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Preface

Most human decisions are made in the state of uncertainty. This fact pro-
vides a motivation to study the behavior of uncertain phenomena. In order
to model uncertainty, Liu (2007) founded an uncertainty theory that is a
branch of mathematics based on normality, monotonicity, self-duality, count-
able subadditivity, and product measure axioms. Since then, uncertainty
theory has been developed steadily and applied widely. Chapter 1 is devoted
to the uncertainty theory.

Uncertain programming, proposed by Liu (2009), is a type of mathemati-
cal programming involving uncertain variables. Chapter 2 will provide a gen-
eral framework of uncertain programming, including expected value model,
chance-constrained programming, dependent-chance programming, uncertain
dynamic programming and uncertain multilevel programming. Chapter 2 will
also present some uncertain programming models for system reliability de-
sign, project scheduling problem, vehicle routing problem, facility location
problem, and machine scheduling problem.

An uncertain process is essentially a sequence of uncertain variables in-
dexed by time or space. Some basic concepts of uncertain process will be
presented in Chapter 3.

Uncertain calculus is a branch of mathematics that deals with differen-
tiation and integration of function of uncertain processes. Chapter 4 will
introduce the uncertain calculus including canonical process, uncertain inte-
gral and chain rule.

Uncertain differential equation is a type of differential equation driven
by canonical process. Chapter 5 will discuss the existence, uniqueness and
stability of solutions of uncertain differential equations, and present some
applications of uncertain differential equation in finance and filtering as well
as optimal control.

Uncertain logic is a generalization of mathematical logic for dealing with
uncertain knowledge via uncertainty theory. A key point in uncertain logic
is that the truth value of an uncertain proposition is defined as the uncertain
measure that the proposition is true. One advantage of uncertain logic is the
well consistency with classical logic. For example, uncertain logic is consistent
with the law of excluded middle and law of contradiction. Chapter 6 deals
with uncertain logic.

Uncertain entailment is a methodology for calculating the truth value of
an uncertain formula via the maximum uncertainty principle when the truth
values of other uncertain formulas are given. Chapter 7 will introduce an
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entailment model and discuss modus ponens, modus tollens, and hypothetical
syllogism.

Uncertain inference is a process of deriving consequences from uncertain
knowledge or evidence via the tool of conditional uncertainty. Chapter 8 will
provide some uncertain inference rules, and present applications of uncertain
inference in uncertain system and uncertain inference control.

As supplements, Chapter 9 introduces the generalized law of excluded
middle and the maximum uncertainty principle. In this chapter, we also
provide a brief history of evolution of measures and answer the question
“what is uncertainty”.

The book is suitable for mathematicians, researchers, engineers, design-
ers, and students in the field of mathematics, information science, operations
research, system science, industrial engineering, computer science, artificial
intelligence, finance, control, and management science. The readers will learn
the axiomatic approach of uncertainty theory, and find this work a stimulat-
ing and useful reference.

A Guide for the Reader

The readers are not required to read the book from cover to cover. The
logic dependence of chapters is illustrated by the figure below. For exploring
probability theory, credibility theory as well as chance theory, the interested
reader may continue to read the appendices.
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Chapter 1

Uncertainty Theory

Most human decisions are made in the state of uncertainty. This fact pro-
vides a motivation to study the behavior of uncertain phenomena. In order
to model uncertainty, a new mathematical tool is absolutely needed. This is
just the uncertain measure that is essentially a set function (i.e., a function
whose argument is a set) satisfying certain mathematical properties. Un-
certain measure is used to measure the truth degree of an uncertain event.
In order to develop a theory of uncertain measure, Liu [127] founded an
uncertainty theory in 2007 that is a branch of mathematics based on normal-
ity, monotonicity, self-duality, countable subadditivity, and product measure
axioms. Uncertainty theory provides a mathematical model for uncertain
phenomena.

The emphasis in this chapter is mainly on uncertain measure, uncer-
tainty space, uncertain variable, identification function, uncertainty distri-
bution, independence, operational law, expected value, variance, moments,
critical values, entropy, distance, convergence almost surely, convergence in
measure, convergence in mean, convergence in distribution, and conditional
uncertainty.

