Artificial Intelligence - Unit
3 (AKTU)

Uncertainty, Learning Techniques & Neural Networks

1. Introduction to Uncertainty &
Probabilistic Reasoning

IMPORTANT FOR EXAM (2 MARKS)

Define Uncertainty. Why does it occur in Al systems?

Definition of Uncertainty:

Uncertainty refers to the situation where an Al agent does not have complete
knowledge about the current state of the world, the effects of its actions, or the
occurrence of future events. It arises due to partial observability, sensor limitations,
complexity, and non-determinism in the environment.

Causes of Uncertainty in Al Systems:

= » Incompleteness: Missing information about the environment. For example, a

medical diagnosis system may not have access to all patient symptoms or




medical history, leading to incomplete knowledge about the patient's condition.

= » Inconsistency: Conflicting data sources or contradictory information. Multiple
sensors might provide different readings, or expert opinions may conflict with
each other.

= » Noise: Distorted or corrupted sensor data due to environmental factors, hardware
limitations, or measurement errors. For instance, a robot's camera might receive
blurry images in low light conditions.

» » Stochastic Environments: Outcomes of actions are not deterministic
(randomness). The same action in the same state might lead to different
outcomes due to inherent randomness in the environment.

= » Ambiguity: Lack of clear distinction between different states or interpretations.
Natural language processing systems often face ambiguity where a sentence can
have multiple meanings.

» > Partial Observability: The agent cannot observe all aspects of the environment at
once. For example, in a card game, a player cannot see the opponent's cards.

Probabilistic Reasoning

Probabilistic Reasoning is a method of knowledge representation where we apply the
concept of probability theory to indicate the degree of uncertainty in knowledge. It allows
agents to make rational decisions even with incomplete information by quantifying
beliefs numerically between 0 (impossible) and 1 (certain).
Key Advantages of Probabilistic Reasoning:

Provides a formal framework for reasoning under uncertainty

Combines prior knowledge with new evidence systematically

>
>
» Enables optimal decision-making by computing expected utilities
» Has a solid mathematical foundation based on probability theory
>

Can handle incomplete and noisy information gracefully

Fundamental Concepts in Probability



= Random Variable: A variable that can take on different values with associated
probabilities. For example, Weather = {Sunny, Rain, Cloudy} where each value has a
certain probability of occurrence. Random variables can be discrete (finite values) or
continuous (infinite range).

= Prior Probability P(A): The probability of an event before any evidence is obtained. It
represents our initial belief or knowledge about the likelihood of an event. For example,
P(Rain) = 0.3 indicates we believe there's a 30% chance of rain based on general
knowledge.

= Posterior Probability P(A|B): The probability of event A after evidence B is observed
(Conditional Probability). This represents our updated belief after incorporating new
information. For example, P(Rain|DarkClouds) might be 0.8, showing increased belief in
rain after observing dark clouds.

= Joint Probability P(A,B): The probability that both events A and B occur together. It is
calculated as P(A,B) = P(A|B) x P(B) = P(B|A) x P(A).

= Marginal Probability: The probability of an event irrespective of other variables. It is
obtained by summing joint probabilities over all possible values of other variables.

= Independence: Two events A and B are independent if P(A|B) = P(A), meaning knowing
B doesn't change our belief about A. In this case, P(A,B) = P(A) x P(B).

Probability Axioms

1. © = P(A) =1 for any event A
2. P(True) = 1 and P(False) = 0
3. P(A v B) P(A) + P(B) - P(A A B)

2. Bayes' Rule (Bayes' Theorem)

EXAM PATTERN (7 MARKS)

State Bayes' theorem. A doctor knows that meningitis causes stiff neck 50% of the
time... (Numerical Problem)




Introduction to Bayes' Theorem

Bayes' Theorem, named after Reverend Thomas Bayes (18th century), is one of the most
important theorems in probability theory and statistics. It provides a mathematical
framework for updating our beliefs about hypotheses when new evidence becomes
available. The theorem is fundamental to probabilistic reasoning in Al and forms the
basis for many machine learning algorithms and inference systems.

Bayes' rule provides a way to calculate the probability of a hypothesis given some
observed evidence, using the prior probability of the hypothesis and the likelihood of the
evidence. It essentially allows us to "invert" conditional probabilities, computing
P(CauselEffect) from P(Effect|Cause).
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Statement of Bayes' Theorem:

If H is a hypothesis and E is evidence, then the probability of H being true given that E
has been observed is:

P(H | E) = [ P(E | H) x P(H) 1 / P(E)

Components of Bayes' Theorem:

= P(HIE) - Posterior Probability: The probability of the hypothesis H being true given
that evidence E has been observed. This is what we want to calculate - our updated
belief after seeing the evidence.

