—t

RiES482019,37(19)

www.kjdb.org

87

R THMAESRBFR

—MN“F 3" 8] AlphaZero

[/ AN

1. HRAERH AR AR , AL 5 101601
2. AERBRE AP , AL 100875
3. P EBAEARTE  dE5 100012

FEE DU SoAR, AR AR AR PANJ7 TX R Al AlphaGo EAT T I BLAIAK
i o VRN TE B PR S AL S 2250, A B K i35 01 5 3 S0 T N 2R
20 4F: 5 1 AlphaGo , B AR B AT A4 UAS A2 1) FH NS 28 55 T AR A LB A9, ELR B B BT i AL 2
R T —NEERL: NRLWEARRE. HEEAKLR 582K LSS A X FEE 8
AlphaZero , ANMH A fe5® AR ZERE 7, i BRI EL & [ PRge it H A AL 1) At 77, 3
PR REE T — 5, Hlas PR — Py s R fn TR, | T A [ S
eI R R , AL TR B R R LBz T LS 2R BT E iy “ 2587 B 10
P, EERBII AW EZNEENZET BT A & 28", MLl DAt A
RELF, Aok, B ARLR KEE A B30 MHLEREA 7] REAE 5 N 5= 42 0 S U5 58 1
PR

K§EIR  Hlas THL; R ; AlphaGo; AlphaZero

B2 itk — B N T3 6 i 2 A e 11 40 48
1947 4F , [’ R (A. L. Turing) %5 T — > [ bR 4t
FIRR T, (HE PR MLTE 2 i 2 Bt s, i
XM EANSTEH AN FistT, SHE,F
BHIE M8 H NFA (C. E. Shannon) ZEHE H T M
25 () fie /N R B3 (Minimax) , 3T 1950 4E &
*®THBHR L X <<Pr0gramming a computer for

playing chess) ((TFEALTHLER )M, B - HIS W
FEMLAR TR ST . e B E SOy —A
e, A T — R TR
TR REE RN, 2 TR TR A T RERYAE
B AR B PRl R, TR R R RE
AT LB — MR . X T — g 2 fFE A
MITEIE R G0, R RE S5 24 58 B 1 TR, I8 Mini-

Wk H 1 :2019-07-05; & 111 H 1 :2019-08-23

4T H 22018 41 [ G4 2Rl 24 4 T S 0 H (18AZX008) 5 e g e SEARI L 45 2 9 H (3142018057
VEB A BEAEL, BI85 Ty I Bk AR s SR At & o LTS48 - aristotle@ncist.edu.cn
g ks B L, EUENS . HLES N LA DT B 55 R —— TR F] AlphaZeroJ]. B4 42, 2019, 37(19): 87-96; doi: 10.3981/j.issn.1000—

7857.2019.19.012



—t

88 www.kjdb.org

RiES482019,37(19)

max B AT LA R B LR SR IS T2 A
AT G KR AR BOE Y, R 255 25 50 3 1Y)
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T RN Bl AL e 2243 BE (Fan Hui)'', 33X J2& B g i
I HLERES 1 U B T O T k20
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X AN B R 20 5555 60 0 J5 U o 1524 AATTxF
LA RS T R 45 Jii T =22 5, DeepMind A1 B & 26 1
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2017410 A 19 H & AE(Nature) 4438 L.
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4 T AU R 2 R GERY T AR AOR
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Fig. 1 Multi-layer neural networks
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AYFEAFOAR B, 1), AR ] T KAy
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.
2.2 AlphaGo W ARS T 5HEE
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AlphaZero, DL T4 IR X 26 i AS 115 31 AR AT B,
ARFFIE
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ue network ) /NP R IREE” , IO 4%
THI P 256 HIT s B JE A B A B B 3 —— g
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Fig. 2 Two brains: Policy network and value network
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DT, XTI 25 R O 28 8 G i fe e LA A
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PREE T2 (rollout policy)p.(E13) o XML it
IR HBEIL B 24.2% FY TR E , (EL5 SR 9 2% p, AH
Fo, NHERY R A —— B 2T 2 s, 1 pe e 22 3
ms, MY TR T 1000 245 . Z AT EEPsE +k
2%, DDA R I 2% R ARG T L (A R R, O
HOAT R BB G —2 . MPEUE F M p. 1Y
PRI O [R) s 1) AP TER ) , AT LA L S ) 2%
Pl SEFRAE R R/, RIS A R B AL

