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Abstract— Knowledge is key factor. Sometimes knowledge
available to the system for reasoning is incomplete. For non-
monotonic reasoning, the knowledge available to the systems is
incomplete. The bird can fly is not known. Fuzzy logic is able to
deal with incomplete information. In this paper, fuzzy non-
monotonic logic is studied. Fuzzy non-monotonic reasoning is
studied. Fuzzy granular non-monotonic reasoning is studied.
Fuzzy truth maintenance system (FTMS) is studied for fuzzy non-
monotonic reasoning. Some examples are discussed for fuzzy non-
monotonic reasoning.
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I. INTRODUCTION

Sometimes Al has to deal with incomplete knowledge. If
knowledge base is incomplete then inference is also incomplete.
If knowledge is added then the inference is changes. Some
knowledge is sufficient for reasoning. Sometimes knowledge is
not sufficient for complete reasoning. Such situations fall under
non-monotonic [10]. There are many theories to deal with
incomplete information like Probability, Dempster- Shaffer
theory, Possibility, Plausibility, non-monotonic etc. Zadeh [11]
fuzzy logic is based on belief rather than probable (likelihood)

In non-monotonic reasoning, some additional information is
to be added the reasoning will be changed [4].

“if x is not known then conclude y”
“if x is con not be proved in some amount of time, then
conclude y”

X is bird ~ x has wings A x is known to fly - x can fly

X is bird ~ x has wings A x is not known to fly - x can fly

Ozzie can fly?

It is imprecise.

Ozzie is bird A x has wings A x is not known to fly - x
can’t fly

In the above situations, though added some knowledge, it not
possible to reasoning with non-monotonic logic.
Zadeh [12] propose Z-Number or Zadeh — Number as Z= (A,
B) for the proposition of the type “x is P”

Where A is likely support the knowledge and B is unlikely
support the knowledge.

Here is first case support the inference and in second case not
support the information.

x is bird A x has wings A x is likely to fly = x can fly

x is bird ~ x has wings ” x is unlikely to fly = x can’t fly

The fuzzy non-monotonic reasoning will bring imprecise
knowledge in to precise knowledge.

In the following, fuzzy non-monotonic logic is discussed for
incomplete knowledge of non-monotonic reasoning.

Il. FUZZY LOGIC

The possibility set may be defined for the proposition of the type
“x is P” as

7p(X)>[0,1]
np(X)=max{ tp(Xi) }, xeX

Mp(X)= e (X2)/X1+ Hp(X2)/Xot ...+ Hp(Xn)/Xn
Mbird(X)= Hbird(X1)/X1+ Hbira(X2)/X2t. ..+ Hoird(Xn)/Xn

Mbird(X)= Hbird(X1)/X1+ Hoird(X2)/XoF. ..+ Hbird(Xn)/Xn
Mbird(X)= 0.1/Penguin + 0.3/Hen+0.5/Cock + 0.6/Parrot +
0.8/eagle + 1.0/flamingos

Let P and Q be the fuzzy sets, and the operations on fuzzy
sets are given below [10]

PVQ=max(up(x) , po(x)} Disjunction
PAQ=min(pp(x) , no(x)} Conjunction
P'=1- pp(x) Negation
PxQ=min { pp(x) , no(x)} Relation

P 0 Q==min{ur(x), Ho(X, X)} Composition

The fuzzy propositions may contain quantifiers like
“very”, “more or less” . These fuzzy quantifiers may be
eliminated as
Hvery(X) =He(X) 2
Mmore or Iess(X) = HP(X) 0.5

Concentration
Diffusion

The Zadeh [11] fuzzy condition inference s given by

if xis xisPiand P, .... X isPnthenQ =
min 1, (1-min(pea(X), He2(x), ..., pea(X)) +Ho(X)}



The Mamdani [5] fuzzy condition inference s given by
if xis xisPiandP,....XisPnthenQ =

min {1, (1-min(ppi(X), Hp2(X), ... pen(X)) +Ha(X)}

The Reddy fuzzy condition inference s given by
if xis xisPiandP,....XisPnthenQ =

min(He(X), Hp2(x), ..., Hen(X))

Quasi-fuzzy set
A quasi-fuzzy set is defined for the proposition “ x is P as

He(x)=>(0, 1)
1. FUUZY NON-MONOTONIC LOGIC

Zadeh [10] is defined the Z-Number {A,B] for the
proposition of the type “x is P”, where A support the P and B
not support the P .

