UNIT-2 (8 Marks and 16 Marks)

1. How to handle uncertain knowledge with example? And How to represent
knowledge in an uncertain domain? (Dec-2013) and Define uncertain knowledge,
prior probability and conditional probability. State the Baye’s theorem. How it is
useful for decision making under uncertainty? (May-2014)

PROBABILISTICREASONING

Uncertainty:

Till now, we have learned knowledge representation using first-order logic and propositional logic
with certainty, which means we were sure about the predicates. With this knowledge representation,
we might write A—B, which means if A is true then B is true, but consider a situation where we are
not sure about whether A is true or not then we cannot express this statement, this situation is called
uncertainty. So to represent uncertain knowledge, where we are not sure about the predicates, we
need uncertain reasoning or probabilistic reasoning.

Causes of uncertainty:

Following are some leading causes of uncertainty to occur in the real world.

Information occurred from unreliable sources.
Experimental Errors

Equipment fault

Temperature variation

Climate change.

ogkrwdE



Probabilistic reasoning:

Probabilistic reasoning is a way of knowledge representation where we apply the concept of
probability to indicate the uncertainty in knowledge. In probabilistic reasoning, we combine
probability theory with logic to handle the uncertainty.

» We use probability in probabilistic reasoning because it provides a way to handle the
uncertainty that is the result of someone's laziness and ignorance.

* In the real world, there are lots of scenarios, where the certainty of something is not
confirmed, such as "It will rain today,""behavior of someone for some situations,""Amatch
between two teams or two players."

« These are probable sentences for which we can assume that it will happen but not sure about
it, so here we use probabilistic reasoning.

NeedofprobabilisticreasoninginAl:
o When there are unpredictable outcomes.
o When specifications or possibilities of predicates becomes too large to handle.
o When an unknown error occurs during an experiment.
In probabilistic reasoning, there are two ways to solve problems with uncertain knowledge:
o Bayes' rule
O Bayesian Statistics
As probabilistic reasoning uses probability and related terms, so before understanding probabilistic
reasoning, let's understand some common terms:

Probability: Probability can be defined as a chance that an uncertain event will occur. It is the
numericalmeasureofthelikelihoodthataneventwilloccur. Thevalueofprobabilityalwaysremains between
0 and 1 that represent ideal uncertainties.

0<P(A)<I,whereP(A) is the probability of an event A.

P(A) = 0, indicates total uncertainty in an event A.

P(A)=1, indicates total certainty in an event A.
We can find the probability of an uncertain event by using the below formula.

Number of desired outcomes

Probability of occurrence =
Total number of outcomes

o P(=A)=probability of a not happening event.
o P(-A)+P(A)=1.

Event: Each possible outcome of a variable is called an event.

Sample space: The collection of all possible events is called sample space.

Random variables: Random variables are used to represent the events and objects in the real world.
Prior probability: The prior probability of an event is probability computed before observing new
information.



Posterior Probability: The probability that is calculated after all evidence or information has taken
into account. It is a combination of prior probability and new information.

Conditional probability:

Conditional probability is a probability of occurring an event when another event has already
happened.
Let's suppose, we want to calculate the event A when event B has already occurred, "the

probability of A under the conditions of B", it can be written as:
_ P(AAB)
P(AIB) = P(B)

Where P(A/B)=Joint probability of aand B P
(B) = Marginal probability of B.
If the probability of A is given and we need to find the probability of B, then it will be given as:

P(ANB)

Pla)
It can be explained by using the below Venn diagram, where B is occurred event, so sample space
will be reduced to set B, and now we can only calculate event A when event B is already occurred by
dividing the probability of P(AAB) by P(B).

P(B]A) =

Bayes't heoreminArtificialintelligence

Bayes' theorem:

Bayes' theorem is also known as Bayes' rule, Bayes' law, or Bayesian reasoning, which determines
the probability of an event with uncertain knowledge. In probability theory, it relates the conditional
probability and marginal probabilities of two random events. Baye’s theorem was named after the
British mathematician Thomas Bayes. The Bayesian inference is an application of Baye’s theorem,
which is fundamental to Bayesian statistics. It is a way to calculate the value of P(BJA) with the
knowledge of P(A|B).

> Bayes'theoremallowsupdatingtheprobabilitypredictionofaneventbyobservingnew information of
the real world.

> Example: If cancer corresponds to one's age then by using Bayes' theorem, we can determine the
probability of cancer more accurately with the help of age.

