Al Mid 2 QnA

. Models and represents complex knowledge.

. Enables different Al systems to share and integrate data effectively.
. Allows Al systems to perform reasoning and inference.

. Facilitates data integration from different sources.

. E-commerce

. GoodRelations Ontology

» Represents concepts related to products, offers, and transactions.

» Provides terms for product attributes, e.g., "Product" with properties like "name,"
"price," and "category."

» Defines relationships, e.g., "Product" has an "Offer," and "Offer" is available at a

"Store."

. Al method to find a sequence of actions to achieve a specific goal from a
known starting point.

. Used in robotics, manufacturing, transportation, and project
management.

Relies on logical reasoning for automated decision-making and efficient
resource allocation.
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. Assumes a fully observable and deterministic environment.

. Probabilistic or contingent planning deals with uncertainty and
partial observability.

. Outcomes are predictable and known in advance.

. Actions have multiple possible outcomes with associated
probabilities.

. Relies on a static and unchanging environment.

. Adapts to changes in the environment during execution.

. Does not account for unforeseen events or contingencies.

. Includes conditional branches to handle different possible
scenarios.

. Typically involves flat action sequences.

. Decomposes complex tasks into simpler subtasks.

A type of Al planning that generates plans where actions are not strictly
linear but can be executed in parallel or different sequences, given certain constraints.

Allows actions to be partially ordered, enabling parallel execution and
adaptability.

The tasks or operations to be performed.
Specifies the necessary order of some actions but leaves others flexible.
Indicates which actions meet the preconditions of other actions.
Preconditions that are not yet fulfilled by any action in the plan.

o Place Plate on Table
e Place Fork on Table
e Place Knife on Table



e Place Spoon on Table

o The plate must be on the table before placing the utensils.

o 'Place Plate on Table' must occur before 'Place Fork on Table', 'Place Knife on
Table', and 'Place Spoon on Table'.

» The order of placing the fork, knife, and spoon relative to each other is flexible,
allowing for parallel execution.

. Enables more efficient plan execution.
. Can adapt to changes or constraints in the environment.
. A principle in probability theory and statistics that updates the probability of

a hypothesis based on new evidence.

P(H|E) P(E|H)-P(H)
P(E)
. Prior probability of hypothesis H.
. Probability of evidence E.
. Posterior probability of hypothesis H given evidence E.
. Likelihood of observing evidence E given hypothesis H.
1. Initial estimate of the probability of the hypothesis,
P(H).
2. Gather new data or evidence E relevant to the hypothesis.
3. Determine the probability of the evidence given the
hypothesis, P(E|H).
4. Calculate P(E), the overall probability of the

evidence across all hypotheses.
5. Update the prior probability to the posterior probability



P(H|E), reflecting the new belief after considering the evidence.

Suppose a medical test for a disease has the following characteristics:

. 99% (true positive rate), P(Positive Test|Disease) = 0.99.
. 95% (true negative rate), P(Negative Test|No Disease) = 0.95.
. 1% of the population has the disease, P(Disease) = 0.01.

You want to find the probability that a person has the disease given a positive test result.

P(Disease) = 0.01.
P(Positive Test|Disease) = 0.99.

P(Positive Test) = P(Positive Test|Disease) - P(Disease) + P(Positive Test|No Disease) - P(N

0.99-0.01
P(Disease|Positive Test) = —oomed "~ 0.167

Therefore, the probability that a person has the disease given a positive test result is
approximately 16.7%. This illustrates how Bayes' theorem updates the probability of a
hypothesis (having the disease) in light of new evidence (a positive test result).

. A technique to estimate probabilities by randomly sampling from a
probability distribution, useful when exact inference in Bayesian networks is
computationally infeasible.

1. Specify the structure and conditional probability
distributions for each node.

2. Randomly generate many samples from the joint probability
distribution of the network.



3. Use the generated samples to estimate the desired
probabilities or expectations.
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o Can be Winter, Spring, Summer, or Fall.

