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Visualization of Neural Network Inference in the Game of Go

YUSAKU MANDAT3®)  ToMOYUKI KANEKO?4

Abstract: Thanks to the recent increase of computational resources and improvements in the computer
science, several computer players defeated human top level players in the game of Go and Shogi. Particu-
larly, it has been proven that good evaluation functions can be created with deep neural networks for these
games. Deep neural networks are widely used not only in board games but also in many areas including
where decisions should be made with high reliability. In such areas it is required that decisions made by a
deep neural network can be explained and interpretable. In addition to the reliability purpose, it would be
useful to visualize decision process of superhuman deep neural networks for teaching beginners. In this work
we investigate performance of Saliency Map and SmoothGrad in the game of Go. These two methods are for
visualizing “explanations” of deep neural networks for image classification. We also show that the Saliency
Map method can be extended to decisions enhanced by Monte Carlo tree search by considering the process
of the search method. Experimental results showed that the two explaining methods are also effective in the
game of Go and our proposed explaining method can successfully detect coordinates of the game which are
particularly influential to final decisions.
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Fig. 1 Examples of Saliency Maps obtained by the methods described in this article.
Saliency Map for Policy (left), for Value (middle), and for MCTS evaluation

(right).
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Fig. 2 [Illustration of the input for DNNs in Go

AlphaGo Zero & [Efk, ABOHEIIHVWONTE ST,
B -AAOREE ZOBEE, REOFEEZ/FESI/IL
17x19 x 19 @ 3 kckidsl &> Twsb. B 2 TEH D
FEOBEZ, 7 FHi2roHEOARDOREERZEXT L —
v (b, wop,...,b_r,w_7 D16 [E) &, HEDFEEZKRT
TU—V (1) 2RLTWS., FHERT S L—i, B
EDOFREVETHNETARTA 1, AFFETHL 0124
5. AlphaGo Zero iZBWTIZHZ DA - HFEOLDEE
L ZDREE, BEDOFRELVWOIHEEIT> TS,

AlphaGo Zero DXV T W3 MCTS 1 DNN D FEAIZ
Lo THREFHEOFMZITS> DT, XMk (7], 8] TH
WONTWSEIREBICEDE Y Ialb—varvitkoT
i 2475 B D & d LS. MCTS 1281 2 ERDERIC
& PUCT 73V XL (9] OZFA M, JRHE®D policy
network D& TN F TOEERIZ X - TH S Wiz [ HAME
H LITFHliEEZ IR T 5. BRARME TELZEDE W
5, value network (Z & o TR Ui R HEHFFHM X 4v, REHE
¥ T E > T E R/ OFME % 5D value network O
HMEIZ & > THEHFT 5.

2.2 Saliency Map/SmoothGrad

DNN % Wz igeid R E DR — F 7 — L0tz
e BT ONTE Y, TTICEREZDL S DLET
BTN TWS. LA LA S DNN O & 5 ek
ERO TV T XL &K o TR S N HEdhis R OB )
PR LB RTORETH S & TN TWS [10].

GRS R DT BE S A5, 155 Hvrz HEgmRE R
FHH U AND 50 % KD D50 H 5. HedwhsRIZH
B U ATIDO 4% salience (BHEME) LIFC, k%72
LOPREINT WS, FHRERIZHFS U AED 28
BTIBHI LIk, DNN LD FRIFROZY ML H 5%
JEMRGES B EDAREIC 0 5.

XHR 2] TRFPAEKERZ AJTITOWTHT L, DM
FRELD KR E & T salience ZEFZLTWA. LTI IR
DEETOTPHSHREEZZD. ZOTFHEBEIAT 29 BER
LNz &, 57 TR c T U THEM Se(zg) ZEID Y

-
~=

© 2018 Information Processing Society of Japan

-11 -

T3. ZOFHIZEMS U, xo I8 B2WAHRE w %, HE
FERIZNT D 09 DFS LT D, w DRTCIZATTORTT L
U<, 20 PDHZEE 2 OFHIE w® ITHIETE. &
FTIXZDFEIZ L > THELSNZMHFREZE Saliency Map
LEFET 5. Saliency Map (TFIEDEFERIFEA, —IREM
& ARRIEHRBRP AR WO RS A D 5. TRk [2]
TG 2 AR TR U T Saliency Map Z#EHL T\ 5.
H&D DL G, AJIE RGB HETHNIE 3 x wx h D
3YRIEES) & 72 0, Saliency Map DO HIFERS R Uikt e
5. 22T w h THBOHELY 72 VDK THL. 15
517z Saliency Map % H3E Z & OB EIZEMT 57290,
HBHWEBZIZHINT B 3 2D Saliency Map O HIFERD S
BHNEP R KD S D% Z DERDHELL LTW5.

