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Part1 Part2

» AlexNet (2012) » EfficientNet (2019)

> VGG (2014) > Noisy Student (2020)
» Meta - Pseudo Labels (2020)
> InceptionNet / GoogleNet (2014)
Inception V2 (2015) > EfficientDet (2021)
» Inception V3 (2016)

Y

> ResNet (2015)

» Inception V4, Inception-ResNet (2016)

» DenseNet (2017)

» BigTransfer (BiT) (2020) GoogleNet (2014 ImageNet winner) : 74.8% top-1 accuracy, about 6.8M parameters

+ SENet (2017 ImageNet winner) : 82.7% top-1 accuracy, about 145M parameters
GPipe (2018, SOTA IMageNet) : 84.% top-1 accuracy, about 557M parameters



Introduction

* What a rapid progress in ~8.5 years of deep learning! Back in 2012, Alexnet scored 63.3% Top-1 accuracy on ImageNet. Now, we are over
90% with EfficientNet architectures and teacher-student training.

» If we plot the accuracy of all the reported works on Imagenet, we would get something like this:
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Introduction
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Overview of architectures until 2018. Source: Simone Bianco et al. 2018 0 5 10 15 20
Benchmark Analysis of Representative Deep Neural Network

Operations [G-FLOPs]
Architectures, https://arxiv.org/abs/1810.00736



Terminology

But first, we have to define some terminology: g
* Awider network means more feature maps

(filters) in the convolutional layers —

Ad twork means more convolutional Fehannets ' ide ' i
. eeper ne i o e wider el ]

|ayers EEEEEE—— = —— : | EI
« A ne.twork with higher .resolutio'n means —— i : deeper

that it processes input images with larger

width and depth (spatial resolutions). That | ,

way the produced feature maps will have — : :

higher spatial dimensions.

- layer —

Architecture engineering is all about scaling.

We will thoroughly utilize these terms so be _ "+ higher
sure to understand them before you move on. } resolution HxW 4. resolutior
(a) baseline (b) width scaling (c) depth scaling (d) resolution scaling

Architecture scaling. Source: Mingxing Tan, Quoc V. Le 2019
https://arxiv.org/abs/1905.11946
EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks



AlexNet: ImageNet Classification with Deep Convolutional Neural Networks (2012)

Alexnet [1] is made up of 5 conv layers starting from an
11x11 kernel. It was the first architecture that employed
max-pooling layers, ReLu activation functions, and
dropout for the 3 enormous linear layers. The network
was used for image classification with 1000 possible
classes, which for that time was madness.

It was the first convolutional model that was successfully
trained on Imagenet and for that time, it was much more
difficult to implement such a model in CUDA. Dropout is
heavily used in the enormous linear transformations to
avoid overfitting. Before 2015-2016 that auto-
differentiation came out, it took months to implement
backprop on the GPU.

«  AlexNet2 87H2| 0|2 M| UL 5IHS| A=SEM 2|
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[£X] https://bskyvision.com/421
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[1] Krizhevsky, A., Sutskever, ., & Hinton, G. E. (2017). Imagenet
classification with deep convolutional neural networks.
Communications of the ACM, 60(6), 84-90.




AlexNet: ImageNet Classification with Deep Convolutional Neural Networks (2012)

* Now, you can implement it in 35 lines of PyTorch code: https://github.com/pytorch/vision/tree/master/torchvision/models
import torch self.avgpool = nn.AdaptiveAvgPool2d((6, 6))
import torch.nn as nn self.classifier = nn.Sequential(
from .utils import load_state_dict_from_url nn.Dropout(),
from typing import Any nn.Linear(256 * 6 * 6, 4096),
nn.ReLU(inplace=True),
__all__=T['AlexNet', 'alexnet] nn.Dropout(),

nn.Linear(4096, 4096),
nn.ReLU(inplace=True),

model_urls = { nn.Linear(4096, num_classes),
'alexnet': 'https://download.pytorch.org/models/alexnet-owt-7be5be79.pth’, )
} def forward(self, x: torch.Tensor) -> torch.Tensor:
x = self.features(x)
class AlexNet(nn.Module): x = self.avgpool(x)
def __init_ (self, num_classes: int = 1000) -> None: x = torch.flatten(x, 1)
super(AlexNet, self).__init_ () x = self.classifier(x)
self.features = nn.Sequential( return x
nn.Conv2d(3, 64, kernel_size=11, stride=4, padding=2),
nn.ReLU(inplace=True), def alexnet(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> AlexNet:
nn.MaxPool2d(kernel_size=3, stride=2), r"""AlexNet model architecture from the
nn.Conv2d(64, 192, kernel_size=5, padding=2), ""One weird trick..." <https://arxiv.org/abs/1404.5997>"_ paper.
nn.ReLU(inplace=True), Args:
nn.MaxPool2d(kernel_size=3, stride=2), pretrained (bool): If True, returns a model pre-trained on ImageNet
nn.Conv2d(192, 384, kernel_size=3, padding=1), progress (bool): If True, displays a progress bar of the download to stderr
nn.ReLU(inplace=True), "
nn.Conv2d(384, 256, kernel_size=3, padding=1), model = AlexNet(**kwargs)
nn.ReLU(inplace=True), if pretrained:
nn.Conv2d(256, 256, kernel_size=3, padding=1), state_dict = load_state_dict_from_url(model_urls['alexnet],
nn.ReLU(inplace=True), progress=progress)
nn.MaxPool2d(kernel_size=3, stride=2), model.load_state_dict(state_dict)
) return model



VGG (2014)

* The famous paper “Very Deep Convolutional Networks for Large-
Scale Image Recognition” [2] made the term deep viral. It was 224x224x3 224x224x64
the first study that provided undeniable evidence that simply
adding more layers increases the performance. Nonetheless, this
assumption holds true up to a certain point. To do so, they use
only 3x3 kernels, as opposed to AlexNet. The architecture was _
trained using 224 x 224 RGB images. ("4 ////56| 56 x 256

28 x 28 x 512

TXTx512
14x14x512

Eaas

« The main principle is that a stack of three 3 x3 conv. layers are 1x1x4096 1x1x1000
similar to a single 7 x 7 layer. And maybe even better! Because
they use three non-linear activations in between (instead of one),

which makes the function more discriminative.

. . @ convolution+RelLU
+ Secondly, this design decreases the number of parameters. =

/' max pooling
Specifically, you need 3*(32)C? = 27xC? weights, compared to a fully nected+ReLU
7 x7 conv. layer that would require 1*(72)C? = 49C? parameters softmax

(81% more). .

« Intuitively, it can be regarded as a regularization on the 7 x7 conv. - _ o
filters, constricting them to have a 3x3 non-linear decomposition. VGG16 T2 (https://bskyvision.com/504)

« Finally, it was the first architecture that normalization started to
become quite an issue.

[2] Simonyan, K., & Zisserman, A. (2014). Very deep

convolutional networks for large-scale image recognition. arXiv
* Nevertheless, pretrained VGGs are still used for feature preprint arXiv:1409.1556.

matching loss in Generative adversarial Networks, as well as
neural style transfer and feature visualizations.




VGG (2014)

* In my humble opinion, it is very interesting to inspect the features of * Finally to get a visual comparison next to Alexnet:
a convnet with respect to the input, as shown in the following video:
[ Softmax ] | FC 4096 ]
l FC 1000 ] | FC 4096 |
| FC 4096 ] | Pool |
Pool

Pool
Softmax
FC 1000
FC 4096

o

=
—
e

—
B
o
s
-
S

| Input | | Input |
AlexNet VGG16 VGG19

Source: https://www.youtube.com/watch?v=RNnKtNrsrmg Source: Standford 2017 Deep Learning Lectures: CNN architectures



VGG (2014)

+ Zt LayerOiC} 22 5|= Memory®t parameter?| 4=
£ HmEH Of3at 20t

+ VGGNet9 42 MAyMOoz RYIo| SITtoZ L=
feature map2| size= BRI EHSTHA filter] 7i
= HX S0UEE LdE0 JUCH=E EFS 7K U
C}.

«  VGGNet2| & Hjj FC Layer?| parameter?| i+
TO0{A & Tt S|, 5L layerOll A 2F 124710 FHf
St= parameterE 7tX|1 Y= A SHQISH 24 QICt,
0| =0 %ol H[&EXQI training0| O|FHX|A| &
0, overfitting2 SHZASI=HINE M5 =22 FX| 2
oIL}.

INPUT: [224x224x3] memory: 224*224*3=150K params: 0 (not counting biases)
CONV3-64: [224x224x64] memory: 2247224*64=3 2M params: (3"3*3)"64 = 1,728
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)"64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: 0

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3"128)*128 = 147,456
POOL2: [56x56x128] memory. 56*56%128=400K params: 0

CONV3-256: [56x56x256] memory: 56°567256=800K params: (3*3*128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56"567256=800K params: (3*3"256)*256 = 589,824
CONV3-256: [56x56x256] memory: 56°56*256=800K params: (3*3*256)*256 = 589,824
POOLZ2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 287287512=400K params: (3*3256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 287287512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512: [28x28x512] memory: 28°287512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params: 0

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7Tx7x512] memory: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

TOTAL memory: 24M * 4 bytes ~= 96MB / image (for a forward pass)
TOTAL params: 138M parameters

Softmax
FC 1000
FC 4096
FC 40396

0

Pool

Input

VGG16

[EX] https://kjhov195.github.io/2020-02-11-CNN_architecture_3/
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VGG (2014)

» PyTorch code: https://github.com/pytorch/vision/blob/m
aster/torchvision/models/vgg.py

import torch

import torch.nn as nn

from .utils import load_state_dict_from_url
from typing import Union, List, Dict, Any, cast

_all =]
'VGG', 'vgg11', 'vgg11_bn', 'vgg13', 'vgg13_bn', 'vgg16', 'vgg16_bn’,
'vgg19_bn', 'vgg19',

]

model_urls = {
'vgg11": 'https://download.pytorch.org/models/vgg11-bbd30ac9.pth’,
'vgg13": 'https://download.pytorch.org/models/vgg13-c768596a.pth’,
'vgg16'": 'https://download.pytorch.org/models/vgg16-397923af.pth’,
'vgg19'": 'https://download.pytorch.org/models/vgg19-dcbb9e9d.pth’,
'vgg11_bn": 'https://download.pytorch.org/models/vgg11_bn-6002323d.pth’,
'vgg13_bn': 'https://download.pytorch.org/models/vgg13_bn-abd245e5.pth’,
'vgg16_bn'": 'https://download.pytorch.org/models/vgg16_bn-6¢c64b313.pth’,
'vgg19_bn": 'https://download.pytorch.org/models/vgg19_bn-c79401a0.pth’,

}

class VGG(nn.Module):

def _init_ (
self,
features: nn.Module,
num_classes: int = 1000,
init_weights: bool = True
) -> None:

super(VGG, self).__init_ ()
self features = features
self.avgpool = nn.AdaptiveAvgPool2d((7, 7))
self.classifier = nn.Sequential(
nn.Linear(512 * 7 * 7, 4096),
nn.ReLU(True),
nn.Dropout(),
nn.Linear(4096, 4096),
nn.ReLU(True),
nn.Dropout(),
nn.Linear(4096, num_classes),
)
if init_weights:
self._initialize_weights()

def forward(self, x: torch.Tensor) -> torch.Tensor:
x = self.features(x)
x = self.avgpool(x)
x = torch.flatten(x, 1)
x = self.classifier(x)
return x

def _initialize_weights(self) -> None:
for m in self.modules():
if isinstance(m, nn.Conv2d):
nn.init.kaiming_normal_(m.weight, mode="fan_out', nonlinearity="relu’)
if m.bias is not None:
nn.init.constant_(m.bias, 0)
elif isinstance(m, nn.BatchNorm2d):
nn.init.constant_(m.weight, 1)
nn.init.constant_(m.bias, 0)
elif isinstance(m, nn.Linear):
nn.init.normal_(m.weight, 0, 0.01)
nn.init.constant_(m.bias, 0)

12



VGG (2014)

def make_layers(cfg: List{Union[str, int]], batch_norm: bool = False) -> nn.Sequential:
layers: List[nn.Module] =[]
in_channels = 3

def _vgg(arch: str, cfg: str, batch_norm: bool, pretrained: bool, progress: bool, **kwargs: Any)
->VGG:

if pretrained:
for vin cfg: kwargs['init_weights'] = False
if v=="M" model = VGG(make_layers(cfgs[cfg], batch_norm=batch_norm), **kwargs)
layers += [nn.MaxPool2d(kernel_size=2, stride=2)] if pretrained:
else: state_dict = load_state_dict_from_url(model_urls[arch],
v = cast(int, v)

progress=progress)
model.load_state_dict(state_dict)
return model

conv2d = nn.Conv2d(in_channels, v, kernel_size=3, padding=1)
if batch_norm:

layers += [conv2d, nn.BatchNorm2d(v), nn.ReLU(inplace=True)]

else:
layers += [conv2d, nn.ReLU(inplace=True)] def vgg11(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> VGG:
in_channels = v r""VGG 11-layer model (configuration "A") from
return nn.Sequential(*layers) ""Very Deep Convolutional Networks For Large-Scale Image Recognition”
<https://arxiv.org/pdf/1409.1556.pdf>"_.
cfgs: Dict[str, List[Union[str, int]]] = { Args:
‘A" [64, 'M', 128, 'M', 256, 256, 'M', 512, 512, 'M', 512, 512, 'M'], pretrained (bool): If True, returns a model pre-trained on ImageNet
'B'": [64, 64, 'M', 128, 128, 'M', 256, 256, 'M', 512, 512, 'M', 512, 512, 'M], progress (bool): If True, displays a progress bar of the download to stderr
'D" [64, 64, 'M', 128, 128, 'M', 256, 256, 256, 'M', 512, 512, 512, 'M', 512, 512, 512,
‘™M1, return _vgg('vgg11','A’, False, pretrained, progress, **kwargs)
'E". [64, 64, 'M', 128, 128, 'M', 256, 256, 256, 256, 'M', 512, 512, 512, 512, 'M', 512,
512,512, 512, 'M,
}

def vgg11_bn(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> VGG:
r""VGG 11-layer model (configuration "A") with batch normalization
""Very Deep Convolutional Networks For Large-Scale Image
<https://arxiv.org/pdf/1409.1556.pdf>"_.
Args:
pretrained (bool): If True, returns a model pre-trained on ImageNet
progress (bool): If True, displays a progress bar of the download to stderr

Recognition”

return _vgg('vgg11_bn','A’, True, pretrained, progress, **kwargs)

13



VGG (2014)

def vgg13(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> VGG:
r""VGG 13-layer model (configuration "B")
""Very Deep Convolutional Networks For
<https://arxiv.org/pdf/1409.1556.pdf>"_.
Args:
pretrained (bool): If True, returns a model pre-trained on ImageNet
progress (bool): If True, displays a progress bar of the download to stderr

Large-Scale Image Recognition”

return _vgg('vgg13', 'B', False, pretrained, progress, **kwargs)

def vgg13_bn(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> VGG:
r""VGG 13-layer model (configuration "B") with batch normalization
""Very Deep Convolutional Networks For Large-Scale Image Recognition"
<https://arxiv.org/pdf/1409.1556.pdf>"_.
Args:
pretrained (bool): If True, returns a model pre-trained on ImageNet
progress (bool): If True, displays a progress bar of the download to stderr

return _vgg('vgg13_bn', 'B', True, pretrained, progress, **kwargs)

def vgg16(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> VGG:
r""VGG 16-layer model (configuration "D")
""Very Deep Convolutional Networks For
<https://arxiv.org/pdf/1409.1556.pdf>"_.
Args:
pretrained (bool): If True, returns a model pre-trained on ImageNet
progress (bool): If True, displays a progress bar of the download to stderr

Large-Scale Image Recognition"

return _vgg('vgg16', 'D', False, pretrained, progress, **kwargs)

def vgg16_bn(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> VGG:
r""VGG 16-layer model (configuration "D") with batch normalization
""Very Deep Convolutional Networks For Large-Scale
<https://arxiv.org/pdf/1409.1556.pdf>"_.
Args:
pretrained (bool): If True, returns a model pre-trained on ImageNet
progress (bool): If True, displays a progress bar of the download to stderr

Image Recognition"

return _vgg('vgg16_bn', 'D', True, pretrained, progress, **kwargs)

def vgg19(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> VGG:
r""VGG 19-layer model (configuration "E")
"Very Deep Convolutional Networks For
<https://arxiv.org/pdf/1409.1556.pdf>"_.
Args:
pretrained (bool): If True, returns a model pre-trained on ImageNet
progress (bool): If True, displays a progress bar of the download to stderr

Large-Scale Image Recognition"

return _vgg('vgg19', 'E', False, pretrained, progress, **kwargs)

def vgg19_bn(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> VGG:
r""VGG 19-layer model (configuration 'E') with batch normalization
""Very Deep Convolutional Networks For Large-Scale
<https://arxiv.org/pdf/1409.1556.pdf>"_.
Args:
pretrained (bool): If True, returns a model pre-trained on ImageNet
progress (bool): If True, displays a progress bar of the download to stderr

Image Recognition"

return _vgg('vgg19 _bn', 'E', True, pretrained, progress, **kwargs)
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InceptionNet/GoogleNet (2014)

+ After VGG, the paper “Going Deeper with Convolutions” [3] by
Christian Szegedy et al. was a huge breakthrough.

» Motivation: Increasing the depth (number of layers) is not the
only way to make a model bigger. What about increasing both
the depth and width of the network while keeping computations
to a constant level?

» This time the inspiration comes from the human visual system,
wherein information is processed at multiple scales and then
aggregated locally [3]. How to achieve this without a memory
explosion?

* The answer is with 1 x 1 convolutions! The main purpose is
dimension reduction, by reducing the output channels of each
convolution block. Then we can process the input with different
kernel sizes. As long as the output is padded, it is the same as in
the input.

[3] Szegedy, C., Liu, W, Jia, Y., Sermanet, P., Reed, S., Anguelov,
D., ... & Rabinovich, A. (2015). Going deeper with convolutions.

In Proceedings of the IEEE conference on computer vision and
pattern recognition (pp. 1-9).

To find the appropriate padding with single stride convs without
dilation, padding p and kernel k are defined so that out = in
(input and output spatial dims):

* out=in+2Xxp—k+1,whichmeansthatp = (k—1)/2.In
Keras you simply specify padding="same’. This way, we can
concatenate features convolved with different kernels.

+ Then we need the 1x1 convolutional layer to ‘project’ the
features to fewer channels in order to win computational power.
And with these extra resources, we can add more layers. Actually,
the 1x 1 convs work similar to a low dimensional embedding.

15



InceptionNet/GoogleNet (2014)

* For a quick overview on 1x1 convs advise this video from the
famous Coursera course:

 Neural Networks - Networks in Networks and 1x1 Convolutions

Case Studies

Network in Network
and 1X1 convolutions

deeplearning.ai

This in turn allows to not only increase the depth, but also the
width of the famous GoogleNet by using Inception modules. The
core building block, called the inception module, looks like this:

Filter
concatenation

ﬂ\

1x1 convolutions

3x3 convolutions

5x5 convolutions

1x1 convolutions

[}

[}

1x1 convolutions

1x1 convolutions

[}

3x3 max pooling

Previous layer

The whole architecture is called GoogLeNet or InceptionNet. In
essence, the authors claim that they try to approximate a sparse
convnet with normal dense layers (as shown in the figure).

Why? Because they believe that only a small number of neurons
are effective. This comes in line with the Hebbian principle:
“Neurons that fire together, wire together”.

Moreover, it uses convolutions of different kernel sizes (5% 5,
3x3, 1x1)to capture details at multiple scales.
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* In general, a larger kernel is preferred for information that resides globally, and a smaller kernel is preferred for information that is
distributed locally.

+ Besides, 1x1 convolutions are used to compute reductions before the computationally expensive convolutions (3x3 and 5x5).

* The InceptionNet/GooglLeNet architecture consists of 9 inception modules stacked together, with max-pooling layers between (to halve the
spatial dimensions). It consists of 22 layers (27 with the pooling layers). It uses global average pooling after the last inception module.

