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Abstract. In the field of artificial intelligence, AlphaZero has achieved significant success in games 
like Go and Shogi. However, its application in Chinese Chess remains relatively unexplored. This 
study aims to unveil the potential and limitations of AlphaZero in Chinese Chess and explore 
strategies for optimizing its performance. In this paper, we begin by reviewing the fundamental 
principles and algorithmic structure of AlphaZero, emphasizing its deep reinforcement learning and 
self-play characteristics. Subsequently, we delve into the specific application of AlphaZero in 
Chinese Chess, encompassing aspects such as chess rule representation, training procedures, 
position evaluation, and strategy prediction. By analyzing successful instances of AlphaZero in 
Chinese Chess, we showcase its potential in the domain of board games. Furthermore, this paper 
elucidates the challenges that AlphaZero encounters in the context of Chinese Chess, including 
issues related to computational complexity and position representation. We particularly underscore 
the potential cost escalation due to high computational resource requirements and the risk of data 
loss or excessive time consumption associated with extended computation periods. IN conclusion, 
this research provides valuable insights into the application of AlphaZero in the realm of Chinese 
Chess and offers recommendations for future research directions to further expand its utility in this 
domain. 
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1. Introduction 

In the present era, with the rapid advancement of computer science and technology, Artificial 
Intelligence (AI) has become the focal point of both the scientific and industrial domains [1-4]. Over 
the past decade, the AI field has witnessed remarkable achievements, and two algorithms have 
spearheaded the AI revolution: AlphaGo and AlphaZero [1]. 

AlphaGo astounded the world in 2016 as the first computer program to defeat a human world 
champion in the game of Go. This breakthrough not only showcased the potential of AI in complex 
intellectual games but also ignited global research interest in AI across various domains. 
Subsequently, AlphaZero emerged in 2017 and, in a breathtaking manner, engaged in self-learning, 
surpassing its predecessor AlphaGo [5-8]. AlphaZero not only excelled in the game of Go but also 
demonstrated remarkable capabilities in various board games, including chess and shogi [2]. 

This review will focus on the application of AlphaZero technology in the domain of Chinese Chess 
and the challenges it encounters. We will explore the underlying principles of AlphaZero and how it 
has propelled research and application in the field of Chinese Chess. Furthermore, we will delve into 
the specific challenges and difficulties faced by AlphaZero in the realm of Chinese Chess. Through 
this review, we aim to unveil the potential of AlphaZero in Chinese Chess and address critical 
questions for future research, offering novel perspectives on the application of AI in the field of chess. 

2. Overview of AlphaZero Technology 

The AlphaZero algorithm is a form of deep reinforcement learning designed to achieve 
superhuman performance in various board games. Its development, originating from Google 
DeepMind, incorporates several unique and crucial features, largely influenced by David Silver's 
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paper "Mastering the Game of Go without Human Knowledge" and Julian Schritt wieser ' s paper 
"Mastering Atari, Go, Chess, and Shogi by Planning with a Learned Model." 

2.1. Basic Principles 

One of the core principles of AlphaZero is Monte Carlo Tree Search (MCTS) [9]. Through MCTS, 
AlphaZero efficiently explores the game tree, evaluates the potential value of different moves, and 
selects the most promising paths. This technology allows AlphaZero to optimize its strategy while 
handling vast game state spaces. 

2.2. Self-Play 

Another key feature of AlphaZero is self-play. Unlike traditional Go and Chess engines, 
AlphaZero doesn't rely on prior knowledge from human experts or opening databases. It trains itself 
through self-play, accumulating experience from each game and improving its strategy and position 
evaluation using neural networks. This self-learning approach enables AlphaZero to excel in various 
board games without the need for specialized customization [1]. 

2.3. Deep Neural Networks 

AlphaZero employs deep neural networks to estimate the value of a game position and predict 
optimal moves. This neural network processes the board state using convolutional layers and residual 
networks, transforming it into a format understandable by the computer. With iterations of self-play, 
the neural network gradually enhances its prediction accuracy, thereby refining the gameplay strategy. 

What sets AlphaZero apart is not merely its technological breakthrough but its paradigmatic impact, 
igniting extensive research interest in the field of artificial intelligence. The fusion of self-play and 
deep neural networks opens new possibilities for computer performance in complex intellectual 
games, while also guiding future research directions in deep learning and reinforcement learning [1-
2, 10-12]. 

3. Application of AlphaZero in Chinese Chess 

In the realm of fully deterministic games, such as Shogi, Go, and Chess, the AlphaZero algorithm 
has exhibited exceptional performance. This section focuses on the application of the AlphaZero 
algorithm in the context of Chinese Chess. 

