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Convolutional Neural Network

Image Classification with NN

® Image Classification is a core task in Computer Vision.
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Convolutional Neural Network

Image Classification with NN
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® Images after scale/rotation/translation should be classified into the same category!

4

Scale Invariance
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lmvolutional Neural Network

Image Classification with NN

® \What if we use MLP?

O
O
Flatten MLP (W) O

—
PN O
32x32x3 O
O

Representation
1024 x 3
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The number of parameters is unmanageable !
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Image Classification with NN

® \What if we use MLP?

v Input image: 32 * 32 pixel, RGB

v' Task. 10-class classification

v" Networks.
Input Layer 32 x 32 x 3 = 3,072 neurons
Hidden Layer1 4,096 neurons
Hidden Layer2 2,048 neurons

Output Layer 10 neurons
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Image Classification with NN

® \What if we use MLP?
(3,072+1) x 4,096

(4,096+1) x 2,048 > =21 million

(2,048+1)x10

!

A shallow fully connected network has

a massive number of parameters
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Image Classification with NN
® \What if we use MLP?

v" In practical engineering applications, the number
of network layers can reach hundreds, and the
pixel count of input images is also much larger
than 32 * 32.

v In such cases, using a fully connected neural

network would result in an unmanageable

number of parameters.
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Image Classification with NN

Input layer Hidden layer Qutput layer

® |[ntuition

Row 1

What leads to the
extremely high
parameter complexity in
fully connected neural
networks?

Row 2

Row 3
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Row 4
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‘olutional Neural Network

Image Classification with NN

® Connection Method: Every neuron in a
layer connects to all neurons in the previous

layer, resulting in a dense weight matrix.

® Absence of spatial information: Flatten
the image into a one-dimensional vector
without utilizing the spatial distribution

information between pixels
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Row 1

Row 2

Row 3

Row 4

Input layer Hidden layer Qutput layer
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Iutional Neural Network

Topographical mapping in the cortex:
® nearby cells in cortex represent

® nearby regions in the visual field
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Convolutional Neural Network

Convolution

® Given an input signal sequence x and a filter w, the output of one-dimensional

convolution.
K—1 t t

Yt = X*W = Z WiXi—k = 2 XpWi—p = 2 XkWi—k
k=0

n=t—K+1 k=t—K+1

Output y

Filterw (1, 0, — 1)

Input x

]/7 Sliding window
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olutional Neural Network

Image Convolution

® Two-dimensional image data — Extend convolution to two-dimensional

U-17-1
Vi = Z Zwuv‘xi—u,j—v
u=0 v=0
1 1 1 1 lx lx
-1( 0 —3)(0 Oxn lxﬂ 1 0] 0 0 |—-2]|-1
. lxﬂ —lx 0 * O[O0 O = 21 2| 4
0 [-1(1 2 1. 0] 0 |-1 -1, 0| 0
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ional Neural Network

Feature Extractor Classifier
Conv-1
VGG-16 VGG-16
Convolutional Base Dense Classifier
Conv-2
Conv-3
Conv-4
Conv-5
input Image . . FC-6 } FC-7 § ch]
224x224x3 =
14 x 14 x 512 I Ix1x4096 1x1x1000
28 x 28 x 512
56 x 56 x 256 Tx7Tx3512
oLl .
117% 112 x 128 @ convolution+ReLU
@ max pooling
@ fully connected+ReLU
VL
224 x 224 x 64
14
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Convolutional Neural Network

Components of a Convolutional Network

Fully-Connected Layers Activation Function
X h S
Convolution Layers Pooling Layers Normalization

224x224x64
112x112x64

pool xl,j = A uj

o o .
! I ;
/ 224 downsampling 112 \[ O'] _I_ 8

224
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lmvolutional Neural Network

Convolution Layers

Input Kernel Output
011]2

01l 1 19 | 25
31415 * =

2| 3 37 143
6178

OXO0+1Xx14+3%x24+4%x3=19,
IX0+2%X14+4%x2+5%x3=25,
3IX0+4X14+6X2+7%x3 =37,
4X0+5X14+7Xx2+8X3=43.
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Convolution Kernel

(wikipedia)
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Edge Detection

Sharpening

Gaussian Blur

17



Convolutional Neural Network

Translation Equivariance

® The convolution operation is translation equivariant.
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Translation Equivariance

® The convolution operation is not rotation equivariant.

input feature fields stabilized view

-
o
=
X
=

A &
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LY L8
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not invariant rotation-invariant
to rotation Y features

feature map stabilized view

CNN Input Rotation-equivariant
features image features
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volutional Neural Network

Padding

Input Kernel Output
LA B ' I
Summae 0 !0 0
e 1 — ! 03|84
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b o 011 9 119(25(10
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b —t e 6|7(8]0
0;05050%0 !
RO PRt S [

OX0+0X14+0x24+0x3=0
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Stride

high=3, width=2
Input Kernel Output
rE==r="Tr==Tr=°""r°-"="
. 0§ 0 Samutn O :
R f~nt
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booe ~ 30 0|8
013|145 r(] . 3 —
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OX0+0XxX1+1x2+2%x3=28
OX0+6Xx14+0%x24+0%Xx3=6
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Stride & Padding

Slide = 1
Padding = 0

Slide = 1
Padding = 1
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Slide = 2
Padding = 0
W = {W,-,, + 2P — K
out — S
Slide =2
Padding = 1

|+
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Multi-Channel

Input Kernel Input Kernel Output
K
112
4 |56 | %
I 4 l I b | 3 4
0f1]2 P : 718(9 56 | 72
alals | * | = =
ﬁ 2| 3 ol1]2 - 104 (120
6|78
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213
6178

(IX14+2X24+4%x3+5%x4)
+OX0+1X14+3%X2+4+4X%X3)=56
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nvolutional Neural Network

Multi Channel Convolution

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)
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Multi Kernel Convolution
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Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2) Input Volume (+pad 1) (TxTx3)  Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)
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Multi-Channel

® Each output channel can recognize one specific pattern.
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Convolutional Neural Network

Standard Convolution
Two Stage:

] - 1. Each channel corresponding to a convolution
i — kernel process spatial information with wide and

[ high dimensions;

E HH [TITH 2. Channel addition integrates channel information

1 = l

It may result in parameter redundancy

3-channel input — 4-channel output: 4*3*3*3 = 108 paramaters
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Neural Network

Depthwise Separable Convolution

3 channel Input Filters * 3 Maps * 3 Filters * 4 Maps * 4

Depthwise conv Pointwise conv
Only handle spatial information ~ Only Merge channel information

3-channel input —4-channel output: (3*3*3 + 3*4*1) = 39 paramaters
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onvolutional Neural Network

Variants: Dilated Convolution

® By sampling values at intervals, the
receptive field is expanded, allowing
the original convolutional kernel to
cover a larger receptive field while
maintaining the same number of

parameters and computational cost.
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wolutional Neural Network

Variants: Deconvolution

® Upsample feature maps by reversing the spatial reduction of standard
convolution, commonaly used in tasks like segmentation and image

generation.
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Convolutional Neural Network

Variants: Deformable Convolution

® Adds learnable 2D offsets to regular grid sampling. The convolution input

pixels are reorganized via offsets to achieve kernel shift.

x [2]~
g———b ||
| v |
offsets
offset field

input feature map output feature map
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Pooling Layers

® To compute a low-dimension signal from a high-dimension one, grouping several
activations into a single “more meaningful” one.
® Max Pooling computes max values over non-overlapping blocks. The average

pooling computes average values per block instead of max values.