= P(E|H) - Likelihood: The probability of observing evidence E if hypothesis H is true.
This tells us how well the hypothesis predicts the evidence. Also called the
'sensitivity" in medical diagnosis.

= P(H) - Prior Probability: The initial probability of hypothesis H before observing any
evidence. This represents our background knowledge or base rate of the hypothesis
in the population.



= P(E) - Marginal Probability: The total probability of observing evidence E under all
possible hypotheses. It acts as a normalizing constant and can be computed using
the law of total probability:
P(E) = P(E[H) x P(H) + P(E|-H) x P(-H)

Derivation of Bayes' Theorem

Bayes' Theorem can be derived from the definition of conditional probability:

P(A|B)

P(A n B) / P(B)

P(B|A)

P(A n B) / P(A)

Since P(A n B) = P(B n A):
P(A[B) x P(B) = P(BJ]A) x P(A)

Therefore: P(A|B) = [P(B|A) x P(A)] / P(B)

Applications of Bayes' Theorem in Al

» Medical Diagnosis: Determining disease probability based on symptoms and test
results

Spam Filtering: Classifying emails as spam or legitimate based on word occurrences
Document Classification: Categorizing text documents into predefined categories
Weather Prediction: Forecasting weather based on atmospheric conditions

Fault Diagnosis: Identifying equipment failures based on sensor readings
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Criminal Investigation: Evaluating evidence in forensic analysis

Detailed Example 1: Medical Diagnosis



Problem Statement: A rare disease affects 0.1% of the population. A diagnostic test
has been developed that is 99% accurate (both sensitivity and specificity). If a
person tests positive, what is the probability they actually have the disease?

Given Information:

= P(Disease) = 0.001 (Prior probability - 0.1% prevalence)

= P(Positive Test | Disease) = 0.99 (Sensitivity - True Positive Rate)

(

(
= P(Negative Test | No Disease) = 0.99 (Specificity - True Negative Rate)
= P(Positive Test | No Disease) = 0.01 (False Positive Rate = 1 - Specificity)
(

= P(No Disease) = 0.999
To Find: P(Disease | Positive Test)
Step-by-Step Solution:

Step 1: Calculate P(Positive Test) using the law of total probability:

P(Positive) = P(Positive|Disease) x P(Disease) +
P(Positive|No Disease) x P(No Disease)
P(Positive) = (0.99 x 0.001) + (0.01 x 0.999)
P(Positive) = 0.00099 + 0.00999
P(Positive) = 0.01098

.

Step 2: Apply Bayes' Theorem:

P(Disease|Positive) = [P(Positive|Disease) x
P(Disease)] / P(Positive)
P(Disease|Positive) = (0.99 x 0.001) / 0.01098
P(Disease|Positive) = 0.00099 / 0.01098
P(Disease|Positive) = 0.0901 or 9.01%

. v

Interpretation: Even with a 99% accurate test, if a person tests positive, there's only
about 9% chance they actually have the disease! This counterintuitive result occurs



because the disease is very rare (0.1% prevalence). The false positives from the
large healthy population outnumber the true positives from the small diseased
population.

Detailed Example 2: Spam Email Detection

Problem: An email contains the word "prize". What is the probability it is spam?

Given:

P(Spam) = 0.40 (40% of emails are spam)
= P("prize"|Spam) = 0.80 (80% of spam emails contain "prize")

= P("prize"|INot Spam) = 0.10 (10% of legitimate emails contain "prize")
Solution:

Step 1: Calculate P("prize"):

P("prize") = P("prize"|Spam) x P(Spam) +
P("prize"|Not Spam) x P(Not Spam)
P("prize") = (0.80 x 0.40) + (0.10 x 0.60)
P("prize") = 0.32 + 0.06 = 0.38

.

Step 2: Apply Bayes' Theorem:

P(Spam|"prize") = [P("prize"|Spam) x P(Spam)] /
P("prize")
P(Spam|"prize") = (0.80 x 0.40) / 0.38
P(Spam|"prize") = 0.32 / 0.38
P(Spam|"prize") = 0.842 or 84.2%




Conclusion: If an email contains the word "prize", there's an 84.2% probability it is

spam.

Common 7-Mark Question Pattern:

Q: "State and prove Bayes' Theorem. A doctor knows that meningitis causes stiff neck
50% of the time. Prior probability of any patient having meningitis is 1/50,000, and the
prior probability of any patient having stiff neck is 1/20. If a patient has a stiff neck,
what is the probability they have meningitis?”

