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LeNet, 1998
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LeNet-5 8 PyTorch

import torch.nn as nn

class LeNet(nn.Module) :
def __init__(self, num_classes=10):
super () .__init__Q)
self.features = nn.Sequential(
nn.Conv2d(1, 6, kernel_size=5),
nn.Tanh(),
nn.AvgPool2d(kernel_size=2),

nn.Conv2d(6, 16, kernel_size=5),
nn.Tanh(),
nn.AvgPool2d (kernel_size=2),
)
self.classifier = nn.Sequential(
n.Flatten(),
nn.Linear(16 * 5 * 5, 120),
nn.Tanh(),
nn.Linear (120, 84),
nn.Tanh(),
nn.Linear(84, num_classes),

B

)

de

h

forward(self, x):
x = self.features(x)
return self.classifier(x)
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LeNet vs AlexNet

LeNet AlexNet
Image: 28 (height) x 28 (width) x 1 (channel) Image: 224 (height) x 224 (width) x 3 (channels)
v v
Convolution with 5x5 kernel+: ing: < ion with11x11kernel. ide:54x54x96
., sigmoid ReLu

Pool with 2x2 average kernel+2 stride:14x14x6 | | Pool with 3x3 max. kernel+2 stride: 26x26x96

Convolution with 5x5 keVrneI (nopad):10x10x16 \ Convolution with 5x5 kémel+2 pad:26x26x256
v sigmoid RelL.

v
Pool with 2x2 average kernel+2 stride: 5x5x16 | | Pool with 3x3 max.kernel+2stride: 12x12x256
v flatten v
Dense: 120 fully connected neurons [c ion with 3x3 kernel+1 pad:12x12x384

., sigmoid v
Dense: 84 fully connected neurons \ Convolution with 3x3 kernel+1 pad:12x12x384
., sigmoid v u
Dense: 10 fully connected neurons \ Convolution with 3x3 kernel+1 pad:12x12x256
v vRelLu
Output: 1 of 10 classes \ Pool with 3x3 max.kernel+2stride:5x5x256
flatten

[ Dense: 4096 fully connected neurons
v ReLu, dropout p=0.5

[ Dense: 4096 fully neurons
v ReLu, dropout p=0.5
[ Dense: 1000 fully neurons

Output: 1 of]OOO classes

https://proceedings.neurips.cc/paper _files/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf
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AlexNet B PyTorch

class AlexNet(nn.Module) :
def __init__(self, num_classes=1000):

super (). __init__()

self.features = nn.Sequential(
nn.Conv2d(3, 64, 11, stride=4, padding=2),
nn.ReLUQ),
nn.MaxPoo0l2d(3, stride=2),
nn.Conv2d(64, 192, 5, padding=2),
nn.ReLUQ),

B

nn.MaxPoo0l2d(3, stride=2),
nn.Conv2d (192, 384, 3, padding=1),
nn.ReLUQ),

nn.Conv2d (384, 256, 3, padding=1),
nn.ReLU(),

nn.Conv2d (256, 256, 3, padding=1),
nn.ReLU(),

nn.MaxPool2d(3, stride=2),

self.classifier = nn.Sequential(
nn.Flatten(),
nn.Linear(256 * 6 * 6, 4096), nn.ReLU(),
nn.Dropout (0.5),
nn.Linear (4096, 4096), nn.ReLUQ),
nn.Dropout (0.5),
nn.Linear (4096, num_classes),

)

def forward(self, x):
return self.classifier(self.features(x))
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ImageNet-1K

e ImageNet-1K (ILSVRC-2012) — oguH 13 OCHOBHbIX JaTaceToB Asisi Knaccudukaymm
1300parkeHnii.

o Copepxut 1000 KNaccoB obbLEKTOB: XKUBOTHbLIE, TPAHCMOPT, NpeaMeThl bbiTa U Ap.

o Pasmep paTacera:

e 1,281,167 n3obpaxenuii gns obyyeHus;
o 50,000 nzobpaxxennii gns Banugaunu;
e 100,000 n30bpaxeHnii B TeCTOBOII BbIOOPKE.

