
















































































 

 

Unit-5 

Quantifying Uncertainty 

Acting Under Uncertainty 

➢ Artificial intelligence (AI) uncertainty is when there’s not enough information or 

ambiguity in data or decision-making. It is a fundamental concept in AI, as real-world 

data is often noisy and incomplete. AI systems must account for uncertainty to make 

informed decisions. 

➢ AI deals with uncertainty by using models and methods that assign probabilities to 

different outcomes. Managing uncertainty is important for AI applications like self-

driving cars and medical diagnosis, where safety and accuracy are key 

Sources of Uncertainty in AI 

There are several sources of uncertainty in AI that can impact the reliability and effectiveness 

of AI systems. Here are some common sources of uncertainty in AI: 
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Data Uncertainty: AI models are trained on data, and the quality and accuracy of the data can 

affect the performance of the model. Noisy or incomplete data can lead to uncertain predictions 

or decisions made by the AI system. 

Model Uncertainty: AI models are complex and can have various parameters and 

hyperparameters that need to be tuned. The choice of model architecture, optimization 

algorithm, and hyperparameters can significantly impact the performance of the model, leading 

to uncertainty in the results. 

Algorithmic Uncertainty: AI algorithms can be based on different mathematical formulations, 

leading to different results for the same problem. For example, different machine learning 

algorithms can produce different predictions for the same dataset. 

Environmental Uncertainty: AI systems operate in dynamic environments, and changes in 

the environment can affect the performance of the system. For example, an autonomous vehicle 

may encounter unexpected weather conditions or road construction that can impact its ability 

to navigate safely. 

Human Uncertainty: AI systems often interact with humans, either as users or as part of the 

decision-making process. Human behaviour and preferences can be difficult to predict, leading 

to uncertainty in the use and adoption of AI systems. 

Ethical Uncertainty: AI systems often raise ethical concerns, such as privacy, bias, and 

transparency. These concerns can lead to uncertainty in the development and deployment of AI 

systems, particularly in regulated industries. 

Legal Uncertainty: AI systems must comply with laws and regulations, which can be 

ambiguous or unclear. Legal challenges and disputes can arise from the use of AI systems, 

leading to uncertainty in their adoption and implementation. 

Uncertainty in AI Reasoning: AI systems use reasoning techniques to make decisions or 

predictions. However, these reasoning techniques can be uncertain due to the complexity of the 

problems they address or the limitations of the data used to train the models. 

Uncertainty in AI Perception: AI systems perceive their environment through sensors and 

cameras, which can be subject to noise, occlusion, or other forms of interference. This can lead 

to uncertainty in the accuracy of the data used to train AI models or the effectiveness of AI 

systems in real-world applications. 



 

 

Uncertainty in AI Communication: AI systems communicate with humans through natural 

language processing or computer vision. However, language and visual cues can be ambiguous 

or misunderstood, leading to uncertainty in the effective communication between humans and 

AI systems. 

Types of Uncertainty in AI 

Aleatoric Uncertainty: This type of uncertainty arises from the inherent randomness or 

variability in data. It is often referred to as “data uncertainty.” For example, in a classification 

task, aleatoric uncertainty may arise from variations in sensor measurements or noisy labels. 

Epistemic Uncertainty: Epistemic uncertainty is related to the lack of knowledge or 

information about a model. It represents uncertainty that can potentially be reduced with more 

data or better modelling techniques. It is also known as “model uncertainty” and arises from 

model limitations, such as simplifications or assumptions. 

Parameter Uncertainty: This type of uncertainty is specific to probabilistic models, such as 

Bayesian neural networks. It reflects uncertainty about the values of model parameters and is 

characterized by probability distributions over those parameters. 

Uncertainty in Decision-Making: Uncertainty in AI systems can affect the decision-making 

process. For instance, in reinforcement learning, agents often need to make decisions in 

environments with uncertain outcomes, leading to decision-making uncertainty. 

Uncertainty in Natural Language Understanding: In natural language processing (NLP), 

understanding and generating human language can be inherently uncertain due to language 

ambiguity, polysemy (multiple meanings), and context-dependent interpretations. 

Probability Notation 

➢ Probabilistic notation refers to the symbols and conventions used to represent and 

manipulate probabilities and statistical concepts.  

