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Abstract

Training multi-agent reinforcement learning (MARL) systems often requires a
significant amount of time due to sample inefficiency, particularly when agents
must perform extensive exploration in complex environments and coordinate
among multiple entities. This study proposes the use of imitation learning to
accelerate the MARL training process in a 2v2 pong game by leveraging
demonstrations from a 1v1 pong game to shape the initial policy without
undergoing inefficient exploration procedures. We employ a deep Q-network
(DQN) framework with centralized training and decentralized execution
(CTDE) to compare the performance of pretrained and untrained agents in the
2v2 pong environment. Experimental results show that learning from
demonstrations in the 1v1 setting improves reward accumulation and game
scores of pretrained agents in the 2v2 pong game. The performance
improvement peaks at 700 demonstration learning steps and diminishes at
larger learning steps due to excessive memorization of the demonstration
gameplay. Furthermore, comparative experiments demonstrate that imitation
learning with 700 learning steps achieves learning efficiency improvements of
approximately 300% and 571% compared to the zonation method and
standard reinforcement learning pretraining, respectively. These results

indicate that imitation learning from demonstrations can effectively reduce the
prolonged training process in MARL, offering a viable solution, particularly
when data collection, computational resources, and training time are severely
constrained.

1. Introduction

Reinforcement learning (RL) is a machine learning method to tackle the problem of sequential decision making
by training an agent through interactions with the environment aiming to achieve optimal behavior that maximizes the
cumulative reward over time [1], [2], [3]. One of the main challenges in training a reinforcement learning agent is a low
sample efficiency that requires enormous number of samples from interaction with the environment to achieve a
desirable level of agent performance [4], [5], [6]. This difficulty makes many implementations of RL in real world
problems are not practical especially when data collecting is a complicated task. Learning from a demonstration can be
used to reduce the rigor of the training process due to sample inefficiency by providing an example of expert behavior
to be imitated by the agent that enables the learning process acceleration [7], [8], [9], [10], [11], [12]. Several previous
studies have shown that learning from a demonstration can reduce training steps by mimicking expert data, Todd Hester
et al. have proposed algorithm called deep Q-learning from demonstrations (DQfD) that can significantly accelerate the
learning process of RL agent in games [13] and Yang Gao et al. have shown a method to improve the agent from
imperfect expert demonstrations [14].

In the real world, the environment is complex and involves the dynamic of multiple entities [15], [16], [17], for
example the problem of autonomous driving [18], multi-robot warehouse management [19], and multiplayer games
which require MARL to enable multiple agents to learn and adapt through multi-entity environment [20]. The nature of
multiple entities led to more severe sample inefficiency and greater complexity of data collecting process since MARL
requires learning coordination with other agents as well as the dynamics of the environment. Coordination in MARL can
be fully cooperative, fully competitive, or combination of cooperation with teams and competition across opponents [21].
There are two common approaches of learning in MARL, namely decentralized and centralized, which depends on the
type of global or independent access of state, action, and reward. In centralized learning, agents are trained using global
information of state, action, and reward, while in decentralized learning, agents use local information of state, action,
and reward [22]. The combination of those two approaches called CTDE has recently emerged as a popular method
for training the agents in MARL which can partially access the global information such as state and action of other
agents in training while keeping each agent act independently using only its local observation [23]. Several studies have
been conducted by implementing this method, for example, Zhou et al. have implemented this method in game StarCraft
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Il [24] and Marvin et al. for their double snake game [25], both have shown good results of the method. However, these
previous results still suffer from inefficient training due to the sample inefficiency that is exacerbated by the complex
nature of the dynamics of MARL environment.

Although prior studies have demonstrated the effectiveness of learning from demonstrations and CTDE in MARL,
most existing approaches assume that expert demonstrations are collected within the same task structure and
interaction dynamics as the target MARL environment. As a result, these methods still require extensive data collection
in complex multi-agent settings and remain vulnerable to severe sample inefficiency as the number of agents increases.
Moreover, there is limited empirical investigation into whether demonstrations obtained from simpler, lower-entity
environments, such as single-agent or 1v1 scenarios can be effectively transferred to accelerate learning in more
complex cooperative MARL problems with substantially different interaction dynamics. To address this methodological
and empirical gap, this paper proposes an imitation learning framework that transfers demonstrations from a 1v1 Pong
environment to initialize and accelerate MARL training in a 2v2 Pong setting. The main contribution of this work is an
empirical demonstration that cross-task imitation learning can improve learning efficiency and early performance in
cooperative MARL, while also identifying an optimal demonstration length that balances imitation and reinforcement
learning.

