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ABSTRACT

In recent years, mobile traffic is exploding as

various smart devices emerge. As a result,

QoS(quality of service) becomes a more important

measure in the next generation of wireless

communications. In this letter, we propose machine
learning-based power allocation considering QoS in
simple SISO broadcast channels. Our proposed
machine learning model finds the best power
allocation considering the QoS of all users for given
maximum power budget and channel gains. The
numerical results show that our proposed scheme
achieves the same performance as the target power
allocation scheme, which requires high computational

complexity.
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Fig. 1. Machine learning model structure in 3-user case
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Fig. 2. The performance of N-level power allocation, the
approximation in low and high SNR
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