Input

1 4 -1 0 2 -2 1 3 8 |

rw

1d with a kernel of size 2 Output
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Convolutional Neural Network

Pooling Layers

® Max Pooling v.s. Average Pooling
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Input Output Input Output
0] 1] 2 O] 1] 2
3145 2x2Max 4195 3l als 2x2A\{erage 2 |3
Pooling 71 8 Pooling 5 | 6
6|78 6|78
max(0,1,3,4) =4 Average(0,1,3,4) = 2
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Convolutional Neural Network ®) X FAdLE

Pooling Layers

Input
® Contrary to convolution, pooling is

applied independently on each » Output

channel.

® There are as many channels as

output.

sh

Shanghai Jiao Tong University | 2026 | yangxue.site 34



Convolutional Neural Network

A= L 2
N mme€s/  SHANGHAI JIAO TONG UNIVERSITY

Pooling provides invariance

® Pooling provides invariance to any permutation inside one of the cell.
® More practically, it provides a pseudo-invariance to deformations that result into

local translations.

Input ‘

Output _‘
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Invariance and Equivariance in CNN

® The translation equivariance is obtained by means of the convolutional layers.
® Translation invariance is obtained in CNNs by means of the pooling layers.
® CNNs are NOT naturally equivariant and invariant to rotation, scaling, and affine

transformations (if not local). Hence, data augmentation techniques must be

used to make CNNs more robust to such geometric transformations.
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Data Augmentation

egCompression
PR P T Ry
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Normalization

® Idea: “Normalize” the outputs of a layer so they have zero mean and unit variance

® Types: Batch normalization, Layer Normalization, Instance Normalization, ...

o.' -
i =
3& .
2 ®
£ = X_E(x) o :l.;‘.'l. {OlL
JVar(x) + € Sty
‘2‘* e o
jI s T
.
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Convolutional Neural Network ®) rExirs

Comparison of Normalization

® Idea: “Normalize” the outputs of a layer so they have zero mean and unit variance

® Types: Batch normalization, Layer Normalization, Instance Normalization, ...

Batch Norm Layer Norm Instance Norm Group Norm

H, W

LR/ A
[ S S

H,W
H, W

A

LR
VANV
VANV AN

L

AN

SV
Z AN\ N\ N\
N S
A
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Convolutional Neural Network

Batch Normalization: Train Time

Input: X € ]:RNXD

Learnable scale and
shift parameters:

v,B € RP

Learningy =0, =u
will recover the identity
function (in expectation)
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. 1 - Per-channel
Hj =N ot - -
i=1 ean, shape is D
PN 2
2 Per-channel
g, =— X = II
4 N i=1( e ]) std, shapeis D
= Xi,j — Hj .
Xij = Normalized x,
’ng + ¢ ShapeisNx D
Yij =Vj%i;+ B  Output,
ShapeisNxD
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Batch Normalization: Test time

[(Running) average of
Input: X € RNXD [lj —F values seen during Pahannd g
—— medn, shape is D
Learnable scale and 52 = (Running) average of Per-channel
shift parameters: -\ eluesseenduting training | oy shapeiis D
D . xl-,j — M]
Y, ﬁ €ER Xij = Normalized x,

. 2 i
Learningy = 0, B = u 0] + ¢ ShapeisNxD
will recover the identity o+ 8 Gutput

. . . Yii = y-xl-,j j ’
function (in expectation) e Shape is N x D
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Batch Normalization: Test time

(Running) average of
[tj = values seen during
training

Per-channel

]RNXD
mean, shape is D

Input: X €

Learnable scale and
shift parameters: For each training iteration:

D 1
]/,ﬁER Au] Illel]

Learningy =0, = U u;eSt = 0.99 uteSt +0.01 u;
will recover the identity
function (in expectation) (Similar for o)
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Batch Normalization for ConvNets

Batch Normalization for

convolutional networks
(Spatial Batchnorm, BatchNorm2D)

Batch Normalization for
fully-connected networks

x:NXD X :NXCXHXW
Normalize l Normalize l J l
u,o : 1 xXD uo 1 xCx1x1
Vv, : 1 XD v,p :1xCx1x1
(x — ) (x — u)
y = Yy +B y = y+B

o O
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Layer Normalization for fully-

Layer Normalization connected networks

Batch Normalization for Same behavior at train and test!
convolutional networks Used in RNNs, Transformers
X:NXCXHXW x:NXD
Normalize | l \ Normalize ,
uo :1XCx1x1 u,o N x1

Vv, :IXCX1Xx1 v,B : 1XD
(x — u) (x — u)

y = y+ 5 y = Y+ B

o o)
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Instance Normalization

Batch Normalization for Instance Normalization for
convolutional networks convolutional networks
X:NXCXHXW X NXCXHXW
Normalize l l \ Normalize \ \ \
uo 1 xCx1x1 u,o :NxXCx1x1
v, B i IXCXIX1 v, B tIXCX1IX1
(x — ) (x — )
y = y+ B y = y+p6

0] o
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Fully-Connected Layers

® Convolutional layers extract feature

4

® Fully connected layer enables

global reasoning by combining all

learned features into class scores

or regression outputs
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Activation Function

® Convolution operation is essentially a linear operation.
® Similar to fully connected neural networks, nonlinearity needs to be introduced

through activation functions.

Input Feature Map

white = positive values Only non-negative values
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Convolutional Neural Network

How Convolution works

® Extract features hierarchically

ELU RELU ELU RELU
CONV 610]\\V] CONV | CONV

‘4—
| -—
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RELU RELU
CONV lCONVi
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How Convolution works

® Weight Sharing: Each

A\

-
M
| —

neuron in a convolutional

N\ 8\

layer connects only to a

&
iad

\

local receptive field,

A\

i
&

\

X

reducing parameters and

e
—

NEANE

computational cost.
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onvolutional Neural Network

How Convolution works

® Local Connectivity: Unlike fully connected layers, convolution applies small

kernels to local regions of the input.

Convolution Pooling Convolution Pooling Fully Fully Output Predictions
Connected Connected

dog (0.01)
cat (0.04)
boat (0.94)
bird (0.02)

--_-
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olutional Neural Network

How Convolution works

® Hierarchical Feature Learn: Early layers detect low-level features, while deeper

layers combine them into high-level features.

Low-Level Mid-Level| |High-Level Trainable
Feature Feature Feature Classifier
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Example: Classification task on MNIST

® Build a simple convolutional neural network to achieve [ Input (28+28)
the same 10 classification tasks on the MNIST dataset. S
class ImprovedCNN(nn.Module): .
def __init__(self): Pooling
super(ImprovedCNN, self).__init__ () )
self.convl = nn.Conv2d(1, 10, kernel_size=5) RelU

self.conv2 = nn.Conv2d(10, 20, kernel_size=5)
self.pool = nn.MaxPool2d(2) *
self.relu = nn.ReLU() L Conv (55)

self.fc = nn.Linear(320, 10)

Pooling
def forward(self, x):
self.pool(self.relu(self.convl(x))) # conv+relu+pooling
self.pool(self.relu(self.conv2(x))) RelU
x.view(-1, 320) )
self.fc(x) # fc to classification FC

return x code here
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Convolutional Neural Network

By XY AXALS
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Comparison on parameter complexity: FCN vs. CNN

® Convolutional networks can greatly reduce the number of parameters.