The fuzzy non-monotonic set may defined with two fold
membership function using likely and unlikely .

Definition: Given some Universe of discourse X, the
proposition “ x is P” is defined as its two fold fuzzy
membership function as

Up(X) = {pplikely (x), ppuntikely (x)}
or
P= {UP"kEIY(X), upunlikely(x)}
Where P is Generalized fuzzy set and x € X,

O <= uplikely(x) <:1 and, O <= p_PunIiker (X) <:1
P = { uplikely (X 1)/X1 + ... +_ uplikely (X n)/Xn,
upunllkely (X 1)/X1 + .+ HP“kely (X n)/Xn, Xi s X, “4” s union

For example ‘x will fly”, fly may be given as

ﬂy = {“ﬂylikely(x)’ uﬂyunlikely (X)}
={0.1/peacock + .3/hen+0.5/cock+0.6/parrat+0.9/eagle,
0.9/peacock + .8/hen+0.7/cock+0.5/parrat+0.1/eagle]

IV. EXTENTION OF Z-FUZZY LOGIC TO Fuzzy NIN-MONOTONIC
LoaIc

Since formation of the fuzzy non-monotonic logic is
simply two fold fuzzy logic. Zadeh fuzzy Z-fuzzy set is
extended to fuzzy non-monotonic logic .

Up(X) = {uelkely(x), ppUniikely(x) 3

Suppose P and Q are fuzzy non-monotonic sets. The
operations on fuzzy sets are given below for two fold fuzzy
sets.

Negation
P': {1_ “PIiker(X)’ 1_ upunlikely(x) }/X

Disjunction
PVQ={ max(pp'ke (x) , pelikely (y)), max(uQunlikely ), uQunlikely
(YN}xy)

Conjunction
PAQ:{ min(uplikely (X) ’uplikely (Y)), min(p_Qunlikely (X) , IJQunIiker
v)) H(xy)

Implication

Zadeh fuzzy conditional inference

P%Q: {min(l, 1- uPIiker (X) + quiker (y) , min ( 1’ 1- upunlikely
(X) + QU™ (y)}(x,y)

Mamdani fuzzy conditional inference
P%Q_: {min( uplikely(x) , “Qlikely(y) ,min ( upunlikely (X) ,
Ko™ (y)}(x.y)

Reddy fuzzy conditional inference
P->Q= {min (el (x) , ke (y)}(x,x)

Composition
P 0 R = {minx ( uplikely (X)l uplikely (X) ), mlnx( uRunIiker (X),
“Runlikely (X) )}/y

The fuzzy propositions may contain quantifiers like “very”,
“more or less” . These fuzzy quantifiers may be eliminated as

Concentration

“xisveryP _

Huery p(X) = { Hp!™eW (X)?, pot™ e (X)pp(X)? }

Diffusion

“x is more or less P”

IJ-more or less P(X) = ( uplikely (X)1/2’ upunlikely (X)HP(X)OS
For instance, consider logical operations on P and Q

p= { 0.8/x1 + 0.9/x2 + 0.7/x3 + 0.6/x4 +0.5/xs,
0.4/x1 + 0.3/x2 + 0.4/x3 + 0.7/x4 +0.6/X5}

Q={ 0.9/x1 + 0.7/x2 + 0.8/x3 + 0..5/x4 +0.6/Xs
0.4/x1 + 0.5/ + 0.6/x3 + 0.5/x4 +0.7/X5}

PV Q={ 0.9/x1+0.9/x; + 0.8/x3 + 0.6/X4 +0.6/Xs
0.4/x1 + 0.5/X2 + 0.6/X3 + 0.7/X4 +0.7/X5}

PA Q = { 0.8/x1 + 0.7/x2 + 0.7/x3 + 0.5/x4 +0.5/xs,
0.4/x1 + 0.3/ + 0.4/x3 + 0.5/x4 +0.6/xs5}

P'= not P= { 0.2/x1 + 0.1/X> + 0.3/x3 + 0.4/x4 +0.5/xs ,
0.6/x1 + 0.7/X2 + 0.6/x3 + 0.3/x4 +0.4/X5}