Saliency Map %R L7-F£ & LT SmoothGrad A3
EINTWD [11]. Saliency Map DHEIIZEL 5 & %
fr%ET 572812, SmoothGrad TIXZEDFHLEERD
MBI L TRETEZ2L LTS, HEUEGIZTO S
ro WZIERELE N(0,02) 2 ZNTNOERIINAET S L
THELU, EHL7Z n MOEBRIZDWT Saliency Map D
HhzENTNR/-HLFEH%E L 5 LT SmoothGrad
DHSTE LTV,

3. MCTS DOEEFAFERICH T % Saliency
Map

MCTS 12 & > CHRIFE s DFHMED T 0(so) 2715
THRIENTESL., 22T i(s) &b & = il fE T
v(so) KD BEMTH 2 LHfFIND. ZOWES Nl
fEFRNZHR U T Saliency Map 2 #H T 5 FiEkz2RET 5.

D728, AlphaGo Zero TEAI N/ & 5> RFHED
EFOBMEN 1 © MCTS 27 LA 7D MNalfin fio72&
5. 20 WS N7 R M 1
1

msez;v(s)
L%, ZITT \ZERBOEBRARNIALLET 2 RHDOE
BT, T|=n+1ThHb. 200 % sp lTDVTRMS
§ 5 & Saliency Map g6 d. R (1) Hid% sg THE
TILa2ERD. BRRFD 5o 75 EENRER H 2 HTH
sk, FHEREOWENLRT — LOLEREBBEBREE T
EHWT s = T(so, As) ERTIEMNTES, 22T A,
X so 5 s TTEBTEOIIBBERETONTHS.
T (s0,4s) = To(s0) EWERRT B Z 2IZT B L,

(1)

d(s0) =

i(s0) = 7 > v(Ta(s0))
‘T‘ seT
0 . 1 0 0
678011( 0) [l L 87;1)(7;(50))87%7;(50) (2)
AL IND. %0(7;(50)) =Zu(s) THY, Thiks

1281} 5 Saliency Map L FERTH 5.



The 23rd Game Programming Workshop 2018

R (2) 2 MOBHIZOVWTRDZ Z L REZTIRAN
72, BHEICBVWTHETE RN EZEZ 5. Rl s
K2 DE5AOREDBEL FHETHKINT VWS L
&, D%V s={by,wop,...,b_7,w_r,c} ELo>TWVBHL
&, AOL EIFR R E—FHD 7256 O REER B
UL HATIZ

7;/(8):{ by + ag, wo + ag, . ..

’

br+a_r,wr+a_r1-c}

DEIIZERTZENTESL., ZZTa_; 13i FRIOEZTT
HY, HEFTBHBEIZIET S one-hot TERDEFTH 5.
ADIE EIFD70RY, REEBEBULZ O X 5 ek
DRELVALHEONIETRETSLZILNTE, ZOHAEX
ﬁ%nwﬁﬁﬁﬁﬁﬁé.iofzwﬁmfuﬁ@)u
)

N 0
8—800(30 Il ;thCOIOr(a v(s), S0, S) (3)
L fEg{b T &, Saliency Map 2&H$T 22 N TE 3,

Z Z T FlipColor(-, s,5') 1& s & s’ ODFBEVELNIEFE
AR 2 EZ KiEd 5 & 5 mBfke 4 5.

AlphaGo Zero TIZRHOFS/LE THADAH] & THH
FOLH] LW HARTITF-oTWS [1]. TDOXSREAT
WEYNC R R OB R 5 Z & CTHRBEO HIFER®E S
5. i%k@TSF%%%@%@%@ﬁli@k%bﬁ?
HolGEIIMEEIE L 5.

4. BELADKREER

BEFFETH % Saliency Map & SmoothGrad LU 3
HTRE L7 MCTS 12 & 2 FH-illifE 513 % Saliency Map
% A DNN (28 H bf'l‘” 1219 Bﬂéﬁjjﬂ B U C 3 2
KERIE 9 BRI %17 -7z DNN &34z
f7-7z. DNN & AlphaGo Zero & FIRRDMEE % KD,
Residual Block D% % 16 \ZHIIE L THEE L=, ANICH
WERHBE ] 2 LEERIZ, 7 TR SHREOADREE L F
FOODAEHAN 1T x9x 9 OFE V. FHIIA
TN TWS aya ©H XM *L © 55D 2,000,000
xR, —RIZ>E—/HEz L 2 UCHmifle L.
¥ %D DNN & Pachi (1 F 10,000 L4 77 b) 5t
LTR 1 ONERERE Lo T,

iTo7-.

AR X I AW R o R EM ALz, 4.2,
4.3 BTk 100 M 9,947 B Z#MHH L 2. 44 T

1000 M@ ZE AWV, ZNENONFE» S —REiE 7 v X A
(R U 72 1,000 JREE AU 7.

4.1 Saliency Map OfEROEMNHE
Saliency Map ¥ SmoothGrad (2 & > TEoNBH D

*1 http://www.yss-aya.com/ayaself/ayaself.html
BSEH 2018 4£ 10 H 16 H
2RI VR LBEFNHY, TOEZROREERALZ

© 2018 Information Processing Society of Japan

-12 -

% 1 Pachi (10,000 playouts/move) {2513 5 =
Table 1 Winning rates against Pachi (10,000 playouts/move)

W%
Policy network (softmax) 13.4 %
Value network (—Fi) 62.9 %

MCTS (400 playouts/move) 91.0 %
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