Input (28*28)

FC (784)

RelU

FC (128)

RelLU

FC (10)
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784*128

+

128*10s

101 k

5*5

5*5
-+

320*10

3k

Input (28*28)

Conv (5*5)

Pooling

RelLU

Conv (5*5)

Pooling

RelLU

FC (10)
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Back Propagation in CNN

® In the backward pass, we get the loss gradient with respect to the next layer

® In CNNs the loss gradient is computed w.r.t the input and also w.r.t the filter

v" Horizontal and vertical stride = 1

xll : Xl‘i ‘(ll’
v" Convolution between Input X and Filter F, and output is O. X, | %, |
XE'.‘ \_?.'. \3
Input X ‘
:)2; XpoFi1 | XosFyy
Xll X12 X13 Fy | Fpg |
Op | Op Fig | Pys Fa | Fap XaFp | Xaabpo
= Convolution Aoy | Bap | Ao Filter F
@) @) F E
21 22
Xo | Xy, | Xy g 2 2 Oy = XyFyy + XpoFp + X505, + X0k,
Output O Filter F Opp = XpFyy + XygFp + Xpobyy + Xo56)
Input X
Oy = XyFyy + XpoFpp + XgFpy + X556,

Oy = XpF gy + XogFyp + XgpFpy + Xy5F),
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Back Propagation in CNN

® | oss gradient: we want to calculate the gradients w.r.t to input ‘X’ and filter ‘F’
-~~~ Convolution Filter F

Convolution
Output O ¥

G°
P

X

—— Input Matrix X
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Back Propagation in CNN

® | oss gradient w.r.t the filter:

v Use the chain rule to obtain the gradient w.r.t the filter

(L - (L * @
aF a0 oF For every element of F
- i ™ oL 90
Gradient to Local a_L — Z " k
update Filter F Loss Gradient Gradients 0 i = 00 JF.
from previous = k I
layer
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Back Propagation in CNN

® |oss gradient w.r.t the filter: Xy | Xap | Xug
. . Xy | %gl| X
v" The chain rule summation can be expanded as: il Bl XuFu | Xohyp | %
X3‘1 X32 X33
oL _ L 90, dL 40, AL a0, AL o0, input X
TE T ke k== — kT — ok X, F X,,F X
aﬁl a011 aFll a012 aFll a021 aFll a022 aFll ® v 22 -
Fll E:12
% = %*@ﬂ % %*@1‘2 2 %*@21 + %*@22 v . X31 X32 XSS
aﬁZ aOll aF‘L’Z 6012 aFlZ a021 aFl}l aO22 aFlZ . -
Filter F
oL _ aL a0, aL 80, AL a0, AL a0
T T Ao+ kT —x Iy k2 Opp = XygFgg + XoFpp + XpiF + XpoF,

or; a011 aFEl 6012 aFZl a021 aFZl a022 6F21

oL %*@nJr %*aoqu %*@21 al—*@zz

oF, 00, oF, 90, oF, 0, dF, 40, 9F,
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Back Propagation in CNN

CNNs

® Loss gradient w.r.t the filter:

v Replacing the local gradients of the filter, we can represent it as a convolution

operation between input X and loss gradient dL/00 as shown below:

oL | oL
o | 9,
= Convolution
oL | oL
o, | a5,
where
XH XlZ XB
Xy | Xy | Xy = Input X
X31 X32 X33
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X 11 X 12 X 13

X 21 X 22 X 23

X 31 X 32 X 33
oL | aL
a0, | ao,
oL | aL
a021 a022

oL | oL
(301 . a0,
oL | oL

(3’021 602 .

Loss gradient
~= from previous
layer

+

+

+

-+

+

-+

—

-+

<
SHANGHAI JIAO TONG UNIVERSITY
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Back Propagation in CNN

® | oss gradient w.r.t the input:

11

~H2

o 0 0

n

KooFig

X32F21

XF g+ XygFpp + Xp0F + Xy
KpaF g + XyaFyp + XpoFpy + Koy
XKnF g + XogFyp + XgiFpy + XgoFpy
XpF 11+ XogaFp + Xgoby + Xgsbyp
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For every element of X,
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Back Propagation in CNN

® [oss gradient w.r.t the input:

’ \\ - » A %

% 5
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v' First, let us rotate the Filter F by 180 degrees. This is done by flipping it first vertically

and then horizontally

11

12

21

22

F 2

F 21
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raining CNNs

Back Propagation in CNN oL oL,

11 11
. . oL _ oL o oL, g
: = O,p O
® [oss gradient w.r.t the input: X, a0, 2% a0, "
_ : : : aL _ oL
v' We see that the loss gradient w.r.t the input is given 2~ 75" o
13 12
as a full convolution between the filter and Loss oL _ oL g OL.p
aXZl aOll n aoZl !
gradien T T oL _ oL . oL o AL . oL
B Faz dX,_ 11 r'iO“ : 5( = a—o* 22 + %* 21 + a—o* 12 t+ a—O*Fﬂ
Lscrmommeneesocsmmiosmemnsed 22 1 12 21 22
F12 Fu % = % F % F
Filter F Fu le aX23 6012* 20 6022* "
aL daL
aL aL — = —=xF
=— 21
g_oLn g_.&z Fu : a0, a0, aX31 6021
aL aL aL
oL | aL aL aL — = Z—=xF, + —xF
a0, a0, a0, a0, aXzz a021 “ 8022 .
Loss Gradient g—é ﬂ — % +x F
a)(33 6022 “
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Back Propagation in CNN oL L,

1 11

oL _ aL aL

— = —=x*F —xF
aL., X, 6011* 12 * aolz* 1
i dl j
it = = F .
Fo | Fa X n T a0, oL _ oL, g
: 11. aX13 6012 "
aL aL oL
Flz Fll 5(212 (%ﬂ* Fyy + (3_021* Fy
FZZ F21
axzz 6011 2t a012 ne 6021 e 6022 !
oL I
Ql__' _(ﬂ__. l:"12 F11 o g_o (3_[_ = % * F " % x F
a011 a012 6011 2 aX23 a012 “ a022 .
oL oL
aL aL aL aL ax = oo * Fa
@ —0 — — aX31 6021
21 a 22 a021 6022
aL _ oL . T oL « F
T M= 2 F = 21
Loss Gradient % Ky 30, e
(:0 C IS]
@pavisj oL _ % .
6X33 a022 “
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Back Propagation in CNN

® [oss gradient w.r.t the input:

10 iEEE 5
€/ SHANGHAI JIAO TONG UNIVERSITY

v" We see that the loss gradient w.r.t the input is given as a full convolution between the

filter and Loss gradient

oL | oL | oL
X, | X, ox

11

oL | aL | aL
ale aXZ? aXZ 3
oL | aL | aL
X, | oX, aX

31 33

13

aL
oX
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Full

~  Convolution

oL | o

F22 Fa1 6011 (3012
daL al

F 12 F 11 6021 6022

Filter F

Loss Gradient ﬂ‘»

Padding=1
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ning CNNs

Back Propagation in CNN

® Both the Forward pass and the Backpropagation of a Convolutional layer are

Convolutions!

