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ABSTRACT

A Curriculum Learning Method for

Official International Mahjong Reinforcement Learning Al

Kaifan Cheng ( Computer Software and Theory )
Directed by Professor Wenxin Li

ABSTRACT

The game, as an important testing ground for artificial intelligence (Al) research,
provides a clear problem definition and explicit win-loss outcomes, making it an ideal
platform for testing Al algorithms. Compared with other card games, Official International
Mahjong has more complex rules, sparser rewards, more hidden information, a vast state
space, and the presence of multiple agents engaging in mutual competition and interference.
This presents more new challenges for Al research and has considerable research value.
Therefore, this thesis selects Official International Mahjong Al as the research object,
attempting to explore how to control and understand the reinforcement learning process of
Official International Mahjong Al, and then propose methods to improve training efficiency
and enhance the interpretability of the training process.

During the reinforcement learning training process of Official International Mahjong Al,
the two most significant issues affecting the decision-making performance of Official
International Mahjong Al are: 1) the multitude of winning goals and mutual interference
leading to unclear decision goals; 2) the high complexity of single rounds due to the high
number of rounds and dense decision points, i.e., the problem has the nature of
multi-objective long-term decision-making. To overcome the challenges brought by the
multi-objective long-term decision-making nature of Official International Mahjong, this
thesis proposes a curriculum learning training method based on the Official International
Mahjong scenario. By dividing different initial hand tiles into training initial states based on
the number of tiles needed to complete the hand, it meets the basic requirement of
curriculum learning "from easy to difficult". Additionally, this thesis explores the
construction of a new Markov process to help control the training process to achieve better
training results and preliminarily explain the decision-making black box of the Official
International Mahjong Al based on neural networks through adjustments to hyperparameters
and problem parameters.

This thesis implements a distributed reinforcement learning framework for Official

International Mahjong, which includes environment modules, reinforcement learning
11



ABSTRACT

modules, distributed training modules, and interaction entry modules with the botzone.
Based on this framework, this thesis constructs initial game situations for training through
winning hands of Official International Mahjong and divides them into different initial game
situations based on the number of tiles needed to complete the hand, loading them into the
Official International Mahjong reinforcement learning environment as the training
curriculum. The framework also innovatively provides the function of loading the initial
state of the game in the national standard mahjong environment , so as to control over the
training process. Most of the reinforcement learning components in this thesis are reusable.

The reinforcement learning Al trained through curriculum learning achieved the
expected results on the Botzone platform, ranking in the top 10% of the ladder with a smaller
computational scale for training, significantly outperforming reinforcement learning Al
using same training resource and reinforcement learning framework but without using
curriculum learning. Compared with the representative Al of the 2020 IJCAI national
standard Mahjong Al competition, the level shown in the competition was also between 4
and 5. Compared with other Al using neural networks, this Al achieves a significant
reduction in the scale of computing power required and a reduction in the training time
required for the same effect. This thesis also analyzes and summarizes the behavioral
differences of Official International Mahjong Al by modifying parameters such as reward
function Reward, discount factor -+, and feature dimensions, accumulating prior knowledge
for further expansion of curriculum learning work.

In summary, the proposal of this curriculum learning scheme addresses the
multi-objective long-term decision-making nature of Official International Mahjong Al,
solves the problems of the instability and high computational requirements of training
directly using reinforcement learning, achieves good training results and stability, and also
makes a beneficial exploration to explaining the black box of Official International Mahjong

reinforcement learning.

KEY WORDS: Curriculum Learning, Reinforcement Learning, Game, Explainability Al
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H B AL RECREWSAE T 24 mNER TIR IR I AT, AMTERIACH AT $0R
IREN TR AR, ST AR R, BEE IR T ARG R AR S
WA, ARk Al BUS TR KM, CREEFEF L2 B Z 20k P T I A2
T, R X EWETEE B XA TN BK-FRSEs A AR A e ERE. B
M AlphaGo 7L HFTIN T BOLET[1], FHE Tk Al R 5, L
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The Future of Go.
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Z )\, SRR BEKS, WrT=23g, it 144 5K, AR X B R A A
. PR A P OCEk) 7 . K (BT T . T (IR &L R
A, R RFR I A T AT T, ] DABERRRE R SE B _F g —Fh4RML S & I 25 G R
HHMEPIEHE, RN IOARNESRAR, ERNEMTERER, 5% L7, H
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FHE, PEEZEE SRS AUR T KIERE L, DA SRR R A
JE), F 1998 il T E RS S8 (Mahjong Competition Rules) faiFR AR pRRF
[20].

22 EFrERERIE RN

AR —30A 144 5%, 136 SKEHLEAL 8 SRICMIAR, 7T LA Ry A7 i
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FIERE. MURGRRA. P49, M. b #iasEs. & B, 8KEE 4 KA.
8 KK ALIEME. 2= T, . B 2L Bk &, REIMATTABIER T, 8 &
B, AN R RO HA MM AT, AR 81 Fh. ARHEDTAFI A M
SRR, MM HFRLSE S AR, XHE T N T EARBRRERRER e, FEPR
THT ERRBRRE I (R R I, L DA A B Rk A 1 AR B TR BE A
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WATT DA A H A A S T R ) 4L

CHOW

A Chow is a "run" or sequence of 3 tiles in the same suit.
[0+ :z GO

) &

K 2.2 Iz, W+ KExw

22.1.2 FiikR. ZIF

WNIE 2.3 B, AEPRALEBURTT H— KR B H A KRR, 1250
SR AT DASE 5K R (] DU AT AR K R AL 1

PUNG

A Pung is a set of 3 identical tiles. The player says "Pung" out loud and takes a
discard to make a Pung. They then show the created set and discards a tile. The
next player then takes their turn.

it i I
1 i i

K 2.3 filikE. Z|+KExw

2213 IR, IF

T 2.4 Fos, AR EBUSAT H— KRR e A X KR %), %3
] LA =K S [ Br 5T H AR SKERALSRT 1. PR LK C A = 5K ] A 244
DER BRI SRA I,  BEARAERG AL, WERBFAERR S8 — %, ZJ5HaE
AR TR FEIR R, BERARAEAML.
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KONG
A Kong is a set of 4 identical tiles. If formed from a discarded tile, the player

declares "Kong" out loud and exposes the set. If drawn from the wall the player

may retain it as concealed. The advantage in concealing a Kong is that the player

can later split it and use one of the tiles to make a Chow if they wish.

% [0 (2] [
& &8 % 8

Kl 2.4 KL, AL TR
2214 k&

LGB R FEL WZRR . RERR . KLRRSE— R SNERAE, REAOHEA, &5
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22.1.6 FARERREY
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s ARG AR RRERREI,

2221 FHEEM

DR T & se e e PSR, HEUME B R TR P2 4 BIRZF (AR 7.
F L Lz B E R, R A ORI, G A R R A
WHEFI A& —F =14, %N 1.7016e-32. FMAUS AU S JLRMBAL, FreABE
88 .

B T TR AR E PR RRE, B AT DARE T MR A R AR IR I T 1,
Poanid = =20, WA EUNEREE, S ts TRh s 3 MUTRE, Ry
RRUGERS . 2540017, A TP asE—. = =07, = = UFEM=. U,
%, FILAE B YR YOS

FA BB RR T XML A, 0] DARERRE LA AR 4G R
TR, WO UARIEE 6 s — 1, FTDAKIL . = . N ANFKMK, XNk
HEE R s, QUSRT R H AL S X /NSRRI HL AT DAZH G Y 2H —XoF A 1 D00 R 4531
88 T Inl iz .

2222  FREARX

AR IR T HAV A AR YA Z AL, TR DATE i — S Y B0 SR R N Y
Jr ORI INERL. A AR B HRTE, 2 AR, L, AR H
BRI R ) e a — K, REAUMDF IR, SF 8 /HIRE. A —FEILE,
AR A TER AT R S — KU 1% B X N X A L SO IR H, i f 8
2l

2223 1EhE

ERRRRRA 8 IKAE RS, B Bk &L M 20 AT . AT AT,
BRI SA RN . MIFEBE IS FFHIA—5%, R A b i—
SRR, XA AR MAME.

2223  4EEREEEY
AEE AR R A R ARG S B “PUZH—X)” |, ZAiEEIR A sl
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ARG THEFERE RSB, + =4, EEARFE. &A%, A kXfE.
WIER TR —(H Y ZHGX ORRR Y, B O U AU LR R, A AIT A 75
R, ERE NS SR, XSk R AATE 12 /AL, &L
XA+ = L B Rk 88 .

223 a9 AR

EARBRRF BT 20 20 B, BRs AR B © 24 BT 0 B A [ o0t ey o SR A [T Y
M, WRITFAE 16 RIRFEH] - B TS AL E, KM T IR ST RIS f&
S, MG BER SATRXTEGE. R/t RDARENIREGS, R e
0oy, FREEDTAE BB, PRAFMECN R0 + FMED) =3 MrEmEa HA
DU MR, RBR BN R x3) + FMDE. KMOEHANE: 4
IRIEDT N B AR, ROTHI BN - R + MR 3R HAb o
RTINS, AR EINRIR Y, AR RN - R + FFED .
—HROLR,  ERRERRER FIRIIR 2> 8.

ERp AN/ S SR (ErS) N b R s 55 WL 2 T R RO DO A R G A C N L )
Bl FAhAE L R THE S e ORE A, R T 5 R R T TR il s A R 3R
. bR FEBRRRRF A SR RS TR R RS, SR IRA
Ho 7 AR FEI RS RRCRS T AS % [E AR BRI B T AR200[2 11 24

2.3 EXX Al IR IR

R T HIAFEZRB FE R R B Al RS, W ENREETEE A Bk,
WAFERR Al REET O — eI AN, B2 AT EXTREN). B
HIEFIN, BRI — e | R R B A R . X SR 5 5% P Bl ik ) it
FERSw AR, PTREFTSS & SLSU A LRI I R B, IR B ROAR T IR
S RIF, Rk Al FIREIR oy =2, B—J B A, WAE
BAENEI AR AS] Al RGP, BRI B, XRBEER S MY
AR S BT — R ZER,  FUOE I — S AR T REE B PIRES, IF T SER AN
VERR R ITIIShE. SR, X RBVETR BRGNS R A, AR
TEBLATES SR8, 5= B, TR T IS — e S HOR R SR I A,
Ry S BRI S AR A R A B RS T )
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231 ETFARZBRWEZE

EMNEIF IR Al Rgh, 5IAB ALK AR SR BN . 1
R WA, WRNAEIFEE G A€ (NPC) AR HINILE I AT R A
WETRE, B HETE WA TR T8, B T80 Al 254,
FIANZE AR 2 YN 2R B H7 0 25 21 S pR U SIH B R A AR R I, RS HE )N 25
Je AR AR B NHIK P2 JE T BE 2 Hi SR B AL gk 2 i _EFR.

R Al REEH, FEA =M A BN ANEARWE. B—FEFA
KA THAESR I, X TR ARG IE A 2 IR UL, NI HLE E G i
BANERITCR I OLE DA E AT Er L. 3K AR AIFERK 8 R S AR B i A ] A
BB AWK AL R, Hanfl i EG AL PR R 505 BBl AR 0 4 1 %] ¢
FRIATEM, H—JH, SETKMRERHEER, AEE LSt — it A
— U 5 LIRS S ) CBRRAE . FE e B (iAo BIFEHE, 383044 Othello)
B ARIFZEFERET “RUET M 413l SSBEETIORR2]. TRk Al &
G, SRRk e NS5 S R UCRHIE I A B BEA A 2 — R R e i A 2
FAHRH .

i BN RIG R 58 Ry v 2 45 AT B R A SR, (B S R if-else Y
e, e, 2022 A B8 T —F T TR MIF 7 F- & OpenHoldem[23],
FH AU ET N LRSS AL AR IRES S BEn R, ENET 40T
FELP 588 B DA ST S SRR e BB . TR 1 SR A o 2 Bl A B SR, Sy
R P BRI RS R I 2 1, BT P e 11 o, Rt
M35 R — M IZIE R N E, FELe SR A BRI R, IR T
R TR HIEAT L, —Fh S S B e ——AT 241882 T @Ak e
MEAEARATR, MIILTRRAENE Rk T Ry N TR

AR M E T NRAWMAGEREL, RIS R R B, X
FER A PR ER DAV R T AR R A, 3l — 8, Fom YRR 2L @ AT
KT AT DA S AT T 43 BE 58 OB T AR A0, b, Tago 42 1982 4
RosenBloom #i5H— M EAMAEY, H 7T AN TRHMERE, FIHT “REF
R “AT8h 017 SFRHEHE N TIE8 T — LA A T 4. SXFEA A R E0RT DASE— 20 Al
SN EE AT G, R A E S TR A [ {8 ) T 38 AR R R TR B
k.
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232 EFHRINEX

RZEHE, WERAPRSSEEEAERE R, LRI ih 2 B A R A
TREACBIE, QRIS A AL TR T, W] DATE S B Jay o A I 2
S B 1B B RS AT SR I L), THRE AR S R R T AR A E . XA
TR R R SEH R B, R T IR s e A W] DA SEE I ] il dE s A M. b
vk, ST AL ATRARE LR 2 L5 8h, X B gt m] DA %24 i Ry T
TR ABYTEER, T 52 I O 0k v 75 B P AR i 4 A IR R T B B A, — oA
2 M EIHRERL.

