CSPC3003

ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING

MODULE -4
LEARNING METHODS

Course Objectives:
e To learn the concepts of Artificial Intelligence
e To learn the methods of solving problems using Artificial Intelligence

e To introduce the concepts of Expert Systems and machine learning
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1. What Is Learning?

* Learning denotes a change in a system that enables the system to perform the

same task more efficiently the next time.

» In Artificial Intelligence (Al), learning means using experience, data, examples,
advice, or feedback to improve future performance.

»* A learning system may change its stored knowledge, rules, model, or decision-

making strategy.

Simple example

A navigation system recommends a route. After receiving information about actual
journey times, it may learn that a road is often congested at a particular time and

recommend a better route in the future.
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Why is learning important in Al?

e Improvement: the system can perform a task better after gaining experience.

e Adaptation: it can adjust when conditions or input data change.

e Reduced repeated work: it may remember useful results instead of calculating
them again.

e Pattern discovery: it can identify patterns in examples and use them on new
cases.

e Better decisions: feedback can help it avoid previous mistakes.

2. What i1s Learning Agent?

A Learning Agent is an intelligent agent that learns from its experience and feedback to
Improve its performance over time. It can modify its behavior to make better decisions

In the future.
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Components of a Learning Agent

A learning agent interacts with its environment through sensors and effectors. The
main components are the performance element, learning element, critic, and problem

generator.

s Performance Element (PE)
Chooses the action to take based on the percepts received from the environment and

the knowledge available to the agent. It is the part that performs the task.

¢ Learning Element (LE)
Improves the performance element. It uses feedback and experience to decide what

knowledge, rules, or behaviour should be changed.
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¢ Critic
Compares the agent's performance with a performance standard and provides

feedback to the learning element. It helps the agent identify how well it is doing.

** Problem Generator
Suggests exploratory actions or experiments that may produce useful new experience.
It helps the agent avoid relying only on familiar actions.

¢ Sensors
Collect information from the environment. Examples include cameras, microphones,

GPS receivers, and temperature sensors.

¢ Effectors
Carry out the chosen actions. Examples include a robot’s wheels, a car’s steering and

brakes, or a software agent’'s commands.
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How the components work together?

1)

2)

3)
4)

o)

6)

The sensors receive information from the
environment.

The performance element selects an
action.

The effectors carry out the action.

The critic compares the result with the
performance standard.

The learning element uses feedback to
Improve the performance element.

The problem generator may suggest a
new action or experiment to gain further

experience.
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| earning-agent architecture

The environment supplies percepts through sensors. The performance element
chooses actions, which are carried out through effectors. The critic evaluates
performance and sends feedback to the learning element. The learning element may
modify the performance element, while the problem generator suggests useful

exploration.
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Example: Automated lane changing on a city road
Consider a self-driving car that must change lanes safely in busy traffic.

Performance element: Uses the current traffic information and driving rules to
decide whether to stay in the lane, brake, accelerate, or change lanes.

Learning element. Uses experience from earlier trips to improve decisions, such
as learning that a larger gap is needed before changing lanes.

Critic: Evaluates whether the manoeuvre was safe and smooth. Sudden braking
by another driver may indicate that the manoeuvre was poorly timed.

Problem generator: May test alternative routes or safe decision strategies in
simulation to gather useful experience.

Sensors and effectors: Cameras and other sensors detect lanes and vehicles;
steering, brakes, and accelerator perform the selected action.

Important: For safety-critical systems, new strategies should be tested and validated

before being used on public roads.
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3. Rote Learning

Rote learning is learning by memorization. The system stores a result, fact, or input-

output mapping so that it can retrieve it later instead of repeating the same
computation.

Main characteristics

= One-to-one mapping: An input is associated with a stored output or result.

[ Rote Learning (Memorization) ]
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given to the system. (or cache) for future use. whenever it is required,

without recomputation.
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= Storage and retrieval: Information Is saved in memory and retrieved when the
same or a matching request occurs.

* Avoiding repeated computation: If the correct result is already stored, the system
may not need to calculate it again.

* Limited generalization: Rote learning mainly remembers particular cases. By
itself, it may not understand the deeper pattern behind them.

[ Rote Learning (Memorization) ]
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The result is stored in memory The stored result is retrieved

(or cache) for future use. whenever it is required,
without recomputation.

" A problem or input is
given to the system.
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Important considerations in rote learning

= QOrganization: Stored knowledge should be organized so it can be found quickly.
Sorting arranges items in order, indexing provides a quick route to information, and

hashing helps locate a stored item using a key.

* Generalization:. The number of stored items can become very large.
Generalization can summarize common information or patterns and reduce the

need to store every individual case.

= Stability of the environment: Rote learning works best when stored information
remains valid. In a changing environment, stored results may become outdated, so

the system must detect changes and update or discard old information.
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Example: Caching

A program calculates the result of a time-consuming operation and saves it in a
cache. When the same request occurs again, the program retrieves the saved result.

This saves time, provided the result has not become invalid.

