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Abstract

A field of AI, stands for Artificial Intelligence, has been rapidly developed since it
was appeared in Dartmouth Conference in 1956. Al is frequently used in every field
such as Natural Language Processing, Image Recognition and Expert System, and so on.
Specifically, in AI, Neural Network Theory is spotlighted in recent years since Hierar-
chical Neural Network achieved exceptional performance in regression and classification
problems. In this research, using 10 x 10 squares reversi, so called ”Perfect Reversi”,
its Al is trained by deep learning using existing training data sets. With TensorFlow
library that is appeared recently for the machine learning, Convolutional Neural Network
is constructed so as to train the perfect reversi Al. After that, through the matches of
the trained AI and random Al, its performance is evaluated. Since the perfect reversi
would be the game which have a lot of uncertainties, there are lots of difficulties in

determination of evaluation value and optimization method.
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Figure 2.4 Sigmoid function®



Figure 2.5 ReLU function®
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Figure 5.1 Backpropagation®
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Figure 6.1 MNIST data examples®
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input data

1121|3012
0O (1|2 (3 (0 (1|2 filter output data
310 (1 (2|3 ]|0]1 » o |1 55
213|101 (21310 * 01112
12 (3011123 1 1o |2
0|1 (|23 [0]1]2
3101213 ]|0]1
stride 2
—
1|2 011 |2
0|1 (2(3]|0]|1]2
310 (1 (2|3 |01 2 (0|1 15|17
213 (01 ]|2]3 |0 * 0 n "
1121|301 (2|3 11012
0|1 (|23 [0]1]2
3101 (23|01

Figure 6.4 Stride®

input data
0 (0|0 (O (OO (O
0|1 ]2]3]0|1]0 filter qul)'l:t d:(;a "
00|12 (3|00 210 |1 - -
0|3 (01|23 |0 * ol1l2 N 1516 |10
10|6 |15|6
02 |3(0 (1210 1 1o 2
8 |10|4

01|23 (0|10
0 (0|0 (O (OO (O

Figure 6.5 Padding”

6.4.4 T—)VIBOESRE
T=V VI EERTAY Y REERT 2, 77— VT IXATEBED A — )L &2 /NS L
TEHHEETH D, Figure6.6 1ZmT LD, 2 x 2DHEZ —DDEEIZENT 5 X574
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input data

1 1211 |0 output data
01|23 )

3 o [1 ]2 ’

2 |4 o |1

1 [2]1 Jo

o1 [2[3 ME
3 o |1 ]2 ’

2 |4 o |1

1 [2 11 Jo

0|1 ]2 3 2 |3
3101 |2 i 4
2 [4 1o |1

1 (211 Jo

o1 ]2 3 2 |3
300 [1 ]2 ’ 4 |2
2[4 [o 1

Figure 6.6 Max pooling procedure®

ATV, 22l A XM LTW5,

def max_pool_2x2(x, W):
return tf.nn.max_pool(x, kside=[1, 2, 2, 1],

strides=[1, 2, 2, 1], padding=’SAME’)

Figure6.6 Dfllk, 2 x 2D Max 7=V V7% AN T4 N2 x 2 TIro=GEDUNEF
IETH 5, Max 7— V) VI3 AMEZIAHETH D, 2x2 LIXHROEHDOY A X%
FT, AFTARIEF2X2ITHELTVWAEED, 2x2D 7 14> RUOBEIMREIL 2 EHE
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Telzmd, Bz, ST DT 4 Y KUY A X AN T4 NIEFA UMEICERE
T5, BLEIBIEIANT—ZTHO, BARAAENS DT — X &R, 525180,
T—V VTP AL RTHY, [T =) 7 BT =) v 1] OBRTET, BRI
PREBIFERIIOWVWTIE, AT NEFAKTH D, TOEEIT2 x 2 DT Max
T=) VT EFTFoT NS, D)

6.4.5 TL—RAKILYTDIEE

x = tf.placeholder("float", shape=[None, 784])

y_ = tf.placeholder("float", shape=[None, 10])