PIBERE: 8oy 2 S D B @ NN AT Fr = N OO - [ N O3 U = 7. = o 7 el N RS 1D T
RPN SMEZ TG HR B FRSEE, REEEI M ER =S aE. GaXHEm
M AE G EA 1L —2, NMEA—REB RN, S FAFSIER 5 Z 5 Rk
A, M E— TN E IR AR . X RAVARER B g kxR, Hh
A BWEIRZ — A*EILR5], M AR E R EOR T | AR 1 TR A ) e 4.
SRVE, MANERBON TR, 815 T R 5 GRS 2 A MK, X2 BN
JG 2B I DA — S R R 22 . SR, 8RR Y SR B2 T 2 ni )
], PR 8 RIS 2B S — A B SRR, s @ B U iR i
LB IA S [) R 1 e ke SR 1 R 1) )24

Minimax 535N AEG R ZE T 2B SC i R S5, B2 TR R Y
AL H1[26]. ENEENZ O RE R G IEH RSB Frlas, FHTERT R
RIS, 15 SR 4 AT PSR I K SR 40 i max 5 RAT min R, FERNA T HEE
IR RIREZ G, RASERBOHE BRI -5 (b T iPAl, 55t 4 il B K e
T ABLEAE minmax AL A AT BERZ WA AT SAUTERY 58, A AIE S Alpha-Beta B4
BRI T4k, Minimax SBVARERS B AR R 2 Nk, Rk {H R 2L
TEM AT ST R BT A oK W s, AR a8 SR R M BT SR B M e B AT

FRFRIERHE R (Monte Carlo Tree Search, MCTS) &7 —SCHFHIRIA R, T7EAL
Felipdk S T BRI . A DAUAE IR GIIE N 2005 4 Al HEEAFDE R IR
K, KR 2015 AFIREITRAIOKY-, FEIFT MCTS BIkpIBHI[27]. MCTS
FEAEIBR B A R T I, S MY HR TGV 2 R R Bk gl . B
BTSN B R A i A SRS e — 2k ik, R T IR MY A, B
rollout HRMS— E BB EIHEAREE R . BGRB8 H T ka2 ny
ARG, X AR A% O AR T A2 1 9 Ry TR A3 T 488 2R s o B I S iy L AR AR
BFEUSE S I BE 2. — BRI, rollout SRBE EHE— > LB TR LAY SRS, AT sk 2D
R R B, TR S0 T B ER R AN R vh S, 8 R = e e IB
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SETAVE IR B b, RN B 4R R RIS LE R AR R R 4 T RETE AF A Bh 1. 2006
4 Kocsis $2HH T UCT ¥k, REEXE EABRENHE MCTS #, g THI® b
ML B 7 28]

MCTS B¥HEBM T ETERMGEEET B, Hp—Muy ¥k ETHEk
(Determinization) , FEMFRR[291FIACHEE 2 (Klondike Solitaire) JiE*K[30]-H#BHASF T —
FERRCR . H B AR TRy REAL R 2 A, AU R E R (5 B4 P BEATL R A
—ANATREMIENCIRAS,  HRF SR SR BEDL R LR 25 R T semf e, RF IR AL —A~ 58 56
R E R HANER MCTS K. SR, XA XA &R B R AN BE B 1E 4
PRI B AR SE S5 BRI A BT, AAEPIS BB, — 4T, REREALMERS & fb B
BTN AE R R 2R, W MIRESE R IR0 5 G B IR,
AR KA, T HIEPR S B FREEAR, 3R TiHE B
TR, B, dE5ERE B EIE P T E—E B P R FARES T B B K X 4r,
BN EIE R —3L, EfiE b2 EA PR T 27 AR R s, Fx T3k
SERGEEIFRPAR, 75— A MEE T B LM MCTS (IS-MCTS) [32], fE4H1]
BURE BAA BT b A TR 2R A S PRl MRS AR, AT DATE I B 21
OIBTIERREER, PREE T BB B AL BEALIE W] R R i A8k, SEIG IR S| 3 A
SRR EIEFE T, IS-MCTS RS it MCTS TE4FHIRCRI33].

73— MTAESE K A5 BRI SIS L Continual Re-solving, FEJCKRVE
FEINFye EBUS T AR IR RCR[B]. XA A2 BT CFR-D HEZE[3411, ZHESE
R R o8 605 B IR T TR A TR s T R AL, &4
REAS 3 e A IR A . AE 2 AT, ARS8 M5 B AE W A AN AT 4 R R
T, TeYRA R ) AT SR A, X PR Ay BB SR A A B S 1 ) i A AR AR
A REAS & AR ) B AR —5B43 . CFR-D HEZL A I Bt %%t TR0 A 15 B 115
& PAKORT T S S St B R 1 )UK AR 2R 45, MBS B PR T SR g1 A
5200 SRS AN FU i i) b — e SRR SRS IR, X L S S SISt IR B HR 1Y 2 24 ek
RET AR AR, BRI ZORBUN I E LA R IR 255 M AR A, Continual
Resolving FZib— 04 TiX MHESR, R il 2 VR B2 R 48 R 5 4 (8 bl BRI 45 A kA T 58
PR, P Al R R 5 AR BT TR 5 B &I 1T 45 Iu K s sk
wEAE ., B0, DeepStack THACIINZE T IR e S SL it I (E M 4%, - F Continual Re-solving
VER SERTRIA B, FETCBREFE N o BB T NP 3R,
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233 ETFEIMEZX

AW b F ik i i AR N . S 255 A BB i —Ff, Rk Al
RGEWFEA TN, 253 — LR R X SEER AR . X AR SE5R i
A AR AL, AN SR AR Y sl (B, SR FE A S X S B S B K 35
S A TR, REEIENT, XEER2E S iR Rk Al RE R E TN
—3F, WRHEKR AL WS, AT R Bg TRTHER Al REMYIZG SR
AP S L, ARG R A A L RO R ) B S SRk L
XFJR B FREE T s 2E ) SRR DA T 2 8 BRI BRI 2 2 3k

2331  #HWUEE

B Z BB SR Y) “WIEREE, WEEAA BB RSN S &
RHE, BT R CETERE]. HEA R A — RIARL A FIEE, LR
T 3 1 88 O R A A T i AR S AT I R H AR B R A PR . RIS, 8L
AR TR ES AL, AR L HRIAS S AR P A R A L 25 57
M, XFEREE R RIHERS, SRS MR AN P T3 B B . XA
T FE AT DU MO N 3 N B s B Ak, (2 R BIoOok g i Ho R E, BT AL A
A DATERS 2 N2 % GRAR MEFR 3] fo e A vy ) 0 A R AL S e (A

PR EAE N — R S MR RIS R, (B ik SR — e S R ) 214
TSR KT IR SRAL BCE G, 75 ZERE 5 0 80 v A 2 vy gk 2 ) 7 A6 O U e 2 1R
2 (8], MR CATERR S b R R A, TR ORI R U S P A
2, R RS X B BRI W RER RIS FE N . AN E L2 S N
FEPREBET, B B R B P A AGE IR T . FEERR AL g s,
il 25 R —FRCF R 1) /2 SR A5 R], T 1 38 b 50 S e Ry SRS AR sk P R B, s
S A BRI . FEAF LA, A BREFRRARSEI. i pEs
T EREREEA . DA AN BB LA ok, R AR AT 57

PELAVE P A 2 A R SE R EYE (GA) FIHEIESENE (ES) [36]. GA iR
R R R A A — e, RS S LB RS s R B — 7 S SRR AT IO A
RN BB A, SRR B EATROMER 538 B B R BB R L, BT SR AN
SWREE, BN R AT RIR N —RAUK. BS SRR ) R e ORI R
s, IR REMOS R E E IR . S UE MR R 2 R, A AT 5
SR BERER MK, RIFRE R AT EAR 2 1 T — AR & —i,
TG N R A v AR A PR3 HE R A A B A AR R
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2Bk EgE s, L (Coevolution) HE[37)& 5 H ML B, HAZ
O SEVAETE T R85 137 5 R S SR MR 22 1] EAF G S BT REARAS AN 4048, TR g
R R RS SR B RS, FESCERY, SRR EARE T AZE— A
B FPRE,  LEARRE B A AR 2 1) TR O SR PEAG A AT TR G Y B2 R 4K, B S 24
FREE, LR [RIFREE Z [ B R AR . F9E BT IE 40 B SR 5 v 3 W] R A ) i 2
—fR, FERXFEAMRAAT B AT TR, ek i S (R A P DASE TP i 3 B
HET LR BRI 20k A BUS TR, FEH 8L (Tic-Tac-Toe) [38]. 1#
78 vh 222 B JB kAR, (Pursuit and Evasion) [39]. i & & 555182 (Predator and Prey)
[40]. SEHT IS HFE AN (Capture The Flag) [411F1E %% (Planet Wars) [42], DA
Fe—3R 4 Ao B R ek 43).

2332 WMExYy

e o) R — SRR IR TR, RS Bl DA SO R R 22 8] B I AE R 2%
TERFR AT B35, ik B R 7 i 1 2 e MRS B i ey UL 5 L, 1A
55 o> — A SRS AR B (RS, AT DARRAE 244 1T 368 2] At R 2 T e 1) 2l £
HOP R . XARRYSRA TS 24 2 DMK - SRR e IR S - U ER A S 1Ay
PR, X SR R B T SRR R B [ — N Al AT SRR
AREE . — BT R ) 2 B R SRS R A (R 2 S, B AT DA S B
Wi A IR RIR, AT DAL () 3 it — 2P A S L S AR 45 A5 2 Y
I

— MRV, MR~ U R RO A O bR R R SRR SRR . XA R
RO VA RZ A0, ASCFF bl o AR IR M4, BB 2
BN RIRE R AR R X EERNTER TR RE R EM G, REE— 86,
PR 2 R ZMBIR R TG, ARSI 2 — A R s R 2 iy, R0
AR AT RG240 R FR R B E (AR, 2 RO i M 4 AR
SN RN AETI144], H BAERFESEIOT WA E R E R, AZE R 45 P — SR AR A,
HINGA L 2% (CNN) DARARERMIZE R ZE (RNN) o3, X2 B BT 5
RERSAR e PR U 8] LA B I _E AR RFALE

TEITF R AL RS, HEea > B BT ] DMRSE AR Py =26, I
A — 2R IR RS . SR AN RB AT B I 2 n] A K 2 21 B Xy A
Ry, IRFHAEAAAE RSB R (B b, SR, R RS Al 2 4R 1k 3)
100% HERA R, BRIz AL IR e AN rRE Y, PRI A 7K 1 5 JCTRIR 2 & Bt
PIEINRIZR-. BRIEZAh, M7 B A i RE N R AR iR, AN
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e ) i o rh,  JCHOR B S AR R A e niiexk,  RIE SR B 1Y SR g
FIREFI SR LRI 2R 2 . o N3k B2 o) i B AL 5 F 10 Hofth 2 2] Sk a0
SR ST SRR AR 11(71145), AT ATE VISR TR IR THIN R0

W T N BAR AT I 2R S DAAL, A PSS R 2 ) ) 1 AN O T N2
Bimn. —ZEPRRMIRERE,  E — ANk AL SFRE TR R R g, ToE T
i, (HAT DATE JG & 2R BRI BT B, IR BB 0 T DR b S il 2 — 1
P28 A58 SRR BRSO RN, TR 27 3 i X 28 A A0 5w DAEA T R A Iy, {51
1, DeepStack[ 47 T0 B VEFEF MR R i = AN BrBe 43 70 Y B 27 > Y1 9k = AME W 2545
2 HABGE R R EERER Continual Re-solving HIEZE A N — 1M BEAE M
LRI R Y, X AR RURE R R B AR S EPEAS A R R R, W] DAPRER
TS B HEWT . S5 — SO T N 2B i I FH WY U1 ZE 1 46), i R
WG NN FERIEE, AT el RIBAMIT N B80S 2 A R
GE—4TR . FEFNRZEME S, IR B Pt JE RS M sh VR BN i B As, i
i — A R B AR, BPRAE S VR A1, (A R 2 2R eR A A
M loss BREL, MIMAHCRIEEIZLAIZACRE IR T ok, BN, FEFE RIS, B
AL A AL ] MR 2 > N2 A B TR [RI B2 A I GRS B 1) 2 IR A rpr - 27 5) —
MG — AR, MR E AT R 02 & N AR R FH 8 SR g B [9].

2333 @iE3

Ak 2] AR S I — RO, =T R BEAR AT AR R b e SR A T B R Ak
Ritias. 5B N C AR R REA 2 ST WUER R 2, 3R > Ab 3R 2
e, A ] — s R SRR R, EX B SR JE AR SR B
e, MR EBA G A H., SRk el VE I A BMRLL B 1 ] DAy R T 5
WIEEGET . A A ) LD THRR S A AU |, —Jr i f R R AR
HIRIRZS S VE I A B AT RETE S B4R, o5 — 7 T s 20 1 By sl e R Al e
AR SR A > — EOR IR Al ST SEIA Z —, X2 B2 2] el Bl sk A
e — i, ] DUE g Rk > iU HEZL BT A

—MORUL, SR RN H R BRI (MDP) . FEREM I D,
B T —ANIRAS, B R AR TR BARRSTE— NI 17301E, RSN R R —4
PR B AR e A— 2, X AR AR AN 2 ARG R B R T, B
TR S MR RAREBIVER K. YIRBERE AR T A i, 38 SRk A

(Generalized policy interation) i i Bl AFIII S >R i 0 TR W DA KORT I (L bR X HEL(H
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PREFR IR RSB IR S ERT R I 0 g . XA H 2 R R R AR,
ZEEE TR RS A PR EC [0 X 22 Bellman R R SR ke 0 SRS FIMEL R 4K

HERBFEETETHEA (model-based) WIHIA, FNEFFEZFLHE MDP #Y
SERIERAL, IRMITERZEUG LS, ABIEBAALR AR, BT AT 68 Jot
A (model-free) MYSYA, Wit HIFIAS AL HWERBHRIAT22>] . b2z 2] iy Jotss
RUBSAW DAA R, BETEM AR TR 0 k. B TER &R EE il
FETIRSECE RS A, RGET XN EIR B i ahfE, il SEkbs
(PSRN . X TAREERAS A A FRAYIREE, (E pR T DA 3 FIE AR 20, B4 T ARxT
W BARIERES, X FEFRANITER (tabular) F¥E[27]. MRS QAT S0 B (E pR £k,
I DARHTREE S NILE, SRR (MC) B3R TR MY HPRAS IR g m Btk
fi R EH Y AT (E R AL, MY 225y (D) BRETX— BRI~ —RE
I EAG T AR B R Uas I E R a k. 7EScierh, PP REHEEN T ER A, o
PANAT—# R T TD (HHEFRER, il Q-learning Bk, XS TAREEIR A2 [H]
R, ToR AR AIE A A R B3, ] DASE AT R BOR U A E R B, i,
DQN #¥5 & Q-learning BRI S, & 60 HI VR BEAH 2 M 48 R ARSI E R, FHAE
Atari PR EARE] T AZEKAP47].

