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Introduction

Densely Connected Convolutional Networks

2017 CVPR Conference “Densely Connected Network” 2t= ¢ Zil & &

Conv 1 input channel
6

2016 “Residual Network” O| = 27| X Q| Hzl= T H o
Conv 2 input channel
6+4=10

“Dense Connectivity” 7H'd =

Conv 3 input channel

Dense connectivity advantages o Bt

= They alleviate the vanishing-gradient problem Conv 4 input channel

. 6+4+4+4=18
= Strengthen feature propagation i

Transition er input channel
= Encourage feature reuse = P

6+4+4+4+4=22
= Substantially reduce the number of parameters(less complexity)
= Reduce overfitting on tasks with smaller training set sizes.

Figure 1: A 5-layer dense block with a growth rate of £k = 4.
Each layer takes all preceding feature-maps as input.
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Densely Connected Convolutional Networks (1)

Dense Connectivity

ResNet 2| Skip Connection = X1 2 &2

DenseNet 2| Dense connectivity = &

x; = Hy([xg,x1, -+, x7-1])

H; : BN + RelLU + 3 x 3 Conv

Input
] ] 1 ] Prediction
Dense Block 1 Dense Block 2 Dense Block 3

S | == ISl

Huang, Gao, etal. "Densely connected convelutional networks.” arXiv preprint arXiv: 1608.06993(20186).
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Densely Connected Convolutional Networks (2)

Growth rate (= k)

H; 7} k 71 2] Feature Map = A/ StCt1 S, 112 Y|0|Ol= Ky + k x (I — 1) 7H2| Feature MapO| U=

ko : Dense Block 2| & WYl Input Layer2| Feature Map 7}

2 = Feature Map 22 F0t 27| 20 Z2 TS AXEHM HE +40| LojLt= A S EX]|
1
Conv L
Depth =3 k=6 Depth =6 Depth=9
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Densely Connected Convolutional Networks (3)

reduce the number of parameter [~ PResNets
ResNet-—34 —&— DenseNets—BC ||

et 20101 CH=F 127} (k = 12) B 2| EE S 7IX|H,
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validation error
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Densely Connected Convolutional Networks (4)

Bottleneck Layers

2 X2 £0|7] 26l BN -> ReLU -> 1x1 Conv -> BN -> ReLU -> 3x3 Conv2| Bottleneck T X & H &
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nataser CIFAR-10

Here are the classes in the dataset, as well as 10 random images from each:
32x32At0| = 2| rGB O|O| X| 2t s

o airplane st [N 0 07 - [ I e
107HX|2] 0| =2 +d (32,32,3), (10) . EE!E“E‘
INPUT DATA : 50000 Uit rﬂ;ﬂ ﬂ:"\ ¥ !-

TEST DATA : 10000 oA “ @ . Q !
e I A

w sk

'
fro iy . E ¢
g ) .
horse (8 I SR R ) (o R T R

v gl e P
e e A 8 O
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A 2t

’g':'a'E(Precision)'L
"TP+FP
e E (R I P
O  ——
1= (Reca )'TP+FN
TP+TN

M e (A :
© (Accuracy): o TP FN+TN

DenseNet using CIFAR-10

100.0

97.5 4
Name # params  precision recall accuracy 95.0 SE-ResNet110
ResNet-20 027M  91.69%  91.62% 91.63% s ] D g"j"”“ -
ResNet-32 0.46M  92.21%  92.18% 92.19% O ResNet20 0 Reshetds

O 90.0

ResNet-44 0.66M 91.57% 91.52% 91.53% <

87.5 1
ResNet-56 0.85M 92.46% 92.48% 92.48%
ResNet-110 1.7M  93.19%  93.17% 93.17% =0
DenseNet 1.78M 93.76% 93.77% 94.22% 82.51

800 50 100 150 200 250

MACs [M]
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