TV —AKRNR I, §HET T 7 OEGRICMER 7 4 — R T 572D HATITHER L T
BB ZE T, TensorFlow TIET—X %27 VvV IV LTHEI A, L —AFRILKIZ
74— R$57 2V IVORIZE DREEERHZHRE L2 T id7e 578w, MNIST O ARG
128 x 28 Dt 784 Kyt H SRR E N, HIRITIE 0~9 DFEF 10 IRuh SRS N5 72
B, INEZETIHRO TV — ARV X EHEET 5, 51802 None 215ET 5L, ©
DY A X%ty ya VORGIIZED S Z LN TE 5,

6.4.6 FI1BMPAHFBE. TV VIE

W_convl = weight_variable([5, 5, 1, 32])

b_convl = bias_variable([32])

tf.nn.relu(conv2d(x_image, W_convl) + b_convl)

h_convl

FE1EAAAETIEOSXS5 YA XD T4V R EFEAL TEAAAMLEEZIT\VN, 1F v
VD ANEREPS 32 F v 2RIV ORHEE B L T35, ReLUBHZ#EHAT 5 Z & T,
AV a—RIZEHE LTI VAR 0 LTH T A, Y

h_pooll = max_pool_2x2(h_convl)
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1TV ITRETIR, BLEAAABISEONZHEINIINL =) VT R2ITD, B
17— VT % Fo -l TlE, UXx AT AR, RF ¥ U RILDT—RERS>TNS, D)

o]

6.4.7 F2B8HPAHB. TV VIE

W_conv2 = weight_variable([5, 5, 32, 64])
b_conv2 = bias_variable([64])
h_conv2 = tf.nn.relu(conv2d(x_image, W_convl) + b_convl)

F2BAAAERO T =)V IETH, B1EERKOWUHEZITR>T WS, LU, 5
17—V VR TCOENEETHBBEN U4x 141X, 32F ¥V RIVDT—RERSTH
B0, H2BEAAARETIEIRF YV RIUN0 64 F v 2IVOR#EEHELTWS, D

h_pooll = max_pool_2x2(h_convl)

FHo TV UV ITRBIZBWTEREAETH D, F2 7=V VT 2iFo /- ET, BEHIZT7TXT
AR, AF v U RVDTF—REmoTWN3,

6.4.8 F1L2ERE
SERME AL 201, 2SR A L AN 2 BKIIZ 1TIRTEDOR Y M VIZZ
WT 2 BEND D, SIECEOEESEE U TFICRT,

W_fcil

weight_variable([7x7*64, 1024])

b_fcil bias_variable([1024])

h_pool2_flat = tf.reshape(h_pool2, [-1, 7*7x64])

h_fcl = tf.nn.relu(tf.matmul (h_pool2_flat, W_fcl) + b_fcl)

6.4.9 RKOv77YNE

keep_prob = tf.placeholder(tf.float32)
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h_fcl_drop = tf.nn.dropout(h_fcl, keep_prob)

WEEAONKE LT, Fay 77U MEzfiAdT o, BEHELIE FIFT —X DA
S VBN B U2 2 EDERRAT, JIfT — R IE 0T — XIS SR
WENT 8Lz, BMEEOHEEIIMERTH Y. H 5P 5 ANHEBIZH UIE
ULSKHBITCERETIVNEENS, —a—BVEFIRMICHET S Ry 777 MNE%
AT EZEIC& T, ZOMFEZIH§ HRPHIFGE N5,

6.4.10 FE2L2EE (FZHHLE)

W_fc2 = weight_variable([1024, 10])

b_fc2

bias_variable([10])

y_conv=tf.nn.softmax (tf.matmul (h_fcl_drop, W_fc2) + b_fc2)