BT RIS EVE @ 7 — R IOBAE, IR MG TR BE 2% 2] 1Y K R Wi ok 33
BV, XRFEEHHE T REYS, @ RPN IR R, e ) SR
BEARAY, XRBEVE N2 REINFORCE[48], JoRAESEEERIN mal, K85 IS4
RIEEEPEER, B ERS2bs BHIEa AR loss eREL. KT, 2R 3T SmE
FRSAMRRKI T2, WHRENHE—HEE T actor-critic RINFIEM49], —HH actor
K2E I SEAI RN, — ] critic SREEI{EMREL. XHFE, actor TERTFIRMSHS, B DA
W2 critic PEARIPRISANE, I/ NRESSIENER )7 2. actor-critic RINEEAVF
Z7AK, Hh, DDPG BYEREZZhVE 2 B By R AT AL B, @A) actor i i Ay 5K
W3 TR 2 o 1T P e 7 SR I T 2 Bl A TR) AR AR R BE (501, A3C BEAE R 4
MBI, K2 actor HATHBITEAF GRS, [FIN 55 A BRERTE, 75
TES H PR ERRE, SRS EE] learner FEREFR, MM KIEHR & T UIZBER51].
IMPALA B2 5 — A fisliEyE, 16 ASC Bk Eal DT Tekai52], HAwkt
PR )@ 7E 4 NI ZRINE,  actor SEFs RAEEEH B LSBT BB IS T learner #EFR
SO RS AL, AR THABREE ERiRZE, ML IMPALA BETE loss pRELH
I V-trace, MHFHERILERS loss HEATIRE, MM TRAN 7 SE0E R HHH K B
JERZE, TRPO SFYAIS3IF PPO HIAGAIME A3C ByAmEA L, (IR s gt —
Ak, T HINBRIGRAVER loss BRALEATSRME BB, BB R AR 22 W] BB KR 2 i)
MHIRIE PRI, MG ATRE. A, TRPO FIEMH T — 1B UH R
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0 (surrogate loss) , FFHSECT B B cat B 5 R T 24 BISRIE S BT I R e i 1
B, SIATHIHRIGHR KL BUZ, HEEH Bt eBEs ks 24, ppo BRI
— AR TR, I E R TR, e Il R R R AL H
Hi PPO Bkl T HINZMEETE, CABUNE T RIS RL2E > R P R E k.

2334 ZEEEKFIEE

1522 B HE IR BRI 2 ST AR 5 BB RE A RS R R —FE . PRGN B BRI 4T R 40
SR M AR R ARG S, (SRR RRIAI LA R E, T BB,
FIERE BRI TR R AR SR AR [l 02, 2R RRIRY St 25> R BLRE N T30t
Sy fifi, HCngn g fEe5]. A LB T I SR AR A ST, X IR
FUH T IARIERR AT RGP il HIM LB .

Regret Matching 55456142 3K fift 1F 0 2 165 2 400 359 4 A 1 — AR 15 PR AR 00
WA, XA, IR Z S RE I TR, IR — R H o Rk
HAbSHERIGE A B BRI, 55t tt, T8 BE e A S V) i
P, HAET— B S 2T e R e A s, a3 sst i/ ML
(CFR) BEIp7HE— R Hy R T R ged, 2RO 2 8h R IEE 0
SRR TR, SR, JRIAH CFR AR S — 50k A il B AR 2R AT,
1 HLF SRR AR R A REIS, IR R, TesR Y R B BRItk . B
FENMRE TIFZ CFR FyEA ORI E HATE R . CFR+FYA[58]H1 Discounted CFR
SEI59I6 2 BB AR U At IR HEA TR 8, I B —Fe A AC R SR T AR TR E X
RIIARL, AT YNGR SO FE AR B, I TR Zhid f2 . MCCFR H¥A[60]
e iR I R BE— T AR, MM CFR BT DA OIS gom B R,
HOR BB BENLAT SR, SRR HEA T R ok TARKM Iy 22, AR EE
Z BRI A GRS, HX 5 58 i Dy AR R (W s 1) TR B9 AH L w] DA, A
R RETI AT AE ., VR-MCCFR FYA[61HE MCCFR FARYE:AN E5 I A—AHIfE
FAERE RO BRI RS, MM T MCCFR XHEZER I T R
K2, B2 CFR AR AR AT RIfR62], -6 F 3 Qe [ml U e
B BT LR ER(639R B/ CFR VA I )R LA FERY, (BRI S i a4k DA
STHE R B TR T B L R AN B, HEREMAM %S CFR BEML G
[6411651[66116712 5, ARASHY &k A S A PRE T AL TR T ANREE, BT IR
ZM LI CFR B R T2 BiAS (R s th At SRR L Bt D Uk DA S %
AN, (X AR J RGeS T e S8 A i 45 51 1.
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TSP IEN 2 BB IRIREE T, REFRA BB IR SR Ab 24 > B 5 H R R R AR S A thn]
PASRARAN A4 . X —RBEE PR A2 N TSI Fictitious Play (FP) %
Wi68], Wi IBATRR, LR R ARER T A B X a2 T3 SR 1) e L S e
WXF, M F LB TN Af# . Fictitous self play 23% (FSP) [6910F—#-45 Hy e 5
Ty R, AT AR Z 20 Bl & HlEK . Neural FSP 534 (NFSP) [701f# H
i1 28 10 45 A Ry SR R 2R A Ak B B KRB ) i 8k, (5 P B P >0 SR SR e D SRS X
e B 24 2] e B2 SRS AR Z . Double oracle (DO) BYE[71IM G 23 8] ) —A>
TR, BT A YRS S N N, SRR A SR A
£A, RAEREES 2 78 B A i, PSRO SHYA[721%) FSP #1 DO &
T T LG —, BRI R — R, AR5 T AR ASE G O A
SR R T I N —ASF R, A RRS T, AEXFEWHEZE TR, DO Al
FSP #F A AB 2 PSRO SR EARSEH], H2 BB TN LR Skms i) 7 2O [ i
. MAELES, JZEEEEA R T RL BEaqir— a0, MRBIEGh R
FEXT F-HEF T R SR AR A Il 25 . 3 BLAASEZ it g 42 36 T 0 LA SR s A5 AR 22 Fil,
T SE B HRE I HT B AR LB

(1) FPFEBXZE, BB AR R X T

(2) DA AXFFE, s — Bt ) PRAF RS2 i Bl AL — Ao T2 73];

(3) FETFBEN AXIZE, QIEZAREZRBUWFEE, AP SR 6 B
OB AR BB E Rt T (71747

(4) FEETHBRIN AXTFR, ARPEXT R B DA SRt 1 2 I B G i A A
FXFF9].

Hu B IZE, 73X HAT (CTDE) HESLE 2B BRI R Hh 7 — KA AT EE
MERE, X BEEAE VSR BRI I Oy 2, TRAS I AN R IR AR AN
B aRfE R, G Ag S G710, 7ESE bR AT A B 2 =X o =X,
AR HA N B O IWRE R, MG IR 5 S IR, B ke —Fhl
SR RS M (S S A AR Y [ YA 8 (W ML B B N T B A AR A S I R
AEAREIS:, AR A SRS S R g . o, B TER CTDE
VAR R4 (VDN) BYA[75)R1 QMIX S3k(76], BEA1#E DQN Sk TAbB
ZR R ATERB AR, XA EEEH B — A ORI RN B R L, 1
ZEREO BB R Re R B SN 4 sk g R B R s E T, A
P 4 SR A BLX FP AT~ QMIX FVEIRTESS & TR 45 5 LT RSN PRI i) 55 otk
3. MADDPG BIA[77)2 5 T3Em&) CTDE 3%, ¥ DDPG Hiky BE 728 ek
i, ZE T, B RRAREAA O R SRS 2RI I 2% DA K H B Kl R R
JIT AR BT DAS H 60 5 A sk 2B 38 e () 0, ] AR SRS T AP S AR A . A4S
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B BB A P 28 AN (SCRE 22 TR BE AR ORI VR R A, 341 Al R B A SO0 T AR 2y T
YERBIA, FEAF LRI R T4k, COMA BE[781RFFNEIY actor-critic BYEY”
R T i AaEM 2 ANsetr, RUEICE & et e R SRR 2 M R . BRI g —1
SEREM S, T —A 5= 52 0 FEE R BOR AN R B BB A4 o 22, B R HE
s M W B K 2 5 B A B M o A a0 B SR AR 28 4 T B i B 2 )

2.4 R Al IR IR

R —kE NARSE R R, HAGBAMNEIR. R R A reward Fhiff .
fER 5 S 2 . RS PR B R LR S5 T ISR A, R Y
KREGBEFEOE. BUARIRRRE AL R SER BT € XA LR, WM
Mz gs . B4,

241 ERZRREBESITHGE

Sato[ 79E 3 /AT AR TR I KX S8,  BE5 R FR T ARTRILK I K
REL ., ZCEEATTENEARTRSE, YRR T IRV AZ RS B~ . A
Wi A BTS2 TR . DASCIEA, s RS

21 H LG R A N0 VR BCHE Z A S ) A 6 2 T P W 58 W e I 1% M 1 1 24038
SEBSF. A HARRCRLESE S, BANBuER ] AR, B Jmnt R 45 R 551 Bu 4R
SHTEMEIAR . B S Y EURm I, s Ak, L N=34
Ze, KT 12600 43 AR5 2=, /T 12600 KT 1000 AH14-22, /INT 1000 40 /N 22,
B CERFHE R PRI 1-10 3R, BBy NESC oK, BRSPS
MILHEA MOERIARB, INr2E. harZe. RaZEX NI SE5 38 8. 9. 7,
R TR 5T . M4 BU5A A PRR TR ML, Nr2e . Har2e. RAr2E%t i r fi
BISEOTR 2. 4. 6, BT, YIEE R R —IRBENS B S &ES KRN
ROrZEmE, BORMB M S 808 1, B f e TR

FIBT B 2 BT S A LR R i R . (1 T RRRFRL I A Jey A
BT AR AR, AEAE W] DA S SR B A B 46 T A U B8 PT AT 3 Be 2 W ) ] e
PE. WA ART = 0.07a + 0.73b + 1.73c + 1.68d + 1.74e + 5.45 , it
SEBLGAEA ] 1] 5 P R A U ESOR PEAL B 8 W R W] R . a FORTE 1-3 B BL K e Ae
FRIURER, b FRRTE 4-6 Bl P I K B RAIREL, ¢ RRTE 7-9 el th B KU R 4R,
d FRTE 10-12 B Br FK MR EL, e FnAE 13 B B K B M. T
KRBT W LR A] REERRK
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M IegGE et FAR AT I KW R T REPE S, T RURCRE S S R 171T DA
HEAE 2415 ] TR I K. Bghingk 2.2, B, SICREIT 4. 5. 6 1, &
WA BCFAT G S 4, 5, 6 A KR XS fmh 12.3. Frid X RE 2.
3. 4. 5 54 HXFR3. 4. 5. 6 55 HXFR. PAMSEHERT DAVFAETT thAS [F] s XU 14

£ 2.2 FTH XU EAE[79]

Discarded tile of the player Risk
4,5, and 6 with no relation to discarded tiles of other players 123
4,5, and 6 with half relation to discarded tiles of other players 7.0
3 and 7 with no relation to discarded tiles of other players 7.1
2 and 8 with no relation to discarded tiles of other players 70
1 and 9 with no relation to discarded tiles of other players 63
3, 7 with relation to discarded tiles of other players 5.5
2, 8 with relation to discarded tiles other players 4.8
1,9 with relation to discarded tiles other players 29
Winds and Dragons which can be used only for eye or meld 34
Winds and Dragons which can be used only for eye 09

242 WEZEIMWMEMER S E

Mizukami[8OPRFRRRE AL Fr50 APDERr: BN BRRFSEFN T3, DA St 58
BEBCS B SFPIAS T . FEF MR SR, i?" Al REEH O T MM R TE oL, RIRF
) R 1 A0 Ay B N BRI ., I 2% 2] (Supervised Learning) Y5 E[811TTHE
H O 1T RE DS Qnnr S5 A A e IS 7T h%ﬁﬁjﬁﬂ’ﬁﬂﬁﬁﬁlﬁo FIEIF, Al FEERE
TR, (3 R AR Pak 2] Euri R, e BT 2 JE A T @i
X, AT EBEHECRA Logistic 181V A IT 7 AT RENTAIRE, - I o5 — MSALH|
WX B B0 KV AE T BB AR 2, WS 45 G R B B 2EA 758 R R 48R (Monte
Carlo Search) , &5 B Ik SRR <F (Mg sk, SCE I ) HE BR b 3o 58 55 br U3k 5 1R
R AL HIKTE W) & R UEZRRCRE AT BIPRSRKF, ZVIE AR T 62.1%.