\
!

.\

a1 1
aﬁaaaﬂaﬁgﬁgg

GoogleNet2| Xk [EX: original =&] Convolution
Pooling

Concatation/Normalization
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NIN (Network in Network) [EX] https://kangbk0120.github.io/articles/2018-01/inception-googlenet-review

» https://arxiv.org/pdf/1312.4400.pdf

* Convolution layer= 2E7} SX0|HA slidot= U 24t 5/8 At
S i, EMSISIeEE K 24 TS0,

O
+ But 29} BO|E{Q] 2EI} Mafet M3 BAZ EHT 4 ol HIMSXQI
A 27

¢ =R NS BHS B

‘Jlk‘ %I\EE, E—._l'—é?_f 'E_/ 6|=||' I'Ol Ol'L-l El’ (a) Linear convolution layer (b) Mlpconv layer

=
Multi Layer Perceptron, & MLPE &7t '2&. — Network in , ‘ , . ; :
Net k(N|N) Figure 1: Comparison of linear convolution layer and mlpconv layer. The linear convolution layer
etwor includes a linear filter while the mlpconv layer includes a micro network (we choose the multilayer
« MLP EESF ConvolutionQ ZE X HXMOIE E5) stSE|D , A7 2 percepttron in this paper). Both layers map the local receptive field to a confidence value of the latent
concept.

S AXE IR £ A00Z MLPE AMZ3MHCtT &t

M——

INCEPTIOV TMODULES
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NIN (Network in Network) [EX] https://kangbk0120.github.io/articles/2018-01/inception-googlenet-review

> &H NIN &

«  MLP ConvE M| 7 &1, OkX|20f| Fully-Connected Layers 2= CHA
Global Average PoolingS 2£. 0|= QHI|E HX| §347} QUCt &t

« 07| MLP Conve| HAtS AlOZ LIEHHM (j,j)= feature mapOilA pixel
X[, k= feature map2| k| ZHE, n2 MLP Conve| ntiuj 2{/0]01)

T
fil,j,kl = max(m}c1 x;; + by, ,0).
: Figure 2: The overall structure of Network In Network. In this paper the NINs include the stacking
:;,Jk = max(w] T firj,j—l + by, , 0). of three mlpconv layers and one global average pooling layer.

o AHEHA - UMl CNNL| feature map fijk = maX(ngi,j' 0)((,)=
1 M2 SAOZ 8= input patch, ke ZHE 9] index)t SLSICHY =
o

2 . (22 bias 112) Iz‘ —
« OFX|2} Al : cross channel pooling(CCCP, feature map 37|= {X|ot

1, MY 20t Q| channel reduction)s Y801 Conv 20|00 ML *
of 41t Z2. (0l= AHm 40| YUHHXOI CNN2t SYot7| IHE)

271 M'E 2 cross channel pooling®t cross channel pooling (max pooling)
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NIN (Network in Network) [EX] https://kangbk0120.github.io/articles/2018-01/inception-googlenet-review

v O[Z7 &2HQl Convolution At XL, OHX[E0f ofLte| gre = I Eot= dPgE CCCPefLl =

Input patch Output feature vector Output feature vector
{clxhxw) (c2x1Ix1) e3xixl)

{‘UII\'OIII.["IUM‘ Fihe]’ C | [' I Fil n.ﬁ}_

2 xel xhx onvolutional Filter (N

VHEORE e (c3xe2xlxl) N

N\ "
—_—
Convolutional layer CCCP layer

Efficient implementation of CCCP.
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1) 1x1 Convolutions [&X)] https://bskyvision.com/539
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2) Inception Module

GooglLeNet2 & /9| QI BES &
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Previous layer

(b) Inception module with dimensionality reduction
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3) Global average pooling

AlexNet, VGGNet SOIA= fully connected (FC) 50| 2| SHHIE0| HAZE[0 QUL T2{Lt GoogleNet2 FC Al L
MOl global average pooling0|2t BAIS AFSICE. global average pooling2 © S0{|AM AES =l EMAWES 212t ]1"'?“'” A
2 0|0 1X1& HEE PHE0F= AO|CH 1XH HIHE IS0 F0F 25X 0|0|X| 2FE 28t softmax 5 L °‘|7"0H§
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4) Auxiliary Classifier

« HEQZ9 Z0I7t AAX[H HOESZE vanishing gradient 2ME LISt7| {2 XICE 2Lt 7S X|E &3 dt= 2PE0| SXMIH(back propagation)
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+ PyTorch code:

import torch
import torch.nn as nn

class InceptionModule(nn.Module):
def __init_ (self, in_channels, out_channels):
super(InceptionModule, self).__init__ ()
relu = nn.ReLU()

https://colab.research.google.com/drive/1f1HBi7piJM3za2kUTErL1qH9WJwocfv7?usp=sharing

self.branch1 = nn.Sequential( Filter
nn.Conv2d(in_channels, out_channels=out_channels, kernel_size=1, stride=1, padding=0), concatenation
relu
) P A ————
conv3_1=nn.Conv2d(in_channels, out_channels=out_channels, kernel_size=1, stride=1, padding=0) 143 convolutions 55 convolutions 1x1 convolutions
conv3_3 = nn.Conv2d(out_channels, out_channels, kernel_size=3, stride=1, padding=1)
self.branch2 = nn.Sequential(conv3_1, conv3_3,relu) b ETELE 4 4 1

conv5_1 =nn.Conv2d(in_channels, out_channels=out_channels, kernel_size=1, stride=1, padding=0)

1x1 convolutions

conv5_5 = nn.Conv2d(out_channels, out_channels, kernel_size=5, stride=1, padding=2)

self.branch3 = nn.Sequential(conv5_1,conv5_5,relu) erevoss)
TeVIious layer

max_pool_1 = nn.MaxPool2d(kernel_size=3, stride=1, padding=1)
conv_max_1 = nn.Conv2d(in_channels, out_channels=out_channels, kernel_size=1, stride=1, padding=0)
self.branch4 = nn.Sequential(max_pool_1, conv_max_1,relu)

def forward(self, input):
output1 = self.branch1(input)
output2 = self.branch2(input)
output3 = self.branch3(input)
output4 = self.branch4(input)
return torch.cat([output1, output2, output3, output4], dim=1)

model = InceptionModule(in_channels=3,out_channels=32)
inp = torch.rand(1,3,128,128)
print(model(inp).shape)

Qﬂtiom
"

3x3 max pooling
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PyTorch code: torchvision

GoogLeNet | PyTorch : https:/I[pytorch.org/hub/pytorch_vision_googlenet/
https://colab.research.google.com/github/pytorch/pytorch.github.io/blob/master/assets/hub/pytorch_vision_googlenet.ipynb

import torch # sample execution (requires torchvision)
model = torch.hub.load('pytorch/vision:v0.9.0', 'googlenet', pretrained=True) from PIL import Image
model .eval() from torchvision impoxrt transforms

input_image = Image.open(filename)
preprocess = transforms.Compose([
transforms.Resize(256),

All pre-trained models expect input images normalized in the same way, i.e. mini-batches of 3-channel RGB transforms.CenterCrop(224),
images of shape (3 x H x W) ,where H and W are expected to be at least 224 . The images have to be Rl R LS
transforms.Normalize (mean=[0.485, 0.456, 0.406], std=[0.229, 0.224, 0.225]),
loaded into a range of [0, 1] and then normalized using mean = [0.485, 0.456, 0.406] and std = 1D]
[0.229, 0.224, 0.225] . input_tensor = preprocess(input image)

input_batch = input_tensor.unsqueeze(0) # create a mini-batch as expected by the model
Here’s a sample execution. # move the input and model to GPU for speed if available
if torch.cuda.is_available():

input_batch = input_batch.to('cuda')

# Downlo: n example image from tf ) ch websi
# Download an example image from the pytorch website model .to( ' cuda')

import urllib

url, filename = ("https://github.com/pytorch/hub/raw/master/images/dog.jpg", "dog.jpg")
try: urllib.URLopener().retrieve(url, filename)

except: urllib.request.urlretrieve(url, filename)

with torch.no_grad():
output = model (input_batch)

# Tensor of shape 1060, with confidence scores over Imagenet's 1000 classes
print(outputl[0])
# The output has unnormalized scores. lo get probabilities, you can run a softmax on it

probabilities = torch.nn.functional.softmax(output[0], dim=0)
print(probabilities)
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+ PyTorch code: torchvision

GoogLeNet | PyTorch : https:/I[pytorch.org/hub/pytorch_vision_googlenet/

https://colab.research.google.com/github/pytorch/pytorch.github.io/blob/master/assets/hub/pytorch_vision_googlenet.ipynb

{# Download ImageNet labels
luget https://raw.githubusercontent.com/pytorch/hub/master/imagenet_classes.txt

i Read the categories

with open("imagenet classes.txt", "r") as f:
categories = [s.strip() for s in f.readlines()]

i# Show top categories per image

top5_prob, topb_catid = torch.topk(probabilities, 5)

for i in range(top5 prob.size(0)):
print(categories[top5_catid[il], top5_probl[il.item())
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class GooglLeNet(nn.Module):
__constants___ = ['aux_logits', 'transform_input']

def __init_ (
self,
num_classes: int = 1000,
aux_logits: bool = True,
transform_input: bool = False,
init_weights: Optional[bool] = None,
blocks: Optional[List[Callable[..., nn.Module]]] = None
) -> None:
super(GoogLeNet, self).__init_ ()
if blocks is None:
blocks = [BasicConv2d, Inception, InceptionAux]
if init_weights is None:
warnings.warn('The default weight initialization of GoogleNet will be changed in
future releases of '
'torchvision. If you wish to keep the old behavior (which leads to long
initialization times'
" due to scipy/scipy#11299), please set init_weights=True.', FutureWarning)
init_weights = True
assert len(blocks) ==
conv_block = blocks[0]
inception_block = blocks[1]
inception_aux_block = blocks[2]

self.aux_logits = aux_logits
self.transform_input = transform_input.

+ PyTorch code: https://github.com/pytorch/vision/blob/master/torchvision/models/googlenet.py

self.conv1 = conv_block(3, 64, kernel_size=7, stride=2, padding=3)
self.maxpool1 = nn.MaxPool2d(3, stride=2, ceil_mode=True)
self.conv2 = conv_block(64, 64, kernel_size=1)

self.conv3 = conv_block(64, 192, kernel_size=3, padding=1)
self.maxpool2 = nn.MaxPool2d(3, stride=2, ceil_mode=True)

self.inception3a = inception_block(192, 64, 96, 128, 16, 32, 32)
self.inception3b = inception_block(256, 128, 128, 192, 32, 96, 64)
self.maxpool3 = nn.MaxPool2d(3, stride=2, ceil_mode=True)

self.inceptiond4a = inception_block(480, 192, 96, 208, 16, 48, 64)
self.inception4b = inception_block(512, 160, 112, 224, 24, 64, 64)
self.inceptiondc = inception_block(512, 128, 128, 256, 24, 64, 64)
self.inception4d = inception_block(512, 112, 144, 288, 32, 64, 64)
self.inceptionde = inception_block(528, 256, 160, 320, 32, 128, 128)
self.maxpool4 = nn.MaxPool2d(2, stride=2, ceil_mode=True)

self.inception5a = inception_block(832, 256, 160, 320, 32, 128, 128)
self.inception5b = inception_block(832, 384, 192, 384, 48, 128, 128)

if aux_logits:
self.aux1 = inception_aux_block(512, num_classes)
self.aux2 = inception_aux_block(528, num_classes)
else:
self.aux1 = None # type: ignore[assignment]
self.aux2 = None # type: ignore[assignment]

self.avgpool = nn.AdaptiveAvgPool2d((1, 1))
self.dropout = nn.Dropout(0.2)
self.fc = nn.Linear(1024, num_classes)

if init_weights: 08
self._initialize_weights()
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+ PyTorch code: https://github.com/pytorch/vision/blob/master/torchvision/models/googlenet.py

def _initialize_weights(self) -> None: #Nx 192 x 28 x 28 x = self.avgpool(x)
for m in self.modules(): x = self.inception3a(x) #Nx 1024 x1x1
if isinstance(m, nn.Conv2d) or isinstance(m, nn.Linear): # N x 256 x 28 x 28 x = torch.flatten(x, 1)
import scipy.stats as stats x = self.inception3b(x) #N x 1024
X = stats.truncnorm(-2, 2, scale=0.01) #Nx 480 x 28 x 28 x = self.dropout(x)
values = torch.as_tensor(X.rvs(m.weight.numel()), dtype=m.weight.dtype) x = self.maxpool3(x) x = self.fc(x)
values = values.view(m.weight.size()) #Nx480x14 x 14 #N x 1000 (num_classes)
with torch.no_grad(): x = self.inception4a(x) return x, aux2, aux1
m.weight.copy_(values) #Nx512x14x14
elif isinstance(m, nn.BatchNorm2d): aux1: Optional[Tensor] = None
nn.init.constant_(m.weight, 1) if self.aux1 is not None:
nn.init.constant_(m.bias, 0) if self.training:

aux1 = self.aux1(x)
def _transform_input(self, x: Tensor) -> Tensor:

if self.transform_input: x = self.inception4b(x)
x_ch0 = torch.unsqueeze(x[:, 0], 1) * (0.229/0.5) + (0.485 - 0.5) / 0.5 #Nx512x14x 14
x_ch1 = torch.unsqueeze(x[:, 1], 1) * (0.224 / 0.5) + (0.456 - 0.5)/ 0.5 x = self.inception4c(x)
x_ch2 = torch.unsqueeze(x[:, 2], 1) * (0.225/ 0.5) + (0.406 - 0.5) / 0.5 #Nx512x14x14
x = torch.cat((x_ch0, x_ch1, x_ch2), 1) x = self.inception4d(x)
return x #Nx528x14 x 14
aux2: Optional[Tensor] = None
def _forward(self, x: Tensor) -> Tuple[Tensor, Optional[Tensor], Optional[Tensor]]: if self.aux2 is not None:
#N x 3 x224 x224 if self.training:
x = self.conv1(x) aux2 = self.aux2(x)

#Nx64x112x 112
x = self.maxpool1(x)
#N x 64 x 56 x 56

x = self.conv2(x)

# N x 64 x 56 x 56

x = self.conv3(x)

#N x 192 x 56 x 56
x = self.maxpool2(x)
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+ PyTorch code:

super(Inception, self).__init_ ()
if conv_block is None:

@torch.jit.unused conv_block = BasicConv2d
def eager outputs(self, x: Tensor, aux2: Tensor, aux1: Optional[Tensor]) -> self.branch1 = conv_block(in_channels, ch1x1, kernel_size=1)
GooglLeNetOutputs:

if self.training and self.aux_logits:

return _GoogLeNetOutputs(x, aux2, aux1)
else:

return x # type: ignore[return-value]

def forward(self, x: Tensor) -> GoogLeNetOutputs:
x = self._transform_input(x)
X, aux1, aux2 = self._forward(x)
aux_defined = self.training and self.aux_logits
if torch jit.is_scripting():
if not aux_defined:
warnings.warn("Scripted GoogleNet always returns GoogleNetOutputs Tuple")
return GoogLeNetOutputs(x, aux2, aux1)
else:
return self.eager_outputs(x, aux2, aux1)

self.branch2 = nn.Sequential(
conv_block(in_channels, ch3x3red, kernel_size=1),
conv_block(ch3x3red, ch3x3, kernel_size=3, padding=1)
)

self.branch3 = nn.Sequential(
conv_block(in_channels, ch5x5red, kernel_size=1),
# Here, kernel_size=3 instead of kernel_size=5 is a known bug.
# Please see https://github.com/pytorch/vision/issues/906 for details.
conv_block(ch5x5red, ch5x5, kernel_size=3, padding=1)

)

self.branch4 = nn.Sequential(
nn.MaxPool2d(kernel_size=3, stride=1, padding=1, ceil_mode=True),
conv_block(in_channels, pool_proj, kernel_size=1)

)

class Inception(nn.Module):
def _forward(self, x: Tensor) -> List[Tensor]:
def _init_ ( branch1 = self.branch1(x)
self, branch2 = self.branch2(x)
in_channels: int, branch3 = self.branch3(x)
(x)

ch1x1:int, branch4 = self.branch4(x
ch3x3red: int,
ch3x3: int, outputs = [branch1, branch2, branch3, branch4]
ch5x5red: int, return outputs
ch5x5: int,
pool_proj: int, def forward(self, x: Tensor) -> Tensor:
conv_block: Optional[Callable]..., nn.Module]] = None outputs = self._forward(x)
) -> None: return torch.cat(outputs, 1)
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+ PyTorch code:

https://github.com/pytorch/vision/blob/master/torchvision/models/googlenet.py

class InceptionAux(nn.Module):

def __init_ (
self,
in_channels: int,
num_classes: int,
conv_block: Optional[Callable]..., nn.Module]] = None
) -> None:
super(InceptionAux, self).__init_ ()
if conv_block is None:
conv_block = BasicConv2d
self.conv = conv_block(in_channels, 128, kernel_size=1)

self.fc1 = nn.Linear(2048, 1024)
self.fc2 = nn.Linear(1024, num_classes)

def forward(self, x: Tensor) -> Tensor:
#aux1:Nx512x 14 x14,aux2: N x 528 x 14 x 14
x = F.adaptive_avg_pool2d(x, (4, 4))
#aux1: Nx512x4 x4, aux2: N x 528 x 4 x 4
x = self.conv(x)
#Nx128x4 x4
x = torch.flatten(x, 1)
#N x 2048
x = F.relu(self.fc1(x), inplace=True)
#N x 1024
x = F.dropout(x, 0.7, training=self.training)
#N x 1024
x = self.fc2(x)
#N x 1000 (num_classes)

return x

class BasicConv2d(nn.Module):

def _init_ (
self,
in_channels: int,
out_channels: int,
**kwargs: Any
) -> None:
super(BasicConv2d, self).__init_ ()
self.conv = nn.Conv2d(in_channels, out_channels, bias=False, **kwargs)
self.bn = nn.BatchNorm2d(out_channels, eps=0.001)

def forward(self, x: Tensor) -> Tensor:
x = self.conv(x)
x = self.bn(x)
return F.relu(x, inplace=True)
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InceptionNet/GoogleNet (2014)

torchvision 7|t k& I C 0f X
GoogleNet
https://deep-learning-study.tistory.com/523

Inception v4 (2016)
https://deep-learning-study.tistory.com/537
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Inception V2 (2015)

» Later on, in the paper “Rethinking the Inception Architecture for * Neural-Net &4 &%l
Computer Vision” the authors improved the Inception model
based on the following principles: 1) Avoid representational bottlenecks, especially early in the
network

v Factorize 5x5 and 7x7 (in InceptionV3) convolutions to two and 2) Higher dimensional representations are easier to process

three 3x3 sequential convolutions respectively. This improves locally within a network.

computational speed. This is the same principle as VGG. 3) Spatial aggregation can be done over lower dimensional
v" They used spatially separable convolutions. Simply, a 3x3 kernel embeddings without much or any loss in representational

is decomposed into two smaller ones: a 1x3 and a 3x1 kernel, power

which are applied sequentially. 4) Balance the width and depth of the network.
v' The inception modules became wider (more feature maps).
v' They tried to distribute the computational budget in a balanced _ .

way between the depth and width of the network. * Inception-v22| 37tX| ofi¢l 24
v They added batch normalization. 1) Conv Filter Factorization

2) Rethinking Auxiliary Classifier

* Later versions of the inception model are InceptionV4 and 3) Avoid representational bottleneck — Grid Size Reduction
Inception-Resnet.