Answer Structure:

State Bayes' Theorem (2 marks)

Define all components (1 mark)

|dentify given values (1 mark)

Apply formula step-by-step (2 marks)

Final answer with interpretation (1 mark)

3. Bayesian Networks (Belief
Networks)

IMPORTANT FOR EXAM (7 - 10 MARKS)

What is a Bayesian Network? Explain its structure with an example (Burglary Alarm
System).

Definition and Introduction



A Bayesian Network (also known as Belief Network, Bayes Net, or Probabilistic Network)
is a probabilistic graphical model that represents a set of variables and their conditional
dependencies via a Directed Acyclic Graph (DAG). It provides a compact representation
of joint probability distributions and enables efficient inference under uncertainty.

Bayesian Networks were developed by Judea Pearl in the 1980s and have become one of
the most important tools in Al for reasoning under uncertainty. They combine probability
theory with graph theory to provide a natural way to encode causal relationships and
perform probabilistic inference.

Key Characteristics of Bayesian Networks:

= » Combines graphical representation with probability theory

= » Handles uncertainty in a principled manner

= » Supports both causal and diagnostic reasoning

= » Allows efficient computation through conditional independence
» » Can learn structure and parameters from data

= » Provides transparent reasoning process (explainable Al)

Structure Components:

» > Nodes (Vertices): Represent random variables in the domain. Each node
corresponds to a variable that can take on different values. Variables can be
discrete (e.g., Boolean, categorical) or continuous (e.qg., real-valued
measurements).

= > Edges (Arrows/Arcs): Represent direct probabilistic dependencies between
variables. An arrow from node A to node B means A directly influences B (A is a
parent of B, B is a child of A). The direction indicates the causal or influential
relationship.

» > Directed Acyclic Graph (DAG): The graph must be directed (arrows have direction)
and acyclic (no cycles/loops). You cannot follow the arrows and return to the
same node. This ensures well-defined probability distributions.




* > CPT (Conditional Probability Table): Each node has an associated table that
quantifies the probabilistic relationship between the node and its parents. For a
node X with parents Y1, Y2, ..., Yn, the CPT specifies P(X|Y1, Y2, ..., Yn) for all
combinations of parent values. Root nodes (no parents) have prior probability
tables.

Advantages of Bayesian Networks

» Compact Representation: Instead of storing exponentially many joint probabilities, we
only store local conditional probabilities

» Intuitive Visualization: Graph structure makes relationships between variables clear

> Bidirectional Inference: Can reason from causes to effects (prediction) and effects to
causes (diagnosis)

» Handles Missing Data: Can perform inference even when some variables are
unobserved

» Combines Data and Expert Knowledge: Structure can be specified by experts,
parameters learned from data

» Supports Decision Making: Can be extended to influence diagrams for optimal
decisions

Example: Burglary Alarm Network

Burglary




Fig: Burglary causes Alarm. Earthquake causes Alarm. Alarm causes John & Mary to
call.

Applications of Bayesian Networks

Domain Application Example

Medical Disease diagnosis Predicting diseases from symptoms and test results
Reliability System failure analysis Nuclear power plant safety, aircraft fault diagnosis
Finance Risk assessment Credit scoring, fraud detection, market prediction
Legal Evidence evaluation Criminal investigation, forensic analysis

Robotics Sensor fusion Combining multiple sensor readings for localization
NLP Language modeling Speech recognition, text classification

Common 10-Mark Question:

Q: "What is a Bayesian Network? Explain its structure, components, and conditional
independence with a suitable example (Burglary-Alarm system). Show how to
perform probabilistic inference."

Answer Structure:

Definition of Bayesian Network (2 marks)

Components: Nodes, Edges, DAG, CPT (2 marks)

Draw example network with CPTs (2 marks)

Explain conditional independence (2 marks)

Show sample inference calculation (2 marks)



‘ 4. Fuzzy Logic & Handling Imprecision

IMPORTANT FOR EXAM (2 - 7 MARKS)

Difference between Boolean Logic and Fuzzy Logic. Define Fuzzy Set.

Introduction to Fuzzy Logic

Definition of Fuzzy Logic:

Fuzzy logic is a form of multi-valued logic that deals with reasoning that is
approximate rather than fixed and exact. Unlike classical Boolean logic where
variables may only be true (1) or false (0), fuzzy logic variables may have a truth value
that ranges continuously between 0 and 1.

Motivation for Fuzzy Logic

» Natural Language Processing: Human language is inherently fuzzy. "John is tall"
doesn't have a precise height threshold.

