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Abstract: This article from the background of the bridge, improving the system analysis, experimental test three perspective, 
based on the idea of reinforcement learning, from two aspects of contract and scoring ability, through a large number of 
calculations and the original program and every time a new system of winning IMP value level to achieve the agreed order, 
accumulate experience, design a set of good rewards and punishment mechanism, greatly improve the efficiency of the bridge to 
play CARDS and intelligence, thus the bridge game system was optimized and improved. In addition, the traditional methods 
need to manually extract the features of poor expansibility, this paper combined with reinforcement learning algorithm, the ideas 
of game devised a new system, under the condition of different effective play the computer, the program has also reached a 
higher level of the game structure design, for the incomplete information game theory provides a reasonable method, application 
creates opportunities to people living in the future. 
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1 Introduction 

In recent years, with the public's praise of artificial 
intelligence and the promotion of computer technology, 
artificial intelligence has been applied in more and more 
fields, especially in the field of computer game. An endless 
variety of game software has greatly promoted the 
development of computer game and even artificial 
intelligence, and machine game, as one of the few items that 
have not been conquered by artificial intelligence, has been 
gradually perfected_[ l-3lBut with different types of chess, 
such as most chess programs with incomplete information 
games, there is room for improvement. 

As one of the computer game cards, the traditional 
bidding stage of bridge is mostly Monte Carlo algorithm or 
database bidding, which has a large number of codes, which 
will lead to a long judgment time and some limitations. E3l 
Traditional call only according to the proportion of 
probability to estimate how much the right name is tasted, 
then after a lot of calculation or cumulative probability to get 
the accurate data, although this has advantages, but also a lot 
of limitations, the ability to design call this aspect, the 
machine machine almost to zero, this is a higher level of 
strategy, and everyone can fully embody the advantages 
between the game. In this context, we propose a bidding 
system based on reinforcement learning, which aims to 
make up for the deficiency of the traditional program 
through the intelligence and adjustability of reinforcement 
learning, multiple calculation and accumulation of 
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experience value, and a set of well-adjusted "reward" and 
"punishment mechanism" . The research results of this paper 
won the third prize in the 2020 National Computer Game 
Championship and the first prize in the 2020 Liaoning 
Computer Game Championship. 

2 Background 

MS Word Authors: please try to use the paragraph styles 
contained in this document. 

2.1 Bridge 

Bridge is a game played by four players using a standard 
deck of 52 cards, divided into four suits (spades, hearts, 
diamonds, and flowers), each of which contains thirteen 
cards. Players (usually referred to as north, south, east, and 
west) form opposing teams based on their positions. Bridge 
consists of two stages of play, called and played. [4l 

2.2 Playing CARDS 

In the game stage, a player puts a card in his hand face up 
in the middle of the table. The first card is played by the next 
house of the contracting party, also known as the first play. 
After the first play, the dummy side places all his cards face 
up on the table so that everyone can see the dummy's hand. 
During the game, the contracting party is responsible for 
playing for itself as well as for the dummy side. Each of the 
four directions plays a card, called a trick. Trick is a basic 
unit in bridge. The first player to play in each trick is called 
lead out. The next three players must play the same suit as 
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lead out. The highest player of the cards wins the trick unless 
someone plays a trump. The player who wins this trick is the 
leader of the next trick. This cycle until the last card is 
played, and then the settlement is carried out. The wiuning 
or losing of the game is determined according to whether the 
contracting party has completed the number of tricks 
promised, and the score is calculated. In the process of 
playing cards, players can use a variety of strategies to win 
tricks, and the player's card power is closely related to 
whether he can flexibly use these skills. 

2.3 Call 

Bidding is the core of the whole bridge, and all of our 
playing process is based on the type of suit and trick number 
of the call, so a proper contract is the key to winning. At the 
same time, bidding is also very difficult, one is the problem 
of bridge itself, it belongs to the "incomplete information" 
game. Information gathering in bridge is much more 
difficult than in chess.  Information about chess is not 
completely public. 

Referring to the previous game algorithm, as shown in 
Fig. l ,  the traditional call can only approximate the 
appropriate call according to the proportion of probability, 
and obtain accurate data through multiple calculations or 
cumulative probability values. This has its advantages (we 
would expect the computer's odds to rise sharply if it had 
played cards instead of bidding), but its limitations are many. 
Therefore, the advantage of reinforcement learning lies in 
this, through a lot of calculation, accumulated experience 
value. Together with a well-tuned "reward" and 
"punishment" mechanism, the computer can make an 
accurate call in a wide variety of situations.[5l 

Output Layer 

Hidden Layer 

Input Layer 

Fig. 1 :  Concept diagram of traditional game algorithms 

2.4 The traditional Monte Carlo method 

In old bridge games, when the first card is played by the 
player, also known as the first attacker, the hand is then 
revealed by the poker player, and the unsolved information 
is reduced to something in between, far less than the original 
three-way question. With the progress of the game, the 
possibility of the unsolved game is also slowly decreasing, 
which also represents the gradual visibility and clarity of the 
unknown information. For the card player, only to speculate 
the unknown card in which side hands, can take this as the 
root, the next step of thinking and judgment, to repeat. The 
application of Monte Carlo algorithm is formed through 
repeated speculation and judgment, including all situations 
and picking out the optimal line of playing cards. 

