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Figure 1. Training error (left) and test error (right) on CIFAR-10
Figure 2. Residual learning: a building block. 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.

2

VSB TECHNICAL | FAC

https://arxiv.org/pdf/1512.03385.pdf = _
”l UNIVERSITY ENGINEE

OF OSTRAVA | SCIENCE



https://arxiv.org/pdf/1512.03385.pdf

EVROPSKA UNIE

Evropské strukturalni a investicni fondy
Operacni program Vyzkum, vyvoj a vzdélavani

%

ResNet

layer name | output size 18-layer 34-layer S0-layer 101-layer 152-layer
conv | 112112 777, 64, stride 2
3% 3 max pool, stride 2
[ 1x1.64 T 1x1.64 ] 1x1, 64 |
convz2_x 5656 3«3, 64 33, 64 ' ’ |
{ 3; ﬁ4:|x2 [ 3; m}x} 3x3,64 | x3 3x3,64 | %3 3x3,64 | x3
‘ ‘ | 1x1,256 | | 1x1,256 | | 1x1,256
- . - . [ 11, 128 [ Ix1, 128 ] [ 11, 128 ]
convi.x | 28x28 ;: E: %2 ;: Ez x4 31%3. 128 | x4 3x3, 128 | x4 3%3, 128 | x8
L ’ J L ’ J | 1x1,512 | | 1x1,512 | 1x1,512
- - - - [ 1x1,256 ] 1x1,.256 | x1,256
2 2 ’
convd_x 1414 ;ii’ ;gg w2 ;ii’ ;g: w6 3x3, 256 | =6 3=3,256 | =23 3x3, 256 | %36
. P e . P e | 1x1,1024 | %1, 1024 Ix1, 1024
i - i - T o1x1.512 1x1.512 1x1.512
2 b 5
convy_x TxT ;ii’:; 2 ;ii’:g *3 3x3,512 | =3 3Ix3,512 | =3 323,512 | =3
L i L ’ J 11,2048 | 1% 1. 2048 |1, 2048
[ 1 average pool, 1000-d fc, softmax
FLOPs 1.8 % 10" 3.6x10" 3.8% 10" 7.6x10" 11.3x10"
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Residual Network. Based on the above plain network, we
insert shortcut connections (Fig. 3, right) which turn the
network into its counterpart residual version. The identity
shortcuts (Eqn.(1)) can be directly used when the input and
output are of the same dimensions (solid line shortcuts in
Fig. 3). When the dimensions increase (dotted line shortcuts
in Fig. 3), we consider two options: (A) The shortcut still
performs i1dentity mapping, with extra zero entries padded
for increasing dimensions. This option introduces no extra
parameter; (B) The projection shortcut in Eqn.(2) is used to
match dimensions (done by 1x1 convolutions). For both
options, when the shortcuts go across feature maps of two
sizes, they are performed with a stride of 2.

A 4
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Figure 5. A deeper residual function F for ImageNet. Left: a
building block (on 5656 feature maps) as in Fig. 3 for ResNet-
34. Right: a “bottleneck’ building block for ResNet-50/101/152.
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\ ResNet—1001, proposed (error: 4.92%)
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Figure 1. Left: (a) original Residual Unit in [1]; (b) proposed Residual Unit. The grey
arrows indicate the easiest paths for the information to propagate, corresponding to
the additive term “x;” in Eqn.(4) (forward propagation) and the additive term “1” in
Eqn.(5) (backward propagation). Right: training curves on CIFAR-10 of 1001-layer
ResNets. Solid lines denote test error (y-axis on the right), and dashed lines denote
training loss (y-axis on the left). The proposed unit makes ResNet-1001 easier to train.
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(nn.Module):
( , 1n_channels, out channels, stride, use 1xlconv= ) :
(). init ()
.convl = nn.Conv2d(in channels, out channels, 3, stride=stride, padding=1)
.conv2 = nn.Conv2d(out channels, out channels, 3, stride=1, padding=1)
.relu = nn.RelLU()
.bn = nn.LazyBatchNorm2d()
.conv3 =

if use 1xlconv:
.conv3 = nn.Conv2d(in channels, out channels, kernel size=1, stride=stride, padding=0)

