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Abstract

In cooperative Multi-Agent Reinforcement Learning (MARL)

environments without communication, the absence of intent exchange often

causes coordination failures and unstable training. To address this issue, we

propose a deep MARL framework that combines a Cooperation Tendency

Network (CTN) with Double Deep Q-Networks (DDQN). The CTN

estimates the cooperation tendency of state–action pairs, guiding agents

away from actions likely to cause coordination breakdowns. To integrate

CTN and DDQN, we design an Action Decision Function (ADF) that

allocates their contributions. This mechanism emphasizes cooperation-

driven exploration in the early training phase and value-based policy

learning in later stages. Theoretical analysis shows that the framework

stabilizes training and reduces the risk of coordination traps. Experimental

results further demonstrate improved sample efficiency and superior final

performance compared with conventional approaches in cooperative

MARL tasks without communication.

Fig1. The architecture of Dual Network integrating DDQN and CTN
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Cooperation Tendency Network (CTN)

In most cooperative scenarios, conventional reinforcement learning (RL)

algorithms inevitably encounter stagnation. During the early stages of the

training process, agents lack a shared consensus for cooperation, often

resulting in decision-making behaviors that are detrimental to collective

interests. Our objective is to ensure that agents consistently exploit decision

policies that successfully promote cooperation.

To enhance coordinated behaviors among agents, we introduce the

Cooperation Tendency Network (CTN). This multilayer perceptron maps

each agent's state-action pair to a real-valued scalar between zero and one,

formally defined as:

𝐶𝑖: 𝑺𝒊 × 𝑨𝒊 → [𝟎, 𝟏] ∈ ℝ

where 𝐶𝑖 represents the cooperative tendency value. A higher cooperative

tendency value indicates a greater likelihood that the selected action will

support cooperation and prevent coordination failure.

At each policy exploitation step, agents first input the transition tuple

(𝑠𝑖 , 𝑎𝑖 , 𝑠′𝑖 , 𝑟) into both networks—the Q-value network and the CTN.

Subsequently, the Action Decision Function (ADF) is employed to combine

the outputs: the Q-value and the C-value. The agent then selects the action

corresponding to the highest combined term to explore the environment.

Fig.2. Training Process of CTN-Q

Learning Process

Experiment Setting

The environment is defined as a 20×20 discrete grid. Two cooperative

predators start at adjacent positions in the lower-left corner, while the

prey is located near the upper-right region. The predators aim to jointly

capture the prey, which is achieved when both agents simultaneously

occupy positions whose Manhattan distance from the prey is less than or

equal to one.

Each predator has a discrete action space consisting of four possible

moves: {up, down, left, right}. The environment features two types of

prey behavior:

• Fixed trajectory – the prey moves cyclically along a square path.

• Random strategy – the prey moves or stays in place according to a

biased random probability.

The two predators must avoid colliding with each other or moving

outside the grid boundaries. If an illegal move occurs, the agent returns to

its previous position and receives a penalty.

The reward function is defined as follows:

A small step penalty of −0.1 for each move.

A large reward of +50 upon successfully capturing the prey.

An additional penalty of −10 for collisions or illegal cooperative behavior.

The episode terminates when the prey is captured or when the maximum

step limit is reached.

Fig3. Training Results of Prey-Predators-Fixed trajectory Environment

Results- Fixed trajectory

Fig4. Training Results of Prey-Predators-Random strategy Environment

Results- Random strategy
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