Gao 45 & B S ARG R 2 M 4%(82]  (Convolutional Neural Network)
AN [ 0 R D SRABE TR I 0k S ) R 28 3 B BEA TN R, FE HRR R US55 1Y xﬁl%
B, SRR K RSN 4 * 34 1Y One-Hot B, FH¥XT R AMER, &
TR A CRY TR P T hd r Kk . BT B K I g DA A DY A7 B 2 24w ?Hﬁ%ﬁ
85, PRECNINER 2.3 B IrR i RHE, H RS 3 )2 5%2 BRUZM 2 B
JERFHRIE R 2%, R IZREAT AT R =S S R S A T = A S R 28 AT
IR, DA 1L R PSR B I TARMEH] T H R CE- & R3] B SL BB K
(%t R A T A R gk, 5B R S Bt R E UM EE, 3% AR A T A ek
BT 68.8%, MZ. REMAIHERFR KB T 90.4%H 88.2%. LS, ZAEFH EELAL
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SR ARHESS ) 2 BN 22 M 28 AL [84], #E—4RTH T i MRAYHERG =, Gk E)
70.44%.

£ 2.3 Wy AJFIE

FFIE SGREE]

H o 1
JITA B o8 S vh 5 4
T A B ok () i 4
FIHER 1
NASETE SN 3
Bl XL 1
TR 1
xR 1FH 13
K 2 Tl 9
MK 3 FH 9
MK 4 FH 9

243 REBUFEINAGE

2020 4F, WACEINBIFERBE T A T Suphx FEFF(45], HITREESRALE: ) D r ERRFR,
FIM T REZBIIRANRIAK . Suphx &k T TSI R A Sl iR, X 2 R 25 4
A E]— I N RIS A SRR H o T 96k, RN 2.6 . BEAIIZR
FEAFEMAErBE. 26— BN B TGN T A FIRELRES K Resnet HmE R 2%,
BRI R, WZRR . B FRLASGLERAMGS, TSRS A 1ok B ST
DLZEXRM 4 100 2 1.5 % 107 ARSSNIER. EH W B, MR 2 5K
MR SR A A R A2 TSR, R SRIRAE SRR SR o B SRk r) R b B30 1 A I
W AS IR, - SRR LSRN E . IGRad AR, S5y Hh
HRPHRASIPSRRAR T, IR LT S AU BORIEER Rl . TR
H— Rl R AR R, RARRES R IR, IR PR 82 m]
RE S MRKAYSE M Ji XA, A1 9 ) I vl BER IO SO R SR LAIE 2. e, 3k
NG, BRI AR R A AT B B E, 1R A 4R SRRl
%, BT E ML Z G RMAr. XA4 RS Rl A ) 25 1 2 55 A
WBr e ST B NSRBI A 2N 8. O 1 RERSAE ARS8 645 B 37 Mk, Suphx &
ST — A oracle guiding HYBEAR, FEVNZRAY— TR DL A ] LY A5 S B fe i 4h
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BRI R, SR S TR AR A, (R DI ZRAYEA T2 e DX 25 45 B
B, Kf—A LA LA R LA N — < A Pl L5 S A,

Other player
discards a tile

finning Model:
Yes Ves Win or not? Yes| Round aver
Win by other No No
players{AddKong) 2
Yes Chow Model:
Yes Whether/What to

e action | Chow?

Kong?
es» Make Kong No

Pong Model:
Take the

proposed action

Declare a N e
Riichi State 3 Shhhied s
okong >-Yes hether to Kong?

Proposed action

interrupted by other d—‘-‘

players?

Draw a tile

Pr the acti

opose the action 5ot e

with the largest
fid gEeste;

Yves | confidencesco re

0
Other players take actions, or
round ends with no wall tiles left Other players take actions

¥ 2.6 Suphx P27 e SCATHRRAAE, S (R7n R B SR I 2545521 45](7)

FESEHTRT R, Suphx A FlE e SCRHR SR AR 5 TN SREME I 28 A 45 A R BB 1E.
SR, P T IRREBE—58 AO R T R R 2 B3 S M B A 50 11 SR W 2 i [ St A 2 R SF
Suphx 7EEE— 56X R A B IHEAE F pMCPA B3 B 5 R S M AR 2R A ] . B Sl
X R TGS Suphx SEREMURE XS T JLALTFRE, SR I R B AR 1) T AR Al — B 52 30
Jay, XTI AR Y SRS AR T SRR B SR A SO, B R o S AR AR S g b 3|
T—Jm. LR, Suphx HE2RHEA S IR T HADRR: Al MALELR,
B — 44 S AR RN N AR AL TAE SR ATHISL B 5 —— KRG
[85].F, Suphx T T 99.99%MI AN ZE1ET, - H LI EEFHUS 78 @i ke Befr, L
R T AT LT RRCRE AL

F 2.4 Suphx SEH4EH45]

1 stRank | 2 .aRank | 3dRank | 4 mRank | Win Rate | Deal-in Rate
Bakuuchi 28.0% 26.2% 23.2% 22.4% 23.01% 12.16%
NAGA 25.6% 27.2% 25.9% 21.1% 22.69% 11.42%
Top human 28.0% 26.8% 24.7% 20.5% - -
Suphx 29.3% 27.5% 24.4% 18.7% 22.83% 10.6%
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2022 FWEIN Al L3 =TT T 4K FEP 8O AUNRRRE, HF actor-critic FHIEF
CFR JEAHMIZE G, FTM T AREEITK, 2023 4, BIRA4 2 Lucky] FEF(86] 9 A2 1E
H AR R K-G85 Lk 2 Fa g BT 10.68 B, RIHT 1 AT AERRRFATEES: A B 4%
S, PCRTIAAE E BRI T 305 78 P A T 6 A EAR B BT, BRSO
SR T0 R Bl 3 P PR AL

;B_ —' =2 Z3~mf 5 3P AT NP p? RE_W 4S5 N 3C F
S EIiFifiidixdaxvd B
Y Width
2%‘11100001000001000
M " . lolojo|o|o|o(ofNo|oo|o|ofEl¥ o 0|0
we 5
W 0 000O0O0OO0OO0OT11IO0O0OO0OO0OO0OO0O0O00O0
18 000O0O0OOOOUODOU OO OO OOO0O0TO0

s Value net

ﬁ Residual block

E Residual block

o —|

= Residual block

&

E | | —

Policy net

©000000

'/ Q P osition [2,1] H. H
,‘J 9 is_ready [2,2] —». Lop|
/ @@ Bonus 28] —» ’

Builtin  Lastaction [2,105] — ,”

(0)
Kl 2.7 “iRi45H4(86]

NG LERI AN 2.7 B, Hids 2 eI 4R T — SR E N 25 1 R e i,
FEAE SR Jey v R EAT B YR A I 28 i ) A S EA TR . SR A (B R 25 1 I R BT
ACH %%, 7 Neural Weighted CFR BIATESE B P 9284, 10 J5 5 (B B w]
PAM BB AT 394 . AR, [EMZRINEE B AR T ATk & st i 4, T
g P28 2k B An e N T s ME R THEHRE, WaIEESR RL gk PRI R ITIL
B, 3K R SRR A AR I 25 A 4 B CIRAS T ANE T L, s iR (AR
LG R BESE P LB R, AT DAIE F T 288953 728 actor—critic YIIZFHESE
. AR IR AR o RO B e Y, SR L X 2ok AR N s . 5K
o R A s 5 Ho i A 2 > RN SR R BEAA AR L, TSR DL T B XS T 2%
PG, Jf HAES ALK —X—M S U 7t AJE 1K,
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2.5 iRIEEY

AR~ 2] (Curriculum Learning) 1 Montreal KX2#H) Bengio 1812047 1 BALE 2009 4
) ICML 4, se—Fhillgrsiems, #li NEBE TAR7 Iy, ARAENES)
AR B TAE 55 EIEF TNk, PRI AL 2 5 R MER Bl sl TR 55 B IZR(19], XA

“HMZEME BUNGRISTE AZRB R HRE I, G0, — D% 2 i SR iR
SRR S AT, BLE R KRS, AREERMARS. R, Eobldss: Bkt
AR M EEALR NSRBI, Z2ms TARAS R XE RS SECAG Y BRRES . IR IE AR

B — PG WAE, Sublgs T iIgeseng. AR 2.8 KB or2E
55000, W), WRRESITE TR B —A/ T EIGRECR,  BISERARIG 1
R B IT . SRS TR . BEERBII R BERE, PRAR A IR A TAR il
MTHEZ X WEBETEMER R, XIOT AR AT AR ERE RS . %
J&, VRS A RSN B S AT U1 2%

FRIRSRA AR, TR A LA R A X143 (89):

Original Curriculum Learning[18]

—NREERTE T B Hlge b — R 5 ZbriE C=<Q1,...,Q¢,...,QT> fg—
AFrifE Qt#R R HAn LR POR—MEHIAL Qt(z)=Wt(2)P(2), z "] et —
ANGAEPRIREAS, FF B R AN =51

a) F—HUIFERR AW, HQt)<H(Qt+1)

b) FAFEAEARIN. Wt(2)<=Wt+1(2)

c) B T BAriEET IS, QT(2)=P(2)

00 Q Q ) O
Q0 . o>3 o ( Model
O O O O

e

|
°0 *OlE | eolER
@ % @%»0N |(@%REtH) s
small & easy larger & harder whole training
subset subset dataset
& Qe Qe =k Curriculum

L

Training process

K 2.8 IRAR2E MR B [88]
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BRI R Z AR B R N8, i T8 — 2 ry ik
SRR NEOE FEAE R S R b i W, 56 AN SR AR A% B W I A
A, FEONGERNAWEI, 5 =S AR V% i B W REAS BT A S RV 1%
ST HRIGRE. AR B AR & L, WAERZHAR, A5
FRMELANG 2, BUANTEZAT S-SR, A0 2 IRAIE 3 2, (H2 il & B 2RSS
LSRN, SE3 1 N GRuE R 28 5 B IR MR 9 . Toe iy — sl se
7E .

Data-level Generalized Curriculum Learning

Blr T E— MRS =AM, — R TR T BLd s T IR — &R
H AR SRR BRI AL PR e — 4 BERAR VI RS 2R ) SR g

JEEEN T SERRR S T B E,  CRFIRAR S M By E SR TR, R E SO
)2 A 21 SE A R RO

Generalized Curriculum Learning

— D IREERTE T LS T NG — R IUbRE, A AR ERR L E L2 T AL
GAROCRABOT, W EARTAELDE, £, RAMAR, 5 Hin%.

251 BREZFINEESTT

KT A ERRESE T n] AR b2 ST B R P RE_EAGER T, LA R SE BNk,
H AT M LB AP A, B AL A B BRASE A F E

2511 HBMUBE

AR ) ] DAEE VR 2 — Dl 457, (continuation method) , & —FPEF Rk
M AR PLAL SRS . AR & 2.9 BN, BRARSE S SEAE— TP AR Ak, AR
JE BRI T, MR A s Bk, ELRIAE B AR B SE A fk. &40
TR A, @R, SerEmm-Figm i@l -3 s R E,
S A R R sl . RS ) B UL B PR B R e Ui R A
W RIPZALRE )], A RERE T AR i, M, DB IRER S )
22> BAnEE— 14k, NIEZ: B b ig gtz my s ).
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K 2.9 PRR ST EIESET88]

2512 HESHEE

REEAA T N GRRRIR) iz, A Z A B R b g M P s 5 S R e A
PR > SR S AE (] FR A A S S22 INFIR), AT akE S 7 IR X R MR A el iR 2t 22
ISTE], AT SEERNZRAE . RSB e e, & 20l g8 A BRI
M Z BRI ZE

WA 2.10 7%, QRCREIR S LA B R AR AR ALV R RS, T F IR SR A
FERVBARAVEREREAS, IR A BRERSE T i S M AR EEREAS R T 4622 2] (H s i)
THRIE S IRES EEREA PR (NS oh) . BN e n] AR ZR 8 A —
AIBORAEFFS, AN EFR, Al —RSUREE . B U A R A i B
AR BTy Rds, P (RER) AUERAYR R ESS R R BT A RdE . — 165G
T IEAS R (RAEEE) BARABCE, BT e B G LA (PR BdlE) &
R, R — IR R LT HAn A, SR AR R, H 2 4
BAn BAMFERCE, EassRTIIGRED . Sl —RIRFEDHREHTAE, PREE
=2 ] DA/ IR B SRR 1

BEAh, RS ST AR TR R H AR UM S 5 /M, 4T AR,
A IR, FATAT DA T IR T A% O SEAR R AL LK Prargete) _F oFTI00 X6 B
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AMERIAL S5 IRGE TR B BB O 2 2 IR, b 8l e/ MU IR 14 2 B 51
KHTHH).

