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Mango Selection

® How can you tell if it's

a mango?

® How can you tell if a

mango is sweet?

Shanghai Jiao Tong University | 2026 | yangxue.site 3



Introduction & Overview

Machine Learning

WO L@

Data Input Classifier
........................... Deep
Learning
?‘? &-'/ s @ /‘“\ Vision
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PN
Data Input Feature Extraction + Classifier Output
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Forward Propagation Bi@{&#%

ERI
h lterative process until

loss function is

“ minimized

BNER BEHRE

True Values (y)

Backward Propagation K&[E{E#E
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Origin: Artificial Intelligence

® In recent years, Al has become the biggest winner of the Nobel Prize/Turing Award. As an

irresistible force, it is driving a paradigm shift in scientific research.

THE NOBEL PRIZE THE NOBEL PRIZE
IN PHYSICS 2024 IN CHEMISTRY 2024

Geoffrey E. Hinton

Baker Hassabis Jumper

“for computational “for protein structure prediction”
protein design”

"for foundational discoveries and inventions
that enable machine learning
with artificial neural networks”

THE ROYAL SWEDISH ACADEMY OF SCIENCES THE ROYAL SWEDISH ACADEMY OF SCIENCES

Andrew Barto Richard Sutton

Shanghai Jiao Tong University | 2026 | yangxue.site 6
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Introduction & Overview

Origin: Artificial Intelligence

GPT-40 is 2x faster and 50%
cheaper than GPT-4 Turbo

GPT-4 Turbc
14 per 1M tokens
GPT-40
$7 per 1M tokens
Mar ‘23 N ‘23 May 24

Shanghai Jiao Tong University | 2026 | yangxue.site 7




Introduction & Overview

Origin: Artificial Intelligence

Claudda”:-Z."zms;; 5
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Origin: Artificial Intelligence

® Alan Turing (1912-1954)
v' 1931 Admitted to King's College, Cambridge, with a
scholarship in mathematics.
v' 1938 Earned his PhD from the Institute for Advanced
Study at Princeton, USA.
v" 1939 Called up to work for the British Foreign Office,

cracking enemy codes.

v' 1945 Awarded the highest government honor, the
Order of the British Empire.

v' 1954 Died by suicide.

Shanghai Jiao Tong University | 2026 | yangxue.site 9
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Origin: Artificial Intelligence

Iinterrogator

® The Turing Test (1950s)

v’ Separate humans from machines.

The
very
essence
of the
Turing

v Humans ask questions via electronic
communication devices.

v' After multiple rounds of Q&A, if over
30% of people can't distinguish

test.

whether the respondent is human

or machine, the machine passes the

test and is considered to possess

human-level intelligence.

Respondent B

Shanghai Jiao Tong University | 2026 | yangxue.site
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Introduction & Overview
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OpenAlEFEHA NEAIER,. HEEIMNSRAERESE, BEihiRArtificial AnalysisfiEds: Al EREEEEEREINERE
MMLU _ER948558 82%, M Gemini 1.5 Flash £385538 79%, Claude 3 Haiku 9856 75%. EEEECFEEsEHM MGSM

_F, GPT-4o0 mini 94853 87%, 1o Flash B98758 78%, Haiku B854 72%.
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Artificial Intelligence — Deep Learning

® The differences and connections between Al and DL

Planning and Scheduling Supervised Learning
Expert Systems Unsupervised Learning
: 4 ssed Leami
Multi-Agent Systems
Ensemble Learning
\ ‘ Evolutionary Computation Fies Tins
AI% LFJ\E *ﬂ:ﬁﬁ'%ﬁg igﬁ#— 3_[ Al Fussy Logic and Rough Set Reinforcement Learning
(Al) (ML) (RL) . . :
Machine Leaming Regression
Knowledge Representation Classification / Clustering
"\, | Outlier (Anomaly) Detection
Recommender Systems “,\\ Metric Leaming
Robotics and Perception 3 Causality Analysis

Shanghai Jiao Tong University | 2026 | yangxue.site 16
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Artificial Intelligence — Deep Learning

Broad
Concept o
Artificial
InElgenes Making computers work like humans
Machine
Learning Uses algorithms to analyze data, learn from it, and
: measure or predict real-world events
A specific implementation technology
Practical
Techniques

Shanghai Jiao Tong University | 2026 | yangxue.site 17
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Artificial Intelligence — Deep Learning

Providing methods for implementing
artificial intelligence

Providing technology for implementing
machine learning

Shanghai Jiao Tong University | 2026 | yangxue.site 18
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itroduction & Overview

The Development of Deep Learning

® \When a neuron is "excited," it sends M-P Neuron Model [McCulloch and Pitts, 1943]
chemicals to connected neurons, altering L RARIM > sraei
AT TS U B

their electrical potential.

142
> id yFf ( E W;T; — 9)

i=1

® If the potential exceeds a threshold (6), the

Y Activation Function

neuron is activated. T
® Learned knowledge is embedded in the |
connection weights (w) and threshold >
Budding).
—
1943 Future

Shanghai Jiao Tong University | 2026 | yangxue.site 19
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The Development of Deep Learning

® The ideal activation function is the step function: \ sen(z) + sigmoid (z)

v" 0: Inhibits the neuron

v' 1. Activates the neuron J
® The step function is discontinuous and non- ' ' 7 -

) 1 £ 50 05 10 05 107

smooth. sgn(e) = {{1] o sigmoid(z) = ———
® Commonly used alternative: Sigmoid function (a) B350 (b) Sigmoid  #
Budding _
| Boom Period

I —
Perceptron (1958), Adaline
1943 (1960), Perceptrons (1969) Future

Shanghai Jiao Tong University | 2026 | yangxue.site 20
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Introduction & Overview @) > ERAre

Artificial Intelligence — Deep Learning

® First Winter (1976-1982), faced skepticism due to
v" Insufficient computing power,
v High computational complexity,

v Great implementation difficulty

Budding _
‘ Boom Period Al Winter

L [ —

1943 Perceptron (1958), Adaline

(1960), Perceptrons (1969) Future
Shanghai Jiao Tong University | 2026 | yangxue.site 21
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Introduction & Overview

The Development of Deep Learning

® A neural network is a widely interconnected network of adaptive simple units.
® [ts organization can simulate the interaction responses of biological nervous

systems to real-world objects. [T. Kohonen, NN88]

v Solving general learning problems

v' Integrated with biological systems

Neural

Budding Network ﬂ
| Boom Period Al Winter  |Nature g&
I [

Perceptron (1958), Adaline
1943 (1960), Perceptrons (1969) 1986 Future

Shanghai Jiao Tong University | 2026 | yangxue.site 22
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The Development of Deep Learning

1o - =
50 - i S E— - .l
] - -

ST

X, X, X, Jf{ner}
d
g(x) = O xiw; + wo) = f(w'x)
i=1
Neural
Budding Network ﬂ
| Boom Period Al Winter  |Nature g&
— -
1943 Perceptron (1958), Adaline 1986 Future

(1960), Perceptrons (1969)
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Introduction & Overview

The Development of Deep Learning

® High training difficulty
® Insufficient computational power of computers

® Limited training data volume @

® Poor performance

Neural

Budding _ Network ﬂ
| Boom Period Al Winter  |Nature
I [

Perceptron (1958), Adaline
1943 (1960), Perceptrons (1969) 1986 Future

Shanghai Jiao Tong University | 2026 | yangxue.site 24
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Introduction & Overview

The Development of Deep Learning

Prediction accuracy

® Better model design A

Deep learning

® Greater computer computing power

® [ arge-scale database collection

Other machine learningtools

Significant performance improvement
g p p —

Big data + increased model complexity —
Size of training data
Neural
Budding . Network ﬂ Deep Belief Network
! Boom Period Al Winter |Nature @& Y Silent Period Science
L [ _
Perceptron (1958), Adaline Tradition ML Models

1943 (1960), Perceptrons (1969) 1986 (SVM, Boosting, ...) 2006 Future

25
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The Development of Deep Learning
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Budding

Neural
Network

1943 Perceptron (1958), Adaline
(1960), Perceptrons (1969)
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Comparison of object recognition effects
(1,000,000 images and 1,000 categories)

e L i Eror e | perrion

A WO DN

U. Toronto 0.15315
U. Tokyo 0.26172
U. Oxford 0.26979

Xerox/INRIA 0.27058

Deep Belief

Deep Learning

Hand-crafted
features and
learning models.
Bottleneck.