Example: Multiplication

A system could store frequently used multiplication results. However, storing every
possible product may require too much memory. For an uncommon calculation,
recomputing the answer may be cheaper than storing it. The system must decide

what to store and when to recompute.
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Advantages:
» fast retrieval,
> less repeated computation, and
» simple implementation for repeated tasks.

Limitations:

» memory requirements can grow;
» stored answers can become outdated: and

» memorizing examples does not necessarily allow the system to handle new
situations.
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4. Learning by Taking Advice

Learning by taking advice means improving a system by receiving guidance from a
person or another source and translating that guidance into a form the system can
use. The supplied notes identify expert systems as an example of this idea.

The notes associate the historical idea with John McCarthy in the 1950s. The central
concept is that knowledge from an expert can be made useful to an Al system rather
than requiring the system to discover every rule by itself.

Two basic approaches

= High-level or abstract advice: convert the advice into explicit rules that guide the
performance element.

= A sophisticated model: use a model or tool, such as a knowledge-base
debugging tool, to help translate expert knowledge into detailed rules.
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Five steps in the advice-taking method

1

Request: Ask guestions or make enquiries to identify a gap or shortcoming in the
knowledge base and seek advice.

Interpret: Translate the advice into an internal representation that the system can
understand.

Operationalize: Express the advice in a practical form that the performance
element can use, such as a condition-action rule.

Integrate: Add the new knowledge to the knowledge base while checking for
duplicate rules, conflicts, or contradictions.

Evaluate: Test or review the new knowledge to identify errors and ensure that it
produces appropriate results.
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Worked example: advice for a help-desk system

An IT expert gives the advice: “If a computer cannot connect to the network but Wi-Fi

IS enabled, first check whether airplane mode is on.”

Request: The system’s knowledge base does not include a rule for this situation,
so the developer asks an expert for advice.

Interpret: The advice is represented as a condition and an action.

Operationalize: Rule: IF network connection fails AND Wi-Fi is enabled, THEN
check airplane mode.

Integrate: The rule is added to the knowledge base and checked against existing
troubleshooting rules.

Evaluate: The rule is tested on suitable cases to confirm that it gives sensible
guidance.
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This is an |illustrative teaching example. An expert system should still handle

exceptions and avoid treating one rule as a guarantee that the problem has been
solved.

Benefits and challenges

Benefits:

» expert knowledge can be incorporated directly,

» rules can be easier to explain, and

» development may be faster than learning every rule from data.

Challenges:

» advice may be vague, incomplete, incorrect, or contradictory.

» It must be translated carefully and tested before use.
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5. Learning by Parameter Adjustment

Many programs use an evaluation function to assign a score to a possible action,
state, or solution. Learning by parameter adjustment improves this function by
changing its weights based on accumulated experience or feedback.

Weighted evaluation function
Evaluation score =2 Wi X T
= Wiis the weight assigned to feature I.

= Tiis the value of feature |.

A weight represents how strongly a feature contributes to the overall score.
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Steps

Initialization: begin with estimated values for the weights.

Evaluation: use the current weights to score a choice or prediction.
Feedback: compare the result with the desired outcome or performance standard.
Modification: increase or decrease selected weights based on the feedback.

Repeat: use the adjusted weights on later cases and continue improving.

[ Learning by Parameter Adjustment ]

Compare Output 5 Adjust Weights
-’{ with Feedback ] and Repeat

& updated weights /

[ Use experience and feedback to improve the weights of an evaluation function. ]

Initial Weights '[ Evaluation
(W;, Wy, ..)) I Function

Score = Z W; x T;

W; = weight
T; = feature value

13-10-2026 Prepared by: Dr. Mukesh Bathre 19



Worked example: route selection

Suppose a navigation agent scores routes using travel time and distance. For
simplicity, let:

Score = (0.7 X travel-time score) + (0.3 X distance score)
The values 0.7 and 0.3 are illustrative weights, not universal settings.

If experience shows that reaching a destination on time matters more than distance,
the system may give travel time a larger weight. After changing the weights, it checks
whether route recommendations improve.

Good and poor predictors

A feature that consistently helps predict the correct outcome may deserve a larger
weight. A feature that contributes little or misleads the system may receive a smaller
weight. The exact update method depends on the algorithm.
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Advantages and limitations

Advantages:

» the system can improve without redesigning the entire evaluation function;

» weights are often interpretable; and

» the method can be used in search, planning, and prediction.

Limitations:
» choosing Initial weights can be difficult;
» poor feedback can lead to poor updates; and

» adjusting weights does not automatically guarantee a globally optimal solution.
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6. Inductive Learning

Inductive learning is the process by which a system learns from specific examples
and uses them to derive general rules or class definitions. It moves from observed

Instances towards a general conclusion.
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Inductive Learning
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(with class labels)
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e
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How inductive learning works?

1. Collect examples or observations.

|dentify patterns or similarities in the examples.

Construct a general rule, concept, or model.

Use the learned model to classify or predict new examples.

21 » & D)

Review errors and improve the model when additional examples become
available.

