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Abstract: This paper describes a go algorithm based on deep learning and playout. The algorithm runs on a

small resource environment which consists of one CPU and one GPU. The best next move can be obtained by

using a Value-Monte-Carlo tree search method. It is one of the best-first search methods. The proposed method

omits the process of tree policy which has been proposed by AlphaGo. Instead of tree policy, the method adds

the top 20 candidates with the highest probability in synchronization with SL policy network as leaves of the

node when expanding a leaf node. The win/loss function according to the rollout policy advocated by AlphaGo

is substituted by playout, which is commonly used in ordinary Monte-Carlo tree search. As a node evaluation

value, not an ordinary UCB1 value but an action value advocated by AlphaGo is adopted. Numerical experiments

confirmed the statistical significance of the proposed method and clarified both the best mixing parameter value

and the node expansion threshold.
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N—FiZ&BMR[E U7,

F 3D IBBTONBFERZSHEIZ. 1 [HHK%Z Ray vs.

*1 Fuego https://sourceforge.net/projects/fuego/
*2 Pachi http://pachi.or.cz/

*3 GNU Go http://www.gnu.org/software/gnugo/

*4 GoGui https://sourceforge.net/projects/gogui/
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KIMYULVMICEDHETY IV D 9 BBETOMS (JiF (B) »5 A7 500 fFOBEM L BER)

5T (B) B (W) Ray (W) Fuego (W) Pachi (W) GNU Go (W)
Ray (B) — 399 [ 101 BX (79.8%) 383 B 117 Bt (76.6%) 476 15 24 B (95.2%)
Fuego (B) | 244 B 256 X (48.8%) — 328 ik 172 X (65.6%) 486 % 12 B (97.2%)
Pachi (B) | 158 ¥ 342 X (31.6%) 246 5 254 H (49.2%) — 496 5 4 W (99.2%)
GNU Go (B) | 15 #5485 B ( 3.0%) 24 15 476 B ( 4.8%) 32 B 468 B ( 6.4%) —
a4 F—FAVIARICEDHETY I VD 19 BBETOM)) (J&F (B) » 5 A7 500 JHDREH L BR)
5T (B) BFW) Ray (W) Fuego (W) Pachi (W) GNU Go (W)
Ray (B) — 465 55 35 K (93.0%) 486 [ 14 B (97.2%) —
Fuego (B) | 40 ¥ 460 X (8.0%) — 415 J% 85 X (83.0%)
Pachi (B) | 11 ¥ 489 i (2.2%) — 437 5 63 B (87.4%)
GNU Go (B) — 81 15 419 BX (16.2%) 66 M 434 BX (13.2%) —

Model accuracy

—— training

0.53 4 test

0.52

0.51 1

Accuracy

0.49

0.48 4

0.47

T T T T T T T
[ 1 2 3 4 5 6
Epoch

3 SL Policy Network DB

Pachi & Fuego vs. GNU Go TH#X &, ThZhDEH
[+ T Ray vs. Fuego Z ¥k & U/, 1 EIHED R L
T Pachi vs. GNU Go ® 3 fiiE® FEhE L 7z, 19 i
TRONEBREBRER AT DD, BRIK KK
Rk, JaFh 5 A7z 500 ORI, SEHR L TW5, 19
BEETEMNIE 9 B L M U T Ray > Fuego > Pachi >
GNU Go DlEE Y, Ray DIEBETH o 7=,

U EDFERNSIRET VTV XL TH D Cygo DHLITH
ENIE AT %2 Ray OAIZIRAE LU 72, Ray DMIZIRE
U 7= i RO B I35 RN & fif 3 2 2D TH 5,

62 FEFBOERER

BT F 3 D SL Policy Network T U 7z 57— #
PNT A—2%, MR 59,976, BEEEK 94,731,144, T
Ry 287, I=2NXVF 16 THdD, *v b7 — Ul
1% conv2d_1_input, conv2d_1~13, flatten_1, bias_1, activa-
tion-1 £ &>TWa, ZHEIH 10 H 3R 12 02> T
BoONFEMBEM 3ITRT, mEMEEIL 52.3%TH >
2o BEREDOFEZH 52%DMHRTHEMTEE 1Y hT—
IR TE L2 EKT 5,