> Bayes'theoremcanbederivedusingproductruleandconditionalprobabilityofevent A with known
event B:As from product rule we can write:



P(A A B)= P(A|B) P(B) or

Similarly, the probability of event B with known event A:

P(A A B)= P(B|A) P(A)

Equating right hand side of both the equations, we will get:

P(BJA) P(A4)
P(A|B) =~L2E da)

The above equation(a) is called as Bayes' rule or Bayes' theorem. This equation is basic of most
modern Al systems for probabilistic inference.
It shows the simple relationship between joint and conditional probabilities. Here,

> P(A|B) is known as posterior, which we need to calculate, and it will be read as Probability
of hypothesis A when we have occurred an evidence B.
> P(BJA)is called the likelihood, in which we consider that hypothesis is true, then we calculate
the probability of evidence.
> P(A) is called the prior probability, probability of hypothesis before considering the
evidence
> P(B)is called marginal probability, pure probability of evidence.
In the equation (a),in general, we can write P(B)=P(A)*P(B|Ai), hence the Bayes' rule can be written
as:

P(A;)=P(B|A;
2=, P(A))*P(BJA;)

Where A1,A2As,. ........ , Anis a set of mutually exclusive and exhaustive events.

Applying Bayes' rule:

Bayes' rule allows us to compute the single term P(BJA) in terms of P(A|B), P(B), and P(A). This is
very useful in cases where we have a good probability of these three terms and want to determine the
fourth one. Suppose we want to perceive the effect of some unknown cause, and want to compute that
cause, then the Bayes' rule becomes:

Pieffect|cause) P{cause)
Pleffect)

P(cause | effect) =



Application of Bayes' theorem:

o Itisused to calculate the next step of the robot when the already executed step is given.
o Bayes' theorem is helpful in weather forecasting.
o It can solve the Monty Hall problem.

2. Discuss about Bayesian theory and Bayesian network. (Dec2017)

Bayesian network

o "A Bayesian network is a probabilistic graphical model which represents a set of variables
and their conditional dependencies using a directed acyclic graph.”

o Itisalso called a Bayes network, belief network, decision network, or Bayesian model.

o Bayesian networks are probabilistic, because these networks are built from a probability
distribution, and also use probability theory for prediction and anomaly detection.

Real world applications are probabilistic in nature, and to represent the relationship between multiple
events, we need a Bayesian network. It can also be used in various tasks including prediction,
anomaly detection, diagnostics, automated insight, reasoning, time series prediction, and
decision making under uncertainty.

> Bayesian Network can be used for building models from data and experts opinions, and it consists
of two parts:

o Directed Acyclic Graph

o Table of conditional probabilities.
The generalized form of Bayesian network that represents and solve decision problems under
uncertain knowledge is known as an Influence diagram.

A Bayesian network graph is made up of nodes and Arcs (directed links), where:
o  Each node corresponds to the random variables, and a variable can be continuous or discrete.
o Arc or directed arrows represent the causal relationship or conditional probabilities between
random variables. These directed links or arrows connect the pair of nodes in the graph. These
links represent that one node directly influence the other node, and if there is no directed link
that means that nodes are independent with each other
o Inthe above diagram, A, B, C, and D are random variables represented by the nodes of
the network graph.
o If we are considering node B, which is connected with node A by a directed arrow,
then node A is called the parent of Node B.
o Node C is independent of node A.

The Bayesian network has mainly two components:
o Causal Component
o Actual numbers



Each node in the Bayesian network has condition probability distribution P(Xi|Parent(Xi)), which
determines the effect of the parent on that node. Bayesian network is based on Joint probability
distribution and conditional probability. So let's first understand the joint probability distribution:

Joint probability distribution:

If we have variables x1,x2,x3,.,xn, then the probabilities of a different combination of x1,x2, x3..
xn, are known as Joint probability distribution.

P[X1,X2,X3,.....,Xn],it can be written as the following way in terms of the joint probability distribution.
=P[x1[x2,X3,.....,Xn]P[X2,X3,......... Xn]
=P[x1]|X2,X3,.....,.Xn]P[X2|X3,.....,Xn]. ...... P[Xn-1|Xn]P[Xn].

In general for each variable Xi, we can write the equation as:
POXi| X1, cevvee ,X1)=P(Xi|Parents(Xi))

3. Explain about Dempster shafer theory.(May-2017)

Dempster—ShaferTheory (DST)

o DST is a mathematical theory of evidence based on belief functions and plausible reasoning.
It is used to combine separate pieces of information (evidence) to calculate the probability of
an event.

o DST offers an alternative to traditional probabilistic theory for the mathematical
representation of uncertainty.

o DST can be regarded as, a more general approach to represent uncertainty than the Bayesian
approach. Bayesian methods are sometimes inappropriate

Example:

Let A represent the proposition ""Moore is attractive'. Then the axioms of probability insist that
P(A)+P(-=A)=1. Now suppose that Andrew does not even know who "*Moore" is, and then also, it is
not fair to say that he disbelieves the proposition. It would therefore be meaningful to denote
Andrew's belief B of B(A) and B(=A) as both being 0.