1.1  Uncertainty Space

Let T" be a nonempty set. A collection L of subsets of I' is called a o-algebra
if (a) T' € L; (b) if A € L, then A° € L; and (c) if Ay, Ag,--- € L, then
A UA;U--- € L. Each element A in the o-algebra L is called an event.
Uncertain measure is a function from £ to [0,1]. In order to present an
axiomatic definition of uncertain measure, it is necessary to assign to each
event A a number M{A} which indicates the truth degree that A will occur. In
order to ensure that the number M{A} has certain mathematical properties,
Liu [127] proposed the following four axioms:

Axiom 1. (Normality Aziom) M{T'} =1 for the universal set T'.
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Axiom 2. (Monotonicity Aziom) M{A1} < M{A2} whenever A1 C As.
Axiom 3. (Self-Duality Aziom) M{A} + M{A°} =1 for any event A.

Axiom 4. (Countable Subadditivity Aziom) For every countable sequence of
events {A;}, we have

M{DA} giM{Ai}. (1.1)
=1 i=1

Remark 1.1: The law of contradiction tells us that a proposition cannot
be both true and false at the same time, and the law of excluded middle
tells us that a proposition is either true or false. Self-duality is in fact a
generalization of the law of contradiction and law of excluded middle. In
other words, a mathematical system without self-duality assumption will be
inconsistent with the laws. This is the main reason why self-duality axiom is
assumed.

Remark 1.2: Pathology occurs if subadditivity is not assumed. For ex-
ample, suppose that a universal set contains 3 elements. We define a set
function that takes value 0 for each singleton, and 1 for each set with at least
2 elements. Then such a set function satisfies all axioms but subadditivity.
Is it not strange if such a set function serves as a measure?

Remark 1.3: Pathology occurs if countable subadditivity axiom is replaced
with finite subadditivity axiom. For example, assume the universal set con-
sists of all real numbers. We define a set function that takes value 0 if the
set is bounded, 0.5 if both the set and complement are unbounded, and 1 if
the complement of the set is bounded. Then such a set function is finitely
subadditive but not countably subadditive. Is it not strange if such a set
function serves as a measure? This is the main reason why we accept the
countable subadditivity axiom.

Definition 1.1 (Liu [127]) The set function M is called an uncertain mea-
sure if it satisfies the mormality, monotonicity, self-duality, and countable
subadditivity axioms.

Example 1.1: Let I' = {v1,72,73}. For this case, there are only 8 events.
Define

M{v1} =0.6, M{y} =03, M{y3}=0.2,
M{v1,72} = 0.8, M{y,73} =07, M{y2,7} = 0.4,
M{0} =0, M{T}=1.

Then M is an uncertain measure because it satisfies the four axioms.
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Example 1.2: Suppose that A(z) is a nonnegative function on R satisfying

sup (A(z) + A(y)) = 1. (1.2)

TFy

Then for any set A of real numbers, the set function

sup A\(z), if sup A(z) < 0.5

TEA zEA
M{A} = (1.3)
1 — sup A(x), if supA(z)>0.5
zEAC zEA

is an uncertain measure on .

Example 1.3: Suppose p(z) is a nonnegative and integrable function on R
such that

/ p(x)dz > 1. (1.4)
Rid

Then for any Borel set A of real numbers, the set function

/A p@)de, if /A p(z)de < 0.5

M{A} = 1-— /c p(x)dx, if . plx)dr < 0.5 (1.5)

0.5, otherwise

is an uncertain measure on R.

Example 1.4: Suppose A(z) is a nonnegative function and p(x) is a non-
negative and integrable function on # such that

sup A(z) —|—/ p(x)dx > 0.5 and/or sup A(z) —|—/ p(x)dx > 0.5 (1.6)
TEA A rEAC e

for any Borel set A of real numbers. Then the set function

sup A(z) —|—/ p(x)dx, if sup A(z) —|—/ p(x)dz < 0.5
TEA A zEA A

M{A} = 1— sup A(z) 7/ p(x)dz, if sup A(zx) Jr/ p(x)dz < 0.5
TEAC c TEAC ¢

0.5, otherwise
is an uncertain measure on R.
Theorem 1.1 Suppose that M is an uncertain measure. Then we have
M{0} =0, (1.7)
0<M{A} <1 (1.8)

for any event A.
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Proof: It follows from the normality and self-duality axioms that M{}}
1-M{T'} =1-1=0. It follows from the monotonicity axiom that 0
M{A} <1 because d C A CT.