> Real-World Measurements: Sensor data is often imprecise or noisy

> Expert Knowledge: Experts often express knowledge using fuzzy terms ("slightly

increase”, "very hot")

» Gradual Transitions: Many real phenomena have smooth transitions rather than sharp
boundaries (e.g., day to night, hot to cold)

» Decision Making: Human decisions often involve fuzzy reasoning ("if the traffic is
heavy, leave early")

Fuzzy vs. Crisp Logic - Detailed Comparison



Feature Crisp (Boolean) Logic Fuzzy Logic

Values Binary: 0 or 1 (True/False) Continuous range: [0, 1]
. Element either belongs to set or doesn't  Degree of membership (partial
Membership .
(100% or 0%) belonging)
Boundaries Sharp, well-defined boundaries Smooth, gradual transitions
Temperature > 30°C is HOT (binary Temperature 28°C is 0.6 HOT,
Example ) ) ]
classification) 32°Cis 0.8 HOT
Complexity Simpler implementation More complex but more flexible
Real-world o ) Better represents gradual
. Oversimplifies continuous phenomena
modeling changes
Fuzzy Sets

A fuzzy set is characterized by a membership function that assigns to each element a
degree of membership ranging between 0 and 1.

MA(X) ¢ X -» [0, 1]
where pA(x) = membership degree of x in fuzzy set A

Example: Age Classification

Consider classifying people as "Young", "Middle-aged", or "Old":

= Crisp Logic: Young (0-30), Middle-aged (31-50), Old (51+) - Sharp boundaries
= Fuzzy Logic: A 30-year-old might be 0.7 Young and 0.3 Middle-aged - Smooth transition

Membership Functions

Common types of membership functions used in fuzzy logic:




1. Triangular: Linear increase, peak, linear decrease
2. Trapezoidal: Linear increase, flat top, linear decrease
3. Gaussian: Bell-shaped curve (smooth)

4. Sigmoid: S-shaped curve (smooth transition)

Fuzzy Logic Control System

A typical fuzzy logic system operates in three steps:

1. Fuzzification: Convert crisp input values into fuzzy membership values using
membership functions

2. Inference (Rule Evaluation): Apply fuzzy rules (IF-THEN statements) to get fuzzy output

3. Defuzzification: Convert fuzzy output back to crisp value for actual control/decision

Fuzzy Rules

Fuzzy systems use linguistic rules of the form:

IF (condition) THEN (conclusion)

Example: IF temperature is HIGH AND humidity is HIGH
THEN fan_speed 1is FAST

Applications of Fuzzy Logic

Domain Application

Consumer Washing machines, air conditioners, cameras (auto-focus), vacuum
Electronics cleaners

Automotive Anti-lock braking systems (ABS), automatic transmission, cruise control

Industrial Control Temperature control, chemical process control, elevator systems



Pattern Recognition Image processing, handwriting recognition, facial recognition

Decision Support Risk assessment, credit evaluation, medical diagnosis

Robotics Navigation, obstacle avoidance, adaptive control

Advantages and Disadvantages

Advantages:

= Models human reasoning
= Handles uncertainty and imprecision

= Simpler than complex mathematical
models

= Works with incomplete data

= Robust and flexible

Disadvantages:

= No standard methodology for design
= Requires expert knowledge for rules

= Difficult to tune membership
functions

= Can be computationally intensive

= May lack precision in some
applications

‘ 5. Neural Networks (Basics)

IMPORTANT FOR EXAM (7 MARKS)

Explain the structure of a Perceptron. How does Backpropagation work?

Introduction to Neural Networks

Neural Networks (also called Artificial Neural Networks or ANNs) are computing systems

inspired by the biological neural networks that constitute animal brains. They are

composed of interconnected nodes (artificial neurons) that work together to process



information. Neural networks are particularly effective for pattern recognition,
classification, and learning from examples.

Biological Inspiration:

The human brain contains approximately 86 billion neurons, each connected to
thousands of other neurons. Neurons communicate through electrical and chemical
signals. When a neuron receives sufficient input signals, it "fires" and sends its signal
to connected neurons. Artificial neural networks attempt to mimic this behavior
computationally.

Basic Components of Neural Networks

» Neurons (Nodes/Units): Basic processing units that receive inputs, process them, and
produce outputs

» Weights: Numerical values that represent the strength of connections between
neurons

» Bias: Additional parameter that allows the model to fit data better (similar to intercept

in linear regression)

» Activation Function: Determines whether and to what extent a neuron should be
activated

» Layers: Organization of neurons into input layer, hidden layer(s), and output layer

The Perceptron - Detailed Explanation

The Perceptron, invented by Frank Rosenblatt in 1957, is the simplest type of artificial
neural network. It is a single-layer neural network that can learn to classify inputs into one
of two categories (binary classification). The perceptron mimics a biological neuron and
forms the building block of more complex neural networks.

Perceptron Definition:




A perceptron is a linear classifier that makes its predictions based on a linear
combination of input features. It takes multiple inputs, applies weights to them, sums
them up (along with a bias), and passes the result through an activation function to
produce an output.

