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Solving Guandan Poker Games by Abductive Learning

CHEN Zhong-Shi, ZHANG Shen-Zhe, TAN Rui-Rui, ZHONG Chong-Yang, OU Cun-Xu,

ZHU Tian-Rui, ZHANG Shao-Qun", ZHOU Zhi-Hua"
(National Key Laboratory for Novel Software Technology, Nanjing University, Nanjing 210023)

Abstract: Guandan, a popular card game in China, retains the characteristics of a vast state-action space, complex rules, and
an imperfect information nature. This paper presents ABL-GD, an Al strategy for playing Guandan. The proposed strategy follows
the abductive learning paradigm, effectively combining machine learning based on game data and logical reasoning based on
expert knowledge, thereby simplifying the action space, making the card-playing actions compliant, and improving game
performance. The ABL-GD strategy comprises (1) an ABductive Learning Network (ABLN) that excels at inferring card
information of other players by exploiting game information and knowledge base, (2) a decision-making model that simplifies the
action space based on the knowledge base and uses the game information and ABLN estimates to predict the probability distribution
of candidate actions, and (3) an inconsistency minimizer that enables interpretable actions, adhere to the playing rules and pre-
determined knowledge. We train the ABL-GD strategy using the methodology of pre-supervised training + reinforcement learning.
The empirical results from game and ablation experiments verify the effectiveness of the ABL-GD strategy over its competitors.
This paper formally builds an expert hand record dataset by collecting and annotating the poker hand records and human expert
games. The empirical investigations on this dataset show that the ABL-GD strategy has reached a level close to that of human
experts through experiments.
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@A, EANERZE, UE AL K
WS 368 5 AR KT e e R T SE R A 1. SR, A
TS AT A ZRIN 88 ] DL LG AR v b ) 7 R e 5
BFMAAENEXFH. RIEE 40b), 5 KN
ABLN X HABL K F R AL TH AR bR, L
WXt FEIZE N 1 D2, H2. D4, H7. S9. HQ, &
EItxE E T D2. S3. S5. H7. S9. H9. HK.
CK 2. m[UL, R IM5I NSEFH T SmE [ ml fig
B, H ABLN B THE LU & B2 PR,
R HSE T T 5 ST e . (E18 — 182,
ABLN [T HE AR — iR 2, 1ZiR 2 & X
Eliopeig R e N 2

B2 ETREFIMEFERRARE
Alg.2 Pseudocode of the ABL-GD strategy
M ABNL 28 {A Y., rahskns s {n Y, i
ws AV L s {B 1L, F1{D L,
B SRESH
WA IR AT R
FENLEIEE L ABNL 240, 178 SIS E RS2
for episode = 1 to max_episodes
fort=0toT
0 «— FIREMR I LINIY = HRIRZ 5 B
Ttl_ <« BREM T DI 3 SR B
y' < AT MR TF R E R
ABLN Hf &4 15T F Rl iHE Y
wEEhEE 2 ~{m}y
S R B £ 1 7
tetreAa{r, 7', y' Y 2gwmem {B Y,
end for
PEFRE T = (6, 1,0 1)
fori=1ton
for{fti 7, yi ) I’i}in B
w7,y r'} D,

end for

end for
HTRRGEAT B;
while D, .length > batch _ size
M Dy, e wmm{A NS
DR, B h AV g
end while
end for
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String Type Prob

Wao 0 0 0020 07 0 03 0 020504

e 0 asasaser 0 on 0 0s o 0s s o g B thEh had Pair {073 *
D R I - s B |5 |Par |00 | )
& a 0 029205 9 03 0 b a o O .’
I
A 2 A 4
n D i 7
¥ o o4 Y v v & & v v
B _ﬁ]ﬁ v:v
’.N ik aa (v At
4 0 0 06 0 0305035 0 03 0 0 03 0 O ﬂﬁ 0.08 0.91 0.04
9 101 @ . : - )
o e B o
@ 0 07020002 005 0 02 0 &a0s 0
R - ik @
+ 0 o ZHiE
(a) HRT Rt (b) X HABLETF AL (c) T B gesf

K14 ABL-GD SRE&XS =7
Fig.4 Empirical example of ABL-GD

MRPE LR xt s S AL TH, ABL-GD 3
WK X 2 67 2 S5 B BN VE SEBR T, 402 2.3 /S
B, SRR (4 i R O B E R He A, 4 ET
AR D EE I A B 4(c) B, B %
BB K ATREMI DN BIME <44, Pair”, FFAHRHXT
ML S E. @ AR ERMTE W TR
U8, AHT AT EAE R IE S EA HAH4. HA4C4.
H8H4. HS8C4. # K, ABL-GD ZREH&IHEIL /)
WA —FMESHEIE S ERTH 70 (R NE
). tbik, H4C4 Mo EECR. R, iR W R
Fil ABL-GD W&, fTH H4C4 1E N shfE.