<

Theorem 1.2 Suppose that M is an uncertain measure. Then for any events
A1 and As, we have

Proof: The left-hand inequality follows from the monotonicity axiom and
the right-hand inequality follows from the countable subadditivity axiom im-
mediately.

Theorem 1.3 Suppose that M is an uncertain measure. Then for any events
A1 and A5, we have

M{Al} + M{AQ} —1< M{Al n AQ} < M{Al} AN M{AQ} (110)

Proof: The right-hand inequality follows from the monotonicity axiom and
the left-hand inequality follows from the self-duality and countable subaddi-
tivity axioms, i.e.,

M{AT N A} =1 —=M{(A1NA2)} =1—M{A] UAS}
> 1 — (M{AT} + M{AS})
=1—(1-M{A1}) — (1 - M{A2})
=M{A} + M{Az} — 1.
The inequalities are verified.
Theorem 1.4 Let I' = {v1,72,- - }. If M is an uncertain measure, then
M{vi}+M{y;} <1< M{w} (1.11)
k=1
for any i and j.
Proof: Since M is increasing and self-dual, we have, for any ¢ and 7,
M{vit 4+ My} < M{T\{y;}} +M{y;} = 1.
Since I' = U {7y} and M is countably subadditive, we have
1=M{I} =M { U {%}} <Y M}
k=1 k=1

The theorem is proved.
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Null-Additivity Theorem

Null-additivity is a direct deduction from subadditivity. We first prove a
more general theorem.

Theorem 1.5 Let {A;} be a sequence of events with M{A;} — 0 as i — oo.
Then for any event A, we have

lim M{AUA} = lim M{A\A;} = M{A}. (1.12)

11— 00

Proof: It follows from the monotonicity and countable subadditivity axioms
that
M{A} < M{AUA;} < M{A} + M{A:}

for each i. Thus we get M{A U A;} — M{A} by using M{A;} — 0. Since
(A\AZ> CAC ((A\Al) @] AZ), we have

M{AA} < M{A} < MYAA} + M{A, .
Hence M{A\A;} — M{A} by using M{A;} — 0.
Remark 1.4: It follows from the above theorem that the uncertain measure
is null-additive, i.e., M{A; U Aa} = M{A1} + M{Az} if either M{A;} =0

or M{A3} = 0. In other words, the uncertain measure remains unchanged if
the event is enlarged or reduced by an event with uncertain measure zero.

Asymptotic Theorem

Theorem 1.6 (Asymptotic Theorem) For any events Ay, Aa,- -, we have
lim M{A;} >0, if A;7T, (1.13)
lim M{A;} <1, 4 A; |0 (1.14)

Proof: Assume A; T I'. Since I' = U;A;, it follows from the countable
subadditivity axioms that

1=M{I'} < iM{Ai}.

Since M{A;} is increasing with respect to ¢, we have lim; oo M{A;} > 0. If
A; | 0, then AS 1 T. It follows from the first inequality and self-duality axiom
that

lim M{A;} =1 — lim M{AJ} < 1.

The theorem is proved.
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Example 1.5: Assume I is the set of real numbers. Let o be a number with
0 < a < 0.5. Define a set function as follows,

0, ifA=0
a, if A is upper bounded
M{A} = 0.5, if both A and A® are upper unbounded (1.15)
1—«, if A°is upper bounded
1 if A=T.

)

It is easy to verify that M is an uncertain measure. Write A; = (—oo, ] for
i =1,2,--- Then A; 1 T and lim; .o M{A;} = a. Furthermore, we have
AS | 0 and lim; oo M{AS} =1 — .

Uncertainty Space

Definition 1.2 (Liu [127]) Let T' be a nonempty set, L a o-algebra over
I', and M an uncertain measure. Then the triplet (I',L, M) is called an
uncertainty space.