, X):
out .relu( .bn( .convl(X))) ’

out bn( .conv2(out)) -

if self.conv3;
X = .conv3(X)

print("forward out.shape", out.shape)

print("forward X.shape", X.shape)

out += X

out = .relu(out)

return out

http://d2l.ai/chapter convolutional-modern/resnet.html
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Densely Connected Convolutional Networks

Gao Huang” Zhuang Liu* Laurens van der Maaten
Cornell University Tsinghua University Facebook Al Research
gh349@cornell.edu liuzhuangl3@mails.tsinghua.edu.cn lvdmaaten@fb.com

Kilian Q. Weinberger

Abstract . .
Cornell University

Recent work has shown that convolutional networks can
be substantially deeper, more accurate, and efficient to train
if they contain shorter connections between layers close to
the input and those close to the output. In this paper, we
embrace this observation and introduce the Dense Convo-
lutional Network (DenseNet), which connects each layer
to every other layer in a feed-forward fashion. Whereas
traditional convolutional networks with L layers have L
connections—one between each layer and its subsequent
layer—our network has @ direct connections. For
each layer, the feature-maps of all preceding layers are
used as inputs, and its own feature-maps are used as inputs
into all subsequent layers. DenseNets have several com-
pelling advantages: they alleviate the vanishing-gradient
problem, strengthen feature propagation, encourage fea-
ture reuse, and substantially reduce the number of parame-
ters. We evaluate our proposed architecture on four highly
competitive object recognition benchmark tasks (CIFAR-10,
CIFAR-100, SVHN, and ImageNet). DenseNets obtain sig-
nificant improvements over the state-of-the-art on most of
them, whilst requiring less computation to achieve high per-
formance. Code and pre-trained models are available at
https://github.com/liuzhuangl3/DenseNet.

kgwd@cornell.edu

Figure 1: A 5-layer dense block with a growth rate of £ = 4.
Each layer takes all preceding feature-maps as input.
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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.
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ADVANTAGE 3:MAINTAINS LOW COMPLEXITY FEATURES

Standard Connectivity:

...............................

P, Y=waha(x)
e ”: - * = * % *** s 4 4
B, | kX i A x * * B I

X ho(x) hs(x) h4(.\‘}:,

...............................

% Increasingly complex features »r

https://www.voutube.com/watch?v=-W6y8xnd--U
https://arxiv.org/abs/1608.06993

DenseNet

ADVANTAGE 3:MAINTAINS LOW COMPLEXITY FEATURES

Dense Connectivity:

™ owp Y =wox +
d —_—
wir  +wili(x)
r—

Classifier uses features of all complexity levels

W2 wolii(x)

W3

—2y +wshs(x)

W.
bloi 3 +wahy(x)

.
..........................................

% Increasingly complex features %
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Kon

DenseNet

Layers Output Size DenseNet-121 DenseNet-169 DenseNet-201 DenseNet-264
Convolution 112 x 112 7T x 7 conv, stride 2
Pooling 56 x 56 3 x 3 max pool, stride 2
Dense Block 56 % 56 l><l-::omr}><6 1><1{:4:m1|.r}>‘<E| llxlcomf}x6 llXICOHV}XG
(1) 3 x 3 conv 3 % 3 conv 3 x 3 conv 3 x 3 conv
Transition Layer 56 x 56 1 x I conv
(1) 28 x 28 2 x 2 average pool, stride 2
Dense Block 1 x 1 conv 1 x 1 conv 1 x 1 conv 1 x 1 conv
(2) 28 > 28 3><3u::0mf}><12 3x3c0nv}><12 l3><3conv}><12 l3x3conv} 12
Transition Layer 28 x 28 1 x 1 conv
(2) 14 x 14 2 x 2 average pool, stride 2
Dense Block 14 % 14 l><l-::u:)mr}x24 1>a<1i:4:m1\.r}>‘<32 llxlconv}x‘ﬁlg llXICOHV}xM
(3) 3 x 3 conv 3 x 3 conv 3 x 3 conv 3 x 3 conv
Transition Layer 14 x 14 1 x I conv
(3) T x7 2 x 2 average pool, stride 2
Dense Block . l><lu::0nv})<l{:j lxlconv}x32 ll><lc:0mf}><32 IIXICOHV}XLW
(4) 3 x 3 conv 3 x 3 conv 3 x 3 conv 3 x 3 conv
Classification 1 x 1 7 x 7 global average pool
Layer 1000D fully-connected, softmax