R 4 ABL-GD B&HRE
Tab.4 Hyperparameters in ABL-GD

BEHAER #X HfE
Ir 1l FRAG 323 A le-4
Ir sl B3] % 4e-6

Optimizer A Adam
buffer size U &L E NN 32768
batch size HEERD 16384
train freq PR T )R I ) A R 16384
MLP layer Z RN B AL 4
MLP node 2 R LRI 2 Rl Z L S 512
daen TR I B Z 4 256
d, TER IS R4 R 216
d, A AR X 2 i HR AR A P 216
E PPO ST R % 0.2
y GAE #Jihdfr 41 7 0.996
A GAE ZEJR A% 0.98
\ B ERCRE 168
\ FRCRFERS )25 4.0x108

RIS

AFTIE S = 2 5050 RGP ABL-GD & 1
FEIRIS (A R, S CIE R 4
Fi~. 5 3.1 /MK ABL-GD SRRE AT 4 NEET R
R I () 458 B R g Bk DA R B R4 %) Feg AR,
PLISHIE ABL-GD SRR AR, 55 3.2 /NTIHEE
T ER-EEEHRSE, B0 s
iE ABL-GD & 288 NRLHIKF. 5 3.3
AN R S 4% ABLN ATV Bl SZi, KA
SCHE SRR 5 R E ABLN (1 [R] 45 4 S 34T
ZEMAR, PAIGHIE ABLN XF-T- ABL-GD Sl [ 52,

3.1 1B

AN ABL-GD 5 BUA IR 57 B S m i3k
AT EZRMAA LA E e BARTT S, A/ N1k
ABL-GD 54K HE & — merh [BH A T8 fe g1
SRR FE (1 5 T 3 R xR T ) 5% W gk AT X e,
FEA/ NI 43 5)iE 8 BSL1. BSL2. BSL3. BSLA4.
% 5 ABL-GD SHEtIREREEITHRAM R
Tab.5 Win rate of ABL-GD against contenders
;:E 3 YLEE

(%) random BSL4  BSL3 BSL2 BSL1 Ours

random \ 0 0 0 0 0
BSL4 100 \ 254 1.2 0.5 0
BSL3 100 74.6 \ 0.4 0 0
BSL2 100 98.8 99.6 \ 452 14.8
BSLI1 100 99.5 100 54.8 \ 18.6
Ours 100 100 100 852 81.4 \

HARP RN B B AT RS0
MIZAT I BEAA LI ALK — ST, B M SCBA
fhZ [AIBEAT 1000 JEIat, SeitgRkse. Hars
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IS gE RN 5 . WEL 551, ABL-GD XA+
Ja R AR EVE M ZR i 50%. ~F34mAT A
ILE] 80%LA L. IXFEHARE T AT A A R
PRERSENG, A CHR A ABL-GD SR SE I %L

32 ER-FEHIESE

NI ABL-GD 5 AL FARTERH, A&
SCHEET N TR, MR B R F A8 S korlk
RNEGEN R, Hd T — L S
& ZBIREAKE 200 F0RICE, MRICTRE
PR B9 MR HEHLREES
B, IR NS 5 o e R R B 1Y
ACPBEATRRE, HEit 15645 NH REERRIL.