5_;:_ = Convolution (Inpu’r X, Loss gradien’r% )

a0

oL _ Full ( 180°rotated Loss OL )
dX Convolution Filter F " Gradient 90
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Back Propagation in CNN

® | oss gradient w.r.t the input

v' Example: horizontal and vertical stride = 2

S
w
foo fo1 foz
Xo0 Xo1 Xo02 X03 Xoa
R flO fll f12
X10 X11 X12 X13 X14
f20 fa1 faz
H | x2 X21 X22 X23 X24 Filter (aka kernel)
Input channels C = 1, number of filters K =1,
Filter height R = 3, width S = 3,
X3¢ X31 X32 X33 X34 stride_R = stride S =2
Q
X40 Xa1 X42 X43 Xa4 Yoo | Vo1
P
Input activations wad
Input channels C = 1, number of images N =1, Output

Fmage:helght =5, sidth=5 Output channels K = 1, number of outputs N = 1,

Output height P = 2, width Q = 2
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ning CNNs

Back Propagation in CNN

Xoofoo | Xoufor | Xozfoz X3 Xpy
® Recap: Forward pass | |
Xiofio | Xufin | Xazfiz X3 X4
v" This is how the forward | Yoo | Vor

Xaofze | X2afor | Xazfez | xon X124 -

pass looks like for the 2o Pu
Xzp X33 X3 X33 X3g

example:

Yoo = Xpofoo + Xo1for + Xoafor + X10fio + X1afi + Xeafie + Xaofag + X1 foy + X0afon
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Back Propagation in CNN

® Backward pass:

Loss gradients w.r.t

v' Assumption: we have input
_ oL | oL | oL | oL | oL
the loss gradlent w.r.t the 0xgg 0x¢; 0xz 0xg3 0xg4 Loss gradients w.r.t
tout pixel oL oL oL oL oL output
ou pu p|Xe S. 0x10 0x11 0x12 0x13 0x14
o [ o
oL aL oL aL oL : Y00 | 9Y01
029 0x2; 0x2; 0x23 0x24 oL oL
v Requirement: calculate a 1o 1o 1l | o 910 | 911
. dx30 0x31 0x32 0x33 0x34
the loss gradient w.r.t the
dL oL dL dL JdL
. . . d d ad d d
input activations. Tao | Tar | T | s | w
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Training CNNs

Back Propagation in CNN

® Backward pass:
v Each input contributes to one or more outputs. The total gradient of the loss wrt to
each input pixel is computed using the formula shown:

v" The gradient computation is done using chain rule and partial differentiation

dxmn - inj dan

v iand j represent the position of a single output pixel
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Back Propagation in CNN

® Backward pass example:

v Consider input xgq in the

input shown. It contributed

to the output yqq

Shanghai Jiao Tong University | 2026 | yangxue.site

Yoo

Yo1

Y10

Y11

Xo0 Xo1 Xo2 Xo03 X04
X10 X11 X12 X13 X14
X20 X21 X22 X23 X24
X30 X31 X32 X33 X34
X40 X41 X42 X3 Xa4

@) Y AXAAE

/' SHANGHAI JIAO TONG UNIVERSITY

aL oL 0yij

9xXmn T Ay ayij 9xXmn

Consider x,. What output pixels y;; does it contribute to?

Yoo = Xoofoo + Xo1fo1 + Xo2fo2 + X10f10 + X11f11 + X12f12 + X20f20 T X21f20 + X22f22

a
We see that xg, only contributes to yyq. Also, % = foo- Thus,
00

dL _ aL
dx00 Y00

fOO

70
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Back Propagation in CNN

aL oL 0yij

0xmm  “H dy;; dx
Xo0 Xo1 Xo2 Xo3 X04 mn Yij OXmn

® Backward pass example:

Yoo | Yo1

v Input x4; also contributed

Y10 | Y11

X30 X31 X32 X33 X34

to the output yqo so the

loss gradient w.r.t xq is

Next, consider x,;. What output pixels y;; does it contribute to?

com pUted as Shown : Yoo = Xoofoo + Xo1f01 + Xo2foz + X10f10 + X11f11 + X12f12 + X20f20 + X21f20 + X22f22

ay{]g aL dL
= fo1. Thus, = fo1

6x01 -

Again, x4, only contributes to yqg. Also, =
0xp1 9Yoo0
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Back Propagation in CNN

2 oL 0yij
axmn_ Y ayij 9xXmn

Xoo Xo1 Xo2 Xo3 Xo4

® Backward pass example:

Yoo | Yo

v" Input xq, contributed to Yio |71

X30 X31 X32 X33 X34

the output yy9 and yqq SO

the loss gradient w.r.t xq,

Next, consider x,. It contributes to v, and yg;-

|S Computed as Shown . Yoo = Xoofoo + Xo1for + Xozfoz + X10f10 + X10f11 + X12f12 + X20f20 + X21f20 + X22f22

Yo1 = Xozfoo T+ Xosfor + Xoafoz * X12f10 T X13f11 + Xaaf1z + Xaafo0 + X23fo1 + Xaafin

foz + foo

JL aL

dx0z  0Yoo

dL
9yo1

Thus,
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Back Propagation in CNN

aL oL 0yij

o xmn S dy;; 0x
Xo0 Xo1 Xo2 X03 X4 mn Yij OXmn

® Backward pass example:

X10 X11 X132 X3 X4

v' Input x,, contributed to | E oo I

X20 X21 X22 X3 X4

Y11
the Output Yoo> Yo1: Y10, X32 X33 X34
X42 X43 X44

and yq; so the loss

Finally, consider x,,. It contributes to all outputs: ¥gq , ¥g1, Y10, and ¥y
Yoo = Xoofoo + ¥o1fo1 + Xo2fo2 + X10f10 + X¥11f11 + ¥12f12 + X20f20 + X21f20 + X22/22
Yo1 = Xoz2foo + X03fo1 + Xoafoz + X12f10 + X13f11 + X1af12 + X2 /20 + X23f21 + X24f22
Y10 = X20fo0 + X21fo01 + X22f02 + X30f10 + X31f11 + X32f12 + Xa0f20 + Xa1f20 + Xa2f22

com puted as Shown . Vi1 = X22fo0 + X23fo1 + X2afoz + X32f10 + X33f11 + X34f12 + Xa2f20 + Xazfo0 + Xaaf22

dL oL dL aL oL
Thus, fUO

faz f20 foz +

gradient w.r.t x,, is

= + +
dx22  dygo 9yo1 9¥10 0Y11
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Back Propagation in CNN

® Backward pass example:
v' To visualize the pattern more clearly, we pad the gradient tensor with zeros at the
top and bottom as well as to the left and right
v The number of zeros padded on either side is equal to the stride (horizontal

and vertical)

v" We also dilate the output gradient pixels with the stride—vertically and horizontally
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Back Propagation in CNN

dilation:
padding -1 sfcrid:_S-l paddir 3-1
® Backward pass example: ST s s e e B B
& 0 0 | 0 0 o | 0 0 |
v" To visualize the pattern o e —
] 0 0o | 0 0 0 0 0
more clearly, we pad TTTTTTTTTEEE i —
AL AL 0 0 % 0 i 0 0
the gradient tensor with 000 | 3or et T 1 1 T
9 L oL — s o 0 0 | 0 0 0 0 0
R Pad and dilate = g 777777 ‘g
zeros at the top and @ = =
Output gradients 0 0 9710 0 9y11 0 0
bottom as well as to the < T —
o 0 0o | o 0 0 0 0
left and right £
3 0 0 0 0 0 0 0
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Back Propagation in CNN