Kl 2.10 A 5> 16 F R R R4 > [88)

2,52 REZFIHINA

BT 2.5.1 A RUREE TR A, FATT AT AR PRAR 2 T O R H B2 A
R BETHAMAME, BT AT SUNGAES B a] b 2 5000 6 BAY X skt
Fr#eslh HTEARImAr AR, AR L R T e BAR BRI DX, AT 22 g
FERRR T, AR I RE M=l DA ST AU . AARTE S ALRE, smfbes>d
ARG )RS WG BRI S, PRARS I 00 B T By~
SHE (BCRHUE) I MUTCB AT 55 . IR 2T I T2 A B HORH R 1 3 L3
MW 2.7 Fis.
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2.7 VRS T T B B HOA I DILAE 1 37 55t

H Y ROR ik 51
M2 il RL. Z4E55
e FEYZRAT LASE BOEE | HARAT 55 R IAAEEL | 22°) . GAN IIZk; 9
EFIFRR AR A S BEIVANIV N Wi
RIS
5 M B BTC B 2
S (EYIZREEpe, e | HAME, B Ay | . BARES AT
Al Ak 21 SEBARIATSS | 55 (RRZbILaR
RS

2.52.1 XH&#ITE S

XFF IRMEG R B H M55, EARAE B & S S0 R P RE R I el
FERE AN . BREESA T SR T DA L 5 [ A 28 A T BT 55 B IR AT 55 o O, A s
RAEWMEAE 55 E RN E /. BN AL 5525 > AR BEHL eI 2R 55 B WP A E
KRN NAHRCR,  (F i i PRER S ] SR () SR IR AT 55 A R AR AL 55
ARSI RE AR T HL, XTRLE H AR R YNGR AR 22 AL 55
REESA T BT S e 5 | R LB B H s . — A UM ST 55 2 SUiT A%,
SEAEA T RPRMERARR A U (PR AARSUEA —@E M) Bk, RIEHERE bR
PRTERE Y A ARk Bt — 22Nk, SRR 2 0 RIS A B, BN
CANIBEA T

2522 g

XS R B 2 MRS, PRAESE TSR n] AT B 2eme, A s
gk, IRV EEEAR, AR . T X ARSI IR T W — AT R 2
FZNLATEIFENMT), HBRRAE R | RIS T3 i B A e B S ook . X R —
A TRIEE TR KA, AR EICATEASH, W HA R R SRR it
AFE B PEEE. AN, NMT SR mo) W IIGEAERER 1Y, ik, BREEET B4
AT NMT ARSI Rl R b A0, BRRESe m PR RE S RE S RIS, [AlAE, IRAE~)

31



T AEBER B 5 TAER FE SIS R

A T HoAt A e s R A R Y B ANTE S AT, A A AE S B, KRR
B, PO, S IE CV RS AR,

2.6 AEING

AEE AT LA T TR AR SCEHIAR ¢ TARIEAT 12 BEARIBRRE A 455 A L,
e AL B EBUR, BARET ARERAY Tk, BT R IEME T2 e K
B ALIBFTEBUR, WIRRT L RAW BRI, eI s & m g By
AEIE, FFCRAERETIRE A WA BB TSRO &gl AT R
AR, HRTARRR S T A R T 70, 3R SRIE Y, ASCRF R IA AR 3L
e QA e PR ) BN ZR07 SR B AR B0 FE RS RRRs 5 Al 27 ~) AT R R IZRESCR
1.
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FEBRRRAT AT 5l > B IRAR 7 ) IR0 BT

=T EARRE Al BLETNREE IS FRiE

ANFRE A A EARBRARS AL 34k~ A ERER S T N 207 SRyt . i seidad A
FEBRMCRE AT 547 > YNGR XE R RBRIA TR A TR BT 75 2 BRI A, 2 )5
BRI UG AN e A T PR T TR e R PR FR A ]
FREREIEE Y R AT

3.1 EwREE Al SR EI NSRS FTE

AT L AT IICAT ERRARART AT HEBE o e ~) AT RYSRBL. sifbss ] PREE S
AT BERTURAR hoit o 2] AT B9 R UA ARSI = [ AR RRF AT s Ak oz )l Zhad R by 5
AT R MCRE AT 5425 > I ZRME RE RIS A

3.1.1 Botzone f£%k Al It ES

Botzone TR Z B Mt Al RECAT-G12]02 B Abnt KA N LR Rese i 2 T A /Y
EART G, %G BERME— A EH AW, PO R SRFEE S &AL
BRER e MAE AR b R, Hrp RS RSk, T (Gomoku) .
[FACEL (Ataxx) . R (Chess) MIEHL (Go) ; ARiExk, Wn=j-E=AA0HE H K.
FRBRRFAE N RIRRRE, DA B A AR (Atari) , WIZEAFIHESEREK. H
PR AR A TR Y EAE 3G b, FRFPPRCA Bot. L EMATIEAEF- & T & B A -
MY, Bot BT A [F]— ek H AR AT oAt Bot #EATIERR . %P8 SR AT
ZH Bot Z [HJFEATXIEE, SR NI R Z [BIRAH BT K. HeAb, Botzone 3B 45 # 5T
INEH,  ZEIPPRANT Y 22 HE SR AR BRI A (AT ARAS B RE AR BB T Y T BE

YERBATFR I E A, BRI B4R O A e, fFEXE, R T RER
[FIFP BB AL B2)7 AR REidE . 3R g EIRRRRE AL Fh2RRE R 43 5
TLRAR . MR, WE g X LR, AR A Se et 1
REMFEIGORL,  HFATDO EFRBRARE B BRI T T R SEA AL
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FEIRRIRRF AT 5y ) B AR ) N7 it

3.1.2 |JCAI BfrRiE Al Lk EiR{L =S Al R

T E BRI B T SRR S, S TR B E AR BRIk A A L3 Ge At
R4, HREMABERN TR RRBEIENE IWER, ARE1=T 2020 4F. 2022
AEAN 2023 4EAE LICAL 2890 T 3 3 EARBRRF N TR BE LU FR(87]. A 1 ol By it % 1y il
BUPEI3RAG X 2 SRR B A S HERR (W HEA T4, FRATTSRI T S48 A= U e il i 45
AR, B Y4 TR R R R A A AT A AT R, TR AR
SR FRRI A TR, —2HPN R Btk — L3k T 24 S LU SR — 4R T . XFpr X
A DA RO S E SR M R A . B 5e SR HIVE N o = 2 IR R 4, fh
Do E MO T B e o B — A AU A, TR T 2 AR L SR HE A 1 A
JF, E SRR A AEEER I . AR =R N T B SR HER BT 16 KR BE
PR BT B R B2 A R & 3.1 . 2020 4F 0 78 2 T A fd ) alisim Ak 27 > 3T 445,
RE TSI RAECR, K8 Tl BB R KT, R AT T
FHA R R Bl b, XS FRATRAE S FE S T DU /R . TR T 2020 4F:
(1568 22 T BA ASL, i AT A i 4lisim fb 2 > W BARLAE LU SR Pt A T 7S5, T e 7R
AR L SR LR SE VA I AR b2 ST i BMALEEAHT 16 24, H AT 0L, fi sk
> fift ok L B SRR 7 R P 2
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3.1.3 SEUEIRES Al BERIREFRUES Al R

FE B TR AT BRI b, AR T R IR a2 > EA T Tl B
BABABEFNEL, AN Eh 2T 245 . KR %L Reward BB PAK
SRR, (HEREARA BUSHUE R RORE,  SARUITRRCRAEAIA 8
IR TH W TS R R RER, TR FAE A B SR B S A, 27
AT N ZRRCR A TS 158 T B4 Tl 2R 5 IR AR AN SR T R REIAA 5 M 1)
THZREAL VA BN Gritt AT — Bt la) g Sl AR, 7= A2 DA EBRR A BRI 2 H (FAE T
—/Nh AT

3.1.4  E#REFRE Al B E 202 R

EINGRERRBRE AL e, EBEWMER] T RSB FSCRAEN IS &
9, R st I BB TR, K5 2030 R AL Reward E A B BT AR A A
B EWPE,  H IR ST SRAGI 2 PR AL Reward B 2R JF IR HORN ETHRGIE 0L, XAl RE2
A THE AR, REAR D B R TR IEEE 3 2 Toik E IR E A A RE
WO R IS S AR A B B RS Rl A REAN R, SR AE )i R4 Reward i 2%
R FH R A E T ST R4 2 # (Learning Rate) , 272 BRI %
Jili ek %L Reward HI £R B8 I THE A58 SRIRIZL BN ZE IR, X AT BE 2 PR 2 2] Fad K3 ppo
IS BEAER clip Z Bt & nlfE, MIm-FEONGArsL. st ME)I 95 mIRRORE AT /Y
RIITFRAT LI H_EWr B2 i 6 58 Reward 20 ] T — @ WZREAL, POMIZAE—E 2
/N ETE, FEVNGRRTIANE CARIRRIN,, S BHE S AT RERZREAT Y 7 )2~ SEBEFIRAY
Bz 2 AR . 2 EEE G HOT H A2, AHE A -~ )l
SR W 28 FIE M 26 2 e Se I G b2 ST FRE 2B SRR 21 728 )5 22 R A0 N 5,
ERS ey e o

3.1.5 BRI Al BUEIEE X EE ST

FR B SO E R RRE AL 5k S R 22l SR, 4 R B i E AR R AL
R ZE FEZ 2 AN .

S RHE H AR AP 2 A T B0k B AR ARG, ARSI AT I3F ™)
3 botzone[ 16]UA K N ZEJRRE %t 55 W 35 MahjongSoft[ 171/ SRS, fEirg KT 4 %

35



FEBRRRAT AT 5l > B IRAR 7 ) IR0 BT

MEBRFEME, HEAE—MFME Za=08" (MR EUIRKREN 1/ =§
i, ite6#) (K32 , T 68 IRmAIEXmEHE Y 17.51%0A K 10 T7 Rk
AT(1JCAT2020 FEIFRIBRRF LEFEER—24 , 7K P43 E FR BRAF ML 2 T) %R 1 iy 22.61%
PFIRME, HEZ B =R/ ME “TR—0”  (H—Fh e R 72U AR R 2H 1)
M, e (B3.3) , HlET 68 TR AIS REIE TR 12.32% A K 10 J7 iR Al
X R AR T ) 9.02% ) AR SRS . X AR FIFEA T M EHFRR: ==
T LR =M = AN, T R W REREA =R — . W
Frant E B F XA Lz K, i E bR IHE it 80 NFFh, 5L EF WS
T 204, HAHE Z AHWAFFEAR R AR ERA AR, SEEE S R AR
B Al 2 2G5 4200 B AR 8, HoAth i Rk — e RAAAE ) B H AR Al
ARy 2 B, Bianph 5= o = Bo gk oA Bt —Fh B AR, TR RIUEAT R
B R B O e AT B BN A, (RS H AR KA X 2 5 . 1A AR R
WSk, — BAREE T — LRI AT TR EZ )G, R AR
RRFEEER R T, Fr AR LI ) e S ) S AR R B e T 3% Rl ke A AR ek
5%, XX AL HIRTRE 4 TR K,

IR SR N b 40 o Jh Yo N N NP 3

Kl 3.2 IR—OHEFMRE (—FIEERY LU A IR B AR

s s sl

K 3.3 ZE=HRmBEMNE (CMEEFEIRKGEN 1 A = 1)

5 R T EARRRCRHR R e SRR . AR 10 J7 R AL X R 2 T4 AT,
FAITAEES], I 95%RY5E Al X RIFEE/D 7 Blé (—H&EZ UL ETHME)
KA EARRIRBIFIMLIRAS (&1 3.4) . MIRRKREh— (BT R AT MK, Hof =17 Br ik
A T ReHEA T Y H SR, XA — R EARRRCR N AT BRI DR H IR B T _EE AN, M
EHADIEZ, B} 3 — RSB H KRR 20 4, BRI R P PR
RHHE PR R . e R, AL SR EIHEK  XFF4T H sk . Wi
T A5 B FZRATAE B Asgm ., i fefs BB 2 KR kB, s
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AT RIS —,

BEOh,  ESRARREAAE R Z NP SCA PR AR /i ac A2, 23
NGRS FF A — SCHCAAT i A A AL A7 EEAROK, A I IR 4 el e R,
FABDUR I pR I I 1R ] RE T 20 R IR B RSB AR LA . X Se RIS AR AR A
12 AR I RSV ik, BT ERRRRART AT Y5 Aa2 T YRR . AFE ELAE LA
s
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] ]
012345678 9101112131415161718192021 22232425

3.4 10 J7 ekt Ry gk B 5 2 0 Iml S 804
ZE BRTR, N TR ERRRRR AL SRR AMER S, E R 2 B AR K iR

CARKIGR RS 2% . BERLVESE SF AR TR T BB H AT S IERY . L, B Al
L PRAESE T BN G507 TORLRE DA b SO0 FE B bR 5 A 2 > Iy SR R PR A
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3.2 $IXTEERERE Al IREESIGHE

32.1 AHEH*#R

W 3.1.5 B, ERRRAF A 2 H AR I SR DA A G ST =2 2% . RERLYE 38 PR
FIrEA, FATERER M AR A T U5 58, o | SR TR AT 55 2 ROHEAT 55 1 9,
MRS AE N MEAL 55 B ERNGRE R, CAL, FRATRIAR RIS THIIZRCR . 52T
Zhid AR nTEEPE AU DRI ZRi S A1 1]

322 fRRBRE

PRAR S T B O IR AU AR B RS R AT 55 v RS L Y PR 7 > SR [12], AT
NG EE BIGREE . XN B EARRR IR, FATE —MRER R IX
SIS S5 B RERR L IIZRTT G B BE MR PRy BV, EIrRER A2 4 i = T~
JRRCIRE T P 2 S B A I 2\ TR A R 2% R ) B A T LIRS B D i Sk, w10
T3 Rtk FEARIRCR: AT X REAT AR A, FRATUAGA TR e T T RO Y
ARBERR, WK 3.5 Fron. JATATAREL, BREBEPCAMD (75 /) WIS LWL,
USRS, BERESSA R IRETE, WG T R RE (RI4G LT ECh 0)
A ER B 1k 86%. AR, AR EWT T R4k JR 46 U1 R R0 R B2 5 1 DIl 2
5% .

I |nit-hand to Win-rate

Win Rate

B 8 8 8 & o 8

—_
o

o

2

Init—hand Distance

K 3.5 WILATRE B I
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TEFATRE AR RRRF PR AR T I GR3g s rp, R PR R — IR 57,
EXN TN RIS B E . FATLA 2020 4F IICAT EIARBRAS 2R 2R — 44
(1 58 S A RS B A R R RN ) Ry 2 BRI i) s S TR A TAG 0, JBORT et v R
(B AR BE AR RS T PSS HA I F A R o IRES, T ERBE U, K5
VEARIAIRS AT A2 T U k. B e R VR A R AR S 2 TN 2, Gead —
Btz )G, ENEE— BRSPS TS, RIS, &ITE
FEPLR R IR RS BT ISR, QR 18] 3.6 Fi, i — NIRRT ke,

WA YN SRR ZEHEXT B T 1 SChe B A PR AR 7 T R SR  H B il T L ARRRRE
AR, SR 2 by AR SR T B W RS R RS 3l SO PSR A 46
AT UNGRN I aE 1R- REARAEX 5 P BERE ), RISl gR Ak AEAE S B )
w3 SN A B DI AR EE_E TR E A R R RS N ZRiRt R A T R o3 I B I 5,
WRAE— TR BER A B A EEA BRI AE g i, a1 2/ MRS 18] A A I RS 2R 2
AR T LA S8, DARGENGRACR I —Fh2il. R, S ERih T BT
WRFF T INGRA IR, 3855 1 IR BEALIE.