1A THEONERZ NVIZY 7 vy 7 ABEBEEHTA2Z T, %
MERIZERTHZENTES, ZNIZED, B2 TEANDT =R D FIZ
TN, BB EDEMT NOVIZHEI N EHFI LTV,

6.4.11 ETILDEfEE T

cross_entropy = -tf.reduce_sum(y_xtf.log(y_conv))
train_step = tf.train.AdamOptimizer(le-4) .minimize(cross_entropy)
sess.run(tf.initialize_all_variables())
for i in range(20000):
batch = mnist.train.next_batch(50)

train_step.run(feed_dict={x: batch[0], y_: batch[1], keep_prob: 0.5})

BB Zn Ay buY—#Er, RE{bFEICIE Adam Ex2 W5, Tensor-
Flow Tl&, 25 Q% EFED & 5 ICfHRICEEIR T 5 Z L A3A[BETH 5, tf.train. AdamOptimizer
D 15X, FEHEERET 5,
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BTE R

7.1 &&E
HFIfEL 72 AlD 27 7 A% Figure7.1 IZ/R9,

711 AAHAT—%
Table7.1 D X 57 1 D2DOFEHEIZ., Table7.2 12T LD, ALEIPNTVEVWT A%
0. BEIREINTWVWEY AR 1, HEPEIPNTVWETY A%Z —1LIZEBLIS,

7.2 E1:6x6"Y/N\—2 ATOERK

7.2.1 HEHES

6x6 U N— DETIE 1993 £4E121 F Y ZADHIZEH Joel Feinstein 12 & > TRA S
TWa7H, ZThEHEIESL LTHWS, BEVWIPEREFE2ITLHEITZEEOETO
J&3 1 D FEAMAE 2 — 7 100 A& LTASI L, ZBIZ 10000 [H475 D & T 5, EHITIEA
SiE. BARAAREE 7=V V&4, Nay 77U NE, HAEOA 11 TR
Nz — IR BAAA =2 —TF N3y NI =T W5, FE—BHAAAETIE, 5x5x1
DY A ZXDT 4 NVREANTA N1 THAL, 32ch D7 —&X Z 9%, padding 515K
IXsame EFREL, 74NV RIZE > TAT = ADMEERVWE D ¥RNRAT 1 V7 %475, T
PEALBIBUZ IZ ReLU 2 W5, B~ 7=V V7B TIX, 2x2DY A1 A, 2x2DANT
4 RTMAX 7=V V7 %175, U 7=V v J7f@TH, The A UMETHT 5,
HoBBARETIE, 5X5XR2DYAADT 4 NVZEANTA K1 THEMAL, 64ch D
7T— R EHIMT 5, T4 VI ROTEMACBIBUIEE — B AL AE L AR ET B, 6
SEHARAETIE, 5X5X64DF A XDTANVREANTA R 1THEMAL, 256ch D
TR EMET S, NT 1 27 ROTEHALBIEIIE —BAAARE L RKICRET 5,
PIEAAAETIX, 5x5x256 DY A ADT 4NV REANTA N1 T#EML, 256ch D
TR EHIET 5, NT 4 v ROTEHEACBIEBIZSE —BARARE EFRKICRET 5, F
Oy 77U NEO ROy FT7 Y RRIE, 058 LTHET S,
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Perfact Reversi J

cfgame / cfgm /
GameMgr GameMasterBase
) + can_put_piece_somewhere(piece, board)
: g:g:zzz:ﬁggg(?ﬁ:g?e)r(main game_master) * can_put_piece(piece, board, point)
+ rogictor | - - - +try_put_piece(piece, board, chain_reversible)
register_players(first_move, second_move) + search_can,_putpoints(piece, board)
+ start_game() + check_game_end()
: N ﬁ
: GameFacade -
MainGameMaster SubGameMaster
+ setup_game() N
! + start_game() !
ciboard /| \ GamePlayerBase
" Board
- : N )
BoardViewer “poard_size + select_put_point(piece, board, points)
- pieces_matrix
+ print_board(board) - cell_states_matrix ;I
: + init(board_size)
1 Index + get_board_size() Human i
: + get_pieces_matrix() '
[ ::%\I'Lmn + get_cell_states_matrix() '
| - + get_piece(index) :
: + safety_get_piece(index) WeakAl +
E +get_row() : gett_cgll_state(inQes) AlBase
E + get_column() set_piece(piece, index) ____,_,,--—-D sub_game_master
H StandardAl
v 5
BoardMgr
H
+ forced_put_piece(piece, board, index) StrongAl i
+ count_empties(board) H
+ count_pieces(piece, board)

