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B, AL IO A IR E T B s R W K4, BT, AR T BRI ALY B Aoy Rl w R R L2 E R AL
oA THRERGETZHARE, A —FZBRe 7k 2 B BIRE B EEARIE, £ Proximal # &
77 ik R AR SRAAC PV 8 B A, A AR sk — A Ak 4f A2 IR LAY 2 W % £ A 457 R A 5R#E 49 Prox NAG #
Wik, & F T E52mRENERTEI X, 7 xATLLEMNA, A A Nesterov 35 & K KAL) A4,
SR T A RN ACET AL vk At L2 B W AL e B BAR R IR, R RN AN B F T GIREF T
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Fok s R A WALH R A PRI,
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Model Pruning Algorithm Based on Sparse Optimization and Nesterov Momentum

Strategy

ZHOU Qiang, CHEN Jun, BAO Lei, TAO Qing
(Department of Information Engineering, PLA Army Academy of Artillery and Air Defense, Hefei 230031, China)

Abstract: With the rapid development of deep learning, the number of parameters and computational
complexity of models have exploded, which pose challenges for deployment on mobile terminals. Model
pruning has become the key to the implementation and application of deep learning models. At present, the
pruning method based on regularization usually adopts 1.2 regularization combined with the importance
standard based on the order of magnitude. It is an empirical method lacking theoretical basis, and its
accuracy is difficult to guarantee. Inspired by the Proximal gradient method for solving sparse optimization
problems, we propose a Prox"NAG optimization method that can directly generate sparse solutions on
deep neural networks and a corresponding iterative pruning algorithm is designed. This method is based on
L1 regularization and uses Nesterov momentum to solve the optimization problem. It overcomes the
dependence of the original regularization pruning method on 1.2 regularization and order of magnitude
standards, and is a natural extension of sparse optimization from traditional machine learning to deep

learning. Pruning experiments are conducted on the ResNet series models on the CIFAR10 dataset, and
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the results show that the Prox-NAG pruning algorithm has improved its performance compared to the
original pruning algorithm.

Key words: sparse; optimization; pruning algorithm; Proximal gradient method; Nesterov accelerated
gradient (NAG)
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Table 1 Testing accuracy comparison of common methods after pruning %
SR IT BIRAR A0 BURCRS0M  BURLR 60X BYRLRTON  BYRLE 80N BIRIAE 90X
Baesline 92.93

Magnitude 92.99 92.86 92.70 92.59 92.26 90.92
L2 92.90 92.74 92.57 92.18 91.93 90.57
SNIP 92.81 92.53 92.13 91.55 90.98 89.08
SM 92.88 92.65 92.43 91.98 91.54 89.76
DSR 92.91 92.71 92.51 92.00 91.78 87.88
Prox-NAG 93.00 92.91 92.82 92.78 92.63 91.20
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