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Abstract: The hybrid optical-electronic optical convolutional neural network (OCNN) combines the parallel
linear computation capabilities of photonic devices with the nonlinear processing advantages of electronic
components, demonstrating significant potential in classification tasks. However, the fabrication inaccuracies
of photonic devices and the circuit noise in FPGA-based backpropagation notably degrade the network per-

formance. In this work, the hybrid optical-electronic OCNN is constructed, where the linear computations are
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performed by optical computing layers based on Mach-Zehnder interferometers (MZIs), while the pooling
operations and the training process are implemented on the FPGA. This study focuses on the feasibility of on-
chip training on FPGA, analyzing the impact of noise on training performance and proposing the network op-
timization strategies to enhance the noise immunity of OCNN. Specifically, the noise immunity is improved
by adjusting the pooling method and pooling size, and the Dropout regularization is introduced after the pool-
ing layer to further enhance the model's recognition accuracy. Experimental results indicate that the proposed
on-chip training scheme effectively mitigates errors caused by the fabrication inaccuracy in the photonic
devices. However, the circuit noise remains the primary factor limiting the OCNN performance. Notably, un-
der the high circuit noise conditions, e.g. when the standard deviation of MZI phase error caused by circuit
noise reaches 0.003, the combination of maximum pooling and Dropout regularization significantly im-
proves the recognition accuracy of OCNN, which achieves a maximum of 78%. This research provides valu-

able insights for implementing on-chip training in OCNNs and explores new approaches for deploying hy-

brid optical-electronic architectures in high-noise environments.

Key words: OCNN; on-chip training; Mach-Zehnder interferometer
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Fig. 1 (a) Schematic diagram of the OCNN architecture
and (b) implementation of on-chip training for
OCNN
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Fig. 3 (a) Recognition accuracy of OCNN offline and on-

chip training, with fabrication error only; (b) recog-
nition accuracy of OCNN offline and on-chip train-

ing, with both fabrication error and circuit noise
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values
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