CELL_STATE
= cfdl / v
+EMPTY
+ COLOR1_PIECE Evaluater
+ COLOR2_PIECE TrainFacade
+ evaluate(piece_color, board)
/ + setup() 5
\ + train() |
\Y4
choiece / | = ModelMgr
Piece - model_dir
] TrainingData - |
enum - is_reversed g mode
\/ COLOR - color - input_data
- - teaching_data + set_model_dir()
+WHITE + reverse() ] + restore_model()
+ get_color() * get_input_data() + train(training_datas, learning_times)
+ get_teaching_data() + run(input_data)

Figure 7.1 Class diagram

7.2.2 ZEERER
1000 [E]50 4k X B 7= B0 0 Wik fE SR & Table7.3 1289, RHEOfEIZ., REROGEDIEY

MCThHd, £/, FERIB T 2HEDE(%E FigureT.2 1IT/RT, 7 7 7 OREIIEZEE [
WeRrLTHY, MtidEEzZRmLTWS,
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Table 7.1 Board state 1

OO0 |10 ]|0O

® O e e O
O
O
O

Table 7.2 Board state 2

0 |0 -1 -1 /0 |1 |0

o |1 |1 -1 (1 (-1 /1 (0 |0 |O
o |0 |O |-1 |1 (-1 -1 -1]0 |0
o {0 (0O O (-1 {0 O O |O |O
o (0 |0 (O |1 |-1 {1 O |O |O
o {0 (0O O (O [O |-1 10 |0 |O
o (0 |0 (O {O |O |O O |O |O

7.2.3 ER

Z VX LELOREFERNL S, 6 X6 FADYN=Y TREFNP2HIFEENTHD L
EZoND, BFENAL BFVRIT UV RXLOMNEHERERZ L, FVXLALOREID
HIRIEEOBDZ B> TWEERDD D, ZOENS, BHWIRET 2155
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10000 4
8000 +
6000 1
4000 -
2000 1
N —_—
6 2(I)0 4(')0 660 860 10I00
Figure 7.2 Loss - 6x6
Table 7.3 Match result - 6x6
2nd move
[pieces]
Al Random
Al - 17.782 / 18.152
1st move
Random | 17.222 / 18.735 | 16.950 / 19.002

I7BED 1 RN E2FEIELGA. ALIREFRSIEN 1 AIEEMbIhseER S5
Nd, BFEVIT VXL, BFEVAIOHEHRERS . J VX LARALORLD 0.2
IEEABDRD R ImoTWBZ e nnd, ZOMENPS, SHOEBRTHW 7Y
FETEBETFROGSE AL TLES> EZONS, ZOFKE LT, BAFD3
DOAREENREZ NS,

¢ 6X6FADYN=VDFEHFIZEWT, SHOEMTHEL-BEAAA=2—TF )V
Sy MU — 7 YRR TR o 2
o HMEE & UTEHA-iMIME @Y i Tldid o7
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o T —2Yy bOEMREZFIZF T RIro72