P> Q = { 1/x1 + 0.8/x2 + Ixz + 0.9/x4 +1/Xs,

/%1 + 1/%2 + 1/x3 + 0.8/x4 +1/X5}
PoQ={ 0.8/x;+0.7/x2 + 0.7/x3 + 0.5/x4 +0.5/Xs,
0.4/x1 + 0.3/x2 + 0.4/x3 + 0.5/x4 +O.6/X5}

Hvery p(X) = { He™ eV (X)?, P ™ M (x) o (X)? }
={ 0.64/x; + 0.81/x + 0.49/x5 + 0.36/x4 +0.25/Xs,
0.16/x71 + 0.09/x, + 0.16/x3 + 0.49/X4 +0.36/%5



more or less P(X) = ( uLikely (X)1/2, “Unlikely (X)HP(X)UZ }
={ 0.89/x; + 0.95/x, + 0.84/x3 + 0.77/x4 +0.70/Xs,
0.63/x1 + 0.55/x, + 0.63/x3 + 0.81/x4 +0.77/xs5}

quasi-fuzzy non-monotonic set is defined as

tp (X) = {pp'kely (x), ppuniikely (x)}
He (x)2(0, 1)

Consider the fuzzy non-monotonic inference

“x is bird A x is known to fly then x can fly”

Mird(X) = {Mbird™eY (X), Lpira"™kel (x)}

Moira(X)= { 0.1/Penguin + 0.3/Hen+0.5/Cock + 0.6/Parrot +
0.8/eagle + 1.0/flamingos , 0.9/Penguin + 0.7/Hen+0.6/Cock +
0.4/Parrot + 0.2/eagle + 0.0/flamingos }

Mknown (X): 1

Mbira(X)= { 0.1/Penguin + 0.3/Hen+0.5/Cock + 0.6/Parrot +
0.8/eagle + 1.0/flamingos , 0.9/Penguin + 0.7/Hen+0.6/Cock +
0.4/Parrot + 0.2/eagle + 0.0/flamingos }

“x is bird A X is known to fly then x can fly” is gen by

Miiy(X)= Hbird(X) ™ Hknown(X)=

pay(X)= { 0.1/Penguin + 0.3/Hen+0.5/Cock + 0.6/Parrot +
0.8/eagle + 1.0/flamingos , 0.9/Penguin + 0.7/Hen+0.6/Cock +
0.4/Parrot + 0.2/eagle + 0.0/flamingos } A { 1.0/Penguin +
01.0/Hen+1.0/Cock + 1.0/Parrot + 01.0/eagle + 1.0/flamingos ,
1.0/Penguin + 1.0/Hen+1.0/Cock + 1.0/Parrot + 01.0/eagle +
1.0/flamingos }

= {0.1/Penguin + 0.3/Hen+0.5/Cock + 0.6/Parrot + 0.8/eagle +
1.0/flamingos , 0.9/Penguin + 0.7/Hen+0.6/Cock + 0.4/Parrot +
0.2/eagle + 0.0/flamingos }

“x is bird A X is not known to fly then x can fly” is gen by

lJ-fIy(X): Hbird(x) A Mot known(X) =

{ 0.1/Penguin + 0.3/Hen+0.5/Cock + 0.6/Parrot + 0.8/eagle +
1.0/flamingos , 0.9/Penguin + 0.7/Hen+0.6/Cock + 0.4/Parrot +
0.2/eagle + 0.0/flamingos } » { 0.0/Penguin + 0.0/Hen+0.0/Cock
+ 0.0/Parrot + 0.0/eagle + 0.0/flamingos , 0.0/Penguin +
0.0/Hen+0.0/Cock + 0.0/Parrot + 0.0/eagle + 0.0/flamingos }

= { 0.0/Penguin + 0.0/Hen+0.0/Cock + 0.0/Parrot + 0.0/eagle +
0.0/flamingos , 0.0/Penguin + 0.0/Hen+0.0/Cock + 0.0/Parrot +
0.0/eagle + 0.0/flamingos }

V. FUZZY GRANULAR NON-MOTONIC LOGIC
REASONING

Zadeh[13] defined fuzzy granularity for the proposition
of type “xis A is A where A is granular variable likely,
unlikely, very likely not very likely, more or less likely, etc.