[1] Christian Szegedy, Vincent Vanhoucke, Sergey loffe, Jonathon

Shlens, Zbigniew Wojna, "Rethinking the Inception Architecture for ~ [EX1] https://norman3.github.io/papers/docs/google_inception.html
Computer Vision," arXiv preprint, arXiv:1512.00567, 2015. [£X2] https://hoya012.github.io/blog/deeplearning—classification-guidebook-2/

[2] Christian Szegedy, Sergey loffe, Vincent Vanhoucke, Alex Alemi,
"Inception-v4, Inception-ResNet and the Impact of Residual
Connections on Learning," arXiv preprint, arXiv:1602.07261, 2016. 33



Inception V2 (2015)

» Spatial Separable Convolutions

3 6 9 3
4 8 12| = 4] x [1 2 3]
5 10 15 5

Image 1: Separating a 3x3 kernel spatially

Simple Convolution

Convolution with 3x3 kernel
—

4 8 12
5 10 15

Image [3 6 9 l Output Image

Spatial Separable Convolution

Convolution with Convolution with

3x1 kernel 1x3 kernel
— —
Image 3 Intermediate Image Output Image
4 1 2 3]
5

Image 2: Simple and spatial separable convolution

[EX] https://towardsdatascience.com/a-basic-introduction-to—-separable—convolutions—-b99ec3102728

B Note

B
12
3 1
12 .

Image 4: A normal convolution with 8x8x1 output

] @
256
3 a
12
8

Image 5: A normal convolution with 8x8x256 output (256 kernels)
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Inception V2 (2015)

[EX] https://towardsdatascience.com/a-basic-introduction-to—-separable—convolutions—-b99ec3102728

* Depthwise Convolutions m * Pointwise Convolutions

v' Give the input image a convolution without changing the depth.

12 ‘i
3
2 8
12

Image 6: Depthwise convolution, uses 3 kernels to transform a
12x12x3 image to a 8x8x3 image

v' Each 5x5x1 kernel iterates 1 channel of the image (note: 1
channel, not all channels), getting the scalar products of every 25
pixel group, giving out a 8x8x1 image. Stacking these images
together creates a 8x8x3 image.

* The original convolution transformed a 12x12x3 image to a 8x8x256
image. Currently, the depthwise convolution has transformed the
12x12x3 image to a 8x8x3 image. Now, we need to increase the
number of channels of each image.

v' It uses a 1x1 kernel, or a kernel that iterates through every
single point. This kernel has a depth of however many channels
the input image has; in our case, 3. Therefore, we iterate a
1x1x3 kernel through our 8x8x3 image, to get a 8x8x1 image.

‘w : B.
3 1
8 8

Image 7: Pointwise convolution, transforms an image of 3 channels to an image
of 1 channel

| i : :
3
8 8 256
8

Image 8: Pointwise convolution with 256 kernels, outputting an image with 256
channels




Inception V2 (2015)

[EX1] https://norman3.github.io/papers/docs/google_inception.html

[EX2] https://hoya012.github.io/blog/deeplearning—classification—guidebook-2/

1) Conv Filter Factorization

Inception-v1(GooglLeNet)2 VGG, AlexNet0| H|SH parameters=7F 2&6| MX|0t 05| H2 M2 TQZ of

Inception-v20|AM= ALl ERIEE F0|7| /8t 02 Conv Filter Factorization 22 X|CtotT /US. M VGGO| A

U WX 5x5 convE 3x3 conv 2742 LiA|ot= WHE MESt, L0t AMEH2 S0 STt receptive field= =

ot ™32 0|&5}0 nx nconvE 1 xn +nx1convE factorizationst= BHHZ X|QHet Filter Concat

ALtZO| 33% &0

Filter Concat

Filter Concat
] 3x3
5x5 3x3 1X1 3x3 3x3 1x1
x1 1x1 1x1 Pool 1x1
7 YV 1x1 1x1 Pool 1x1 1x1 Pool 1x1 X X 00 X
1 ~1_= T~ T~ =
Base Base Base

Figure 3. Mini-network replacing the 3 x 3 convolutions. The
lower layer of this network consists of a 3 x 1 convolution with 3 Figure 4. Original Tnception module as described in [20]. Figure 5. Inception modules where each 5 x 5 convolution is re- Figure 6.. Inception modules after tl.le factorization of the n x n

convolutions. In our proposed architecture, we chose n = 7 for

output units.

placed by two 3 x 3 convolution, as suggested by principle 3| of

Section[2] the 17 x 17 grid. (The filter sizes are picked using principle[3)
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Inception V2 (2015)

[EX1] https://norman3.github.io/papers/docs/google_inception.html
[EX2] https://hoya012.github.io/blog/deeplearning—classification—guidebook-2/

2) Auxiliary Classifiers

* Inception-v1(GoogLeNet)H| M (BackpropA| weight ZiA12 O
Zh5tete) M3 auxiliary classifierdi] CHSH X ™

o O] A BME E5) auxiliary classifier?} 85 X7|0fl= 48
d= MAANZIX S BRI, ots 27|00 of2te] Hete ehds

S A0l22 HOS
s = UASS EUS.

« S 7|Z9 2749] auxiliary classifiers A5 OLE, AXZ X
7| HA(lower)2| auxiliary classifier= 2Lt §1CLt 2 X0|7}
UM KA.

Filter Concat

1x1 1x1 Pool 1x1
Fully connected \ /
8x8x1280 X128 ]
[Loarmm ] Base
1x1 Convolution

inception Figure 7. Inception modules with expanded the filter bank outputs.

This architecture is used on the coarsest (8 x 8) grids to promote
high dimensional representations, as suggested by principle [2] of
Section|2] We are using this solution only on the coarsest grid,

5x5x768

5x5 Average pooling with stride 3
17x17x768

Figure 8. Auxiliary classifier on top of the last 17 x 17 layer. Batch
normalization[[7] of the layers in the side head results in a 0.4%
absolute gain in top-1 accuracy. The lower axis shows the number
of itertions performed, each with batch size 32.

since that is the place where producing high dimensional sparse
representation is the most critical as the ratio of local processing
(by 1 x 1 convolutions) is increased compared to the spatial ag-
gregation.
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Inception V2 (2015)

[EX1] https://norman3.github.io/papers/docs/google_inception.html
[EX2] https://hoya012.github.io/blog/deeplearning—classification—guidebook-2/

3) Grid Size Reduction (Avoid representational bottleneck)

Representational bottleneck : CNNO|AM =2 AIZE|= pooling
O 2 9loff feature map?2| size7} EZHEHA| MEZ0| EHEE A
= 7299| &1t 20| pooling= HMX| 6t'H Representational
bottleneck0| 2 45t11, LEZ} Z0| poolingS {0l 5HH ALt
0| BHOFRl, J2iA HAIZFE Z=0|HA| Representational
bottleneck™ I|cl7| 2ol 7t2HI2 22 HAIS MOSIAL, ZB
HOZ oh O2ZI} 22 YIS 0[RF,

Filter Concat
3x3
stnide 2
17x17x640 17x17x640 T
ion Pooling 3x3 3x3
stride 1 stride 2
17x17x320 35x35x640 T L
1x1 1x1 Pool
. . stride 2
g Inceptlon> [
35x35x320 35x35x320 Base

Figure 9. Two alternative ways of reducing the grid size. The so-
lution on the left violates the principle[I]of not introducing an rep-
resentational bottleneck from Section|2| The version on the right
is 3 times more expensive computationally.

OIRIOA] HAFS (d,d k) 2 (d/2,d/2,2k) 2 EHI8t5H= Conv 2 B9l. (0f
7|X= d=35, k=320)

AF| Gt =

v pooling + stride 1 conv with 2k filter : 2(d/2)?k? HAH &=
v’ strid.1 conv with 2k fileter + pooling : 2d?k? AL 4=

LIZE2 HAAME0| F O ZX|TF Representational Bottleneck O] 244,
QEXRZ HE £40] o HX|2F ALZFO[ 2H].

17x17x640
=S|

o © 2HE EEZR Y3 A Rl= A
[ 17x7xa20 | [ 17xi7xa20 | - G2 & Z0[HAM Conv ZH0|HE Sdl

conv

o =0|

pool Representational Bottleneck2 =QIL}.

| 35x35x320 |

Figure 10. Inception module that reduces the grid-size while ex-

pands the filter banks. It is both cheap and avoids the representa-

tional bottleneck as is suggested by principle [I| The diagram on

the right represents the same solution but from the perspective of

grid sizes rather than the operations. 38



Inception V3 (2016)

[EX1] https://norman3.github.io/papers/docs/google_inception.html
[EX2] https://hoya012.github.io/blog/deeplearning-classification—guidebook-2/

Grid Size Reduction

«  Inception V3= Inception V2 1X0| ZHE 7|58 FII5t A (with some modifications)
Input: 3. Output:8xBx2048

Grid Size Reduction

2% Inception Module C

5x Inception Module A 4x Inception Module B

«  RMSProp : Optimizer H4
+ Label Smoothing

v' Target /2 one-hot encoding=2 AlE6t= A
v’ 2{0] 0 Q! 2{|0|=0] CHOHM = OFF &2 2t e
—-(n-1)xe £ S HIA

» Factorized 7-7 . Convolution

= AvgPool 299x299x3 .
. . Final part.8x8x2048 -> 1001
v'conv 7x7 2|0|HE (3x3)-(3x3) 2 2{|0|{ = Factorization = fere
. . . == Dropout Auxiliary Classifier
« BN(Batch Normalization)-auxiliary " Full connected
- Softmax
v/ O}X|2} Fully Connected 2{|0|0{0f| Batch Normalization(BN) M&
Top- l Top-5 Cost
l Network ‘ Error | Bo Ops

GoogLeNet [20] 29% 9.2% 1.5 Crops | Top-5 | Top-T . - -
BN-GoogLeNet | 26.8% | - 15 | Network Evaluated | Error | Error | ‘ Network E’:"’de's sarnpe ) || Zogl TE"" S
BN-Inception [7] | 25.2% | 7.8 2.0 GoogleNet [20] 10 - [ S% M—M—m

- GoogLeNet [20] 143 N 7.80% VGGNet [18] 2 23.7% 6.8%
Dieption: 2 2491 - 38 VGO 18] %% | 68% GoogLeNet [20] 7 144 6.67%
Tnception-vZ Z £ : = :
RMSmep 211% | 63 38 BN-Inception [7] 144 22% | 5.82% PReLU [6] = Z _ 4.94%
Tnception-v2 ]‘:§=‘L~E {21 10 iji;g ;:?; BN-Inception [7] 6 144 20.1% | 4.9%
Label Smoothing | 22.8% | 6.1 38 lnchliuL L - e Inception-v3 3 144 17.2% | 3.58%"
Inception-v2 s ! ]
Factorized 7 x 7 | 21.6% | 5.8 4.8 Ingeption 5 4 [IBT% ] &%
HCEpROn-VE 212% | 56% | 48 multi-crop
BN-auxiliary
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ResNet: Deep Residual Learning for Image Recognition (2015)

» All the predescribed issues such as vanishing gradients were addressed with two tricks:

v" batch normalization
_ _ : : : o
v short skip connection Is learning better networks as simple as stacking more layers”

https://theaisummer.com/skip-connections/

* Instead of H(x) = F(x), we ask them model to learn the «  With that simple but yet effective block, the authors designed
difference (residual) H'(x) = F(x) + x, which means H(x) — x = deeper architectures ranging from 18 (Resnet-18) to 150
F (x) will be the residual part [4]. (Resnet-150) layers.
*  For the deepest models they adopted 1x1 convs, as illustrated
relu on the right:
F(x) + x (4
64-d 256-d
The bottleneck layers
| (1x1) first reduce and
F(x) relu then restore the
| channel dimensions,
leaving the 3 x 3 layer
| with fewer input and
X output channels.

Residual block

Source: Standford 2017 Deep Learning Lectures: CNN architectures Image by Kaiming He et al. 2015.

Source: Deep Residual Learning for Image Recognition
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4 ResNet (2015)

[EX]

V V.V V VYV V

\4

https://towardsdatascience.com/review-resnet-winner—-of-ilsvrc-2015-
image—classification—localization—detection-e39402bfab5d8
https://hohodu.tistory.com/23
https://sike6054.github.io/blog/paper/first-post/
https://jxnjxn.tistory.com/22

Watch an awesome video from Henry Al Labs on ResNets:

Problems of Plain Network (Vanishing/Exploding Gradient)
Skip / Shortcut Connection in Residual Network (ResNet)
ResNet Architecture

Bottleneck Design

Ablation Study

Comparison with State-of-the-art Approaches (Image
Classification)

Comparison with State-of-the-art Approaches (Object Detection)
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A shallower

model (18
layers)

747 conv, B4, /2

3x3 conv, 128, /2

3x3 conv, 128

3x3 conv, 128

3x3 conw, 256

33 conv, 512, /2

3x3 conv, 512

4 ResNet (2015)

747 conv, 64, /2

A deeper counter
(34 layers)

Richer solution space

A deeper model should not have higher
training error

A solution by construction:
= original layers: copied from a
learned shallower model
* extra layers: set as identity
* atleast the same trainingerror

Optimization difficulties: solvers cannot
find the solution when going deeper...

VGG-19 34-layer plain 34-layer residual
image image image
output
steizzé
l,
output pocl. /2
size:112 T
[ 3@conv, 128 | 7x7conv, 64,/2 | [ 7x7conv64,2 |
¥
output pool, /2 pool, /2 pool, /2
SEeS6 M a3com, 256 | [ 3a@conves | [ 3Gconves |
¥
[ 33comv,256 | [ 3adconves | [ 3dconves |
[ 33 conv, 256 | [ 33 conv, 64 | [ 3,3 conv, 64 |
¥ ¥
[ 33conv,256 | I [ 3dconves |
T [ 3aconves |
3x3 conv, 64 33 conv, 64
pool, /2 [3mconv, 128,22 | [ -
output ¥
ste28 T 3Gacom,s2 | [ x3conv128 | [ 3@comvizs | S
[ 2. 2. ey
[ 3@wnysz | [ 33conv128 | [ 3a3conv,128
¥ ¥
[ 33conv,512 | [ 33comv,128 | [ 33com128 ]
v
[ 33wz | [ 33 cony, 128 | [ 33conv,128 |
¥
[ 3@econv,128 | [ 33conv, 128
[ 33,128 | [ 33conv128 |
[ 33128 | [ 33conv,128 |
\ S LECTErEE
::‘;“;’; pool, 2 [(33com,:6/2 | [[3dconv2s8,2 | e,
) ¥ Y
[ 3dconvs12 | [ 33cony,256 | [(3somw2s | .
[ 3352 | [ 33cony, 256 3,3 conv, 256
¥
[ 3Gcomsz | [ 33conv256 | 33 cany, 256
¥
[ 352 | [ 33conv2s6 |
[ 3aconv,2s6 | [ am3com2s |
¥
[ 3@conv,256 | I3com, 256 |
3x3 conv, 256
[ 33wny2s6 | [
[ 33conv, 256 | [ 33,25 |
¥
[ 3@conv, 256 | [ 33 com, 256 J
y Y N
‘:‘;;';[ pool, /2 [ 33com,s12,72 | [[m@conv 12,z | T,
¥ v
[ 3@convs2 | [ 3eomse | .~
¥ e
[(38amsz | [ 38wz |
¥
[ 3acom,512 | [ scmsiz |
[ 3@conys2 | [ 33com,s512
¥
[ 38conys2 | [ 33com,512
A
output T 4096 avg pool avg pool
 40% fc 1000 e 1000

Figure 3. Example
network architectures
for ImageNet. Left: the
VGG-19 model [41]
(19.6 billion FLOPs) as
a reference. Middle: a
plain network with 34
parameter layers (3.6
billion FLOPs). Right: a
residual network with
34 parameter layers
(3.6 billion FLOPs). The
dotted shortcuts
increase dimensions.
Table 1 shows more
details and other
variants.
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4 ResNet (2015)

1) Problems of Plain Network (Vanishing/Exploding Gradient)

For conventional deep learning networks, they usually have conv layers then fully connected (FC) layers for classification task
like AlexNet, ZFNet and VGGNet, without any skip / shortcut connection, we call them plain networks here. When the plain
network is deeper (layers are increased), the problem of vanishing/exploding gradients occurs.

«  Plain net +  We expect deeper network will have more accurate prediction.
However, below shows an example, 20-layer plain network
got lower training error and test error than 56-layer plain

X l network, a degradation problem occurs due to vanishing

gradients. (overfitting 2|7t OtH S H0ZE)
weight layer
anytwo
stacked layers ¥ relu il il
weight layer = & 56-layer
5 e, halh S W
l relu g, S .l _20-layer
H(x) z 56-layer 2
£ ]
E -
= ~ 20-layer
H(x) is any desired mapping, B ————————2 S S T R S
. ) iter. (le4) iter. (le4)
Hope the 2 WelghtS Iayers fit H(x) Figure 1. Training error (left) and test error (right) on CIFAR-10

with 20-layer and 56-layer “plain”™ networks. The deeper network
has higher training error, and thus test error. Similar phenomena
on ImageNet is presented in Fig. 4.
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4 ResNet (2015)

1) Problems of Plain Network (Vanishing/Exploding Gradient)

Vanishing / Exploding Gradients

*  During backpropagation, when partial derivative of the error
function with respect to the current weight in each iteration of
training, this has the effect of multiplying n of these small / large
numbers to compute gradients of the “front” layers in an n-layer
network.

* Vanished : When the network is deep, and multiplying n of
these small numbers will become zero (vanished).

+ Exploded : When the network is deep, and multiplying n of
these large numbers will become too large (exploded).

Degradation Problem

«  Gradient Vanishing /Exploding 2X| {20 depth7} S7t&X|2t=
Ol HE0jl CICE2® A50] ZO{Xl= #1412 "Degradation’2} &,

«  Depth7} Z7}gt0|| [}2} accuracy?} E3HE|0] degrade?t X watxl.

»  OverfittingO| OtL|2}, Model2| depth7t ZO{ &0 [}2f training error
=0

Deep residual learning

7|&0] ek& & shallower architecture0f|Ct7} identity mapping
Ol layerZt =715t deeper architectureE 112{otA}. A3l3 Saff
S4I 29| solver=2 0] constructed solutionO|Lt 11 O|A9] MsS
HO|&= solution2 32 4= QiCt= A2 B &L (identity
mapping : 7|Z& st5El layersOi|A MM =l outputs 71l layers
Ol SYSt outputs Mdst= A)

Degradation 2H|E Z7| £/t Deep residual learning X! :
To solve the problem of vanishing/exploding gradients, a
skip / shortcut connection is added to add the input x to
the output after few weight layers as below:

44



4 ResNet (2015)

2) Skip / Shortcut Connection in Residual Network (ResNet)

Plain net Residual net
¥ A F(x) is residual mapping with respect to
vlv : identity
0 weight layer
weight layer
anytwo F(x) Jrelu identity
stacked layers v relu oht | x
weight layer
weight layer
relu
H =F
Hex ¥ (1) = F(x) +x
H(x) is any desired mapping, H(x) is any desired mapping, * Ifidentity were optimal, easy to set
Hope the 2 weights layers fit H(x) Hope the 2 weight layers fit HG weights as o.

« If optimal mapping is closer to
identity, easier to find small
let H(x) = F(x) +x fluctuations. CHSHO[X] &=

Hope the 2 weight layers fit F(x)

+ Short connection2 §t 7§ 0|&2] layerE skipping 6l= %, ¢  Hence, the output H(x) = F(x) + x. The weight layers actually is to learn a kind

direct mappingS of= CHLI0f identity mappingS 2. of residual mapping: F(x) = H(x) — x.

Identity shortcut connection2 extra parameterE 375t ) ) o ) ) )

= 74 OfL| T, computational complexity?} £715tx] ¢ ¢ Evenif there is vanishing gradient for the weight layers, we always still have the
Al =Tt 1 MA| networke SGD2t backpropagations £ identity x to transfer back to earlier layers.

CEECE )
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- ResNet (2015)

Residual Learning

«  Few stacked layersO}LC} residual learning= At

« stacked layerZ H(x)-x0i| mapping2t2 2 M original mapping2
F(x)+x&Z reformulationst= A2, 4s X5t 2MIE sHZot7| &H0]
C}.

o A AEH0IA H(x)2l optimalO| identity mapping0| Ot X|2tE, O]
reformulation2 2X|0f| precondition= X|&3dt= &1+& £Lf, DreF
optimal functionO| zero mapping2. L} identity mapping0i| & 742
CtH, solver/} identity mapping=2 2A&6H0 &2 H3t F(x)E et&6t
= 0| M2 functions YO =2 st&ol= AELL = ZAO0|C Ao
A= 815 residual function0f A YHHOR Xt HES0| QICt= Z
E HO=LCHFig.7 &=X). 0| Z1t= identity mapping0| & 2|2l
preconditioning= X|SStCt= 242 AIAFSHLE.