7.3 EER2: =Tz b YNR=2 ATOEK
7.3.1 HENES
REFPHIHLTVWS 6 x6 DV N—= 2 38R0, N=T7 7 b - UN=V AID
HIZHW BT — 22 i3kkc b odMEfE LTEIFoNnD, SROEKRTI, A%
WAFEVPENFTHHAREENEV] L WHIRGIZHEDTE, TNODOF2IToFEMHE
gedf U 72 R % #FifE 1000 )& U T AT 5, FEIZFER 1 LFEBL 10000 E175 5D
95, FEIZIIANE, BAAAEE T—V I EE&SE, Koy 77 Y NE, B
JED2 13 @ THEI N BN LEARAA=Z 2 —T 2y T =2 &2 HNWS, HE—EH
IAAETIE, 5Xx5Xx 1DV AL ADT 4 NV REANTA R1THEAL, 32¢h DT — X &l
19 5%, padding 51 id same EFHEL, 74V RIZLX o TAT—ADMEER VLS5
NT 14 V7 %4575, EHEABEIZIZ ReLU Z WS, F—7—V Vv IETIE, 2x20Y
AR, 2Xx2DANTA4 RTMAX 7=V V7 %475, DO 7=V v JETEH, Zhe
[ URESR TGN T 5, B _BARAAETIE, 5x5x32DY A XDT A VXEANTA
R1THEAL, 64ch DT —XZ2HHT 2, /T 1 ¥ 7 K OTEEACBEIEULE — B AIAE
CABRIZERET D, BEoBALARETIE, 5Xx5X64DY A XDT7 4V REANTA N1
THM L. 256ch DT —REHHT 2, T 1 > 7 FTEHEALBEBUIE —BAAARE &
[FRRIZRTET 5, FHUEAAAETIE, 5x5x256 DY A ADT 4 VREARNTA N1
THfH L., 256ch DF— X 2T 5, NF 1 ¥ 7 FOTEECBEEBILE —BARARE &
[FRRIZRTET 5, HHEAAABTIE, 5x5x256 DY A1 AXDT 1 VREARNT AN
TH#MA L, 256ch D7 —X &2 dT 25, NT 1 v ROTEEABEBIIE —BAAAE L
FRRICRET 5, Ry 777 MNEO Ny F7 o hRIK, 05 & LTHEET 5,

7.3.2 ERER

1000 ] ik X B 7z KD IR R & Table7.4 123 T, RhOfld, REREO LD Y
BCThHd, 7. FHRIIE T 2HEELOZA%E Figure7.3 RS, 7 7 7 ORI A
HERLUTEO, ML ZRL TW5,
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1000000

800000 -
600000 -
400000 -
200000
OLMMM‘&L'M_LJ—-;AL e dp e A
0 200 400 600 800 1000
Learning times
Figure 7.3 Loss - 10x10
Table 7.4 Match result - 10x10
2nd move
[pieces]
Al Random
Al - 49.216 / 50.555
1st move
Random | 49.443 / 50.555 | 49.894 / 50.103
7.3.3 EXE

5 2 X LR L OREEERED S, 10 x 10 Y AD U N—Y TIREFIH 0.2 61F LB T
HhBLEZOND, BFEVAL BENI VX LONEMERE RS L, 7V X LR DR
FOER0TAFEEAEDPDRLBS>TVWBIHRNRSND, ZOMFRNPS, SHDOFERT
AW EFETIIEFREOGEENMIFLLTLUEI EERAOoND, BFVT VXL,
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BFVAIONEREREZ AL, VX LAALOREID BN 05 67 IEEHBALL o
TWAEHERDHNSE, ZOME»S, BFREOHBEGIZSHIOEBRTHWZFEFIETHO0.5
ARIFEAIPELEND LEZOoND, BFRHTHED DR BoRHKE LT, IR
D3ODTWHEMENE R S5,

o I0XI0FYADIYN=YDFEEIZENWT, SRIOERTHEL ZBEHRAA=21—7F
Vb — 7 DNEY R TI o T

o HHIMES & UTE X iHlifE D E Y] 2l TldZedr o 7=

o JIMiT—X ¥y NOBIEZI TR ST

FHZ, 10x 10 Y AD U N=ZBEWTIHEFE DV N— » A THREIZEZ & ¥l T &
BEHENRD L, BEMESIZIZ T EARRETCHELELEZ B,
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BT S

