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Lightweight method of deep neural network based on deep sparse low rank
decomposition

CHENG Qi, LI Jie', GAO Xiao-li, TANG Pei-ren, SHENG Liang-rui, WANG Wei
(Sichuan Jiuzhou Electrical Group Co. Ltd, Mianyang 621000, China)

Abstract: Based on the requirement of embedded devices for deep neural network lightweight, and combined with the
idea of modularization and layer by layer processing, a lightweight method based on deep sparse low rank decomposition
is designed to aim at the lightweight of the mainstream detection and recognition network Faster RCNN. In view of
characteristics of the Faster RCNN network architecture, firstly, initially lightening the backbone part of the Faster RCNN
feature extraction network is realized through the deep separable convolution and the sparse low-rank theory. Secondly,
sparse low-rank pruning is used to further lighten the backbone network in the way of “layer by layer channel pruning, layer
by layer retraining, and layer by layer tuning” . Then, the region proposal network is lightened based on the Tensor-train
decomposition theory, and the performance loss is ensured as low as possible. Sparse low rank decomposition and channel
pruning are applied to the recognition and classification network again, which results in more compression times, less
memory and less computing resources required. Finally, the input feature knowledge distillation of the RPN network based
on region of interest location perception improves the detection and recognition performance. Numerical experiments
show that the proposed method can achieve model compression by 100 times, and the detection and recognition rate is
only reduced by 5 %.
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13(horse) 84.01 78.70 78.83 79.35 78.40 79.04
14(motorbike) 76.50 74.58 73.88 72.44 70.81 74.16
15(person) 77.79 74.93 73.31 74.18 74.11 75.70
16(pottedplant) 42.87 40.98 38.89 41.35 38.17 41.22
17(sheep) 70.92 67.04 65.16 63.04 63.95 66.03
18(sofa) 67.78 63.95 63.16 63.75 62.25 65.90
19(train) 76.50 72.13 72.28 72.80 70.42 74.34
20(tvmonitor) 7235 67.17 64.00 65.64 59.06 61.82
mAP/% 70.81 66.07 65.48 64.00 63.47 65.87

3.2 REENIFIEEIRE
AN — [k, DL 46 B 4 N4, 43 4% 54X, Faster
RCNNS W 2% 13 JZ 45 87 )2 3 BRI 2 UG8 SCRFIE an

Kl 5(a) AT, AG00 25 S P 5(b) . Her B S5(a) 18
RRAE B U 48 Z 500032 3 .
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2 A F KT IR AR

MR REA 2 Mkl ik 757

4 RIGERB

(b) MR 545 R
B 5 REIZXFHEEFY LR

3.3 EEXEEMRE
P ATV S GUR B AT 4 B U7k T EAEN)
St B b TR HEAT R BT B, 45 SRR 4 s,
*F 4 S5EGERSEHENITEEES

- mAP RN s LoRlby &

B @ ey
AT 65.87 11.21 100.08 0.034
A28 68.89 130.25 8.614 0.076
“AHA 64.36 35.00 32.05 0.005

MR 4] DL s 1) SR BE AT 4 B 7 B A R w1
mAP, {5 JE 45 PERERE 2 2) —AE A 7 K I 25 R A U
{H mAP FAR; 3) A7 VAR B A K 45 (1) [R] B, mAP B&
EFE B B /N, AR RS I 285 236 Jz A fn —AF Ak, D [RI 7 T
M A AR AR BT | iR 28R S i AR RO FE IS, T B AL
77 172 ¥ 32bit float B HE S0 A 1bit BE AL, ALY HE R
E X AT B, ORI AR
34 BEZUMHAHE

IS UE SVEIZ A, B AR SO R RS B L 0
THZ T SEAZ LEORHE) N T YOLO V3 4%, LLis
WEBRZ A, 0 A R N3R5 F.

=5 YOLO V3ZExttbiE ot

. , mAP AR NI o &<
%3 BRI i G oapy AR T
A LR S R AE R ) YOLO V3 77.3 248.0 1 0.0307
BIEHIIES 733 13.1 18.9 0.0229
s _ 3 500%332 JEEHBHME.8 717 115 21.6 0.0225
» HIHRZETH 742 115 21.6 0.0226
15 SURFAE B 1 3x3 64 903 x 600
¥ SURFAE P 2 3x3 64 903 % 600 BEXF YOLO V3 [ 2%, %% 5 AL mAP T % 3.1 %,
B SRR 3 3%3 128 451 %300 JE 46 1 BN 21.6 4%, K6 I R 46 5 T 2926 %o, BAE T
¥ SUI L 4 33 128 451300 KT E BB Rz AL RE S R M.
15 SURFIE KL 5 3x3 256 225150 4 ?S 1‘,@
ARG e e 23150 2SR Y B3 T R R I R R O R P e 28
s
ESURHTE 7 33 256 2255150 WX 4% %% 'k 77, £T X Faster RCNN W 4%, 75 S AR 7Y
i SCRHE ] 8 3x3 512 11275 - . s
TX;W o N o FE 45 100 % 10 7 15 2k 452 2 (5L F 6 5 %, 5 RCARATE T
I SURFAE & X X n . e R . "
EE i Lo I 1 45 55 PR Be 0 0% 2 1) B~ i AR X T 4% A IR
T X X X s . o . .
s s s o RETT 5 BB, AL R LTI, TR H 7 A
ey s s s A7 B (0, T th AT e 1002 AL 0, T A 2
. s TR I 24 A IR R 30 KPR ™ 75
e \ o VR IR AT B B R L T R T

B 5(a) AT LA tH, 25 13 B RS UM 2% 5,
I FR T8 SCRFAEAR T H O B 2, 9 e HEGE £ e H Fnfer
MR AL T 45 AR, AL 5(b) W LA H, £
Z BB IIRRBIHE S H AR 3 SGHE 5 8 [X 381K 97 %o LA
I, FR B F Ak Faster RCNN'S I 26 EL A B0 A 1

&b
Ae.