Outpu

Mathematical Model of Perceptron

Net Input = X (xi x wi) + b = (x1xwl) + (x2xw2) + ... +
(xnxwn) + b
Output y = Activation(Net Input)
Where:

xi: Input features (x1, x2, ..., xn)
wi: Weights associated with each input (w1, w2, ..., wn)
b: Bias term (threshold)

Activation: Step function (typically)

Limitations of Perceptron

= » Linear Separability: Can only classify linearly separable data. Cannot solve XOR
problem.



= » Single Layer: Limited to simple decision boundaries (straight lines/hyperplanes)
= > Binary Classification: Original perceptron only handles two classes

= » No Hidden Layers: Cannot learn complex patterns that require feature transformation

Multi-Layer Perceptron (MLP)

To overcome perceptron limitations, Multi-Layer Perceptrons (also called feedforward
neural networks) were developed. An MLP has:

= » Input Layer: Receives input features
= > Hidden Layer(s): Intermediate layers that transform inputs (can be multiple layers)

= » Output Layer: Produces final predictions

MLPs can learn non-linear decision boundaries and solve complex problems like XOR,
image recognition, etc.

Backpropagation Algorithm (Introduction
Level)

Backpropagation is a supervised learning algorithm that adjusts the weights of a
neural network to minimize the difference between predicted outputs and actual
targets. It uses the chain rule of calculus to compute gradients layer by layer, starting
from the output and moving backward through the network.

How Backpropagation Works - Step by Step

1. Forward Pass (Forward Propagation):
= |nput data flows through the network layer by layer
= Each neuron computes: output = activation(Z(weights x inputs) + bias)
= The process continues until the output layer produces a prediction

= Store intermediate values (activations) for use in backward pass



2. Error Calculation (Loss Computation):

Compare predicted output with actual target/label

Calculate error using a loss function (e.g., Mean Squared Error, Cross-Entropy)

Loss Function Example (MSE): L = (1/2) x (y - §)?

The goal is to minimize this loss
3. Backward Pass (Backpropagation):
= Calculate gradient of loss with respect to output layer weights
= Propagate the error backward through the network layer by layer

= Use chain rule to compute gradients for each weight: dL/0w = 0L/dy x dy/dnet x
onet/ow

= Each layer receives error signal from the next layer and passes it backward
4. Weight Update (Gradient Descent):

= Adjust weights in the direction that reduces the error

= Update rule: w(new) = w(old) - (learning_rate x oL/ow)

= Update bias: b(new) = b(old) - (learning_rate x oL/db)

= Learning rate controls the step size (typically 0.001 to 0.1)
5. lteration:

= Repeat steps 1-4 for all training examples (one epoch)

= Continue for multiple epochs until convergence or stopping criteria

= Monitor training and validation loss to prevent overfitting

Common 7-Mark Question:

Q: "Explain the architecture of a Perceptron with a neat diagram. How does the
Backpropagation algorithm work in training neural networks?"

Answer Structure:

= Definition and diagram of Perceptron (2 marks)

= Perceptron mathematical model and activation function (1.5 marks)



= Introduction to Backpropagation (0.5 marks)
= Four steps of Backpropagation explained (2.5 marks)

= Weight update formula (0.5 marks)

6 & 7. Fundamentals of Machine
Learning

IMPORTANT FOR EXAM (7 - 10 MARKS)

Differentiate between Supervised and Unsupervised Learning with examples.
What is Machine Learning?

Definition: Machine Learning (ML) is a subset of Artificial Intelligence that enables
computer systems to learn from data and improve their performance on a specific task
over time without being explicitly programmed. Instead of following pre-written
instructions, ML systems identify patterns in data and make decisions based on those
patterns.

Ve

Formal Definition by Tom Mitchell (1997):

"A computer program is said to learn from experience E with respect to some class of
tasks T and performance measure P, if its performance at tasks in T, as measured by
P, improves with experience E."

Why Machine Learning?



» Handling Complexity: Some problems are too complex to program explicitly (e.g.,
image recognition, natural language understanding)

» Adaptation: ML systems can adapt to new situations and data without reprogramming
» Data-Driven Insights: Can discover hidden patterns and relationships in large datasets

» Automation: Automates decision-making processes that would be tedious or
impossible for humans

» Scalability: Can handle massive amounts of data efficiently

» Continuous Improvement: Performance improves as more data becomes available

Machine Learning in Al Context

Machine Learning is a core component of modern Al systems. While traditional Al relied
on hand-crafted rules and knowledge bases, modern Al heavily relies on machine learning
to:

» Learn representations of knowledge from data
» Automatically improve through experience

» Generalize from examples to new situations

» Handle uncertainty and incomplete information

» Scale to complex real-world problems

Types of Machine Learning

Machine Learning is broadly classified into three main categories based on the nature of
the learning signal or feedback available:

1. Supervised Learning

Definition: Learning from labeled training data. The algorithm learns a mapping from
inputs to outputs based on example input-output pairs.