Network [|MAGENET

Tradition ML Models
(SVM, Boosting, ...) 2006

Boom Period Al Winter |Nature Silent Period Science Explosion Age
! P g
I |

2012 Future
26
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Neural Deep Belief
Budding _ Network ﬂ Network [IMAGENET
! Boom Period Al Winter |Nature .1 Silent Period Science Explosion Age
[ I
Perceptron (1958), Adaline Tradition ML Models
1943 (1960), Perceptrons (1969) 1986 (SVM. Boosting, ...) 2006 2012 Future

GPT-4, DALL-E3

E%m. Stable Diffusion XL

4 \';‘-\

-
P R |

- ‘

;

A

X

identity

F(x) +x BERT, bidirectional transformer .,fof.“'i

Co . _ GPT-1, the first generation of EIE . 2023 Stable Diffusion 3
AlexNet, the beginning of deep learning R:ftr::dts, Leestlv(;]/lcj)?ll (Sjc:;:;]on Iaggr;osdels DALL-E, test to-image GPT-40, Support multimodality
2012 GAN =22  GPT-2 2021 pALL.E2 2024
s 2015 2019 gpr.3 2241 @
2020 2022 deepseek
Deep thinking

Seq2Seq, sequence 2014

generation ngtwork ~  ——— __ 2017 2020 2025
f f f f ! Transformer, reform of CLIP, Multimodal 2021 2022 — 2024

ChatGPT, Human-computer dialogue  OpenAl o1
o Stable Diffusion, Text-Image
i Diffusion Model

Shanghai Jiao Tong University | 2026 | yangxue.site 27
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Neural Deep Belief

Budding _ Network ﬂ Network IMAGENET
! Boom Period Al Winter |Nature g& Y Silent Period Science Explosion Age
T | _
Perceptron (1958), Adaline Tradition ML Models
1943 1960) Perceptrons (1969) 1986 (@M. Boosting, . 2006 2012 Future
® New algorithm design patterns ® Key factors for success: Big data + new
start start |earning models
! J

Li Fei-Fei Geoffrey Hinton
. ” NE
L IMAGENET
Domain AL/ '
Knowledge Choose and |, |
design model
¢ [oetocoiection | [evatustiontas | - [FBeERNeSRG ]
One million images Predict 1,000 image CNN is not new
with labels categories

! Design network structure

end New training strategies
Shanghai Jiao Tong University | 2026 | yangxue.site 28
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Neural Deep Belief |
Budding _ Network ﬂ Network [|MJ&AGENET
! Boom Period Al Winter |Nature .1 Silent Period Science Explosion Age
[ I
Perceptron (1958), Adaline Tradition ML Models
1943 (1960), Perceptrons (1969) 1986 (SVM. Boosting, ...) 2006 2012 Future
® Key factors for success: Big data + new ® Development direction
learning models Big data
' ﬂ Challe.ngin.g super\‘lisi‘on task
Li Fei-Fei Geoffrey Hinton with rich predictions

Rich information

ﬂ How to make use of it?

Capture
contextual information

R IMAGENET

v

One million images Predict 1,000 image CNN is not new
with labels categories

Hierarchical
Reduce|capacity

Joint
optimization
Domain
knowledge
New training strategies

Shanghai Jiao Tong University | 2026 | yangxue.site 29
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Design network structure Go deeper

Make learning more efficient
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Introduction & Overview

Neural Deep Belief

Budding _ Network Network IMAGENET
! Boom Period Al Winter |Nature g Silent Period Science Explosion Age
] I
Perceptron (1958), Adaline Tradition ML Models
1943 (1960), Perceptrons (1969) 1986 (SUM. Boosting . 2006 2012 Future

® Feature learning

v Jointly optimize the "feature transformer

=

=l
~

dense dens

N
e
] rd
Ly
o
A
\11
b
(]
e |
\“‘4%7
{
\|f
Y
— .
w
g
vl
L
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e
W
&
\L’
\[“I
¥
5

+ classifier" approach

v' Leverage computer-generated learning Max - S g 096
Stride\| o5 | PO°liNG pooling
220\l of 4

Lt

of feature representations
v’ Better leverage big data

v Quickly acquire features suitable for

new applications

96 learned low-level filters
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® Multi-Layer Perceptron




Modeling One Neuron

® Biological (left) vs. artificial neuron analogy (right)

L0 wo
*@® synapse
axon from a neuron
impulses carried dendrite \_
toward cell body A N bod
_ branches ceil boay Y wizi+b
dendrites of axon w11 Z +3 ;
[\ \ ) - w; T; -
: ; ca f output axon
axon R—
nucleus terminals ?ctlvt?tlon
W Ty unction
impulses carried
away from cell body
cell body

A cartoon drawing of a biological neuron (left) and its mathematical model (right).

Shanghai Jiao Tong University | 2026 | yangxue.site 32



lulti-Layer Perceptron

Single Neuron Analogy

Activation
X3 function
Qutput
¢{-) —> Yk
Summing
junction
Xm
Input Synaptic
signals weights

Shanghai Jiao Tong University | 2026 | yangxue.site
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output of k-th neuron analogy y,:

Weight  Bias

Nonlinear Activation Linear combiation

33
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éulti-Layer Perceptron

Single Neuron as a Linear Classifier

Neural Network

Input: X € RD

Output: WX + b - f(X) (= RC Linear

classifiers

I(_jearnable Parameters: W € RCxD, b e R

Shanghai Jiao Tong University | 2026 | yangxue.site 34
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Single Neurons stack — Neural Network Layer

4
Y :d)(ZWini +b;)
i=1

l Output stack

o
Y Wil Wiz Wiz Wyy x; b,
Y2l = ¢ || W21 W22 Wa3z Wy X3 + | b,
Vi Y3 W31 W3z W3z Wgy bs
X4 |
Weight Matrix
/@: (j)(:)+ b
Output Vector Input Vector

Shanghai Jiao Tong University | 2026 | yangxue.site 35
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A Linear Classifier Example

® Example for 2x2 image, 3 classes (cat/dog/ship)

Stretch pixels into column f(x,W) = Wx + b
56
02 | -05 | 0.1 | 2.0 14 -96.8
231
1.5 | 1.3 | 21 | 0.0 +| 32 | = | 4379
24
L 0 |025| 0.2 | -03 -1.2 61.95
Input image
2,2) ?
W 3,4 o b (3,

Shanghai Jiao Tong University | 2026 | yangxue.site 36



A Linear Classifier Example

: ulti-Layer Perceptron

® Interpreting an linear classifier: Algebraic viewpoint

Algebraic Viewpoint

f(x W)=Wx+Db

Stretch pixels into column

l
| .
L 0.2 | -05 | 01 | 2.0
Kt ! 231
B 15 | 1.3 | 21 | 0.0
= x
e — 0 |025| 02 | -03
Input image
2,2) §
' W 3,9
(4,

Shanghai Jiao Tong University | 2026 | yangxue.site

11 -96.8
3.2 437.9
-1.2 61.95
b (3)
(3)

b

0.2

-0.5

0.1

2.0

1,1

-96.8

1.5 1.3

2.1 0.0

2D

3.2

437.9

0.2

-0-3

-1.2

61.95

/// \‘\\\ - /». \4 X %
YAXALZ

\¢ /
) e/ SHANGHALI JIAO TONG UNIVERSITY
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Layer Perceptron

A Linear Classifier Example

® Interpreting an linear classifier: Algebraic viewpoint

02 | -05 1.5 | 1.3 0o | .25
W
01 | 2.0 21 | 0.0 02 | -03
} | }
b i [ 3.2 a2
! ! }
-96.8 437.9 61.95

Shanghai Jiao Tong University | 2026 | yangxue.site 38



Layer Perceptron

A Linear Classifier Example

® Interpreting an linear classifier: Algebraic viewpoint

Linear classifier has one
“template” per category

0.2 | -0.5 1.5 1.3 0 .25
w
A single template cannot capture 01 | 20 21 | 00 02 | -03
multiple modes of the data } } |
b 1.1 3.2 17)
e.g. horse template has 2 heads! _Qi_g 4317.9 61_195

plane car bird cat deer dog frog

Shanghai Jiao Tong University | 2026 | yangxue.site 39
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A Linear Classifier Example

® Interpreting an linear classifier: Geometric viewpoint

f(x, W) =Wx+Db

Array of 32x32x3 numbers
(3072 numbers total)

Shanghai Jiao Tong University | 2026 | yangxue.site

Airplane

Pixel

Score (11, 11, 0)

Car template

o
.0
*

on this line

Hyperplanes carving up a
high-dimensional space

Car score
increases
this way

Pixel (15, 8, 0)

—

Deer
Score

Car Score
=0

40



Multi-Layer Perceptron

Hard Cases for a Linear Classifier y‘

® A single neuron cannot solve many problems!