When the user uses Monte Carlo algorithm to simulate 
playing cards, the design is carried out in accordance with 
the following process: 

( 1 )  Concretise the abstract bridge playing process into a 
concrete Monte Carlo probability problem, pick out the 
known hands and dummy hands, establish pseudo-random 
numbers through mathematical methods, and then create a 
bridge playing model of random dealing, so that the 
probability of unknown hand distribution is exactly equal to 
the probability of dealing in the game. 

(2) In the process of repeated random licensing with 
computer code, a random sampling method is created for the 
random data, and then a large number of repeated 
experiments are conducted to judge and speculate the results 
of the experimental data. 

(3) Review the analysis process and results, conduct 
backtracking pru ning double paddle evaluation, get the 
optimal card route under the game situation, repeat this 
process for many times, synthesize the experimental results, 
and summarize the results with the most profits and the most 
times to the route selected by the program. 

3 Bridge system under reinforcement learning 

Reinforcement learning has been discussed in the fields of 
information theory, game theory and automatic control, etc., 
and has been used to explain the equilibrium state under the 
condition of bounded rationality, design the 
recommendation system and robot interaction system. Some 
complex reinforcement learning algorithms have a degree of 
general intelligence to solve complex problems, reaching 
human levels in Go and video games. In the future, deep 
reinforcement learning will be applied in many fields, which 
has unique research value and significance. 

3.1 Review of reinforcement learning 

The most important feature of deep learning is that deep 
neural networks can automatically fmd concise 
low-dimensional representations of high-dimensional data. 
References 5 .  Reinforcement learning model process 
belongs to Markov decision process, including state set, 
behavior set, state transition probability set and return set, as 
follows: 

( 1 )  State set S : the set of all states that can be reached by 
an agent. 

(2) Behavior set A : the set of all behaviors available to 
learning agents. 

(3) State transition probability set pa, : the probability of ss 
the action behavior a taken by the learning agent to move 

from state S to state s
' 
. 

( 4) Return set R a , : the immediate return obtained after ss 
the probability pa, changes from state S to state s

'
. ss 

Based on the above, reinforcement learning model is 
formed. A strategy is adopted by the agent in the state to 
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make the environment change, so as to obtain the 
corresponding reinforcement learning signal. As shown in 
Figure 2, when the agent adopts action A, the environmental 
state changes from to, and at the same time, the agent gets a 
feedback signaU5l 

s 

_,_ Th""""d 1 .  """' I I · 
env i ronment 

S' 

Fig. 2: Schematic diagram of reinforcement learning model 

If it is applied to reinforcement learning, then 
reinforcement learning can be extended to the previously 
difficult problem, that is, to solve the problem of the 
environment with high dimensional state and action space, 
thus the birth of deep reinforcement learning. 

3.2 Design of bridge game system based on 
reinforcement learning 

Using the ideas of reinforcement learning, the team 
designed a new system for acquiring bridge cards, in which 
the initial state of 6.3 5 * 1 011 plays were possible during 
the bidding process. In terms of the overall structure design 
of the software, the developer designed four functional 
blocks, which are log chess score, public module, 
application library, and platform interface packaging. The 
four functional blocks perform corresponding functions 
respectively, realize docking through interfaces, complete 
the conversion between functions, and interact with the code 
base, as shown in Figure 3 .  

,... .... 'Do ..... -

.. 

Fig. 3 :Schematic diagram of the overall design of the system 

In this paper, the bidding procedure of the first opponent 
card points of the points of the conditions of classification, 
and each category of the situation of the card type 
classification, detailed into 1 4  categories, to determine the 

opening of the call. At this time, each card situation 
corresponds to a unique call, the partner can accurately 
locate the call by the call of the corresponding card type and 
card point range. 

In the improved bridge system, instructions such as 
BRIDGEVER, INFO, DEAL, BID, CONTOVER, 
DUMMY, PLAY, GAMEOVER and ERROR can be issued. 
The player engine program can issue instructions such as 
BID, PLAY and OK. The communication flow chart 
between the system platform and the engine is shown in 
Figure 4. 

After receiving the 
BRIDGEVER command, 

return to OK BRIDGEVER 

After receiving the INFO 
command, return OK INFO 

After receiving the 
CONTOVER command, 
return OK CONTOVER 

Receive PLAY c:omm,md, 
return PLAY[card) 

Fig. 4:Flow chart of interaction between bridge game system and 
engine 

3.3 Example analysis of card type 

In our improved program, the incomplete information 
game and Monte Carlo algorithm are combined with the 
bridge game program, so as to get a more accurate card play 
and improve the intelligence of the bridge program. 
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1 )  Run the system program of the improved East and 
West. After the game starts, the generated game is shown in 
Figure 5 .  