ANTEICRE SR Bt s, AR
Hf) ABL-GD 3 5 NEE KINAKTZ 8.
BT RIS SRIEAL I T AP xR, xf
NP AT N, SRR N £ R K A
TNRL FK M HI R BT N T &
SRS TR REIS RS 5 N L AT X R4 A,
AN R L B A SRV A 2R A R 45 T
HER AT R ABL-GD %08 5 A\ L KK
ZEFE. JEH G RS L S R A R R AT
BN, A SR BRI TN o A 1. B
AR M AMBEHUEECR, IRZ LT — T
R AT LIS BB 3 ) ERAR AL, DRI RS 73 A
B SR BTN (A S P vHE R 38 H HE LIS 21 100%

—o— Tl Hahff

30 20 10 5 -1

Ryt R () 42

- T R

HER 5

30 20 10 5 1

X AT (-n) 42

K5 ABL-GD SR TR A 2 A2 A il 2
Fig.5 Accuracy curves of ABL-GD on the dataset
MR R 5 MR 6 fion. ME 5 R,
ABL-GD S B N AT ROBHEIL N REGH, XA

KA KRB LIS JRIAS 70 f TGRS P2 At e

YRR RS HRIEH 30 i, ABL-GD X555
VERITRIERG R O 50%; 2480 Bt R4h dit
A 20 DI, SRS SR B TN AER 2 Re ik
3] 63.05%, A1F5r B FUNAER AL 2] 41.24%;

JRHT— B, SR K EN AR B TN AL R Ae s
ILF] 94.79%, WA HITIMHERHFIEE] 95.37%.
LKA UL ABL-GD IS 4E IR 5 Nt
KT, B I R B A B 5 N
FAHILHI7KF-

& 6 ABL-GD REE7E T R-MHEHIRE DTN ERRRE

Tab.6 Prediction accuracy of ABL-GD on the dataset
TERHRE (%)

XHREERAT -n 3
EXHE Xt RE
-max 39.36 24.29
-30 58.60 33.89
-20 63.05 41.24
-10 68.19 59.32
-5 76.74 75.70
-1 94.79 95.37

3.3 ABLN ;EFhsoIg

VAN BN EE L S AT S = el S
ABLN AR, LI R E MR B4
—/NAR4 ABLN ) ABL-GD 5%, fiv4y ABL-
GDoABLN, 1% 50 B #2081/ #0oW s BT
BB, SR 5 A SR A TR SR I

% 7 ABL-GD 5 ABL-GDoABLN XHii#ZEfgB %

Tab.7 Win rate of ABL-GD vs ABL-GDoABLN

B VALIIC A R (%)
ABL-GD ABL-GDoABLN 60.9£0.7
ABL-GDoABLN ABL-GD 39.1£0.7

KN E KGRI AE 500 Jm 88X R
IEEATEZRIGS, Gort R, FEEE 5 K
DA 2 bR 22, SEIGah Rk 7 For,
ABL-GD 5 ABL-GDoABLN X}, 7E5¢%%} )5 F
I ZE R P08 60.9%. 1% 5256 45 B i I A
ABLN HSRBEPERE 2T T A ABLN [3RES, 16
UE T 282 2] M4 ABLN i1 R 5+ ABL-GD 3
W& e 2.

% 8 ABL-GD 5 ABL-GDoABLN it B354
Tab.8 Cumulative score of ABL-GD vs ABL-GDoABLN

SHER A ABL-GD ABL-GDoABLN
Rt 5181 4441
34 (%) 403 18.6
245 (%) 27.5 39.7
105 (%) 322 417

UEAR, A/NEEINK T PR SISAE 5000 /)N
P ARG RI, FEGT PR s R Rt
BNy GO, RIS RN 8 s, M
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INRREREAL 50%; 2) TESHER/NE 24, ABL-
GD 3k#5 3 4, HPRCE (B3 51 BA b IR — i 58
) B EE R B4, Rk ABL-GD 7£ 2454
Lzt ABL-GDoABLN. %5246 4h R M &
2> M2 ABLN A B TSRS 7E 5 200) gy B DABE IR
(P “THeR” , [RS4SR mE /e Se et Jy LA
SEENIIR I

4

nes

4 BLE

AR T — M T e B ST A b v Ui
R IHIEHNE ABL-GD. i3RI H [ 2827 2] M 45 |
RGN — M i M A8 = A EEE 2 A,
ARG B HE TR R Bl OM LA 7 ST A 1 500
P TR U S5 R VR P PR AR R, AT S BB
PR AL ARG Rk Re ST, il
2R SIR A S, 30iE T ABL-GD SRE& )
AR, AT R FEARE A R R A\t
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