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1) The Neuron Model and Activation Functions
2) Architecture of Neural Networks

3) Forward Propagation

4) Loss Functions for Neural Networks

5) Backpropagation and Gradient Descent

6) Initialization and Normalization Techniques

8) Regularization in Neural Networks (Dropout, Weight Decay)
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Why Neural Networks?

(1 Many real problems are too complex for simple linear models.
1 Neural networks can learn rich nonlinear relationships from data.
O They are widely used in:

= [mage classification,

= speech recognition,

= natural language processing,

= forecasting and anomaly detection
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Neuron

In machine learning, specifically within artificial neural networks, a neuron (often called a node or a
perceptron) is the fundamental computational building block.

While loosely inspired by biological neurons in the human brain, an artificial neuron is ultimately just a
mathematical function. Its primary job is to take in multiple pieces of information, weight their importance, and

output a single decision or signal.
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Neuron
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Neural network

A neural network is a machine learning model that stacks simple "neurons" in layers and learns pattern-
recognizing weights and biases from data to map inputs to outputs.

X
W

output layer

I
i
o§

output layer
input layer input layer
hidden layer hidden layer 1 hidden layer 2

Left: A 2-layer Neural Network (one hidden layer of 4 neurons (or units) and one output layer with 2 neurons), and three inputs.
Right: A 3-layer neural network with three inputs, two hidden layers of 4 neurons each and one output layer. Notice that in both
casesthere are connections (synapses) between neurons across layers, but not within a layer.

Naming conventions. Notice that when we say N-layer neural network, we do not count the input layer.
Therefore, a single-layer neural network describes a network with no hidden layers (input directly mapped to
output). You may also hear these networks interchangeably referred to as “Artificial Neural Networks” (ANN)

or “Multi-Layer Perceptrons” (MLP).
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Neural network

Output layer. Unlike all layers in a Neural Network, the output layer neurons most commonly do not have an
activation function (or you can think of them as having a linear identity activation function). This is because the last

output layer is usually taken to represent the class scores (e.g. in classification), which are arbitrary real-valued
numbers, or some kind of real-valued target (e.g. in regression).
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Sizing neural networks. The two metrics that people commonly use to measure the size of neural networks are

the number of neurons, or more commonly the number of parameters. Working with the two example networks
in the above picture:

The first network (left) has 4 + 2 =6 neurons (not counting the inputs), [3x 4] +[4 x 2] = 20 weights and 4 + 2 = 6 biases,
for a total of 26 learnable parameters.

The second network (right) has 4+ 4 +1=9neurons, [3x4]+[4x4]+[4x1]=12+16+4=32weightsand4+4+1=9
biases, for a total of 41 learnable parameters.

Department of Computer Science & Engineering

Chapter 6: Neural Networks

CSE 403: Machine Learning



Perceptron Limitation

Cannot solve XOR problem and so separate 1s from 0s with a perceptron (linear function)
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Non-Linear Activation Functions

Hidden Layers Alone Are NOT Enough to Model Non-Linear Functions

Key Observation: feedforward networks are just functions chained together

What is function for h,?
h, =w;Xq + WgX, + b,

y What is function for h,?
h2 = WoX4 + Wy Xo + b2

What is function fory?
y = hyws + howg + bg

What is function fory?
Y = (WqXq + WaXo + Dq)Ws + (WoXq + WyXy + Dy)We + b3

y =\h1w5l+\h2w6l+ b3

Y = WiWsXq + W3WsX, + W5+ WoWg Xq + WaWeX, + Wehy + by

Constant x linear function = linear function
A chain of LINEAR functions at any depth is stilla LINEAR function!
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Non-Linear Activation Functions

In machine learning, an activation
function is the mathematical

"gatekeeper" of an artificial neuron.