Model accuracy

—— training
gy e
0.5 4 test i eyt
2] T
I
0.4 1 .,..r'"
o
’
i
i
4

Zo3 it
[l
5
3
g (

0.2 ]

|
0.1+ J
0.0+ T T T T T T
0 20 40 60 80 100

Epoch

4 Value Network DZE#:

#1623 D RL Policy Network D v k7 — 7 fii&ld
SL Policy Network £ [RIUTH B, FHHLZ/8T A =KL,
save-every=10, game-batch=10, iterations=6000, record-
every=1 THh b, HIOIHEOHHIEAIZIX, SL Policy Net-
work 2> THLNARE TR Y 70 HDF5 7 A —
<Y MERD weight 2 AU 7z, @ALFEITEL 7R
%20 H 10 B[ 10 B TH - 72, BALFHED weight %
ffi> T Ray &5F 250 M. #F 250 K. EF 500 & % A3
X7z, RERIE 142 B 358 Bt Ray ICEITHEL Tz,

e R LA B E & U CTHEBE 9 D Value Network %
CNN (Convolutional Neural Network : HAAA= 21—
NExw hNTU—2) TEEIE~Z, CNNILEZXET—X
v M DOERIZIEFEE B A SL/RL Policy Network % {ii
MU, FEU 2T =81y MIE 194,122 ., B
T 1,552,976 {1 CT& %, Value Network D% v k7 —2
& 1% conv2d_1_input, conv2d_1~13, flatten_1, dense_1,
dense 2 £ 2> TW%, CNN D/NT A —R Iy FH A
A 16, =NV F 16, THRY 7100 2L THD, T
ARy 7% 100 £ THIZEZBEAOV & DIk, SL Policy
Network & [bE U CTEBMHEIEAH 60 2D 1 DR NET
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BREZEHE VAT MIEISHEETILVTY XA

HD, FHEER1H 14 W 23 22> TE L N8 HE
BeM4ITRT, EEEIZ514A%TH o7z, ZHITEHE
SEEREELE U CTHER 51N BT X 2 L 2 BKR LT3

6-3 IREZEOD I9BRBETORBHER

SL Policy Network & Value Network D% % #4 CNN
DEAMRHH HDF5 R TR OLNAZDT, ZhbH 2 D0DEHE
AEMHEH U7 Cygo & Ray = HEDSH X 72, I I 1P
EBREFEL 6 HETH 5B, & (3) DEI Cpuer DIl 5 &
U7z, 56T 250 F. #F 250 &, & 500 J& % gogui-twogtp
Téﬁﬁ%*ﬁtoﬂEiﬂﬁﬁ%%ot@ BFEAKRTHE

1927V 4179 MNIETART 6000 18— U7z, TAfiSE
ﬁf®7V47WFﬁi%mT%otW\ﬁ%»%?é
FAT R ET D 72 DI ARFEERTIE 6000 AL 72, K&
B 1000 25 500 12 K72 D€ EiTREROHIHI B ERAD
HEHTHD, REED Cygo MWETHFOHIME TEET
EITWARWZD, Ray L DB TIE T VAT U MRKDAT
NFEMEEHESRT S Z &L U7z, Cygo »Y Cython %ffi>T
EmEfLE K-> T3 23V A, Python R— A TORFED
728, CH++THEEI N Ray ICIFFEITEE T RIER W,
TV 7Y MNEID ERTAFEEEEODODRE—MTH B,

Cygo I3 1CPU & 1GPU 75 4 2 D EJHEIE F CHIfES
X 5B% L7, CPU 70t ZEUIEEMRIZ IS X B 72,
19 BEED KN FFER T, BEOZEM%2EE LT CPU 7
o Af%E 2 U7,

FEERTRODDZARENT A—=RIIKATHIE2DOTH 5,
O & DIFREIED Cygo TS il Z&2 Mixing /37 XA — 4
N ORETHY, 500138 ) — N & BT 2 HIE
DEME ny,, DHEETHD, INHZEAH, /—RE
BIBME L MR L EHDDT, FEINAZ,

J — RBBABE nen % 20 IZEE LT X OfE % Kl
0.3~0.8 QHIFHT 0.1 T &IZE(LIE/2EED Cygo DI
BeBRE2 IOy 285 21874, RIsHETI 7N
W 500 DS HD Cygo DT H Y. Tk EkftllT
R, NS S 7IRBRTHY ., AW CRERT 5,
M =07D&E, Cygo DA 343 THRALARY, TOD
& XDERIL 68.6%TH -7,

BEAETHED Ray LHEEED Cygo DWGH THAIZZED
HEPENEHET B DI IHREEFT> 2, 4. /K
KEi%E Th =03 0Dk X, Ray LIEED Cygo THAID
FEARV] LU, WYAREE A=030D2 %, 2 DDFE
THODOEIHSZ ] L5, RERKHNELT D LKEL
<. ﬁﬁm%5%ﬁ@i%ﬁ5opmﬁﬁ%mﬁa(ooa
i o lE, REAKGUIEA X, MLKBAERIRS
éoOiU@M%%I%TAzOB@&%\%ﬁiﬁRW
DS & REE Cygo DMNIZERH D, VR D, AD
fEDS 0.4 ~0.8 IZDWTE [FARED ZIHRE %17 - 7=,