2 . 

. 7TJ 

. 56JA 

+ 2369 
. 9A 

South first -down 

w 

. 34A 

• no 
+ 5QKA 
. 28J 

N 
E 

s 

. 568Q 
• s 
+ 478 
. 456TK 

. 29K 
• 2349K 

+ TJ 
. 37Q 

Fig.S:card type diagram 

2) At the beginning of the game, the southern AI first 
attacked A • 6, and it was the tum of the western AI to play 
(the improved program). At this time, the west had only • 9 
and • A in their stream. In the process of bidding, east, west 
two party programs call CARDS are to be carried out on the 
red peach, so western get Oriental AI AI on the plum 
blossom is not strong, our + 9 will not win the trick, so with 
A respond, to seize the opportnnity of the next round of the 
brand, to the east response, nature is the least of the plum 
blossom plum flower 3 .  (First round play C6, CA, C2, C3) 

3) Halfway through the game, the Eastern and Western AI 
has locked the game. As shown in Figure 6, although the 
Oriental AI "2 and "3 cards are very small, but the north and 
south have no hearts, the two trick card is bound to get. 

• 
• 
+ 2369 

• 

South first-down 

• 
• 
+ 50KA 

• 
N 

w E 
s 

• 
. 23 

+ TJ 

• 

Fig.6:card pattern after half of the game 

4) The game ends and East and West win. Through the 
above results, it is not difficult to see that the analysis ability 
of the optimized bridge game system for the game has been 
significantly improved. At the begiuning of the game, the 
system will choose to win the trick as soon as possible, and 
then get the priority card opportunity, and then through the 
call again, further get new information, focus on the heart, as 
soon as possible to consume the opponent's heart, so that 
their side in the heart of the very small card, can also eat to 
win the trick, the victory of the game. 

4 The experimental test 

After a number of groups of experimental data tests, from 
the contract ability, scoring ability two aspects of 
comparison. 

1) Comparison of contractual capacity 

In order to judge whether the program based on 
reinforcement learning can improve the bidding ability to 
some extent, we conducted ten tests on the source program 
and the improved program under the same conditions. It's 
relatively easy for the source program to call up to levels 1 
and 2, but it's a little more laboring for calls up to levels 3, 4 
and above, as shown in Figure 7.  
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Original program 

• To achieve order I • To acb.icve order 2 
• To achieve order 3 • Level 4 and above 

Fig. 7 :Schematic diagram of test results of source program 

Figure 8 is the agreed pie chart that the source program 
can achieve in the actual test. It is not difficult to see that 
order 1 and order 2 occupy the vast majority of the area, 
while achieving order 4 is very little. Therefore, in this case, 
the scores we can get naturally tend to shrink sharply. 

Improved procedure 

• To achieve order I • To achieve order 2 
• To achieve order 3 • Level 4 and above 

Fig. 8:Test diagram of the improved program 

In Figure 4, we can see that the probability of a program 
reaching level 4 and above is significantly increased. Being 
more accurate in judging our own program to reach a given 
number of points, in practice, allows us to score more points 
in a round of matches, significantly reducing the likelihood 
that our team will win more games than our opponent will 
win a single game. 

2) Comparison of scoring ability 

The test data of the source program and the improved 
program were compared for 10  rounds, and the winning IMP 
value of each program was recorded to test the card playing 
ability of the improved program, as shown in Figure 9 .  

2 8 5  
category 1 0  

category 9 
200 

category 8 

category 7 

2 3 0  
category 6 

category 5 

.---- 1 7 5  category 4 

category 3 

category 2 

category 1 

average 

200 
150 

2 80 

200 400 
The improved 
progrsm score s 

4 2 0  

480 

450 

600 Original program sc ore 

Fig.9: Bridge program ability comparison diagram 

Contrast figure 9 zhongyuan program and improved, the 
optimized program in each round against the IMP values 
obtained is higher than the original program, and in some 
cases, the improved program can get more than three times 
the fraction of the original program, this can show in our 
improvement, process for match analysis more accurate, 
have stronger ability to play CARDS. 

5 Conclusion 

Through a large number of experiments, it is proved that 
the optimized and improved bridge game system has a great 
leap forward in both feasibility and intelligent program 
compared with the traditional game system. The improved 
program is more comprehensive in consideration and has 
more prominent advantages. 

Bridge is a game of incomplete information, and 
computers are good at analyzing through lots of calculations. 
In the process of judgment chess program, this article 
optimized and improved game system with a complete set of 
rewards and punishment mechanism, the precision of 
calculation by the program, to be able to continue to 
accumulate experience value, can bring a better analysis 
result to the program, make the program more intelligent, 
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play more efficient and make the computer in the face of a 
variety of circumstances, make an accurate bid. 
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