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Abstract: This paper examines reasoning under certainty by symbolic and statistical methods and the comparison between
these two methods. Basically reasoning is a process of logically arguing and drawing inference. For reasoning, the system
must find out what it needs to know from what it already knows. In this paper we review symbolic reasoning and different
methods of statistical reasoning like probability, Bayes theorem and Bayesian network.
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1. INTRODUCTION
Artificial intelligence (AI) is the branch of computer science
and it is the intelligence of machines. In text books it is
defined as "the study and design of intelligent agents” where
an intelligent agent is a system that perceives its
environment and takes actions that maximize its chances of
success. AI is defined as the science and engineering of
making intelligent machines.
1.1 Reasoning

These all are reside in every human being but the ability
level depends on the education and environment.
The IQ is the summation of mathematical reasoning skills
and the logical reasoning.
The EQ is dependent on non- logical reasoning.
2.2 Various methods for reason

The reasoning is a mental ability found in humans.
Reasoning means the ability to generate conclusions from
assumptions and premises.

2. REASONING
Reasoning is the act of deriving a conclusion fro m certain
premises using methodology. Reasoning is process of
thinking. It is a logical arguing and drawing inference. Any
knowledge system must reason, if is required to do
something which has not been told explicit ly. For reasoning
the system must find out what it needs to know fro m what it
already knows. The information about anything may be
incomp lete or volatile or may be some important facts and
details about the problem could be miss ing or the facts
available may be fu zzy. Hu man being can deal with
uncertainties on the daily basis and found the some
reasonable solutions. Any AI system that reasoning in such a
world must be deal with the:
Incompleteness: Co mpensate for lack of knowledge.
Inconsistencies: Resolve amb iguities and contradictions.
Change: It must be able to update its world knowledge base
over time.
There are three basic methods to deal with uncertainty are:
Symbo lic methods
Statistical methods
Fuzzy logic methods
2.1 How reasoning can be done

Mathematical reasoning: theorems, proofs.
Logical reasoning: deductive, inductive.
Non logical reasoning: linguistic, language.

1) Logical Reasoning: Logical reasoning is the process of
drawing conclusions fro m premises using rules of inference.
The logic may be formal or info rmal.
Formal logic is the study of symbolic abstractions that
captures the formal features. Logic also needs semantics
which defines how to assign meaning to expressions.
Informal logic is the study of natural language arguments.
The focus lies in distinguishing good arguments fro m bad
arguments.
2) Procedural Reasoning: Procedural reasoning uses
procedures that define how to solve a problem.
This includes reasoning by analogy, generalization and
abstraction, Meta level reasoning.
3) Monotonic Reasoning: In monotonic reasoning if we
enlarge set of axio ms we can not retract any existing
assertions or axio ms. A xio ms are sentences that are true
with the system. Logic is monotonic if the truth of a
proposition does not change when new informat ion are
added to it.
4) Non Monotonic Reasoning: The non monotonic
reasoning is caused by the fact that our knowledge about the
world is always inco mplete. In this new facts which are
contradicting and invalidating the old knowledge came into
picture.
A non monotonic logic is a fo rmal logic whose consequence
relation is not monotonic. A logic is non monotonic if the
truth of a proposition may change when new information are
added. Human reasoning is nonmonotonic.

Hu man reasoning capabilities are categorized into three:
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3. SYMBOLIC REASONING
Symbo lic reasoning is the science of reasoning by the aid of
representing symbols. The intelligent mathematical software
is the integration of the power of symbolic mathemat ical
tools with the suitable proof technology.
Mathematical reasoning has the property called
monotonicity that says that if a conclusion follo ws fro m
given premises then it is also follows fro m larger set of
premises.
3.1 Nonmonotonic Reasoning
It is another form of reasoning. As new facts are added old
knowledge came into picture are invalidating and
contradicting. By adding new facts old knowledge in
knowledge base became invalid thereby requiring fu rther
retractions. This retractions lead to nonmonotonic growth in
knowledge at t imes. If we are go on adding new axio ms in
the knowledge base, it only increase amount of knowledge
base rather than decreasing.
The nonmonotonic reasoning is of many types:
Default reasoning
Circu mscription
Truth Maintenance System.
3.1.1 Default Reasoning: This type of reasoning is very
simp le. By this the decisions are made on what is most
likely to be true. Non monotonic logic and default logic are
two approaches for made decisions. Both approaches are
logic type.
Nonmonotonic logic: A nonmonotonic logic is a formal
logic whose consequence relation is not monotonic. A logic
nonmonotonic logic is if the truth of a proposition may
change when new informat ion are added. This allows a
statement to be retracted and used to formalize plausible
reasoning.
Default logic: Th is logic init iates new inference rule A :B/ C
Where, A=prerequisite, B=justification and C= consequent
The inference ru le will be read as:
“if A, and if it is consistent with the rest of assume that it is
B, then conclude C”.
The idea of nonmonotonic reasoning is to reason with first
order logic, and if an inference cannot be obtained then use
the set of default rules available within the first order
formulat ion.
While applying to default ru le it is necessary to check their
justification for consistency, not only with init ial data, but
also consequents of any other defau lt rules that may be
applied. The applicat ion one rule may block the other
application. To solve this problem default theory is used.
4. Circu mscription: Circu mscription is a nonmonotonic
logic to formalize the co mmon sense assumption. It is a
formalized rule of conjecture that can be used along with the
rules of inference of first order log ic. This involves
formulat ing rules of thumb with abnormality predicates and
then restricting the extensions of these predicates,