3.1. Representation of Chinese Chess Rules 

Regarding the representation of Chinese Chess rules, AlphaZero employs an encoding method 
based on the state of the game board. The Chinese Chess board is depicted as a matrix, with each grid 
containing information about the respective position. This information encompasses the type of chess 
piece (e.g., chariot, horse, elephant, guard, general, cannon, pawn, etc.), color (red or black), and the 
piece's specific location [13-15]. This approach enables AlphaZero to precisely capture the dynamics 
of the chessboard. To feed the representation of Chinese Chess rules into the neural network, 
AlphaZero utilizes a deep convolutional neural network (CNN) [16]. The design of the CNN is 
tailored to meet the demands of deep reinforcement learning, efficiently processing image-like data, 
which is analogous to the representation of the Chinese Chess board. Leveraging convolutional layers 
and residual networks, AlphaZero extracts pertinent features from the depiction of the Chinese Chess 
board, which are subsequently utilized for strategy prediction and position evaluation. 

During the training phase of AlphaZero, the CNN learns various aspects of different chess 
positions, including the configurations of chess pieces, their relative positions, and potential moves. 
For instance, there are seven types of chess pieces for each player in Chinese Chess: chariot, horse, 
cannon, elephant, guard, general, and pawn, totaling 14 feature planes [11], with each player having 
seven feature planes. Additional feature inputs further contribute to the formation of the neural 
network. The dimensions of the neural network vary depending on the nature of the feature inputs. 
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These features are critical to Alpha Zero’s decision-making process as they aid in predicting optimal 
moves and assessing the quality of the position. 

To illustrate, in the case of Go and Chess: In Go, chess pieces are divided solely into black and 
white, and thus, an N (19) xNx2 representation is employed to depict a moment with black and white 
pieces. Eight moments, including the current one and the previous seven positions, are considered. In 
Chess, apart from distinguishing by color, chess pieces are categorized as king, queen, rook, knight, 
bishop, and pawn, amounting to six types. Consequently, an N (8) xNx(Tx12) representation is used, 
and an additional NxNx(Tx2) representation is incorporated to determine whether both sides have 
encountered a repetitive position. Similar to Go, there is a constant plane to indicate whose turn it is 
in the current position. Furthermore, Chess introduces an additional plane to signify the total number 
of moves made up to the current position. Chess also features a unique castling rule, which can be 
classified into short and long castling, necessitating four additional planes. Lastly, Chess rules dictate 
that if no capture occurs within 50 consecutive moves, the game results in a draw. Thus, an extra 
plane is allocated to indicate the number of moves without progress in the current position. In total, 
the number of planes amounts to 8x8x119 [1] (figure 1). 

 
Figure. 1 Input features used by AlphaZero in Go, Chess and Shogi respectively [1] 

3.2. Training Process and Position Evaluation 

The training process of AlphaZero consists of two key components: the policy head and the value 
head. These two components work together to continually enhance AlphaZero's chess skills. 

Policy Head: The policy head is a part of Alpha Zero’s neural network responsible for generating 
a probability distribution over moves. During self-play, it learns to assign probabilities to each 
possible move, giving higher probabilities to more promising moves. This learning process benefits 
from Monte Carlo Tree Search (MCTS), which guides the network's choices based on previous self-
play game experiences, improving move accuracy [1]. 

Value Head: The value head is another neural network component tasked with evaluating the 
current board position's value. It learns to predict the quality of positions. If a position favors 
AlphaZero, its corresponding value will be closer to 1; if unfavorable, it will be closer to -1. This 
value evaluation is learned from the outcomes of self-play games, where winning and losing positions 
provide valuable training signals. 

AlphaZero's position evaluation is influenced by Monte Carlo Tree Search (MCTS) [1], and the 
loss function is derived from MCTS. During self-play, AlphaZero uses MCTS to simulate games and 
explore potential outcomes of different moves. Through multiple simulations, MCTS generates a 
multitude of positions and evaluates them based on the eventual game results. Part of the loss function 
comes from the outcomes of the simulated games in MCTS. Specifically, AlphaZero compares the 
neural network's position evaluation with the simulated evaluations from MCTS. If the neural 
network's evaluation aligns with the MCTS simulations, the loss will be close to zero. If differences 
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exist, the loss guides the neural network to adjust its evaluation to better reflect the outcomes of the 
simulated games. 

The design of this loss function enables AlphaZero to continually improve its position evaluation 
based on the results of self-play, gradually enhancing its ability to accurately assess positions and, in 
turn, improving its strategy and move selection (Figure 2). 

 
Figure. 2 Self-play reinforcement learning in AlphaGo Zero [1]. 

