N to ANN



Introduction

AN.N is popular machine learning techniques (parallel computing devices) that simulate

the mechanism of learningin biological organisms.

Q The brain has 100 - 10'" cells that are highly connected
O Every cell (called neuron)is connected to about
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Introduction

AN.N is popular machine learning techniques (parallel computing devices) that simulate

the mechanism of learningin biological organisms.

Q The brainis a highly complex, non-linear, has 10'° - 10'" cells that are highly connected
Q Every cell (called neuron)is connected to about 104 neuron

branches
dendvites of axon
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Humans Versus Computers

QO Success of the brain is a result of the parallelism of this

huge network of cells

neuron

a Time constant= 3 -5 msec

electric pulses

Q Traditional computer’s time constant ~ 10-9 or nano sec
Q The “time constant” of the brain is significantly larger
than that of the traditional computers —

QA Brain is superior because of the massive parallelism
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Model of Artificial Neural Network

a Mimic how the brain works

0 W,= weight a gives the degree of how input

Lo wo
cell j affects the receiving cell | S neum’nQ\SY”apse
. wWoTo
O b =some constant called bias or threshold dandiite
0 Every neuron produces output X cell body f (Zwiwi +b)
- . w11 i
a If neuron j is connected to neuron i then X; o Y wizi+b|f -
: output axon
will have an effect on X, activation
, Wo T function
O Each neuron can have a different effect, 202

hence, we multiply by weight w;
a Weights are the parameters that encode the

information in the brain



Artificial Neural Network

o 0o 0o 0o o o O o o o

(W

Every neuron produces outputX;

If neuron j is connected to neuron i then X; will have an effect on X;

Each neuron can have a different effect, hence, we multiply by weight w,

Weights act like the “storage” in computers

When a human encountersa new experience, the weights of his brain gets adjusted
This adjustmentresultsin his learning of the new experience

Memories are encoded in the weights.

We try in the field of (NNs) to exploit the learning feature observed in the brain.

The weights determine the functionality of the model

We apply some learning algorithm that adjusts the weights in small steps

The goal is to lead the NN to learn to implement the given problem



Artificial Neural Network

Processing of ANN depends upon the following three building blocks
O Network Topology
Q Adjustments of Weights or Learning

O Activation Functions
Network Topology

A network topology is the arrangement of a network along with its nodes and connecting

lines. According to the topology, ANN can be classified as the following:

Network Topology

|
l l

Feed forward network Feedback network
- ’




Artificial Neural Network (Network Topology)

1) Feedforward Network
It is @ non-recurrent network having processing units/nodes in layers and all the nodes in a layer

are connected with the nodes of the previous layers. The connection has different weights upon
them. It may be divided into two types of architecture:

(a) Single-layer feedforward network (perceptron)

INFUT NODES

OUTPFUT MNODE

1 wee s
O :
O WX — Z Wi X
-1

Inputs Outputs

{a) Perceptron without bias (b) Perceptron with bias

(B) Multilayer feedforward network

O

Inputs Hidden Qutputs




Artificial Neural Network (Network Topology)

2) Feedback Network
It is a feedback network has feedback paths, which means the signal can flow in both directions

using loops. This makes it a non-linear dynamic system, which changes continuously until it

reaches a state of equilibrium. It may be divided into the following types:

(a) Fully recurrent network: It is the simplest neural network architecture because all nodes are

connected to all other nodes and each node works as both input and output.

(b) Jordan Network: It is a closed loop network in which the output will go to the input again as

feedback as shown in the following diagram.




Artificial Neural Network (adjustments Of Weights Or Learning)

1) Supervised learning:

2) Unsupervised learning:

3) Reinforcement learning:

X (input) —»
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Artificial Neural Network (Activation Functions)

O Linear Activation Function: Or identity function as it | MATLAB
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Loss Function

Q It is a measurable way to gauge the performance and accuracy of a machine learning

model.
QO Acts as a guide for the learning process within a model or machine learning algorithm.

Q Also referred to as the error function or cost function, quantifies the difference between

the predicted outputs of a machine learning algorithm and the actual target values.
Q The learning algorithm in a M. L model are optimized to minimize the prediction error.

O Most loss functions apply to regression and classification machine learning problems.

O When exploring the topic of loss function, the topic of Empirical Risk Minimization
(ERM) comes up. ERM is an approach to selecting the optimal parameters of a machine

learning algorithm that minimizes the empirical risk.