BHIRRS [ BRI kT2 HIF [ S5 [ SRS

Kl 3.6 MEIRAE -~ e

I, FATR I 7HO ERSMCR 2 H AR R IR AR A NS0T 3, DA
A I R A SCRR B BN ZRad B Pl 21 4 SRR BE ) ROERII G5 55 B A SRy e 10
1) L.

3.3 IRIEF X E AR R AT R S A

AT ATRREEE A B NS AT FIRRY R A A tH O PR, AN FERA TR L 23 Ar
PRIPRF TR 7 > 1) T AR AR G B AT ) S e A BEAR5 AR (R A PR — PRATS
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33.1 EfRFFRIZFES RIS

3.2 R AR S E A S b o RMUE T YNGR T AL a6 R, AR e o
IRA] IS AR AR AR R . T A SRR AT ARUE A 185 1) T R AT e el RS Bl g2 il 1| 2 A
AT REAS 21 B 47 B N 2R 8 ?

TEEARMCR R A 25 S BN Gt A v, FRATEE 7T DOER B — S R AT AR AT
BRAGFHIATH: BIATE HWZRT 330k MR AERF M 6e: WrFE 3.7 s, 4
HIBLE TN “W3” . “W4” , “W4” , “W5”, “I5”, “T6¢”, “T7”, “B3”,
“B4” , “B9”, “B9”, ‘F3, 127 WEMIEEEMNAN ‘=6=2x" , &
mp “w4” . “W5” ., “We” , “T5”, “T6” , “T7”, “B3", “B4”, “B5’],
ME R TN IZ&E AT W6 B “B5” , MR ‘=645 N ERAAEN
B EAERMEEE AFTH 5K W47, B RBIKFTREIEERALRR, XAELE IR T &
Fefh, AR TR AR — BT, (HRE 2 \ERBRYFMIEN SRl
TGS AN TCRAR B, TR KT W F & 3.8 iR, MEiIt A TN “W9”,
“W9” |, “W9” , “W2” , “W2”, ‘W7’ , ‘W& , “W9”, “I8” , “I8”,
“J27 <127, <127 ], Heb[ W9, ‘W9, “W9” IARERMSRI NI EE. %
RSIC LR, WTRRREK Y “T8” =X “W2” |, {HXEEARMRRF/ GREAHN T, %
AR A R “fiZ) (e, &AMz D) , ihe ) 7o+ “liH— (Y
SRR BARFFATRR, H2 %) 7 + LA (L IURAZF (fT) , AR
F) o+ T (R R SPRE TR, 1R 7, ATEECE2+2+1
+1=6 &, AWENAFTRMGER, HINE ET—5K “T9” | BRanEsTH “18” |
R KR “T7” , BRI EEREOR D T, (HEAWMEMAIAZ 1 “EAH
& (A E P FE R PR, ¥+ 1% A sk (s 123 B9 3 B 789
() 7 ARG, HRFEAUTX—M, 11 17%) , ATEREEEE T 2+2+1+
1+1+1=8 7, W2 T /N\FEAMWER., ERRIARMR W R F R A D W E W i
SREED, AT FPETE, 5 “T9” 4T, Afarst XX 2 /i g T ke, J2—
ANAH 24 L R,

w

= w0 | 45
&% & |6

1% |00 S2212e & |24

K 3.7 H HIZAl:
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ARRE R RN
Bl 1 6 0] 5 e e i

K 3.8 FEimAIzY

T AE I R ez B ) i AR P IR AT S T — 288 i T ERRR IR 2 — A
FHMAIE R A, 0] Ry T ™ AR 0 e ) HRe SR [R) SO T DAREOR, [RiE R+ F
FR SR IR PE R 52 2 5 2 AR SL Y, R AR M L A A O S g g g%
B A 10T T 2 Al R A B e A T R W2 AN ET SO A, W RE S B0 S AR
BALIIRAS .

AR RAR S S WOHEZE ) i NS RARA AR R, FRATE Se5 | AR — B0,
T WSS TR SR, A T EE TRRRE 14 SRR ) 20 12 5K, AR
BUE TR AR, TGN T IRASE 220 R, (R HHRRR T SR R AT
XoF Jr THI 52 23 S5 AN R T 2 0k ey T S i EDUL 2 Wil ) R 2R . BRAE R 5 Ak 2y > SRR 2 — Mk
B, BN DR ] R YRR SO B2 B R AT R R AR i i O SR . A BT
BUNWIG R R T AR T, R S AR AR R L Reward A2 A9 )@
SRR, FRNTRT AR 5 R R ] R AR L SR AR State . MWL A Observation
M VEZS[E] Action Space VA HEFZHL T Transition Dynamics F4H B =CERAE MDPS, #H24
TAEEA AN E 3.6 Fi s PEIRIE S D AR T IA SCREE (1 3.9) , AIRATEAY)
O B Re RS | S 2 AT M 9778 . R ad W iR S — WS YN 2R i)
BABAR HAg AR ALY 08, A D) EOULRY R I SR TREMS LI 2 /9478, DA
H BRI IAZ IR ROR

B
IEXES ’J (BT

NSNS N

BENAIIRS < BE= LI 1 BEZ LI < FE—LE < IS

K 3.9 iR sE K
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SR, FR T F SR B A R AR SR A MR A AL, IR AN L2 K5 g SR
SRS DA S B R 52 45500, X, I RE2A ST i T T 2SS /N H 5 W
M4, ATLAKHE “nIfEREME (explainability) ” FOFEA. WIARREME AT AOARAR[901R
MEREE B E X, WTABEZIZ 158 SCh—YIA B T ATTREAR AT S39E0 TAE, HABEW A
MK AR, B, TARFIR, 24tk MAFEMESSARRME; 1
AT REE AT U 2 0 H AR HE B AT 2T, WA SR BRI A AL &
VR RRE AR B, A SR B RN WA R D SCE AR D ¢ AR
(interpretability) ” . “BEAPE” 25 ANFREEEXS Al ByARfr AT RRAR 5 -1,
W —AEA R R AL RGEMH PR, AZERESEE I 4B 2 R R R I S-S0
XA, B IS R, (AEA SO P RATE RGN TR . Xt
B ASCH TR, RTARRE B BIAEHS Bh T A ] L A TR AR BB X — 4 o2 37
B SR reward shaping 45 1) 5 MO R T T 7= AR A LR 2, DAVESR JE 42 3 B AR
4 ) IRAR I SE I N At A

33.2 XZEhEE Reward Xt EHRERIE 2R 42200

Xt Sl R AL Reward B TR EERALA BEAS e R RS AL AT M54  AERAR - T I
SRy AR, BT HATEMITRIGETH G INGE, RIS A S 0, Flgk AL TEES
PHEERIZ, B, KL, IS SRR, DUOAEEARFRRE B, 1T
AR, T 2 PR IZ AT AR S AR AR PR R RENE. SRR,
R W AT RIIZ . i, FLEESLICIEN, FHABERA EIrgL, el st 2
DA WIBEIR S B AR R 30T, sl 1 e 205 PR A Reward FFIA_EWTCTHROR R
HTCIERINZ, 6l ATAT A, AR AT ST 700, Al RL3RA R A 2 B
/NS, 45T 22 R Reward — ¥R -1 MRS (R 247™ 05, SE3aRIfi— st 4 +5) .
SR DA AR A 1 P

Function: shantenNumberCheck

1-  while Chi, Peng, Gang, AnGang, BuGang do
2 if shantenNumber remains then
3: reward = reward - 1;
a: else
s- end

BNA 1 BRIz, Bl AT
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FANIHE— LW Jmman 6 S 1 EA TR EE T A ATBEATRCR S5, H- S5 ASIZ .
flf:. FLBRAAY AT BEATRIEE, SCERASR TR LI TR

333 #ri0EF v S EBRERIE 2R B4 220

y s MEBRALEE ) T TR AR R0 1. B TR AR R i
MARRRE, FEsmAL T M, —A> AL Al RERAE L AT 20 e, (HX R RES
MRS .y BOEAE O Ml 1 2Z 18], Bl 1 BRI . SraniA Ty
FIAA BT ATFEDSREINS 5 AR AR, A LBCE IR AT Ry 32550, RISk AT 28455
i1 Boivg /N (¢ el oL 1T N 0 £ | T Rl T TN S = s B N N i
K. SWEATCRTHIESTRR.

3.3.4  $FETIEX BRI 2R B4R 7200

FRAE TRE—E R DR T AL ROHLARAE 7. — ROk UE, TEEBRRRSE S, B M)
FHERERS BT R B A5 R T _ERESK (S B4Rk AL SERTiillgerh, FATE X
FRIER 145 % 4 * 94, 145 4P UdE T HO T * 4+ B AIMENZ *4+ Gl * 1+ T
*1)*ANTE + AOKEAT * 1+ DAL 28 % 4+ FIRM * 4, XHERYFRHE
T RENBMFIHAITRAZNE . DT R AR ST 8, TEE R R A, (A4
PRI WTRRIRAS T RIS, BT U uifel g Al C2REGTFIRE, Al 804n]
AR LYET B O MBI, Rl 2 i Hah Br R A0 BT sk . A,
FEUTRERTE A NZR, FRATT 2 R IRERIE, 7Rk 38 * 4 % 9 4, Hoph 38 HiH =
FIXC* 1+ B * 1+ BETH 4+ BDAFEIE 4* 4+ D ARIFEHE 4*4,
R RARRE ZE - T A B AR B 1 5 e S R ik a3 6], SO A R HURITH T AL Y
2. 43 B X PR AE SR TIT R TR I 2, SEIRZS SR T30 T TR

34 AXENE

RIS T AL B AGETTHY Botzone FEZZ AL TiERK AL XK1~ & DA S AR SELG 5
T UCAT 28y E bR R N TR RELL B, FHidad Lo | PRAR DA S S0 = )G il 1) [ A JRR
sk > Yk b 3] ) e S g T EIRRBRRE AT SR > YNGR ME A A X S uf:
R B, BT ERRRRRF X —RE e a5, AR TET IR TS £,
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Al o AR 6 R _E T BV A NSRRI AR, DA R IRRESE ) “ 5 BIXE”
A SEA IR, AN B R FA R B ) 1 2% R R R A i Bl il U1 SR R A i B A 2
GRS —REIA M 1A, A B S DA K R RS AR R B e Bh 3 AT TS 47
A BRAR-5 FPRE (R A PR X — PRATS
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FOE EFRREREES RIREF I I ZRMEZR ST

AR FERFA A AR R 5l A 27 > Y IRAR 27 ST SR 2R R SE . e 4 T AR RRAS
SEALSE I HER A SE B, TS 1 IR TRt B BIEHES (Y PRAR A > AR S
ZJa X MER R S BME s BRI A T A M AT T R R A

4.1 BLFEIER

TP A S BT EE AR R s A 2 ST ISR AE R, HEZERY S5 4 s = AR
K 4.1 Fi7s:

curriculum_learning.
feature

curriculum_learning. curriculum_learning. curriculum_learning.

agent

model

_main_

curriculum_learning.
env

curriculum_learning.

actor

curriculum_learning.
model_pool

curriculum_learning.

learner

curriculum_learning.
train

curriculum_learning.
reply_buffer

B 4.1 FERRBRR SR AL > YIZRAESE
Hi BT DA, A SR A R AR RRF i Ak o7 > DI FRAE 2 2 R AR RoRF RS L

env.py; SEALFEI M, HAAHE Actor 44 actor.py, Learner 444 learner.py; H#fiF Ak
H agent.py. feature.py, FHZM 4% model.py; 23zl RL W2k prikifing el 4y, Hpads
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FZU A model_pool.py, HEASYE replay_buffer.py, W\&UII%J\ [ train.py Fil botzone 32 H.A
M __main__.py 4LE. X B0 LB T 0 dr s .