4 ResNet (2015)

Identity (x) Mapping by Shortcuts

* Adefined building block
y=F&{W}) +x

v x%ty= 22t bU|Id|ng blockO| A input} outputO|Ct. F(x, {W; )= & IO-IOF at
— residual mapping2 LIEHLY. Fig.29} 2¢0] layer7t 5 71 Q= ALE 0|2 S,
'dentity F = Wyo(W;x) 2 LIEF 2 QIC} 047|M o'= ReLUZ LIEHHM, biass B7| 7tA
X StE 2|6 M=F=ICt F + x HAR2 shortcut connection 2! element-wise addition©
2|, addition 20{|= second nonlinearityZ ReLUS XS}

Residual net
X

A A

weight layer

F(x) 1 relu

weight layer

H(x) = F(x) +x «  F,x°| Dimension0| Z0t0} otH, 0| 2|l linear projection W, & =345t 4= QIC}

y = Fx {W;}) + Wex

v W= dimension matching 8 =27t AI2 (Degradation £A| s{Z 0] identity
mapping2tC = SEeIS A0 20F)

F(x) is residual mapping with respect to
identity

shorcut = x

out = self.convil(x) | “ I o Projection
out = self.bni(out)
out = self.relu(out) I I FC layer 0 A 0|24 20| node| J§4gt
R St=M £ X|2F conv layer?| AR0=
out = self convz(out) feature map SlZ€9|‘ Chann619-| 7H—¢—7}|‘X|
. . 1x8 = =
out = self.bn2(out) be SF{OF SiCt.
1xd 1x8
out += shortcut 47

out self.relu(out) ? 1x8



VGG-19 34-layer plain 34-layer residual

=+ ResNet (2015) — e

output
size:112

2
g
8

7x7 conv, 64, /2| [ 7x7conv64,2 |

3) ResNet Architecture

pool, /2 pool, /2 pool, /2
output *
size: 56

. . [ ] [ 3a@conves | [ 3Gconves |
1) The VGG-19 (left) is a state-of-the-art approach in ILSVRC s e e .
2014 [ M(ntv,ZSE | [ ]chn*nv,Ed ] [ ixlcf:nv,sd ] Flgure 3 Example
' Cmam] [eaa] [eaaa] network architectures
2) 34-layer plain network (middle) is treated as the deeper network l | m{m.sa R for ImageNet. Left: the
of VGG-19, i.e. more conv layers. / : - — : : R — VGG-19 model [41]
: o : : s —— "%~ v  (19.6 bilion FLOPs) as
3) 34-layer residual network (ResNet) (right) is the plain one with : g : : O : : ST B ;reference Middle?a
addition of skip / shortcut connection. , E’ o ,3:23 o plain network with 34
S e parameter layers (3.6
Plain network= VGG2| Xkt 2 742| 3x3 convolutiong 7x7 e | billion FLOPs). Right: a
convolution@ 2 CHH|ZHL}. 5t global average poolingS OpX|2t ) T residual network with
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v’ projection shortcut connection2 1x1 conv A2 ] i i

D
o T 4096 avg pool avg pool
¥ +
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4 ResNet (2015)

3) ResNet Architecture 4) Bottleneck Design

Implementation » Since the network is very deep now, the time complexity is high.

- 0|O0|X|= scale augmentationZ 2|3H [256, 480]01Af 2XII5IH| M= A bottleneck design is used to reduce the complexity as follows:
2| =l shorter sideE AI26t rescalingEICt. 224x224 crop2 64-d 256-d

horizontal flip with per-pixel mean subtracted O|0|X| Z0| XY=
MZEd £, standard color augmentationT= AIZZICt.

e ZtZt9| conv layer®t activation AtO|0f|= batch normalization2 A2
61, He initialization 7|#H S £ weightE =7|st6t0 2=

o

plain/residual nets= St& ot

« batch normalization0f] 27{5lf dropout2 At25IX| L=C}.

+ learning rates= 0.10{|A A|Xt5104, error plateau AE{OLC} rateE 10
OZ Lt+=0{ M&5}0H, decay= 0.0001, momentum 0.92 &t SGD all-3x3

similar
} complexity
= A8t

* mini-batch size= 2562 HOMH, iteration2 = 600Kg| =3 =ICt. 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-30/101/152.

bottleneck
(for ResNet-50/101/152)

»  50-layer ResNet : 34-layer ResNet2| 2-layer block=2 3-layer bottleneck block@
2 |50 50-layer ResNetS F1434LCt. dimension matchingS 2lsiAM = ¢l2| M
25 AHE5tC. 0] &2 3.8 billion FLOPs 0|LC}.

« 101-layer and 152-layer ResNets : 0§ 7|0{| 3-layer bottleneck blockZ 715104
101-layer 2 152-layer ResNet2 1AL} depth7} AlLs| S7HHS00|E ALs| =2
M7t Zat2 LI2ICt depth?l 0|H0| B E evaluation metricsOi| A 2f7454Ct.
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4 ResNet (2015)

+ PyTorch code: https://[dnddnjs.github.io/cifar10/2018/10/09/resnet/

import torch.nn as nn
import torch.nn.functional as F

class ldentityPadding(nn.Module):
def __init__ (self, in_channels, out_channels, stride):
super(ldentityPadding, self).__init_ ()

self.pooling = nn.MaxPool2d(1, stride=stride)
self.add_channels = out_channels - in_channels

def forward(self, x):
out = F.pad(x, (0, 0, 0, 0, 0, self.add_channels))
out = self.pooling(out)
return out

class ResidualBlock(nn.Module):

def forward(self, x):

shortcut = x

out = self.conv1(x)
out = self.bn1(out)
out = self.relu(out)

out = self.conv2(out)
out = self.bn2(out)

if self.down_sample is not None:
shortcut = self.down_sample(x)

out += shortcut
out = self.relu(out)
return out

def __init__ (self, in_channels, out_channels, stride=1, down_sample=False): class ResNet(nn.Module):

super(ResidualBlock, self).__init__ ()

self.conv1 = nn.Conv2d(in_channels, out_channels, kernel_size=3,
stride=stride, padding=1, bias=False)

self.bn1 = nn.BatchNorm2d(out_channels)

self.relu = nn.ReLU(inplace=True)

self.conv2 = nn.Conv2d(out_channels, out_channels, kernel_size=3,
stride=1, padding=1, bias=False)

self.bn2 = nn.BatchNorm2d(out_channels)

self.stride = stride

if down_sample:

self.down_sample = IdentityPadding(in_channels, out_channels, stride)
else:

self.down_sample = None

def __init_ (self, num_layers, block, num_classes=10):

super(ResNet, self).__init_ ()
self.num_layers = num_layers

self.conv1 = nn.Conv2d(in_channels=3, out_channels=16, kernel_size=3,
stride=1, padding=1, bias=False)

self.bn1 = nn.BatchNorm2d(16)

self.relu = nn.ReLU(inplace=True)

# feature map size = 32x32x16

self.layers_2n = self.get_layers(block, 16, 16, stride=1)

# feature map size = 16x16x32

self.layers_4n = self.get_layers(block, 16, 32, stride=2)

# feature map size = 8x8x64

self.layers_6n = self.get_layers(block, 32, 64, stride=2) 50



4 ResNet (2015)

PyTorch code: https://[dnddnjs.github.io/cifar10/2018/10/09/resnet/

# output layers
self.avg_pool = nn.AvgPool2d(8, stride=1)
self.fc_out = nn.Linear(64, num_classes)

for m in self.modules():
if isinstance(m, nn.Conv2d):
nn.init.kaiming_normal_(m.weight, mode='fan_out',
nonlinearity="relu’)
elif isinstance(m, nn.BatchNorm2d):
nn.init.constant_(m.weight, 1)
nn.init.constant_(m.bias, 0)

def get_layers(self, block, in_channels, out_channels, stride):
if stride == 2:
down_sample = True
else:
down_sample = False

layers_list = nn.ModuleList(
[block(in_channels, out_channels, stride, down_sample)])

for _in range(self.num_layers - 1):
layers_list.append(block(out_channels, out_channels))

return nn.Sequential(*layers_list)

def forward(self, x):
x = self.conv1(x)
x = self.bn1(x)
x = self.relu(x)

x = self.layers_2n(x)
x = self.layers_4n(x)
x = self.layers_6n(x)

x = self.avg_pool(x)

X = x.view(x.size(0), -1)
x = self.fc_out(x)

return x

def resnet():
block = ResidualBlock
# total number of layers if 6n + 2. if n is 5 then the depth of network is 32.
model = ResNet(5, block)
return model
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4 ResNet (2015)

ResNet | PyTorch : https://[pytorch-tutorial.readthedocs.io/en/latest/tutorial/chapter03_intermediate/3_2_2_ cnn_resnet_cifar10/

# #

# An implementation of https://arxiv.org/pdf/1512.03385.pdf #

# See section 4.2 for the model architecture on CIFAR-10 #

# Some part of the code was referenced from below #

# https://github.com/pytorch/vision/blob/master/torchvision/models/resnet.py #
# #

import torch

import torch.nn as nn
import torchvision
import torchvision.transforms as transforms

# Device configuration
device = torch.device('cuda'’ if torch.cuda.is_available() else 'cpu')

# Hyper-parameters
num_epochs = 80
learning_rate = 0.001

# Image preprocessing modules

transform = transforms.Compose([
transforms.Pad(4),
transforms.RandomHorizontalFlip(),
transforms.RandomCrop(32),
transforms.ToTensor()])

# CIFAR-10 dataset

train_dataset = torchvision.datasets.CIFAR10(root="../../data/',
train=True,
transform=transform,
download=True)

test_dataset = torchvision.datasets.CIFAR10(root="../../data/",
train=False,
transform=transforms.ToTensor())

# Data loader

train_loader = torch.utils.data.DatalLoader(dataset=train_dataset,
batch_size=100,
shuffle=True)

test_loader = torch.utils.data.DataLoader(dataset=test_dataset,
batch_size=100,
shuffle=False)

# 3x3 convolution
def conv3x3(in_channels, out_channels, stride=1):
return nn.Conv2d(in_channels, out_channels, kernel_size=3,
stride=stride, padding=1, bias=False)

# Residual block
class ResidualBlock(nn.Module):

def __init__ (self, in_channels, out_channels, stride=1, downsample=None):

super(ResidualBlock, self).__init_ ()

self.conv1 = conv3x3(in_channels, out_channels, stride)
self.bn1 = nn.BatchNorm2d(out_channels)

self.relu = nn.ReLU(inplace=True)

self.conv2 = conv3x3(out_channels, out_channels)
self.bn2 = nn.BatchNorm2d(out_channels)
self.downsample = downsample
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4 ResNet (2015)

ResNet | PyTorch : https://[pytorch-tutorial.readthedocs.io/en/latest/tutorial/chapter03_intermediate/3_2_2_ cnn_resnet_cifar10/

def forward(self, x):
residual = x
out = self.conv1(x)
out = self.bn1(out)
out = self.relu(out)
out = self.conv2(out)
out = self.bn2(out)
if self.downsample:

residual = self.downsample(x)

out +=residual
out = self.relu(out)
return out

# ResNet

class ResNet(nn.Module):

def __init__ (self, block, layers, num_classes=10):
super(ResNet, self).__init_ ()
self.in_channels = 16
self.conv = conv3x3(3, 16)
self.bn = nn.BatchNorm2d(16)
self.relu = nn.ReLU(inplace=True)
self.layer1 = self.make_layer(block, 16, layers[0])
self.layer2 = self.make_layer(block, 32, layers[1], 2)
self.layer3 = self.make_layer(block, 64, layers[2], 2)
self.avg_pool = nn.AvgPool2d(8)
self.fc = nn.Linear(64, num_classes)

def make_layer(self, block, out_channels, blocks, stride=1):
downsample = None
if (stride != 1) or (self.in_channels != out_channels):
downsample = nn.Sequential(
conv3x3(self.in_channels, out_channels, stride=stride),
nn.BatchNorm2d(out_channels))
layers =]
layers.append(block(self.in_channels, out_channels, stride, downsample))
self.in_channels = out_channels
foriin range(1, blocks):
layers.append(block(out_channels, out_channels))
return nn.Sequential(*layers)

def forward(self, x):
out = self.conv(x)
out = self.bn(out)
out = self.relu(out)
out = self.layer1(out)
out = self.layer2(out)
out = self.layer3(out)
out = self.avg_pool(out)
out = out.view(out.size(0), -1)
out = self.fc(out)
return out

model = ResNet(ResidualBlock, [2, 2, 2]).to(device)

# Loss and optimizer
criterion = nn.CrossEntropyLoss()
optimizer = torch.optim.Adam(model.parameters(), Ir=learning_rate)
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4 ResNet (2015)

ResNet | PyTorch : https://pytorch-tutorial.readthedocs.io/en/latest/tutorial/chapter03_intermediate/3_2_2_cnn_resnet_cifar10/

# For updating learning rate # Test the model
def update_Ir(optimizer, Ir): model.eval()
for param_group in optimizer.param_groups: with torch.no_grad():
param_group['lr'] = Ir correct=0
total =0
# Train the model for images, labels in test_loader:
total_step = len(train_loader) images = images.to(device)
curr_Ir = learning_rate labels = labels.to(device)
for epoch in range(num_epochs): outputs = model(images)
fori, (images, labels) in enumerate(train_loader): _, predicted = torch.max(outputs.data, 1)
images = images.to(device) total += labels.size(0)
labels = labels.to(device) correct += (predicted == labels).sum().item()
# Forward pass print("Accuracy of the model on the test images: {} %'.format(100 * correct / total))
outputs = model(images)
loss = criterion(outputs, labels) # Save the model checkpoint

torch.save(model.state_dict(), 'resnet.ckpt')
# Backward and optimize
optimizer.zero_grad()
loss.backward()
optimizer.step()

if (i+1) % 100 == O:
print ("Epoch [{}/{}], Step [{}/{}] Loss: {:.4f}"
format(epoch+1, num_epochs, i+1, total_step, loss.item()))

# Decay learning rate

if (epoch+1) % 20 == 0:
curr_Ir/=3
update_Ir(optimizer, curr_lIr)
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. Inception V4, Inception-ResNet (2016)

Paper : Inception—-v4, Inception—RestNet and the Impact of Residual
Connections on Learning
[Et12] https://norman3.github.io/papers/docs/google_inception.html

Version

* Inception v4 : Inception v3 =H%}

* Inception v3 + resnet : Inception-resnet v1
* Inception v4 + resnet : Inception-resnet v2

+ +
Conv Conv
f
CoTnv 1x1 Conv
Relu activation Relu activation
Figure 1. Residual connections as introduced in He et al. [3]. Figure 2. Optimized version of ResNet connections by [5] to shield

computation.

« T2 1. Residual connection
« T2l 2.1x1 conv F7}5}0] ¢4 =9I residual connection

Inception v4 Network

Softmax

I

Dropout (keep 0.8)

I

Avarage Pooling

T

3 x Inception-C

I

Reduction-B

I

7 x Inception-B

I

Reduction-A

I

4 x Inception-A

Stem

I

Input (299x299x3)

* Inception v32} 9| LAlot
HEHO|LE, M| inception 2

Output: 1000 O|O'|7|- x= l__l_%

Output: 1536

Output: 1536

Output: 8x8x1536
Output: 8x8x1536
Output: 17x17x1024

Output: 17x17x1024

Output: 35x35x384

Output: 35x35x384

299x299x3

Figure 9. The overall schema of the Inception-v4 network. For the
detailed modules, please refer to Figures[3}[4}[5}[6}[7]and 8] for the
detailed structure of the various components.

55



Inception V4, Inception-ResNet (2016)

Inception v4 Inception-Resnet V1,V2
Softmax Output: 1000 Softmax Output: 1000
| I
Dropout (keep 0.8) | Output: 1536 Dropout (keep 0 8) Output: 1792
| !
Avarage Pooling ~ Output: 1536 Average Pooling Output: 1792
| !
3 x Inception-C Output: 8x8x1536 5 x Inception-resnet-C Output: 8x8x1792
! T
Reduction-B Output: 8x8x1536 Reduction-B Output: 8x8x1792
| T
7xinceptionB | Output: 17x17x1024 nceptionseenets | OUtPUL: 17x17x896
I I
Reduction-A Output: 17x17x1024 Reduction-A Output: 17x17x896
I
4x InciptiunA Output: 35x35x384 5 x Inception-resnet-A Output: 35x35x256
I I
Stem Output: 35x35x384 Stem Output: 35x35x256
I
Input (29[)):299)(3) 299x299x3 Input (299x299x3) 299x299x3
Figure 9. The overall schema of the Inception-v4 network. For the Figure 15. Schema for Inception-ResNet-vl and Inception-

detailed modules, please refer to Figures 3} 4][3,[6} [7]and[8for the ResNet-v2 !lctworks, This sc‘hu:‘ma applic_s to both networks but

detailed structure of the various components. the underlying components differ. Inception-ResMet-v1 uses the
blocks as described in Figures[14,[10}7][TT][T2]and[T3] Inception-
ResNel-v2 uses the blocks as described in Figures 3] [16) [7]171[T8]
and [T9] The output sizes in the diagram refer to the activation
vector tensor shapes of Inception-ResNet-v1.



Filter concat

Inception V4, Inception-ResNet (2016)

L

Inception 2E2 EF =8 37| H

3x1 Conv
(256)

1x1 Conv
. G S HSD
1) Inception v4 @) — Sh7t s
1x1 Conv e e
(256)
[Florconcal | sswe e .
Sotman e - “
Avg Pooling (B
3x3 Conv MaxPool |
(192v) (stnde=2 V) . N
Dropout (keep 0.8)  owpue 1538 I nC? ptlon C Filter concat
Filter concat | 7uamae [ ayer
. . . . 7x1 Conv
- - Avarage Pooling  owpet 1538 Figure 6. The schema for 8 x 8 grid modules of the pure Inception- (256)
};96 S;W f v4 network. This is the Inception-C block of Figure[9] f
1x7 Conv
i . ] @ 1x7 Conv (224)
1x7 Conv 3 xInceplion-C - rorssitess (128) (2?6) i
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3x3 Conv ) [ 1x1 Conv 1x7 Conv 7’((122(?‘])“
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f 7x1 Conv Reduction-B  cupur sexisis Inception-B > r T
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1x1 Conv ! layer 1x1 Conv (192)
(64) ! stem ) Avg Pooling 2] f
1x1 Conv laver 7 x Inception-B Citpur 17x17x1024 1x1 Conv
(64) y T (122)
< ...........
Filter concat | 7373xtan )
Reduction-A Output: 17x17x1024 e
3x3 MaxPool 3x3 Conv ! _ .
(stride 2 V) (96 stride 2 V) Figure 5. The schema for 17 x 17 grid modules of the pure
4 xInception-A o Inception-A Filter concat Inception-v4 network. This is the Inception-B block of Figure[9]
3x3 Conv
(64) 147x147x04 II Iayer 3x3 Conv
f Stem (26)
35x35x384
33 Conv 74T | - 1x1¢C 3x3C 3x3 l:
HIax x1 Conv onv x3 Conv
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Xa Lonv ' 1x1 Conv 1x1 Conv 1x1 Conv
3 14x140x32 Avg Pooling 96 64 64
(62 Smdfe 2Y) Figure 9. The overall schema of the Inception-v4 network. For the €2 © S
detailed modules, please refer to Figures[3] 4, [5}[6}[7]and 8| for the \I/
D Zex200x3 detailed structure of the various components. )
(299x299x3) Filter concat

Figure 3. The schema for stem of the pure Inception-v4 and ) )
Inception-ResNet-v2 networks. This is the input part of those net- Figure 4. The schema for 35 x 35 grid modules of the pure
works. Cf. Figures Band[T5] Inception-v4 network. This is the Inception-A block of Figure[9] 57



Inception V4, Inception-ResNet (2016)

1) Inception v4

Softmax uput 1000 Filter concat
Filter concat
Dropout (keep 0.8) | oupus 1538 3x3 Conv
T 33 C (320 stride 2 V)
X onv
Uﬁ’;idcé"z“\’,) _ (192 stride 2 V) 1
Avarage Pooling | ouput 1528 7x1 Conv
!
(320)
3x3 MaxPool 3x3 Conv 3x3 Conv r 3()(5:2"!\32)(2P3())I 1
(stride 2 V) (n stride 2 V) (1 3 x Inception-C Ouiput B8x1538
L > 1x7 Conv
t 1x1 Conv (256)
1x1 Conv R (192)
(k) Reduction B [omsrsaimss t
1x1 Conv
! (256)
Filter concat 7 x Inception-B Output: 17171024
Figure 7. The schema for 35 x 35 to 17 x 17 reduction module. I Filter concat
Different variants of this blocks (with various number of filters) Reduction-A ot 7171024
are used in Figure [9] and i“ each of thB_ new Inception(-v4, - Figure 8. The schema for 17 x 17 to 8 x 8 grid-reduction mod-
ResNet-v1, -ResNet-v2) variants presented in this paper. The k, [, | ule. This is the reduction medule used by the pure Inception-v4
m, n. numbers represent filter bank sizes which can be looked up network in Figure 0]
in Table[1] 4 x Inception-A | ouput asasass
Reduction Module [
Stem
Output: 35x35x384
Input (299x299x3) | sexcesa

Figure 9. The overall schema of the Inception-v4 network. For the
detailed modules, please refer to Figures [6}[7]and 8] for the
detailed structure of the various components.
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Figure 14. The stem of the Inception-ResNet-v1 network.

