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Abstract We propose a novel learning strategy inspired by domain decomposition methods to accelerate
the training of convolutional neural network (CNN). The proposed method is applied to residual networks
(ResNet) for image classification tasks. The best result is achieved with ResNet32. In this case, we split

ResNet32 into 4 sub-networks. Each sub-network has 0.47 M parameters which is 1/16 of the original
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ResNet32, thereby facilitating the learning process. Moreover, because the sub-networks can be trained

in parallel, the computational time can therefore be reduced to 5.65 h from 8.53 h (by the conventional

learning strategy) in the classification task with the CIFAR-10 dataset. We also find that the accuracy

of the classification is improved to 94.09% from 92.82%. Similar improvements are also achieved with

the CIFAR-100 and Food-101 datasets. In conclusion, the proposed learning strategy can reduce the

computational time substantially with improved accuracy in classification. The results suggest that the

proposed strategy can potentially be applied to train CNN with a large amount of parameters.
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Fig. 1 The schema of convolutional neural networks and the CNN into 4 sub-CNNs
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Fig. 2 Initial weights for CNN transfer learning
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ResNet32 ResNet56 ResNet110
S RRIZE A 5 2] S 5.65 9.61 18.78
BEHLBIEA L 8.53 13.98 26.74
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Table 2 CIFAR-10 and CIFAR-100 datasets classification experimental results

CNN I ZR55 g%

CIFAR-10 H(H 8L HEH#(%)

CIFAR-100 Hdi B HEm2(%)

ResNet32 ResNet56 ResNet110 ResNet32 ResNet56 ResNet110

sub_net_1 81.25 81.18 81.15 52.30 53.57 51.60
sub_net 2 81.40 80.78 81.53 52.28 53.34 49.33
sub_net 3 79.99 80.26 80.10 52.88 53.04 51.80
sub_net 4 79.92 79.97 79.81 52.94 52.44 51.44

transfer 88.63 89.03 88.86 60.85 61.54 59.14
transfer T 94.09 94.34 94.14 73.14 73.20 73.75
random_T 92.82 93.09 92.80 68.91 72.84 73.48

ResNet_paper 92.49 93.03 93.57

VE:  “ResNet paper” IR 2016 4F ResNet 30 & H1 45 55

“_.7 RN ResNet & HH LB CIFAR-100 (145 H
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Fig. 6 Structure of CNN and sub-network
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Table 3 Experimental results of Food-101

CNN I Z5:55m%

ResNet50 HERTHR (%)

ResNet101 #AERIZ(%)

Top-1 Top-5 Top-1 Top-5

CNN_transfer 4 45.25 71.84 59.95 82.48

CNN_transfer_8 12.00 32.09 29.09 55.14

CNN_random_T 70.49 89.53 72.37 53.04

CNN_ transfer 4_T 71.69 90.26 73.70 90.49

CNN_ transfer 8_T 72.92 90.73 74.53 91.30
CNN_Food101 70.41 -

“-” FIR Food-101 3L F1 %4 H B ResNet101 145 5
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Fig. 7 Results of the dataset Food-101

20 40 60

4 RS

BZ 73 2 2 T SRENLAN o 4900 v =5 B RE 7
), 17 AR 0 I 265 2 A B A 70 AT 55 e o
7715 . B BB UG K, JIIZk CNN
T EFE TR PR A R KR S R E T AR
R &% T3k 11 5 e S AL PR O 92 A AT, B
B GPU M. Goyal 227264 ] 8 Bt Tesla P100
GPUs %k ResNet50 % 29 h, RIf# GPU 4
B 256 B, HFEE 1 ho SETRIEME, A
SN IR 2 A Y T T SR S DX 4 R U 2, B H — Fob
FE T DX 53 AR TR LT A R AR 22 DX 4 2 3T SR,
e —FE R SIM Tik. E R K I
P MEANTF L IEAT ISR, RIGH T &%
TP SEH A E N KNS WAL, 15 K
CRIEAT R . TE LI RIS [R] 77 THT, ResNet32.
ResNet56. ResNetl110 7E CIFAR-10 #ffi 4 i
F o AR A3 78 2 ) 7 R 1] 23 531 5.65 hs
9.61 h. 18.78 h, I TFENLWILEALI 8.53 h.
13.98 h 26.74 h IZEI TR T —E Wb . Hrfe
ResNet110 YIZxI (Al /D138 %, 1537 7.96 h.
TE5r KU E 7T, He 252548 ] ResNet32.
ResNet56. ResNet110 X} CIFAR-10 %# 42519
HERAR 20 BN 92.49%. 93.03%- 93.57%, IMiA
SCASE 7 RS AR A X 45 (R RS 5 2 T
45 R 92.86% 94.34%. 94.14%, H% T He
ST HER R — R R . S, IR
ek R S IR A, o AR 2L 1) 2 20 SR - )
BB HED, TN RIS E AR R4
WAL, XS R X 28 I ZRAR 20 (1 e Hioskt v]
DUIS B BAB 25 B . 40 R BURTHI R A 2, 18
¥ CNN R il 725, oo I 248 58 i 5 v
B B R ERARRAE, B el i M 25 I RS E 40
A 1EA CNN IR E, X (H15 CNN 2470
F B Iy E R SRR A2 2T, AR CNN [
IYREER . AU RFNLA 2 3] SR A7 —



