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Modeling Method of Miniaturized Nonlinear All-Optical Diffraction
Deep Neural Network Based on 10.6 pm Wavelength
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Abstract One method used for modeling a miniaturized nonlinear all-optical diffraction deep neural network based
on 10.6 pm wavelength is proposed. First, a carbon dioxide (CO;) laser light source with a wavelength of 10.6 pm
is used, and the corresponding physical size of the neural network is 1 mm X1 mm. Second, the model framework
of the nonlinear all-optical diffraction deep neural network based on 10.6 pm wavelength is constructed according to
the characteristics of relevant optical physical parameters. Finally, the grid search method is used to determine the
hyper-parameters of the optimal neural network model, and the cross entropy loss function and the Adam optimizer
are selected to optimize the neural network. The proposed method is tested on the MNIST handwritten digital
dataset and the Fashion-MNIST dataset, respectively, and the classification results reach 0. 9630 and 0. 8743,
respectively. The proposed method provides theoretical reference for the preparation of miniaturized all-optical
diffraction gratings.
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Fig. 1 Dataset examples. (a) MNIST dataset; (b) Fashion-MNIST dataset
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Table 1 Label numbers and categories in Fashion-

MNIST dataset

Label number Category

T-shirt
Trousers
Pullover

Dress
Coat
Sandal
Shirt
Sneaker
Bag
Ankle boot
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Table 2 Physical parameters of neural network grating in

MNIST dataset

D)

Grating parameter Value
Wavelength 10.6 pm
Cell size 5 pm
Grating spacing 70A
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Table 3 Neural network training parameters in MNIST

dataset
Training parameter Value
Number of grating layers 6
Number of neurons per layer 60X 60
Batch size 100
Epoch 50
Learning rate 10 *
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Fig. 6 Classification accuracy corresponding to each

number of grating layers in MNIST dataset
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Table 4 Classification accuracy of MNIST dataset corresponding to each pixel size and diffraction grating spacing

) Pixel size Pixel size Pixel size Pixel size Pixel size
Spacing
of 30X30 of 40X 40 of 50X 50 of 60X 60 of 70X 70
304 0.8427 0. 8642 0.8736 0. 8694 0. 8664
402 0.8218 0.8623 0.8707 0.8744 0. 8667
502 0. 7545 0.8614 0. 8594 0. 8759 0.8712
60A 0.6499 0.8327 0.8710 0.8714 0.8741
70A 0.6190 0. 8304 0. 8683 0.8765 0. 8696
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Table 5 Physical parameters of neural network grating in

Fashion-MNIST dataset

Grating parameter Value
Wavelength 10.6 pm
Cell size 5 pm
Grating spacing 30A

# 6 Fashion-MNIST H4 4 i 28 9 45 (19 91l 25 2 4L
Table 6 Neural network training parameters in

Fashion-MNIST dataset

Training parameter Value
Number of grating layers 6
Number of neurons per layer 70X 70
Batch size 100

Epoch 50
Learning rate 10°°
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Fig. 7 Classification accuracy of Fashion-MNIST dataset

corresponding to each number of grating layers in

Fashion-MNIST dataset
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Table 7 Classification accuracy of Fashion-MNIST dataset corresponding to each pixel size and diffraction grating spacing

Pixel size Pixel size Pixel size Pixel size Pixel size
Spacing

of 30X30 of 40X 40 of 50X 50 of 60X 60 of 70X 70
30A 0.7012 0.7797 0.7943 0.7969 0.7994
40X 0. 6569 0.7539 0.7882 0.7903 0.7947
502 0.6137 0.7419 0.7664 0. 7849 0.7937
60A 0.6098 0.7411 0. 7574 0.7831 0.7935
70A 0.6069 0.7246 0.7539 0.7735 0. 7809
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Fig. 8 Classification results of MNIST dataset by standard all-optical diffraction deep neural network.

(a) Classification accuracy; (b) confusion matrix
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Fig. 9 Classification results of Fashion-MNIST dataset by standard all-optical diffraction deep neural network.
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Table 8 Classification accuracies of MNIST dataset by
diffraction deep neural

nonlinear  all-optical

networks with different activation functions

Activation function Accuracy
Leaky-RelL.U 0. 9609
PRelLU 0.9628
RRelLU 0. 9630

ALLE . B RReLU RS0 2 W 4% B A
0.9630 B/ K IEM 3, 5 CHR[15-16 IR L5 RAH L,
BT ORI K 0l 2 P 4 Y AT S % A 4 o0 4% A
FERFIE ST 46 /N 1/80 BYHTHR T o 43 28 1E 5 8 {UHH 22
0.01, BEIEUEM TR A IE AR PE . 181 10 S HA ANTH
O PREICRY A AT R T B il 8 T 4% X%F MINIST %40
B2 1 43 25 TE B 22 FIR A 0 I LR

H1 ] 10 TN, ELAT =i oR BRI A 28 I 2% X
MNIST $i# 5 rh A 507 19 23 28 1E 8 R 3 78 0. 94
DL, Ho, BT = eR A R A 0T 0.1 1
U IE B SR 38 8 3K 0. 995 AR 1M L A% Y X $ 5 R %K
TR RR 0 25, IE 58 2 43 51 A 0. 95 (Leaky-
ReL.U), 0.95 (PReLLU), 0.94 (RReLU) #I 0. 94
(Leaky-ReLU) ,0.95(PReLU) ,0.95(RReLU) ,
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Fig. 10 Classification accuracies and confusion matrixes of MNIST dataset by all-optical diffraction deep neural networks

with different activation functions. (a)(b) Leaky-RelLU; (c¢)(d) PReLU; (e)(f) RRelLU
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Fig. 12 Classification accuracies and confusion matrixes of Fashion-MNIST dataset by all-optical diffraction deep neural

networks with different activation functions. (a)(b) Leaky-ReLU; (c)(d) PReLU; (e)({) RReLU
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