Dempster-Shafer Model
The idea is to allocate a number between 0 and 1 to indicate a degree of belief on a proposal as in the
probability framework. However, it is not considered a probability but a belief mass. The distribution
of masses is called basic belief assignment.

In other words, in this formalism a degree of belief (referred as mass) is represented as a
belief function rather than a Bayesian probability distribution.

Example: Belief assignment



Suppose a system has five members, say five independent states, and exactly one of which is actual.
If the original set is called S,|S|=5,then the set of all subsets (the power set) is called 25. If each
possible subset as a binary vector (describing any member is present or not by writing 1 or 0),
then2°subsetsarepossible, ranging from the empty subset (0,0,0,0,0) to the "everything" subset
(1,1,1,1,2).

The "empty" subset represents a "contradiction”, which is not true in any state, and is thus assigned a
mass of one; The remaining masses are normalized so that their total is 1. The "everything" subset is
labeled as "unknown"; it represents the state where all elements are present one, in the sense that you
cannot tell which is actual.

Belief and Plausibility

Shafer's framework allows for belief about propositions to be represented as intervals, bounded by
two values, belief (or support) and plausibility:

belief<plausibility
Belief in a hypothesis is constituted by the sum of the masses of all sets enclosed by it (i.e .the sum of
the masses of all subsets of the hypothesis). It is the amount of belief that directly supports a given
hypothesis at least in part, forming a lower bound.

Plausibility is 1 minus the sum of the masses of all sets whose intersection with the hypothesis is
empty. It is an upper bound on the possibility that the hypothesis could possibly happen, up to that
value, because there is only so much evidence that contradicts that hypothesis.

Example:
A proposition say ""the cat in the box is dead. ""Suppose we have belief of 0.5 and plausibility of
0.8 for the proposition.

For example,

Suppose we have a belief of 0.5 for a proposition, say "the cat in the box is dead.” This means that
we have evidence that allows us to state strongly that the proposition is true with a confidence of 0.5.
However, the evidence contrary to that hypothesis (i.e. "the cat is alive™) only has a confidence of 0.2.
The remaining mass of 0.3(the gap between the 0.5 supporting evidence on the one hand, and the 0.2
contrary evidence on the other) is "indeterminate,” meaning that the cat could either be dead or alive.
This interval represents the level of uncertainty based on the evidence in the system.



Hypothesis Mass Belief  Plausibility

Meither (alive nor dead) | 0 0 0
Alive 0.2 0.2 0.5
Dead 0.5 0.5 0.8

Either (alive or dead) 0.3 1.0 1.0

> The "neither" hypothesis is set to zero by definition (it corresponds to "no solution™). The
orthogonal hypotheses "Alive" and "Dead" have probabilities of 0.2 and 0.5, respectively.
This could correspond to "Live/Dead Cat Detector" signals, which have respective reliabilities
of 0.2 and 0.5.

> Finally, the all-encompassing "Either" hypothesis (which simply acknowledges there is a cat in
the box) picks up the slack so that the sum of the masses is 1. The belief for the "Alive" and
"Dead" hypotheses matches their corresponding masses because they have no subsets; belief
for "Either" consists of the sum of all three masses (Either, Alive, and Dead) because "Alive"
and "Dead" are each subsets of "Either".

> The "Alive" plausibility is 1 —m(Dead): 0.5 and the "Dead" plausibility is 1 —m(Alive):
0.8.Inotherway,the"Alive"plausibilityis m(Alive)+m(Either)and the "Dead" plausibility is
m(Dead) + m(Either).

> Finally, the "Either" plausibility sums m(Alive)+m(Dead)+m(Either).The universal hypothesis
("Either") will always have 100% belief and plausibility—it acts as a checksumof sorts.

Plausibility in K:It is the sum of masses of set that intersects with K.
i.e; PI(K) = m(a)+ m(b) + m(c)+ m(a,b) + m(b,c) + m(a, c) + m(a,b, c)

Characteristics of Dempster ShaferTheory:

It will ignorance part such that probability of all events aggregate to 1.
Ignorance is reduced in this theory by adding more and more evidences.
Combination rule is used to combine various types of possibilities.

Advantages:

As we add more information, uncertainty interval reduces.

DST has much lower level of ignorance.

Diagnose hierarchies can be represented using this.

Person dealing with such problems is free to think about evidences.

Disadvantages:

In this, computation effort is high, as we have to deal with 2" of sets.


https://en.wikipedia.org/wiki/Checksum

4. ExplainabouttheexactinferenceinBayesiannetworks.(May-2015)
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