® Backward pass example:

v" We also rotate the filter vertically and horizontally as shown:

fOO fO‘l f02

fio fia fiz ‘ _________________ E_ __________ _{_I_\_'___ ‘

fZO f21 f22

Filter c D
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Back Propagation in CNN

aL  aL ,
a?ft)o=ﬁf00 > : 0 | 0
|
dL dL aL daL dL 0 0 0 ‘ 0
dxgo 0x01 0x¢2 Oxo3 0xo4 ]'
oL |
® Backward pass example: e | | | | " Bal ° | °
| |
- . JL aL aL aL aL 0 0 0 0 0 0o | o
v’ After these modifications, e | | | o | e | e " -
aL aL aL aL aL 0 0 3 0 ol 0 0
we can now see the Ox3 | a1 | Oxmy | O3 | Oxa = ‘
0 0 0 0 0 0 0
dL JdL dL daL dL
- . x40 0xqy | 0xg 0x43 | 0Xyq : :
calculation of the gradient Lo lole ol ‘ )

tensor as follows:

Yoo = Xoofoo + Xo1fo1 + X02f02 + X10f10 + X11f11 + X12/12 + X20f20 + X21 21 + X22f22
Yo1 = Xoz2foo T X03fo1 t Xoafoz + X12f10 + X13f11 + X1af12 + X22f20 + X23f21 + X24f22
Y10 = X20fo0 T X21f01 + X22f02 + X30f10 T X31f11 + X32f12 + Xa0f20 + X41f21 + Xa2f22

Vi1 = X22f00 + X23f01 + X24f02 + X32f10 + X33f11 + X34f12 + X220 + Xa3fo1 + Xaafor
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Back Propagation in CNN

oL dL f
6‘_=6_ 00
Xp0 Yoo 0 0 0 0
aL aL L aL oL 0 0 0 0
dxpg | Oxo1 dxpp dxpz | dxpq |
aL dL aL aL aL o fe 0 of 0 | 0
- 5. J00 A=zt
® Backward pass example: | | = | = | Zil B 70
. . aL oL oL dL oL | um | O 0 0 0 0 0 0
v' After these modifications, i T e ——— —
aL aL oL L oL 0 0 Fr 0 T 0 0
we can now see the %0 | Oxz | Oxs; | Ox3; | Oxas —
dL dL dL dL daL g ! g g B . 4
calculation of the gradient o | P | % | e | 0% o Lol e lel

tensor as follows:

Yoo = Xoofoo + Xo1fo1 + X02f02 + X10f10 + X11f11 + X12/12 + X20f20 + X21 21 + X22f22
Yo1 = Xoz2foo T X03fo1 t Xoafoz + X12f10 + X13f11 + X1af12 + X22f20 + X23f21 + X24f22
Y10 = X20fo0 T X21f01 + X22f02 + X30f10 T X31f11 + X32f12 + Xa0f20 + X41f21 + Xa2f22

Vi1 = X22f00 + X23f01 + X24f02 + X32f10 + X33f11 + X34f12 + X220 + Xa3fo1 + Xaafor
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Back Propagation in CNN

® Loss gradient w.r.t the Filter

v' Example: horizontal and vertical stride = 2

S
w
foo fo1 foz
Xo0 Xo1 Xo02 X03 Xoa
R flO fll f12
X10 X11 X12 X13 X14
f20 fa1 faz
H | x2 X21 X22 X23 X24 Filter (aka kernel)
Input channels C = 1, number of filters K =1,
Filter height R = 3, width S = 3,
X3¢ X31 X32 X33 X34 stride_R = stride S =2
Q
X40 Xa1 X42 X43 Xa4 Yoo | Vo1
P
Input activations wad
Input channels C = 1, number of images N =1, Output

Fmage:helght =5, sidth=5 Output channels K = 1, number of outputs N = 1,

Output height P = 2, width Q = 2
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Back Propagation in CNN

® Backward pass:
v Assumption: we have
the loss gradient w.r.t the

output pixels.
v' Requirement: calculate

the loss gradient w.r.t the

filter.

Shanghai Jiao Tong University | 2026 | yangxue.site

Loss gradients w.r.t

filter
oL dL dL
dfoo 0fo1 foz
dL dL JdL
Ofic | 0fin | 0fi2
oL dL dL
of | 0far | Ofn2

AN
N/ SHANGHAI JIAO TONG UNIVERSITY

Loss gradients w.r.t
output

dL

dL

Yoo

Y01

dL

aL

Y10

dy11
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Training CNNs

Back Propagation in CNN

® Backward pass:
v Unlike the inputs which contribute to some outputs, each filter contributes to all

outputs:
v" The gradient computation is done using chain rule and partial differentiation

=5 ..
dfmn ! d}/ijdfmn

v iand j represent the position of a single output pixel
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Back Propagation in CNN

® Backward pass example:

v Considering the filter f g,

the loss gradient is

computed as shown:

v" Notice the inputs involved

in the computation

Shanghai Jiao Tong University | 2026 | yangxue.site

Xo0foo |Xo1fo1|Xozfoz | o3 Xo4 oo ¥o1  [¥ozfoo |¥oafor|¥oafoz Xoo Xo1 Xo2 Xo3 | Xoa Xoo | Xo1 | Xoz2 Xo3 Xo4
*10fi0 | X11fis [¥aafiz | x13 X14 X20 %21 |Xazfio [Xaafia [X1afiz X14 X20 X21 X22 X13 X14
X0f20 [X21fo1 [X22foz| %23 | x24 X0 | %31 [Xaafao [Xaafar | Xaafan X24 X30 | X31 |x22f00 |X23f01[X24f02
X3p | X31 | X3z [ X3z | X3a Xzg | X31 | X3z | X33 | X34 X34 X30 | X3 [Xsafio [Xsafia[¥safiz
Xao | Xa1 | Xa2 X43 Xaa Xa0 Xq1 | Xa2 X43 Xaq Xaq Xao | Xa1 |[Xazfao|Xaafo1|Xaafzz
First, consider fyo. It contributes to all outputs: 40, Y01, Y10, and ¥41
Yoo = Xoofoo + Xorfo1 + Xoz2foz + X10f10 + ¥11f11 + X12f12 + X20f20 + X21f20 + X22f22
Yo1 = Xozfoo + Xoafo1 + Xoafoz + X12f10 + X13f11 + X1af12 + X22f20 + X23f21 + X24f22
Y10 = Xaofoo + X21fo1 + Xa2fo2 + Xs0fio + X31f11 + X32f12 + Xaof20 + Xaafr0 + Xazfon
Y11 = Xaafoo + Xasfor + Xoafor + Xsafio + X33fin + X3af12 + Xaafo0 + Xazfoo + Xaafon
aL oL 0yij - aL  dL o o aL o aL i oL -
—_— o — : us = e —
i 4 00 02 20 22
Ofmn J aJ’ij 0 fmn dfoo Yoo 9¥o1 3y10 Y11
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Training CNNs