Table 1: DenseNet architectures for ImageNet. The growth rate for all the networks is £ = 32. Note that each “conv” layer shown in the

table corresponds the sequence BN-ReLU-Conv.

https://arxiv.org/abs/1608.06993
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Model top-1 top-5

DenseNet-121|25.02/23.61|7.71 / 6.66
DenseNet-169 |23.80 /22.08 |6.85/5.92

DenseNet-201 [22.58 /21.46|6.34 / 5.54

DenseNet-264 [22.15/20.80(6.12/5.29

Table 3: The top-1 and top-5 error rates on the
ImageNet validation set, with single-crop / 10-
crop testing.

27.5
: : : . | —~—ResNets
: : - —&— DenseMets-BC
g : M M
i=]
5 : ' ' : : : :
5 235 R N
=
; 1 ResNet 101 :
225 i BesNep-152
: : Densemet—254 :
25y 2 3 4 5 & 7 8

#parameters % 1{}7

27.5

2551

validation error (%)
]
-
(4]

21.5.

DenseNet
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- HesNet 55

FtesNel 101

DenseNet 254
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Reswetﬁsz--

#lops
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Figure 3: Comparison of the DenseNets and ResNets top-1 error rates (single-crop
testing) on the ImageNet validation dataset as a function of learned parameters (/eft)
and FLOPs during test-time (right).
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MobileNet

MobileNets: Efficient Convolutional Neural Networks for Mobile Vision
Applications

Andrew G. Howard
Weijun Wang

Menglong Zhu Bo Chen
Tobias Weyand Marco Andreetto

Dmitry Kalenichenko
Hartwig Adam

Google Inc.

{howarda, menglong, bochen, dkalenichenko, weijunw, weyand, anm, hadam}@google .com

Abstract

We present a class of efficient models called MobileNets
for mobile and embedded vision applications. MobileNets
are based on a streamlined architecture that uses depth-
wise separable convolutions to build light weight deep
neural networks. We introduce two simple global hyper-

parameters that efficiently trade off between latency and
accuracy. These hyper-parameters allow the model builder
to choose the right sized model for their application based
on the constraints of the problem. We present extensive
experiments on resource and accuracy tradeoffs and show
strong performance compared to other popular models on
ImageNet classification. We then demonstrate the effective-
ness of MobileNets across a wide range of applications and
use cases including object detection, finegrain classifica-
tion, face attributes and large scale geo-localization.

models. Section 3 describes the MobileNet architecture and
two hyper-parameters width multiplier and resolution mul-
tiplier to define smaller and more efficient MobileNets. Sec-
tion 4 describes experiments on ImageNet as well a variety
of different applications and use cases. Section 5 closes

Object Detection

Photo by Juanedc (CC BY 2.0)

Face Attributes

MobileNets

Google Doodle by Sarah Harrison

https://arxiv.org/pdf/1704.04861v1

Figure 1. MobileNet models can be applied to various recognition tasks for efficient on device intelligence.

Finegrain Classification

Photo by HarshLight (CC BY 2.0)

Landmark Recognition

Photo by Sharon VanderKaay (CC BY 2.0)
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3. MobileNet Architecture

In this section we first describe the core layers that Mo-
bileNet is built on which are depthwise separable filters. “en
We then describe the MobileNet network structure and con- Dy
clude with descriptions of the two model shrinking hyper- Dy
parameters width multiplier and resolution multiplier.