For instance, the inference for “x is bird is not very likely ”
is given as
1- ira(X) 2

Fuzzy granular non-monotonic position “x is P is not very
likely ” is given by

{ 1'“—" likely (X)Z , 1'HP unIiker(X)Z}

The g fuzzy granular non-monotonic position “x is P is
not very unlikely ” is given by

{ Up likely (X) , Up unlikely (X)}

Granular variables may be apply on respective functions
For instance “x is young is likely ” is given as
P :{ M young likely (X) » M young unlikely (X)}

The fuzzy granular vales may be applied on respective
fuzzy membership functions.
“x is P is very likely ” is given as

{ U very p likely (X) JHp unlikely (X)}

“x is P is more or less unlikely ™ is given as

{ur Iikely(x) y K more or less P unIiker(X)}

For instance, “Ozzie is bird is very likely ” is given as

{ Hbird“kew (OZZiE) y u-bid unlikely (OZZie)}

“Qzzie is bird is more or less unlikely ™ is given as

P{ “ bird likely (OZZIG) , Hbird unlikely (OZZIe)OS}

VI. FUZZY TRUTH MAITANACE SYSTEM

In the truth maintenance system (TMS) for proposition is
give by

x is bird A x has wings ~ x is known to fly = x can fly

1.

2.
3.
4

X is known to fly

X is not known to fly
x can fly

X can’t fly

IN=input of belief
OUT=output of belief

IN

X is known to fly

X is not known to fly
x is not known to fly

For instance, Ozzie is bird

IN

Ozzie is known to fly
Ozzie is not known to fly
Ozzie is not known to fly

ouT

x can fly
x can fly
x can fly

ouT
Ozzie can fly
Ozzie can’t fly
Ozzie can fly



The fuzzy truth maintenance systems (FTMS) will bring the REFERENCES
imprecise proposition in to precise proposition.
In the fuzzy truth maintenance system (FTMS) for " A i Th . " 4 Belief
iti ic Qi 1] A. Bochnan, A Logical Theory of Non-monotonoc Inference and Belie
proposition s give by Change, Springer 2001..

[2] Allen, J.F."A General Model of Action and Time." Artificial Intelligence,
vol.23,no. 2, July 1984,

[3] Allen, J.F. Natural Language Understanding, Benjamin Cummings,

X is bird A x has wings A x is known to fly = x can fly
1. xis known to fly

2. xcanfly 1987, Second Edition, 1994.
3. Xcan’tfly [4] Jhon McCarthy, Circumscription — A Form of Non-monotonic Reasoning,
Artificial Intelligence, VVol.13, pp.27-39, 1980..
IN=input of likely, unlikely [5] E.H.Mamdani, Application of Fuzzy Logic to Approximate Reasoning
OUT=output is belief Using Linguistic Synthesis, IEEE Transactions on Computers, vol.C-
28,issue.2, pp.1182-1191, 1977.
IN ouT [6] N. Rescher, Many-Valued Logic, McGrow-Hill, New York, 1969.
X is no likely to fly x can fly [7] Poli Venkata Subba Reddy, “Fuzzy Conditional Inference for Medical
: : : Diagnosis”, Second International Conference on Fuzzy Theory and
xis known Un“kely to ﬂy X can't ﬂy Technology, Advancess in Fuzzzy Theory and Technology, Vol.2,
i o University of North-Carolina, Duke University, November13-16, 1993,
For instance, Ozzie is bird USAL.
[8] Poli Venkata Subba reddy and M. Syam Babu, ‘Some Methods of
IN ouT Reasoning for Conditional Propositions”, Fuzzy Sets and Systems,
IN ouT v0.52,pp.229-250,1992.

[9] Poli Venkata subba reddy, Fuzzy logic based on Belief and Disbelief
membership functions, Fuzzy Information and Engineering, Volume 9,

85;:9 'is kﬂﬁwvcr:'ker:ﬁiolﬂi’ f Oiz'e C?t”ﬂﬂy Issue 4, December 2017, Pages 405-422.
€ 0 u elytoTly can y [10] L.A. Zadeh, “Calculus of Fuzzy restrictions”, Fuzzy sets and their
applications to cognitive and decision processes,
L.A.Zadeh,K.S.Fu,M.Shimura,Eds,New York, Academic, 1975, pp.1-39.
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