In this paper we proposed an imitation learning method to accelerate MARL training process to learn playing 2v2
pong game. We use demonstrations of playing 1v1 pong game then transfer the policy for further adaptation into 2v2
pong game. The proposed 2v2 pong game involved 4 players that is team up 2 by 2 that are controlled by their respective
agent to maximize score of their own team. The rules of this game are derived from the classic pong game, however
the 2v2 pong game is played by 2 teams that consist of 2 players for each team, a point is collected when a pong
successfully score the ball into the opponent zone. In our experiment, firstly, we train agents by using DQN from the
state, action, and reward in 1v1 pong game demonstration, the resulting DQN is then used by two agents in the same
team as the initial policy to further learn 2v2 pong game against two agents without any prior model as the opponent
team. The results in this work show that by using demonstration in 1v1 pong game for the pretrained team, the learning
rate of MARL in 2v2 pong game is improved compared to the untrained team. With this result we have shown that
learning from demonstration can be used to resolve sample inefficiency under a different and substantially more
complex dynamics than the original demonstration is conducted.

2. Research Method
2.1 Pong Game

Pong game is a simplified form of tennis where two paddles attempt to keep a ball in play. It has been widely
used as a benchmark environment in RL due to its relatively simple mechanics and extended interaction horizon. The
observation space is moderately complex, containing features such as the players’ scores and visual information like
side walls, paddle positions, and ball positions. Each agent controls a paddle located on either the left or right side of
the screen, each paddle can be controlled to move up, move down, or rest. The objective of playing pong game is to hit
a moving ball back and forth and prevent it from passing one’s paddle, a team score is counted when the opponent fails
to return the ball. In this work we propose the 2v2 pong game which derives from the classical pong game.

The number of players in 2v2 pong game is 4 players that are teamed up in 2 by 2 as can be seen in Figure 1.
The 2v2 pong game starts with a ball moving in a random direction at an initial speed, as depicted in Figure 1(b). When
the ball collides with the upper or lower barrier, the vertical speed of the ball is reversed while the horizontal speed of
the ball will remain the same, this will result in a bounce vertically when the ball touches the upper or lower barrier.
When the ball collides with a paddle the horizontal direction of the ball is reversed and the total speed is increased by
10%, resulting in a horizontal bounce with a speed 1.1 times before the collision. The score of a team will be increased
by one point when the ball successfully surpasses the opponents paddle line and the pong game will be reset to start
the initial condition. In 2v2 pong game environment, each agent will be rewarded with small amounts of point (less than
1) if the agent is chasing the ball in vertical direction, while all agents of scoring team will be rewarded with 1 point
respectively if a team successfully scoring. The state of 2v2 pong game that is used to train the agents is a vector of 16
elements, this state is:
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Figure 1. (a) 17v1 Pong Game and (b) 2v2 Pong Game

2.2 Imitation Learning

To accelerate the training process of MARL agents in learning to play 2v2 pong game, as shown in Figure 2, we
initialize the agents learning with demonstration that controls the agents’ action in 1v1 pong game. In training the initial
policy, action is taken from the demonstration while reward and state are obtained from the 1v1 pong game environment.
With this approach, we bypass the initial exploration by providing agents with a more reliable state, action, and reward
tuple from the demonstration to avoid the sample inefficiency during training due to the unpredictability nature of the
exploration.

After the initial training guided by demonstration for a certain number of learning steps in 1v1 pong game, the
pretrained agents are transferred into 2v2 pong game. Albeit the same game mechanics between 1v1 and 2v2 pong
game, the pretrained agents encounter a different dynamic due to the emergence of two additional players that impose
the necessity of coordination among players. The illustration of MARL in 2v2 pong game can be seen in Figure 3, the
left side are the pretrained agents while the right side are the untrained agents. Each agent consists of an independent
DQN that can predict the value of actions when a particular input state is given. In the training process of an agent in
2v2 pong game, action is controlled by agent to improve their respective reward function through RL. The left side
players will benefit from the initial demonstration of 1v1 pong game while the right side players will be started without
any prior knowledge about the pong game. By comparing the performance of pretrained and untrained teams, we can
observe the effectiveness of imitation learning of 1v1 pong game in the dynamics of 2v2 pong game to reduce the
sample inefficiency in MARL training process.
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Figure 2. Imitation Learning from Demonstration in 1v1 Pong Game
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Figure 3. Multi-agent Reinforcement Learning of 2v2 Pong Game

state = [top left paddle position, top left paddle up direction, top left paddle stop,
bottom left paddle position, bottom left paddle up direction, bottom left paddle stop,
top right paddle position, top right paddle up direction, top right paddle stop,
bottom right paddle position, bottom right paddle up direction, bottom right paddle stop,
ball x position, ball y position,
ball right direction, ball up direction].