Once a neuron calculates the
weighted sum of its inputs and
adds the bias (z = ) wix; + b) the
activation function stepsinto
decide what the neuron's final
output should be.
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Name Function, g(z) Derivative of g, ¢ (z) Range
Identity T 1 (—00, 00)
- 0 ifz<0
B t 0,1
inary step {1 ifz>0 0 {0,1}
Logistic, 1
sigmoid, or o(z) = e g(z)(1 - g(z)) (0,1)
soft step ¢
Hyperbolic » .
tangent tanh(z) = £ ¢ 1 g(z)* (-1,1)
et +e "
(tanh)
Soboleva
modified
™t — e—ba:
hyperbolic smht(z) = (—1,1)
etw 1 g—dr
tangent
(smht)
e 1
Softsi —_— -1,1
S 1+ |z| (1 + [2])? (=1.2)
Rectified . Jo ifx<0
+ - s q
linear unit ()" = {:r: ifz >0 {0 ?f:z: <0 [0, 00)
14] 1 ifz>0
(ReLU) = max(0,z) = 21,-9
1
®(x) + Ea:qﬁ(a:) where
Gaussian 1 ( ( z )) 1 1
—z|l+erf|— _ _1lg
Error Li 2 here erf is th $le) = —=e 7" is
U:ic:r inear s o v2/ ] where erfis the o (~0.17...,00)
AT = 2®(z) the probability density
(GELU)IE gaussian error function. N GRS e
gaussian distribution.
Softplus!'®! In(1 + %) ! (0,00)
14e =
Exponential {Oﬁ (e"—1) ifz<0 s i 0
linear unit e ifz>0 ac nrs (—e, 00)
‘ 1 ife >0
(ELU)I®] with parameter o
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Non-Linear Example

Approach: Without any Activation Functions (we can't solve the XOR problem)

0,1) ¢ ?(1,1)

(0,0) & e(1,0)

INPUT OUTPUT
A B AXORB

0 0 0
01| 1
1o 1
11| o
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Non-Linear Example

Approach: RelLU activation function [ ReLU (z) = max(0, z) ] with these parameters

0,1) ¢ ?(1,1)

(0,0) & e(1,0)

INPUT OUTPUT
A B AXORB

0 0 0
01| 1
1o 1
11| o
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How Do Neural Networks Work?

Area (feet?) Xi

Bedrooms X2

Distance to city (Miles) X3

Age X4

—

Input Layer
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How Do Neural Networks Work?

Area (feet?) X1

Bedrooms X2

Distance to city (Miles) X3

Age X4

L J

Input Layer Output Layer
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How Do Neural Networks Work?

Area (feet?) X

Bedrooms = Xz ,
Price = W1*x1+ W2*x2+ W3*X3+ W4*x4

>

Distance to city (Miles) X3

L L

Input Layer Output Layer
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How Do Neural Networks Work?

Area (feet?) X1

Power comes from hidden layer

Bedrooms X2

Distance to city (Miles) Xz

Age X4

OO0O00O0

L J

Input Layer Hidden Layer Output Layer
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How Do Neural Networks Work?

Area (feet?) X3

Bedrooms X2

Distance to city (Miles) X3

Age X4

O0O00O

L J

Input Layer Hidden Layer Output Layer
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How Do Neural Networks Work?

Not all inputs are valid to every neuron.
Looking specifically for
relationships between certain inputs
i.e. Area and Distance to City

Area (feet?) Xa

Bedrooms X2

Distance to city (Miles) X3

Age Xs ¥

OO0

L J

Input Layer Hidden Layer Output Layer
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How Do Neural Networks Work?

Area (feet?) X

Bedrooms X2

oot

Distance to city (Miles) Xz

Age X4

OO

J J

Input Layer Hidden Layer Output Layer
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How Do Neural Networks Work?

Looking specifically for relationships
between certain inputs
i.e. Area, Bedrooms, Age

Area (feet?) X1

Bedrooms X2

Distance to city (Miles) X3

OOCUO

J L

Input Layer Hidden Layer Output Layer
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How Do Neural Networks Work?

Area (feet?) X Could be looking for a certain single criteria
i.e.
if Age > 100 then historic property

Bedrooms X2

Distance to city (Miles) X3

QOO

Age X4

L J

Input Layer Hidden Layer Output Layer

I
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How Do Neural Networks Work?

Area (feet?) X1 Could be looking for a certain single criteria
i.e.
if Age > 100 then historic property

Bedrooms X2

Distance to city (Miles) X3

Age X4 I ,

L J

Input Layer Hidden Layer Output Layer

Good Example of a rectifier
function example

QOO

I
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How Do Neural Networks Work?

