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Bidirectional one-dimensional compression and quantization for
CNN recognition based on optoelectronic memristors

Sheng Xile Zhang Zhang
(School of Microelectronics, Hefei University of Technology,Hefei 230601, China)

Lin Yinrui

Abstract: The physical separation of perception and computation in von Neumann architectures necessitates extensive
data movement between storage and processing units, resulting in high latency and energy consumption that constrain
the development of edge vision applications. To reduce data transmission overhead and enhance front-end computational
efficiency, this study proposes a hybrid recognition scheme based on optoelectronic memristor arrays and convolutional
neural networks (CNN) for low-bandwidth feature acquisition and classification of 64 X 64 handwritten characters. Two
sets of 4k optoelectronic memristor arrays perform parallel one-dimensional convolutional compression along row and
yielding two 64-dimensional feature streams that are concatenated into a 128-

column directions respectively,

dimensional joint feature. A lightweight CNN is employed in the backend, combined with mixed-precision
quantisation. Experimental results demonstrate that the combined row-column features achieve stable recognition rates
of approximately 91% ~93% without quantisation. Following quantisation and fine-tuning, the model attains a peak
recognition rate of approximately 88. 8 %.
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Fig. 2 One-dimensional convolutional compression of

optoelectronic memristors
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Fig. 3 32-state photoresponsivity of the optoelectronic memristor
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Table 1 Key parameters of neural networks
B fi
Epochs 20
Batch Size 64
Learning Rate 0. 001
Weight Decay 0.000 1

Criterion Cross Entropy Loss
Optimizer Adam
Gamma 0.9
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