4.1.1 EFRFRIGINEA G

B oK R 20 55 2 A AL e b envepy 410, env.py " & MahjongGBEnv 25. fF
MahjongGBEnv Jerp, ASCSI TR ERRRRRIA . e, BRI, AR
REAZ BRI, AR ERRSE— D FM (state_dict) , FHHY key
XE”:‘! Al [EIA@%H%P%H’J@E% 1M FH Y value 22 I HILET observation. env.reset
PR R DT IR 0] 55— [l AR S HY state_dict, BRIAHBEALAE BUAO RS . BRI E SCT Irfy
JRRFEA ] TBM’E env.deal F/RIRKHWIG T, env.drawTile ?‘%Tﬁkﬂﬁfﬁ*ﬁﬁ&%ﬂﬁ“i

Function: step
1. try:

2 if state == 0:

3 response = split_response(actionZ2response(action_dict))

4 if response[0] == 'Play"

5 discard_tile(curPlayer, response[1])

6 else:

5

8

9

raise InvalidAction(curPlayer)
isAboutKong = False
else if state == 1:

10: response = split_response(actionZ2response(action_dict))

11: if response[0] == 'Hu":

12: show_tile(curTile)

13 check_mahjong(curPlayer, isSelfDrawn = True, isAboutKong =
isAboutKong)

14: else if response[0] == 'Play’:

15: add_tile_to_hand(curPlayer, curTile)

16; discard_tile(curPlayer, response[1])

17: else if response[0] == 'Gang’ and not myWallLast and not wallLast:

18: concealedKong(curPlayer, response[1])

19: else if response[0] == 'BuGang' and not myWallLast and not
wallLast:

20: promoteKong(curPlayer, response[1])

21 else:

22: raise InvalidAction(curPlayer)

23: else if state == 2:

24: responses = get_other_responses(action_dict, curPlayer)

25: actions = split_responses(responses)

26: handle_actions(actions)

7. else if state == 3:

28: responses = get_other_responses(action_dict, curPlayer)

29: handle_bu_gang_responses(responses)

30: except InvalidAction as e:
31 handle_invalid_action(e)
32: return get_observation(), get_reward(), is_done()

5 4.1 env.step PREE 4
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J#, env.draw /R, env.discard FR/RTT HEEK, env.chow F/RIZI, env.pung
FRRER, env.kong FRALIE, env.promoteKong F/RAMT, env.concealedKong F&/n#iH
FGBUEALBIE. env.checkMahjong 7158 JHE TR A, S W4 i 5 e 2 75 1 2\
EEFIZEK, M env.step BRENE ST EARBCRE R BT A A AT sh R 4L &, BINZ . filf
FLGEFTHRREK, FTHEKEZ . 6. FL. S, Fig, BUEsAM. FL. #MT. 3T
FREK, AMLJEFIRR . AT HIRRGK, DASGH AR R, env.step BRAL IR IR IR 0]y AR S
state_dict, JAIAR KN reward_dict PAMSE RIS done. env.step PRELAYHARZ HUNE
% 4.1 NI R

412 EFRERPER L F S HESRE HRLR

R bR R o AL 2 S HE ZR2H A iy Actor ZHA4: actor.py, Learner A4 learner.py; 45
FEALTE agent.py. feature.py FIAHIZ M 2% model.py 2. FEiZtiderd, ASCo2Pl T EARBE
FREREE ) s AL 2 > DI E .

4.12.1 PPO &%

A CF 57 > B PPO - (Proximal Policy Optimization) [54], R 5 B%
ACEYE, PP TR (policy-based) MImRAL2~>IHYE, J&—F off-policy k.

WKAE Actor MZERYTERT B2, PPO LRI WD T 2R 22 (K. PPO-Penalty
HI PPO-Clip. PPO-Penalty Jfb1F* TRPO 553k, EMH KL SN — 2k, (2
AR KL BUEAE R H R R E00 — AN 8510, 1A 2 — MEE2R, I H B SR &
B, OISR BARAI B PPO-Clip WIBA KL WU, WMBALWREME, e
—FEFIRIER T HOR, T B AR BRI B TR RS B IH SR ) Sl A SRR
[Wt52 PPO-Clip, SR PR,
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Algorithm 1 PPO, Actor-Critic Style

for iteration=1,2,... do
for actor=1,2,...;i N do
Run policy 7y, in environment for T' timesteps
Compute advantage estimates Ay, ..., Ay
end for
Optimize surrogate L wrt #, with K epochs and minibatch size M < NT
ﬁuld — @
end for

B3 4.2 PPO-Clip A0S

PPO B ¥EJEHE Policy Gradient 23214 et 1219, Policy Gradient & —#f on-policy
Vs, ME SR IA RS R B 8, A2 ok, R A %okl
F [l Policy Gradient P YA BHIRIES A, ARG HHBIRIS AACH., HH . ZH, &
B, ESE . XHAPERZ IR SR T AR ORI AR T, B AFRATTN %Lk
PPO FE% LA Off-Policy. Off-Policy Y H HH 2 B AN 54 I FI T actor 7 A i 22 H. 5%
AL, HEIN2E S HOR,

PPO AR BAn2 e SIS A HoRME AR IS, BB BT —A> “B A0
HARMEEL, MIMECEESRES . PPO SV IIHRT R AT AT 2 I/ Mt B 508, A 218
BT ) SR A 2 T YRR I B e A R T — IR T, B R BAAFEA R LA K
SR

L. WCREE: @A TEAE AT Y B REE (policy) SRR —AZH AR, XLk
BT (state) . BIME (action) . i (reward) PAKRIBEI T —MIRES.

2. RSN N TR — I EARXT TP ETIR, SRE R R

(advantage function) . Xl EEAEAIEXPA 2245 (TD) AhiTHEE) KAOLH A
7t (GAE) R,
3. PLAbH bR PPO SFVAM I — Rk B HARREL (&3 4.1)
my(a, |s,.)

' Tgog(a; 15,)

XA PRES MBI LR, FoRIHRKS. HARmEEGEE A (A 4.2) -

L(0) = E (min(r,®)A, clip(r,©), 1—¢, 1€)A)) (4.2)

Hob, A REHEEIIRITe B AVMOTER (0101 500.2) | clip EERH T
MR R, (0) WG, BR8P R K.
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4. GUFRES: MR BT ERERRE SO , W0 « 0 +aV,L@®), H
Hr a2 &,

5. AL MHHBMRSHER DA LS TR, HENH RS e, LR
W FE AN FHE T B Db 8] T —E BB k.

PPO S ) B 2 A AE T B s B SR BB IR, (A2 ) S AR e
TN, MR R, @) BRBIEL —e , 1+ FEEWN, Bkl T R4
S BON R RS TR, XA B TR SRS VERE DY SR T . [RI,  PPO AR
YR AR i R ) 500 2 UG T ORI BB, X T RARACR.

4.12.2 actor B

Acotr 2014 actor.py L7 actor 25, H A AR SRR HUSEREA,
FEL B AT, R HE B RIRIAM. 2 5 BB s wl aa A (AR
FRWIIEIAIEN) | FFIEFRBITR R R 5 Je Bt v e BB A AR AR ey
Z5%; BESAEL envpy HTACH, XEANILRINEEA step id— IR Z8HEAL, 153
FFNILZ 5 B — B RIIRS S state, BIVERS action, JRIA Nl reward (FIRR + 5,
R - 3) Flvalue FHRF; AEEE)T KOLHEAGTH GAE WAL R AL, TH5E T
Tl adv, target; ) RAmOFTELAL BT K1Y state, action, adv, target ZUHERAAFEA L.

GAE  (Generalized Advantage Estimation)[91]&—F0 i TAGTHEF @ g ik . L%
PRECR TR RAST,  SRBGEA S b B2 W SRS SR B VR BT BE AR A1) 31 22 [l 4
ZEE. DL R T DA RIS/ SRS BEAE TR I 22, #2838, GAE Az
F R BCRXH RS R BT 2 20 A0, RIEEH — D R AR R A K R A
T, IS 3 — DA B IMm 2= XA 8 /N7 2R e gt BARORUL, GAE i
AT AR TR g (22 4.3) fliit:

ACAE =6 + yAb

292
L terF VAT, Ao

=Y ieo (VA 6, (4.3)

T8 GAE BYDBAURS AN 3Bk 4.3:
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Algorithm: GAE
1: td_target = rewards + gamma * values[1:]
2. td_delta = td_target - values
3. adv[i] = td_delta[i] * gamma * lambda + adv[i + 1]

Wk 4.3 GAE T E D

4.1.2.3 learner A%

learner 4114 learner.py "% learner 28, H A& MEEASHL O RAEEIIZE N 25, B EA)
AR, LB BEAY CRRT G SO ARAN, G TR ISR 4
FFEAM AR R B — B FUE S VISR G, E MR RS ZJFilid Bk 4.4
P Z AR, TT5E PPO loss ATET M 4% 235 TR B S 800 AR Bt 2 I ORAE 6T
A,

Algorithm: PPO loss

old_probs, values = model(states)

for _in range(epoch):
new_probs, _ = model(states)
ratio = exp(log_new_probs - log_old_probs)
policy_loss = -min(ratio * advs, clip(ratio, 1 - g, 1 + g) * advs)
value_loss = MSE(values, targets)
entropy_loss = new_probs.entropy/()

9 4.4 PPO loss T DALY

4124 FHEBM

BRI A3 4 agent.py A feature.py. agent.py L7 agent F2, TEEFZE AT S
S F T BN — A B KA R R B ) BT A S, A ERE DS B-A T A T AR L
FEOOF I IR AR AR [R]SE R 0 268 i 4 1) sh VR 3 ey 4, IR AT ErAe .
Feature.py 77 ZFf agent 284 A MahjongGBEnv & HH - THHEAL . " E17% FeatureAgent
H I, FeatureAgent 44K H agent 2, 4% MR E BRIBRRF 0 LI AL B LB A4~ D5 i ) B A
PRI ATV E A SR 278 . FeatureAgent W X BhVEAS B8 235 4k, 413 4.1 FoR,
BARFIR P * 1+ FU % 1+ FEf * 34+ BIAL * 34 + IHAL * 34 + ML * 34 +
fERR * 34 + HZRR * 63, H APz 63 428 3 Fidbta * 7 5Kk Hr A sk il BE 2 (2
F8) *3 (MZBY@Mi-frryME—ik5K) . FeatureAgent H1 7 LHYFFIEN 145 * 4 %9,
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Horpr 4 %9 FIRFTA R ATRERLK, 145 ZENIH H O TR * 4+ D ANIIEMZ * 4+ HfE *
1+ AL * D) *4 PNERK + HOWEAL * 1+ BDAFITE 28 * 4+ FIRM * 4 4L,
% 4.1 235 AEHESS I FOR

ZhiE Kkt RN L]
o 1 1

Ff 1 2

Jil# (2-10)
ZMR(11-19)
e 34 R (20-28)
MU (29-32)
Hil (33-35)
Jik# (36-44)
ZhR (45-53)
AL 34 ATk (54-62)
Ui (63-66)
Hil (67-69)
Jik# (70-78)
HHM(79-87)

WAL 34 M (88-96)
KU (97-100)
HiH (101-103)

TikR (104-112)
MR (113-121)
HML 34 fAIf (122-130)
KU (131-134)

i (135-137)

JilE (138-146)
MR (147-155)
Till: it 34 fAIRR (156-164)
U (165-168)
Hil (169-171)
TifR (172-192)

7 i 63 i (193-213)

M (214-234)
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4.1.2.6 MEERIZEH

model.py A Er AR A0 B ResNet18, Bl 18 J2 ResNet. i AN 145 % 4 *
9 HYHFAE; ResBlock 2% A Bk 256, BRI K/ 3% 3. I KEK R 1 1%
FHA R, PG RRECH ReLu, J2E0h 185 T J5 40750 H sl VEf H 235 ZERIOMEH T 1
i

4.1.3 EfREF D HE L E S A HFER

[ Fr JBR K5 2 A =R Ak 22 3 1 BT B A 45 B 2B W model_pool.py , A A b
replay_buffer.py PI#P. i zimtba= > i) HAR 2 24> Actor. —> Learner 1] PAIB1T7E
e HERE

4.13.1 HXRit

FEZAS M reply_buffer.py Ui, SZHRFZA actor [RIBAEHE, —A> learner fL/FHUH %
PR IEE. FEARMA EARR, FrAUBEARBCE B FEAS A RN, v DA Ry B i
W& (40 FIFO) .

4132 1EE

P b i model _pool.py L5 T ModelPoolServer #1 ModelPoolClient -1~2% . Learner
TEARAUE EMSEGE, FTEREW X2 Actor [ SHUBRYE BAISEL, I HAE
B SR R AT A B B A A /2 53 SRR R, BIAGh A R R,
T AR A A A A JE Iy, 7] DASCRR— SRS (10 FIFO 1 m] DA SR HoAth
RRR BN

4.1.4 HAth#&ir

HABALHATFEYIZEA 1T train.py F1 botzone 32 H A I__main__.py.
train.py ;2 WZEA T, T3 6) ZFEA M . Actor F11 Learner X123 )2 sl B 4144: . train.py
wFsE TN BT ESE, WF R 4.2 P
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% 4.2 YRS

replay_buffer_size FEAS LA B (FEARED) 50000
replay_buffer_episode FEAS LT R HE A 2L 400
model_pool_name B A & (B 20
num_actors Actor (5 4
episodes_per_actor HEA™ Actor SREEHI N REL 10000
gamma PPO S y 0.99
lambda PPO Z40 N 0.95
min_sample learner &8I0 Fe/ IVFEAS B 200
batch_size batch K/ 1024
epochs ™ batch YRR EL 3
clip PPO #5241 0.2
Ir S ST 2e-5
value_coeff value loss % 1
entropy_coeff entropy loss %X 0.01
device learner i | CPU/GPU CPU
learner_interval learner PRAFABEZ [ Hsf 1] [12] B 60
ckpt_save_interval checkpoint 1RA7H 8] [8] B 300

__main__.py s& %1 5t-5 botzone 32 H. Bot fUi%. *F Botzone FJ%um AFEPH 522 45 Agent
KU FE BRELRSEAEE M A, M B S E S AR, —
Botzone i A&,
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42 RIEFIEHE

T SELA 2 = IICAT EARFRRF HE B8 rh Besi A ) FEATRRAF AL (PA R fRIFRTE % Bot)
(AR JR R 2 BRS04 JR TR BEA TR 350 . TEE 24 Bot 1) B RO SRt DAZE(4: 17 510 1)
Rl —mpyad e, ROTFEARE RS9 P U E IR THYE R,
H:ff I LA fanCalcLibPy38.s0 %1 7&E 4 Bot FHR & BT K A TR TALBE, 12 TR E T8
R, MHEATH. W, i ECMegEEEEe (B, IWEesE) | K
W BE2DAGER D IS LR E R, T ERGEMA, RIANEER + BHE
B 2 i R IR =G N T EARR AR ALE A L), REUFFIER. &5k EZ
ST R BT FREE MK . AR TR KRR KA. H FRhREY
DAL S JE R, AR AT 75 22y Hod fn th iy B g, FefT AR ENZ THAF 4 Bot
AR B IU R TRy s, S ] DURET- 8 Iy 50 e B 3 i T BlcdbAT o028, A nidi e
IREO R R AR A, AR RS S T I ZR

PRk, FATREX L5 R E R PR, (EH 4.1.1 SR n E RO PR 2 -3
1rin#k. env.py W, env.reset BRELH BT 1R 0] 55— [nl SARASHY state_dict, ERIAAFEMLAE
PG . TEREEE T N — D URERE,  FRATRZ Rt 2 L B0 ) 46 TR e h 4%
BT R IR R TR AR A A — N FEVLURITAL, AR RN B B R R, PR LR
FRRURIAG T RER PR B ) _E T8, I A BB Rk v I8 5% e R IR0 4 T Rk
FERFR T W RK T T 2R R B R IR 18 T DA R A BB X n i . Ik TR 40
BTMET IR E ., NGMITHURST G, AT ZIRER I Zeny e, HHE Al
T T ERPRAR h SRAR S ) R R ASOR 2 5 TR T R R i SR T AR A R TR R TR AR
4.