4—N—>

(a) Standard Convolution Filters

3.1. Depthwise Separable Convolution

The MobileNet model is based on depthwise separable
convolutions which is a form of factorized convolutions
which factorize a standard convolution into a depthwise Dy nun
convolution and a 1 X 1 convolution called a pointwise con-
volution. For MobileNets the depthwise convolution ap-
plies a single filter to each input channel. The pointwise
convolution then applies a 1 x 1 convolution to combine the (b) Depthwise Convolutional Filters
outputs the depthwise convolution. A standard convolution

both filters and combines inputs into a new set of outputs

in one step. The depthwise separable convolution|splits this M

into two layers, a separate layer for filtering and a separate 0= o
layer for combining. This factorization has the effect of 1

drastically reducing computation and model size. Figure 2
shows how a standard convolution 2(a) is factorized into a 1
depthWISe convolution 2(b) and a' 1 x 1 pointwise |COHV01u' (c) 1 x 1 Convolutional Filters called Pointwise Convolution in the con-
tion 2(c). text of Depthwise Separable Convolution

DK <—M—>
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MLADEZE A TELOVYCHOVY

DK <—N—>

(a) Standard Convolution Filters

5x5x3=75 multiplications every time the kernel moves

Dy — M —

(b) Depthwise Convolutional Filters

(c) 1 x 1 Convolutional Filters called Pointwise Convolution in the con-
text of Depthwise Separable Convolution
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MLADEZE A TELOVYCHOVY

Dk 12 °
(a) Standard Convolution Filters 3 4
12 ¢
1 5x5x3=75 multiplications every time the kernel moves
Dy - as the output we obtain 8x8x1 image

D “— M —
" In the case of output size 8x8x256, we use 256 kernels

) @
256
3 8
12
8
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(b) Depthwise Convolutional Filters

(c) 1 x 1 Convolutional Filters called Pointwise Convolution in the con-
text of Depthwise Separable Convolution
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| BN BN |
Dy
D —N —
(a) Standard Convolution Filters

DK — N —

(b) Depthwise Convolutional Filters

(c) 1 x 1 Convolutional Filters called Pointwise Convolution in the con-
text of Depthwise Separable Convolution

MobileNet

How many operations?

256 5x5x3 kernels that move 8x8 times

256x3x5x5x8x8=1,228,800 multiplications
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DK <—N—>

(a) Standard Convolution Filters

Dy — M —

(b) Depthwise Convolutional Filters

(c) 1 x 1 Convolutional Filters called Pointwise Convolution in the con-
text of Depthwise Separable Convolution

In the| MobileNet

MobileNet

approach (in the first step),

Depthwise convolution:

uses 3 kernels (each 5x5x1) to transform 12x12x3 image to 8x8x3 image
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" Enm
Dy
Dk —N —
(a) Standard Convolution Filters
DK [ B B
Dy — M —

(b) Depthwise Convolutional Filters

text of Depthwise Separable Convolution

(c) 1 x 1 Convolutional Filters called Pointwise Convolution in the con-

[ ]
MobileNet
In the first step, Depthwise convolution:

uses 3 kernels (each 5x5x1) to transform a 12x12x3 image to 8x8x3 image

) ‘ |
3
12

In the second step,|Pointwise convolution: |

uses 256 kernels - each 1x1x3 to create final 8x8x256 image (same shape as in the
classical conv.)

| w : :
3
. 8 256
8
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How many operations?

Depthwise convolution:
we have 3 5x5x1 kernels that move 8x8 times. That is 3x5x5x8x8 = 4,800

DK <—N—>

(a) Standard Convolution Filters

Dy — M —

(b) Depthwise Convolutional Filters

(c) 1 x 1 Convolutional Filters called Pointwise Convolution in the con-

text of Depthwise Separable Convolution 23
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MLADEZE A TELOVYCHOVY

How many operations?