BKHE 5% (a = 0.05) TR % FIC ZIHME 2 7 -
FAERMNK S THD, MAOHNIZ TENHDLIEE R
BV EWHIRERIZBES7ZDIFEAN=05DEETH-o /7,
Mixing /3 A —Z DfEH 0.6 < A < 0.8 THHUE, HEK

350

———: Winning rate

250 300

200

40
Winning rate (%)

Number of wins per 500 games
150

100

0.3 0.4 0.5 0.6 0.7 0.8
Mixing parameter A

5 J — NEBABIME nep,- % 20 (IZEE U 72 Cygo DRSE L R

350

———:Winning rate

330 340
T T 1
66 67 68
Winning rate (%)

320

Number of wins per 500 games
T
65

I
64

310

10 15 20 25 30
Node expansion threshold

6 Mixing /8T A—4& X\ % 0.7 \Z[EE U7z Cygo DBSE &L %

5% DH LT, Cygo DI L Ray DN TENH B,
EWVWzDB, REBERNENSZDIIAN=0TDLET, Z
DEEDOPBEIZER.6%THo/, Badhd, A<05T
Cygo DA OMEFHIEEMIEIHEEL U, 0.4 BUF Tld Ray
WZHH SN TE 2 Z e EMEIICEHO e R o 77,

WIZ, Mixing /89 A—& % X\ =07 ZEELT, /—
R R BARAME nep,, % BElH 10 ~ 30 ORT 5 ZAICE/L X
723540 Cygo DS EZ 70y v M6IlR>, A
HKHE 5% (o= 0.05) CIEMERITo-FERMNE 6 T
H2, ) — REFHBIE ney, ICBRAUE 10~30 DI THH
I Cygo DFEFIHNAE BB A TS LI LIlR D, K6 %
s S HIWr g UL 68.6% D R LR, TDLED ) —
REBHBME X 20 TH > 7=,

7. BbYIC

RocAlphaGo 234232 3 DDEEEE L Ray D /L
17D NEMAGOEZFHET VT AAZREL -,
BEERICEVIREETH S Cygo DI 2B S0
U7z, Cygo & Ray D7 LA 70 M« %EFIZ 6000 & L.
Cygo @/ — RIEBIRME % 20, Mixing /3T A —& % 0.7 12
F25&, Cygo D Ray (2T DHERIL 68.6%TIkKE R >
oo THUIR A=V AT 4w IR AN Ray DT L
177 MR TIRE L 72 Value-MCTS THRIIZHEHE
UTWAIHTE H 5,

PRZEWED Cygo WK S BHES N H D, ETICETD
FHERMETHD, Mixing /87 A= X =0.7. /—RE
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#5 /J— NEHBME np,- & 20 ICEE UL 7ZE D Cygo O

A | win lose | win-rate (%) | p-value  confidence interval p-value < «
0.3 | 117 383 234 € 0.198 - 0.274 Yes
04 | 172 328 34.4 2.785e-12 0.302 - 0.387 Yes
0.5 | 231 269 46.2 0.098 0.418 — 0.507 No
0.6 | 277 223 55.4 0.018 0.509 — 0.598 Yes
0.7 | 343 157 68.6 € 0.643 — 0.726 Yes
0.8 | 327 173 65.4 5.331e-12 0.610 — 0.696 Yes

€ is less than 2.200e-16.

#£ 6 Mixing /ST A—& X\ % 0.7 \IZEE L 72 & FD Cygo DN

N | win  lose | win-rate (%) | p-value  confidence interval p-value < «
10 | 330 170 66.0 7.408e-13 0.617 - 0.701 Yes
15 332 168 66.4 1.902e-13 0.621 — 0.705 Yes
20 | 343 157 68.6 € 0.643 — 0.726 Yes
25 320 180 64.0 3.940e-10 0.596 — 0.682 Yes
30 | 324 176 64.8 3.548e-11 0.604 — 0.690 Yes

BB ngpr = 200 LA 7D RE6000 & WD MR T
W 150 [ 72 1) Ray &I 2 &, 1 A4 Y DEHT
Cygo I 4038.0sec (#9 1 #fH 7 43 18 ) %IHE L T\ /=,
— 1D Ray 1% 267.8sec ($9 4 4 28 #) DFFHRRI U A4
#HL TN, Cygo WMEHT S CPU YOt A%
TIANRD 255 8 £THPLTH, HEMTFT Cygo
DOHEREF DY 2719.1sec (45 2 19 ) FTU»
G CE Mo/, —F. Ray OFEHERMIK 255.3sec
ERERIINDT, TOT NG 1 FOEHIZET B FHHRF
DKM Z Z NS HDOBRDMETH 5,

Cl
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