® Solution: Multi-Layer Perceptron (MLP w/ activation functions)

Class 1:
First and third quadrants

Class 2:
Second and fourth quadrants

Shanghai Jiao Tong University | 2026 | yangxue.site

Class 1:
1<=L2 norm<=2

Class 2:
Everything else

O @

Famous XOR problem:

Class 1:
Three modes

E\I,zs:,tzh.ng el No linear separator exists!
ENEECT
0 0 0
0 1 1
il 0 1
1 1 0

41



’ \\ - » A %

% 5
N mme€s/  SHANGHAI JIAO TONG UNIVERSITY

Multi-Layer Perceptron

2-layer Neural Networks
® Input; x € RD
® Output: Womax (0, Wix + bq) + by = f(x) e RC

® Learnable Parameters: W1 € RE*D W, e RC*H by e RHE, by € RC

Input:
X W W
3072 ' h ’ >
Qutput: 10
Hidden layer: S
100

Shanghai Jiao Tong University | 2026 | yangxue.site 42



Multi-Layer Perceptron

2-layer Neural Networks

® Input; x € RD

® Output: Womax (0, Wix + b)

+ by = f(x) € R¢

’ \\ - » A %

% 5
N mme€s/  SHANGHAI JIAO TONG UNIVERSITY

® Learnable Parameters: W1 € RE*D W, e RC*H by e RHE, by € RC

Element (i,

j) of W, Input:
gives the =072
effect on h;

from x;

Shanghai Jiao Tong University | 2026 | yangxue.site

Y

\‘f“

Hidden layer:
100

Mh)é/’?

Output: 10

Element (j, k)

of W, gives

the effect on

sk from h;

43
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2-layer Neural Networks
® Input; x € RD
® Output: Womax (0, Wix + bq) + by = f(x) e RC

® Learnable Parameters: W1 € RE*D W, e RC*H by e RHE, by € RC

Element (i, j) of W, gives \\ Element (j, k) of W, gives
the effect on h; from x; Input: | o= W S the effect on s, from h;
3072 P —
-
All elements of x Hidden layer: Output: 10 All elements of h
100

affect all elements h affect all elements s

Shanghai Jiao Tong University | 2026 | yangxue.site 44
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Deep Neural Networks

® Input; x € RD
® Qutput: f(x) € RC

® Learnable Parameters: W1, ... We, b1, ... bs

Depth = number of layers

N

—
Width:
Size of
et Output: 10
Input:
3072

Shanghai Jiao Tong University | 2026 | yangxue.site 45
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Deep Neural Networks

® Setting number of layers and their sizes

v' overfitting

v’ generalization 3 hidden units 6 hidden units 20 hidden units

More hidden units = more capacity

Shanghai Jiao Tong University | 2026 | yangxue.site 46



//"// \\‘\\ 4
(¥ = ) “ ’y& 3 . X %
Bv=94) % - A \‘ﬂ, q‘

\& /,/
et/ SHANGHAI JIAO TONG UNIVERSITY

ulti-Layer Perceptron

Deep Neural Networks Example

xt-1) = WO x(-1) = sl) — h(sh) = xO

\L//\i J’Q

VL —».
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Activation Functions

Why activation
functions?
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Activation Functions

Suppose we remove all activation

functions former layer output Y:

Yk — W;I<-Xk + bk

current layer output Y,.1:

-
Yier = Wi X1 + bras

while Xk+'| = Yk

Yirr = Wi (WiXi + by) + by
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Activation Functions
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Yi+1

l Degradation

Wi
Xk
Yier = Wit (WiXye + b)) + by
Yier = WIX, + b, X

W.
<

Vit

Conclusion: The linear superposition property makes stacking multiple linear layers meaningless,

as they can always be reduced to a single layer.

Shanghai Jiao Tong University | 2026 | yangxue.site
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Activation functions are necessary !
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Iti-Layer Perceptron

Activation Functions

® Input; x € RD

® Output: Wamax (0, W1x + b1) + by = f(x) € RC¢

The function Re LU (z) = max(0, z) is called “Rectified Linear
Unit”

10,

-10 10
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Multi-Layer Perceptron

Activation Functions

® Pros and Cons to using the RelL Us:
v Sparsity: Zero output for negative inputs promotes network sparsity

and generalization.

v Mitigates Vanishing Gradients: Gradient is exactly 1 in the positive

region, preventing decay in deep networks.

v" Dying ReLU Problem: Neurons can get "stuck" outputting 0, making

gradients permanently zero.
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lulti-Layer Perceptron

Activation Functions

® Leaky RelLU: Leaky RelLUs are one attempt to fix the “dying ReLU” problem.

10;

0% ifz >0

negative_slope x x, otherwise

LeakyRELU(z) = {

S W

Adds a small slope to negative inputs to prevent "death" ;
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Multi-Layer Perceptron

Activation Functions

® Sigmoid:

o(x) =
(x) 1+ e
® Sigmoids saturate and kill gradients. When the neuron’s activation saturates at either tail

of 0 or 1, the gradient at these regions is almost zero

1.

10
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Activation Functions

® Pros and Cons to using the Sigmoid:

v" Probabilistic Interpretation: Directly outputs values (0, 1) interpretable as

probabilities, so it's ideal for for binary classification.

v Smooth Gradient: Differentiable everywhere, enabling gradient-based

optimization.

v Vanishing Gradients: Gradients = 0 for extreme inputs ( | x | > 0), stalling

learning in deep networks.
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Activation Functions

® Softmax:
Output Softmax .
layer activation function Probabilities
[1.3 0.02
5.1 e~ 0.90 softmax(z);
Zj
- f -
0.7 D i1 €7 0.01 >, e
[ 1.1 0.02

The sum is 1.
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Activation Functions

® Pros and Cons to using the Softmax:
v Probabilistic Interpretation: The output directly represents the probability
of a sample belonging to each class, making it suitable for multi-class

classification tasks.

v' Gradient Behavior: The derivative involves interactions between the
probabilities of different classes, enabling efficient gradient computation

during back propagation.
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Perceptron

Activation Functions

Sigmoid Softmax
max(O, X) W 2:(= eXi
* Sparse Activation * Smooth Function * Exponential Function
* Solving Vanishing Gradient * Vanishing Gradient * Probability Distribution
* Dying Neurons * Binary Classification * Multi—class classification
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Multi-Layer Perceptron

Activation Functions

® Other functions:

Sigmoid 1 Leakv RelU )
o) = 1 _ max(0.2x, x)
1+e™ = . " y o

1

tanh Softplus

. A
tanh(x) = sz m 1 - ’ i log(1 + exp(x))

RelU ELU

max(0, x) x>0

X,
fx) = {a(exp(x) — 1), x<0

—2
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Multi-Layer Perceptron

Summary: an example

® Suppose we want to predict the commute time into city center.

: : ) 1 10.1] [ 18 |
Dist (km) | Commute Time (min) 1 29 5
P : 7}
10.1 18 g=X0=|1 193] - {90] —> y=]29
2.9 5 1 14.5 : 23
19.3 29 L 35.2] 39.5
i &@P‘“_ 1A 4 WEBT ! 14.5 23
AEaN BNNTA el 35.2 39.5 Features: X € R**? Parameters: 6 € R
L Magiao Town Xﬂglammk—_ 7an_uu7prn
Uﬁlw%;s‘ity}’l}n{gﬁg Campu'? Q — f(gjj 6) — 90 + 91 ml

® Define the loss function:

N
£0) = 5 Y (f(ii0) — wi)? -
i=1 Find the parameters that can minimize this objective?
1
= 5(X0—y)" (X6 —y)
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Summary: An Example

® Compute the partial derivative: ® Gradient Decent:
VQE(B) = VQ%(XH—y)T(XG—y) Vg[,',(g) :XTXQ—XTy

= %Vg((XG)TXB — (X0)Ty —yT(X0) +yTy) (1) 0; :=0; —aVeL(0)

i
= 5 V(6 (XTX)0 - y"(X6) -y (X6)) (2)
2 - Gradient descent
— %Vg (GT(XTX)Q - 2(XTy)T9) (3) Min = 1.9500000000000002 |~ |
~ Lexmxo-2x7y (4 N ~t
3.0
= XTX0—XTy (5) \ ! g ' »
\ . 20 2

15
T 10
05
0.0

VoL(0) =0 CT—> 6=(XTX)"1xTy
Normal Equations
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Multi-Layer Perceptron

Summary: An Example

® What other variables would be useful?
v Distance to city center,
v' Day of the week,

v' Transportation,

v’ etc.
Dist (km) | Day | Trans. | Commute Time (min) Dist (km) | Day | Trans. | Commute Time (min)
24T Friday Bus 25 2.7 5] 1 25
4.1 Tuesday Bike 20 4.1 2 2 20
2.9 Monday Bus 18 :> 2.9 I 1 18
3.5 Saturday Bus 22 3.5 6 1 22 B =
3.8 Friday Car 20 3.8 5 3 25 1 27 o 1 _90_
1 41 2 2 p
Represent the day as 1-7 g=X0=1[1 29 1 1 91
Represent the Transportation type as: Bus : 1, Bike : 2, Car: 3 1 35 6§ 1 92
1 38 5 3| L%
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Summary: An Example

® Fitting Non-Linear Model 0.80 1
Regression g 0.78 A ®
1.2 4 o
1o 0.76 -
081 0.74 1
» 06 - ~0.04 ~0.02 0.00 0.02 0.04
0.4 1 epochs
. 1.5
—— Fitted line
0.0 1 1.0
—1|.00 —OI.75 —0'.50 —OI.25 0.‘00 0.|25 0.:50 0.|75 1.60 ’
X >
i i 0.5 1
1 s
1 xo 0 0.0 -
j=X0= |1 w]-|2 - - ] - - ; -
Yy 3 " gy -1.00 -0.75 -0.50 -0.25 0.00 025 050 075 1.00
1 T4 X
|1 @5 linear model is too limited, right?