M
Depthwise convolution:
b " we have 3 5x5x1 kernels that move 8x8 times. That is 3x5x5x8x8 = 4,800
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Pointwise convolution:
we have 256 1x1x3 kernels that move 8x8 times
That is 256x1x1x3x8x8 = 49,152 multiplications
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(b) Depthwise Convolutional Filters

(¢) 1 x 1 Convolutional Filters called Pointwise Convolution in the con-
text of Depthwise Separable Convolution

MobileNet

How many operations?

Depthwise convolution:

we have 3 5x5x1 kernels that move 8x8 times. That’s 3x5x5x8x8 =| 4,800

Pointwise convolution:
we have 256 1x1x3 kernels that move 8x8 times
That is 256x1x1x3x8x8 =|49,152

Adding them up together, that is 53,952 multiplications.

53,952 (Depthwise + Pointwise)
Vs.

1,228,800 (Standard way)
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e More efficient distributed training. Communication among servers is the limiting factor
to the scalability of distributed CNN training. For distributed data-parallel training, com- |
munication overhead is directly proportional to the number of parameters in the model (Ian-
dola et al.}|2016). In short, small models train faster due to requiring less communication.

e Less overhead when exporting new models to clients. For autonomous driving, compa-
nies such as Tesla periodically copy new models from their servers to customers’ cars. This
practice is often referred to as an over-the-air update. Consumer Reports has found that
the safety of Tesla’s Autopilot semi-autonomous driving functionality has incrementally
improved with recent over-the-air updates (Consumer Reports||2016). However, over-the-
air updates of today’s typical CNN/DNN models can require large data transfers. With
AlexNet, this would require 240MB of communication from the server to the car. Smaller
models require less communication, making frequent updates more feasible.

e Feasible FPGA and embedded deployment. FPGAs often have less than lﬂMof on-
chip memory and no off-chip memory or storage. For inference, a sufficiently small model
could be stored directly on the FPGA instead of being bottlenecked by memory band-
width (Qiu et al.||2016), while video frames stream through the FPGA in real time. Further,
when deploying CNNs on Application-Specific Integrated Circuits (ASICs), a sufficiently
small model could be stored directly on-chip, and smaller models may enable the ASIC to

fit on a smaller die.
https://arxiv.org/abs/1602.07360
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3.1 ARCHITECTURAL DESIGN STRATEGIES
Our overarching objective in this paper is to identify CNN architectures that have few parameters
while maintaining competitive accuracy. To achieve this, we employ three main strategies when

designing CNN architectures:

Strategy 1. Replace 3x3 filters with 1x1 filters. Given a budget of a certain number of convolution
filters, we will choose to make the majority of these filters 1x1, since a 1x1 filter has 9X fewer

parameters than a 3x3 filter.

Strategy 2. Decrease the number of input channels to 3x3 filters. Consider a convolution layer
that is comprised entirely of 3x3 filters. The total quantity of parameters in this layer is (number of
input channels) * (number of filters) * (3*3). So, to maintain a small total number of parameters
in a CNN, it is important not only to decrease the number of 3x3 filters (see Strategy 1 above), but
also to decrease the number of input channels to the 3x3 filters. We decrease the number of input
channels to 3x3 filters using squeeze layers, which we describe in the next section.

Strategy 3. Downsample late in the network so that convolution layers have large activation
maps. In a convolutional network, each convolution layer produces an output activation map with
a spatial resolution that is at least 1x1 and often much larger than 1x1. The height and width of
these activation maps are controlled by: (1) the size of the input data (e.g. 256x256 images) and (2)
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Figure 1: Microarchitectural view: Organization of convolution filters in the Fire module. In this
example, 51,1 = 3, €11 = 4, and e3,3 = 4. We illustrate the convolution filters but not the
activations.
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Figure 2: Macroarchitectural view of our SqueezeNet architecture. Left: SqueezeNet (Sectinn@;

Middle: SqueezeNet with simple bypass (Sﬂctiun@; Right: SqueezeNet with complex bypass (Sec-
tion[6).
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EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks
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https://arxiv.org/abs/1905.11946