Roliout policy

Ty
VARY,

Self-play Positions

SL policy network RL policy network Value network

WIOMBN [N

neg

Human expert positions

B3 WEgiilgh AR R
Fig. 3 Neural network training pipeline

and architecture
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S — MRS AR A3 8] T A — A B — Y T 25 2
B IO A A 1k DA AT BT AL, PN
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B HREIARELS MR AR R . B 75 TR
I3 T SR R IR AL Ay . FERFEA I A1
BUR SRR IS A T LG 3 R ] BEZ IR B HLR
B, — S — L it . AlphaGo RV &is S
RIS R L RN G B SR e 9 2% p, 5 Ak (B
W28 v HEATRE G o SEFE RIS RHE R VE 21
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—IA VR H T RAFNE, A rl 5 FEHLER . WiR
LA B AL T BEL I T, Wi o BE . RIUL,
ST s X 45 ke IO S 1Y AT R, RAE
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PIRER AT s 12, G RIS RBEEA I
RO A AR T REML” . B, IE R A A R
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MK AlphaGo AR ST AT AE 158, %
RGBS AN TE 34T Bl AR, =
I FARA , e — AT, B D5 T L AlphaGo [l
BERLTH A — RS s Sl 19x19 AR A% (114, IF
FLFICH 48 MR ERRIEX —RES . FIL,
— MRS s A 19%x19x48 B RMSG . 7EHE A2k
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PRI , AlphaGo Fir T A4 S dh e 1 45 A0 K8l o A ff
PEI7 8T, A R B REE 2R 58 R VI GRIR LA 22 M 2%
AL T I 52 A PR AlphaGo Lee ffi T
40 MBI R 484> CPU .84 GPU. TSR 1 43
i LAY AlphaGo hiAS , FIIHT T 22 6 HUIR L 40 MR
ZRFE 12020 CPU. 1761~ GPU,, 1E347% |, AlphaGo
T HLgR 7~ R By o] sy S RS
W R, R RO A Z (HR A
OB L K m KRBT BB SR T, Bosih 7
EORIBEA™, HR G MEEARER a2 g
BB TIORN, TER ML, ftf 2R 7 AR
s . HX T AREDE, las 2R Bl C 205
P . LSS 2 REAE I ZRM K B value network
AT LLR B 5 Bk, it i Tl i AR5l 25
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)
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Value Network e L ] L ] L]
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K4 3FZ LU XL & TR BT K
Fig. 4 Performance for different combinations

of components
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SR BORFIREAE
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THTEWLE AlphaGo Master 7E2k 130 70 R 5 22
KB I X R R 2, BIRUE REX A T 27 R
AlphaGo Master 315 , 45 T3 LA~ 1) [ LA 2
FETRAY , e~ AH A0 I o B4 5 11 12: BEAE Alpha-
Go Master #fs i3k T .7

%5 =, AlphaGo Master AR FEREAE P E
ZWHE T AR LB R, N T2t LT
AF B [B] B U 94 8 25 1 22 55 MR 5 AlphaGo Master
LG, BARATE—DEIR . Meoh, e R 2
AlphaGo Master I F-i8 A - FH25 1],

TEBTHEAE L, DeepMind X AlphaGo Lee B9
AN IR BRIV SRE W 190 2% At 1 0 28 Al 17 3 — 20 e
k. MBI AR BRI RICED, C 45
AlphaGo Lee W KA A, I H AT LU & (12X
NRZL AR RO S5 55 /0 . 7E AlphaGo Lee it
BLER 4 Jm B ATES 78 T i Mz —
T, FEWL IR AT T k= 4
oA m B AL, OF HAEE IR A R
A7, 5, XU AR 2 E R pLgs T BUR
WA BRI . DeepMind PG LB FH 24~ AL-
phaGo Lee H FXZ% , HIXTZR15 2 AU HL 2% 28 56 2040
FHEFTOR AR 2T, DTS BRI %) S e ) 2 Ak (8 1)
2% ORJE PR 2 28 B A5 B — A T (4 LA
AlphaGo Master, FH T iX /WU iU 2588 58 202
I FXT A s B AL s B , PR h P 255 3
I RIZE TR K, JF Bt — P40/ T RHE R I &R
Z3 6 BdE R e RS b, i T AlphaGo
Master 77 2 (115 1 & AlphaGo Lee M 1/10, 5]
DR 40| AlphaGo Master SEhr RS T L
7, PR MBI T 440 TPU, RAEMM, BRI
T 2 T AlphaGo lee.

A T AE I Zhidt 2 rh og 1 T LA B A REL
SR AR U 1B S RN OS2 g €7 el
ZR1M K AlphaGo Lee, X i#f— 25 EH] T AR L5 1)
JRIBRAE o TAEREAE R ST b BAREE R UL NS4
IR T A A SR o0 2465 2 4t 18 2R e B 1Y) 2 1A
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I, S8R N RGBS R DeepMind B9 —ff% 55 =, HAH—N K, AN 2 W0 [m] 2 /i i A
SRIEPE P 5 FRUA 22 D 45 D11 5 1S 1 T A R i ——— 0 s TR 2%
2.2.3 AlphaGo Zero FVG LR 2% 5 55 =, JE TR A AR, DL i ok B