Ik, £ 3.3 Hh R B i E PR MR URAR 22 T Y AT PR T, FRATTIR AT T4 AR S
By . ZheR%L Reward ASARHE TR TS B R AR, SRGES s =mEP T
PARER.

43  BERFRFEIREZR JISER RS

R MAZE B RRCRF PRER 7 2 I GRHEZR AU ME L BB LA S W] = M5 LA 5 T
it

EN
IR

XA
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43.1 ERELSSTH
A_E R B AR IRRRF IR 2 ST I GRAE ST E S D RE T8 1 401 DRI

43.1.1 BFRUEHERE

R T SEBEA I DI RE, T 2SR actor Ui Al learner SIS HERE AP HEARAL IR
ZME U] DA Python $2 LA 85 JEFRE S DI RE Queue RSEIL. fEZ &Mt MUZ
MERBERED LR, RES Bz R0, 2L sl =i Az
MFE B S, FEEGEA G ER. Queue, RIS, J&—FhH T AR Fh 1R BB L
Pshty, R TG T 2 LR gmAR R et e th B RS, BRORZ N ERAERT A
GAEMPTHFERE, MRLEEEHH S E LR ZERE %, reply_buffer.py
118 ReplayBuffer 25. AT EE, FF actor w78 IE S, HAIH Queue 247
PR R 13, B e S BESOBUH A B 8GEE  —A> buffer HEFT4ED (BHHA &
Bt B A omg | LT RFESEALE]) , DA R SRS 3R 1Y 2P FE AL 18 . ReplayBuffer
KLU E 4.2 .

Actor Learner
Actor
Actor
™ | Replay Buffer
W2 ‘
[t FlAQuenc TR R =} A

ALFF KA

K 4.2 EERER) AR A 15

43.1.2 REGHEHERE

L2 i Sy T S S ) T BB )2 5 AR A5 DI BB Queue TOYASEIRMT. M T 7EBIAL L
Ui, 24 Learner JABIZ PG B IS, 24 Actor #F Al BE TR B e B A — M2 i (5
BAZE. MRS Queue, £24 Learner AR T3 Actor 75 ZL LB AL N,
DA Queue FHRFFR LI, MM S B AL Actor TLIEFEIZ TN E B 524K
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XHIE, AT I AAF multiprocessing.shared_memory AEER, fii il iXMEER
AR BT SN, AR T — SharedMemory 28, JH T /0 FLFEHELZ
BREFRZ AL FEES (SMP) Algs iR E I =N, RIS B L= e
EER— R E 2 2N fe e, AL NAEER e E T — D mME— I 4 7R,
XA, R DA — MR E i 4 R I N X, AR HA R
IR 2 PR B X A SN, TR U B ABE. %7 Bniksig, — Bl
-SRI NS, WAARBR/NEE, B DARIE & TR, e s 2
H T AR PR 208, SO AR/, AT %2, Learner I A —IR
HAAY EREE— SR IR, RIS R, 24> Actor BRI R 24217
Z8, A DAE B E SIS BT INAE.

EAESEBE AR, AT T — A, NIRRTk L S Actor, i
LA A MEERSR. ETHEN, RAOTEEHEM A L = N AF multiprocessing.
shared_memory.ShareableList fitft, $2AE—ANTMEMATE list X5, HAPFrEEAERL
IR BRI AE H R A BB int, float, bool, str (RS ETE
/NT10M) |, bytes  (BRZ&EHE/NT 10M) PAK None iXSENERA, BErH—NREFX
ST NE list R ETEMKEITEEBS (i, %A append, insert ZE#1F)
HA S H @) A B E S S B085HH) ShareableList 3561, Xfit, AT RBUCH,
PPRET LN, ERT DA — e KR, %9 R TR S 400
metadata, WITFS. WHEAPR, PAKEIE, K/NSE Learner fF ARI{E E.. Ff metadata J7°
I BRI, AR R, PIRKE A R KA. HAlZ 325
MR—MEFRAFN, FERLAY bk 2] 78 im PR AN, B feda IHRIAL  ([R]HPREchs 0] b iy 3
LNFE) B DASCRR HA S B A 2 e R . S BB AT ] 4.3 .

Actor Learner
Actor
Actor l s
ModelPoolClient ModelPoolServer
Metadata ShareablelList predefined name Metadata ShareableList

memory4‘memory5‘memory3

memory4 ‘ memorys ‘ memory3

Model4 | | Model5 | |Model3 |
A

IRERIR AT
BEEE—RE

Kl 4.3 B5UERR A SRR L
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43.1.3 HEXMIZEIRIR

LB JBRCRE A kg JBRCRF I X5 HH B 5 O 2 A A, LI 2 0 14 A B A HE B 1) S 3
RERE R — A KE ST . BRRRIER T, RRR R BL AT KR, PRI AT
EIERINZ . . RS REMOE R, R RROR LR S AT T K R
AT, XA B BV AR M 2B 1. T EARIBRRE F T AFAEA 4 2 R Al
e RIgaak (. RIS T 3 KA, RUTREINESG KR BRAE, B
PREPREE 7 B YL ui K BT AR KA 81 R, VBRIV DAHIT 2 S B <M
“ink” FAp e AR (R B Z0MAT AR oKk, F 8 Fr. AITFI4EsKk)
TR, RREETRAZIIATLZ T, FERIN— K EAE IR T ME 48
FLRD BRI BEAN WP A (B E e, AR ARG 3k, it 8 %)~
FWbFRE (BESE ERE—IKEE B B, 1T 8 . RIFAE) BRI,
EREARBE R ZAEY — MR, B BIBA ST RS2 I, T
AR IS RELAE FLON SR AN RE BN . Bl ATRT L RERERN,  BRISEINA 5 BEXhX — Rk ol iF
FrRel. EARRRRE AR 2 AR M IAEAE 2 PR, B e e i 1A 1A
WAk, MEREOK.

432 ERCFESTERMESH

AR PRCRE 2 A0 2% 2] B TR AR 2 2] YN ZRAE B fie 3= 22 i BB e 7 [ B R CRF P 45 4
BT IER RRGRAS R DI EE, I SEIL TN G AR AR . okt
SRR TIRE, FATRI DAMR RIERTATRISR AT S B Fin TR/ BRAE, N
AP R R F I E RIS A G R e AR R A ) oy BRI AR e T, AT B
Al FRAIA BT ERPFEPRREE 7. AT AT DA 45 il ks b ik i) HE 1,
RN IFE LRGN,  SEHRNER R T — 20, T 58 423 I i 25 i
[T A 1) Bl LA )

W EARPRORE 2 A 2% > B TR AR 2% 2 YN ZRAE 28 W] ik B R s p nl S . 5 E BRRR
FAH R T e BT T env.py 5 feature.py .

env.py SEIL T EFRFRRFEREE I AL, 058 T A EARBCRE R i Al A7 s,
FRIRZ WG TR AR BRI 4 T . R B . ST K. 2R RiERE
FLR . AMTAACHL G BOH ATV, B3 PR R AT Horh S B, o 1> i =) e
e R\ R EOR, RN BRI, T HIWY m s e A 2/ \ M
2K, FREEHY env.step BRAUE ST EARBRRT = o Birl i) el AT sl R4 A, BNz il
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FLGFT K, FTHEKEZ .. 6. FL. o, fiig, B, f1. #MT. 3T
FRBK, #MTJEFE . FTHERSK, DA R, —RERE, HERERHARRE, /R
RIFNUA K 5E SRR (55

1M feature.py W25 X EFRBRRF B )RR TRRECTT, A3E HahfEas A0 4 5 TR
FFR R BCERAE G, TRFERI I N * 4 % 9 [ TR Irf iyl BERR K

1 3 2 5 AR Y A PR DA G B ARRAE AR, FE R ARy sm ik > 4 4,
[ ] DA TE 5 #EA T 5 Ak 2 > 11 25

4.4 KREING

RENH T BRI R D D GHEZR R SEI. B8, 4.1 N4 TS
FrRpRRF a2z S HE SR A03E T (8 FH 1Y PPO 53 A S B AR R A SR A4 env.py; 54k
M Ho 35 Actor 2044 actor.py, Learner ZH14: learner.py; FFAFALFH agent.py . feature.py,
M2 R 2% model.py; 231z RL IZRFIr s 40, Hop B 24 model _pool.py, #F
AU replay_buffer.py, PAMIIZEA X train.py F botzone 2 H A I __main__.py 552114
S 4.2 WIAZE T rTAE s A2 > Y ZRAE 48 rpa o 4 R _E gkl &) B EHED | 1) PR 2
SRR, AL AR TE 4 Bot 1F X RIZR AV B 4 i 4 BB TR A T X 40 O kit A
JPRRF SR A2 ST REZR I R A SRR S . B, 4.3 RMZMEZRAG SEEME 5 . QA
AISE PR T T B A AT
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FHE EFRRERREFIIINGERSSH

AT SCHE A AR BCRE SR Ak 2% ST B IR AR 2= ST N0y Stk T T80 S R, 58
B —if R A e IR AR S ST AR AL A botzone RAEFFFATXTK, I5 HERILE
> AT A 2020 4F TICAT EIARBRRT AL EEFR RIS —44 . SIU4 . ST Me+ 408k
FPREFRS FE, R BRAEAS SCHE ) AR R it A2 > W BRAR 27 ) VA RCR . SEm
D 2t 2 2 el bR R Reward . T30 T y FIRHIEZE LRSS AL TR IERAS, DAGS:
JIE 3.3 Hr A AR R R 27 T A AT R AT

5.1 ZHh—: &HMREFIRETWMERIE
%SEI B FER UL TR ) U SRR A

51.1 LB/

6 Ut 3] 73 A [ A 4 T TS oA DR R e RS ) et PR 2 T TR Y
AR, AR R AR BT AL IZRRICRPEAT B BN Jay EEBE DA S AL I ZR B #E A0 I
)5 SRR X

512 SEBEigit

1) B F§ NVIDIA GeForce RTX 3080 10GB GPU, 4 #% Intel(R) Xeon(R) Gold 6348
CPU @ 2.60GHz CPU IS5 e & 34T 36 /INNIZR, F24id i BT Ecl 2 A R4 46 TR
ST LM IR AR 2 S AR E AR R A2 2] Al {2 A Botzone & #E4T RESXTR .

2) F£ 1) PRYEBRBCR AL S5 A [R] S5 50 e & A R s 2z T REZR BE T 45, (H.
KRGS AR S N Rt B U 2Ry E R RORF i Ak 22 > Al 3647 128 52, 40 i A 7] F
% 2v2 2HEFIAT 6 JRrXf i

3) ¥ 1) HHYEFRFREF Al 5 2020 4F IJCAI EFRHRKG Al EEFERY S —44 (34T |
FU4 (E) B0 (arX) Mt 24 (Jga+imf>) 1y Al T
#7128 %, 0l AR S 2v2 2HEPT 6 R .
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513 SRIBERESHIRIEFI Al £ Botzone KipHRIZKE
HEWTE 51, K 5.2 i,

H a2 > Al

SEEY 1) SR, REHEZ ERIEI DA R EHERS B oR
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IR T RERHET 10%H9 7K.
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514 SKWHERRSIIRIEFS Al SEEBUFS Al XTLL

283 LM URAR 7 T WURE Y AR JPRCRF i A2 T A5 o8 P[] S5 B 1 B A ] 56 A~
JHEZRVEAT NS, (R Zead PREE - T VISR AR N SRy = AR 5k A2y ] AL EAT 128 g,
BRI RS 2v2 2 HE5I1TT 6 RN AR IR 28 6.1 PR,

% 5.1 WARES] AL SHIAE I ZRRCE B~ AT 2v2 455

Bot £ NEL
CurriculumBot 19969
rlfromzere -19969

ATDARE, A IRERSA T TRRRY AL S8 T XL, RN 19969 ), Uk
(o P DRAR 7 T N 05 AT DN 0 FE B bR 1) AU R A R . TR, AR B LA T
gk, PREESE ST REL TARR ISR E L. T 0 an PR R T g B ELURAR (8] 1Y
VRIS ZRAK,  IREEE T GREEAHR e RS & AR _E W R Boh 4= B A F i E
71, AR BB SRR TN R AR T A & SN ZR AR RO S O

51.5 SLWMERESHIRTIEFES Al 52020 £ IJCAI BERERE Al LEE Al Xttt

23 MU 22 > SRR E AR s b2 > AT 5 2020 4 TICATL EFRFRRE AT L%
R —2 . SBIU4 . SBTARE T A0 AL T T 128 &, B4 (0 HIAH A
1% ove HESIAT 6 R B S5 R AE I BER . ISR RIS RERT L IR 5.2, £ 6.3, K
5.4. %55 PR,

% 5.2 EEES) ALY 2020 4F TICAIL EARRRCKRF AT ELFESS —4 Al 2v2 45

Bot 4 DA Cpu %= Gpu &= pllERngE]
CurriculumBot -1245 4 1 36 /N
SuperJong 1245 100 2 48 /INESF
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