@ Knaccbl oprannsosanbl Ha ocHose nepapxun WordNet.

~ 1.43 msH n3obpaxenunii, pacnpegenénubix no 1000 knaccam.
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ImageNet

https://www.image-net.org/
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Nepapxnsa knaccos ImageNet

ImageNet ncnonbsyet cemanTnyeckyto nepapxuto WordNet. Kaxablii knacc cooteetcTeyeT
synset — Habopy c/ioB, 0603HaYaIOWMX OANH KOHLENT.

o CBsi3u oTpaxkaloT OTHOLWeHNe oDLLee NOHATME — YaCTHbI Knacc.

o ImageNet-1K cogepxnt 1000 synset-knaccos.
o Knaccu MOTYT HaxXo4ANTbCA HA Pa3HbIX YPOBHAX UEPaApPXNN.
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GoogleNet, 2014

Inception Layer Convolution
Filter i
concatenation Reellng
Softmax
1x1 Concatenation
convolution Reshape
esl

1

X 3x3 max
convolution

pooling

convolution

https://arxiv.org/pdf/1409.4842
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Inception Block

Filter
concatenation

]

1x1 convolutions

3x3 convolutions

5x5 convolutions
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(a) Inception module, naive version
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Previous layer

(b) Inception module with dimensionality reduction

https://arxiv.org/pdf/1409.4842

2026

10/33



Inception Example

Inception module

Channel
Concat

28 % 28 x 256

Previous
Activation
28 x 28 x 192

MAXPOOL
3x35=1
same
28x28x192

28 x 28 x 32

https://arxiv.org/pdf/1409.4842
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Inception-6nok B PyTorch

class Inception(nn.Module):
def __init__(self, in_ch, c1, c3red, c3,
cbred, c5, pool):
super () .__init__()

self.branchl = nn.Conv2d(in_ch, c1, 1)

self.branch3 = nn.Sequential(
nn.Conv2d(in_ch, c3red, 1), nn.RelLUQ),
nn.Conv2d(c3red, c3, 3, padding=1),

)

self.branch5 = nn.Sequential(
nn.Conv2d(in_ch, c5red, 1), nn.ReLU(),
nn.Conv2d(c5red, c5, 5, padding=2),

self.branch_pool = nn.Sequential(
nn.MaxPoo0l2d(3, stride=1, padding=1),
nn.Conv2d(in_ch, pool, 1),

)

de

H

forward(self, x):

y1 = self.branchl(x)

y2 = self.branch3(x)

y3 = self.branch5(x)

y4 = self.branch_pool(x)

return torch.cat([yl, y2, y3, y4], dim=1)
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Residual Block

y =x+ F(x, W),
xi+1 = x + Fi(xi).

L-1
x| = Xy + Z Fi(xi)- identity
i=l

L-1
oL oL 0
on o (” ax,.zf"(x")) '
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ResNet
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Residual Block: ymeHbuwerne pasmepHocTu

P(x) = Convi i (x),

P(X) c RcoutXH/2>< W/Z‘

|y = F(x, W) +P(x)]

https://d2l.ai/chapter.onvolutional —

t

| Activation function |
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!
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Inception-Resnet

Relu activation

+

1x1 Conv
(32)

Relu activation

1x1 Conv
(256 Linear)

3x3 Conv
(32)
!
3x3 Conv 3x3 Conv
(32) (32)
t f
1x1 Conv 1x1 Conv
(32) (32)

Figure 10. The schema for 35 x 35 grid (Inception-ResNet-A)
module of Inception-ResNet-v1 network.
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PaboTaeTt nm 370

(a) without skip connections (b) with skip connections

Figure 1: The loss surfaces of ResNet-56 with/without skip connections. The proposed filter
normalization scheme is used to enable comparisons of sharpness/flatness between the two figures.
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PaboTaeT nm aTto
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iter. (1ed)
Figure 4. Training on ImageNet. Thin curves denote training error, and bold curves denote validation error of the center crops. Left: plain

