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Abstract

Optical mode recognition has significant application prospects in fields such as optical communica-
tion, optical imaging, and sensing, especially in enhancing system capacity and processing efficiency.
Traditional recognition methods mainly rely on digital signal processing or diffractive optical ele-
ments, which have problems such as high computational complexity and high power consumption,
or lack of generalization processing capabilities. This paper proposes an optical mode recognition
framework based on diffractive neural networks (DNNs), focusing on the recognition task of line-
arly polarized (LP) modes. By introducing a large-scale complex amplitude optical field dataset con-
structed from Laguerre-Gaussian modes (with a total of 2000 samples), and designing a four-layer
diffractive network for training and optimization, the system achieves a recognition accuracy of
94.6% for the modes. Simulation results show that this scheme has excellent recognition accuracy
and demonstrates good application potential. This research provides a theoretical basis and design
framework for next-generation low-power, high-efficiency all-optical computing systems, and lays
the foundation for future physical implementation.
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Figure 1. Schematic diagram of multi-layer diffractive neural network for optical mode recognition tasks
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Figure 2. The trend of MSE loss with the training epoch
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Figure 3. Distribution of mean square error loss of the test set
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Figure 4. Comparison of recognition results of modes in complex light fields using DNNs
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