Deep Residual Learning
for Image Recognition
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Abstract

* Why “ResNet"?

To ease the training of networks that are deeper than those
used previously.

« Advantage

Easier to optimize, can gain accuracy from considerably
Increased depth.
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1. Introduction

 Recent evidence reveals that network depth is of crucial

Importance.
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 But, Is learning better networks as easy as stacking more layers?
1. vanishing/exploding gradients
v" hamper convergence from the beginning

v solve the problem by normalized initialization & intermediate
normalization layers

2. Degradation
v Not by overfitting

v adding more layers to a suitably deep model leads to higher
training error

v" solve the problem by construction to the deeper model

. added layers are identity mapping, the other layers are copied
from the learned shallower model



 Address the degradation problem by introducing a deep
residual learning framework
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2. Related work

» O|H0fl = multigrid methodE ALESIRI&
* "highway networks” present shortcut connections with gating
functions.

 our identity shortcuts are never closed, and all info is always
passed through.



3. Deep Residual Learning

3.1 Residual learning

Approximate the residual functions: H(x)-x (assuming that the
input and output are of the same dimensions)

 This reformulation is motivated by the counterintuitive
phenomena about the degradation problem
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* 3.2 |ldentity Mapping by Shortcuts
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* 3.3 Network Architectures

1. plain network

v1d layersg 5. UFE 3x3 filtersg 7

vZ2 37|9| output feature map/tX|1 & = filters 72
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2. residual network

v plain0f| 7|Bt5H0] shortcut 718 H A,

v inputdf output Xt S SHH identity shortcut HIE AFE 7ts
(1) zero-padding

(2) Xt S=F=7| 28l 1x1 convolution AHE:

-> stride=2



« 3.4 Implementation

256,480] randomly sampled

patch normalization A&

earning rate=0.1 (local min-> 1/10)

iter 60x10"4

weight decay=0.0001, momentum=0.9, dropout x
10-crop AME

(a) Single Center Crop (b) Part of a 10-Crop



4. Experiments

« 4.1 ImageNet Classification

layer name | output size 18-layer 34-layer ] 50-layer 101-layer [ 152-layer
convl 112x112 Tx7. 64, stride 2
~ 3x3 max pool stride 2
I1x1,64 ] 11,64 ] [ 1x1,64 ]
onv2._ 56x5 : : J '
L | 308 [:";S] 2 ['Z"'}S]x.z 3x3,64 | x3 3x3.64 |x3 3x3,64 | x3
MY [ 1x1,256 | | 1x1,256 | | 1x1,256 |
- ; o ; [ 11,128 ] [ 1x1, 128 ] [ 1x1,128 ]
adlia 5 : : :
comdx | 28x28 || Y0 1% [x2 || P [xa | | 3x3,128 x4 | | 3x3,128 | x4 | | 3x3,128 | x8
LA R L R | 1x1.512 | 1x1,512 | | 1x1,512 |
: » - 1%1.256 | 1x1,256 | 1x1,256 ]
3x3,2 2 : Y
comdx | 14x1a || 320 P || X0 Ix6 | | 3x3,25 |x6 || 3x3.256 [x23|| 3x3.256 |x36
R A T H [ 1x1,1024 | 1x1,1024 | 1x1,1024 |
[ 1x1,512 | | [ 1x1,512 T 1x1.512 ]
512 %3 2 S N s
comsx | 7x7 || P Ix2 || T2 Ix3 || axasiz |x3 || 3xasi2 [x3 || 3xas2 [x3
SRt TR [ 1x1,2048 | 1x1, 2048 11,2048
1x1 average pool, 1000-d fc, softmax
FLOPs 1.8x10°" 36x10° | 38x10° 7.6x10° | 1.3x10°

Table 1. Architectures for ImageNet. Building blocks are shown in brackets (see also Fig. 5), with the numbers of blocks stacked
sampling is performed by conv3_1, conv4_1, and conv5_1 with a stride of 2.