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

https://arxiv.org/abs/1512.03385
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PaboTaeT nm aTto

error (%)

f 3 g 3 3 s s B
iter. (led) iter. (1ed) iter. (led)
Figure 6. Training on CIFAR-10. Dashed lines denote training error, and bold lines denote testing error. Left: plain networks. The error

of plain-110 is higher than 60% and not displayed. Middle: ResNets. Right: ResNets with 110 and 1202 layers.
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Figure 7. Standard deviations (std) of layer responses on CIFAR-

10. The responses are the outputs of each 3 x3 layer, after BN and
before nonlinearity. Top: the layers are shown in their original
order. Bottom: the responses are ranked in descending order.
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training data 07+12 07++12
test data VOC 07 test VOC 12 test
VGG-16 732 70.4

ResNet-101 76.4 73.8

Table 7. Object detection mAP (%) on the PASCAL VOC
2007/2012 test sets using baseline Faster R-CNN. See also Ta-
ble 10 and 11 for better results.

metric mAP@.5 mAP@[.5, 95]
VGG-16 415 21.2
ResNet-101 484 272

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

2026 19/33



[Mouemy 3710 pabotaet?

Building block

Skip
connection

Residual
module

(a) Conventional 3-block residual network (b) Unraveled view of (a)

https://arxiv.org/pdf/1605.06431
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[Mouemy 3710 pabotaet?

oJ\ fi o~ L G

(a) Deleting f> from unraveled view (b) Ordinary feedforward network

Figure 2: Deleting a layer in residual networks at test time (a) is equivalent to zeroing half of the
paths. In ordinary feed-forward networks (b) such as VGG or AlexNet, deleting individual layers
alters the only viable path from input to output.

https://arxiv.org/pdf/1605.06431
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Test error when dropping any single block
o from residual network vs. VGG on CIFAR-10
1
— residual network v2, 110 layers
5 VGG network, 15 layers
;CJ 08 + residual network baseline
- VGG network baseline
e
]
=
&
@
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Figure 3: Deleting individual layers from VGG Figure 4:

Top-1 error when dropping any single block
from 200-layer residual network on ImageNet

— residual network v2, 200 layer:
residual network baseline

0.8

dropped layer index

Results when dropping individual

and a residual network on CIFAR-10. VGG per- blocks from residual networks trained on Ima-
formance drops to random chance when any one geNet are similar to CIFAR results. However,
of its layers is deleted, but deleting individual downsampling layers tend to have more impact
modules from residual networks has a minimal on ImageNet.

impact on performance. Removing downsam-

pling modules has a slightly higher impact.

https://arxiv.org/pdf/1605.06431

Babu4 Masen Bacunsesny (MMMuKH)
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SENet
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Figure 1: A Squeeze-and-Excitation block.
https://arxiv.org/pdf/1709.01507
2026 23 /33



SENet: BHMMaHMe K KaHanam

CeépTouHblii 610K BbIAAET
U:Ftr(X)GRHXWXC, U:[U1,...,UC].

Squeeze: kaablil KaHaN CBOAUTCS K OLHOMY HMCHY:

1 MW .
ze = Fyq(u *—WZ:Z; zeR™.

Excitation: ceTb BbIYMCASET BeCa KaHasOB:
s = Fox(z) = o(W5 6(Wh2)),

c c
WleRTXC, WQERCX7

Scale: npu3Haku nepenacTpauBaoTCs:
U. = Sc ug, sc €(0,1).
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SE-ResNet n SE-Inception
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SE-bnok: peanusauus Ha PyTorch

import torch
from torch import nn

class SEBlock(nn.Module) :
def __init__(self, channels, reduction=16):
super (). __init__Q)
hidden = max(1l, channels // reduction)
self.pool = nn.AdaptiveAvgPool2d (1)
self.fc = nn.Sequential(
nn.Flatten(),
nn.Linear (channels, hidden),

nn.RelLUQ),
nn.Linear(hidden, channels),
nn.Sigmoid ()
)
def forward(self, x):

b, ¢, _, _ = x.shape
weights = self.fc(self.pool(x))
return x * weights.view(b, c, 1, 1)