circu mscrib ing them, so that they apply to only those things
to which they are currently known.
5. Truth Maintenance System: The purpose of truth
maintenance system is to assure that inferences made by the
RS are valid. The RS provides the Reasoning maintenance
system with info rmation about each inference it performs,
and in return the RMS provides the
RS with the
informat ion about the whole set of inference.
The Truth Maintenance System (TMS) is a knowledge
representation method for representing beliefs and their
dependencies. It has the ability to restore consistency.
The TMS maintains the consistency of a knowledge base as
soon as new knowledge is added. It considers only one state
at a time so it is difficu lt to manipulate environ ment.
The functions of TMS are:
Provide justification for conclusions: when a problem
solving system gives an answer to a user’s query an
explanation is required to that answer. An explanation can
be constructed by an inference engine.
Recognize inconsistencies: The inference engine may tell
the TMS about the contradictory sentences. Then TMS finds
all those that are believed to be true and reports to the
inference engine to eliminate inconsistency.
Support default reasoning: In the absence of firmer
knowledge we want to reason fro m default assumptions.
Support dependency driven backtracking: The justification
of a sentence can be maintained by TMS.

4. STATISTICAL REASONING
In logic based approaches everything is either believed true
or false. It is often useful to represent that something is
probably true.
This is useful for dealing with problems where there is
randomness and unpredictability. To do all this in a
particular manner requires techniques for probabilistic
reasoning.
1) Basic Statistical Methods Probability: Probability is a
way of expressing knowledge or belief that an event will
occur or has occurred.
Probabilities are real numbers in the range fro m 0 to 1.
A probability of P(A)=0 indicates total uncertainty in A and
P(A)=1 indicates total certainty and values in between
shows some degree of uncertainty.
2) Classical Probability: This is also known as priori theory
of probability. The probability of an event A = Nu mber of
outcomes favorable to the occurrence of an event (f) d ivided
by the total number o f possible outcomes (n).
P (A) = f/n
All possible outcomes are equally likely.
Emp irical Probability: Th is is also known as experimental
probability. It determined analytically the knowledge about
the nature of experiment rather than actual experiment.
Conditional Probability: The probability of some event A
given the probability of so me other event B. It is written as
P(A/B) and read as the probability of A g iven B.
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Joint Probability: It is the probability of two events together.
The joint p robability of t wo events written as P(A∩B) or
P(A,B).
Marginal Probability: The probability of one event
regardless of other event.
Probabilistic reasoning came fro m probability concept. It is
used when outcomes are unpredictable.
A prior probability is an in itial probability value originally
obtained before any additional informat ion is obtained.
A posterior probability is a p robability value that has been
revised by using additional info rmation that is later
obtained.

And ^(A/B)= p(B/A) is the likelihood ratio.
p(B/Ac)
Extensions:
Theorem analogous to Bayes’ theorem covers more than
two events.
P (B/ B∩C) = p(A)p(B/A) p(C/A∩B)
p(B)p (C/ B)
Example: John’s cricket match is tomorrow.
In recent years, each year it has rained only 5 days.
The weatherman has predicted rain for tomorrow.
When it actually rains, the weatherman correctly forecasts
rain 90% of the time.
When it doesn’t rains, the weatherman incorrectly forecasts
rain 10% of the time.
Question is what is the probability that it will rain on the
day of John’s cricket match.

5. BAYES THEOREM:
This theorem relates the conditional and marg inal
probabilit ies of two random events. This theorem is given
by Thomas Bayes’ and called Bayes’ rules. It is also called
Bayesian reasoning. Bayesian view of probability is related
to degree of belief. It is a measure of p lausibility of an
event. The fundamental notion of Bayesian statistics is that
of conditional p robability. Bayes theorem allows new
informat ion to be used to update the conditional probability
of the event.
This theorem addressed both discrete probability
distributions of data and more co mplicated case of
continuous probability distributions. In discrete case, it
relates conditional and marginal probabilit ies of events A
and B, provided that probability of b does not equal to zero.