Analogy: Learning with a teacher who provides correct answers.

2. Unsupervised Learning

Definition: Learning from unlabeled data. The algorithm discovers hidden patterns or
structures in data without explicit guidance.

Analogy: Self-learning without a teacher, discovering patterns on your own.

3. Reinforcement Learning

Definition: Learning through interaction with an environment. The agent learns by
receiving rewards or penalties for actions.

Analogy: Learning by trial and error, like training a pet with rewards.

Detailed Comparison: Supervised vs.
Unsupervised Learning

Supervised Learning Unsupervised Learning

Labeled Data (Input + Output/Target  Unlabeled Data (Only Input known, no

Data Type
known) targets)
Goal Predict outcomes for new data / Find hidden patterns, structures, or
oa
Classify inputs into categories groupings in data
Direct feedback - know if prediction No feedback - no correct answers
Feedback

is correct/incorrect provided



Aspect Supervised Learning Unsupervised Learning
. Generally simpler - clear objective More complex - objective is often
Complexity ) o
function subjective
Training Learn from examples with known ) ) ]
Discover patterns without guidance
Process outcomes
. Easy - compare predictions with Difficult - no ground truth to compare
Evaluation :
actual labels against
o Linear Regression, Logistic K-Means Clustering, Hierarchical
ommon
. Regression, SVM, Decision Trees, Clustering, PCA, DBSCAN, Apriori,
Algorithms
Random Forest, Neural Networks Autoencoders
Spam Detection, Disease Diagnosis, = Customer Segmentation, Anomaly
Applications Price Prediction, Sentiment Detection, Recommendation Systems,
Analysis, Face Recognition Data Compression, Topic Modeling
Cost Higher - requires labeled data Lower - works with readily available
os
(expensive to obtain) unlabeled data
Real-time Yes - can make predictions on new Limited - mainly for analysis and
Prediction instances exploration

Supervised Learning - Detailed

Types of Supervised Learning Tasks:

1. Classification: Predicting discrete class labels
= Binary Classification: Two classes (e.g., spam/not spam, disease/no disease)

= Multi-class Classification: More than two classes (e.g., digit recognition 0-9, animal
species)

= Examples: Email spam filtering, medical diagnosis, handwriting recognition,
sentiment analysis

2. Regression: Predicting continuous numerical values

= Examples: House price prediction, stock market forecasting, temperature prediction,
sales forecasting



= Output: Real-valued numbers (e.g., $250,000, 35.5°C, 1523 units)

Supervised Learning Process:

1. Data Collection: Gather training data with input features and corresponding labels
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. Data Preprocessing: Clean, normalize, and prepare data

. Feature Selection: Choose relevant features that help prediction

. Model Selection: Choose appropriate algorithm (e.g., decision tree, neural network)
. Training: Feed training data to algorithm to learn patterns

. Validation: Test model on validation set to tune hyperparameters

. Testing: Evaluate final model on unseen test data

. Deployment: Use model to make predictions on new data

Popular Supervised Learning Algorithms:

Algorithm

Linear Regression Regression

Logistic Regression Classification

Decision Trees Both

Random Forest

Support Vector Machines
(SVM)

Neural Networks Both
K-Nearest Neighbors (KNN) Both

Naive Bayes Classification

Predicting continuous values with linear
relationships

Binary classification problems

Interpretable models with clear decision rules

High accuracy, handles large datasets with many
features

High-dimensional data, text classification

Complex patterns, image/speech recognition

Simple problems, recommendation systems

Text classification, spam filtering

Unsupervised Learning - Detailed



Types of Unsupervised Learning Tasks:

1. Clustering: Grouping similar data points together

= K-Means: Partitions data into K clusters based on centroid distances

= Hierarchical Clustering: Creates tree-like structure of clusters

= DBSCAN: Density-based clustering, finds arbitrary-shaped clusters

= Examples: Customer segmentation, document organization, image segmentation
2. Dimensionality Reduction: Reducing number of features while preserving information

= PCA (Principal Component Analysis): Linear transformation to uncorrelated
components

= t-SNE: Visualization of high-dimensional data in 2D/3D

= Examples: Data visualization, noise reduction, feature extraction
3. Association Rule Learning: Discovering relationships between variables