Even discovering relationships that may
Area (feet?) | Xi not be as intuitive to us
i.e.
Bedrooms & Dist. to City

Bedrooms X2

Distance to city (Miles) X3

Age X4

L J

Input Layer Hidden Layer Output Layer

I
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How Do Neural Networks Work?

Or picking up a combination of

Area (feet?) all 4 inputs

Bedrooms

Distance to city (Miles)

Age

L J J

Input Layer Hidden Layer Output Layer
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How Do Neural Networks Work?

The hidden layer allows for
increased flexibility of neural
network

Area (feet?) X1

Bedrooms X2

Distance to city (Miles) X3

Age X4

L J

Input Layer Hidden Layer Output Layer

I
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How Do Neural Networks Work?

Each neuron by itself cannot predict

price, but all neurons together are
powerful

i.e. ant analogy

Area (feet?) X

Bedrooms X2

Price

Distance to city (Miles) X3

Age X4

J J J

Input Layer Hidden Layer Output Layer
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Desired Output Driven by Task

Problem
Type?
Classification Regression
Binary Multiclass Multilabel
Classification Classification Classification
Sigmoid Softmax Sigmoid Linear

Activation Activation Activation Activation
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Objective Function

Regression Classification
(predict continuous value) (predict discrete value)

Training set

O

0%
oo g o or og TR

%@ 0© Insiance
. &= D> P
Value? @\ m New instance

B>
Feature 1

New instance
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Objective Function

e.g., make as small as possible the
squared error (aka, L2 loss, quadratic loss)

Mean taken over n instances

X

P A9
MSE = — Z(Yi - ¥)
=1
put layer True valufej gredicted value
input layer What is the range of possible values?

hidden layer 1 hidden layer 2 o Minimum: 0

* i.e., all correct predictions
* Maximum: Infinity
* i.e., incorrect predictions
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Objective Function

Regression Classification
(predict continuous value) (predict discrete value)
Value
Training set
A o . raining se
000 00D
0,0 00 oP0 |
0-0 %
OO %@ O
o & 0 >P
00
O e Value? New instance
£
Feature 1

New instance
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Objective Function

S4

e.g., make as small as possible the
max( Py) distance between predicted and true
class distributions with cross entropy loss

True prediction is 1 hot vector (i.e., one 1 and the rest 0s)

Department of Computer Science & Engineering
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Objective Function

Probability distribution of true class

’ Probability distribution of predicted class
K S—— Number of classes

LCE(y’y) - 7 kzyk logyk Recall, truth is set to 1 for
=1

one class and 0 otherwise
K /
= =) yilogp(y =k|x
Observed features

k=1

= —log¥kx, (where k is the correct class)

Simplifies to the log of the predicted exp (Wk o bk)
probability for the correct class -» = — log K
(i.e., negative log likelihood loss) Zj=l CXp (Wj "X+ bj)
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Objective Function

Probability distribution of true class
Probability distribution of predicted class 1

K Cmmmmmm— \umber of classes?

Lee(9,y) = —Z}’k log yik Recall, truth is set to 1 for
k=1 one class and 0 otherwise
K /
= —) Yilogp(y =k|x
k=1 Observed features
What is the range of possible values? = —logyx, (where k is the correct class)
* Minimum: 0
* i.e., correct prediction: negative log of 1 — e log CXp (wk X+ bk )
« Maximum: Infinity Z;(:] CXp (Wj X+ bj)

* i.e., incorrect prediction: negative log of 0
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Objective Function

Range of negative log-likelihood

More confidently wrong
predictions lead to greater error

—log i

What is the range of possible values?

* Minimum: 0
* i.e., correct prediction: negative log of 1

* Maximum: Infinity : 0.2 0.4 0.6 0.8 1.0
* i.e., incorrect prediction: negative log of 0 Yk
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Gradient Descent: How Often to Update?

