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Sparse Neural Network Based on Log-sum Regularization

Xie Wenjie, Liu Yulan
(School of Mathematics and Statistics, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: In order to train a sparse neural network, the Log-sum function is chosen as the regularization term and
the cross entropy function as the loss function to establish the model and solved it by proximal gradient algorithm,
whose learning rate was obtained by Meta-LR-Schedule-Net. The network is trained more sparsely by the model
with the Log-sum regularized function than by other models with other induced sparse functions, such as the 1-
norm function, transformed 1-norm function, and 1/2-norm function, according to numerical experiments
conducted on four data sets: MNIST, Fashion-MNIST, CIFAR-10, and CIFAR-100. Additionally, the network

trained by using the Meta-LR-Schedule-Net learning rule is more accurate than those trained by using a fixed

learning rate.
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Table 1 Experimental results of the model in the CIFAR-10 and

CIFAR-100 dataset %
CIFAR-10 CIFAR-100
A
Accuracy Parameters Used Accuracy Parameters Used
L+MLR-SNet ~ 94.80 100 80.44 100
L, +MLR-SNet ~ 94.40 42 80.30 60
CaP+MLR-SNet  94.48 27 78.97 49
I12+MLR-SNet 94.66 41 80.22 45
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Table 2 Experimental results of the model in the MNIST and
Fashion-MNIST dataset %

Layerl Layer2 Layer3 Layer4 Layer5
Wi B Wy By Wi B; Wy By Ws  Bs

R

b 100 100 100 100 100 100 100 100 100 100

A 8 100 76 69 62 32 18 55 89 100
CaP 48 33 26 38 1 1 6 2 42 50
ly2 33 50 7 19 1 0 4 2 35 40
Log-sum 34 27 6 6 1 0 9 0 34 10
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Table 3 Comparison of parameter used with different method %

fom MNIST Fashion-MNIST
Accuracy Parameters Used  Accuracy Parameters Used
I 98.67 100 90.88 100
& 97.76 62 90.15 76
CaP 97.44 42 90.33 64
hy2 97.63 13 89.99 57
Log-sum 97.77 8 90.57 51
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Table 4 Cross validation experimental results of Log-sum+MLR-

SNet model %
. CIFAR-10 CIFAR-100
Accuracy Parameters Used  Accuracy Parameters Used
1 94.88 26 80.22 45
2 94.77 21 80.08 40
3 94.77 20 80.44 46
4 94.92 26 80.58 48
5 94.85 27 80.14 41
Average 94.83 24 80.33 44
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Table 5 Results of ablation experiments in CIFAR-10 and

CIFAR-100 dataset %
CIFAR-10 CIFAR-100
e
Accuracy Parameters Used Accuracy Parameters Used
Base 90.93 100 76.88 100
Log-sum 84.48 29 65.72 51
MLR-SNet  94.80 100 80.44 100
Log-sum+
MLR.SNet 94.75 26 80.38 45
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