2) Inception ResNet v1
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Inception V4, Inception-ResNet (2016)

Relu activation

Output: 35x35x256

299x299x3
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Figure 15. Schema for Inception-ResMet-vl and Inception- —
ResNet-v2 networks. This schema applies to both networks but ———
the underlying components differ. Inception-ResMet-v1 uses the Relu activation

blocks as described in Figures[14,[10}7][TT][T2]and[T3] Inception-
ResNel-v2 uses the blocks as described in Figures 3] [16) [7]171[T8]
and [T9] The output sizes in the diagram refer to the activation

vector tensor shapes of Inception-ResNet-v1.

Figure 10. The schema for 35 x 35 grid (Inception-ResNet-A)

module of Inception-ResNet-v1 network.
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module of Inception-ResNet-v 1 network.
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(52 stre ) nput ( x3) 1x1 Conv 1x1 Conv
f (32) (32)
_ - — Relu activation
(292::28;)(3) 200x208x3 Figure 15. Schema for Inception-ResMet-vl and Inception- f:_.:_*;:f—:f_
ResNet-v2 networks. This schema applies to both networks but e mva‘;; — Figure 17. The schema for 17 x 17 grid (Inception-ResNet-B)
the underlying components differ. Inception-ResNet-v1 uses the - The sche y ) module of the Inception-ResNet-v2 network.
blocks as described in Figures[T4}[T0][7] [TT|[T2]and (T3] Inception- Figure 16. The schema for 35 x 35 grid (Inception-ResNet-A)
ResNel-v2 uses the blocks as described in Figures 3} [16}[7[T7}[18] medule of the Inception-ReaNet-v2 network.
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and [T9] The output sizes in the diagram refer to the activation
vector tensor shapes of Inception-ResNet-v1.



Inception V4, Inception-ResNet (2016)

Inception v4 | PyTorch : https://github.com/zhulf0804/Inceptionv4_and_Inception-ResNetv2.PyTorch

import torch
import torch.nn as nn

class Conv2d(nn.Module):
def __init__ (self, in_channels, out_channels, kernel_size, padding, stride=1, bias=True):
super(Conva2d, self).__init_ ()
self.conv = nn.Conv2d(in_channels,
padding=padding, bias=bias)
self.bn = nn.BatchNorm2d(out_channels, eps=0.001, momentum=0.1)
self.relu = nn.ReLU(inplace=True)

out_channels, kernel_size, stride=stride,

def forward(self, x):
x = self.conv(x)
x = self.bn(x)
x = self.relu(x)
return x

class Reduction_A(nn.Module):
#35->17
def __init_ (self, in_channels, k, I, m, n):
super(Reduction_A, self).__init_ ()
self.branch_0 = Conv2d(in_channels, n, 3, stride=2, padding=0, bias=False)
self.branch_1 = nn.Sequential(
Conv2d(in_channels, k, 1, stride=1, padding=0, bias=False),
Convad(k, I, 3, stride=1, padding=1, bias=False),
Convad(l, m, 3, stride=2, padding=0, bias=False),
)
self.branch_2 = nn.MaxPool2d(3, stride=2, padding=0)

def forward(self, x):
x0 = self.branch_0(x)
x1 = self.branch_1(x)
x2 = self.branch_2(x)
return torch.cat((x0, x1, x2), dim=1) # 17 x 17 x 1024
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. Inception V4, Inception-ResNet (2016)

Inception v4 | PyTorch : https://github.com/zhulf0804/Inceptionv4_and_Inception-ResNetv2.PyTorch

import torch def forward(self, x):
import torch.nn as nn x = self.conv2d_1a_3x3(x) # 149 x 149 x 32
from model.units import Conv2d, Reduction_A x = self.conv2d_2a 3x3(x) # 147 x 147 x 32
x = self.conv2d_2b_3x3(x) # 147 x 147 x 64
class Stem(nn.Module): x0 = self.mixed_3a_branch_0(x)
def __init__ (self, in_channels): x1 = self.mixed_3a_branch_1(x)
super(Stem, self).__init_ () x = torch.cat((x0, x1), dim=1) # 73 x 73 x 160
self.conv2d_1a_3x3 = Conv2d(in_channels, 32, 3, stride=2, padding=0, bias=False) x0 = self.mixed_4a_branch_0(x)
x1 = self.mixed_4a_branch_1(x)
self.conv2d_2a_3x3 = Conv2d(32, 32, 3, stride=1, padding=0, bias=False) x = torch.cat((x0, x1), dim=1)# 71 x 71 x 192
self.conv2d_2b 3x3 = Conv2d(32, 64, 3, stride=1, padding=1, bias=False) x0 = self.mixed_5a_branch_0(x)
x1 = self.mixed_5a_branch_1(x)
self.mixed_3a_branch_0 = nn.MaxPool2d(3, stride=2, padding=0) x = torch.cat((x0, x1), dim=1) # 35 x 35 x 384
self.mixed_3a_branch_1 = Conv2d(64, 96, 3, stride=2, padding=0, bias=False) return x

self.mixed_4a_branch_0 = nn.Sequential(
Conv2d(160, 64, 1, stride=1, padding=0, bias=False),
Conv2d(64, 96, 3, stride=1, padding=0, bias=False),

)

self.mixed_4a_branch_1 = nn.Sequential(
Conv2d(160, 64, 1, stride=1, padding=0, bias=False),
Conv2d(64, 64, (1, 7), stride=1, padding=(0, 3), bias=False),
Conv2d(64, 64, (7, 1), stride=1, padding=(3, 0), bias=False),
Conv2d(64, 96, 3, stride=1, padding=0, bias=False)

)

self.mixed_5a_branch_0 = Conv2d(192, 192, 3, stride=2, padding=0, bias=False)
self.mixed_5a_branch_1 = nn.MaxPool2d(3, stride=2, padding=0)



. Inception V4, Inception-ResNet (2016)

Inception v4 | PyTorch : https://github.com/zhulf0804/Inceptionv4_and_Inception-ResNetv2.PyTorch

class Inception_A(nn.Module):
def __init__ (self, in_channels):
super(Inception_A, self).__init_ ()

self.branch_0 = Conv2d(in_channels, 96, 1, stride=1, padding=0, bias=False)

self.branch_1 = nn.Sequential(
Conv2d(in_channels, 64, 1, stride=1, padding=0, bias=False),
Conv2d(64, 96, 3, stride=1, padding=1, bias=False),

)

self.branch_2 = nn.Sequential(
Conv2d(in_channels, 64, 1, stride=1, padding=0, bias=False),
Conv2d(64, 96, 3, stride=1, padding=1, bias=False),
Conv2d(96, 96, 3, stride=1, padding=1, bias=False),

self.brance_3 = nn.Sequential(
nn.AvgPool2d(3, 1, padding=1, count_include_pad=False),
Conv2d(384, 96, 1, stride=1, padding=0, bias=False)

)

def forward(self, x):
x0 = self.branch_0(x)
x1 = self.branch_1(x)
x2 = self.branch_2(x)
x3 = self.brance_3(x)
return torch.cat((x0, x1, x2, x3), dim=1)

class Inception_B(nn.Module):
def __init_ (self, in_channels):
super(Inception_B, self). _init_ ()
self.oranch_0 = Conv2d(in_channels, 384, 1, stride=1, padding=0, bias=False)
self.branch_1 = nn.Sequential(

)

Conv2d(in_channels, 192, 1, stride=1, padding=0, bias=False),
Conv2d(192, 224, (1, 7), stride=1, padding=(0, 3), bias=False),
Conv2d(224, 256, (7, 1), stride=1, padding=(3, 0), bias=False),

self.branch_2 = nn.Sequential(

Conv2d(in_channels, 192, 1, stride=1, padding=0, bias=False),
Conv2d(192, 192, (7, 1), stride=1, padding=(3, 0), bias=False),
Conv2d(192, 224, (1, 7), stride=1, padding=(0, 3), bias=False),
Conv2d(224, 224, (7, 1), stride=1, padding=(3, 0), bias=False)
Conv2d(224, 256, (1, 7), stride=1, padding=(0, 3), bias=False)

self.branch_3 = nn.Sequential(

)

nn.AvgPool2d(3, stride=1, padding=1, count_include_pad=False),
Conv2d(in_channels, 128, 1, stride=1, padding=0, bias=False)

def forward(self, x):
x0 = self.branch_0(x)
x1 = self.branch_1(x)
x2 = self.branch_2(x)
x3 = self.branch_3(x)
return torch.cat((x0, x1, x2, x3), dim=1)
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class Reduction_B(nn.Module):
#17->8
def __init__ (self, in_channels):
super(Reduction_B, self).__init_ ()
self.branch_0 = nn.Sequential(
Conv2d(in_channels, 192, 1, stride=1, padding=0, bias=False),
Conv2d(192, 192, 3, stride=2, padding=0, bias=False),
)
self.branch_1 = nn.Sequential(
Conv2d(in_channels, 256, 1, stride=1, padding=0, bias=False),
Conv2d(256, 256, (1, 7), stride=1, padding=(0, 3), bias=False),
Conv2d(256, 320, (7, 1), stride=1, padding=(3, 0), bias=False),
Conv2d(320, 320, 3, stride=2, padding=0, bias=False)

)
self.branch_2 = nn.MaxPool2d(3, stride=2, padding=0)

def forward(self, x):
x0 = self.branch_0(x)
x1 = self.branch_1(x)
x2 = self.branch_2(x)
return torch.cat((x0, x1, x2), dim=1) # 8 x 8 x 1536

. Inception V4, Inception-ResNet (2016)

Inception v4 | PyTorch : https://github.com/zhulf0804/Inceptionv4_and_Inception-ResNetv2.PyTorch

class Inception_C(nn.Module):
def __init__(self, in_channels):
super(Inception_C, self).__init_ ()
self.oranch_0 = Conv2d(in_channels, 256, 1, stride=1, padding=0, bias=False)

self.oranch_1 = Conv2d(in_channels, 384, 1, stride=1, padding=0, bias=False)
self.oranch_1_1 = Conv2d(384, 256, (1, 3), stride=1, padding=(0, 1), bias=False)
self.branch_1_2 = Conv2d(384, 256, (3, 1), stride=1, padding=(1, 0), bias=False)

self.branch_2 = nn.Sequential(
Conv2d(in_channels, 384, 1, stride=1, padding=0, bias=False),
Conv2d(384, 448, (3, 1), stride=1, padding=(1, 0), bias=False),
Conv2d(448, 512, (1, 3), stride=1, padding=(0, 1), bias=False),

)
self.boranch_2_1 = Conv2d(512, 256, (1, 3), stride=1, padding=(0, 1), bias=False)
self.boranch_2 2 = Conv2d(512, 256, (3, 1), stride=1, padding=(1, 0), bias=False)

self.branch_3 = nn.Sequential(
nn.AvgPool2d(3, stride=1, padding=1, count_include_pad=False),
Conv2d(in_channels, 256, 1, stride=1, padding=0, bias=False)

)

def forward(self, x):
x0 = self.branch_0(x)
x1 = self.branch_1(x)
x1_1 = self.branch_1_1(x1)
x1_2 = self.branch_1_2(x1)
x1 =torch.cat((x1_1, x1_2), 1)
x2 = self.branch_2(x)
x2_1 = self.branch_2_1(x2)
x2_2 = self.branch_2_2(x2)
x2 = torch.cat((x2_1, x2_2), dim=1)
x3 = self.branch_3(x)
return torch.cat((x0, x1, x2, x3), dim=1) # 8 x 8 x 1536

64



. Inception V4, Inception-ResNet (2016)

Inception-ResNet v2 | PyTorch : https://github.com/zhulf0804/Inceptionv4_and_Inception-ResNetv2.PyTorch

import torch def forward(self, x):
import torch.nn as nn x = self.features(x)
from model.units import Conv2d, Reduction_A x0 = self.branch_0(x)
x1 = self.branch_1(x)
class Stem(nn.Module): x2 = self.branch_2(x)
def __init__ (self, in_channels): x3 = self.branch_3(x)
super(Stem, self).__init_ () return torch.cat((x0, x1, x2, x3), dim=1)

self.features = nn.Sequential(
Conv2d(in_channels, 32, 3, stride=2, padding=0, bias=False), # 149 x 149 x 32
Conv2d(32, 32, 3, stride=1, padding=0, bias=False), # 147 x 147 x 32
Conv2d(32, 64, 3, stride=1, padding=1, bias=False), # 147 x 147 x 64
nn.MaxPool2d(3, stride=2, padding=0), # 73 x 73 x 64
Conv2d(64, 80, 1, stride=1, padding=0, bias=False), # 73 x 73 x 80
Conv2d(80, 192, 3, stride=1, padding=0, bias=False), # 71 x 71 x 192
nn.MaxPool2d(3, stride=2, padding=0), # 35 x 35 x 192

)
self.branch_0 = Conv2d(192, 96, 1, stride=1, padding=0, bias=False)
self.branch_1 = nn.Sequential(
Conv2d(192, 48, 1, stride=1, padding=0, bias=False),
Conv2d(48, 64, 5, stride=1, padding=2, bias=False),
)
self.branch_2 = nn.Sequential(
Conv2d(192, 64, 1, stride=1, padding=0, bias=False),
Conv2d(64, 96, 3, stride=1, padding=1, bias=False),
Conv2d(96, 96, 3, stride=1, padding=1, bias=False),
)
self.branch_3 = nn.Sequential(
nn.AvgPool2d(3, stride=1, padding=1, count_include_pad=False),
Conv2d(192, 64, 1, stride=1, padding=0, bias=False)
)



. Inception V4, Inception-ResNet (2016)

Inception-ResNet v2 | PyTorch : https://github.com/zhulf0804/Inceptionv4_and_Inception-ResNetv2.PyTorch

class Inception_ResNet_A(nn.Module): class Inception_ResNet_B(nn.Module):
def __init_ (self, in_channels, scale=1.0): def __init__ (self, in_channels, scale=1.0):
super(Inception_ResNet_A, self).__init_ () super(Inception_ResNet_B, self). _init_ ()
self.scale = scale self.scale = scale
self.branch_0 = Conv2d(in_channels, 32, 1, stride=1, padding=0, bias=False) self.branch_0 = Conv2d(in_channels, 192, 1, stride=1, padding=0, bias=False)
self.branch_1 = nn.Sequential( self.oranch_1 = nn.Sequential(
Conv2d(in_channels, 32, 1, stride=1, padding=0, bias=False), Conv2d(in_channels, 128, 1, stride=1, padding=0, bias=False),
Conv2d(32, 32, 3, stride=1, padding=1, bias=False) Conv2d(128, 160, (1, 7), stride=1, padding=(0, 3), bias=False),
) Conv2d(160, 192, (7, 1), stride=1, padding=(3, 0), bias=False)
self.branch_2 = nn.Sequential( )
Conv2d(in_channels, 32, 1, stride=1, padding=0, bias=False), self.conv = nn.Conv2d(384, 1088, 1, stride=1, padding=0, bias=True)
Conv2d(32, 48, 3, stride=1, padding=1, bias=False), self.relu = nn.ReLU(inplace=True)
Conv2d(48, 64, 3, stride=1, padding=1, bias=False)
) def forward(self, x):
self.conv = nn.Conv2d(128, 320, 1, stride=1, padding=0, bias=True) x0 = self.branch_0(x)
self.relu = nn.ReLU(inplace=True) x1 = self.branch_1(x)
x_res = torch.cat((x0, x1), dim=1)
def forward(self, x): x_res = self.conv(x_res)

x0 = self.branch_0(x) return self.relu(x + self.scale * x_res)
x1 = self.branch_1(x)

x2 = self.branch_2(x)

x_res = torch.cat((x0, x1, x2), dim=1)

x_res = self.conv(x_res)

return self.relu(x + self.scale * x_res)
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class Reduciton_B(nn.Module):
def __init__ (self, in_channels):

super(Reduciton_B, self). _init_ ()

self.branch_0 = nn.Sequential(
Conv2d(in_channels, 256, 1, stride=1, padding=0, bias=False),
Conv2d(256, 384, 3, stride=2, padding=0, bias=False)

)

self.branch_1 = nn.Sequential(
Conv2d(in_channels, 256, 1, stride=1, padding=0, bias=False),
Conv2d(256, 288, 3, stride=2, padding=0, bias=False),

)

self.branch_2 = nn.Sequential(
Conv2d(in_channels, 256, 1, stride=1, padding=0, bias=False),
Conv2d(256, 288, 3, stride=1, padding=1, bias=False),
Conv2d(288, 320, 3, stride=2, padding=0, bias=False)

)
self.branch_3 = nn.MaxPool2d(3, stride=2, padding=0)

def forward(self, x):
x0 = self.branch_0(x)
x1 = self.branch_1(x)
x2 = self.branch_2(x)
x3 = self.branch_3(x)
return torch.cat((x0, x1, x2, x3), dim=1)

. Inception V4, Inception-ResNet (2016)

Inception-ResNet v2 | PyTorch : https://github.com/zhulf0804/Inceptionv4_and_Inception-ResNetv2.PyTorch

class Inception_ResNet_C(nn.Module):
def __init__ (self, in_channels, scale=1.0, activation=True):
super(Inception_ResNet_C, self).__init_ ()
self.scale = scale
self.activation = activation

self.oranch_0 = Conv2d(in_channels, 192, 1, stride=1, padding=0, bias=False)

self.oranch_1 = nn.Sequential(
Conv2d(in_channels, 192, 1, stride=1, padding=0, bias=False),
Conv2d(192, 224, (1, 3), stride=1, padding=(0, 1), bias=False),
Conv2d(224, 256, (3, 1), stride=1, padding=(1, 0), bias=False)

)

self.conv = nn.Conv2d(448, 2080, 1, stride=1, padding=0, bias=True)

self.relu = nn.ReLU(inplace=True)

def forward(self, x):
x0 = self.branch_0(x)
x1 = self.branch_1(x)
x_res = torch.cat((x0, x1), dim=1)
x_res = self.conv(x_res)
if self.activation:
return self.relu(x + self.scale * x_res)
return x + self.scale * x_res
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. Inception V4, Inception-ResNet (2016)

Inception-ResNet v2 | PyTorch : https://github.com/zhulf0804/Inceptionv4_and_Inception-ResNetv2.PyTorch

class Inception_ResNetv2(nn.Module):
def __init__ (self, in_channels=3, classes=1000, k=256, 1=256, m=384, n=384):

super(Inception_ResNetv2, self). _init_ ()
blocks =]
blocks.append(Stem(in_channels))
foriin range(10):

blocks.append(Inception_ResNet_A(320, 0.17))
blocks.append(Reduction_A(320, k, I, m, n))
for i in range(20):

blocks.append(Inception_ResNet_B(1088, 0.10))
blocks.append(Reduciton_B(1088))
foriin range(9):

blocks.append(Inception_ResNet_C(2080, 0.20))
blocks.append(Inception_ResNet_C(2080, activation=False))
self.features = nn.Sequential(*blocks)
self.conv = Conv2d(2080, 1536, 1, stride=1, padding=0, bias=False)
self.global_average pooling = nn.AdaptiveAvgPool2d((1, 1))
self .linear = nn.Linear(1536, classes)

def forward(self, x):
x = self.features(x)
x = self.conv(x)
x = self.global_average_pooling(x)
X = x.view(x.size(0), -1)
x = self.linear(x)
return x



DenseNet: Densely Connected Convolutional Networks (2017)

Huang, G., Liu, Z., Van Der Maaten, L., & Weinberger, K. Q. (2017). Densely connected convolutional networks.
In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 4700-4708).