Product Measure Axiom and Product Uncertain Measure
Product uncertain measure was defined by Liu [130] in 2009, thus producing

the fifth axiom of uncertainty theory called product measure aziom. Let
(Tg, Lk, M) be uncertainty spaces for k =1,2,--- ,n. Write

=Ty xTgx---xT,, L=0LxLyx XL, (1.16)
Then there is an uncertain measure M on the product o-algebra L such that
M{Al X A2 X oo X An} = Ml{Al} A MQ{AQ} VANRRIIAN Mn{An} (117)

for any measurable rectangle A; x Ay X -+ X A,. Such an uncertain measure
is called the product uncertain measure denoted by

M=M AMg A AM,. (1.18)

In fact, the extension from the class of rectangles to the product o-algebra
L may be represented as follows.

Axiom 5. (Liu [130], Product Measure Axziom) Let T}, be nonempty sets
on which My, are uncertain measures, k = 1,2, --- ,n, respectively. Then the
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product uncertain measure M = My AMa A --- AM,, of each event A € L is

sup min Mp{Ar},
ArxAax-x A, CA 1Sk

if sup min Mg{Ax} > 0.5
ApxAgx--xA,CA1SkSn

M{A} =4 1- sup min My {Ax}, (1.19)
A1 xAox XA, CAe 1<k<n

if sup min Mp{Ax} > 0.5

A1 xAg XX A, CAc 1SE<n

0.5, otherwise.

FEW

Figure 1.1: Graphical Illustration of Extension from the Class of Rectangles
to the Product o-Algebra. The uncertain measure of A (the disk) is essen-
tially the acreage of its inscribed rectangle A; x A if it is greater than 0.5.
Otherwise, we have to examine its complement A€. If the inscribed rectan-
gle of A° is greater than 0.5, then M{A¢} is just its inscribed rectangle and
M{A} =1 —M{A°}. If there does not exist an inscribed rectangle of A or
A€ greater than 0.5, then we set M{A} = 0.5.

Theorem 1.7 (Peng [185]) The product uncertain measure (1.19) is an un-
certain measure.

Proof: In order to prove that the product uncertain measure (1.19) is indeed
an uncertain measure, we should verify that the product uncertain measure
satisfies the normality, monotonicity, self-duality and countable subadditivity
axioms.

STEP 1: At first, for any event A € L, it is easy to verify that

sup min Mg{Ar} + sup min Me{Ax} < 1.
A1 XAgsX- XA, CALISESn Aq X Ag XX A, CAc 1<k<n
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This means that at most one of

sup min Mi{Ar} and sup min Mg{Ax}
A1 xAg XX A, CAISk<n ApxAgX--x A, CAc 1<k<n

is greater than 0.5. Thus the expression (1.19) is reasonable.
STEP 2: The product uncertain measure is clearly normal, i.e., M{T'} = 1.

STEP 3: We prove the self-duality, i.e., M{A}+M{A°} = 1. The argument
breaks down into three cases. Case 1: Assume

sup min Mg{Ar} > 0.5.
Ay XAg X XAy CALISE<n

Then we immediately have

sup min M {Ax} < 0.5.
A1 xAox---xAp,CAc 1Sk<n

It follows from (1.19) that

M{A} = su min Mg{Ag},
{ } Alezx“PxAncAlﬁkSn k{ k}

M{A}=1- sup min Mp{Ax} =1—-M{A}.

A XAz XX ApC(Ac)e 1Sk<n

The self-duality is proved. Case 2: Assume

sup min Mg{Ax} > 0.5.
Ay XA XX A, CAc 1Sk<n

This case may be proved by a similar process. Case 3: Assume

sup min Mi{A;} <0.5
ArxApx- XA, CALSE<n

and
su min Mp{A.} <0.5.
A1><A2><-~I3<AnCAc 1<k<n k{ k} >
It follows from (1.19) that M{A} = M{A°} = 0.5 which proves the self-
duality.

