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CNN Architecture Design: From Deeper to Wider
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Deep learning in the past 10 years

* Reducing the dimensionality of data with
neural networks, Science, 2006

« Fast learning algorithms for Restricted Boltzmann machine

Not good as expected

* ImageNet Classification with deep

convolutional neural networks, NIPS, 2012

« Dramatic performance improvement
* ImageNet, GPU

Win almost in all the applications
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Data with Neural Networks
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ImageNet Classification with Deep Convolutional

Neural Networks
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Deeper and deeper
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Deeper and deeper

ResNet,
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Deeper and deeper
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Other ultra-deep networks
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Fusion Fusion Fusion

Deeply-fused nets

DenseNets

FractalNets

Falz)



Deeply-Fused Nets
Unifying GooglLeNets, Highway, ResNets

//,‘

Fusion . Fusion l Fusion

Jingdong Wang, Zhen Wei, Ting Zhang, Wenjun Zeng: Deeply-Fused Nets. CoRR abs/1605.07716 (2016)



Deeply-fused nets
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A deeply-fused net can be formed from many different base networks



A deeply-fused net can be formed from many different base networks
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A deeply-fused net can be formed from many different base networks
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A deeply-fused net can be formed from many different base networks
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A deeply-fused net can be formed from many different base networks
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A deeply-fused net can be formed from many different base networks
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A deeply-fused net is a multi-path multi-scale network



A deeply-fused net is a multi-path multi-scale network
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A deeply-fused net is a multi-path multi-scale network
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Each layer has an express way to input and output



Each layer has an express way to input and output
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Each layer has an express way to input and output

LLL RRR

ayers

2 layers

ayers
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Unifying GooglLeNets, Highway, ResNets

Multiple paths

Long and short

Express way between layers

Weight sharing




Are ultra-deep networks really necessary?



classification error (%)

How depth affects the performance
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How depth affects the performance on ImageNet

ResNet DFN
Top-1 validation error 24.94 25.10
Top-5 validation error 7.46 7.85

105 || = ResNet : (27.5 & 5.7), #paths=65536
— DFN :(34.0 £+ 4.0). #paths=65536
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Ultra-deep is not necessary!

Go wider

Deeper and deeper

Nider
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Going Less Deep but Wider:
Assembling branches in parallel with merge and run mappings
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Liming Zhao, Jingdong Wang, Xi Li, Zhuowen Tu, Wenjun Zeng: Deep Convolutional Neural Networks with Merge-and-
Run Mappings. (2017)

Blog: J42J5 #£5 W 28 TP R 28 iy ol T 414, 2 (http://www.msra.cn/zh-cn/news/blogs/2016/12/deep-neural-
network-20161212.aspx)




Residual branch
ldentity mapping




Assemble residual branches: from sequential to parallel

Merge-and-run

conv
v
conv
conv| ¥ [conv
(41
conv conv| 1" [conv
conv

sequential parallel



emnena : . Merge-and-run

Identity mappin
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#Paths

(1) Path length distribution

——ResNet: 20.0:4.24
- ——DMRNet: 8.0+2.83 |

25

10 15 20
Path length

9 merge-and-run blocks



(2) Parallel assembly leads to wider networks

conv

v

conv w
conv| V [conv
T+ 1

conv conv| 1" [conv

conv

Width=d Width="~2d



(3) Merge-and run mappings improve information flow

Merge-and-run

conv conv

conv| 1" |conv
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Merge-and-run mappings vs. ldentity mappings

. CIFAR-10 CIFAR-100
| dentity Merge-and-run | dentity Merge-and-run
48 5.21 4.99 25.31 24.73
96 5.19 4.84 24.16 23.98
conv || conv conv| v, |conv
} } IR
conv | | conv conv| 1 |conv

S

identity Merge-and-run



Experimental results - datasets

#(training images) #(testing images) #classes
CIFAR-10 | 50,000 10,000 10
CIFAR-100 | 50,000 10,000 100
SVHN 73,257 + 531,131 26,032 10




Comparison with state-of-the-arts

Method Depth  #Params. CIFAR-10 CIFAR-100 SVHN
DSN - - 7.97 34.57 1.92
FractalNet 21 38.6M 5.22 23.30 2.01
with DO/DP 21 38.6M 4.60 23.73 1.87
ResNet 110 1./M 6.41 27.22 2.01
Multi ResNet 200 10.2M 4.35 20.42 -
Wide ResNet 16 11.0M 481 22.07 -
28 36.5M 4.17 20.50 -
40 1.0M 5.24 24.42 1.79
DenseNet
100 27(.2M 3.74 19.25 1.59
DMRNet (ours) 56 1.7M 4,94 24.46 1.66
DM RNet-Wide (ours) 32 14.9M 3.94 19.25 1.51
DM RNet-Wide (ours) S0 24.8M 3.57 19.00 1.55
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Comparison with state-of-the-arts

Method Depth  #Params. CIFAR-10 CIFAR-100 SVHN
ResNet 110 1./M 6.41 2(.22 2.01
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Comparison with ResNets

#parameters L ResNets DM RNets
0.4M 12 6.62 6.48
0.6M 18 5.93 5.79
0.8M 24 5.60 5.47
1.0M 30 5.50 5.10
1.2M 36 5.35 5.18
1.5M 48 5.26 4.99
1.7M 54 5.24 4.96
3.1M 96 5.47 4.84

CIFAR-10 classification error, average over 5 runs



Comparison with ResNets

#parameters L ResNets DM RNets
0.4M 12 29.69 29.62
0.6M 18 27.90 27.80
0.8M 24 27.03 26.76
1.0M 30 26.44 25.87
1.2M 36 26.00 25.41
1.5M 48 25.44 24.73
1.7M 54 24.56 24.41
3.1M 96 24.41 23.98

CIFAR-100 classification error, average over 5 runs