[ Inductive Learning ]

N = = ) ( Y = =)
Training Examples Learning ] General Rule / Predict Class of
(with class labels) Algorithm | Model New Example
Email - Spam i New email
Y P ‘ !» _r'_)%, ‘ > S Spam?
g Email - Not Spam ) | -.v
e.g. Decision Tree, | Learned rule from a— —
Naive Bayes, SVM, | training examples 0 Predicted Class:
Neural Network, etc. | that can classify Spam
= — new instances. —
Learn from specific examples, form a general rule, and apply it to new cases. ]
| Supervised learning: ‘ | Clustering:
| Examples have class labels (e.g., Spam / Not Spam). ! | Groups similar examples without given labels.

_____________________________________________________________________________________________________
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Worked example: email classification
It A system is given examples of emails labelled “spam” and “not spam.”

Lt It observes patterns such as repeated promotional phrases, suspicious links, or the
sender’s history.

Lt It builds a model from the labelled examples and uses that model to classify a new
email.

Lt The new email may still be misclassified, so the system’s performance should be
evaluated.
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These six points explain different aspects of inductive learning:

Learning from examples: How the system begins learning.

Classification: How it assigns inputs to categories.

Concept learning: How it develops general rules.

Supervised learning: How labelled examples guide learning.

Changing or incomplete definitions: Why learned rules may need

Prediction: How it applies learned rules to new cases.
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Learning
from examples

The system observes
specific instances
and uses them

to find common
patterns.

Example:

' Email 1

Email 2

. Email 3

O

‘ Concept learning

From the examples,

the system constructs *

or refines a general
concept (class
definition). This is
also called induction.

Example:

Learn the concept
of “Spam email”
from spam and

not spam examples.

Most classification
examples are
supervised, where
the examples are

supplied with
known labels.
Example (labelled data):
Email Class
Email 1 Spam
Email 2 Not Spam
E Email 37 il Spam ]

The system uses
the learned concept
or rule to assign

an input to a class
(e.g., spam or

not spam).

Example:

>

Class: Spam

The learned rule

is applied to new,
unseen examples
to predict the class.

Example:
New email

>

Predicted class:
Spam

|mprovement.
Supervised : . & e Changing or
learning Classification Prediction incomplete
definitions

Initial class definitions
may not be adequate
because the world may
be incompletely
understood or may
change.

Example:

New types of spam
emails appear, so the
old rule may not work.
The system needs
new examples and
updates.

Feedback / More examples (re-learning or updating the model)
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|) Learning from Examples (LBE)
The system observes several specific examples and identifies common patterns to

develop a general rule.

Example:

= Example 1: An emall containing suspicious links is labelled Spam.

= Example 2: An email containing repeated promotional messages is labelled Spam.
= Example 3: An emall from a trusted sender is labelled Not Spam.

By studying these examples, the system learns patterns that may help it identify spam
emails in the future.
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|1) Classification

Classification means assigning an input to one of the predefined classes based on the
patterns learned from examples.
Example: An emall classification system has two classes:

= Spam

= Not Spam
When a new email arrives, the system analyses its features and predicts whether it
belongs to the Spam or Not Spam class.
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lII) Concept Learning
Concept learning means learning a general concept or rule from examples belonging

to different classes.

Example: Suppose an Al system is given examples of fruits.
= Apple — Fruit
= Mango — Fruit
» Banana — Fruit

= Stone — Not a fruit
By studying these examples, the system develops a concept of what belongs to the

class Fruit. The learned concept can then help it classify a new example.
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V) Supervised Learning
Supervised learning is a type of machine learning in which the system learns from

examples that already have the correct answers or labels.

Example:
Training example Correct label
Email 1 Spam
Email 2 Not Spam
Email 3 Spam
Email 4 Not Spam

The system learns from these labelled examples. Later, it uses the learned patterns to
predict the class of a new email.
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V) Changing or Incomplete Definitions

The rules learned from examples may not always be complete or correct. The system

may not have seen every possible situation, and conditions in the real world may
change.

Example: An email system may initially identify spam emails mainly by suspicious
words. Later, spammers may use different words or methods. The old rules may no
longer identify all spam emails correctly.

The system may need new examples and updated rules to improve its performance.
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V1) Prediction

Prediction means using a learned rule or model to determine the likely class or

outcome of a new example.

Example: After learning from previous emails, the system receives a new email that

contains suspicious links and promotional content. It predicts that the email is Spam.

However, the prediction may be incorrect because the learned model is not always

perfect.
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Learning Methods in Al

[ Classification of Learning in Al ]

Supervised Learning

(Learning with labelled examples)

+

'

;

'

Unsupervised Learning
(Learning with unlabelled examples)

'

v

Classification
(Predict discrete
class labels)

Regression
(Predict continuous
values)

Clustering
(Group similar
data items)

Association Learning

(Find relationships
among items)

\

Reinforcement Learning
(Learning from rewards and

penalties)

|

Example:
e Spam or Not Spam

e Disease prediction
(Yes/No)
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Example:

¢ House price prediction
e Temperature prediction

v

Example:
e Group similar
students
e Customer
segmentation

|

Example:

e Market basket analysis |

e Items bought together
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| Example:

e Game playing (e.g., chess)
e Robot navigation 3
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