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An adaptive modulation and coding strategy based on Meta—learning
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(1.School of Information and Communication Engineering, Beijing University of Posts and Telecommunications,
Beijing 100876, China;2. Key Laboratory of Universal Wireless Communications, Ministry of Education, Beijing
100876, China)

Abstract: A meta-learning-driven adaptive modulation coding strategy was proposed for dealing with the
model generalization capability degradation problem encountered by the existing deep learning algorithms
when the channel environment was changed. The proposed approach employed the Model-Agnostic Meta-
Learning (MAML) algorithm to predict the modulation and coding schemes based on channel characteristics.
Initially, two neural network models were proposed and trained. Subsequently, a small number of samples from
new channel scenarios were used to fine-tune the trained model parameters, thus enabling rapid adaptation
to new environments. Both simulation results and discussions demonstrate that the proposed algorithm
outperforms the baseline algorithms in term of throughput performance and model generalization capability.
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