2017410 A 19 H , DeepMind A1 BAZENature) — FEAIRT B8 1 F i ARFIE S, R4 T JCI0E fn
I 7% L7 (Mastering the game of Go without human Gt SR A U E oy € RE L SR RPN S Y e &
knowledge) (CANFFEEAGHR B BIHLIER ) ) 1630 HLas AT A6 AS bl 2 A5 B (4900 7 4%, L=
it - Z AT AlphaGo IIUIZRFIXS SRR vT LR HOFIIH A I ALJR 5 45 1, U P 5 B 19 MCT'S
L, N TR RERVF 2 AR R B2 T A SR, RO B — ol 25 o0 24 ke S0 % 37
1, BE & AR AR R RS, BN L PPN 557X, 20 1 B i > A BE LR EAS of
FIRR . AR L FBIRERE E BN ATEE  RUERS IR, TP T —Fho iy s >
EARAEATT R, BME T fEmdidese iy Bk,
ATt Ay BEXT LA Fh o7 20 25745 2 A 2R 50 19 P RE i LR AlphaGo Zero BEFEHAT 44~ TPU
SRR I L, AlphaGo Zero e RAYSERIAERSE B HHL Loz dy (U Zkd B b T CPULGPU Al
ST ARZ AR, LA BRI 56t TPU) , I HZEYIZR 3 hJE#L 113K 5 8] T AlphaGo
HEZE Jm A A X R TS BIH g A B 2T AL AY Lee Y 7KF-, Y1 25 40 d gifig ik 2] AlphaGo Master Y
W HIEABEFEMBARFETT LIRS A 55— 0 AKFE(ES) . ATRVE I fEH i AR5 ok
FEZHTIT RGN ZE  TRE R Z M ™ ARk DL g | AL IS  AMELE AlphaGo YT
2% XA I AlphaGo Master BT FHIUGRIMER T O &, T HAPEAR 1 i 17 B O REFRE , BlK
RELRR, EAE A0 FREZE, I AlphaGo Master 2 b TRCR

P
g a0
e AIpHA00 7670 40 blocks 1000
« =« Aphatia Master
« e« Nphaia Lea .

T T T T T %% %
: R

K5 ARFERRAS ) AlphaGo FI 25 i) 5L F R

Fig. 5 Performance of each program on an Elo scale
H LA DIk LB J7 45 AR Ta) 5L, A A1 138 eral reinforcement learning algorithm that masters
1 TEBOR BTk, R T K i R RIR e chess, shogi and Go through self—play) ({ FH i F5#
UHIEE . 11 AlphaGo Zero Hil ik 3 d A9IIZk, A A2 2 Bk B 3R 28, 4R [E BR S AL O AL R
L LB " IR B LK o #MBEIE #)) o 8 SCHR7R , DeepMind K45 Z AT Y 2856, SR H]
IR T NI FI R G T AR KBIHT BRI R 18— R S8 AlphaZero, iX B R G 5E I8

=

EOFIRAN AR A 3R R ST I PR
2.2.4 AlphaZero H A A5 S BB H T i B RE R A e ik . 183

2018 412 [, {Science) 24 5 & R CCA gen-  $575 : AlphaZero X FH 4 h ) AT T H
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Rl $5 58 14 [ P G AR E 28 46 Stockish; U 2 hi i
H 35 2D il 1 H AR ALY f i B BE R 4 -

mo; I H 8 h gt i T I 5 5 5 BE R 4 AlphaGo
Zero(J& 6)

i G
5000 Chess Shogi . 0
W
4000 ! ! /-"/
o 3000 +
= 2000+ 1 ~—— Alpha zero
1000 — AlphaZero = Alpha Zero ~— AlphaGo Zero
I —— Stockfisth — Elmo i —— AlphaGo Lee
0
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Thousands of Steps

(a) Chess

Thousands of Steps

(b) Shogi

Thousands of Steps

(¢) Go

K16 AlphaZero £l 700000 A5 it fir ik 5 i) 7K
Fig. 6 Training AlphaZero for 700,000 steps
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#ﬁ | »[15]
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Brief history and enlightenment of machine chess: From "Deep Blue"

to AlphaZero
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Abstract Taking the historical evolution as the main line, this paper combs and summarizes "Deep Blue" and AlphaGo from
the aspects of design philosophy and technical features. Relied on human experience of chess, "Deep Blue" achieved
transcendence with humans by means of computational power and algorithms. Twenty years later, AlphaGo, although its original
version was also successful by using human experience, and its evolution revealed an important fact that human experience has
its limitation. AlphaZero, which gives up human experience and adopts machine self-playing experience, convincingly defeated a
world champion program in the games of chess and shogi (Japanese chess) as well as Go. It is clear that in chess games, limited
by human cognition ability, experience accumulated by human beings for thousands of years is no longer superior to the
"experience" formed by machines in a short term. Machines can do better than humans with the help of their own "experience",
supported by enormous computing power and ever—improving algorithms. In the future, machines that "give up human experience
and rely on their own experience" will likely make breakthroughs in more complex areas.

Keywords machine chess; Deep Blue; AlphaGo; AlphaZero