» SKkip connections are a pretty cool idea. Why don’t we just skip-connect everything?

» Densenetis an example of pushing this idea into the extremity. Of course, the main difference with ResNets is that we will concatenate
instead of adding the feature maps.

« Thus, the core idea behind it is feature reuse, which leads to very compact models. As a result, it requires fewer parameters than other
CNNs, as there are no repeated feature-maps.

 Two concerns here: « To address the first issue, we have two solutions:

1) The feature maps have to be of the same size. 1) Use conv layers with appropriate padding that maintain the

2) The concatenation with all the previous feature maps spatial dims or

may result in memory explosion. 2) Use dense skip connectivity only inside blocks called Dense
Blocks.

Dense Block 1 Transition Layer Dense Block 2

T

1x1xK convs
+

2x2 average

* The transition layer can down-sample the image
dimensions with average pooling.

+ To address the second concern which is memory
explosion, the feature maps are reduced (kind of
compressed) with 1x1 convs. Notice that | used K in
the diagram, but densenet uses K = featuremaps/2.

pooling
* Furthermore, they add a dropout layer with p=0.2
after each convolutional layer when no data
./ augmentation is used.
Spatial dims: 256x256 Spatial dims: 128x128
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DenseNet: Densely Connected Convolutional Networks (2017)

[EX{1] https://towardsdatascience.com/review-densenet-image-classification-b6631a8ef803
[EX2] https://hoya012.github.io/blog/DenseNet-Tutorial-1/

R/

+ Dense Connectivity

0| layer£2| feature map= Al&dHA Cha layere| =1t HZ (ResNet)
v ResNet2 feature map== Add
e, Xy gon‘” input channel v DenseNet2 feature mapSe Concatenation

0|2{gt #x2| 0|H
H, Conv2 input channel

- X, 6+4=10 > Vanishing Gradient 7{
Co

Re Feature Propagation Zst

B

Feature Reuse

>
% Conv3 input channel >

’ 5, +4+4=14
>

o Parameter = 2}

e
H; Conv4 input channel
x; 0+4+4+4=18 . )
o ' |ayer receives the feature maps of all preceding

_Rek - .
layers, X¢, Xy, ..., X;_1 a@s input:

H
’ x, Conv5 input channel x; = Hi([Xo, X1, o, Xg-1])

\J _ .
Re & G+a+4+4+4=22 « where [X(,Xq, ..., X;_1] refers to the concatenation of
b the feature—maps produced in layers 0, ..., [ — 1.

* For easy implementation, concatenate the multiple
1y inputs of H; in the above eq. into a single tensor.

/Trﬂnsiﬁa

Figure 1: A 5-layer dense block with a growth rate of &£ = 4.

Each layer takes all preceding feature-maps as input. 70



DenseNet: Densely Connected Convolutional Networks (2017)

[EX{1] https://towardsdatascience.com/review-densenet-image-classification-b6631a8ef803
[EX2] https://hoya012.github.io/blog/DenseNet-Tutorial-1/

R/

« Composite function

* Define H;() as a composite function of 3 consecutive
operations: batch normalization (BN), ReLU, and 3x3 Conv.

X1 Xi X X/ Xi
3 | N ~ o8 .
ht * Rely " BN
o o BN weight | RelU
R;I.u Ilei.u ReLU BN ~ weight |
" %m_l [ weight | [ weight | RelU BN
8N [ addition | BN [ weight | RelU
pu— . — ¥ A4 'I__
[ ag_qiggn ] 314 Relu _BN [ weight |
RelU RelU addition | | addltion/ addition
v v I v
X141 Xp1 X+ X1 X1
s (b) BN after (c) ReLU before  (d) ReLU-only 2
) ecigioal addition addition pre-activation (6) PR pre-activalion

Figure 4. Various usages of activation in Table 2. All these units consist of the same
components — only the orders are different.
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DenseNet: Densely Connected Convolutional Networks (2017)

[EX1] https://towardsdatascience.com/review-densenet-image-classification-b6631a8ef803
[EX2] https://hoya012.github.io/blog/DenseNet-Tutorial-1/

* ResNet2} Inception S0IA AZE|= bottleneck layer2| OtO|C|0{=

+ Bottleneck Layer (DenseNet-B) DenseNetOAE &0} 2 9l

256-d

256-d * 1x1 convolution can be introduced as bottleneck layer before 3x3

[ Tx1. 64 convolution to reduce the number of input feature maps (improve
[ relu [ ix1. 4%k | BN-ReLU-Conv(ix1) computational efficiency). a bottleneck for DenseNet : BN-ReLU-
( 3x3, 64I ] T Conv(1x1)-BN-ReLU-Conv(3x3) version of H;, as DenseNet-B.
reiu
I lxl,l?.SS | 3x3,k | BN-ReLU-Conv(3x3) * 3x3 convolution 0| 1x1 convolutionE MM 2 feature map<|

channel 7148 &0|= A MK Z2Lt, 1 FZ ChA| 12 feature map2
channel 7= 028 MAMdH= Al growth rate BH22| feature maps M
Mdh= Z10| XtO|™M0|H 0|E S8l computational costE &L 4= ULt &
bottleneck bottleneck H; « DenseNet2| Bottleneck Layer= 1x1 convolution SAtS Sl 4*

k(growth rate) 72| feature maps =11 11 £ 3x3 convolutiong &
for ResNet for DenseNet - =
(for ResNet) (rarDenscNeD ol k(growth rate) 719| feature mapl 2 E0|% (MEXHOZ ZX)

add

concat

= &
E -‘,‘5’ E é’ X4
L=} c [*] c
_.E :% :-g—» — —FE =3., ='§—>. . .
S e = S o = * To reduce the model complexity and size, BN-RelLU-
P g B g 1% 1 Conv is done before BN-ReLU-3 %3 Conv.
) v)

Ixk a— 4xk — —J k
channels channels channels 72



DenseNet: Densely Connected Convolutional Networks (2017)

Feature map sizes match within each block

Input

Pooling reduces feature map sizes

LORNOALOD
LIOPNOALIOD

Prediction
0 Dense Block 3
I =
S B [ a ‘horse”
E, i ] o)
=3 = = = E
= |

Figure 2: A deep DenseNet with three dense blocks. The layers between two adjacent blocks are referred to as transition layers and change

feature-map sizes via convolution and pooling.

% Pooling Layers (Transition layer)

To facilitate down-sampling in our architecture, divide the
network into multiple densely connected dense blocks; see
Figure 2. We refer to layers between blocks as transition
layers, which do convolution and pooling.

The transition layers used in our experiments consist of a
batch normalization layer and an 1 x1 convolutional
layer followed by a 2 x2 average pooling layer.

s Compression (DenseNet-BC)

To further improve model compactness, reduce the number
of feature-maps at transition layers.

If a dense block contains m feature-maps, the following
transition layer generate |8m| output feature maps, as the
compression factor 6 (0 <6 <1).

When 6 =1, the number of feature-maps across transition
layers remains unchanged.

Refer the DenseNet with 8 <1 as DenseNet-C (6=0.5).

When both the bottleneck and transition layers with 6 < 1
are used, refer to our model as DenseNet-BC. 73
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[EX1] https://towardsdatascience.com/review-densenet-image-classification-b6631a8ef803

[EX2] https://hoya012.github.io/blog/DenseNet-Tutorial-1/

<+ Growth Rate

Growth rate (Important parameter) : Control the number of
feature maps of the total architecture. It specifies the output
features of each extra dense conv layer.

Given kg initial feature maps and k growth rate, one can calculate
the number of input feature maps of each layer I as ky + k(I —1).

In frameworks, the number k is in multiples of 4, called
bottleneck size (bn_size).

Finally, referencing here DenseNet’s most important arguments
from torchvision as a sum up:

import torchvision
model = torchvision.models.DenseNet(
growth_rate = 16, # how many filters to add each layer ('k’ in paper)
block_config = (6, 12, 24, 16), # how many layers in each pooling block
num_init_features = 16,
bn_size=4,
drop_rate = 0,
num_classes = 30

)

print(model) # see snapshot below

# dropout rate after each dense conv layer
# number of classification classes

Zt feature map7/|2| dense A& FX0|Ct L] XAl feature map2|
channel 7171 22 A2 A&5HA channel-wiseZ concatO| E|HA]
channelO| 20} & £ 12, J24A DenseNetUA= 2t layer@| feature
map2| channel 75 23| 22 k2 A5, 0] I 2} layer?)
feature map?2| channel 7§ growth rate(k) 0|2t £Z.

Q9] J& 12 k(growth rate) = 4 Q1 ARE 9|0|stH 12! 19 A2
AHGIH 6 channel feature map 20| dense block?| 422
convolution blockE &8l (6 + 4 + 4 + 4 + 4 = 22) 7§2| channel2 %
= feature map output@ = 40| £l= M-S B UZ. ¢l 1
2ol ZRE Oldliotdd &= U™ MM =Z0|A 2348t DenseNet2] 2t
DenseBlock?| Zt layerOtC} feature map2| channel 7H4= 5t ZHASH
SAEE LIER &~ QSLICEH

# the number of filters to learn in the first convolution layer (kO)
# multiplicative factor for number of bottleneck (1x1 cons) layers

74



DenseNet: Densely Connected Convolutional Networks (2017)

[EX{1] https://towardsdatascience.com/review-densenet-image-classification-b6631a8ef803
[EX2] https://hoya012.github.io/blog/DenseNet-Tutorial-1/

<+ Growth Rate

+ Inside the “dense” layer (denselayerb and 6 in the snapshot)
there is a bottleneck (1x1) layer that reduces the channels to
bn_size * growth_rate = 64 in our case. Otherwise, the number
of input channels would explode.

* As demonstrated below each layer adds up 16=growth_rate
channels.

(denselayerb): _DenselLayer(
(norml): BatchNorm2d(120, eps=1e-05, momentum=0.1, affine=True, track_running_stats=True)
(relul): RelLU(inplace=True)

|(cunv1): Conv2d (120, 64, kernel_size=(1, 1), stride=(1, 1), biastalseJl
(norm2): BatchNorm2d(é4, eps=1e-85, momentum=8.1, affine=True, track_running_stats=True)
(relu2): RelLU(inplace=True)

[(conv2): Conv2d(é4, 16, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)|

)

(denselayeré): _DenselLayer(
(norml): BatchNorm2d(136, eps=1e-05, momentum=0.1, affine=True, track_running_stats=True)
(relul): RelLU(inplace=True)
(convl): Conv2d(136, é4, kernel_size=(1, 1), stride=(1, 1), bias=False)
(norm2): BatchNorm2d(é4, eps=1e-05, momentum=0.1, affine=True, track_running_stats=True)
(relu2): RelLU(inplace=True)
(conv2): Conv2d(64, 16, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1), bias=False)
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[EX{1] https://towardsdatascience.com/review-densenet-image-classification-b6631a8ef803

[EX2] https://hoya012.github.io/blog/DenseNet-Tutorial-1/

« DenseNet architecture for ImageNet

Layers Output Size | DenseNet-121(k = 32) | DenseNet-169(k = 32) | DenseNet-201(k = 32) | DenseNet-161(k = 48)
Convolution 112 x 112 7 %7 conv, stride 2
Pooling 56 x 56 3 % 3 max pool, stride 2
Dense Block [ 1 x1conv | [ 1 x1conv | [ 1 x 1conv | [ 1 x1conv |
(1) 56 % 36 h3><3conv_)<6 _3)(300nv_x6 _3><3com'_Xs h3><3conv_)<6
Transition Layer 56 x 56 1 x 1 conv
(1) 28 x 28 2 x 2 average pool, stride 2
Dense Block 98 % 98 1 %1 conv Y 12 1x1conv ¥ 12 1 % 1conv 12 1 x 1 conv v 12
(2) | 3 % 3 conv | | 3 % 3 conv | | 3 X 3conv | | 33 conv |
Transition Layer 28 x 28 1 x1conv
(2) 14 x 14 2 % 2 average pool, stride 2
Dense Block [ 1x1conv | 13 1conv | 1 % 1lconv | [ 1x1conv |
14 x 14 X 24 X 32 % 48 % 36
(3) | 3 X3 conv | 3 % 3 conv | 3 x 3comv | | 3 X 3 conv |
Transition Lavyer 14 x 14 1 x1conv
(3) Tx7 2 ¥ 2 average pool, stride 2
Dense Block [ 1x1conv | 13 1conv | 1 % 1lconv | [ 1% 1conv |
(4) 7T _3>-<3com-'_>'<16 [3){30011?_)(32 3><3oom’_><32 _3)*:30:>m-'_><24
Classification 1x1 7 % 7 global average pool

Layer

1000D fally-connected, softmax

Table 1: DenseNet architectures for ImageNet. The growth rate for the first 3 networks is & = 32, and & = 48 for DenseNet-161. Note

that each “conv” layer shown in the table corresponds the sequence BN-ReLU-Conv.
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+ DenseNet Pytorch

[£t111] https://hoya012.github.io/blog/DenseNet-Tutorial-2/
[&12] https://github.com/pytorch/vision/blob/master/torchvision/models/densenet.py
[&113] https://pytorch.org/hub/pytorch_vision_densenet/
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Preparation Step

import torch

import torchvision

import torchvision.transforms as transforms
from torchvision.utils import save_image
import torch.nn as nn

import torch.nn.functional as F

import torch.optim as optim

import numpy as np

import os

import glob

import PIL

from PIL import Image

from torch.utils import data as D

from torch.utils.data.sampler import SubsetRandomSampler
import random

import torchsummary

print(torch.__version__)
device = torch.device("cuda:0" if torch.cuda.is_available() else "cpu")
print(device)

batch_size = 64
validation_ratio = 0.1
random_seed = 10
initial_Ir = 0.1
num_epoch = 300

DenseNet: Densely Connected Convolutional Networks (2017)

+ DenseNet Pytorch : https://hoya012.github.io/blog/DenseNet-Tutorial-2/

Data loader 24

transform_train = transforms.Compose([
#transforms.Resize(32),
transforms.RandomCrop(32, padding=4),
transforms.RandomHorizontalFlip(),
transforms.ToTensor(),
transforms.Normalize((0.4914, 0.4822, 0.4465), (0.2470, 0.2435, 0.2616))])

transform_validation = transforms.Compose([
#transforms.Resize(224),
transforms.ToTensor(),
transforms.Normalize((0.4914, 0.4822, 0.4465), (0.2470, 0.2435, 0.2616))])

transform_test = transforms.Compose([
#transforms.Resize(32),
transforms.ToTensor(),
transforms.Normalize((0.4914, 0.4822, 0.4465), (0.2470, 0.2435, 0.2616))])

trainset = torchvision.datasets.CIFAR10(
root="./data’, train=True, download=True, transform=transform_train)

validset = torchvision.datasets.CIFAR10(
root="./data’, train=True, download=True, transform=transform_validation)

testset = torchvision.datasets. CIFAR10(
root="./data’, train=False, download=True, transform=transform_test)

num_train = len(trainset)
indices = list(range(num_train))
split = int(np.floor(validation_ratio * num_train))
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Data loader 244

np.random.seed(random_seed)
np.random.shuffle(indices)

train_idx, valid_idx = indices[split:], indices[:split]
train_sampler = SubsetRandomSampler(train_idx)
valid_sampler = SubsetRandomSampler(valid_idx)

train_loader = torch.utils.data.DataLoader(
trainset, batch_size=batch_size, sampler=train_sampler, num_workers=0

)

valid_loader = torch.utils.data.DataLoader(
validset, batch_size=batch_size, sampler=valid_sampler, num_workers=0

)

test_loader = torch.utils.data.DataLoader(
testset, batch_size=batch_size, shuffle=False, num_workers=0

)

classes = ('plane’, 'car', 'bird', 'cat’,
'deer’, 'dog', 'frog', 'horse’, 'ship’, 'truck’)

0| 222 training, validation, test set@ & splitat0] Z+Zt9| data loaderE AMMsHF=
B85S 0|05t &t& Al0l= random crop, random horizontal flip augmentationS

INEEIR
L5t 4= O[O|X|E CIFAR-10 HIO|EAIS| HF, EMOE normalizE dliF= ™X{2| Egt
TISHSE [4]H A7JEK| AlsiS SHH CIFAR-10 H|O|E{AIS £2{2tA] torch data loader

classE Mgt

DenseNet: Densely Connected Convolutional Networks (2017)

+ DenseNet Pytorch : https://hoya012.github.io/blog/DenseNet-Tutorial-2/

Module Class 24 : bn-relu-conv StiA

class bn_relu_conv(nn.Module):
def __init__ (self, nin, nout, kernel_size, stride, padding, bias=False):
super(bn_relu_conv, self).__init_ ()
self.batch_norm = nn.BatchNorm2d(nin)
self.relu = nn.ReLU(True)
self.conv = nn.Conv2d(nin, nout, kernel_size=kernel_size, stride=stride,
padding=padding, bias=bias)

def forward(self, x):
out = self.batch_norm(x)
out = self.relu(out)
out = self.conv(out)

return out

Composite function : Batch Normalization — ReLU — Convolution S14tS XIH|HZ
2A5H= A2 5, DenseNet0il 01218t composite function0| At AFZE|0{A] THO
A HEO| classE A
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Module Class 4 : bottleneck layer A

class bottleneck_layer(nn.Sequential):
def __init__ (self, nin, growth_rate, drop_rate=0.2):
super(bottleneck_layer, self).__init_ ()

self.add_module('conv_1x1', bn_relu_conv(nin=nin, nout=growth_rate*4, kernel_size=1,

stride=1, padding=0, bias=False))
self.add_module('conv_3x3', bn_relu_conv(nin=growth_rate*4, nout=growth_rate,
kernel_size=3, stride=1, padding=1, bias=False))

self.drop_rate = drop_rate

def forward(self, x):
bottleneck_output = super(bottleneck_layer, self).forward(x)
if self.drop_rate > 0:
bottleneck_output = F.dropout(bottleneck_output, p=self.drop_rate,
training=self.training)

bottleneck_output = torch.cat((x, bottleneck output), 1)

return bottleneck_output

bottleneck Iayerh DenseNet-BCOHA AF2E|H, 1x1 convolution 2} 3x3
convolution FAH0| XIH|H2 $34E. L5 2 HA9| output feature map 2717} H5H
drop out= FE.

torch.cat &%= : DenseNetQ| SiAlQI B2 IEH 0§ bottleneck layerS & [jf OiCt
feature mapO| channel-wiseZ + *EIE ot E= {oig = UZ. Cat &= 9_| 2“1
T parameter2| argumentE 20E 1 U2 oncatenatlona diiZ= dimension3
O|SHH 1M XHH2 channelE 2|0|RLICH

DenseNet: Densely Connected Convolutional Networks (2017)

+ DenseNet Pytorch : https://hoya012.github.io/blog/DenseNet-Tutorial-2/

Module Class 4 : Transition Layer E2jA

class Transition_layer(nn.Sequential):
def __init__(self, nin, theta=0.5):
super(Transition_layer, self).__init_ ()

self.add_module(‘conv_1x1', bn_relu_conv(nin=nin, nout=int(nin*theta), kernel_size=1,
stride=1, padding=0, bias=False))
self.add_module(‘avg_pool_2x2', nn.AvgPool2d(kernel_size=2, stride=2, padding=0))

Transition Layer= ZHHGEA| 7£210| 7kSEILICE 1x1 convolution 0| 2x2 average
pooling=S AH235HH, Compression hyper parameter@! thetalil 2} 1x1 convolution
9| output feature map2| 7+ ZHS + USLICL
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+ DenseNet Pytorch : https://hoya012.github.io/blog/DenseNet-Tutorial-2/

Module Class 244 : DenseBlock A

class DenseBlock(nn.Sequential):
def __init__ (self, nin, num_bottleneck_layers, growth_rate, drop_rate=0.2):
super(DenseBlock, self).__init_ ()

foriin range(num_bottleneck layers):
nin_bottleneck_layer = nin + growth_rate * i
self.add_module(‘bottleneck_layer %d’ % i,
bottleneck_layer(nin=nin_bottleneck_layer, growth_rate=growth_rate, drop_rate=drop_rate))

DenseBlock2 2|0l A A5t bottleneck layerS Zf DenseBlockQ| layer Zi0|0f| &t
XHHHE 0|0F= YWAO = H310| 7HS6HH for 22 Sofl 7HHS| 79I = US.