Use calculations over all training examples (Batch gradient descent)
= | ess bouncing but can be slow or infeasible when dataset is large

=  Use calculations from one training example (Stochastic gradient descent)
= Fastto compute and can train using huge datasets (stores one instance in memory
at each iteration) but updates are expected to bounce a lot

= Use calculations over subset of training examples (Mini-batch gradient descent)
= Bounces less erratically than SGD and can train using huge datasets (store some
instances in memory at each iteration) but can be slow or infeasible when datasetis
large

= Often mini-batch gradient descent is used with maximum # of examples that fit in
memory
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Recall: Whatto Learn in Neural Network?

* Learn:
» weights connecting units
 bias for each unit

* e.g., 2 layer neural network:

Department of Computer Science & Engineering Chapter 6: Neural Networks CSE 403: Machine Learning



Training: How Neural Networks Learn

(a) Forward pass >

Objective/loss function
used to compute error

* Repeat until stopping criterion met:

:

-

E(y39 t)

OE/OE

Forward pass: propagate
training data through model
to make prediction

Quantify the dissatisfaction
with a model’s results on the
training data

Backward pass: using
predicted output, calculate
gradients backward to assign
blame to each model
parameter

Update each parameter
using calculated gradients

Department of Computer Science & Engineeri
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When to Stop Training Neural Networks?

(a) Forward pass -
* What stopping criterion to use?

* Weight changes are incredibly
small

* Finished a pre-specified
number of epochs

* Percentage of misclassified

example is below some
threshold
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Key Challenge: How to Compute Gradient?

Equation for calculating gradients depends on:

Department of Computer Science & Engineeri

ing

1) Activation functions

2) Objective/loss function

Chapter 6: Neural Networks

Repeat until stopping criterion met:

1.

Forward pass: propagate
training data through model
to make prediction

Quantify the dissatisfaction
with a model’s results on the
training data

Backward pass: using
predicted output, calculate
gradients backward to assign
blame to each model
parameter

Update each parameter
using calculated gradients

CSE 403: Machine Learning



Neural Network Training: Backpropagation
* Backpropagation idea: chain: z = f(w), y = f(z), z = f(y)

0z
ow
0z 0y Oz
- Oy Oz Ow
=f'(y)f (z)f(w)
=f'(f(f(w))) f'(f(w)) f'(w).




Neural Network Training: Backpropagation

Choose Neural Network Architecture

Sigmoid Activation
Function

</
\

Department of Computer Science & Engineering Chapter 6: Neural Networks CSE 403: Machine Learning



Neural Network Training: Backpropagation

Choose Loss Function for Training

‘ o 08 _ 9 (tk — ok)®

(‘?wjk 8'wjk

‘ Squared Error Function
( (regression or binary classification problem)
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Neural Network Training: Backpropagation

t is a constant value:
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Neural Network Training: Backpropagation

t is a constant value:

OF 0
= t. )2
8wjk 8wj | Ok)

Using the following chain rule :

OF d do(x) o
Ow , 1 dx (1 4+ e™>)?

do(x) (1+e"‘—1) ( 1
dx l1+e> 14+e>
do(x)
— = (1 - o(x)) o(®)

Sigmoid activation function: o(x) = i3
e
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Neural Network Training: Backpropagation

t is a constant value:

OE
Bwjk N 1
Sigmoid activation function: o(x) = -
Using the following chain rule : l1+e™*
oF JorL g 20%) = (1 - o)) 00
c‘)wjk aOk ke dx B OIS

We can rewrite our function as follows:
OF
Ow jx

s'zfgmoid(z Wik *0;)*(1— sig-m.()id(z Wik *0j))7 0

3 ]
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Neural Network Training: Backpropagation

OF

= —(tp — o) * sig'moid(z Wik * 05) * (1 — sigmoid(z Wik * 0j))

J J
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Neural Network Training: Backpropagation

d d

Symmetry in how to solve for
parameters in hidden layers

sigmoid(z Wik * 05) * (1 — sigmoid(z Wik * 0;)

J J
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Neural Network Training: Backpropagation
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Neural Network Training: Backpropagation
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Neural Network Training: Backpropagation

* Repeat until stopping criterion met:

1. Forward pass: propagate
training data through model
to make prediction

(a) Forward pass >

0 O R A TR (b) Backward pass
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Neural Network Training: Backpropagation

