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Abstract: Swarm behavior can often produce value and complexity far beyond individual behavior. In order to more ef-
fectively derive swarm intelligence on the basis of individual intelligence, it is necessary to scientifically measure the
level of swarm intelligence based on swarm entropy, and use swarm entropy as the guiding goal to promote the enhance-
ment and evolution of swarm intelligence. Aiming at this important scientific problem, the unmanned car group as the re-
search object was taken and a multi-agent soft Q learning method based on parameter sharing and group strategy entropy
was proposed. Which by sharing the observation information of the agent, combined with the maximum entropy rein-
forcement learning method, to achieve continuous learning and updating of swarm strategies in exploratory tasks. At the
same time, by defining swarm entropy as a measurement tool, characterizing the entropy change pattern in swarm learn-
ing, realizing the quantitative analysis of the gathering process of swarm intelligence.
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