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Abstract; This paper optimizes the combination of training algorithms and learning rates to enhance the robustness of optical neural networks
(ONN) against device errors while ensuring high-precision recognition of digital images. Two fully connected ONN architectures, namely
GridNet and FFTNet, are simulated, employing mach-zehnder interferometers ( MZI) as photonics devices. Different algorithms, including
stochastic gradient descent ( SGD), root mean square prop ( RMSprop), adaptive moment estimation ( Adam), and adaptive gradient
(Adagrad) , are employed to train ONNs with device errors. Results indicate that under varying degrees of device errors, FFTNet
outperforms GridNet in robustness. Specifically, FFTNet trained with RMSprop and Adam algorithms at a learning rate of 0. 005, and with
Adagrad algorithm at a learning rate of 0.5, exhibits the highest performance in both digital image recognition accuracy and device error
robustness. Therefore, optimizing the combination of training algorithms and learning rates effectively improves the robustness of ONNs.
Keywords: Optical Neural Network; device error; Mach-Zehnder interferometers; gradient descent algorithm; learning rate
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Tab. 1 Recognition accuracy of GridNet with four training
algorithms under different learning rates
PUIPR R 2
) RN GRIE

0.5  0.05 0.005 5x10™* 5x107°

SGD 0.098 0.965 0.950 0.915 0.691
RMSprop 0.091 0.093 0.094 0.957 0.937
Adam 0.101 0.151 0.854 0.954 0.938
Adagrad 0.970  0.967 0.948 0.873  0.528
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Tab.2 Recognition accuracy of FFTNet with four training

algorithms under different learning rates

. i ) TURIRG B B
2 ) R rE k
0.5 0.05 0.005 5x107* 5x107°
SGD 0.091 0.950 0.914 0.699 0.229
RMSprop 0.101 0.153 0.954 0.950 0.910
Adam 0.101  0.901 0.963 0.952 0.910
Adagrad 0.966 0.950 0.909 0.423 0.161
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Fig. 5 The variation curve of the recognition accuracy of FFTNet with the component error under different training algorithms

(where Ir represents the learning rate )
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