= Apriori Algorithm: Finds frequent item sets and association rules

= Examples: Market basket analysis ("customers who bought X also bought Y")
4. Anomaly Detection: Identifying unusual patterns or outliers

= Examples: Fraud detection, network intrusion detection, equipment failure prediction

Unsupervised Learning Applications:

» Customer Segmentation: Grouping customers with similar behavior for targeted
marketing

Recommendation Systems: Suggesting products based on user similarity patterns
Data Exploration: Understanding structure and patterns in new datasets
Image Compression: Reducing image size by identifying similar patterns

Topic Modeling: Discovering themes in document collections
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Genetic Clustering: Grouping genes with similar expression patterns

Key Differences - Quick Reference

Feature Supervised Learning Unsupervised Learning




Input Data X (features) + Y (labels) Only X (features)

Learning Type Predictive Descriptive
Accurac Difficult (subjective
y Easy (use test labels) _ (Subj

Measurement evaluation)

Computational Cost Lower to Moderate Higher (iterative optimization)
When outcome is known and When exploring data

Use Case ]
predictable structure

Machine Learning Workflow

—

. Problem Definition: Clearly define what you want to predict or discover

. Data Collection: Gather relevant data from various sources

. Data Preprocessing: Clean, normalize, handle missing values

. Exploratory Data Analysis (EDA): Visualize and understand data patterns
. Feature Engineering: Create, select, and transform features

. Model Selection: Choose appropriate algorithm(s)

. Training: Fit model to training data

. Evaluation: Assess model performance on test data

. Hyperparameter Tuning: Optimize model parameters
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—

. Deployment: Deploy model to production

—
—

. Monitoring: Track model performance over time

Challenges in Machine Learning

» Overfitting: Model learns training data too well, poor generalization to new data
» Underfitting: Model is too simple, doesn't capture underlying patterns
» Data Quality: Garbage in, garbage out - poor data leads to poor models

» Feature Selection: Choosing relevant features that impact predictions



» Curse of Dimensionality: As features increase, data becomes sparse
» Imbalanced Data: Unequal distribution of classes affects learning

» Computational Resources: Large datasets and complex models require significant
computing power

> Interpretability: Complex models (deep learning) are often "black boxes"

Common 10-Mark Question Pattern:

Q: "Define Machine Learning. Differentiate between Supervised and Unsupervised
Learning with suitable examples and algorithms. Explain the complete workflow of a
supervised learning system.”

Answer Structure:

= Definition of Machine Learning (1 mark)

= Definition of Supervised Learning with examples (2 marks)

= Definition of Unsupervised Learning with examples (2 marks)
= Comparison table highlighting key differences (2 marks)

= List common algorithms for both types (1 mark)

= Explain supervised learning workflow/process (2 marks)

¥ Complete Summary of Unit 3

1. Uncertainty & Probabilistic Reasoning

= » Uncertainty: Arises from incompleteness, noise, inconsistency, and stochastic
environments

= » Probabilistic Reasoning: Uses probability theory to handle uncertainty
quantitatively

= » Key Concepts: Prior probability, posterior probability, conditional probability,
independence



2. Bayes' Rule

» Formula: P(H|E) = [P(E|H) x P(H)] / P(E)
» Purpose: Updates beliefs based on new evidence (diagnostic reasoning)
» Applications: Medical diagnosis, spam filtering, fault detection

» Key Insight: Combines prior knowledge with likelihood of evidence
3. Bayesian Networks

» Definition: Probabilistic graphical model using Directed Acyclic Graph (DAG)

» Components: Nodes (variables), edges (dependencies), CPTs (conditional
probabilities)

» Advantages: Compact representation, bidirectional inference, handles uncertainty

» Key Concept: Conditional independence and D-separation patterns
4. Fuzzy Logic

» Purpose: Handles imprecision and vagueness in real-world data

» Difference from Boolean: Truth values range continuously from 0 to 1

» Operations: Union (max), Intersection (min), Complement (1-x)

» Applications: Control systems, washing machines, air conditioners, robotics

» Process: Fuzzification — Inference — Defuzzification

5. Neural Networks

» Perceptron: Simplest neural network, single layer, linear classification
» Structure: Inputs — Weights - Summation - Activation — Output
» Learning: Adjust weights based on errors using gradient descent

» Activation Functions: Step, Sigmoid, Tanh, ReLU

» Limitation: Can only learn linearly separable patterns

6. Backpropagation



» Purpose: Training algorithm for multi-layer neural networks

» Steps: Forward pass - Error calculation — Backward pass — Weight update
» Key Technique: Chain rule to compute gradients layer by layer

