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Deep Learning-Based Beamforming Design with Bayesian Optimization
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Abstract

This study explores deep-learning-based beamforming techniques to enhance the performance of array antenna systems with the aim
of reducing computational costs and improving the signal-to-interference-plus-noise ratio (SINR). In this study, a method is proposed
to predict the optimal beamforming weight vector using deep learning. This approach involves training fully connected neural networks
(FNN), convolutional neural networks (CNN), and recurrent neural networks (RNN) to learn the autocorrelation matrix of the received
signals and output the weight vector. Bayesian optimization was employed to tune the hyperparameters of each model. The experimental
results indicated that the FNN model exhibited the best performance in forming beams that maintained the desired signal while minimiz-
ing interference. Specifically, the FNN model demonstrated an SINR difference of only 0.32 dB from the theoretical optimal weight
vector across various signal-to-noise ratio (SNR) conditions, confirming its suitability for deep learning-based beamforming. This study
highlights the potential of deep-learning-based beamforming techniques to improve both the efficiency and accuracy of array antenna
systems.
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Fig. 1. Uniform linear array with N antennas.
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