Zt bottleneck layerQ| input feature map(nin)2 & feature map2| 7H=0l growth
rateg CloiF= WAQRE AHIMGHH, Ol= nin_bottleneck_layer 2h= variableZ 2%
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+ DenseNet Pytorch : https://hoya012.github.io/blog/DenseNet-Tutorial-2/

DenseNet-BC 1£

class DenseNet(nn.Module):
def __init_ (self, growth_rate=12, num_layers=100, theta=0.5, drop_rate=0.2, num_classes=10):
super(DenseNet, self).__init_ ()

assert (num_layers - 4) % 6 ==
num_bottleneck_layers = (num_layers - 4) // 6 # (num_layers-4)//6

# 32 x 32 x 3 -->32 x 32 x (growth_rate*2)
self.dense_init = nn.Conv2d(3, growth_rate*2, kernel_size=3, stride=1, padding=1, bias=True)

# 32 x 32 x (growth_rate*2) --> 32 x 32 x [(growth_rate*2) + (growth_rate * num_bottleneck_layers)]
self.dense_block_1 = DenseBlock(nin=growth_rate*2, num_bottleneck_layers=num_bottleneck_layers, growth_rate=growth_rate, drop_rate=drop_rate)

# 32 x 32 x [(growth_rate*2) + (growth_rate * num_bottleneck_layers)] --> 16 x 16 x [(growth_rate*2) + (growth_rate * num_bottleneck_layers)]*theta
nin_transition_layer_1 = (growth_rate*2) + (growth_rate * num_bottleneck_layers)
self transition_layer_1 = Transition_layer(nin=nin_transition_layer_1, theta=theta)

# 16 x 16 x nin_transition_layer_1*theta --> 16 x 16 x [nin_transition_layer_1*theta + (growth_rate * num_bottleneck_layers)]
self.dense_block_2 = DenseBlock(nin=int(nin_transition_layer_1*theta), num_bottleneck_layers=num_bottleneck_layers, growth_rate=growth_rate, drop_rate=drop_rate)

# 16 x 16 x [nin_transition_layer_1*theta + (growth_rate * num_bottleneck_layers)] --> 8 x 8 x [nin_transition_layer_1*theta + (growth_rate * num_bottleneck_layers)]*theta
nin_transition_layer_2 = int(nin_transition_layer_1*theta) + (growth_rate * num_bottleneck_layers)
self transition_layer_2 = Transition_layer(nin=nin_transition_layer_2, theta=theta)

# 8 x 8 x nin_transition_layer_2*theta --> 8 x 8 x [nin_transition_layer 2*theta + (growth_rate * num_bottleneck_layers)]
self.dense_block_3 = DenseBlock(nin=int(nin_transition_layer_2*theta), num_bottleneck_layers=num_bottleneck_layers, growth_rate=growth_rate, drop_rate=drop_rate)

nin_fc_layer = int(nin_transition_layer_2*theta) + (growth_rate * num_bottleneck_layers)

# [nin_transition_layer_2*theta + (growth_rate * num_bottleneck_layers)] --> num_classes
self.fc_layer = nn.Linear(nin_fc_layer, num_classes)
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+ DenseNet Pytorch : https://hoya012.github.io/blog/DenseNet-Tutorial-2/

DenseNet-BC 1£

def forward(self, x):
dense_init_output = self.dense_init(x)

dense_block _1_output = self.dense_block_1(dense_init_output)
transition_layer_1_output = self.transition_layer_1(dense_block 1_output)

dense_block_2_output = self.dense_block_2(transition_layer_1_output)
transition_layer_2 output = self.transition_layer _2(dense_block 2_output)

dense_block 3 output = self.dense_block_3(transition_layer 2 output)

global_avg_pool_output = F.adaptive_avg_pool2d(dense_block_3_output, (1, 1))
global_avg_pool_output_flat = global_avg_pool_output.view(global_avg_pool_output.size(0), -1)

output = self.fc_layer(global_avg_pool_output_flat)

return output

A |1 Convolution 0|= Dense BlockZ} Transition Layers2 A2 S1tA|7|11 OFX|2H0| global average pooling=
A2l & fully-connected layer2 HZslF= SE0| Q|9 FE0| LIIQELICE

ZF module OICt feature map?| shapeO| O{EH Hol=X|E 2t RE2| M &2 ¢|2 M5 Solf 7|XHotR2H O|2A| 2t
layer OICt shapeO| Hot= AS Alttots 2ES Soli architecturedi| Tt O|oH=7F ZOFE 4= USLICH..
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DenseNet: Densely Connected Convolutional Networks (2017)

+ DenseNet Pytorch : https://hoya012.github.io/blog/DenseNet-Tutorial-2/

Architecture Summary

def DenseNetBC_100_12():
return DenseNet(growth_rate=12, num_layers=100, theta=0.5, drop_rate=0.2,
num_classes=10)

def DenseNetBC_250_24():
return DenseNet(growth_rate=24, num_layers=250, theta=0.5, drop_rate=0.2,
num_classes=10)

def DenseNetBC_190_40():
return DenseNet(growth_rate=40, num_layers=190, theta=0.5, drop_rate=0.2,
num_classes=10)

net = DenseNetBC_100_12()
net.to(device)

torchsummary.summary(net, (3, 32, 32))

torchsumnary, sumary(net, (3, 32, 32))

=AM HAlStI U= 37EK] DenseNet-BC 2=
Eofl IS F= &, Growth rate, num_layers
layer2| compression M&, drop out rate & =™

o
AMO-
Y435t architectureE M XS 43t torch.devicedll 201FH GPUOIM &&52 & + U

Q|0 A AM5H DenseNet class&
St ESE transition

o ofm o
=og
X
[Tk
k=)
N
or

t

n
+

toch summaryS Sdll DenseNet2] Model SummaryS =8i5t11, 1 & XHW

DenseBlock?| feature map shape=2 225t UZ. Input feature mapO| bn_relu_conv
block& HXA channelO| 0{ A HSI=X|ZE Sh=0 & = U2, bottleneck layerti|A{ 48
M2 HHSH0| £[QUCHL 0| feature map2t concatO| E|0{A feature map 47t S7t6k=

o 5 = A o
1S SHolst 4 US.

Laver (type) Qutput Shape Param #
Conv2d-1 [-1, 24, 32, 32] 672

Bat chNorm2d-2 (-1, 24, 32, 32) 48
RelU-3 -1, 24, 3, 3] 0

Conv2d-4 (-1, 48, 32, 32 1,152
bn_relu_conv-5 (-1, 48, 32, 32) 1]
Bat chNorm2d-6 (-1, 48, 32, 32) 9%
ReLU-7 (-1, 48, 32. 32) 0

Conv2d-8 -1, 12, 32, 32 5,184
bn_relu_conv-3 -1, 12, 32, 32) o
BatchNorn2d-10 (-1, 36, 32, 32] 72
ReLU-11 (-1, 36, 32. 32) 0
Conv2d-12 (-1, 48, 3, 3] 1,728
bn_relu_conv=-391 [-1, 48, 8, 8] 0
BatchNorm2d-392 [-1. 48, 8, 8] 9%
RelU-393 [-1, 48, 8, 8] 0
Conv2d-394 [-1, 12, 8, 8] 5,184
bn_relu_conv-335 [-1, 12, 8, 8] 0
Linear-396 [-1, 10 3,430

Total params: 768,502
Trainable parans: 768,502
Non-trainable params: O

Input size (B): 0.01
Forvard/backvard pass size (MB): 87.35
Params size (MB): 2.93

Estimated Total Size (MB): 90.30

Layer (type) Qutput Shape Param #
BatchNorm2d-2 =1, 24, 32, 32] 48
BatchNorm2d-6 -1, 48, 32, 32 L
Batchhormad-10 -1, 36, 32, 32| 2
BatchNorm2d-14 -1, 48, 32, 32| %
BatchNorm2d-18 -1, 48, 32, 32 %
BatchNorm2d-22 -1, 48, 32, 32| %5
BatchNorm2d-26 -1, 60, 32, 32] 120
Bat chho ru2d-30 -1, 48, 32, 32| %
BatchNorm2d-34 -1, T2 R, 32| 144
Bat chhorm2d-53 -1, 48, 32, 32] 5
BatchNorm2d—42 -1, 84, 32, 32| 163
Bat chNorm2d-46 -1, 48, 32, 32] 5
Bat chhorm2d-50 -1, 96, 32, 32| 2
BatchNorm2d-54 -1, 48, 32, 32] %
BatchNorm2d-58 [-1, 108, 32, 32) 216
Batchhorm2d-62 [-1, 48, 32, 32 %
Bat chNorm2d-66 -1, 120, 32, 32| 240
Batchhorm2d-70 [-1, 48, 32, 32 6
BatchNorm2d-74 [-1, 132, 32, 32) 264
BatchNorm2d-78 [-1, 48, 32, 32] 5]
Batchhorm2d-82 [-1, 144, 32, 32 2@
Bat chNorm2d-86 [-1, 48, 32, 32] %
Bat chNorm2d-90 [-1, 156, 32, 32) 312
BatchNorm2d-54 [-1, 48, 32, 32 =)
Bat chNorm2d-58 [-1, 168, 32, 32 3B

BatchNorn2d-102 [-1,.48, 32, 32) =]
BatchNorn2d-106 [-1, 180, 32, 32 360
BatchNorn2d-110 [-1, 48, 32, 32 B
BatchNorn2d-114 [-1, 182, 32, 32) 384
BatchNorn2d-118 (-1, 48, 32, 32 B
BatchNorn2d-122 [-1, 204, 32, 32 40
BatchNorn2d-126 (-1, 48, 32, 32 =
BatchNorn2d-130 [-1, 216, 32, 32) 432
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def DenseNetBC_100_12():
return DenseNet(growth_rate=12, num_layers=100, theta=0.5, drop_rate=0.2,
num_classes=10)

def DenseNetBC_250_24():
return DenseNet(growth_rate=24, num_layers=250, theta=0.5, drop_rate=0.2,
num_classes=10)

def DenseNetBC_190_40():
return DenseNet(growth_rate=40, num_layers=190, theta=0.5, drop_rate=0.2,
num_classes=10)

net = DenseNetBC_100_12()
net.to(device)

_Eow A5 e 37HK| DenseNet-BC RHIES Q0A
£ Sofl S0 %*—1“—0' Growth rate, num_layerS £d
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+ DenseNet Pytorch : https://hoya012.github.io/blog/DenseNet-Tutorial-2/

Training

criterion = nn.CrossEntropyLoss()

optimizer = optim.SGD(net.parameters(), Ir=initial_Ir, momentum=0.9)

Ir_scheduler = optim.Ir_scheduler.MultiStepLR(optimizer=optimizer,
milestones=[int(hum_epoch * 0.5), int(num_epoch * 0.75)], gamma=0.1, last_epoch=-1)

for epoch in range(num_epoch):
Ir_scheduler.step()

running_loss = 0.0
for i, data in enumerate(train_loader, 0):
inputs, labels = data
inputs, labels = inputs.to(device), labels.to(device)

optimizer.zero_grad()

outputs = net(inputs)

loss = criterion(outputs, labels)
loss.backward()
optimizer.step()

running_loss += loss.item()

show_period = 100
if i % show_period == show_period-1: # print every "show_period" mini-batches
print('[%d, %5d/50000] loss: %.7f %
(epoch + 1, (i + 1)*batch_size, running_loss / show_period))
running_loss = 0.0
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Training

# validation part

correct=0

total =0

for i, data in enumerate(valid_loader, 0):
inputs, labels = data
inputs, labels = inputs.to(device), labels.to(device)
outputs = net(inputs)

_, predicted = torch.max(outputs.data, 1)
total += labels.size(0)

correct += (predicted == labels).sum().item()

print('[%d epoch] Accuracy of the network on the validation images: %d %%' %
(epoch + 1, 100 * correct / total)

)

print('Finished Training')

SGD optimizer0f momentum 0.9 AtE56} 1! learning rate= pytorch?| learning rate
scheduling= 0|23t0{ 81t MM epoch?| 50%Q! X[t 75%Q! X|™0IA 2H2F 0. 154
ol LA0|22 Ir_scheduler.MultiStepLR 2 0|&5}¢4 —TL°1°*

J2[11 1 epochO| &< I OICt validation set2 £ accuracys

n
M= model selectlon learning curve plotting2 71&{6HX| E/US. QT AL FII5H0
AEItsS.

Test set0f| CH3H testS
o= 1FH0| ZEZ 13

bF 1070X] SHADCE Z2==S 22t Polal, Lot MA| =S
] =l

ok |-0||

DenseNet: Densely Connected Convolutional Networks (2017)

+ DenseNet Pytorch : https://hoya012.github.io/blog/DenseNet-Tutorial-2/

Test

class_correct = list(0. for i in range(10))
class_total = list(0. for i in range(10))

correct =0
total=0

with torch.no_grad():
for data in test_loader:
images, labels = data
images, labels = images.to(device), labels.to(device)
outputs = net(images)
_, predicted = torch.max(outputs, 1)
= (predicted == labels).squeeze()

fori in range(labels.shape[0]):
label = labelsi]
class_correct[label] += cf[i].item()
class_total[label] += 1

total += labels.size(0)
correct += (predicted ==

labels).sum().item()
print('Accuracy of the network on the testimages: %d %%' % (100 * correct / total))
foriin range(10):
print('Accuracy of %5s : %2d %%' % (
classes]i], 100 * class_correct[i] / class_totalli]))
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Big Transfer (BiT): General Visual Representation Learning (2020)

Alexander Kolesnikov, Lucas Beyer, Xiaohua Zhai, Joan Puigcerver, Jessica Yung, Sylvain Gelly, Neil Houlsby,
“Big Transfer (BiT): General Visual Representation Learning,” arXiv:1912.11370, 2020.

[EX] https://theaisummer.com/cnn-architectures/
[EX] https://ai.googleblog.com/2020/05/open-sourcing-bit-exploring-large-scale.html
[E£7X2] https://kmhana.tistory.com/7

Pytorch : https://github.com/google-research/big_transfer

» Transfer Learningdj| LSt Insight : CHE 2 HIO|HE APHsStS & M2 <  Even though many variants of ResNet have been proposed, the most
71 BHE Fine-tuninge MOl CHSH &, But, Google M& O[O recent and famous one is BiT.
AHSRO D, At XIRI0| WL,

n

m
i

+ Big Transfer (BiT) is a scalable ResNet-based model for effective

0 image pre-training [5].

* They developed 3 BiT models (small, medium and large) based on
ResNet152. For the large variation of BiT they used ResNet152x4,
which means that each layer has 4 times more channels. They
pretrained that model once in far more bigger datasets than
ImageNet. The largest model was trained on the insanely large JFT
dataset, which consists of 300M labeled images.

a0 . N i
ResMeXt-101 32§48d

DPM-131 [320x320)
cention V3
a0 Inception, V3

URACY

SPPNet:

70

AlexNet

TOP 1 AC

” » The maijor contribution in the architecture is the choice of

o e normalization layers. To this end, the authors replaced batch
normalization (BN) with group normalization (GN) and weight
40 standardization (WS).

2012 2014 2016 2018 2020
Other models -8 State-of-the-art models

Best performance on ImageNet
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Big Transfer (BiT): General Visual Representation Learning (2020)

Big Transfer
¢ B HOISHS M| 93t 52 24 B4
* Pre-training S0t A2 &= Upstream 24 (Scale, GN&WS)

* New taskdj| CHS! fine-tuning SOt A2 E|= Downstream 24

» Upstream Pre-training

(@ Transfer learning 2| Scale (architecture size, dataset size, training
time etc) 24

v 3BIiT 22 at% : BiT-S (ILSVRC-2012, 1.3M images), BiT-M

(ImageNet-21k, 14M images), BiT-L (JFT, 300M images) Summary of our pre-training strategy: take a standard ResNet, increase depth and
width, replace BatchNorm (BN) with GroupNorm and Weight Standardization
@ Group normalization (GN) & Weight Standardization (WS) (GNWS), and train on a very large and generic dataset for many more iterations.

* Replaced batch normalization (BN) with group normalization (GN) and weight standardization (WS).

* Because first BN’s parameters (means and variances) need adjustment between pre-training and transfer. On the other
hand, GN doesn’t depend on any parameter states.

* Another reason is that BN uses batch-level statistics, which become unreliable for distributed training in small devices
like TPU’s. Since GN does not compute batch-level statistics, it also side-steps this issue. A 4K batch distributed across
500 TPU’s means 8 batches per worker, which does not give a good estimation of the statistics. By changing the
normalization technique to GN+WS they avoid synchronization across workers.
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Big Transfer (BiT): General Visual Representation Learning (2020)

> Transfer to Downstream Tasks

Following the methods established in the language domain by
BERT, we fine-tune the pre-trained BiT model on data from a variety
of “downstream” tasks of interest, which may come with very little
labeled data.

Fine-tuning comes with a lot of hyper-parameters to be chosen,
such as learning-rate, weight-decay, etc. We propose a heuristic for
selecting these hyper-parameters that we call “BiT-HyperRule”,
which is based only on high-level dataset characteristics, such as
image resolution and the number of labeled examples. We
successfully apply the BiT-HyperRule on more than 20 diverse

tasks, ranging from natural to medical images. Once the BiT model is pre-trained, it can be fine-tuned on any task, even if only
few labeled examples are available.

Try one hyper-parameter per task to avoid expensive hyper-parameter search

heuristic rule(call BiT-HyperRule) At : Task?| 0|0|X| SHA =R} H|O|E 4=9| 24t $t4=2 Tuning {|St 7t =235t hyper-parameter MEH: Sk
AAE 20|, sHAE, MixUp regularization A2 05

Task OfCF2| Data AugmentationO| Ct= : 0f]) object orientation Task 22 4 FlipO|Lt Crop0| &4Hsf2 &
TrainingZ} TestO|A] YA E|= SHALE X}0| 3§ : Fine-Tuning THAH|0|A SiZ

Transfer £I34 A|, weight decayL} Dropout Z2 Regularization A}2Qt gl 1R 2 2E + I 22 O|0|E{ 2] Downstream TaskO|A{ L, 0|2t Z42
Regularization2 AF25IX| LOIE 22 Hs
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Big Transfer (BiT): General Visual Representation Learning (2020)

HyperRule ¥ 2834 MH

1. Upstream Pre-training

D2 Architecture : ResNet-v2, 22 37|(C|ZE) : ResNet 152x4d
Optimizer : SGD with momentum ( Lr = 0.03, m = 0.9)

< Adaptive A E= Mk H E2 d5 =2 8IS
sk& H|0|E : BiT-S - 1302 &( ILSVRC-2012) / BiT-M - 14002t &
(ImageNet-21k) / BiT-L - 3 &( JFT)

% JFT dataset : 71=0| BI= dataset0| 1 LEE|X| L3, 721X
o=, EHH ™A SOTANA JFT dataset A O=|-‘?'-

=
=
A E=2X Z&. Google UM, JFT datasets EoI0, A

MT}= =H0|1 UL}
0|0|X| 37| : 224x224

Train Schedule : BiT-S2} BiT-M - 90 epochs(30,60, 800{|A{ Lr decay
10), BiT-L - 40 epochs(10, 23, 30, 37%|A{ Lr decay 10)

Warmup : 5000 steps (O stepOfC} batch size / 256 X! Zgat)
+ Warmup2 2F CNNOIM 24 H2xiz 2.

