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Abstract

In the multi-agent environment, the learning behavior of agents is a valuable research content.
From the perspective of system designer, it is worth studying that in an environment where mul-
tiple agents exist simultaneously, agents can adjust their behavior strategies in the direction of
maximizing common interests. In this paper, a cooperative gradient algorithm (CL-Wolf-IGA) is
proposed to make the agent learn towards the strategy that maximizes the common benefit. Mean-
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while, in order to make the algorithm suitable for Markov games, we relax the conditions and pro-
pose CL-Wolf-PHC reinforcement learning algorithm. Even in the unknown environment where
only the average common benefit is known, the algorithm can make the agent using the algorithm
finally reach the strategy that can maximize the common benefit. At the same time, in order to
verify the performance of the algorithm in the actual game model, we use a classical game model
to test the CL-Wolf-PHC algorithm. Simulation results show that the algorithm has good conver-
gence.
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Table 1. Prisoners’ dilemma
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Figure 1. The learning dynamics of two agents in prisoner’s dilemma, the horizontal
axis represents the number of times the game is played, and the vertical axis represents
the probability of the first action of each agent
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Figure 2. The trajectory of the learning strategies of two agents in the pris-
oners’ dilemma, the horizontal axis is the probability of the first action of
the first agent, the vertical axis is the probability of the first action of the
second agent, and we randomly select 16 initial policy points
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Table 2. Coordination game
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Figure 3. The trajectory of learning strategy of two agents in the coordination game.
Horizontal axis and vertical axis respectively represent the probability of the first
behavior of the two agents, and we randomly select 16 initial policy points
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Figure 4. The trajectory of learning strategy of the two agents at randomly
initial 16 policy points in Stag hunt. Horizontal axis and vertical axis re-
spectively represent the probability of the first behavior of the two agents
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Table 3. Stag hunt
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Figure 5. The trajectory of learning strategy of the two agents at randomly
initial 16 policy points in Battle of the sexes. Horizontal axis and vertical axis
respectively represent the probability of the first behavior of the two agents
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