STEP 4: Let us prove that M is increasing. Suppose A and A are two
events in L with A C A. The argument breaks down into three cases. Case 1:
Assume

sup min Mg{Ar} > 0.5.
ArxAg X x A, CA ISkSn

Then

sup min Mi{Ag} > sup min Mp{Ar} > 0.5.
AL XAg X XA, CA1SESn A1 XAax--xA, CA1<k<n
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It follows from (1.19) that M{A} < M{A}. Case 2: Assume

e, SID e i M A} > 05.
Then
ArxAz XSug/\cA 1I§nkl£n MifAe} 2 NP ><S-l-l-I?<AnCAC 12}3271 Mi{Ak} > 0.5.
Thus
M{A} =1- sup min My {Ax}

ApxAgx--x A, CAe 1<k<n

<1- sup min Mp{Ag} = M{A}.
ApxApx-x A, CAc 1Sk<n

Case 3: Assume

sup min Mg{Ax} <0.5
A1 xAg XX A, CAISkSn
and
sup min M;{Ax} <0.5.
A1 XAgx XA, CAc 1<k<n
Then

M{A} < 0.5 < 1—M{A°} = M{A}.

STEP 5: Finally, we prove the countable subadditivity of M. For sim-
plicity, we only prove the case of two events A and A. The argument breaks
down into three cases. Case 1: Assume M{A} < 0.5 and M{A} < 0.5. For
any given € > 0, there are two rectangles

A xAyx--x A, CA°, A xAyx---xA, CA°

such that
1-— 1g££an{Ak} < M{A} + <":‘/27
1-— 1g£an{Ak} < M{A} + 6/2.
Note that

(A1 ﬂAl) X (AQOAQ) X e X (AnﬁAn) C (AUA)C
It follows from Theorem 1.3 that

Mk{Ak N Ak} > Mk{Ak} + Mk{Ak} -1



10 CHAPTER 1 - UNCERTAINTY THEORY

for any k. Thus
M{A U A} <1- 1I§nk12n Mk{Ak n Ak}
<1— min Mp{Ag}+1- lg}ﬂlgan{Ak}

1<k<n
<M{A} + M{A} +¢.
Letting ¢ — 0, we obtain
M{AUA} < M{A} + M{A}.

Case 2: Assume M{A} > 0.5 and M{A} < 0.5. When M{A U A} = 0.5, the
subadditivity is obvious. Now we consider the case M{A U A} > 0.5, i.e.,
M{A°NA°} <0.5. By using AUA = (A°NA°)UA and Case 1, we get

M{AUA} < M{A°N A} +M{A}.
Thus
M{AUA} =1—-M{A°NA} <1—M{A°UA}+M{A}
<1—M{A}+M{A} = M{A} + M{A}.

Case 3: If both M{A} > 0.5 and M{A} > 0.5, then the subadditivity is
obvious because M{A} + M{A} > 1. The theorem is proved.

Definition 1.3 Let (T'y, L, M),k = 1,2,--+ ,n be uncertainty spaces, I' =
M xTox---xI, L=L1 x Lo x---xL,, and M=M; AMagA--- AM,.
Then (T', L, M) is called the product uncertainty space of (Ty,Lg, My), k =
1,2,--- ,m.

1.2 Uncertain Variable

Definition 1.4 (Liu [127]) An uncertain variable is a measurable function
& from an uncertainty space (I', L, M) to the set of real numbers, i.e., for any
Borel set B of real numbers, the set

{¢eBy={yel|&0) e B} (1.20)

18 an event.
Example 1.6: Take (I', L, M) to be {y1,72} with M{y} = M{r} = 0.5.

Then the function
07 if T="N
is an uncertain variable.
Example 1.7: A crisp number ¢ may be regarded as a special uncertain

variable. In fact, it is the constant function () = ¢ on the uncertainty
space (I, L, M).
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R

Figure 1.2: An Uncertain Variable

Definition 1.5 An uncertain variable § on the uncertainty space (I', L, M)
s said to be

(a) nonnegative if M{€ < 0} = 0;

(b) positive if M{§ < 0} = 0;

(c) continuous if M{& = x} is a continuous function of x;

(d) simple if there exists a finite sequence {x1,22, -+ ,Zm} such that
M{E#z1,§ # 22, ,§ # Tm} = 0; (1.21)

(e) discrete if there exists a countable sequence {x1,xa, -} such that
MAE # x1,€ # xa,---} = 0. (1.22)

Definition 1.6 Let & and n be uncertain variables defined on the uncertainty
space (T, L,M). We say & =n if £(v) = n(y) for almost all v € T.

Definition 1.7 The uncertain variables & and n are identically distributed if
M{¢ € B} =M{n € B} (1.23)
for any Borel set B of real numbers.