Input to node 4:
i;=(1x0.2+0x0.4+1x-0.5)-0.4
|4= '0.7

Output of node 4 (sigmoid function):
0, = sigmoid(-0.7)
0,=1/(1+e07)
0,=0.332
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Neural Network Training: Backpropagation

Input to node 5:
ic=(1x-0.3+0x0.1+1x0.2)+0.2
o= 01

Output of node 5 (sigmoid function):
0 = sigmoid(0.1)
0. = 1/(1+e 1)
0. =0.525
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Neural Network Training: Backpropagation

Input to node 6:
ic=(0.332x-0.3+0.1x-0.2) +0.1
i =-0.105

Output of node 6 (sigmoid function):
0 = sigmoid(-0.105)
Og="? 0g=1/(1+e010)
0.=0.474
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Neural Network Training: Backpropagation

* Repeat until stopping criterion met:

1. Forward pass: propagate
training data through model
to make prediction

==P 2. Quantify the dissatisfaction
with a model’s results on the
training data

3. Backward pass: using
predicted output, calculate
gradients backward to assign
blame to each model
parameter

(a) Forward pass >

Objective/loss function
used to compute error

Department of Computer Science & Engineering Chapter 6: Neural Networks
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Neural Network Training: Backpropagation
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Neural Network Training: Backpropagation

Error at node 6:
e, = (1-0.474) (0.474)(1-0.474)
e;=0.1311

J J
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Neural Network Training: Backpropagation

Error at node 5:
e. = (0.1311)(-0.2)(0.525)(1-0.525)

e. = -0.0065
\b6= 0.1
e.=0.1311
0s=0.474

t1=1

OE
(';u' = —(Z Erriwji) *si.gmoi(l(z w;j*0;i)*(1 —si_q‘moid(z W;j*0;))
k‘

1 i
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Neural Network Training: Backpropagation

Error at node 4:
e,=(0.1311)(-0.3)(0.332)(1-0.332)
e, =-0.0087

(Z Erriw;) *sigmoid(z wij*0;)*(1— sigmoi(l(z W;j*0;))
k.

1 i
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Neural Network Training: Backpropagation

e.=0.1311
0. =0.474
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Neural Network Training: Backpropagation

» Repeat until stopping criterion met:

1. Forward pass: propagate
training data through model
to make prediction

2. Quantify the dissatisfaction
with a model’s results on the
training data

3. Backward pass: using
predicted output, calculate
gradients backward to assign
blame to each model
parameter

(a) Forward pass -

4. Update each parameter

using calculated gradients
Sl 55250 o e R O AR e N8 (b) Backward pass

Department of Computer Science & Engineering Chapter 6: Neural Networks
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Neural Network Training: Backpropagation

0¢ = 0.474

=1
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Neural Network Training: Backpropagation

New weights (learning rate = 0.9):
w, 6= -0.3 +(0.9)(0.1311)(0.332)

W, 6= -0.261
es=0.1311
0¢=0.474

t1=1

Add here for efficiency (removed from earlier equation)

Wik = Wik + I)Err
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Neural Network Training: Backpropagation

= o] New weights (learning rate = 0.9):
@ We o= -0.2 + (0.9)(0.1311)(0.525)
0,=0.332 Ws56=-0.138

W, ¢ = -0.261 \bs =0.1

es=0.1311
0s=0.474

Wik = Wik + nErrio;
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Neural Network Training: Backpropagation

New bias (learning rate = 0.9):
bs= 0.1+ (0.9)(0.1311)

b.=0.218
\b6 = 01
e;=0.1311
0g= 0.474

t1=1

Ws ¢ = -0.138
0< = 0.525

br = bp. + nErry
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Neural Network Training: Backpropagation

: New weights (learning rate = 0.9):
@ w; 4= 0.2 +(0.9)(-0.0087)(1)
04 — 0.332 W1’4= 0.192

W, ¢ = -0.261 \b6 =0.218

es=0.1311
0=0.474

=1

Wik = Wik +NErrio;
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Neural Network Training: Backpropagation

= off New weights (learning rate = 0.9):
@ W, 5= -0.3 + (0.9)(-0.0065)(1)
0,=0.332 Wy s=-0.306

W, = -0.261 \b6 =0.218

es=0.1311
0,=0.474

=1

Wik = Wik + NErrio;
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Neural Network Training: Backpropagation