Maybe not, the key is really how to design features.
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lulti-Layer Perceptron

Summary: An Example

® Fitting Non-Linear Model 0.28
R ,
1o : egression é 0‘27 { .
1.0 4
oigil @] | 0'26 |
» 061 , - - ~0.04 ~0.02 0.00 0.02 0.04
o o ) ) epochs
0.2 1 ik ‘ [ ] ° & o € " ( 1-5
%, 0% ° ¥ —— Fitted line
0.0 1 '
—1'.00 —0‘.75 —0'.50 —OI.25 O.IOO 0.|25 0.1‘30 0.|75 1.‘00
" >
I mwy wf
1 o :L'% 90
y = XQ — 1 .’.133 l‘% i 91 T T T T T T T
i 2 0 -1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00
Ty Ty 9 X
2
1 x5 x5

Still linear model, just design some better features.
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Summary: An Example ® Define loss function:
[ .
® Fitting MLPs: LW) = 5@ -v)"(3-y)
v' Can we learn “good” features from data automatically? ® GD with derivatives
v" Yes ! Multi-layer Perceptrons (MLPs) : (Back Propagation)

Wy =W — OCVWI.C(W)

Hidden Layer 1 Hidden Layer 2 Classifier

W2 = W2 — OCVWZ.C(W)

Wg = Wg — O:VWSE(W)

0[0]

o12]
0[3]
6l4]

Q
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Problem Restatement

® Given the training data D = {x(™,y™}, i € [1, N].

® Given the neural networks f (x, 8) with parameters 6 and loss functions 1.

How to solve
this optimization
problem?

® Compute the empirical risk to approximate the expected risk:

N O
R (6) = = S LG, f™, 6)) o
n=1

@)

® Minimizing the empirical loss leads to an optimization problem:

6* = arg min R ()
0

Shanghai Jiao Tong University | 2026 | yangxue.site 67
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Preliminary: Matrix Calculus

® The partial derivative of a scalar y € R with respect to a vector x € RP:

o _ O Ouy

ox dry’ Oz,

® The partial derivative of a vector y € R9 with respect to a vector x € RP:

Oy ... 9yq
dxq Oxq
()f(ﬂﬁ) — . . : = [RP*4
am . . .
Oyi ... Oyq
| Oz, Oxp
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raining Neural Networks

Preliminary: Chain Rules

@ If x € Riu=u(x) € R% g =g(u) € R, then

dg 0Oudyg 1xt
8z Oxdu = B
@ IfzeRPy=g(x) e R z= f(y) € R, then
0z Oy 0z P
0r Ox Oy =R

® If X € RP*? is a matrix, y = g(X) € R%,z = f(y) € R, then

0z Oy 0z

= R.
(‘)X;., 8XZJ 6y =
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Preliminary: Gradient Descent

® Following negative gradient direction of a

function ensures the fastest decrease in the

function value. 1 -
‘ - Weight "l Gradient
® By computing the derivative of the empirical inc'ii';inm\ f"
’l
risk R with respect to the learnable / ,."
. / /'
parameters W, we can determine the update LN i‘:__________._mmmum Cost
direction for the parameters. e e >
OR(W,b)

wh —wd _ 4

oW ()
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Training MLPs

® Linear Regression didn’t work
i 0.28 -
i | I 0
j=X0=|1 z [“} 0
1 1’2 61 5 0.57 &
1 Is
® \WVhat ab MLPs? —
at about oY | | | | |
W h —-0.04 -0.02 0.00 0.02 0.04
Y= 3 1e2 1
Wy f(W ) £W) = 3G -1 - v) epochs
1.5
=Wz f(Wy- f(W1-X W, = W; — aVy, L(W . .
3+ f(Wa- f(W1- X)) aVw, L(W) —— Fitted line
1.0 A
Net(torch.nn.Module):
( n_feature=1, n_hidden=8, n_output=1):
(Net _). () ) >
e e 0.5 1
.predict = torch.nn.Linear(n_hidden, n_output)
ong.r‘:élu( xfi:iddenl(x)) 0.0 T
x = F.relu( _.hiddenz(x)) T T T T T T T
o ~1.00 -0.75 -0.50 -0.25 0.0 025 050 075 1.0
X
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ining Neural Networks

Back Propagation

Hidden Layer 1 Hidden Layer 2 Classifier L(W) = %(@ —TG-v)
ar 3312 8!11

ah-z 8hl 3_1‘1’-1
aL 8§ Ohy Oh
— 0 o W ™ h =55 ’ ’

W}i J(Wa - hy) dig  Ohe dhy OW

y=Ws-hy

ﬁ/
|

= | r A
= o e
e T e

= == \ > Wy =W, — (IVH-'LE(H-"} . / J ; l }'

I—y Ws §F-Wa f-xo

-~
le,it;‘lt ’ Gradient
Cost \ ,:'/
]

Incremental

o

Weight
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0, otherwise

Minimum Cost

f(a:)={ z, ifz>0

Derivative of Cost
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single neuron Yy,

Chain Rule!

X2 —> P > Loss function J
X 9J op o)
~ 2 T~
o) 0p o079 9all 9p 077 o
S a0 o~
9P 9z da; " 9z o) 0p oz l . |
l 3p 021 3,01 i - rorward
i o] op o0zl propagation
o) op oz aal'l oz 3p 0221 owl? < Backward
9P 9z 9al'l oz owll propagation
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raining Neural Networks

Back Propagation

® |nput sample: 2 = (x4, x,)
® The parameters of the 1st layer:

Wixy, 1) Wixp1)
w = Wix2) Wx2) |, b(1) = [b1,b2,b3]T
Wix1,3)  W(x2,3)

® The parameters of the 2nd |ayer:

W@ — [W<1.4> Wea Wes

, b = [by, bs]”
was W5 W(3,5)] [b4, be]

® The parameters of the 3rd layer:

W® = [wue),wee | b® = [bg]
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Back Propagation

® The input of the first layer is:

z) =w s @)T + (bMT

v" The input of neut is:

Z1 = Wy, 1) * X1+ Wi, 1) * X2 + b

v' The input of neu2 is:

Zy) = W(x,2) ¥ X1+ W(x,2) * X2 + by

v' The input of neu3 is:

Z3 = W(x,3) * X1+ W(x,3) * X2 + b3

Shanghai Jiao Tong University | 2026 | yangxue.site
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Back Propagation

® The output of the first layer is:

fD M) = fFO WO « @) + (bM)T)

v' The output of neut is:

f1(z1) = f1(Wi,1) x X1+ Wy, 1) * X2 + by)

v' The output of neu2 is:

fa(z2) = Fa(W(x,2) * X1+ W(x,2) * X2 + b)

v" The output of neu3 is:

f3(zz) = fa(W(x,3) * X1+ W(y,3) * X2 + b3)

Shanghai Jiao Tong University | 2026 | yangxue.site
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Back Propagation

® The input of the second layer is:
2 = WO« fD([z7, 25, 25]T) + (bP)T
v' The input of neu4 is:

zy =W *F1(21) + woa * F2(22)

+ W4 * f3(23) + by

v" The input of neu5 is:

zs = W5 * F1(z7) + wigs) * f2(22)
+ wss) * f3(z3) +bs

Shanghai Jiao Tong University | 2026 | yangxue.site
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Back Propagation

® The output of the second layer is:

F2(2®) = FO W D (21,23, 23)") + (BP)T) g
et

v' The output of neu4 is:

fa(za) = Fa(W(ray * F1(21) + W) *x F2(27)
+ Wza) * F3(z3) + by)

v' The output of neu5 is:

f5(zs5) = fs(wqs) * F1(z1) + wos) * F2(22)
+ W) * f3(z3) + bs)
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Neural Networks

Back Propagation

® The input of the third layer is:

20 = WO+ O ([24,25]7) + (6O)T

v' The input of neu6 is:

Zg = Wae) * F4(z4) + W) * f5(25) + bg

Shanghai Jiao Tong University | 2026 | yangxue.site
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Back Propagation

® The output of the third layer is:

£ (23 = FO WO « F@([z,,2517) + (b®)T)

v' The output of neu6 is:

fe(zeg) = fe(Wae) * Fa(z4) + Wse) * F5(z5) + bs)
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Back Propagation

® Assuming we want to compute the partial derivatives of the parameters W& and b® for

the kth hidden layer, that is, finding (y,f')) and é{k{).