. Depends on Season.

e P(S = Winter) = 0.25
e P(S = Spring) = 0.25

e P(S = Summer) = 0.25
P(S = Fall) = 0.25

Given the season:

o P(W = Rainy | S) varies by season:
e P(W = Rainy | S = Winter) = 0.4
P(W = Rainy | S = Spring) = 0.6
e P(W = Rainy | S = Summer) = 0.2
P(W = Rainy | S = Fall) = 0.3

Estimate the probability of Rainy weather, P(W = Rainy).

» Sample the season S according to its prior probabilities.

+ Based on the sampled season S, sample the weather W according to the
conditional probability P(W | S).



e Count the number of samples where W = Rainy.

» Estimate P(W = Rainy) as the ratio of the number of samples where W = Rainy
to the total number of samples.

¢ Generate 10,000 samples.
o Suppose after sampling, 3,000 samples have W = Rainy.

P(W = Rainy) ~ Number of samples where W = Rainy 3000 0

Total number of samples ~ 10000

Thus, based on Monte Carlo sampling, the estimated probability of Rainy weather is
approximately 0.3, or 30%. This method allows us to estimate complex probabilities in
Bayesian networks by leveraging random sampling and statistical inference techniques.

. Models and manages uncertainty in decision-making
processes.

. Essential for intelligent systems operating in complex, real-
world environments with incomplete or noisy information.

. Helps algorithms learn from incomplete or noisy data.
. Enables robots to act and interact in dynamic and uncertain environments.
. Provides understanding of human language with its

ambiguity and context sensitivity.

. Empowers Al systems to make well-informed decisions by
considering the likelihood of various outcomes.

Aspect Probabilistic Reasoning Deterministic Reasoning

Models uncertainty using probability = Assumes certainty with exact
theory rules and conditions



Aspect

Probabilistic Reasoning

Accounts for uncertainty and
variability in data

Considers multiple possible
outcomes with associated
probabilities

Adapts to new information and
changes in environment

Estimating probabilities, machine
learning with noisy data

Robotics, natural language
processing, decision making

Deterministic Reasoning

Assumes all information is
complete and noise-free

Provides a single outcome for
given conditions

Does not adapt; results are
fixed

Deterministic algorithms,
precise calculations

Physics simulations, precise
engineering calculations

Classes or groups of entities sharing

common properties, essential for organizing knowledge and reasoning.

elements.

Organizes objects into groups based on shared characteristics (e.g.,
mammals, birds).

Allows making general statements about all members of a category
(e.g., "birds can fly").

Reduces complexity by handling groups rather than individual

mammals breathe air).

objects.

data.

Enables inferring properties of a category for its members (e.g., all

Manages and processes large datasets by grouping similar

Enhances machine learning by training models on categorized

Supports Al systems in decision-making and problem-solving.

Forms structured schemes like ontologies for meaningful

data representation.



Categorizes objects in images for accurate classification.
Uses categories to recommend relevant items based on
user preferences.
Employs categories in medical diagnosis by grouping symptoms and
diseases.

A Planning Graph is a data structure used in automated planning and Al to
solve planning problems by modeling states and actions.

Planning Graph Example

1. Alternates between action levels and state levels. The first level is always
a state level representing the initial conditions.

2. Nodes represent facts or propositions about the world. Each
subsequent state level includes all previous propositions and new ones derived
from actions.

3. Nodes represent actions feasible at that stage based on
preceding state conditions.

4. Connect state nodes to action nodes (showing preconditions met) and
action nodes to state nodes (showing effects).



5. Denote mutually exclusive pairs of actions or states at
each level, reducing planning complexity.

. Initial state with nodes representing true conditions.
. Contains nodes representing actions feasible under initial conditions.

State or condition nodes that could exist at time i, accommodating both
positive (P) and negative (7P) propositions.

Action nodes feasible with satisfied preconditions at time i.