New weights (learning rate = 0.9):
@ w, .= 0.4 + (0.9)(-0.0087)(0)
w,,=0.4
\b6 =0.218
g, =0.1311
0,=0.474

=1

Wik = Wik + NErrio;

Department of Computer Science & Engineering Chapter 6: Neural Networks CSE 403: Machine Learning



Neural Network Training: Backpropagation

=1

Department of Computer Science & Engineering Chapter 6: Neural Networks

New weights (learning rate = 0.9):
@ W, s = 0.1 + (0.9)(-0.0065)(0)
w,5=0.1
\b6 0218
es=0.1311
0=0.474

Wik = Wik + NErrio;

CSE 403: Machine Learning



Neural Network Training: Backpropagation

New weights (learning rate = 0.9):
@ W, s = 0.1 + (0.9)(-0.0065)(0)
0.332 w,5=0.1

\b6 =0.218

ec=0.1311
05 = 0.474

=1

Wik = Wik + nErrio;

Department of Computer Science & Engineering Chapter 6: Neural Networks CSE 403: Machine Learning



Neural Network Training: Backpropagation

1¢=-0.261 \b6 = 0218

es=0.1311
0,=0.474

=1

Department of Computer Science & Engineering Chapter 6: Neural Networks

New weights (learning rate = 0.9):
@ w; 4= -0.5 + (0.9)(-0.0087)(1)
0.332 w3, =-0.508

Wik = Wik +NErrio;

CSE 403: Machine Learning



Neural Network Training: Backpropagation

New weights (learning rate = 0.9):
@ w; s = 0.2 + (0.9)(-0.0065)(1)

w; = 01.94
\b6 =0.218

e;=0.1311
0s=0.474

Wik = Wik + NETrio;

Department of Computer Science & Engineering Chapter 6: Neural Networks CSE 403: Machine Learning



Neural Network Training: Backpropagation

New bias (learning rate = 0.9):
b. = 0.2 + (0.9)(-0.0065)
b.=0.194

\b6 =0.218

es=0.1311
0s=0.474

=1

br = by + nErry

Department of Computer Science & Engineering Chapter 6: Neural Networks CSE 403: Machine Learning



Neural Network Training: Backpropagation

New bias (learning rate = 0.9):
b,=-0.4 + (0.9)(-0.0087)
b, = -0.408

\b6 =0.218

e;=0.1311
0s=0.474

=1

b = b + nErry

Department of Computer Science & Engineering Chapter 6: Neural Networks CSE 403: Machine Learning



Neural Network Training: Backpropagation
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Neural Network Training: Backpropagation

* Repeat until stopping criterion met:
(a) Forward pass P
1. Forward pass: propagate
training data through model
to make prediction

== 2. Quantify the dissatisfaction
with a model’s results on the
training data

Objective/loss function
used to compute error

______ > E(ys:t) 3. Backward pass: using

OE/OE predicted output, calculate
gradients backward to assign
blame to each model
parameter

Update each parameter

i B using calculated gradients
ac pass

Department of Computer Science & Engineering Chapter 6: Neural Networks CSE 403: Machine Learning



Neural Network Training: Backpropagation

Department of Computer Science & Engineeri

ing

What type of gradient descent

was used in the toy example?
a. Batch gradient descent

b. Stochastic gradient descent
c. Mini-batch gradient descent

Chapter 6: Neural Networks

* Repeat until stopping criterion met:

1.

Forward pass: propagate
training data through model
to make prediction

Quantify the dissatisfaction
with a model’s results on the
training data

Backward pass: using
predicted output, calculate
gradients backward to assign
blame to each model
parameter

Update each parameter
using calculated gradients

CSE 403: Machine Learning



Initialization and Normalization Techniques

Initialization means choosing the starting values of the weights and biases of a neural network before
training begins. Good initialization helps the model learn faster and avoids unstable training.