6 3 Bk T, A T DXIR IR AR PR OEE AR 8 X 45 27 3] SRS B 9T 57

AR ZA: (D) FTHEHRTZbEE. HT
PR it %, WK S8R, Raim
w2 CNN H1illZR. () B Hdm okl oy siens, &
TG ENGHNM T E R, AT EAEER
B BB, W21 M RIlZRa R . (3) X
2 AN WRZK I [a) 30 7 BBk B I FE . XL
L, R ORI 1 X 4% 1) Rl o3 R0 R 8 il 2 At
—B BT, I 5 ¥ 2 T X il 1 PR S AR
2R WY 2% 5 3] SRS AN (R Z A

AL Y — ol 3 T DX AR 11 I A AR A
LWL ) HnG, BAER R B IR T AT
F CNN 58 B R HUAEHE (1 )11 2R it CNN (1 3)1
%, {E CIFAR-10. CIFAR-100. Food-101 | ff)sx
o 2E RN, BET DX o0 A ) BT A A e 2 ) 4%
5 2] S LEBE AL GRAL I VAU ST B, 32
SERTELT . HHULTA, B WK R
(127 2] SRS AE BB 3 RAE S5 h R A R . fEARK
AR, R0 J T DX i 10 R 25 AR 8 I 9%
OIS AT e AN, RN T BB
EIANE PRI ST

2 £ X #k

[1] Krizhevsky A, Sutskever I, Hinton GE.
Imagenet classification with deep convolutional
neural networks [C] // Proceedings of the 25th
International Conference on Neural Information
Processing Systems, 2012: 1097-1105.

[2] LongJ, Shelhamer E, Darrell T. Fully convolutional
networks for semantic segmentation [C] //
Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, 2015: 3431-3440.

[3] Chen LC, Zhu Y, Papandreou G, et al. Encoder-
decoder with atrous separable convolution for
semantic image segmentation [C] // Proceedings

of the European Conference on Computer Vision

(4]

(3]

[10]

[11]

[12]

[13]

[14]

[15]

(ECCV), 2018: 801-818.

He KM, Zhang XY, Ren SQ, et al. Deep residual
learning for image recognition [C] // 2016 IEEE
Conference on Computer Vision and Pattern
Recognition (CVPR), 2016: 770-778.

He KM, Zhang XY, Ren SQ, et al. Identity
mappings in deep residual networks [C] // European
Conference on Computer Vision, 2016: 630-645.
Szegedy C, Liu W, Jia YQ, et al. Going deeper
with convolutions [C] // 2015 IEEE Conference on
Computer Vision and Pattern Recognition, 2015:
1-9.

Keskar NS, Mudigere D, Nocedal J, et al. On large-
batch training for deep learning: generalization
gap and sharp minima [Z/OL]. arXiv Preprint,
arXiv:1609.04836, 2016.

Deng J, Dong W, Socher R, et al. Imagenet: a
large-scale hierarchical image database [C] // 2009
IEEE Conference on Computer Vision and Pattern
Recognition, 2009: 248-255.

Simonyan K, Zisserman A. Very deep convolutional
networks for large-scale image recognition [Z/OL].
arXiv Preprint, arXiv:1409.1556, 2014.