Babu4 Masen Bacunsesny (MMMuKH)
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ResNeXt

256-din

256-din

256, 1x1,64

256, 1x1,4 256,1x1,4 256,1x1,4

total 32
+ paths -

| 64, 3x3, 64 ‘ | 4,3x3,4 | | 4, 3x3,4 s 4,3x3,4 ‘
+ -

| 64, 1x1, 256 ‘ | 4,1x1,256 | | 4, 1x1, 256 ‘ ‘ 4,1x1, 256 ‘

256-d out

256-d out
Figure 1. Left: A block of ResNet [14]. Right: A block of
ResNeXt with cardinality = 32, with roughly the same complex-
ity. A layer is shown as (# in channels, filter size, # out channels).

https://arxiv.org/pdf/1611.05431
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ResNeXt: 4yncno napannenbHbix npeobpasoBaHmii

B ResNet: y = x + F(x).
C
B ResNeXt: y = x + E Fr(x)
k=1
Cardinality C — uncno napannenbHbix BeTBel B 0CTaToO4YHOM Doke. DTO OTAe/bHbIN napameTp
aApXUTEKTYPbl HapsigZy C rAybuHO CeTU U WUPUHOI CNOEB.
Ha npakTuke napannenbHole BeTBM yobHO peann3oBaTh OfHONM rPynnoBoii CBEPTKOWA:

Convsx3 — GroupConvs, 3(C).

Hanpumep, obosnaqeHne ResNeXt-50 (32x4d) osHauvaet cetb u3 50 cnoée ¢ C = 32 rpynnamu;
Kaxgas rpynna obpabaTbieaeT 4 kaHana BHYTPUW rpynnoBoli CBEPTKU.
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PoluNet
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Figure 3: Left: residual unit of ResNet [?]. Middle: type-B In- (@) poly-2 (b) poly-2 () mpoly-2 (d) 2-way
ception residual unit of Inception-ResNet-v2 [25]. Right: abstract . el .
residual unit structure where the residual block is denoted by F'. Figure 4: Examples of Polylnception structures.

https://arxiv.org/pdf/1611.05725
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EfficientNet

#channels . X .
jmmm by faeeeeeeees wider e -

i
deeper

- layer_i
i H -,--higher
J resolution HxW . _t__resolution
(a) baseline (b) width scaling (c) depth scaling (d) resolution scaling (e) compound scaling

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.

https://arxiv.org/abs/1905.11946
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EfficientNet
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Figure 3. Scaling Up a Baseline Model with Different Network Width (w), Depth (d), and Resolution (r) Coefficients. Bigger
networks with larger width, depth, or resolution tend to achieve higher accuracy, but the accuracy gain quickly saturate after reaching
80%, demonstrating the limitation of single dimension scaling. Baseline network is described in Table 1.

https://arxiv.org/abs/1905.11946
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MobileNet

| 3x3 Conv ] |3x3 Depthwise Convl
- I
| Rell || ReLU |
| 1x1 (llonv |
o]
| Re]LU |

Figure 3. Left: Standard convolutional layer with batchnorm and
ReLU. Right: Depthwise Separable convolutions with Depthwise
and Pointwise layers followed by batchnorm and ReLLU.
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Depthwise separable convolution

@ Depthwise: otgensHbiin punstp K X K gns kaxgoro un3 G, KaHanos.

@ Pointwise: ceéptka 1 X 1 obbeanHsieT KaHasbl U co38a8T Coyy BbIXOLHBIX KaHAJsIOB.

O6biunast ceéptka:  HWK?2 Gy Cout,

Depthwise + pointwise:  HW (K? Gy, + G Cout) -

Depthwise + pointwise

1

ObbiuHas ceépTka

Cout

+

1
K?

Hanpumep, npn K =3 n Couy = 64: & + 5 ~ 0,127.
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