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Abstract: Mahjong and its different variants have complex rules. Therefore, building a high-level Mahjong game artifi-
cial intelligence (Al) algorithm and its test environment is challenging. Through the analysis of relevant research literat-
ure on Mahjong game, this paper identified two types of Mahjong Al construction methods based on knowledge and
data. Moreover, the advantages and disadvantages of each typical method are analyzed, emphasizing the construction
method of Suphx. The problems and challenges encountered in constructing Mahjong Al are identified, suggesting the
need to apply experience replay, hierarchical reinforcement learning, curiosity model, opponent model, metalearning,
transfer learning, and curriculum learning to the Al algorithm optimization of Mahjong game and construct diversified
Mahjong Al evaluation indicators, general confrontation platforms, and high-quality data sets. These problems are all
promising research directions for the future.
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learning; reinforcement learning

Pl 2 A T ReWFoe Sk — R84y Al(artificial intelligence) W58 2 DL & 15 bRCKS . H AR
RIS S X E BT AR, L RS ISR AR T [ HORE SR T T BT
BRI Aol o 2 o Tl o 2 e 4w ORISR ALMPEERAIOR 2 R AR T RIR N5 A,
#F—Fﬂgg%qﬁg1$1ﬁg$[l3] %ﬁﬁﬁﬁﬁ%ﬂ"]?}&}ﬁ, X‘TQQ EM%liﬁ‘%E"Jéﬁé%*ﬂ@ﬁiﬂﬁg%ﬁgfiﬁ@gﬁﬁﬂﬁ‘%ﬁl
BRI B Y AR s (i r . R T ALRYIRIE . B M R B
FER k= L IR e gy ity ) PRI IRCSE I HLAS FOE,
WL R R e e, Hp AVTVER VAT B )y ik, B MR 1
o BEHLIEIR. B % . B e Ve BUHTRRAE, RTEOR G BLDAE ) AR %HE‘E
R 4 0 1 3 T S P I3, 38 AW A B R A PRSI RL . SR TS
TR B 07 RV ZR I AT TR KBk B s, <

s HHE:2022-11-18. %% H ki H #3: 2023-07-31. 2[4] 25 N T - [5] e e
ESTR: H5K A RREL S H (61873291, 62276285). 177 B TSP KR, Suphx A
BB 1EE : =7 A E-mail: wulicheng@tsinghua.edu.cn. EFEI':JZK‘TF o

© (RERGAIR) Stk WAL A


https://doi.org/10.11992/tis.202211028
mailto:wulicheng@tsinghua.edu.cn

« 1144 » OB R & ¥ M EREE S
2% S X R T2 109 R S SR AT AR B A 4 - HAJERA _ bl
T, A3 T R R B 1 A0 BB AT 40 260k, i -
AMHE T M WK 7 5% 725 B RENS T2 AT Suphx 57 3%, 2
DI At 5 2 B 0 T RE AR TR (OIS B 2 % o
PRI L G M 2 PR 1 22 88 R 2 e — - i
BE, U AL H R IS 0 70 I PE 2% L Xt 10 & ——s , &
F A BT M SRS N B, A, R T N
125 KO 1 IR PR B8 S S8 S SR TR R Fg .
T ZREIKE I R 5 AN SE 38 S BAR . AR SCaA F8 Y B 1 RS R

TRRA T2 R SR B IF 52 F BT A, AS (U2 JRRORE
TR AT, o fif D A2 2 3R 05 14 22 3 e A g%
FRAE T AT 8%

1 FREHEEE R0

WA TR B IR R A A& 15 B
PN LR 7 b TN 7 I I U

— R 1R B TR AN

I=Cligx 1434+ +34%)x 7" ~ 548102 (1)

— BRI, B 1 RN B AR A 13 KT
Ji, LR R B8 A 123 8K, M B R R/
RYRLS2X10% 5 2 f, Wik b AT
4 5K f, RATERI AT 119 5kpE, B B AR R/
Z43.23x10%, DL HE, H 24T BE AR T
BJRNLY F10%,

Hi &1 AT LU e, EAR B AR XT H A B A
TR P A, AR B ECH TR, (H M
M5 BRI R/ —B0 R 15 B4 K/
T TIN5 B AR S 2 R MR AR . M
SRR BB H AR T AR, H B ik e 3R 44 75 % I
10%FP A B0, DA O, JRRORE 19 25 AT F  5F H AT Bk R
PE, BFTE A AN W 22 AR R A PRI AT 2t 0 G
BOR DATE T AR WG | 55 R4 0z B Rl L AR,
JEL . ISR DR T AR AT I R B
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Table 1 Comparison between the Mahjong Al construction methods based on knowledge
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deeplearning
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