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[ Abstract] To enable the deployment of neural network models on edge devices with a limited memory size and high
real-time performance requirements, this paper proposes a hybrid compression method combining Half-Wave Gaussian
Quantization(HWGQ) and alternate update.By performing the 2 bit uniform HWGQ on the input of the neural network
model, the quantized value is input into a binary network with a scaling factor, which is trained to obtain the initial
binary model.Then the trained binary model is fine-tuned layer by layer using the alternating update method to improve
the accuracy of the model. Experimental results on the CIFAR-10 and ImageNet datasets show that the proposed method
significantly reduces the memory consumption-and time consumption caused by parameter redundancy and structural
redundancy. When the model compression ratio is about 30, the accuracy of the model is increased by 0.8 and 2.0
percentage points compared with that of the HWGQ-Net method, and its training speed is increased by 10 times.
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Fig.1 Hybrid compression framework
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Table 4 Comparison of test accuracy of CIFAR-10
dataset in VGG14

J5ik I3RS B2 /% BEHIFL R/ MB
Full-Precision 92.6 59
XNOR-Net 88.5 2
HWGQ-Net 91.3 2
HWGQ+BWN+Fine-tune 92.1 2

Sof T K BB 45 ImageNet LA S 6 7 A6 ) 28 45 44
AlexNet, # 280 & HAKUNF L2 1F W Ak (9 AL 3
W 2K 1x 107, epoch 2 20, ¥ 1R 2% 3 %4 0.001
- BF 5 4 epoch 27 > AR 10 % , batch-size A 5124
fili I Adam "> VE A S 8000 AL 25 | 3 35 58 SUR A S 40k
R L . X T AlexNet M 2% 45 ¥ , HWGQ+BWN fx &
YII 2545 3] 19 — {8 A% %) Top-1 M 2465 B2 F1 Top-5 Ml it
K BE N 50.7% 1 74.8% , W 9 BT 7 o FE Ib JEREAE
X {E B R ¥ 47 30 (HWGQ+BWN+FEine-tune) ,
Tl v 5 SR A P 10 AN 1L B, W] LA I e Kk
R ELC L R 20 B, Top- 1 M GRS FE R Top-5 I 32 K
JE A Fa 5 T 52.7% 1 76.8% . % ImageNet B i 4
F 4 Ff T 45 7 V96 AlexNet Hfy il K5 13 % He &%
s prw , ALLL B ST T ImageNet B8 4 , A SCHr
$2 () HWGQ+BWN+Fine-tune 77 ¥ 5 4 It HWGQ-
Net J7 ¥ 75 J& 4 152 B R AL O 5 AN 28 I AT 42 1, Top-1
I 00KG BE A Top-5 U A B2 43 il 2 /& 1 2.0 A 1.6 4>
=

—©-Full-Precision-Top-1
—— Full-Precision-Top-5
—%— XNOR-Net-Top-1
—# XNOR-Net-Top-5

90 - | A~ HWGQBWN-Top-1
—- HWGQ+BWN-Top-5

IR BE/%

10 1 1 1 1 1 1 1 1 1 J
0 2 4 6 8§ 10 12 14 16 18 20

AR
B9 3#ESEFHETE AlexNet N5 E
Fig.9 Test accuracy of three compression methods

on AlexNet

Top- 11K /%

0 5 10 15 20 25 30 35 40
BRIERIKEL

Bl 10 HWGQ+BWN 77 % i) —{E 1 8 7£ AlexNet kY Top-1
Ui &5 R
Fig.10 Top-1 fine-tune results of binary model of
HWGQ+BWN method on AlexNet

76.6 -
76.4
76.2
76.0

-
Sk
o0

Top-S AR /%
o
(=)}

1 1 1
10 15 20 25 30 35 40
BRIERKE

74.8 L L
5

11 HWGQ+BWN ik B Z EE B 7 AlexNet_E A Top-5
AR

Top-5 fine-tune results of binary model of

HWGQ+BWN method on AlexNet

Fig.11

%5 ImageNet I IEETE AlexNet H X 15 E 3T bk
Table 5 Comparison of test accuracy of ImageNet

dataset in AlexNet

Sk Top-1iIi  Top-SMli  AABLAR/
K BE 1% A % MB
Full-Precision 56.5 80.8 249.6
XNOR-Net 44.4 68.6 8.1
HWGQ-Net 50.7 74.8 8.1
HWGQ+BWN+Fine-tune 52.7 76.4 8.1
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Table 6 Comparison of speedup ratio of three

compression methods in the training process
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