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Abstract

Recently, deep neural networks such as CNN are showing excellent performance in various fields such as image classification,
object recognition, visual quality enhancement, etc. However, as the model size and computational complexity of deep learning
models for most applications increases, it is hard to apply neural networks to IoT and mobile environments. Therefore, neural
network compression algorithms for reducing the model size while keeping the performance have been being studied. In this paper,
we apply few compression methods to CNN models and evaluate their performances in the embedded environment. For evaluate
the performance, the classification performance and inference time of the original CNN models and the compressed CNN models
on the image inputted by the camera are evaluated in the embedded board equipped with QCS605, which is a customized Al chip.
In this paper, a few CNN models of MobileNetV2, ResNet50, and VGG-16 are compressed by applying the methods of pruning
and matrix decomposition. The experimental results show that the compressed models give not only the model size reduction of
1.3~11.2 times at a classification performance loss of less than 2% compared to the original model, but also the inference time
reduction of 1.2~2.21 times, and the memory reduction of 1.2~3.8 times in the embedded board.
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Table 1. Specification of QCS605 Chip

Specification
cPU Qualcomm® KryoTM 300 CPU, Octa-core CPU /
Up to 2.5 GHz / 64-bit Architecture
GPU Qualcomm® Adreno™ 615 GPU
PI Support: OpenGL® ES 3.2, Vulkan® 1.1, OpenCL
Memory eMCP / LPDDR4x 4GB, 1866MHz
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Table 2. Specification of QCS605 EV-R.2 Board

Specification
os Android 9.x / Kernel 4.x
Memory 64GB
Support | 2 MIPI CSI, 2 MIPI DSI / USB3.1 and DP / Audio
/0 input / output / SD Card I/F 1 port
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Table 3. Performance of the CNN original model used in the experi-
ment

Model Model Size Top-5 Accuracy | Inference time
(MB) (%) (ms)
VGG-16 527.0 90.05 2,000
ResNet50 98.2 91.93 800
MobileNetV2 13.8 90.06 118
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Table 4. Experimental results of pruning
VGG-16 ResNet50 MobileNetV2
Sparsity Top-5 Inference time Top-5 Inference time Top-5 Inference time
(%) Accuracy (%) (ms) Accuracy (%) (ms) Accuracy (%) (ms)
.0. 90.05 2,000 91.93 800 90.06 118
(Original)
20 90.01 1,950 91.78 780 89.80 115
40 89.95 1,920 91.35 760 86.85 114
60 89.52 1,920 89.94 760 72.21 112
80 87.90 1,900 89.86 750 52.12 110
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Table 5. Details of compression ratios for experiments on matrix de-
composition

VGG-16 ResNet50

Compression Conv FC Conv FC
ratio (%) (%) (%) (%) (%)

100 11 89 93 7

80 9 71 73 7

60 7 53 55 6

20 5 15 - -

10 4 6 - -
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6. YT 7S N2 ML

Table 6. Experimental results of matrix decomposition

VGG-16 ResNet50
Compression Top-5 Memory Inference Top-5 Memory Inference
ratio (%) Accuracy (%) |Access (MB)| time (ms) |Accuracy (%)| Access (MB) time (ms)
1.0.0 90.05 614.22 2,000 91.93 180.86 800
(Original)

80 90.30 524.42 1,720 90.87 171.02 660

60 90.16 413.37 1,300 87.78 154.72 570

20 89.31 211.41 980 - - -

10 88.10 164.55 890 - - -
2Hol e v Eo] A8 HSzste] B H7]9} vlE| sk FE ~3.84) ZHAvhs gelskieh B3 AAl BF 45E 2%
AIZE 7HESHE BAFARE T dFEM e VGG- o 744e] Top-5 A8 TAE HATh whdel] 7FX]A]7]
163} Hlwells o B57 A5 4 Fol ¥ < o< 71l M= Z4zte] ged Rdvith S|4kl wheh o
atlet =5, 8 gelA o] viRe HIFe 53 W 358 We BolFolom, Hsdh 5ol s E 2l
=719k Bd €] 7hEA| 9 ol whet HlE skAl W s} ehA] M B Y 2 27 A 2t e geleiiich 249
gHoZh gy Bd vt 54 o] w e ] 7k A| AHE FA Atetes 7ol AR 717190 dHlv =
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