® Suppose z) represents the input to the kth layer neurons, i.e. z(0 = WK) « nk=1) 4 pk)

where n*~1 is the output of the previous layer neurons. According to the chain:

oL(y,y) oL(y,y) 0z%  oL(y,y) oL(y,y) oz®
W T oz0 Tow®’ Top® T 9z0 " p®

oL(y,y) 0z oz (k)
az(k) 7 ow (k) ab (k)

® Thus, we only need to compute the partial derivatives
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Back Propagation

oz(k)
FAGE

Since the bias b is a constant term, the computation of the partial derivative is simple:

® Compute the partial derivative Z—

oW® xnk=T4b) . oW xnk1 +by) ]
35,0 01_91 c)l?m
ob® : e
OWH « nk=1 4 p O(Wy * k=1 +by,)
ob, oby,

Still taking the neurons of the first hidden layer as an example, we have:

oz(M [1 0 0]
=0 1 0
1
ob™ g o 7
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Back Propagation

(y y)

® Compute the partial derivative —7= (error term):

According to the forward calculation in the first section, we know the relationship between the

input to the (k + 1)t layer and the output of the kth layer is:

k) — k1) 4 (K)o pk+T)
Also, since n®) = f,(z®)), according to the chain rule, we can obtain 6 as:

(k) (k+1) > (k) (k+1)
oLly.y) _ n” oz oL(y,y) n dz 50D

(k) — * — *
oz dz(k) on®  gzk+D) 5z gpk)

— f;((Z(k)) * ((w(k+'|))T>'< 6(k+'|))
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Training Neural Networks

Back Propagation

(y y)

® Compute the partial derivative —7= (error term):

oL(y,y) n(k) dz(kH) dL(y )  n® dz(k“)

(k+1)
020~ 9z Tgp T k) T 9,0 T T gn® *0

50 =

— f;((Z(k)) * ((w(k+'|))T>|< 6(k+'|))
® Error term 6% of the kth layer neurons is obtained by multiplying the error term of the (k +
1t layer by the weights of the (k + 1)t layer, and then multiplying by the derivative of the

activation function of the kth layer (gradient). This is the backpropagation of the error.)

BhEMRZTRIREIS W ZRFBK + 1 ERNRETSRLASE + 1ERNNE, BRIBLKERERE
RS (BE) B2, XMRRENRFEIEE,
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Back Propagation

oL(y.y oz k) oz (k)
(y,y) oz z then oL(y.y)

® Now that we have calculated the partial derivatives 5,0 500 and =, w0 and

oL(y.y)

—, 00 can be represented as:

oL(y,y) OL(y,§) oz®
G PO

oL(y,y) oL(y,y) oz®
= * — 6(k)
ob k) oz obk)
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Back Propagation: An Example

® Assuming all activation functions
® Input sample: 2 = (x5, x5) = (1,2) o .
are Logistic functions:
® The parameters of the 1st layer:
fl(x) =

W(X'|'1) W(X2'1) 2 1 .I+ —X
Wix,3) W(x,3 3 2 ,
(a3)  Txe3) O (x) = FRO ) (1 - FRx))

® The parameters of the 2nd |ayer:
® Using the mean squared error

W,4) W4 WEa) 1 1 2 — — i
W = [wms) W5 Weas | [3 2 2]' b® = [by, bs]" = [2,1]" as the loss function:

] .
® The parameters of the 31 layer: L(y.y) = 52 (y—9)°

WO = [wye),wee] = [1,3], b = [be] = [2]
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Back Propagation: An Example

® First, initialize the parameters of the
neural network and calculate the first

layer of neurons:

Z7 = Wy, 1) * X7+ Wi, 1) * X2 + by
=2*x1+1%x2+1=5

1
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Back Propagation: An Example
® Similarly:

Zy) = W(y,2) * X1+ W(y,2) * X2 + by

=1+x143%242=09

:
f2(z;) = ——— = 0.999876605424014

1+e

Z3 = W(x,3) * X1+ W(x,3) * X2 + b3

=3x1+2%2+3=10

:
fa(zz) = =2, = 0.999954602131298

1+ e
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eural Networks

Back Propagation: An Example

® Calculate the second layer of neurons:

zy = Wia) * F1(z7) +wige * F2(22) + wia * f3(z3) + b4o‘ i 1} o
s 2

= 1% 0.993307149075715 + 1% 0.999876605424014 +322 1 N2

* 0.999954602131298 + 2

= 5.993092958762325

.
fa(zg) = Tre 0.997510281884102
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fg Neural Networks

Back Propagation: An Example

® Calculate the second layer of neurons:

z5 = W(15) * F4(24) + Wias) * F2(22) + wgs) * f3(z3) + b50 o . o
= 3 % 0.993307149075715 + 2 + 0.999876605424014 + 2 7" 2
+0.999954602131298 + 1 T
= 7.979583862337769

:
fs(zg) = Tre 0.9996577353143582
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eural Networks

Back Propagation: An Example

® Calculate the second layer of neurons:

Zg = W * F4(z4) +wW * f5(z5) + b
6 = W) * F4(24) + wsg) * f5(25) + be W 0., 0.
= 1%0.997510281884102 + 3 * 0.9996577353143582 -522 y s, %2
= 3.9964834878271764 “

:
fe(zg) = ——— = 0.9975186881409559
Zg

1+ e
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raining Neural Networks

Back Propagation: An Example

® The error functionis L(y,y) = %2 (y — ¥)?. Since the label of this sample is “1”.

o o 3
5@ - OLW. ) _oLy.9) n® 1 Q. . 1
- - .\\\\ “1‘"_ N "».\\ 1‘\ 2
az®) on® 9z 3NE T R

= [—0.0024813118590440997 ]  f @ (z(3) 57
= [—0.0024813118590440997] * [0.002475154950502267]

= [~0.00000614163133165298] =t .
y
Xo—= 2
;EI f,(X) = (1_fe_x)2 = f(X) * (.I - f(X)) neus
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Training Neural Networks

Back Propagation: An Example

® The error functionis L(y,y) = %2 (y — ¥)?. Since the label of this sample is “1”.

OLY.7) . 0. 1 3 o
2) _ @2 (2 3\T , =(3 e o 3
0% = — 5 = @ @) (WD) +6©) w2
_[falza) O ] |
_[ : fg(zS)]*([s]*[ 0.00000614163133165298])
x1:1
~ [0.002483519419601412 0
= 0 0.000342 1475405267646
) —0.00000614163133165298] =2
—0.00001842489399495894

_ —0.00000001525286068019266]
~ L—0.000000006304032164841557
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raining Neural Networks

Back Propagation: An Example

® The error functionis L(y,y) = %2 (y — ¥)?. Since the label of this sample is “1”.

dl_ (yr y) (1) ( (1))((W(2))T " 5(2)) ov,‘:-\:‘“;!. o 2 o
3 ,‘\\ \\\ = ‘\\ ‘\\

1(21) 0 0
(WP)Tx %)

ol =

0 f2(z2) 0

0 0 f3(z3)
Xq1= 1
0.006648056670790253 0 0
= 0 0.00012337934976459726 0
[ 0 0.000045395807735463606
Xo—= 2

[ ] T, —0.00000001525286068019266
3 2 2) —0.000000006304032164841557

—0.0000000000034374628115586783
—0.0000000000019571851259343284

[ —0.00000000022713057145264287 ]

94
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Training Neural Networks

Back Propagation: An Example

® Update parameters, taking the first layer as an example (a = 0.1):
W = wk — 50 (pk=DyT

w® =w —_0.1x 5(1)(n(0))T

vk [ —0.00000000022713057145264287 ]

=|1 3|—-0.1%|—0.0000000000034374628115586783 | [x1, Xx,]
L3 2 | —0.0000000000019571851259343284 |
217 [ —0.00000000022713057145264287 |

=|1 3]|—-0.1%|—0.0000000000034374628115586783 | [1,2]
L3 2 | —0.0000000000019571851259343284 |
[ 2.000000000022713 1.000000000045426

= | 1.0000000000003437 3.0000000000006875
| 3.000000000000196  2.0000000000003912
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Back Propagation: An Example

® Update parameters, taking the first layer as an example (a = 0.1):
p&k) = pk) _ 45

bV =pM — 0.1+ 50

=[1,2,3]" = 0.1
—0.00000000022713057145264287
+ | —0.0000000000034374628115586783

1.000008880§LLP I Pog18e7gp 934 3284
= [2.00000000000034374628115586783
3.00000000000019571851259343284
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Back Propagation

Feel Too complex to
compute manually?