Basic data initialization approach:
- standardize so mean is 0 and standard deviation 1
- simplifies learning

e & “v e
.’.q‘s‘° 1.5
. ® & 10 %%
25 i.:: ® .OSI.. \0.
Originaldata: ——= =3+ % = Standardized data: _'1'?‘.'» -
el %e ‘
-1.5 &
.7

Basic model parameter initialization:
- set weights to random values drawn from Gaussian or uniform distribution
- set biases to 0

Department of Computer Science & Engineering Chapter 6: Neural Networks CSE 403: Machine Learning



Initialization and Normalization Techniques

Normalization techniques are used to make training faster, more stable, and often more accurate. They
reduce internal distribution changes during training.

Technique
Zero Initialization

Random Initialization
Xavier Initialization
He Initialization
Data Normalization

Batch Normalization
Layer Normalization

Group Normalization

Department of Computer Science & Engineering

Purpose When Used Best For
Simple starting point Before training Not suitvz:\/t;il;:); hidden
Break symmetry Before training Basic models
Stable variance Before training Sigmoid, tanh
Better for ReLU Before training RelLU networks
Scale inputs Before training All models
Normalize batch activations During training CNNs, deep networks
Normalize features per During training RNNs, transformers
sample
Normalize groups of channels During training Small-batch CNNs

Chapter 6: Neural Networks
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Vanishing and Exploding Gradients

In deep networks, gradients are computed using the chain rule:
dL aL oW, aw,

oW, oW, ow,_. oW,

This means gradients are multiplied layer by layer.

Vanishing Gradient : When gradients become very small (close to zero) as they move backward through layers, it is called the

vanishing gradient problem.
Good Backpropagation

Why it happens 200 DD

If values are repeatedly multiplied by numbers less than 1:
05x05%x05%x:-->0
In deep networks, this happens due to:
= small weight values
= activation functions like sigmoid and tanh
Example (sigmoid derivative):
o'(x) = a(x)(l — a(x))
Maximum value is 0.25, so gradients shrink quickly.
Effects
= Early layers learn very slowly
= Network fails to capture important features
* Training becomes ineffective

ﬁ Bac.k.—Propaaa'Hon

CSE 403: Machine Learning
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Vanishing and Exploding Gradients

In deep networks, gradients are computed using the chain rule:
dL aL oW, aw,

oW, oW, ow,_. oW,

This means gradients are multiplied layer by layer.

Exploding Gradient : When gradients become very large, it is called the exploding gradient problem.

Why it happens
If values are repeatedly multiplied by numbers greater than 1:
2X2X2X: >0

This occurs due to:
= large weightvalues
= deep networks
= poorinitialization
Effects
= verylarge weight updates
= unstable training
= loss becomes NaN ordiverges

Gradient

Backpropagation

CSE 403: Machine Learning
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Regularization in Neural Networks

Regularization is used to prevent overfitting, where a model performs well on training data but poorly on unseen data.

What is Overfitting?

= Model memorizes training data

= Learnsnoise instead of patterns

= High training accuracy but low-test accuracy
Regularization helps the model generalize better.

Weight Decay (L2 Regularization)
Penalize large weights so the model stays simple.

Modified Loss Function
Instead of minimizing only loss L, we add a penalty term:

L'=L+ AZ w2
Where:

A=regularization parameter
W=weights

Effect on Weight Update
oL
W = W—n<6W+2/1W)
This forces weights to become smaller over time.

Intuition
= Large weights > complex model > overfitting
=  Smallweights > smoother model > better generalization

Key Properties
= Reduces model complexity
= Keeps all features but with smallerinfluence
=  Works well in most neural networks

Department of Computer Science & Engineering Chapter 6: Neural Networks
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Regularization in Neural Networks

Regularization is used to prevent overfitting, where a model performs well on training data but poorly on unseen data.

What is Overfitting?
= Model memorizes training data
= Learnsnoise instead of patterns

= High training accuracy but low-test accuracy
Regularization helps the model generalize better.

Dropout
Randomly turn off neurons during training.

How it Works
During each training step:
= Each neuron is kept with probability p
=  QOtherwise, itis temporarily removed
Example:

If p = 0.5, half of neurons are randomly dropped

Mathematical View
h=h-r
Where:
r ~ Bernoullip)
h =neuron output

Chapter 6: Neural Networks

During Testing
= Noneurons are dropped
= Qutputs are scaled to match training behavior
Intuition
Dropout forces the network to:
= notdepend on specific neurons
= |earn redundant, robust features
It acts like training many smaller networks and
averaging them.

