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Abstract: With the widespread adoption of deep learning technology, the object detection task in image processing has
made vigorous progress. Along with the popularity and development of large models,the accuracy of deep learning models
continuously improves. However, these large models are difficult to deploy on edge devices that are increasingly developing.
To address the current object detection tasks at the edge-side, a network structure combining MobileOne-SO and SSD is
proposed. This network structure is reparameterized to form a VGG-like network structure for the inference process. Then,
three different pruning criteria are used,including unstructured weight pruning,structured BN pruning,and Taylor pruning.
The results show that weight pruning has the worst effect, while the two structured pruning methods have almost the same
decrease rate for FLOPs and parameter quantity with the increase of sparsity. However,the accuracy drop of BN pruning is
slower than that of Taylor pruning while Taylor pruning has the best pruning effect on peak memory size. When the model
precision decreases by about 10% ,BN pruning can compress the parameter quantity by 22.3 times, FLOPs by 9.4 times ,and
peak memory usage by 2.5 times. The final model size is only 123.88 kB, making it easier to deploy on TinyML-suitable,
MCU-level , low-power end-side devices.
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Table 1 MobileOne-S0-SSD weight pruning results

T B/ % FLOPs/Mmac BHR/KB N 5 (A R/ kB TR FHNAFE RV KB b1
0 610.08 2 764.80 1 054.69 3819.49 0.715 2
62.3 569.32 2 672.64 747.07 2 673.37 0.710 0
93 424.33 2 068.48 527.34 2 068.99 0.697 2
98.6 358.60 1976.32 483.40 1976.79 0.622 3
99.1 357.92 1976.32 483.40 1976.79 0.549 8
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Table 2 MobileOne-S0-SSD BN pruning results

T B RE/ % FLOPs/Mmac ZHE/kB A o A K/ kB IRZAEAT N AR/ /KB K
0 610.08 2 764.80 1 054.69 3819.49 0.715 2
45 287.47 980.22 615.23 1 595.45 0.702 8
62 197.31 582.15 593.26 1175.41 0.698 5
68.9 153.27 443.42 527.34 970.76 0.685 2
87.2 65.10 123.88 461.43 699.27 0.598 5
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Table 3 MobileOne-S0-SSD Taylor pruning results

B/ % FLOPs/Mmac BHE/kB AE i FHIEAE R/ kB AR 5 AR KB ii:s
0 610.08 2 764.80 1 054.69 3 819.49 0.715 2
10 550.93 2590.72 769.04 3 359.76 0.710 7
35 344.89 1 382.40 373.54 1 755.94 0.696 1
50 242.33 868.63 285.64 1 154.27 0.663 0
70 113.23 409.09 197.75 606.84 0.591 9
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Table 4 Model compression results of three standard pruning

&5 98.6 1.7 1.4 2.2 1.9 0.622 3
BN 5% 87.2 9.4 223 2.5 7.1 0.598 5
EXIIIY53 70 5.4 6.8 5.3 6.3 0.591 9
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%5 3MRRMEEIRAEREZLT FLOPs S8R M7 & FUEE K INEL 14

Table 5 Three different pruning criteria result in a compression factor for FLOPs, parameter count,and peak memory size when pruned

il FLOPs JEZ5 54K e R PIAF i P /N R 48 A5 4

SRR 0.715 2
AR By A 0.697 2 1.4 1.3 2

0.622 3 1.2 1.1 1.1
Bn BYA 0.698 5 3.1 4.7 1.8

0.598 5 3 4.7 1.4
e IR 0.696 1 1.8 2 2.8

0.591 9 3 3.4 1.9
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