3°.

!

You may need deep learning
frameworks like PyTorch
(code here)

v" nn.MSELoss() in PyTorch does not have the 1/2
part (i.e. L(y,¥) = (y — ¥)?), so the gradient is
twice the size of the previous example.

Shanghai Jiao Tong University | 2026 | yangxue.site v" The default label of this sample is “5”. 97
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Overfitting & Underfitting

Underfit Optimal Overfit

® ‘." .
= o o = P =
- © ‘e ® = o P B
— ® .c' @ - »’® ® X | <o
§ ¢ ,." ® g ? .-‘ g
| | P
5 i 5 0 5
Of o Ol » O
Predictor variable Predictor variable Predictor variable
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Training Neural Networks

Overfitting & Underfitting

® Underfitting: poor performance on both training and test set.

Underfit Model is t00 Simo|
OCt 1S 100 SIMPTe « Complicate the structure

o %00 e.g., linear model for nonlinear data
@ ' °®
o & L
® g * Inadequate training L :
2 * Increase training iterations

e.g., too few iterations

Qutput variable
@
o

Predictor variable

® Overfitting: poor performance on test set while excellent performance on training set

ONE L » Model is too complex

o at b e.g., Using high-order models to fit  Simplify the structure
gl v Y low-order functions
| %o o
g e L
o K4 * Regularization
Predictor variable  Training data is insufficient
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ining Neural Networks

Regularization
contour lines of the

® L1 Regularization / loss function

Objective function min J(w)

J = L(w)

l L1 Regularization

J = L(w) + Allwll;

contour lines of the
L1 norm
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raining Neural Networks

Regularization
contour lines of the

® L2 Regularization - / loss function

Objective function min J(w)

,-—'_h\.\
\

s T
/ r .
/ -
II ]r ©\
\. \ 3 J
\ N\
‘ , __.-'"/

J = L(w)

l L2 Regularization

A 2

contour lines of the
L2 norm
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Regularization

3]

« Sparsity
Intersects the loss contour at "corners," forcing
some weights to zero.

L1 Regularization
Tends to shrink some weights to zero

rd
N

* Not differentiable at zero

* Density
Hypersphere has no conner, so it likely to touch
contours away from the axes.

2
wy

Nt

L2 Regularization
Shrinks weights uniformly but very unlikely to
zero

ah

« Smooth & differentiable
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Regularization

® Dropout

At each training epoch, neurons have a
certain probability of being dropped out.

$

Any feature has a certain probability of
being masked out

$

The network cannot rely too heavily on
any single feature, forcing it to learn
robust, distributed representations.

Before dropout After dropout
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Training Neural Networks

Regularization

® Early Stopping

Training Set Accuracy

>

v' Training accuracy: may increase

Accuracy

monotonically
Overfitting

v' Test accuracy: might initially increase but

Test Set Accuracy Early Stopping

start decreasing after reaching a certain Epoch

threshold.

104
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Regularization

® Data Augmentation

Insufficient data cause overfitting == Data augmentation to increase data diversity

N o

original image

affine, shear, rotate, flip, blur, color transform ...

Shanghai Jiao Tong University | 2026 | yangxue.site 105



Training Neural Networks ) Y A LAY

C &
N mme€s/  SHANGHAI JIAO TONG UNIVERSITY

Optimizer: BGD, SGD, Mini-Batch GD

~— Batch Gradient Descent (BGD)
8=0—-—n-AJ(6;X,)Y)

0 =0—n-AyJ(0;Data)

The data used to < Stochastic Gradient Descent (SGD)

compute the gradient at 8 =0-—n-Ay(0;xD, yl)
each parameter update

Mini-batch Gradient Descent (Mini-batch
N— GD& —9— n- Ael (9’ X(i:i+n)’y(i:i+n))
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Optimizer: BGD, SGD, Mini-Batch GD

Y \\\\ - > %
[ 2SN
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Data Used per

Update Entire training dataset

- Stable convergence
« High computational
t dat
Characteristics cost per update
» Slow and memory-
intensive for large

datasets

Shanghai Jiao Tong University | 2026 | yangxue.site

Single random sample

 Fast per iteration
» Unstable
convergence
* High variance due to

the noise

Small batch (e.g., 32, 64)

» Balances BGD and SGD

« Commonly used
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Training Neural Networks

Optimizer

® The training data used in each iteration is typically a small batch.

g

® The update direction to exhibit jagged or even random oscillations

How to teach the
model “memories” the
historical gradients?

b2
£ T T I
-10 -5 0 5 10
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laining Neural Networks

Preliminary: Exponentially Weighted Average
EMA)

Given a sequence {0+, 0,, 85, ..., 8,}, calculate the average:

older current
observations observations

!

Vi = @t—1 + (1-PB)6;

Decay rate, higher decay rate means smoother but slower adaptation

® Key formula of EMA:
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Optimizer: Momentum

® Momentum enhances gradient descent by accumulating historical gradients to

accelerate convergence and dampen oscillations.

historical gradients ,
Gradient Descent + Momentum

= y¥;_ 1+ V) (6,—y) current gradients - ovement -

4 Negative of dL/dw + Last Movement
— — = Negative of dL / dw
6y =61 — vy X /

«==p Last Movement

SGD with Momentum

—p Real Movement
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ing Neural Networks

Optimizer: Nesterov Acceleration

® Momentum is not smart enough to predict possible future scenarios.

Vi = YVi—q + nVe -

8, =06,_1—v; Approxim.ately predict
future weights

(a) Momentum-Based Gradient Descent (b) Nesterov Accelerated Gradient Descent

OL  Negative(—)
dwg  Positive(+)

JL  Negative(—)
Owg  Negative(—)

O= =
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Optimizer: Adagrad

® Adagrad is an adaptive gradient optimizer that uses different learning rates for
different parameters based on the update frequency. For each parameter:
n

.g,i ,-=V19,-
\/m t gt Qt(t,)

0141, = Bt —

® G, € R% s a diagonal matrix:

t
_ 2 _ 2
Gtii = Gi—1,ii + 91, = z Ik,i
k=0

® The overall formula is:
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Training Neural Networks

Optimizer: Adadelta & RMSprop

® Adadelta is an extended algorithm of Adagrad to handle the problem of monotonically
decreasing Adagrad learning rate.
® Accumulation of squared gradients:  E[g?]; = YE[g?]i—1 + (1 —y)g?

® The step size of each weight update is as follows:

Aet - r’ - r’

gt =— gt
VElg?l+e  AMSlal:

® The exponentially weighted average is also used to calculate the root mean square of the

step length:
E[A8%]; = YE[AB®],_y + (1 — y)AB}

RMS[AB], = \E[A62], + €
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Training Neural Networks

Optimizer: Adadelta & RMSprop

® The final Adadelta weight update formula is:

RMS[AB],_,
t—1 RMS[g]t_] gt—]

9t=9

® Adadelta does not even require a specified learning rate. The idea of RMSprop is

roughly the same, and its update formula is as follows:
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Training Neural Networks

Optimizer: Adam

® Adaptive Moment Estimation is a bit like a combination of Momentum and RMSProp.
First, an exponentially weighted average is applied to the gradient and the square of

the gradient:
m; =Bimi_1+ (1—P1)3g;
Ve =Bovioq + (1 —32)9%

® Then perform bias correction:

~ My ~ Vi
MTToE T
® The final weight update formula is as follows:
n A
6, =861 — mig_1

'\/\71-_] + €
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Optimizer: AdamW

® Adam\W believes that Adam is not used correctly for weight decay. When we use L2

regularization, a square term of the weight is added after the loss:

A o
loss = loss,, i, (6) + 58

® \Vhen differentiating the loss function, the weight decay term appears in the gradient:

Vloss = Vloss,,,(6) + A8

® Therefore, the parameter update formula of the Adam optimizer is
n

'\/Vt—'l + €

Shanghai Jiao Tong University | 2026 | yangxue.site 116
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ng Neural Networks

Optimizer

® Visualization diagrams of several optimizers:

—  SGD W = ~——
NN -  SGD ~

— Momentum N n
o] =— Momentum |

- NAG — NAG 5

— Adagrad Adagrad
A &
,4’,’:"'} 7 Adadelta Adadelta
i | W

S et
T,
S M
2 " '_"a%‘:,"" 7

— Rmsprop

Rmsprop

TR
A

(RN PATAL)
RO

':oo %’W
0 : 1-0-?. ‘.0%?::':""'" ":“"

{7

RN AN
SR IR
SN

1.0
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Initialization
Why
Initialization?
® Avoid vanishing/exploding gradients in O
O
deep networks. o
Hidden

zero activations.