Key Benefits
= Reduces overfitting significantly
= |mproves generalization
= Works especially well in deep networks

CSE 403: Machine Learning

(b) After applying dropout.




Optimization Algorithms

General method that updates parameters by moving in the Simple concept, foundation of all

Gradient Descent Can be slow, may get stuckin local minima

negative direction of the gradient of the loss function optimizers
i Computes gradient using the entire dataset before updatin Very slow for large datasets, higsh memo
SR (Sl i P g g P g Stable and accurate updates y g g v
Descent parameters usage
PR (0 2 Updates parameters using one training sample at a time Fast, efficient for large datasets Noisy updates, oscillation near minimum
Descent (SGD)
Adds past gradients to smooth updates and accelerate Faster convergence, reduces
SGD with Momentum paste nup 'g . Extra hyperparameter (momentum)
learning oscillation
Adapts learning rate using moving average of squared Faster convergence, reduces Requires tuning, not always best
RMSprop . o o
gradients oscillation generalization
Combines momentum and RMSprop using first and second Fast, robust, widely used, less More memory usage, may generalize worse
moment estimates tuning required than SGD

. Taining Loss - Validation Error
560 —a— 5GD
mamentum —8— momentum
NAG 014 —o— NAG

20 AdaGrad —a— AdaGrad
AdaDelta AdaDelta
:ﬂasn:rop 012 -:_ EdMaSr:rap

Error Rate

05 oy
0.04

Ot et e e 8 8 B R e 0.02
o 200 400 G600 800 1000 1200 1400 1800 1500 ] 5 10 13 20
Training lterations Training epochs
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Hyperparameter Tuning

Hyperparameters are configuration settings set before training a model.

Hyperparameter Description

Examples:

» Learningrate Learning Rate Controls how much weights are updated

= Batch size Batch Size Number of samples per update

" Number of epochs Epochs Number of complete passes through data

= Number of layers
Hyperparameter Tuning is the process of finding the best combination of Number of Layers Depth of the neural network
these values to improve model performance. Number of Neurons Units in each layer

Dropout Rate Fraction of neurons randomly turned off

Why is it Important? Recularizati Control Fitting (L1/L2
Choosing good hyperparameters can: egularization ontrols overfitting ( )

= |Improve accuracy and performance

=  Speed up training

=  Prevent overfitting or underfitting
Poor choices can lead to:

= Slow convergence

= Lowaccuracy

= Unstable training

Manual Search Try values based on experience Simple Time-consuming, not optimal
Try all combinations of parameters Exhaustive, reliable Very slow, expensive
Random Search Randomly sample parameter combinations Faster than grid, good coverage May miss best combination
Bayesian Optimization Uses past results to choose next parameters Efficient, intelligent search Complex to implement

Uses early stopping to test many configs

quickly Very fast, resource efficient May discard good models early

Hyperband

Department of Computer Science & Engineering Chapter 6: Neural Networks CSE 403: Machine Learning



Model Interpretation

Model interpretation explains:
=  Whythe model made a prediction
=  Which features influenced the decision
Importance: Local Interpretation Explain individual predictions
= Trustandtransparency '
= Debugging models
= Compliance (e.g., healthcare, finance)

Description

Globallnterpretation  Understand overall model behavior

Interpretation Techniques

| Methd | ldea |  UseCase
Measures influence of each feature Tree-based models
“ Uses game theory to explain predictions Deep learning & ML
Explains predictions locally Any black-box model
Shows effect of a feature on prediction Global analysis

| Term | Manidea | Bwlnaton | Bample

= > =
One full pass through the entire dataset The model sees all training samples once Dataset = 1000 samples > 1 epoch = all
1000 used
. Number of samples processed before e . Batch size = 100 » model processes 100
Batch (Batch Size) upda'lt:;ng vl\:/)eights Data is divided into smaller groups Semalessi e tiFr)ne
One update step of the model Each batch processed =1 iteration 1000 sa.mple.sl batch size 100 >10
iterations per epoch

Department of Computer Science & Engineering Chapter 6: Neural Networks CSE 403: Machine Learning
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