Back Propagation in CNN

® Backward pass example:

v Considering the filter f,,,

the loss gradient is

computed as shown:

v" Notice the inputs involved

in the computation

Shanghai Jiao Tong University | 2026 | yangxue.site

Xoofo0 | %01 fo1[Xozfoz | X0z | Xoa Xoo | Xo1 [Xozfoo|¥osfo1[¥oafoz Xoo | Xo1 | ¥oz | Xo3 [ Xoa4 Xoo | Xo1 | Xoz | Xoz [ Xoa
*10f10 | X11fis [¥a2fiz | x13 X14 X20 %21 |Xaafio [%aafia xu__fiz X14 X20 X21 X22 X13 X14
X0f20 [X21fo1 [X22foz| %23 | x24 Y30 | Xa1 [Xzafa0 [X2afon [X24f22 X24 X30 | X31 |X22f00|X23f01[X24f02
X3p | X31 | X3z [ X3z | X3a Xzg | X31 | X3z | X33 | X34 X34 X30 | X3 [Xaafio [Xsafia[Xsafia
Xao | Xa1 | Xa2 X43 Xaa Xa0 Xq1 | Xa2 X43 Xaq Xaq Xao | Xa1 |[Xaafao|Xaafo1|Xaafzz
Next, consider fj;. It contributes to all outputs: yq, ¥o1, ¥10, and yq;
Yoo = Xoofoo + Xo1fo1 + Xoz2foz + X10f10 + X11f11 + X12f12 + X20f20 + X21f20 + X22f22
Yo1 = Xozfoo + Xoafo1 + Xoafoz + X12f10 + X13f11 + X1af12 + X22f20 + X23f21 + X24f22
Y10 = Xaofoo + X21f01 + Xa2fo2 + X30fio + X31f11 + X32f12 + Xaof20 + Xaafr0 + Xazfon
Y11 = Xaafoo + Xa3fo1 + Xaafor + X3afio + X33fin + X3af12 + Xaafo0 + Xazfoo + Xaafon
aL oL 0yij - aL  dL o o aL o aL e oL -
—_— o — : us = e —
i 4 01 03 21 23
Ofmn J aJ’ij 0 fmn dfor Yoo 9¥o1 3y10 Y11
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Training CNNs

Back Propagation in CNN

. B a Ckwa rd a SS exa r r l | e " %oofoo |¥orfor¥ozfoz| X0z | Xos Xoo | ¥o1 [Xozfoo|¥03fo1 ¥oafoz Xoo | Xo1 | Xo2 | Yoz | ¥oa Xo0 | Xo1 | Xoz | Xo3 | Xoa
.
X10f10 | *11f11|¥12fiz2 | x13 X14 X20 Xz21 [%aafi0 | *13f11 [Xaafiz X14 Xz0 X21 X22 X13 X4
/ L] L] L]
CO n S I d e rl n g th e fl |te r f 2 2 ’ Xa0f20 |X21/21 | X22fea| X235 | Xaa X30 | X31 [Xazfao [¥a3fon |%2afz X24 Xs0 | X31 |[X22fo0|X23f01(*24f02
X30 | X31 | X3z | X3z | X34 X30 | ¥a1 | ¥32 | Xaz | Xaa X34 X30 | X1 [Xazfio|X33fi1 |¥3afiz
the loss gradient is

g Xao | Xa1 | Xaz | Xaz | Xaa Xeo | X41 | Xaz | Xa3 Xaq Xaq Koo | Xa1 [Xazfa0 [Xazfo1 | Xaafon

computed as shown:

Next, consider f3,. It contributes to all outputs: ¥q0, Y01, Y10, and ¥4

Yoo = Xoofoo t Xo1fo1 + Xo2foz + X10f10 + X11f11 + X12f12 + Xa0f20 + X21f20 + X22f22
Yo1 = Xozfoo + Xo3fo1 + Xoafoz + X12f10 + X13f11 + Xaf12 + X22f20 + X23f21 + X24f22

/ NOtlce the In pUtS InVO|Ved Y10 = Xa20foo + Xa1fo1 + Xaafoz + Xzofio + X31f11 + X32f12 + Xaafo0 + Xar1fo0 + Xazfon

Y11 = Xaafoo + Xasfor + Xaafor + Xzafro + X33f11 + Xzafiz + Xazfoo + Xazfoo + Xaafon

in the ComputatiOn ) aL 9yij aL AL L AL L

—_—= Py — .Thus, —=——Xx —X a3t Xqq t
fmn Ual’ijafmn dfi1 Yoo 41 Y01 13 d¥10 31 Y11

X33
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Training CNNs

Back Propagation in CNN

. B a Ckwa rd a SS exa m | e " Xoofoo |Xo1for[¥ozfoz | X0z | Xoa Xoo | Xo1 [Xo2foo |¥o3for[¥osfoz Xoo | Xo1 | Xo2 | Yoz | ¥oa Xo0 | Xo1 | Xoz | Xo3 | Xoa
.
X10f10 [ *11f11|¥12fiz | x13 X14 X20 Xz21 (%aafi0 |*¥13fia |X1afiz X14 Xz0 | X21 X22 X13 X1
/ L] L] L]
CO n S I d e rl n g th e fl |te r f 2925 Xa0f20 |X21/21 | X22f22| X2z | Xaa X30 | ¥a1 |[Xaafa0 Xzafar (*24faz X24 X30 | X31 |[X2afoo [*23fo1|*24f02
X30 | X31 | X3z | X3z | X34 X30 | ¥a1 | ¥32 | Xaz | Xaa X34 X30 | X31 |[Xazfio|X33fi1 |Xaafiz
the loss gradient is

g Xao | Xa1 | Xaz | Xaz | Xas Xeo | Xa1 | X4z | X3 | Xag Xaq Xeo | Xa1 [Xazfao [Xazfo1|Xaaf2z

computed as shown:

Finally, consider f,,. It contributes to all outputs: y4q, Y01, Y10, and ¥11

Yoo = Xoofoo t Xo1fo1 + Xo2foz + X10f10 + X11f11 + X12f12 + Xa0f20 + X21fa0 + X22f22
Yo1 = Xozfoo + Xo3fo1 + Xoafoz + X12f10 + X13f11 + X1af12 + X22f20 + X23f21 + X24122

/ NOtlce the In pUtS InVO|Ved Y10 = Xa20fo0 + Xa1fo1 + Xaafoz + Xzofio + X31f11 + X32f12 + Xaafo0 + Xarfo0 + Xazfon

Y11 = Xa2fo0 + Xasfor + Xaafor + Xzafio + X33f11 + Xzafi2 + Xaafoo + Xazfoo + Xaafon

in the Computation ) aL 9yij aL AL aL aL oL

—_—= s o r— . Thus, —=——X,, + Xoa+ Xan + X
3 fmn Y 0y 3 fmn Bfaz Yoo 2% dyer 2t 0y 1% oy, M
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Training CNNs @®) rAiars
Back Propagation in CNN

® Backward pass example:

dilation:

. . . ide_S-1

v To visualize the underlying e
pattern, we will modify the 2| o [
oL | dL » Y00 Y01

: oo | S | | -

output gradient tensor by et 7 £y R

. _ _ e ilate BE
dilating the pixels with the e L on LTS IR
Output gradients 9y10 0y11

stride vertically and

horizontally:
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Back Propagation in CNN

® Backward pass example:

;TL a‘:’L oo t 6?/ Xo2 t aiL Xgo t aiL X292
v' After these modifications, 3l oL
%‘xna 0 = x99 ﬁ‘xnz Xo3 Xo4
we can now see the . | o
. . % | o | O fe ol e iy s ||
calculation of the filter o o — oL oL
. o | O | O Lo e R e R
gradient tensor as follows: 2 b o
T FT s X30 X31 X32 X33 X34

Shanghai Jiao Tong University | 2026 | yangxue.site 87



B&) X AXALT

% $)
e/ SHANGHAI JIAO TONG UNIVERSITY

ining CNNs

Back Propagation in Pooling

® Pooling layers have no learnable parameters, so no weights need updated.

® Max pooling: the forward pass stores the argmax index; the backward pass sends
the upstream gradient only to the max location and zeros elsewhere.

® Average pooling: the upstream gradient is distributed equally to all elements in the
pooling window.