® Enable faster convergence during training. O/O\Output
® Ensure neurons start with diverse, non- O O Q
'S

Shanghai Jiao Tong University | 2026 | yangxue.site
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iaining Neural Networks

mgm - - EXPLOD].MG VANISHING
Initialization GRADI ENT GRADIEAT
. . . . . . || n +00 | | H
® Avoid vanishing/exploding gradients in .
) LN W
deep networks. = \ | = T
I~y x =~ -
. . = y N /
® Enable faster convergence during training. " < /
a =Y e --}'-“
. . ’ " $ } t —p—t ¥ —>
® Ensure neurons start with diverse, non- i . by b
zero activations.
Derivative of sigmoid function
0.25
S O O O O
0.15
8C oC 10-
= o' (21) wao' (22) w3o’ (23) wao' (21) = :05
0.00 T T T T T T T T T ]
-4 3 2 1 0 1 2 3 4
- 119

Shanghai Jiao Tong University | 2026 | yangxue.site


https://www.cnblogs.com/PythonLearner/p/13173560.html

Training Neural Networks

Initialization

® Sample weights from a uniform distribution U or normal distribution N

v Xavier Initialization (Linear activation function)

6 6 2
U[_ ’ ]I N[O, ]
Nip + Nout Nip + Nout Nip + Nout

v He Initialization (Considering ReLU)

6 6 2
U[—\In—_; \ln—_]: N[O, \In:_]

Shanghai Jiao Tong University | 2026 | yangxue.site
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https://zhuanlan.zhihu.com/p/40175178
https://zhuanlan.zhihu.com/p/40175178

Neural Networks

Xavier Initialization (Linear activation function)

1. BEhti{ERi%

« WA x; EEENE (B9E): E[X;] =0
- NE W, h2EE: E[W,| =0
« X; 5 W; BEMIL
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ing Neural Networks

Xavier Initialization (Linear activation function)

2. BRIMM A ZE
A MRS T R ORI E AR

Var(W;X;) = [E(X:)|2Var(W;) + [E(W;)]2Var(X;) + Var(X;)Var(W;)
®% E[X;] = 0B E[W;] = 0, 815k 0, ®T:

Var(W; X;) = Var(X,) - Var(W;)

Shanghai Jiao Tong University | 2026 | yangxue.site 122


https://zhuanlan.zhihu.com/p/40175178

Training Neural Networks ®) X FAdLE

€/ SHANGHAI JIAO TONG UNIVERSITY

Xavier Initialization (Linear activation function)

3. EEWMLNAE

Sy=Y", WiX;, BFE WX, HHEmMI, &:

Var(y) = ZVar(W};XT;) = Z Var(X;)Var(W;)

i=1

BRIZFAEMANAZEER: Var(X;) = Var(zx), BEFMENEMRLNAEZERER: Var(W;) = Var(W)
,

Var(y) = n - Var(z) - Var(W)

HAn = nin, BEIMARNEE,
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ling Neural Networks

Xavier Initialization (Linear activation function)

4. RIFHEATZNFEN
#E2 Var(y) = Var(z), F&:
n - Var(z) - Var(W) = Var(z)
# Var(z) # 0, mihhx, 5:
n - Var(W) = 1

PTEA:

Var(W) = 1

Nin
X2 Caffe B Xavier #Jiat E@BBEBNAERE.

Shanghai Jiao Tong University | 2026 | yangxue.site
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Training Neural Networks

Xavier Initialization (Linear activation function)

5. REEERZERE (Glorot & Bengio itX)

REfEER, ZEEEENEERS T RENGEAN", E4EE 2R LHEZTHTE nout .
AT ERFBEREEROEHBNAE, KUHESAS:

1

Nout

Var(W) =
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ng Neural Networks

Xavier Initialization (Linear activation function)

6. ITFAR

Glorot & Bengio EIRtZ R EMMKEIERE, WMENIAMTIISEZN nm + now BXEFR (4
Var(W) = —2 ),

Nin +Mout
95 RAN |/ O BB EERIESE.
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Normalization

® \When input scales differ, the computed gradient scales also vary, making it difficult to

determine an appropriate update step size.
v" Min-Max Scaling

x — min(X)
~ max(X) — min(X)

v' Standardization

, X = p(X)
 o(X)

p(X) is the dataset mean, o(X) is the dataset variance
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Normalization

® Visualization.

Unnormalized: Normalized:
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Case Analysis
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) - NN A= = sl
2 WBEERMA | ) HRmEE 0
5 ¥

' D FE BB AEk) BSCm  BMI TEME MBERSZE FEE =0E%

s (mmol/L)
1 45 K= 76 165 281 6.8 85 =2 =2
, 29  ZZ[  NULL 175 NULL 5.1 64 = =
3 61 FH 82 160 32.0 15.3 142 =1 =2
4 35 AN 71 170 24.5 5.6 NULL = =
5 52 Mt 83 166 30.2 6.2 88 2 2
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° LN E E C
(£55: Ml AREBERERR
o EFXARNE
D FiE BB BFEk) BSlm)  BMI ZEME MERSE FEE ZGER
(mmol/L)
1 45 o 76 165 28 .1 6.8 85 e =2
2 29 2P NULL 175 NULL 5.1 64 i P
3 61 Eakal 82 160 32.0 15.3 142 = =
4 35 FEAN 71 170 24 5 5.6 NULL & &
5 52 Mt 83 166 30.2 6.2 88 2 2

SUE. SRS
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i
)
i
At

(155: B ARER

o EAXANIE
REA D £ U8 FEkw BSen BV =EME MERSE| ZEL | 25E%
(mmol /L)
1 45 K= 76 165 28.1 6.8 85 = 2
2 29 ZZ[  NULL 175 NULL 5.1 64 & &
{ 3 61 TH 82 160 32.0 15.3 142 /| R 2
4 35 BN 71 170 24.5 5.6 NUL & &
5 52 kb 83 166 30.2 5.2 ;g/ = =

/
RIS $HIE. Bt
28 $iHE. BiE
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155 MBS AEEEERERE

‘ Bame: AR,
* EFANAE (B S, AR

~N

D HFiR #® FEk BSm  BM FEME MERSE FEE| 262K
(mmol /L)

1 45 K= 76 165 28.1 6.8 85 = =

2 29  ZPM  NULL 175 NULL 5.1 64 & &

3 61 TR 82 160 32.0 15.3 142 2 =

4 35 XN 71 170 24.5 5.6 NULL & &

5 52 ML 83 166 30.2 6.2 88 = =
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=T v"f

‘ﬁ = T" ("m j‘cﬁﬂmmﬂfa%” FilR 7 T3

(F55: B ARS.

k

D | 8% || Bk BB BV SELE OERSE ThE 24555
(mmol /L)
1 45 K= 76 165 28 .1 6.8 85 = =
2 29 Z=y NULL 175 NULL 5.1 64 & &
3 61 +4 82 160 32.0 15.3 142 yas =
4 35 N 71 170 24.5 b.0 NULL & &
5 52 | Mt 83 166 30.2 6.2 88 = =
-
a~ %%%g P | AR EE 2
== - 4L— b
| HTIHERESITETARNGEE . EEH IR
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Case Analysis

{155 s AREBEHER%

-

o SNk /EBMIR%, HHBR
D fF | U8 || FEk) Beem | BM  TEME MERRE XKL 252K
(mmol /L)
1 45 | K= 76 165 28.1 6.8 85 B =
2 29 | Z=M || NULL 175 NULL 5.1 64 S &
3 61 AR 82 160 32.0 15.3 142 g2 =
4 35 | XN 71 170 24.5 5.6 NULL & &
5 52 | MRt 83 166 30.2 6.2 88 = =

/
XIFNAEERR AR, PR

O % BYZPRTTRETRER, RIHREAINERSERE
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-
o =] : = An L EE LR
{5 MUBARESREREE 0§ (o |
S —— I et
<7.0 mmol/L D A o 3 T - S B <
= N —_ A BMI Hg-ml*ﬁ -Im- '—% % ZKE%EE = /u\%
%ij\%1i7 ﬁ%;i% ‘ _?r?wmoI/L) " i
f&? : : 45 28 .1 6.8 85 = =
A T 29 NULL 5.1 64 = =
FEE A 3 61 37 15.3 142 =2 =
BISH 4 35 245 NULL NULL = =
0t 5 52 930.2 6.2 88 =2 =
T T 85k =L
R se A | O 2RSSHEIREER. B4 |

