR E Y, S5 ARIBAIER LN
Mo,

0.2
0.18
0.16
0.14 -
L 012
£ o1
Y 0.08
0.06
0.04
0.02
0 T T T T T 1
0 1000 2000 3000 4000 5000 6000
ATL—32 8
M12 A7 L—3a HOBREDOHE
Figure 12 Transition of Error per iteration

5.3 RBEOEHEER

RIEBRTIL 4.4 AR, FEZEOFMEEEH W=7 v 7
T L LR ot R 24TV, HEL L R o 21T
S $EIZ 1L ALy Fo 1 F 10 BT 100 BTV, 5 5RIT

© 2017 Information Processing Society of Japan

FERBOT BT T AN 35% MR L7-[b]. K 13 xR
BN RED 1% RT. EFRFEEDO T 07T N, 1%
FOEHEL I TH D, FHETIE, Deep Pink »FE 5
ERHEICHEA L2 SGE L By, el tox R THET
L EIREMRICRGT, BiIChEEFVLE VST EE L
WO EE A TR Lz, £, FHBRTORBERRENE

&

bl otz UL, X6 ORHEEEIC B E A I X 72 2h
RizkEZDNS.
117 7 I~ 5 3
£ 2] 3 2 0
2‘ =
2‘\’, =
| Al 1
Z| 2 A 2\ 2| 2] &) |2
fFf%ﬁr) i% % § I
2|

13 “EEBEOXRTHEHNAH D R
Figure 13 A position that appeared in a game of after learning

6. BHYIC

AIFRTIE, avEa—FFcRBITLT4—7T—
=V T EMA U RITI e 2 2 v v e — 2 it~ L7

Deep Pink ®%8 FR(ZHhdH 0 F8) Z2 @A L=
&, I e b L FRRO B2 18 L7223y, g o
FHR CIE Z 72 5 T & & o 7=, Giraffe D223 75k
{EFE) U L7o35E, ENTFE LnwWrREr s
MEOEEIFATHEL, FHBEORBERZEEITR b2
Mmoo,

Aotk, FHEIZEE T L= Deep Pink B HFA T, XV
% < OBGFEE W R 2781 2475 2 &0, Buffifi 23
HRICFE TE ABMEBOTRETI L BLETHS.
FHEIZEH L7z Giraffe O 78 TR, 7= AT RV
WRFEF & W o T H OB M E, BEES R Y U —
JEEERTHI L THFETEDLICTH I LBLE
Thb. £, SHICF = ATBIT 50T
(DeepChess[15]45) & fHLICH A LEBREITH> Z L T, T4
—7 T == IR DT = A LR OE NS L 0 BHfE T
xHLEZD.

b) L IO BRIRER 4y & I E L7z Stockfish 8 ~— 2 O ERIRHR 4y & 13k
RN 725 DT, G BRI L O BEA e LR IZIT /2 o TV RV, HBEF D
BRI D R FTh 5.

- 248 -



The 22nd Game Programming Workshop 2017

PG

[1] Silver, D. et al.. Mastering the game of Go with deep neural
networks and tree search. Nature 529, 2016, p. 484-489.

[2] Bernhardsson, E.. “Deep learning for... chess”,
https://erikbern.com/2014/11/29/deep-learning-for-chess/, 2014.

[3] Lai, M.. Giraffe: Using Deep Reinforcement Learning to Play
Chess. Master’s Thesis, Imperial College London, 2015.

[4] Baxter, J., Tridgell, A., and Weaver, L.. Tdleaf (lambda):
Combining temporal difference learning with game-tree search.
arXiv preprint /9901001, 1999.

[6] MABKR, $aRZE, NATT. =2—J Ny FU—7 %F]
ML7=TD (1) EITEES IHEOFEANLBI % D 85 . GPW2001
AU, 2001, p. 176-178.

[6] TAZE. 3 Ea—2RHCR T 2 KBBloFESEZ HIFL T,
N LR 4258, 2012, p. 443-448.

[7]1 Hoki, K., Kaneko, T.. Large-Scale Optimization for Evaluation
Functions with Minmax Search. Journal of Artificial Intelligence
Research, 49, 2014, p. 527-568.

[8] “Free Internet Chess Server”.
http://www.freechess.org/, (Z i 2017-10-09).

[9] Ahle, T. D.. “Sunfish.”. https://github.com/thomasahle/sunfish, (&
I 2017-10-09).

[10] “Home - Stockfish - Open Source Chess Engine”.
https://stockfishchess.org/, (i 2017-10-09).

[11] Corbit, D., Swaminathan. “Strategic Test Suite”.
https://sites.google.com/site/strategictestsuite/, (ZxH2 2017-10-09).

[12] “CCRL (Computer Chess Rating Lists)”.
http://www.computerchess.org.uk/ccrl/, (Z:f& 2017-10-09).

[13] HATPES . Rty 7 N THs) .
https://github.com/gikou-official/Gikou, (i 2017-10-09).

[14] Fomf&fl. DR I &g
http://denou.jp/tournament2015/img/PR/ShibauraShogiJr.pdf, (=
I 2017-10-09)

[15] David, O. E., Netanyahu, N., and Wolf, L.. DeepChess.
End-to-End Deep Neural Network for Automatic Learning in
Chess. ICANN 2016, 2016, p. 88-96.

© 2017 Information Processing Society of Japan -249 -