0.25 0.25 0.5 05

0.25 0.25 0.5 0.5

075 0075 1 1

07S 0075 1 1

Max Pooling Average Pooling
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Training CNNs

What if you don’t have a lot of data?
Can you still train CNNs?

Shanghai Jiao Tong University | 2026 | yangxue.site 89



NNs

Transfer Learning with CNNs

1. Train on Imagenet (or internet scale data)

FC-4096
FC-4096

MaxPool

MaxPool
Conv-512

MaxPool

MaxPool

Conv-128

MaxPool
Conv-64
Conv-64

Shanghai Jiao Tong University | 2026 | yangxue.site 90



Transfer Learning with CNNs

1. Train on Imagenet

FC-4096
FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512

MaxPool
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

FC-C

FC-4096
FC-4096

MaxPool
Conv-512
Conv-512

MaxPool

MaxPool

MaxPool

MaxPool
Conv-64

>

2. Small Dataset (C classes)

‘\\

Reinitialize
this and train

Freeze these from
pretrained model
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Transfer Learning with CNNs

1. Train on Imagenet

2. Small Dataset (C classes)

WY FAAAE

/" SHANGHAI JIAO TONG UNIVERSITY

3. Bigger Dataset

FcC
'\\ Reinitial FC-409
.elnltla Ize. -
this and train e -
Conv-512 Initialize from
convold pretrained
MaxPool model, then
Conv.512 finetune
Freeze these from MaxPool
pretrained model cone 22
Conv.-23¢ P
axpoo With bigger
Conv-128 dataset, it's
Conv-128 better to train
MaxPool more layers
Conv.ss
j Conv-64
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Transfer Learning with CNNs

very similar very different

dataset dataset

MaxPool
 Conv-512
Conv-512 |

very little data | ? ?

MaxPool |
| Conv-512 |
Conv-512

More specific

MaxPool
Conv-256

Conv 256 | More generic

MaxPool |
Conv-128 |

R quite a lot of ? ?
MaxPool
Conv-64 data
Conv-64
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Transfer Learning with CNNs

very similar very different
dataset dataset

MaxPool
Conv-512
_ Conv-512

— - very little data | Use Linear ?
[ Comsi2 More specific Classifier on

Conv-512 final layer

MaxPool
Conv-256

Conv-256 | More generic

MaxPool

Conv-128
_conv-128 ' / quite a lot of Finetune all ?

MaxPool
e ) data model layers

Conv-64

Shanghai Jiao Tong University | 2026 | yangxue.site 94



SHANGHAI JIAO TONG UNIVERSITY

iNni A NE I I AR
Training CNNs @) xEAdLE

Transfer Learning with CNNs

very similar very different
dataset dataset

MaxPool _.
Conv-512

E— very little data | Use Linear Try another

MaxPool

Conzo. | More specific Classifier on model or collect
Conv-512 final layer more data ®

MaxPool
Conv-256

Conv 236 ] More generic

MaxPool

Gonv-125 | / quite a lot of Finetune all Either finetune

MaxPoo data model layers all model layers

Conv-64

Conyiol or train from
scratch!
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. RV 2 SN
Training CNNs ®) X FRILZ

Transfer Learning with CNNs

Takeaway for your projects and beyond: Have some dataset of interest but it has
< ~1M images?
1. Find a very large dataset that has similar data, train a big model there

2. Transfer learn to your dataset

Deep learning frameworks provide a “Model Zoo” of pretrained models so you don’t need to
train your own

PyTorch: hitps://github.com/pytorch/vision

Huggingface: https://github.com/huggingface/pytorch-image-models
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Contents

® Classical CNN Architectures
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i |
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/ \\ ' “sa Inception-v2(with BN) |
,’ “ i ’ ; - . I = .
; 4 i| Inception Family Inception-v3 J L Xception
] LY 1 —— i
I‘ \\ : Inception-v4 I
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\ N
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\ \
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N Ve DenseNet
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al CNN Architectures

LeNet

® |LeNet mainly consists of 3 convolutional layers, 2 pooling layers, and 1 fully

connected layer

C3: f. maps 16@10x10

INPUT C1: feature maps 84: f. maps 16@5x5
6@28x28

32x32 $2: f maps

C3: layer ;
6@14x14 Ir r 120 Pl 7 b

— |
| Full mmlectinn | Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection
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LeNet

® |t possesses basic components such as convolution, activation, pooling, and fully

connected layers, forming the basic framework of CNN.
® GPUs did not exist at that time, and CPUs had extremely low performance.

® L[eNetis only used in simple scenarios such as handwriting recognition
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AlexNet

® AlexNet, designed by Hinton and his student Alex Krizhevsky and llya Sutskever, won
the ILSVRC championship in 2012 with a significant margin of 16.4%, containing 5

convolutional layers, 3 pooling layers, and 3 fully connected layers

27 13. 13 13. dense._densg._
3 6.
3 g dense.
55 SJ 3+‘
11711 ' 128. 192. 192. 128 — \| —
3 O«
1000
i3@.
224. 5 13 13. [ | [ |
. A% 192 192. 128 4096 4096
3. 128. 128.
55 max pooling max pooling

48.
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Classical CNN Architectures
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AlexNet

® Advanced techniques such as dropout, and

GPU acceleration were utilized.

Sutskever

® A dual-GPU parallel computing acceleration
mode was adopted. It refers to the process
where the model structure remains the same
across different GPUs, but the training data is
split and trained separately to obtain different
models, which are then fused.

® Parameters: 60 million; Model size: =240M.
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VGG16

| Softmax ]
| FC 1000 |
H 1 Softm.

® The VGG16 network comprises 13 convolutional layers, ——— ———
| FC 4096 | Pool |
5 pooling layers, and 3 fully connected layers. .
l | |
224 x 224 x3 224 x 224 x 64 | L ) 512 ]
| 2 | | Pool |
| Pool ] [ 33conv,512 ]
[ 512 ] [3@cow5i2 ]
| 3x3 conv. 512 I I 3 Av. 512 I
112 x[112 x 128 T e |

| FC 1000 |
*x 56 x 256 I Poal I I Pool I
28 X 28 X 512 _TXTx512 oo, ] ' o 256 |
LEX 14X 012 1x1x4096 1x1x 1000 | o256 ] | 256 ]
e s T B Pool i 1 Pool ]
[Soomot ] | wize ] | %]
[ e [ %]
@ convolution+ReLLU | Pool { | Pool |
@ max pooling % | i | | |
., fully connected+ReLU —— | v - |
5] softmax | Input | | Input ]
| AlexNet VGG16 VGGI19
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VGG16

® Small filters: Connecting multiple small convolutions in

series is equivalent to one large convolution, e.g., using

two 3*3 convolutions in series achieves a 5*5 effect (the

same output feature size), but the number of parameters is 1

only 9/25 of the previous one.

® Deeper network: By repeatedly stacking 3x3 convolutions

and 2x2 pooling, a maximum depth of 16 layers was

achieved.

® Parameters: 138 million; Model size: =500M.
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28.2
25.8
16.4
19
11.7 layers
13
.