3. Results and Discussion

In our experiment we use a fully connected neural network that consists of five layers with 7 nodes for input
layers, three layers of 64 nodes, output layer that consists of 3 nodes, for training the reward function we use a = 0.0005
and y = 0.95. In imitation learning, the number of learning steps from demonstrations are 100, 400, 700, and 1000. We
observe the sum of reward and score from each agent in the pretrained and untrained teams to compare the
performance between the teams. To see the fluctuations of their performance, the reward and score are taken five
times, hence the average value as well as distribution between maximum and minimum value can be further analysed.
In 2v2 pong game we record the first 1000 steps to examine the effectiveness of 1v1 pong game imitation learning in
the dynamics of 2v2 pong game MARL.

Figure 4 shows the reward value of pretrained and untrained teams when playing 1000 steps of 2v2 pong game
at learning steps of 100, 400, 700, and 1000. The pretrained team consistently achieves higher rewards than the
untrained team across all learning steps variations. This performance gain is attributed to prior imitation learning, which
initializes the reward function based on demonstrations from the 1v1 pong game. The average rewards at the final step
of 2v2 pong game for the pretrain team at learning steps of 100, 400, 700, and 1000 are 19.73 + 2.71, 20.90 + 1.41,
23.12 £ 5.68, and 22.92 + 2.96 respectively (see Table 1). In contrast, the untrained team achieves lower average
rewards of 12.89 + 1.12, 9.90 + 1.10, 9.66 + 1.03, and 10.06 + 2.08 respectively. Figure 5 presents the average score
values of pretrained and untrained teams under the same experimental settings. A similar trend to the reward results is
observed, where the pretrained agents’ scores generally increase with additional learning steps and slightly decrease
when the learning step exceeds 700. The average final scores of the pretrained team for learning steps of 100, 400,
700, and 1000 are 5.00 + 1.58, 5.60 + 1.14, 6.60 £ 3.65, and 6.40 * 1.14 respectively (see Table 2). Meanwhile, the
untrained team achieves lower average scores of 1.20 £ 0.45, 0.40 £ 0.55, 0.20 £ 0.45, and 0.40 % 0.55 respectively.
Overall, increasing the learning steps improves the reward and score of the pretrained team due to a more informative
reward initialization obtained from longer demonstration training. However, when the learning step exceeds 700, the
pretrained agents tend to overfit to the operator’s playing style, which limits further reinforcement learning adaptation in
the 2v2 Pong environment. This behavior is reflected in Table 1 and Table 2, where the learning step of 700 yields the
highest average reward and score, along with the largest standard deviation, compared to other learning step settings.
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Figure 4. Pretrained vs untrained reward distribution of (a) 100, (b) 400, (c) 700, and (d) 1000 learning steps (LS)
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Figure 6 compares the proposed imitation learning method with the zonation method, which has been previously
studied to improve learning efficiency in MARL [25]. The results show that the imitation learning method achieves
superior performance in both reward accumulation and score compared to the zonation method when the two pretrained
teams are evaluated against each other after 700 learning steps of pretraining for both methods. Although the zonation
pretrained team performs better than the untrained team, its performance remains inferior to that of the imitation learning
approach. These results indicate that imitation learning provides a more effective strategy for improving learning
efficiency in collaborative MARL environments. To quantitatively compare learning efficiency, we conducted additional
experiments to determine the number of learning steps required by the zonation method and by regular reinforcement
learning with pretraining to achieve performance levels comparable to imitation learning with 700 learning steps. As
shown in Figure 7, the zonation method requires approximately 2100 learning steps to reach average reward and score
values similar to those obtained by imitation learning with only 700 learning steps. This result indicates that the imitation
learning method achieves approximately 300% higher learning efficiency compared to the zonation method.
Furthermore, for comparison with reinforcement learning without any pretraining, Figure 8 shows that the agents require
approximately 4000 learning steps to achieve performance comparable to imitation learning with 700 learning steps.
This finding suggests that imitation learning provides approximately 571% higher learning efficiency than reinforcement
learning without a pretraining strategy. Detailed quantitative results for the zonation method and regular reinforcement
learning with pretraining are summarized in Table 3.
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Figure 6. Performance Comparison between Imitation Learning (IL) and the Zonation Method with 700 Learning
Steps. (a) Reward and (c) Score Distribution of IL vs the Zonation Method. (b) Reward and (d) Score Distribution of
the Zonation Method vs the Untrained Agents
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Figure 7. Performance Comparison between the IL Method with 700 Learning Steps and the Zonation Method with
Different Learning Steps: (a) Reward and (c) Score Distribution of the Zonation Method with 1500 Learning Steps, and
(b) Reward and (d) Score Distribution of the Zonation Method with 2100 Learning Steps