To go even further, we use neural architec-
ture search to design a new baseline network
and scale it up to obtain a family of models,
called EfficientNets, which achieve much
better accuracy and efficiency than previous
ConvNets. In particular, our EfficientNet-B7
achieves state-of-the-art 84.3% top-1 accuracy
on ImageNet, while being 8.4x smaller and
6.1x faster on inference than the best existing
ConvNet. Our EfficientNets also transfer well and
achieve state-of-the-art accuracy on CIFAR-100
(91.7%), Flowers (98.8%), and 3 other transfer
learning datasets, with an order of magnitude
fewer parameters. Source code is at https:
//github.com/tensorflow/tpu/tree/

master/models/official/efficientnet.
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Figure 1. Model Size vs. ImageNet Accuracy. All numbers are
for single-crop, single-model. Our EfficientNets significantly out-
perform other ConvNets. In particular, EfficientNet-B7 achieves
new state-of-the-art 84.3% top-1 accuracy but being 8.4x smaller
and 6.1x faster than GPipe. EfficientNet-B1 is 7.6x smaller and
5.7x faster than ResNet-152. Details are in Table 2 and 4.
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Figure 2. Model Scaling. (a) is a baseline network example; (b)-(d) are conventional scaling that only increases one dimension of network
width, depth, or resolution. (e) is our proposed compound scaling method that uniformly scales all three dimensions with a fixed ratio.
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cwopshNE &, Starting from the baseline EfficientNet-B0, we apply our
compound scaling method to scale 1t up with two steps:
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e STEP 1: we first fix ¢ = 1, assuming twice more re-
sources available, and do a small search of o, 3, ~
based on Equation 2 and 3. In particular, we find
the best values for EfficientNet-BO are oo = 1.2, 5 =
1.1,~ = 1.15, under constraint of o - 32 - 42 =~ 2.

In this paper, we propose a new compound scaling method,
which use a compound coefficient ¢ to uniformly scales
network width, depth, and resolution in a principled way:

depth: d = o”
P @ | e STEP 2: we then fix «, 3, v as constants and scale up
width: w = 37 baseline network with different ¢» using Equation 3, to

resolution: r = ~% 3) obtain EfficientNet-B1 to B7 (Details in Table 2).

st.a-f%-4% =2

Table 7. Scaled Models Used in Figure 7.
a=>1.3=21,v>21

Model FLOPS Top-1 Acc.
where «, 3,~ are constants that can be determined h}.r q Baseline model (EfficientNet-B0) 0.4B 17.3%
small grid search. Intuitively, ¢ is a user-specified coeffi- |  Scale model by depth (d=4) 1.8B 79.0%
cient that controls how many more resources are available | Scale model by width (w=2) .95 18.9%
f del li hil 3 v h . h Scale model by resolution (r=2) 1.98B 79.1%
or model scaling, while cv, 5,7y specily how to assign these £ compound Scale (d=1.4, w=1.2,r=1.3) | 1.8B 81.1%

extra resources to network width, depth, and resolution re-
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Docs > Models and pre-trained weights

The only exception to the above are the detection models included on torchvision.models.detection. These models require

TorchVision to be installed because they depend on custom C++ operators.

Classification

The following classification models are available, with or without pre-trained weights:

® AlexNet

* ConvNeXt

* DenseNet

* EfficientNet

e EfficientNetV2

* GoogleNet

® |nception V3

* MaxVit

* MNASNet

* MobileNet V2

* MobileNet V3

* RegNet

* ResNet

* ResNeXt

e ShuffleNet V2

® SqueezeNet

® SwinTransformer
* VGG

* VisionTransformer

\Wide ResNet

Shortcuts

Models and pre-trained weights
+ General information on pre-trained we
+ Classification

+ Semantic Segmentation

+ Object Detection, Instance Segmentati
Keypoint Detection

+ Video Classification

Optical Flow

https://pytorch.org/vision/stable/models.html 34
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