E¥E, ZRSEZE{EE/NAIFFLE
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° LN E : Sol — s
(5. MEAREEBRERE more=a|  [mezes
. / /
o MuEiEst D R B BRI MRS % %ﬁ&/ REER
mmol/L
NS EIETE 11 45 28 .1 5.8 85 = =
N NULL 51 64 A4 &
3 61 32.0 15.3 142 = =
4 35 245 NULL NULL = =
5 52 30.2 6.2 88 =2 =
O #FhEEik: GBSk, FERA—HEEEE, EBASuERESTER

O ﬁ?&?&ﬁﬂtﬁi BIETE. MREEREL T 20
O 2. RAIFSIECEUMBREIED isE
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Case Analysis

o]

(F55: B ARS.

o HiERL

BRS Ty

% <
"'40 To“c.“ SHANGHAI JIAO TONG UNIVERSITY

FRivs

BT MEEREERA

ID FuR BMI ZEEME MERSE FEE =0EF
(mmol/L)
1 45 281 6.8 85 =2 =
2 29 30. 1 5.1 64 = 5
3 61 32.0 15.3 142 =2 =
5 52 30.2 6.2 88 = =
O [3—ft: SERGERE) [0, 1] (I8, BAEARISHEE SRS

F—t/ERIEEE =
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Case Analysis

(155: B ARER

4}

/ AN - » A %
(75 £ ) < » )
KOABY P 7

% <
’/I/w To“c.“ SHANGHAI JIAO TONG UNIVERSITY

EPRI%A

o HUEEIT
D | iR | BMI  TEME MERSE HEE 258K
(mmol /L)
| _—
H & 1 | 050 | 28.1 6.8 85 = 2
—
2 0.00 30.1 5.1 04 & &
3 1.00 | 32.0 15.3 142 = =
b 0.71 30.2 6.2 88 yasa =
O [H—ft: $ERURAEHE [0, 1] KIE), BN SRS
A—{LEREEE = (RIE - &/IME) / (&XE - &=//MB)
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Case Analysis

10 EEE 5
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. N = 3 2=
(£55: s A2REBEERR
- AERG WIS FED T ER
® WuEimik D | & | BMI  SEME MEESE RAEY 2555
UH_{'{C (mmol /L)
— | 0.50 | 28.1 6.8 85 E E
\
2 0.00 30. 1 5.1 64 % &
3 1.00 32.0 15.3 142 = =
5 0.71 30.2 6.2 88 = yss

O I3—{t: &

EganE] [0, 1] XI8), ERIFUERIWFIEESHERFS

A—tiariEdE = (RIE -
LHR/IIHENO, TREEATND T, ERRSRNEREF

O fREEL: SEUE

tEIRRVETE
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Case Analysis

155: B AREEERE %&;@;‘5/ ﬁ\,&w/ PR

® SR D | &® | B | SROE |MARGE| XL SEER
UH_{'{C (mmol /L)

— 1 0.50 —1.43 6.8 —0.319 = ya

21 0.00 || 0.00 5.1 ~1.010 & =

3 1.00 +1.36 15.3 +1.548 = g

5 0.71 +0.07 6.2 —0.219 = ya

O 3—: FEE4ERE [0, 1] X8, ERSERISIEESREFS
A—tErEdE = (RE - &/IVME) / (&XE - &/IME)

LHR/IIHENO, TREEATND T, ERRSRNEREF
= (RIE - 19(B) / tnEE

O v SEUE
tEIRRVETE
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{55 FNEARBEERERRS
P B
/

ID Sy BMI | =EMHE | MBREE kKL =5ER
(mmol /L)

1 0.50 —1.43 IFE —0.319 B =

2 0.00  0.00 1% —1.010 & &

3 1.00 +1.36 = +1.548 = =

5 0.71  +0.07 IFE —0.219 B =

O BEt: BEEEEEND R, LIRSRELRRE
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Case Analysis

*»ﬁ -.J%I(ﬁ

(F55: B ARS.

ID FR BMI TEME IERSE REE EGEF
(mmol /L)

1 0.50 —1.43 =) —0.319 =2 =

2 0.00 0.00 1K —1.010 & &=

3 1.00  +1.36 = +1.548 2 2

5 0.71  +0.07 E® —0.219 = =
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15 Ml AREBERERRB
o &gk D &8 BV SEME NERSE FEE 2586
(mmol /L)
1 0.50 —1.43 E® —0.319 = =
2 0.00 0.00 1 —1.010 & &
3 1.00 +1.36 = +1.548 = =
5 0.71  +0.07 s —0.219 = =

O TSR S ”f(ﬁ)\ﬁliﬁ):ﬁiﬁ/ s

O illgk: =B "B TPFES EIARIANSRE — Wil
O s ESEimBEuE Bi)l|4SrIFuERF RS BmiEiE
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ase Analysis

1{% Fllis A2 BERER%

w

- RRRRR BRE RE
A L kv L A K= L kv \L A j
_ ~ Y, .
|ZREE (70451) LIEE (20431)) MRLEE (10451)

HRELF R f MR "EReNE" TR ERE

O )I4REE: )| ZEUEINES, Hﬁ:%jd‘ ﬁ:’? 2
O SuEsE (F15k) : YIS IREH TIEE ST
O MidsE: NXEUENES, =5 Z%HE%N%, A hEE EEE
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Case Analysis
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St

E% TJ\IJJT‘_ AIEEE

@ _ i a
1007Vt - ﬁ ﬁ ﬁ ﬁ
LIg Iy

Lo L EBey LBy LB — v L (B A (B l-bl__l.-ll-bj
Y
JIIZREE (70451) LW»IE’E (20451) &Jl‘b% (10441)
AR A HIRE "BiRNR" TSR E e
N . o . . ,;::»’///‘\N
O iSHEED: BRTHHA GREHA) ML e

O MHKEEMERE (it iZ(U1ERE

RFHERZ (L MERE. RETEVIRRFEIRRNLZR B IR
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Case Analysis

(F55: B ARS.

o REY)I|Zk

£

EPRI%A

0 7 /

- ;\Axﬁ

% &)
e/ SHANGHAI JIAO TONG UNIVERSITY

eg REZRFFN

N R

eq. BIXIREIZS]

HIRHIEL =22 || 1

\~

ID FiR BMI SEEMAE BIREER | KEE EOEF
(mmol /L)
0.50 —1.43 B —0.319 = yss
2 0.00 0.00 1K —1.010 5 5
3 1.00 +1.36 = +1.548 = 2
5 0.71  +0.07 E® —0.219 = =

O {2823 &g

BEIRUIERT, BHFIIIIEHE

O 5%28: AATESZIF

FInBIRIES S AREN, TR S

A RER e R R A MR B
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Case Analysis

155 mlliE AR EErERE

o 1RTYIZxk
ID FR BMI TEME DEREE HEL AT ER BREE

(ramol /L)
1 0.50 —1.43 E® —0.319 = =2 0.6
2 0.00 0.00 1K —1.010 & » & 0.2
3 1.00 +1.36 =3 +1.548 = e 0.8
5 0.71  +0.07 % —0.219 = =2 0.7
NERES ERfES

O 5RES: X "BEER" FE3IH TN (BaE)
O BIFHESS: 3 "B RIFZELW0.8, 0.323H 77N (FEEE)
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Case Analysis @) > FRArY
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-

{155 s AREBEHER%

o IREIZ | D F BV 0 ZEMOE MIEESE RKE 2EEF
(mmol /L)
1 0.50 —1.43 IE&E —0.319 = =
2 0.00  0.00 1 —1.010 & o
3 1.00 +1.36 =) +1.548 = =
5 0.71  +0.07 E® —0.219 = =
RIS ¥

\ 6 0.75 +1.25 I +1.021

O ABIRES: &EEI X - Y S (BT - E25E85%)
O SRS AREUEEK T TEESEND M, 88 "ER" HFRIER
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- Case Analysis

. TR MR
BEERE A pag e
s K B 9

(155: TR ARS!

o REY)I|Zk

D FiR BV ZEME MERSE REELE (BRERRK
(mmol /L)

1 0.50 —1.43 e —0.319 s s o~

2 0.00 0.00 {25 —1.010 B & §

3 1.00 +1.36 = +1.548 ~ =

5  0.71  +0.07 & —0.219 s = =

feature]

szsc/

FELERIR)

O 8EEFy: ) 'EE“’F+E¢J< =o (1RE)IZ
O TEEF: 2 BRI ||EREL Eﬁ\\_m =
({Eﬁﬁﬂ‘/ﬁ'fi, %ﬁ%’ﬁ)ﬁﬁm 5, BRTRRES, RE. B4HS)
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Case Analysis
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Case Analysis
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Case Analysis
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Case Analysis
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O Bagging: MA9SEEERYYIIGHEEIh T _*j
O Boosting: {KXIIGAEDKEE, EEEFIIEHTHELER L
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