LLoss Function

Q Itincludes the following:

= Performance measurement: Offer a clear metric to evaluate a model's performance

by quantifying the difference between predictions and actual results.

= Direction for improvement: Guide model improvement by directing the algorithm to

adjust parameters(weights) iteratively to reduce loss and improve predictions.

= Balancing bias and variance: Helps balance model bias (oversimplification) and

variance (overfitting), essential for the model's generalization to new data.

» Influencing model behavior: Can affect the model's behavior, such as being more

robust against data outliers or prioritizing specific types of errors.



Types Of Loss Functions (For RBQTBSS?:OTLZ

1) Mean SquareError (MSE) [ L2 Loss:
Quantifies the magnitude of the error between a machine learning algorithm

prediction and an actual output by taking the average of the squared difference

between the predictions and the target values.

MSE = (1/n) * =(yi - 7)?
Where:
nis the number of samplesin the dataset
yiis the predicted value for the i-th sample

y is the target value for the i-th sample

When to use MSE: MSE is recommmended for ML scenarios where it is conducive to

the learning process to penalize significantly the presence of outliers.



Types Of Loss Functions (For Regression)

2) Mean Absolute Error (MAE) / L1 Loss:
Calculates the average absolute differences between predicted values from a machine

learning model and the actual target values.

MAE = (1/n) * Zly; - ¢l
Where:
n is the number of samples in the dataset
yi is the predicted value for the i-th sample

y is the target value for the i-t" sample

When to use MAE: MAE measures the average absolute difference between the predicted
and actual values. Unlike MSE, MAE does not square the differences, which makes it less

sensitive to outliers.



Types Of Loss Functions (For Regression)

3) Huber Loss / Smooth Mean Absolute Error:
Combines MSE and MAE, applying MSE for small errors and MAE for large errors, making it
robust to outliers. The hybrid nature of Huber Loss makes it less sensitive to outliers, just like
MAE, but also penalizes minor errors within the data sample, similar to MSE. The Huber Loss
function is also utilized in regression machine learning tasks. The mathematical equation for
Huber Loss is as follows:

1 A 2 A
X SO =79) forly—9/<§
L(y,y) ={

S(ly — 9| — 55) otherwise,

Where:
L represents the Huber Loss function
6 is the delta parameter, which determines the threshold for switching between the
quadratic and linear components of the loss function
y is the true value or target value

When to use MSE: MSE is recommended for ML scenadrios where it is conducive to the learning
process to penalize significantly the presence of outliers.



Types Of Loss Functions (For Classification)

Binary Cross Entropy Loss (BCE):
O BCE is a loss function measures the difference between probability distributions of

binary variables. Binary classification refers to a task where the goal is to classify data into
one of two possible classes or categories, often represented as 0 and 1, or “negative” and
“positive”.

Q The binary cross-entropy loss function quantifies the difference between the predicted
probability distribution and the actual binary labels of the data. It calculates the discrepancy
between the predicted probabilities and the true labels, penalizing the model more for
incorrect predictions that are further from the true labels.

L(y, f(x)) =-[y *log(f(x)) + (1- y) * log(1- f(x))]
Where:

L represents the Binary Cross-Entropy Loss function
y is the true binary label (O or 1)
f(x) is the predicted probability of the positive class (between 0 and 1)

When to use MSE:
Binary cross-entropy (BCE), is a loss function commonly used in binary classification tasks,
particularly in machine learning algorithms such as logistic regression and neural
networks.



Types Of Loss Functions
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Choosing The Right Loss Function

Q An appropriately selected loss function acts as a guide, steering the learning
algorithm towards accuracy and reliability, ensuring that it captures the

underlying patterns in the data while avoiding overfitting or underfitting.

Q The choice of loss functions depends on the task:
= Use MSE or MAE for regression tasks.
= Use Binary Cross-Entropy for binary classification and Categorical Cross-
Entropy for multi-class classification.
= For imbalanced datasets, consider Focal Loss to focus on hard-to-predict
examples.

= For tasks with outliers, Huber Loss is a robust choice.


https://www.datacamp.com/blog/what-is-overfitting
https://campus.datacamp.com/courses/supervised-learning-with-scikit-learn/classification-1?ex=9

Choosing The Right Loss Function
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Q&A
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