Table 1. Summary of Rewards Statistics for Pretrained and Untrained Teams
Pretrained Untrained

Avg + std Min Max Avg + std Min Max

100 19.73 £ 2.71 16.68 23.72 1289%+1.12 11.63 14.10

400 20.90 £ 1.41 18.94 22.40 990+1.10 8.26 10.73

700 2312+568 17.10 30.02 9.66+1.03 8.10 10.82

1000 22.92+2.96 19.79 26.31 10.06 +2.08 8.24 13.49

Steps

Table 2. Summary of Scores Statistics for Pretrained and Untrained Teams
Pretrained Untrained

Avg + std Min  Max Avg + std Min  Max

100 5.00 + 1.58 3 7 1.20 £ 0.45 1

400 5.60 £ 1.14 4 7 0.40 £ 0.55 0

700 6.60 + 3.65 2 11 0.20 £ 0.45 0

1000 6.40+1.14 5 8 0.40 £ 0.55 0

Steps

2
1
1
1

Table 3. Summary of Learning Efficiency Across Different Methods

Methods Learning Reward Score IL Relative Learning
Steps (avg * std) (avg + std) Efficiency
Imitation learning (IL) method 700 2312+568 6.60 +3.65 -
Zonation method 2100 2198 + 2.68 7+1.87 300%
Regular reinforcement 4000 21.77+067  7+0.71 571%

learning (pretrained)
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Figure 8. Performance Comparison between the IL Method with 700 Learning Steps and Regular Reinforcement
Learning with Pretraining at Different Learning Steps: (a) Reward and (c) Score Distribution with 3000 Learning Steps,
and (b) Reward and (d) Score Distribution with 4000 Learning Steps

4. Conclusion

In summary, this work demonstrates that imitation learning from demonstrations collected in a 1v1 pong game
can effectively accelerate the training process of MARL in a 2v2 pong environment. By transferring an initial policy
learned from demonstrations, the agents are able to reduce sample inefficiency caused by exploration and achieve
faster performance improvement compared to training from scratch, even under different interaction dynamics. Based
on experiments with 100, 400, 700, and 1000 demonstration learning steps, the reward and score of the MARL agents
generally increase as the number of demonstration learning steps increases. However, the optimal performance in the
2v2 pong game is achieved at 700 learning steps. When the demonstration learning steps exceed this value, excessive
memorization of the demonstration gameplay limits generalization and inhibits further reinforcement learning, resulting
in reduced performance. In comparison with other learning booster strategies, the proposed imitation learning approach
consistently outperforms the zonation method and standard reinforcement learning pretraining. Specifically, imitation
learning with 700 learning steps achieves performance comparable to the zonation method with approximately 2100
learning steps and to regular reinforcement learning pretraining with approximately 4000 learning steps, corresponding
to learning efficiency improvements of about 300% and 571%, respectively. These results indicate that imitation learning
provides a more effective and data efficient mechanism for accelerating cooperative MARL ftraining than existing
baseline methods. These findings offer a practical approach for transferring knowledge from a simpler single agent
setting to a cooperative MARL task and empirically demonstrate an improvement in learning efficiency. This approach
is particularly beneficial in scenarios where data collection, computational resources, and training time are tightly
constrained, as is often the case in robotics applications. Moreover, the results open new opportunities for advancing
game-based MARL research by establishing a transferable learning framework across environments with different
interaction dynamics.
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