Cigek O, Abdulkadir A, Lienkamp SS, et al. 3D
U-Net: learning dense volumetric segmentation
from sparse annotation [C] // International
Conference on Medical Image Computing and
Computer-Assisted Intervention, 2016: 424-432,
You Y, Zhang Z, Demmel J, et al. Imagenet
training in 24 minutes [Z/OL]. arXiv Preprint,
arXiv:1709.05011, 2017.

Chan TF, Mathew TP. Domain decomposition
algorithms [J]. Acta Numerica, 1994, 3: 61-143.
Cai XC, Saad Y. Overlapping domain
decomposition algorithms for general sparse
matrices [J]. Numerical Linear Algebra with
Applications, 1996, 3(3): 221-237.

Cai XC. Overlapping domain decomposition
methods [M] // Advanced Topics in Computational
Partial Differential Equations, 2003: 57-95.

Ioffe S, Szegedy C. Batch normalization:
accelerating deep network training by reducing

internal covariate shift [Z/OL]. arXiv Preprint,



58

VN 2020 4E

[16]

[17]

[18]

[19]

[20]

[22]

[24]

arXiv:1502.03167, 2015.

Hu J, Shen L, Sun G, et al. Squeeze-and-excitation
networks [C] // Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, 2018:
7132-7141.

Bossard L, Guillaumin M, Van Gool L. Food-101—
mining discriminative components with random
forests [C] // European Conference on Computer
Vision, 2014: 446-461.

Ciocca G, Napoletano P, Schettini R. Learning CNN-
based features for retrieval of food images [C] //
International Conference on Image Analysis and
Processing, 2017: 426-434.

Ciocca G, Napoletano P, Schettini R. CNN-
based features for retrieval and classification of
food images [J]. Computer Vision and Image
Understanding, 2018, 176/177: 70-77.

Goyal P, Dollar P, Girshick R, et al. Accurate, large
minibatch SGD: training imagenet in 1 hour [Z/
OL]. arXiv Preprint, arXiv:1706.02677, 2017.
Rumelhart DE, Hinton GE, Williams RJ. Learning
representations by back-propagating errors [J].
Nature, 1986, 323(6088): 533-536.

Hinton GE, Osindero S, Teh YW. A fast learning
algorithm for deep belief nets [J]. Neural
Computation, 2006, 18(7): 1527-1554.

Krizhevsky A. One weird trick for parallelizing
convolutional neural networks [Z/OL]. arXiv
Preprint, arXiv:1404.5997, 2014.

Pan SJ, Yang Q. A survey on transfer learning
[J]. IEEE Transactions on Knowledge and Data
Engineering, 2009, 22(10): 1345-1359.

Mishkin D, Matas J. All you need is a good init [Z/
OL]. arXiv Preprint, arXiv:1511.06422, 2015.

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

Girshick R, Donahue J, Darrell T, et al. Rich
feature hierarchies for accurate object detection
and semantic segmentation [C] // 2014 IEEE
Conference on Computer Vision and Pattern
Recognition, 2014: 580-587.

Woo S, Park J, Lee JY, et al. CBAM: convolutional
block attention module [C] // Proceedings of the
European Conference on Computer Vision (ECCV),
2018: 3-19.

LeCun Y, Bengio Y, Hinton G. Deep learning [J].
Nature, 2015, 521(7553): 436-444.

Smith B, Bjorstad P, Gropp W. Domain
Decomposition: Parallel Multilevel Methods
for Elliptic Partial Differential Equations [M].
Cambridge: Cambridge University Press, 2004.
Glorot X, Bordes A, Bengio Y. Deep sparse
rectifier neural networks [C] // Proceedings of the
Fourteenth International Conference on Artificial
Intelligence and Statistics, 2011: 315-323.

Ioffe S, Szegedy C. Batch normalization:
accelerating deep network training by reducing
internal covariate shift [Z/OL]. arXiv Preprint,
arXiv:1502.03167, 2015.

Ronneberger O, Fischer P, Brox T. U-net:
convolutional networks for biomedical image
segmentation [C] // International Conference on
Medical Image Computing and Computer-Assisted
Intervention, 2015: 234-241.

Sudre CH, Li WQ, Vercauteren T, et al. Generalised
dice overlap as a deep learning loss function
for highly unbalanced segmentations [M] //
Deep Learning in Medical Image Analysis and
Multimodal Learning for Clinical Decision, 2017:
240-248.