. Down-



« 4.1.1 Plain Networks
18,34 layer, plain network

plain ResNet
18 layers 27.94 27.88
34 layers 28.54 25.03

Table 2. Top-1 error (%, 10-crop testing) on ImageNet validation.
Here the ResNets have no extra parameter compared to their plain
counterparts. Fig. 4 shows the training procedures.



e 4.1.2 Residual networks
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Figure 4. Training on ImageNet. Thin curves denote training error, and bold curves denote validation error of the center crops. Left: plain

networks of 18 and 34 layers. Right: ResNets of 18 and 34 layers. In this plot, the residual networks have no extra parameter compared to
their plain counterparts.



« 4.1.3 Identity vs projection shortcuts

model top-1 err. top-5 err.
VGG-16 [41] 28.07 9.33
GoogleNet [44] - 9.15
PRel.U-net [13] 24.27 7.38
plain-34 28.54 10.02
ResNet-34 A 25.03 7.76
ResNet-34 B 24.52 7.46
ResNet-34 C 24.19 7.40
ResNet-50 22.85 6.71
ResNet-101 21.75 6.05
ResNet-152 21.43 A7 |

Table 3. Error rates (%, 10-crop testing) on ImageNet validation.
VGG-16 is based on our test. ResNet-50/101/152 are of option B
that only uses projections for increasing dimensions.



« 4.1.4 Deeper Bottlenect Architectures

64-d 256-d

| 1x1, 64
l relu

| 3x3, 64 |
l relu

| 1x1, 256

Figure 5. A deeper residual function F for ImageNet. Left: a
building block (on 56 x56 feature maps) as in Fig. 3 for ResNet-
34. Right: a “bottleneck™ building block for ResNet-50/101/152.



« 4.1.5 50-layers ResNet
3-layer bottlenect block= At 57t

4.1.6 101-layers and 152-layers ResNet
depthBt 57} £2 8. Degradation x

« 4.1.7 Comparisons with State-of-the-art methods

method top-5 err. (test)
VGG [41] (ILSVRC'14) 132
GoogLeNet [44] (ILSVRC' 14) 6.66
VGG [41] (v5) 6.8
PReLU-net [13] 4.94
BN-inception [16] 4.82
ResNet (ILSVRC’15) 3.57

Table 5. Error rates (%) of ensembles. The top-5 error is on the
test set of ImageNet and reported by the test server.



4.2.1 Analysis of layer Responses
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Figure 7. Standard deviations (std) of layer responses on CIFAR-
10. The responses are the outputs of each 3 x 3 layer, after BN and
before nonlinearity. Top: the layers are shown in their original
order. Bottom: the responses are ranked in descending order.



« 4.2.2 Exploring over 1000 layers

method error (%)
Maxout [10] 9.38
NIN [25] 8.81
DSN [24] 8.22
# layers | # params
FitNet [35] 19 2.5M 8.39
Highway [42, 43] 19 2.3M 7.54 (7.7240.16)
Highway [42, 43] 32 1.25M | 8.80
ResNet 20 0.27M 8.75
ResNet 32 046M | 7.51
ResNet 4 0.66M | 7.17
ResNet 56 0.85M | 6.97
ResNet 110 1.7M 6.43 (6.6110.16)
ResNet 1202 194M | 793
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* 4.3 Object Detection on PASCAL and MS COCO

training data 07+12 07++12
test data VOC 07 test VOC 12 test
VGG-16 713.2 70.4

ResNet-101 76.4 73.8

Table 7. Object detection mAP (%) on the PASCAL VOC
200772012 test sets using baseline Faster R-CNN. See also Ta-
ble 10 and 11 for better results.

metric mAP@ .5 mAP@]|.5, .95]
VGG-16 41.5 212
ResNet-101 48.4 272

Table 8. Object detection mAP (%) on the COCO validation set
using baseline Faster R-CNN. See also Table 9 for better results.



