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Abstract: This paper presents a multi-robot reinforcement learning method combination LCS and LS-SVM, the optimal
learning strategy LS-SVM obtained as an initial rule set of LCS. LCS interact with the environment, which can quickly
find the guiding rules for multi-robot reinforcement learning, provide real-time, dynamic feedback, so that multi-robot
autonomously learn the optimal strategy of mutual cooperation. Algorithm analysis and simulation show that a large
space for multi-robot learning, the learning speed converges slowly, uncertainties and other learning problems can get a
great improvement.
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Figure 1. The evolution algebra and fitness curve based on LCS
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Figure 2. Reinfor cement lear ning conver gence based on the
traditional LCS
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Figure 3. Algebra and fitness curvesbased on LCSand LS-SVM
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Figure 4. Reinforcement lear ning conver gence based on the
traditional LCS
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Figure 5. Reinforcement lear ning conver gence based on LCS and
LSSVM
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