2010 2011 2012 2013 2014

Sanchez & rizhevsky etal ~ Zeiler&  Simonyan &
Perronnin (AlexNet) Fergus Zisserman (VGG)

Low-level Mid-level ,| High-level | | S';?:;rge —

features features features .
classifier 30

N
o

=
Ul

Error Rate

=
o

(]

Lin et al

VGG-16 Convl 1
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Problem

Too many parameters can
easily lead to overfitting if the

Simply deepening a training dataset is limited
neural network

How to enhance the
feature extraction
capability of the network

5 The deeper the network, the l
= S . O
(e easieritis for gradients to L
) : Increase “width
tierations vanish when propagating o
backwards, making it difficult Skip connection

to optimize the model
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assical CNN Architectures

GooglLeNet

® Inception Block: Simultaneously employing 1x1, 3x3, and 5x5 convolution and

pooling operations to extract features with different receptive fields

Filter 30 28.2
concatenation 25.8
25
; o | o 20
| ! i -..- - f - - -.l I E 16.4
. _+_ { + s 15 117 | 22
=ty S — — |' s = ’ layers layers
' . it pooling w 10 7.3 6.7
- . 8 layers ’
5

2010 2011 2012 2013 2014 2014

sanchez& rizhevsky etal  Zeiler &  Simonyan &  Szegedy etal
Perronnin (AlexNet) Fergus Zisserman (VGG) (GoogLeNet)

Pravious Layer 0

Lin et al

Increase the width of network
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sical CNN Architectures

Inception
1*1 convolution: Reduce the number of input
channels to avoid an explosion in the number

of parameters while increasing the width

1x13x3
1Xx15x%x5
Concatenation: By configuring different
Max pooling 1 x 1 padding sizes to achieve features of

identical spatial dimensions, the features

can be concatenated along the channel
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ical CNN Architectures

Deeper Structure

® 22 layers: To mitigate the vanishing gradient problem, extra softmax outputs are

strategically added at different depths to ensure stable gradient backpropagation.

Output Layers
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ResNet

Deep ConvNets tend to underfit.

Test error Training error
\ 56-layer
20-layer
20-layer
lterations lterations

Shanghai Jiao Tong University | 2026 | yangxue.site
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How to train such a deep ConvNet?

152

28.2
25.8 layers
16.4
19 22
11.7 layers layers
7.3 6.7
L

. [ ]

2010 2011 2012 2013 2014 2014 2015

Sache&Kh vsky etal  Zeiler& ~ Simonyan &  Szegedyetal He et al
err (AlexNet) Fergus Zisserman (VGG) (GoogLeNet) (ResNet)

w
o

N
(O3]

N
o

Error Rate
= =
o (6]

(O3]

Linetal
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ResNet

® Skip Connection: if a layer is redundant,

the network can trivially zero its weights

X
(F(x)=0) to recover identity mapping (just P —
like the shortcut between A and D). F(x) Jrelu "
weight layer dentity

MSRA @ ILSVRC & COCO 2015 Competitions

* 1st places in all five main tracks F( XJ + X
* ImageNet Classification: “Ultra-deep” (quote Yann) 152-layer nets
* ImageNet Detection: 16% better than 2nd
* ImageNet Localization: 27% better than 2nd .
Residual Block

* COCO Detection: 11% better than 2nd
* COCO Segmentation: 12% better than 2nd
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ResNet

layer name | output size 18-layer 34-layer | 50-layer 101-layer 152-layer
convl 112112 Tx7, 64, stride 2
3x3 max pool, stride 2
T 1x1, 64 ] T 1x1, 64 ] T 1x1, 64 ]
2 56x56 ’ ’ ’
SRS ¢ l gxg gj ]xZ l gxg’z ]x3 3x3,64 | x3 3%3.64 | X3 3x3,64 | x3
s i | 1x1,256 | 1x1,256 | 1x1,256
- - - - [ 1%l 128 | [ 1x1,128 [ 1x1,128 ]
conv3.x | 28x28 g:g gg ) gig gg x4 | | 3x3,128 | x4 3%3,128 | x4 3%3, 128 | x8
iy LA L, sy 0 | | 1x1,512 | | 1x1,512 | | 1x1,512 |
" : . . T 1x1,256 ] 1x1,256 ] 1x1,256 ]
convdx | 14x14 g:i ggg ) gzg §§2 x6 || 3x3,256 |x6 || 3x3,256 | x23 || 3x3,256 |x36
L e, SR L S, 428 | | 1x1,1024 1x1,1024 | 1x1,1024 |
] i ] ] T 1x1,512 ] 1x1,512 1x1,512
comv5x | Ix7 g:gg}; ) g:g;; x3 || 3x3,512 |x3 || 3x3,512 |x3 3%3,512 | x3
Reih bl | J3iad | | 1x1,2048 | 1x1, 2048 1x1,2048
Ix1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° 3.6x10° 3.8x10° 7.6%x10° 11.3x10°
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image
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7 X Toorw, 64./2
pool/2
convl_x 3
conv3_x
3
convd_x
5
convs_x
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ical CNN Architectures

; | ~Inception-v4
L 80+ i ¥y W U r b
Incep:)tlon-VB ° ResNet-152 |
ResNet~;50‘; ' i VGG-16 | VGG-19
L R B B OB OB OB Uk ~ResNet- 101""'"""1 """"""""""" T
' ResNet-3ft : :
oy < : ' E !
P_,?O. P_,‘?U.._ ¥ ResN.et_ls (A NN || N
: =701 @Y
© © GooglLeNet
é 3 ENet |
= 654-------------------- A T - N BN - - B - B - B o 65 - =
Lo — '
3 s | @BNNN ; : |
BN EEE B R B B B B B B NS NS e VPR PR e 0l o W 35M -~ 65M-----O5M ---- 125M ---155M---.
BN-AlexNet |
55 4-----—----- - AEEE - - - SRR - R - B - - B - B 55 NEXNE‘Y e R . R R e il e e e L e e
0T X & N\ 6 A9 Ak <O . o>.gl PO b 00 5 10 1;5 20 25 30 35 40
et et o e s N2 N
P\@*‘tﬁ@ \“\ \Qﬁ \‘\ \\\e GC;:;'GGX' 3\\3"::6‘:& o ?}0 O ot Operations [G-Ops]
Y GO ?\e e® ?\e' e’ ef’ C,Q(\(.
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Shanghai Jiao Tong University | 2026 | yangxue.site Applications, https://arxiv.org/abs/1605.07678.



CNN Architectures

Comparison
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ssical CNN Architectures

Inception-ResNet

® Combining the concepts of Inception and ResNet

‘ Relu activation

‘ Relu activation ‘
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Classical CNN Architectures @) > FRArY
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DenseNet

® Connect the output with the input in parallel, enabling each layer to directly

receive the outputs from all preceding layers.
® Utilizing shortcut connections to directly link all layers together, this architecture

not only mitigates the vanishing gradient problem but also promotes feature reuse.
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Classical CNN Architectures
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Programming Assignments @) X FXAL%
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Classification with CNN, Transformer, etc.

EZEK:

v LW HRYR: FRASTHREEMNE (CNN) #HTEBIG RIS, FIAPyTorch, TensorFlowsgJittorsCINFEEE R
=, BERABEET,

v MAEEER: ERINESEEUESE (MIMNIST, CIFAR-10) SBE{TESIRISURSE, HITTRANIERILIS

v BRI RiTBREEZECNNKE, AJEUHETNRIT (WO0AResNeti=iR) , FHiBBIRITREE,

v BT IERYIGSRRPIRAIERZR, RENXESRERER, RTEsEEm,

v EBEK: PyTorchaTensorFlowHEZEUHBSEIN, iBMTEIEFFHERE; JittorSEELAMNS I, FHERIRS.

v SCORE: EaLREE. HUBEIHE. MRS, LSRR, EROMIRES, [H1)IIgmLEFMEReistR,
af i nEURT e RS B8
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Welcome to join VisionXLab
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