AT, NX—=T =27 b - U= LIEENS 10 x 10 ¥ AD KA N— ATIZH
U, BARA =2 =Ty NI =T 2HWTEEEITS Z 2Tz, £7/2, N—=7=x
K UN=UIZIMATE x 6 T AD/NMEY N=2 AT ZFHIHWEL, BDRWEE T — X0
5 ENEOMEREM L% RIAD BT DWTOMEEEZ T o7z, FERE LT, 6x6 T ADY
N=UZBVWTIEETOMREM ERR SN, N=T7 7 F - UN=IIZBEWTIE
REDM EDR O Ronmh oz, FEEE1 AEKESICBWT, ZHULZFAEKIKIEL
TWAIENH, FHEDLDRMENIIGTI ZENTETVEEEZXSNDED, W
NOATIZBWTHHI LW ATIHERE LWHERER EXR S NT, SEOEBRTH
=i T — X TIEFEIIARETH S LW HRERIZE - 72,

SEOEBRTHW z=a—F )32y N7 —=21%, fihd 10 @2 B2 LEFICHEN=2—
INEY NI =0 THol=W, TOLIBHEE=a -T2y b7 —2%, HIZHIX
DREVWIN=Y ZUTRKDOFETHEEARRT = APHEICEWTHRATH S
E¥EEING, 2720, BEMETITIELRPBRET, &RHEHOFAMMHEDED S DRIEZ
—HHZRET D Z LI TER, Al OKHKEREZ R 2 & BifE 512 & - T3 T
HOWHET 57, FHBEOWEDWEENEEZ KL TWD, TOWEIZFHI =Tz b -
DN—=YDEDITBIKREL, MHEEEZNLZBoTLESIHAICHET, PR
ORI T 5 E < 22720, FHIEDIREN L VR L 705, SED%E
RT3 D /2 ST A TR, ) N — > OBIRUE B 2 W 72 8 8D 5 78 &AM Ad
LLTEIToND,

SEOEBRTIE, =a—F)3x vy b7 —2 OREFEIZ TensorFlow 74 77V & HW\7z
M. TensorFlow (A X Kl b7 & ONHH LI 2 K312y — 23— F 2l
TEHEHENTEBEO, EEEONTHRELIZS WE WS FIFENH S, TensorFlow (2 1%
TensorBoard ¥ WS FHH 27T 7 & At T 2 EE L ER SN TH ., AEAZAHELT
EHLWVIRE, NTEELCIKLKIEBERD 1 DER>T WD,

TensorFlow % 448 & U T, Chainer ¥ Keras & ¥, 45 H T3 < OBFEE M &
A7 ZVNRTEN, ZNSDEIRBHEYR—- MY =2k —EiHEIZREL. &
FHMOHERIZBELAADI L, REPHE L Vo HHTHIRASEHRI TN Z
& EFHNZD,
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8.1 HiEF

AR EED BIZHT- 0, WSz LED S TH AR TIREL Y £ L hOFIE
eI R I B AT, R RIC B THIZISE IR A 72 AR H ARG, FRIE
Kb, M — R LA R L BT £ T

— 35 —



S 3k

FH R e = a—o > oRE EER (2000)

FIHE SR e R —a— Sk y b U —2 anFit (1995)

g BiF : TensorFlow THAT 4 — 77 ==V 7 AM~BAAA =2 —F )12 v b
7 — J R, < 1 F EHAR (2017)

Bk B . ¥ a5 /E% Deep Learning Python THRT 4 — 77 —= v 7 OH
CEREE ATV — - Ty Xy (2017)

Bk T EREFEE AW — L O R ORFSE, I8 5B T3 5 5 PR R R
W LER AR M e (2017)

TensorFlow https://www.tensorflow.org/versions/rl.1/get_started/mnist/
beginners, 20172 H16 HT 7 X

M Bl : —2—S )V ky NT =212 837 — A DO R OB, KB T 5%
M2 AR 7R U IR L R R e gt (2014)
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