12, A7 B TR BE R 22 I 246 1) AR AG ST

2 Z 3k (References)

[11 Ren S Q, He K M, Girshick R, et al. Faster R-CNN:
Towards real-time object detection with region proposal

networks[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2017, 39(6): 1137-1149.



758 #= % 5 Xk % #38%
[2] Howard A, Zhu M, Chen B, et al. MobileNets: and Decision, 2021, 36(8): 1991-1996.)

(3]

(4]

(5]

(6]

(71

(8]

(9]

[10]

(1]

[12]

Efcient convolutional neural networks for mobile vision
applications[J/OL]. 2017, arXiv: 1704.04861.

Sandler M, Howard A, Zhu M L, et al. MobileNetV2:
Inverted residuals and linear bottlenecks[C]. IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Salt Lake City, 2018: 4510-4520.

Richard S, Charles P, Dawn S. Differentiable neural
network architecture search[C]. International Conference
on Learning Representations Workshop. Washington,
2018: 1-4.

Yang T J, Howard A, Chen B, et al. NetAdapt:
Platform-aware neural network adaptation for mobile
applications[C]. European Conference Computer Vision.
Munich, 2018: 289-304.

Howard A, Sandler M, Chen B, et al. Searching for
MobileNetV3[C]. IEEE/CVF International Conference
on Computer Vision. Seoul, 2019: 1314-1324.

Li L, Li Z, Li Y, et al. Incremental deep neural
network pruning based on hessian approximation[C].
Data Compression Conference. Snowbird, 2019: 590.
Zhang C L, Hu T, Guan Y D, et al. Accelerating
convolutional neural networks with dynamic channel
pruning[C]. Data Compression Conference. Snowbird,
2019: 563.

MG, 3R, BEmR . 2 H AR/ R 205 H A i 7
0. S Pk, 2021, 36(11): 2707-2712.

(Liu C Y, Wang Q, Bi X J. Multi-target and small-scale
vehicle target detection method[J]. Control and Decision,
2021, 36(11): 2707-2712.)

Yu XY, LiuTL, Wang X C, et al. On compressing deep
models by low rank and sparse decomposition[C]. IEEE
Conference on Computer Vision and Pattern Recognition.
Honolulu, 2017: 67-76.

Guo K L, Xie X N, Xu X M, et al. Compressing by
learning in a low-rank and sparse decomposition form[J].
IEEE Access, 2019, 7: 150823-150832.

B FE, B %, WA U7, £ T MobileNet 1 2 H #x
PR VR B 2 ) BVE 0] PR S PR, 2021, 36(8):
1991-1996.

(Xue J T, Ma R H, Hu C F. Deep learning algorithm
based on MobileNet for multi-target tracking[J]. Control

[13] Kim Y D, Park E, Yoo S, et al. Compression of deep
convolutional neural networks for fast and low power
mobile applications[J/OL]. 2015, arXiv: 1511.06530.

[14] Novikov A, Podoprikhin D, Osokin A, et al. Tensorizing
neural networks[J/OL]. 2015, arXiv: 1509.06569.

[15] Garipov T, Podoprikhin D, Novikov A, et al. Ultimate
tensorization: Compressing convolutional and FC layers
alike[J/OL]. 2016, arXiv: 1611.03214.

[16] Su J, Li J, Bhattacharjee B, et al. Tensorial neural
networks:  Generalization of neural networks and
application to model compression[J/OL]. 2018, arXiv:
1805.10352.

[17] Lin M, Chen Q, Yan S. Network in network[J/OL]. 2013,
arXiv: 1312.4400.

[18] Wang T, Yuan L, Zhang X P, et al. Distilling
object detectors with fine-grained feature imitation[C].
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Long Beach, 2019: 4928-4937.

[19] Zhao R, Song W N, Zhang W T, et al
Accelerating binarized convolutional neural networks
with software-programmable FPGAs[C]. Proceedings of
the 2017 ACM/SIGDA International Symposium on
Field-Programmable Gate Arrays. New York, 2017:
15-24.

E&E N

FRIE (1966—), &, IEmH TR, NFEFHEF, T8
ST, E-mail: 260507191 @qg.com;

25 (1969-), %, IE R LFRIN, 4, NEFEHETF
Z4. HFRRAIFAN TR RS0 5T, E-mail: kewangdexin@
126.com;

A (1983—), 22, Mgk TAEIW, i, MFHARRE .
AN TR GEZEHE 4, E-mail: xiaoligao22@163.com;

JEREN (1992-), 55, AR, 181, N3 AN T8 he. Bl&
AbHR . H AR I ZEF 7, E-mail: tpr@mail.ustc.edu.cn;

R (1995-), 55, BB TR, AL, ANHIRREES: .
H AR KIS 7T, E-mail: 15681989801 @ 163.com;

F4E (1983—), 5, Mg TAM, A T& R EEA
P #dE a5 %5 58, E-mail: wangweil 10v@163.com.

(RERH: #HBRE)