It is clear that uncertain variables £ and 7 are identically distributed if
& = n. However, identical distribution does not imply £ = . For example,
let (T, £, M) be {y1,72} with M{~v1} = M{~2} = 0.5. Define
17 1f7:71 _17 lf’Y:’Yl

The two uncertain variables ¢ and 7 are identically distributed but £ # 7.

Uncertain Vector

Definition 1.8 An n-dimensional uncertain vector is a measurable function
from an uncertainty space (I', L, M) to the set of n-dimensional real vectors,
i.e., for any Borel set B of R", the set

{¢eB)={yeT|¢n) e B) (1.24)

18 an event.
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Theorem 1.8 The vector (£1,&a,- -+ ,&n) 8 an uncertain vector if and only
if £1,€2,- -+, &y are uncertain variables.

Proof: Write & = (£1,&,--+,&,). Suppose that £ is an uncertain vector on
the uncertainty space (T, £, M). For any Borel set B of R, the set B x R"~!
is a Borel set of ™. Thus the set

{teBl={&eB&eER - L eR={eBxR""}

is an event. Hence & is an uncertain variable. A similar process may

prove that &,&s, -+ ,&, are uncertain variables. Conversely, suppose that
all &,&, -+ ,&, are uncertain variables on the uncertainty space (I, L, M).
We define

B={BCR"|{£cB}isanevent}.

The vector € = (&1,&2,- -+ ,&,) is proved to be an uncertain vector if we can
prove that B contains all Borel sets of R™. First, the class B contains all
open intervals of R™ because

{5 € H(aubi)} = ﬂ {6 € (ai, bi)}

is an event. Next, the class B is a o-algebra of " because (i) we have R € B
since {€ € R"} =T (ii) if B € B, then {£€ € B} is an event, and

{¢ e B} ={¢e B}

is an event. This means that B¢ € B; (iii) if B; € B for ¢ = 1,2, -, then
{& € B;} are events and

{ge UBi} = | J{¢e B}
i=1 i=1

is an event. This means that U;B; € B. Since the smallest o-algebra con-
taining all open intervals of ™ is just the Borel algebra of R", the class B
contains all Borel sets of ™. The theorem is proved.

Uncertain Arithmetic

Definition 1.9 Suppose that f : R — R is a measurable function, and
£1,&, -+, &, uncertain variables on the uncertainty space (L, M). Then
&= f(&,&, -, &) is an uncertain variable defined as

(V) = f(6(), &), ,6u(r)), VyeT. (1.25)
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Example 1.8: Let & and & be two uncertain variables. Then the sum
& = &1 + & is an uncertain variable defined by

£(v) =&(y) +&(v), Vyel.

The product £ = £1&5 is also an uncertain variable defined by

() =&(y) - &(y), Vyel.

The reader may wonder whether £(v1,72, -+ ,v,) defined by (1.25) is an
uncertain variable. The following theorem answers this question.

Theorem 1.9 Let £ be an n-dimensional uncertain vector, and f : R — R
a measurable function. Then f(€) is an uncertain variable such that

M{f(€) € B} =M{¢ € f71(B)} (1.26)
for any Borel set B of real numbers.

Proof: Assume that £ is an uncertain vector on the uncertainty space
(T, L,M). For any Borel set B of &, since f is a measurable function, the
f71(B) is a Borel set of R". Thus the set {f(¢) € B} = {¢€ € f~}(B)} is an
event for any Borel set B. Hence f(£) is an uncertain variable.

1.3 Identification Functions

This section will introduce three types of identification functions to charac-
terize uncertain variables.