3.3. Policy Prediction 

AlphaZero's policy network is a neural network component tasked with generating a probability 
distribution over possible move. The policy network takes the current board position as input and 
outputs the probability of each possible move. These probabilities guide AlphaZero's decisions in the 
game, making it more likely to select moves with higher potential value. The policy network's 
generation of move probability distributions is trained based on self-play data [1]. 

During self-play, AlphaZero accumulates a wealth of gaming experience and learns the probability 
distribution of moves through the neural network. This learning process benefits from Monte Carlo 
Tree Search (MCTS), which provides training data to the policy network by simulating the outcomes 
of different moves, allowing the network to more accurately estimate the quality of each move. The 
loss function plays a crucial role in policy prediction, guiding the training process of the policy 
network. 

In AlphaZero, a portion of the loss function originates from the outcomes of simulated games in 
MCTS. Specifically, AlphaZero compares the move probability distribution generated by the policy 
network with the simulated move probability distribution from MCTS. If these two distributions align, 
the loss tends to zero. If significant discrepancies exist, the loss prompts the policy network to adjust 
its probability distribution to better reflect the results from MCTS. AlphaZero has achieved 
significant success in policy prediction. 

Taking Go as an example [2], AlphaZero can accurately predict the best moves in complex chess 
positions without relying on traditional opening libraries or human expert knowledge. The training 
of its policy network is continually refined through self-play and MCTS-generated data, enabling 
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outstanding performance in various board games. In summary, policy prediction is one of the key 
factors contributing to AlphaZero's success. Through neural network learning and the guidance of the 
loss function, AlphaZero continually improves its move prediction during self-play, achieving 
performance beyond human capabilities. 

4. Relationship Between AlphaGo and AlphaZero 

AlphaGo and AlphaZero algorithms represent two significant milestones in the field of artificial 
intelligence. Their applications in board games like Go not only showcase the power of reinforcement 
learning but also reveal the potential of autonomous learning. Let's delve into the relationship between 
these two systems [16]. 

4.1. Similarities and Differences 

AlphaGo and AlphaZero share important similarities and differences in the field of artificial 
intelligence. They both feature deep reinforcement learning and self-play as key characteristics. At 
their core, both employ Monte Carlo Tree Search (MCTS) for efficient game exploration. However, 
there are significant distinctions in how these principles are applied. 

 
Figure. 3 Similarities and Differences between AlphaZero and AlphaGo [1] 

One of the most crucial differences is that AlphaGo leverages prior knowledge from human experts, 
including extensive libraries of Go openings and records of professional players. This knowledge 
provides AlphaGo with robust guidance, enabling it to perform exceptionally well in the early stages 
of a match. In contrast, AlphaZero learns entirely autonomously and does not rely on human 
knowledge, mastering board games from scratch. This autonomous learning approach grants 
AlphaZero versatility across different games [1] (Figure 3). 
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4.2. Outstanding Performance of the AlphaZero Algorithm 

After extensive training, the AlphaZero algorithm demonstrates a commendable winning rate 
when playing against top-tier AI chess algorithms such as Stockfish [14]. (Figure 4-5). 

 
Figure. 4 Training AlphaZero for 700,000 steps [14] 

 
Figure. 5 Scalability of AlphaZero with thinking time, measured on an Elo scale [14] 

5. Challenges and Limitations of AlphaZero in Application 

The challenges and limitations of applying AlphaZero have been a topic of considerable concern, 
holding significant implications for practical usage. These issues often revolve around the problem 
of excessive training iterations, resulting in a substantial increase in computational costs. This 
encompasses not only hardware expenses but also entails time and energy costs. 

5.1. High Costs 

One major challenge that the AlphaZero algorithm faces in complex games like Chinese Chess is 
computational complexity. While AlphaZero demonstrates exceptional performance in self-play, 
tackling intricate games demands a significant number of computational resources, leading to a 
potential surge in computational costs. For instance, variants of AlphaZero, such as "JiajiaZero" [11] 
and "IcyChessZero," [12] may encounter issues related to excessive training iterations in practical 
applications, leading to cost escalation or situations where data is lost due to excessively long 
computation times. 

In games like Chinese Chess, the state space is vast, and the features are intricate, surpassing the 
complexity of Go. AlphaZero employs Monte Carlo Tree Search (MCTS) to explore different moves 
and positions. However, in complex games, this search process requires more iterations and 
simulations, resulting in substantial computational demands. This not only necessitates more 
hardware resources but also significantly extends the time required for each step, involving extensive 
simulations and self-play. 

Additionally, the computational complexity of AlphaZero is influenced by the training process. 
To achieve exceptional performance, AlphaZero must undergo millions of self-play games, posing a 
formidable challenge in terms of computational resources and time constraints. Training in 
environments with limited time and hardware budgets often yields suboptimal results. 
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5.2. Difficulties in Capturing Positional Features 

Effective representation of game positions is crucial for AlphaZero's performance. AlphaZero 
employs neural networks to learn and represent game positions, but capturing critical information 
about positions is a significant challenge in complex games like Chinese Chess. 