➢ This notation is fundamental in fields such as statistics, machine learning, and artificial 

intelligence 

Basic Probabilistic Notations 

Here are some key elements of probabilistic notation, which form the foundation for more 

advanced probabilistic models in AI: 



 

 

Probability Notation: 

Probability Notation Description 

P(A) The probability of event A occurring 

P(A′) The probability of event A not occurring 

P(A∩B) The probability of both A and B occurring at the same time 

P(A∪B) The probability of either A or B occurring 

P(A∩B′) The probability of A occurring but not B 

P(A′∪B) The probability of either A not occurring or B occurring 

Conditional Probability: 
➢ P(A | B): The probability of event A occurring given that event B has occurred. This 

is fundamental in AI for updating beliefs based on new evidence. 

➢ Bayes’ Theorem: 𝑃(𝐴∣𝐵)=𝑃(𝐵)𝑃(𝐵∣𝐴)⋅𝑃(𝐴)P(A∣B)=P(B)P(B∣A)⋅P(A) , which 

provides a way to update probabilities based on new data. 

Joint Probability: 

➢ The probability of both A and B occurring, which can also be written as P(A∩B). 

This is essential for understanding the relationships between multiple variables. 

Marginal Probability: 

➢ The probability of event A P(A) occurring, regardless of other events. This is derived 

by summing or integrating over the joint probabilities of A with all other possible 

events. 

 

Advanced Probabilistic Notations 

Random Variables: 
➢ X: A random variable representing a possible outcome. 

https://www.geeksforgeeks.org/bayes-theorem/


 

 

➢ P(X = x): The probability that the random variable X takes the value x. 

➢ P(X ≤ x): The probability that the random variable X takes a value less than or equal 

to x. 

Probability Distributions: 

➢ Probability Mass Function (PMF): For discrete random 

variables, 𝑃(𝑋=𝑥)P(X=x)denotes the PMF. 

➢ Probability Density Function (PDF): For continuous random variables, 𝑓𝑋(𝑥)fX

(x) denotes the PDF. 

➢ Cumulative Distribution Function (CDF): 𝐹𝑋(𝑥)=𝑃(𝑋≤𝑥)FX(x)=P(X≤x) gives the 

cumulative probability up to x. 

Expectation and Variance: 

➢ E[X]: The expected value or mean of the random variable X. 

➢ Var(X): The variance of the random variable X, representing the spread of 

its possible values. 

Covariance and Correlation: 

➢ Cov(X, Y): The covariance between random variables X and Y, indicating the 

degree to which they change together. 

➢ Corr(X, Y): The correlation coefficient between X and Y, a normalized measure of 

their linear relationship. 

Inference Using  Full Joint Distributions 

➢ Joint probability offers valuable insights into the likelihood of multiple events 

happening together. This helps us in several ways: 

Co-occurrence: Joint probability helps us understand how likely it is for two or more events 

to happen at the same time. This is important for seeing how events are connected and the 

probability of them occurring together. 

Risk Evaluation: In areas like finance and insurance, joint probability helps us assess the risk 

when multiple events overlap. For instance, it can estimate the chance of multiple financial 

instruments facing losses simultaneously. 

Quality Check: Businesses can use joint probability to gauge the reliability and quality of their 

products or processes. It shows the likelihood of multiple defects or issues occurring at once, 

which allows for proactive quality improvement efforts. 
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Event Relationships: Joint probability can indicate if events are related or not. If joint 

probability significantly differs from the product of individual probabilities, it suggests events 

are connected, and the occurrence of one affects the likelihood of the other. 

Decision Support: When businesses need to make choices involving multiple factors or 

events, joint probability provides a numerical foundation for decision-making. It helps assess 

how different variables together impact the desired outcome. 

Resource Management: In situations with limited resources, understanding joint probability 

helps optimise resource allocation. For example, in supply chain management, it can estimate 

the chance of multiple supply chain disruptions happening at the same time, enabling better 

risk management strategies. 

Formula for Joint Probability 

For Independent Events 

When events A and B are independent, meaning that the occurrence of one event does not 

impact the other, we use the multiplication rule: 

P(A∩B) = P(A) x P(B) 

Here, P(A) is the probability of occurrence of event A, P(B) is the probability of occurrence of 

event B, and P(A∩B) is the joint probability of events A and B. 

For Dependent Events 

Events are often dependent on each other, meaning that one event’s occurrence influences the 

likelihood of the other. Here, we employ a modified formula: 

P(A∩B) = P(A) x P(B|A) 

Here, P(A) is the probability of occurrence of event A, P(B|A) is the conditional probability of 

occurrence of event B when event A has already occurred, and P(A∩B) is the joint probability 

of events A and B. 

 

 

 

 



 

 

Bayesian Classification: 

 



 

 

 



 

 

 

 



 

 

 



 

 

 



 

 

 