Batch Size : 4096 - Y& £X}0|0{.. AF2St TPU= 512 & (chip & 8
O[|OIX] et&)

Weight decay : 0.0001 ( Transfer learning¥jlA{= AtZ6tX| Z=LCt)

211 : Bag of Tricks for Image Classification with Convolutional Neural Networks
https://norman3.qgithub.io/papers/docs/bag_of tricks for image classification.html

2. Downstream Fine-tuning

7|Z : Small task (22t%), Medium task (502t & 0O
ot 0lef)2t e FO

Optimizer : SGD with momentum (Lr = 0.003, m = 0.9) — A &g
HCH0.1 RS
Batch Size : 512
O|OJX] 27| : 96x96 P 160x160EH2t p 128 crop
448x4481 p 384 crop
Fine-Tuning Schedule : 3% - 30, 60, 90%0{|A] Lr decay (10 factor)
S task - 500 steps (Z|A 2F 12.8 epoch)
M task - 12F steps (Z|A 2F 10.2 epoch)
L task - 28t steps (Z|CH 20.5 epoch)
Mixup @5 : M2} L taskO| A2t Mixup At&(alpha = 0.1)

ah), Large task (50
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Big Transfer (BiT): General Visual Representation Learning (2020)

Weight Standardization (WN) [EX] https://blog.lunit.io/2019/05/28/weight-standardization/

Normalization2 HAI2{H0|A H|0|E{Q] ELQSt MHE X5l 85S -« Batch/Layer/Instance/Group Normalization 1} Zt2 7|Z9| 7|HEL
20|otH oF7| floll 11 =25t QAL Z2 feature activation=S CLHAI©C 2 normalizations +=3iot= BHH, WS
Batch Normalization (BN)2 22 sk&2 CHHA|7 |11 758Heto =M = weight (convolution filter)2 L& S Z normalization2 4=

s 3 S-AZI, ResNetS H|Z¢t HEE2| SOTA ZEHO|A E4H
Ol QA Z AIE2=E. J2{L} BN minibatch &2 normalizationS $=3li5}
o=z, P4 M=50| large batch sizel| 2|Z5tA| &= ©HH0| /US.

— —a
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0

Colab : big_transfer_pytorch.ipynb
* This colab demonstrates how to:
1) Load BiT models in PyTorch
2) Make predictions using BiT pre-trained on ImageNet

Big Transfer (BiT): General Visual Representation Learning (2020)

< BIT Pytorch : https://github.com/google-research/big_transfer, big_transfer_pytorch.ipynb

3) Fine-tune BiT on 5-shot CIFAR10 and get amazing results!

» Itis good to get an understanding or quickly try things. However, to run longer training runs, we recommend using the
commandline scripts at http://github.com/google-research/big_transfer

from functools import partial
from collections import OrderedDict

%config InlineBackend.figure_format = 'retina’
import numpy as np

import matplotlib.pyplot as plt
from mpl_toolkits.axes_grid1 import ImageGrid

import torch

import torch.nn as nn

import torch.nn.functional as F
from torch.autograd import Variable
import torchvision as tv

device = torch.device("cuda:0" if torch.cuda.is_available() else "cpu")
print(device)

Reading weight data from the Cloud bucket

import requests
import io

def get_weights(bit_variant):
response = requests.get(f'https://storage.googleapis.com/bit_models/{bit_variant}.npz')
response.raise_for_status()
return np.load(io.ByteslO(response.content))

weights = get_weights('BiT-M-R50x1') # You could use other variants, such as R101x3
or R152x4 here, but it is not advisable in a colab.
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Defining the architecture and loading weights
class StdConv2d(nn.Conv2d):

def forward(self, x):
w = self.weight
v, m = torch.var_mean(w, dim=[1, 2, 3], keepdim=True, unbiased=False)
w = (w - m)/ torch.sqgrt(v + 1e-10)
return F.conv2d(x, w, self.bias, self.stride, self.padding, self.dilation, self.groups)

def conv3x3(cin, cout, stride=1, groups=1, bias=False):
return StdConv2d(cin, cout, kernel_size=3, stride=stride,
padding=1, bias=bias, groups=groups)

def conv1x1(cin, cout, stride=1, bias=False):
return StdConv2d(cin, cout, kernel_size=1, stride=stride,
padding=0, bias=bias)

def tf2th(conv_weights):
""Possibly convert HWIO to OIHW."™™
if conv_weights.ndim == 4:
conv_weights = conv_weights.transpose([3, 2, 0, 1])
return torch.from_numpy(conv_weights)

Big Transfer (BiT): General Visual Representation Learning (2020)

< BIT Pytorch : https://github.com/google-research/big_transfer, big_transfer_pytorch.ipynb

class PreActBottleneck(nn.Module):

Follows the implementation of "Identity Mappings in Deep Residual Networks" here:
https://github.com/KaimingHe/resnet-1k-layers/blob/master/resnet-pre-act.lua
Except it puts the stride on 3x3 conv when available.
def __init__ (self, cin, cout=None, cmid=None, stride=1):

super().__init__ ()

cout = cout or cin

cmid = cmid or cout//4

self.gn1 = nn.GroupNorm(32, cin)

self.conv1 = conv1x1(cin, cmid)

self.gn2 = nn.GroupNorm(32, cmid)

self.conv2 = conv3x3(cmid, cmid, stride) # Original ResNetv2 has it on conv1!!
self.gn3 = nn.GroupNorm(32, cmid)

self.conv3 = conv1x1(cmid, cout)

self.relu = nn.ReLU(inplace=True)

if (stride != 1 or cin != cout):

# Projection also with pre-activation according to paper.
self.downsample = conv1x1(cin, cout, stride)
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Big Transfer (BiT): General Visual Representation Learning (2020)

0

< BIT Pytorch : https://github.com/google-research/big_transfer, big_transfer_pytorch.ipynb

def forward(self, x): class ResNetV2(nn.Module):
# Conv'ed branch """Implementation of Pre-activation (v2) ResNet mode."™
out = self.relu(self.gn1(x))
def __init__ (self, block_units, width_factor, head_size=21843, zero_head=False):

# Residual branch super().__init_ ()
residual = x wf = width_factor # shortcut 'cause we'll use it a lot.
if hasattr(self, 'downsample'):
residual = self.downsample(out) # The following will be unreadable if we split lines.
# pylint: disable=line-too-long
# The first block has already applied pre-act before splitting, see Appendix. self.root = nn.Sequential(OrderedDict([
out = self.conv1(out) ('conv', StdConv2d(3, 64*wf, kernel_size=7, stride=2, padding=3, bias=False)),
out = self.conv2(self.relu(self.gn2(out))) ('pad’, nn.ConstantPad2d(1, 0)),
out = self.conv3(self.relu(self.gn3(out))) ('pool’, nn.MaxPool2d(kernel_size=3, stride=2, padding=0)),
# The following is subtly not the same!
return out + residual # (‘pool’, nn.MaxPool2d(kernel_size=3, stride=2, padding=1)),

)

def load_from(self, weights, prefix="):

with torch.no_grad():
self.conv1.weight.copy_(tf2th(weights[prefix + 'a/standardized_conv2d/kernel))
self.conv2.weight.copy_(tf2th(weights[prefix + 'b/standardized_conv2d/kernel))
self.conv3.weight.copy_(tf2th(weights[prefix + 'c/standardized_conv2d/kernel'))
self.gn1.weight.copy_(tf2th(weights[prefix + 'a/group_norm/gamma']))
self.gn2.weight.copy_(tf2th(weights[prefix + 'b/group_norm/gamma'l))
self.gn3.weight.copy_(tf2th(weights[prefix + 'c/group_norm/gamma’]))
self.gn1.bias.copy_(tf2th(weights[prefix + ‘a/group_norm/beta']))
self.gn2.bias.copy_(tf2th(weights[prefix + 'b/group_norm/beta'l))
self.gn3.bias.copy_(tf2th(weights[prefix + 'c/group_norm/beta']))
if hasattr(self, 'downsample’):

self.downsample.weight.copy_(tf2th(weights[prefix +
‘a/proj/standardized_conv2d/kernel))
return self
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Big Transfer (BiT): General Visual Representation Learning (2020)

BiT Pytorch : https://github.com/google-research/big_transfer, big_transfer_pytorch.ipynb

self.body = nn.Sequential(OrderedDict([
('block1’, nn.Sequential(OrderedDict(
[('unit01', PreActBottleneck(cin=64*wf, cout=256*wf, cmid=64*wf))] +
[(Funit{i:02d}', PreActBottleneck(cin=256*wf, cout=256*wf, cmid=64*wf)) for i in range(2, block_units[0] + 1)],
),
('block2', nn.Sequential(OrderedDict(
[('unit01', PreActBottleneck(cin=256*wf, cout=512*wf, cmid=128*wf, stride=2))] +
[(Funit{i:02d}', PreActBottleneck(cin=512*wf, cout=512*wf, cmid=128*wf)) for i in range(2, block_units[1] + 1)],
),
('block3', nn.Sequential(OrderedDict(
[('unit01', PreActBottleneck(cin=512*wf, cout=1024*wf, cmid=256*wf, stride=2))] +
[(Funit{i:02d}', PreActBottleneck(cin=1024*wf, cout=1024*wf, cmid=256*wf)) for i in range(2, block_units[2] + 1)],
),
('block4’, nn.Sequential(OrderedDict(
[('unit01', PreActBottleneck(cin=1024*wf, cout=2048*wf, cmid=512*wf, stride=2))] +
[(Funit{i:02d}', PreActBottleneck(cin=2048*wf, cout=2048*wf, cmid=512*wf)) for i in range(2, block_units[3] + 1)],
)),
1)

# pylint: enable=line-too-long

self.zero_head = zero_head
self.head = nn.Sequential(OrderedDict([
('gn’, nn.GroupNorm(32, 2048*wf)),
('relu’, nn.ReLU(inplace=True)),
('avg', nn.AdaptiveAvgPool2d(output_size=1)),
(‘conv', nn.Conv2d(2048*wf, head_size, kernel_size=1, bias=True)),

)
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BiT Pytorch : https://github.com/google-research/big_transfer, big_transfer_pytorch.ipynb

def forward(self, x):

x = self.head(self.body(self.root(x)))
assert x.shape[-2:] == (1, 1) # We should have no spatial shape left.
return x[...,0,0]

def load_from(self, weights, prefix="resnet/'):

with torch.no_grad():

self.root.conv.weight.copy_(tf2th(weights[f{prefix}root_block/standardized_conv2d/kernel))

# pylint: disable=line-too-long

self.head.gn.weight.copy_(tf2th(weights[f{prefix}group_norm/gamma'l))

self.head.gn.bias.copy_(tf2th(weights[f{prefix}group_norm/beta']))
if self.zero_head:
nn.init.zeros_(self.head.conv.weight)
nn.init.zeros_(self.head.conv.bias)
else:

self.head.conv.weight.copy_(tf2th(weights[f'{prefix}head/conv2d/kernel']))

# pylint: disable=line-too-long
self.nhead.conv.bias.copy_(tf2th(weights[f{prefix}head/conv2d/bias'))

for bname, block in self.body.named_children():
for uname, unit in block.named_children():
unit.load_from(weights, prefix=f{prefix}{bname}/{uname}/’)

KNOWN_MODELS = OrderedDict([

('‘BiT-M-R50x1', lambda *a, **kw: ResNetV2([3, 4, 6,
('BiT-M-R50x3', lambda *a, **kw: ResNetV2([3, 4, 6,

('BiT-M-R101x1', lambda *a, **kw: ResNetV2
('BiT-M-R101x3', lambda *a, **kw: ResNetV2
('BiT-M-R152x2', lambda *a, **kw: ResNetV2
('BiT-M-R152x4', lambda *a, **kw: ResNetV2

('BiT-S-R50x1', lambda *a, **kw: ResNetV2([3, 4,
('BiT-S-R50x3', lambda *a, **kw: ResNetV2([3, 4
('‘BiT-S-R101x1', lambda *a, **kw: ResNetV2([3,
('BiT-S-R101x3', lambda *a, **kw: ResNetV2([3,
('BiT-S-R152x2', lambda *a, **kw: ResNetV2([3,
('BiT-S-R152x4', lambda *a, **kw: ResNetV2([3,

AAAA
‘._*."._*.’8.‘_.*’ RN
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Boilerplate
from IPython.display import HTML, display

def progress(value, max=100):
return HTML("™"
<progress
value='{value}'
max="{max}',
style="'width: 100%'
>
{value}
</progress>
""" format(value=value, max=max))

def stairs(s, v, *svs):

""" Implements a typical "stairs" schedule for learning-rates.

Best explained by example:
stairs(s, 0.1, 10, 0.01, 20, 0.001)
will return 0.1 if s<10, 0.01 if 10<=s<20, and 0.001 if 20<=s
for s0, vO in zip(svs[::2], svs[1::2]):

if s < s0:

break

v=v0

return v

def rampup(s, peak_s, peak_Ir):
if s < peak_s: # Warmup
return s/peak_s * peak_Ir
else:
return peak_lIr

def schedule(s):

step_Ir = stairs(s, 3e-3, 200, 3e-4, 300, 3e-5, 400, 3e-6, 500, None)

return rampup(s, 100, step_lIr)

Big Transfer (BiT): General Visual Representation Learning (2020)

< BIT Pytorch : https://github.com/google-research/big_transfer, big_transfer_pytorch.ipynb

CIFAR-10 Example
import PIL

preprocess_train = tv.transforms.Compose([

tv.transforms.Resize((160, 160), interpolation=PIL.Image.BILINEAR), # It's the default,
just being explicit for the reader.

tv.transforms.RandomCrop((128, 128)),

tv.transforms.RandomHorizontalFlip(),

tv.transforms.ToTensor(),

tv.transforms.Normalize((0.5, 0.5, 0.5), (0.5, 0.5, 0.5)) # Get data into [-1, 1]

)

preprocess_eval = tv.transforms.Compose([
tv.transforms.Resize((128, 128), interpolation=PIL.Image.BILINEAR),
tv.transforms.ToTensor(),
tv.transforms.Normalize((0.5, 0.5, 0.5), (0.5, 0.5, 0.5))

)

trainset = tv.datasets.CIFAR10(root="./data’, train=True, download=True,
transform=preprocess_train)
testset = tv.datasets.CIFAR10(root="/data’, train=False, download=True,
transform=preprocess_eval)
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Eval pre-trained model (verify conversion)
weights_cifar10 = get_weights('BiT-M-R50x1-CIFAR10’)

model = ResNetV2(ResNetV2.BLOCK_UNITS['r50'], width_factor=1, head_size=10) #
NOTE: No new head.

model.load_from(weights_cifar10)

model.to(device);

def eval_cifar10(model, bs=100, progressbar=True):
loader_test = torch.utils.data.DatalL.oader(testset, batch_size=bs, shuffle=False,
num_workers=2)

model.eval()

if progressbar is True:
progressbar = display(progress(0, len(loader_test)), display_id=True)

preds =[]
with torch.no_grad():
fori, (x, t) in enumerate(loader_test):

X, t = x.to(device), t.numpy()
logits = model(x)
_, y = torch.max(logits.data, 1)
preds.extend(y.cpu().numpy() == t)
progressbar.update(progress(i+1, len(loader_test)))

return np.mean(preds)

print("Expected: 97.61%")
print(f"Accuracy: {eval_cifar10(model):.2%}")

Big Transfer (BiT): General Visual Representation Learning (2020)

< BIT Pytorch : https://github.com/google-research/big_transfer, big_transfer_pytorch.ipynb

Find indices to create a 5-shot CIFAR10 variant

preprocess_tiny = tv.transforms.Compose([tv.transforms.CenterCrop((2, 2)),
tv.transforms.ToTensor()])

trainset_tiny = tv.datasets.CIFAR10(root="./data’, train=True, download=True,
transform=preprocess_tiny)

loader = torch.utils.data.DataLoader(trainset_tiny, batch_size=50000, shuffle=False,
num_workers=2)

images, labels = iter(loader).next()

indices = {cls: np.random.choice(np.where(labels.numpy() == cls)[0], 5, replace=False)
for cls in range(10)}

print(indices)

fig = plt.figure(figsize=(10, 4))

ig = ImageGrid(fig, 111, (5, 10))

for ¢, cls in enumerate(indices):

forr, i in enumerate(indices[cls]):

img, _ = trainset][i]
ax = ig.axes_columnic][r]
ax.imshow((img.numpy().transpose([1, 2, 0]) * 127.5 + 127.5).astype(np.uint8))
ax.set_axis_off()

fig.suptitle('The whole 5-shot CIFAR10 dataset’);

train_5shot = torch.utils.data.Subset(trainset, indices=[i for v in indices.values() for i in v])
len(train_5shot)
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Fine-tune BiT-M on this 5-shot CIFAR10 variant

model = ResNetV2(ResNetV2.BLOCK_UNITS['r50'], width_factor=1, head_size=10,
zero_head=True)

model.load_from(weights)

model.to(device);

# Yes, we still use 512 batch-size! Maybe something else is even better, who knows.
# loader_train = torch.utils.data.DatalLoader(train_5shot, batch_size=512, shuffle=True,
num_workers=2)

# NOTE: This is necessary when the batch-size is larger than the dataset.

sampler = torch.utils.data.RandomSampler(train_5shot, replacement=True,
num_samples=256)

loader_train = torch.utils.data.DatalLoader(train_5shot, batch_size=256, num_workers=2,
sampler=sampler)

crit = nn.CrossEntropyLoss()
opti = torch.optim.SGD(model.parameters(), Ir=0.003, momentum=0.9)
model.train();

S =500

def schedule(s):
step_Ir = stairs(s, 3e-3, 200, 3e-4, 300, 3e-5, 400, 3e-6, S, None)
return rampup(s, 100, step_Ir)

pb_train = display(progress(0, S), display_id=True)
pb_test = display(progress(0, 100), display_id=True)
losses = [[]]

accus_train = [[]]

accus_test =]

Big Transfer (BiT): General Visual Representation Learning (2020)

< BIT Pytorch : https://github.com/google-research/big_transfer, big_transfer_pytorch.ipynb

steps_per_iter = 512 // loader_train.batch_size

while len(losses) < S:
for x, tin loader_train:
X, t = x.to(device), t.to(device)

logits = model(x)

loss = crit(logits, t) / steps_per _iter
loss.backward()
losses[-1].append(loss.item())

with torch.no_grad():
accus_train[-1].extend(torch.max(logits, dim=1)[1].cpu().numpy() == t.cpu().numpy())

if len(losses[-1]) == steps_per_iter:
losses[-1] = sum(losses[-1])
losses.append([])
accus_train[-1] = np.mean(accus_train[-1])
accus_train.append([])

# Update learning-rate according to schedule, and stop if necessary
Ir = schedule(len(losses) - 1)
for param_group in opti.param_groups:

param_group['lr'] = Ir

opti.step()
opti.zero_grad()

pb_train.update(progress(len(losses) - 1, S))
print(f\r[Step {len(losses) - 1}] loss={losses[-2]:.2¢e}'
f'train accu={accus_train[-2]:.2%} '
ftest accu={accus_test[-1] if accus_test else 0:.2%]}'
f'(Ir={Ir:g})", end=", flush=True)

if len(losses) % 25 == 0:
accus_test.append(eval_cifar10(model, progressbar=pb_test)) 99
model.train()