In the paper "Mastering the Game of Go without Human Knowledge," the authors highlighted the 
challenges of positional representation in Go. They noted that in Go, every stone on the board can 
influence the position dynamically, making it difficult to model using traditional methods. AlphaZero 
uses Convolutional Neural Networks (CNNs) to process Go positions, but the design of CNN 
structures and how to represent and process board states effectively remain areas of in-depth research. 

In complex games like Chinese Chess, the challenges in positional representation become even 
more intricate. There are various types of chess pieces on the board, each with different movement 
rules and values. Changes in positions may be subject to specific rules, such as the check rule in 
Chinese Chess. Therefore, designing a representation that accurately reflects these factors is a 
formidable challenge. Some designers choose to quantify positional features themselves as input 
features for neural networks, but the original concept in the paper suggested that AlphaZero should 
independently extract positional features and model them during training [12]. 

Future research could explore more precise and efficient methods of positional representation to 
enhance AlphaZero's performance in complex games. 

5.3. Generalization and Transfer 

Generalization and transfer learning pose challenges and limitations for the AlphaZero algorithm. 
While AlphaZero excels in self-play, successfully extending its capabilities to different games or 
application domains remains a challenging endeavor. 

For example, in "Mastering the Game of Go without Human Knowledge," AlphaZero achieved 
remarkable success in Go. However, applying the same algorithm to other board games, such as chess 
and shogi, requires retraining and adjustments. When applied to Chinese Chess, specific feature code 
and neural network dimensions were also rewritten. This suggests that there are limitations in the 
transfer learning aspects of AlphaZero across games. Generalization to different domains may also 
involve issues related to positional representation, as positions in different games may have distinct 
characteristics. 

6. Future Research Directions 

6.1. Balancing Achievements and Challenges 

The successful application of AlphaZero in domains like Chinese Chess has brought about 
significant achievements and opened up new possibilities for the use of artificial intelligence in 
complex intellectual games. However, this success is accompanied by certain challenges, with 
computational complexity being the most prominent. AlphaZero requires extensive computational 
resources and time in self-play, which may be constrained in practical applications. The key to 
balancing achievements and challenges lies in finding methods to enhance the efficiency of 
AlphaZero, making it more applicable in real-game scenarios. 

6.2. Further Research on Positional Representation 

Positional representation plays a pivotal role in AlphaZero's performance. Future research 
directions can focus on improving positional representation methods to enhance AlphaZero's 
performance. For example, research can delve into better capturing features within chess positions 
and consider factors like historical information and opening libraries. These research directions hold 
the potential to further elevate AlphaZero's performance in the domain of chess. 
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6.3. Exploring the Potential of Human-Machine Collaboration 

AlphaZero, as a tool for chess training, holds significant potential. Future research can explore 
modes of human-machine collaboration, enabling AlphaZero to collaborate with human grandmasters 
to collectively advance the field of chess. This collaborative approach will provide new perspectives 
and opportunities for chess training and research, contributing to the further advancement of the chess 
domain. 

7. Conclusion 

In summary, the AlphaZero algorithm has demonstrated immense potential in the domain of 
Chinese Chess. By combining core principles such as deep reinforcement learning, self-play, neural 
networks, and Monte Carlo tree search, it has successfully been applied to Chinese Chess, 
progressively improving its own chess-playing abilities through self-play. This algorithm does not 
rely on human expert data, making it applicable to various chess-like games and showing promising 
applications across a wide range of domains. 

However, AlphaZero also faces several challenges in practical applications. Firstly, it demands 
significant computational resources, especially for games with high computational complexity like 
Chinese Chess, requiring substantial computing power and time. Secondly, there is still room for 
improvement in positional representation, necessitating more complex and precise methods to capture 
the intricacies of Chinese Chess. Lastly, while AlphaZero excels in self-play and achieves high win 
rates against top-level chess AI after training, its performance at lower training levels can be 
challenging. Future research directions include enhancing the computational efficiency of AlphaZero 
to reduce its dependence on computational resources, advancing positional representation methods to 
better capture the complexity of Chinese Chess, and exploring the potential of human-machine 
collaboration, leveraging AlphaZero as a chess training tool to assist human players in skill 
improvement. 

In conclusion, despite significant progress in the application of AlphaZero in Chinese Chess, it 
still faces challenges. Future research should focus on addressing these challenges while further 
expanding the application of AlphaZero technology in Chinese Chess. This not only contributes to 
elevating the level of computer play in chess but also brings forth new insights and opportunities for 
the development of the human chess domain. 
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