State space search is a core algorithm in classical planning to find a
sequence of actions from an initial state to a goal state.

—

Represent different configurations of the world (initial and goal states).
2. Operations that transition between states, with preconditions and effects.

Graph where nodes are states and edges are actions; it's explored
to find a path from initial to goal state.

o Start with the initial state and an empty plan.
» Use a frontier (queue or stack) to manage states to be explored.

2.
* Remove a state from the frontier.
« [fit's the goal state, return the plan.
+ Expand by applying all applicable actions, generating successor states.
» Add new states to the frontier and record actions leading to them.
3. Check if each state satisfies the goal conditions during exploration.

Use a closed list (or visited set) to track explored states and
prevent revisiting.
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. States are configurations of blocks, actions move blocks, initial state is
starting configuration, goal state is desired end configuration.

. Use BFS to explore moves, apply actions to transform configurations,
and verify against the goal until achieving the desired configuration.

Outputs a sequence of actions (block moves) necessary to transform the initial
configuration into the goal configuration.

Decision-making under uncertainty involves choosing actions when
outcomes are not certain.

Decision-makers must weigh risks and benefits due to uncertain
outcomes.

Provides a method to quantify uncertainty using probabilities.

» Define the problem and possible actions.



Identify potential outcomes and assign probabilities based on data or
judgment.

Assess the utility (value) of each outcome.

Calculate expected utility by weighing probabilities with utilities.

Choose the action with the highest expected utility.

. A doctor deciding on a new drug for a patient.

. Drug effectiveness, no effect, or side effects with respective
probabilities.

. Values assigned to each outcome (positive, neutral, negative).

. Expected utility based on probabilities and utilities to determine the

optimal decision.

. Decision-makers use expected utility to guide choices under uncertainty,
ensuring optimal decisions based on available information and preferences.

. A principle in probability theory and statistics that updates the probability of
a hypothesis based on new evidence.

P(H|E) P(E|H)- P(H)
P(E)
. Prior probability of hypothesis H.
. Probability of evidence E.
. Posterior probability of hypothesis H given evidence E.
. Likelihood of observing evidence E given hypothesis H.
1. Initial estimate of the probability of the hypothesis,
P(H).
2. Gather new data or evidence E relevant to the hypothesis.
3. Determine the probability of the evidence given the
hypothesis, P(E|H).
4. Calculate P(E), the overall probability of the

evidence across all hypotheses.



5. Update the prior probability to the posterior probability
P(H|E), reflecting the new belief after considering the evidence.

Suppose a medical test for a disease has the following characteristics:

. 99% (true positive rate), P(Positive Test|Disease) = 0.99.
. 95% (true negative rate), P(Negative Test|No Disease) = 0.95.
. 1% of the population has the disease, P(Disease) = 0.01.

You want to find the probability that a person has the disease given a positive test result.

P(Disease) = 0.01.
P(Positive Test|Disease) = 0.99.

P(Positive Test) = P(Positive Test|Disease) - P(Disease) + P(Positive Test|No Disease) - P(N

0.99-0.01
P(Disease|Positive Test) = —oomed "~ 0.167

Therefore, the probability that a person has the disease given a positive test result is
approximately 16.7%. This illustrates how Bayes' theorem updates the probability of a
hypothesis (having the disease) in light of new evidence (a positive test result).

. Managing vast amounts of data from numerous objects and
categories.

. Dealing with exponentially growing interactions and
relationships.

. Objects and categories often have multiple attributes,
leading to complex representations.

. Diversity in attributes and relationships requires flexible
representation methods.



Events unfold over time, requiring representations that
capture temporal sequences.

Objects change states, appear, or disappear, necessitating
dynamic and adaptable representations.

Relevant data may be missing or partially observed.

Managing inherent uncertainties like noise or measurement errors in
data.

Objects and categories exhibit intricate dependencies and
interactions.
Understanding causal relationships between events and objects is
challenging but essential for accurate representation and reasoning.



