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Abstract

With the rapid development of artificial intelligence, traditional electronic-based computation is
constrained by Moore’s Law. Diffraction neural networks, as an emerging technology, have been
widely applied in many fields due to their superior robustness. Here, we propose an optical dif-
fraction neural network that can be used across multiple wavelengths. The image recognition ac-
curacy of this neural network maintains over 88% across multiple wavelengths, providing possi-
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bilities for processing optical chips in various environments.
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Figure 1. For DNN under multi-wavelength operation (a) DNN
schematic; (b) network description of DNN physical processes
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Figure 2. Flowchart of the DNN training
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Figure 3. The training phase layers of DNN (a) layer 1; (b) layer 2
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Figure 4. The training results of DNN (a) the training results of 800 nm; (b) the training results of 400 nm
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Figure 5. The alignment error of DNN (a) 800 nm; (b) 400 nm
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Figure 6. The wavelength error of DNN (a) 400 nm; (b) 800 nm
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Table 1. The effect of the number of diffraction layers on the accuracy

= 1 TS EBERERNRI

2 R4 (800 nm) YR 4 (400 nm)
1 86.8% 88.9%
2 88% 90%
3 90.4% 92.3%
4 91.3% 92.1%
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Table 2. Multi-task training accuracy
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