Solution:
There are two mutually exclusive events “it rains” or “it
doesn’t rain” and the third event occurs when the
weatherman predicts the rain.
EventA1: Rain on the day of John’s cricket match
EventA2: Rain doesn’t on John’s cricket match.
Event B: Weatherman predicts rain.

P(A/B)=P(B/A)P(A )/P(B)

P(B/A2)0.1(when it doesn’t rains, weatherman predicts
10%)of t ime

Each probability has a conventional name:
is the prior probability of A. It is prior as it does not
take into account the informat ion about B.
is the conditional probability of A g iven by B. It is
also called posterior probability because it is derived from
or depends upon the value of B.
is the conditional probability of B given by A. It is
also called likelihood.
is the marginal or p rior probability.
Bayes theorem is used to calculate conditional probabilities.
Another formula:
P (B/ B∩C) = p(A)p(B/A) p(C/A∩B)
p(B)p(C/B)
beyes theorem in terms of Odds (O) and Likelihood (Λ)
ratio:
O(A/B)=O(A)^(A/B)
WhereO(A/B) are the posterior odds of A given B,
O(A/B)=P(A/B)/P(Ã/ B)
O(A)=P(A)
P(Ã)

P(A1)=5/365=0.0136985(rains 5 days in year)
P(A2)=360/ 365=0.9863014(doesn’t rain 360 days in a year)
P(B/A1) 0.9(when it rains, weatherman p redicts 90%)of
time

We want to know P(A 1/B), the probability that it will rain
on the day of John’s cricket match given a forecast of rain
given by weatherman.
The answer can be determined by Bayes’ theorem:
P(A1/ B) =
P(A1)P(B/A1)
P(A1)P(B/A1)+P(A 2)P(B/A2)
= (0.014) (0.9)/[(0.014)(0.9)+(0.986)(0.1)
= 0.111
So despite the weatherman’s prediction, there is a good
chance that John’s will not get rain on at his cricket match.
Thus Bayes’ theorem is used to calculate conditional
probability.
5.1 Bayesian Network
A Bayesian network is a belief network or directed acyclic
graphical model is a classical graphical model that
represents a set of variables and their probabilistic
independencies. As example Bayesian network represents
the probabilistic relat ionship between diseases and
symptoms.
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Bayesian network consist a set of nodes and a set of directed
edges between them. The effects are not completely
deterministic. The strength of an effect is modeled as a
probability.
Bayesian network consist a set of nodes and a set of directed
edges between them. The effects are not completely
deterministic. The strength of an effect is modeled as a
probability.
5.2 Certainty and Factors
This approach is given by Shortliffe and Buchanan and used
in their famous medical d iagnosis MYCIN system. M YCIN
represents knowledge as a set of rules and a certainty factor
is associated with each rule. A certainty factor is based on
measures of belief B and disbelief D of a hypothesis Hi,
evidence E is given as:
B(Hi/ E)=1 if P(Hi)=1
= max [p(Hi/ E),P(Hi)]-P(Hi)/((1-P(Hi))P(Hi/ E)
Otherwise
D(Hi/ E)=0 if P(Hi)=0
= P(Hi)-min[P(Hi/ E),P(Hi)]
P(Hi)P(Hi/E)
Otherwise
The certainty factor C of some hypothesis Hi given evidence
E is given by:
C(Hi/ E)=B(Hi/ E)-D(Hi/ E)
This overcome the Bayes’ rule
5.3 Dempsgtor- Shafter Model
This is more general approach to representing uncertainty
than Bayesian. The basic idea in representing uncertainty in
this model is: Set up a confidence interval : an interval of
probabilit ies within wh ich the true probability lies with a
certain confidence based on the Belief B and plausibility
PL provided by some evidence E for a proposition P. The
belief brings together all the evidence that would lead us to
believe in P with some certainty. The p lausibility brings
together the evidence that is co mpatible with P and is not
inconsistent with it. This method allo ws for further
additions to the set of knowledge and does not assume
disjoint outcomes within which the true probability lies with
a certain confidence based on the Belief B and plausibility
PL provided by some evidence E fo r a proposition P.

6. CONCLUSION
This paper examined reasoning under uncertainty. Symbo lic
reasoning basically represents uncertainty as true, false,
neither true nor false while statistical reasoning provide a
method for representing belief wh ich are uncertain and they
may have some contradictory evidence. Statistical reasoning
represents belief as true or false but not both. Symbo lic
methods is generally deal the problems wh ich have
randomness and unpredictability. Sy mbolic methods had

problem with inco mplete knowledge and contradictions in
the knowledge. In symbolic methods if the number of
exception is large then these systems are break down wh ile
statistical techniques can solve large exceptions.
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