» Gradient Descent Types: Batch, Stochastic (SGD), Mini-batch

» Challenges: Vanishing/exploding gradients, local minima, learning rate tuning

7. Machine Learning Fundamentals

» Definition: Systems that learn from data and improve with experience
» Three Types: Supervised, Unsupervised, Reinforcement Learning
» ML in Al: Enables automatic learning instead of explicit programming

» Workflow: Data collection - Preprocessing — Training — Evaluation -
Deployment

8. Supervised Learning

» Data: Labeled (input-output pairs)

» Goal: Learn mapping from inputs to outputs for prediction

» Types: Classification (discrete labels), Regression (continuous values)
» Examples: Spam detection, disease diagnosis, price prediction

» Algorithms: Linear/Logistic Regression, SVM, Decision Trees, Neural Networks

9. Unsupervised Learning

» Data: Unlabeled (only inputs, no targets)
» Goal: Discover hidden patterns and structures in data

» Types: Clustering, Dimensionality Reduction, Association Rules, Anomaly
Detection

» Examples: Customer segmentation, market basket analysis, data compression

» Algorithms: K-Means, Hierarchical Clustering, PCA, DBSCAN, Apriori

¢ Key Exam Tips



Always draw diagrams for Bayesian Networks and Perceptron architecture
Show step-by-step calculations for Bayes' Theorem problems

Provide real-world examples when explaining concepts

Compare and contrast (Crisp vs Fuzzy, Supervised vs Unsupervised)

Memorize key formulas: Bayes' Rule, Fuzzy Operations, Weight Update Rules

Understand the difference between forward pass and backward pass in neural
networks

Know applications of each technique in real-world scenarios

Exam Preparation Guide

Important 2-Mark Questions




Important 7-Mark Questions

Important 10-Mark Questions




A Important Formulas to

Remember

1. Bayes' Theorem:
P(HIE) = [P(E|H) x P(H)] / P(E)
where P(E) = P(E|H)xP(H) + P(E|-H)xP(-H)

2. Joint Probability:
P(A,B) = P(A[B) x P(B) = P(BJA) x P(A)




H(AUB) (x) = max(uA(X), HB(X))

4. Fuzzy Intersection:
H(ANB) (x) = min(pA(X), MB(X))

5. Fuzzy Complement:
H(A")(X) =1 - pA(X)

y = Activation(Z(wi x xi) + b)

7. Weight Update (Perceptron):
wi(new) = wi(old) + n x (y - y) x x1i

where n = learning rate, y = actual, y = predicted

8. Gradient Descent:
w(t+l) = w(t) - n x (JdL/0ow)

" where L = loss function
|

9. Sigmoid Activation:
f(x) =1/ (1 + enr(-x))

10. ReLU Activation:
f(x) = max(0, Xx)




v Uncertainty & Bayes v Bayesian Networks

v Fuzzy Logic v Neural Networks

v Backpropagation v Machine Learning




Must-Know Definitions (Write

Exactly in Exam)

Uncertainty: A situation where an Al agent does not have complete knowledge
about the current state of the world, the effects of its actions, or the
occurrence of future events due to partial observability, sensor limitations, or
non-determinism in the environment.

Bayes' Theorem: A mathematical formula that describes the probability of an
event based on prior knowledge of conditions that might be related to the
event. It allows us to update our beliefs about a hypothesis when new
evidence is observed.

Bayesian Network: A probabilistic graphical model that represents a set of
variables and their conditional dependencies via a Directed Acyclic Graph
(DAG), where nodes represent random variables and edges represent direct
probabilistic dependencies.




A form of multi-valued logic that deals with reasoning that is
approximate rather than fixed and exact, where truth values range
continuously between 0 and 1 rather than being strictly binary (0 or 1).

Perceptron: The simplest type of artificial neural network consisting of a
single layer that takes multiple inputs, applies weights to them, sums them up
along with a bias, and passes the result through an activation function to
produce a binary output for linear classification.

Backpropagation: A supervised learning algorithm for training multi-layer
neural networks that efficiently computes gradients of the loss function with
respect to all weights by propagating errors backward through the network
using the chain rule of calculus.

Machine Learning: A subset of Artificial Intelligence that enables computer
systems to learn from data and improve their performance on a specific task
over time without being explicitly programmed, by identifying patterns and
making decisions based on those patterns.

Supervised Learning: A type of machine learning where the algorithm learns
from labeled training data containing input-output pairs, enabling it to predict
outputs for new, unseen inputs by learning the mapping function from inputs
to outputs.

Unsupervised Learning: A type of machine learning where the algorithm
learns from unlabeled data without explicit guidance, discovering hidden
patterns, structures, or groupings in the data through techniques like
clustering and dimensionality reduction.

End of Unit 3 Complete Notes
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Best of Luck for Your Semester Exam! ¢ &

Study Smart, Score High! 4



