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Abstract

Diffraction deep neural network (D2NN) has shown significant advantages in tasks such as lensless
imaging and image classification due to their low energy consumption, high speed, and excellent
interference resistance. However, the lack of nonlinear activation layers limits the generalization
and fitting capabilities of D2NN in complex tasks. To address this issue, this paper proposes a non-
linear diffraction deep neural network based on graphene nanowalls (GNWSs) optoelectronic syn-
apses. By introducing GNWs optoelectronic synapses into the output layer of the D2NN, their sensi-
tive optoelectronic response is utilized to generate a nonlinear photocurrent that is dependent on
light intensity, thereby realizing a novel activation function, super-softmax. Numerical simulation
results demonstrate that the performance of the super-softmax activation function is superior to
that of the traditional softmax activation function, regardless of whether the outputlayer is normal-
ized. When applied to a single-layer nonlinear D2NN (64 x 64 neurons) for the MNIST handwritten
digit recognition task, the classification accuracy reaches up to 95%. This study provides important
theoretical support for achieving closed-loop online learning in diffraction deep neural networks.
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Figure 1. D?NN integrated with GNWs optoelectronic synapses. (a) Layered structure of the D2NN; (b) Schematic diagram of
the GNWs optoelectronic synapse-based structure; (c) Nonlinear photocurrent response of the GNWs synapse; (d) Diffraction
neural network using super-softmax and softmax activation functions

[El 1. SR GNWs SR SEARAY D°NN. (a) D°NN BIELE#H; (b) T GNWs SR RMAEEHREE; (c) GNWs 58fM
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Figure 2. Optoelectronic properties of GNWs artificial synapses. (a) Front view SEM image of the GNWSs optoelectronic
synapse; (b) High-resolution SEM image of the synapse; (c) Photocurrent response to a single pulse within 1 second under a
laser power of 0.45 W/cm?; (d) Fitted exponential relationship between laser power and photocurrent
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Figure 3. Handwritten digit recognition results of the nonlinear D2NN. (a) Computation process of the D2NN with super-
softmax activation function in the output layer; (b) Recognition accuracy of the D2NN using softmax and super-softmax acti-
vation functions; (c) Phase distribution of the diffraction layer under different numbers of neurons
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Figure 4. Handwritten digit recognition results of the nonlinear D?°NN with normalized activation function. (a) Computation
process of the D2NN with normalized Super-Softmax activation function in the output layer; (b) Recognition accuracy of the
D?NN using Softmax and Super-Softmax activation functions; (c) Phase distribution of the diffraction layer under different
numbers of neurons
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Figure 5. Recognition accuracy of the nonlinear D2NN with 64 x 64 neurons. (a) Accuracy variation curve of the D2NN using
normalized Softmax and Super-Softmax functions; (b) Confusion matrix of the D?2NN with Softmax activation function; (c)
Confusion matrix of the D2NN with Super-Softmax activation function
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Table 1. Performance of super-softmax function in different networks
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