First Identification Function

Definition 1.10 An uncertain variable £ is said to have a first identification
function X\ if
(i) M(x) is a nonnegative function on R such that

sup (A(z) + A(y)) = 1; (1.27)

z#yY
(ii) for any set B of real numbers, we have

sup A(z), if sup A(z) < 0.5

z€B reB
M{¢ € B} = (1.28)
1 — sup A(x), if sup A(z) > 0.5.
z€Be z€B

Example 1.9: By a rectangular uncertain variable we mean the uncertain
variable fully determined by the pair (a,b) of crisp numbers with a < b, whose
first identification function is

A(z) =05, a<z<b.
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Example 1.10: By a triangular uncertain variable we mean the uncertain
variable fully determined by the triplet (a,b,c) of crisp numbers with a <
b < ¢, whose first identification function is

r—a

R —— 'f < <
( ), I a xT b
2({ C)? = = L

Example 1.11: By a trapezoidal uncertain variable we mean the uncertain
variable fully determined by the quadruplet (a, b, ¢, d) of crisp numbers with
a < b < ¢ < d, whose first identification function is

r—a

—_— ifa<ax<b

=)’ fa<z<
A3(z) = 0.5, ifb<z<c

T —d

_ if c <2 <d.

2(cfd)’ fe<z<d

Figure 1.3: First Identification Functions A1, Ay and A3

Theorem 1.10 Suppose A is a nonnegative function satisfying (1.27). Then
there is an uncertain variable & such that (1.28) holds.

Proof: Let R be the universal set. For each set B of real numbers, we define
a set function

sup A\(z), if sup A(z) < 0.5

M{B} z€EB reB
1 — sup A(x), if sup A(z) > 0.5.
reB*° zeB

It is clear that M is normal, increasing, self-dual, and countably subadditive.
That is, the set function M is indeed an uncertain measure. Now we define
an uncertain variable £ as an identity function from the uncertainty space
(R, A, M) to R. We may verify that £ meets (1.28). The theorem is proved.
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Theorem 1.11 (First Measure Inversion Theorem) Let & be an uncertain
variable with first identification function \. Then for any set B of real num-
bers, we have

sup A(z), if sup A(z) < 0.5

z€EB reB
M{¢ € B} = | (1.29)
1— sup Ax), if sup A(z) > 0.5.
z€Be ©€B

Proof: It follows from the definition of first identification function immedi-
ately.

Example 1.12: Suppose £ is an uncertain variable with first identification
function A. Then

M{¢ =z} = Ax), Vzek

Example 1.13: Suppose £ is a discrete uncertain variable taking values in
{x1, 29, -} with first identification coefficients {\1, Ao, --}. Note that the
coefficients must meet
sup(A\; +Aj) = 1. (1.30)
i#]
For any set B of real numbers, we have
sup A, if sup A\; < 0.5
z,€EB z;,€EB
M{{ € B} = (1.31)

1— sup A;, if sup A; > 0.5.
z;€EB° z;EB

Second Identification Function

Definition 1.11 (Liu [137]) An uncertain variable £ is said to have a second
identification function p if
(i) p(x) is a nonnegative and integrable function on N such that

/ p(x)dz > 1; (1.32)
R

(ii) for any Borel set B of real numbers, we have

/Bp(x)dx, if/Bp(as)dx<0.5

M{¢ € B} = (1.33)

1 —/ plx)dz, if p(z)dz < 0.5
c BC

0.5, otherwise.

Theorem 1.12 Suppose p is a nonnegative and integrable function satisfying
(1.32). Then there is an uncertain variable & such that (1.33) holds.
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Proof: Let R be the universal set. For each Borel set B of real numbers, we
define a set function

/Bp(x)dx, if/Bp(x)dx<0.5

M{B} =19 1 —/Up(m)dx, if /Cp(x)dx <05

0.5, otherwise.

It is clear that M is normal, increasing, self-dual, and countably subadditive.
That is, the set function M is indeed an uncertain measure. Now we define
an uncertain variable ¢ as an identity function from the uncertainty space
(R, A, M) to . We may verify that £ meets (1.33). The theorem is proved.

Theorem 1.13 (Second Measure Inversion Theorem) Let & be an uncertain
variable with second identification function p. Then for any Borel set B of
real numbers, we have

/Bp(:n)dx, z'f/Bp(:c)dx<0.5

M{{ € B} = (1.34)

1 —/ plx)dx, if p(x)dz < 0.5
¢ Be

0.5, otherwise.

Proof: It follows from the definition of second identification function imme-
diately.

Example 1.14: Suppose £ is a discrete uncertain variable taking values in
{z1,xa, -} with second identification coefficients {p1,p2,---}. Note that
the coefficients must meet

> piz1 (1.35)
=1

For any set B of real numbers, we have

> pin i > pi<05

z,€EB z;€EB
MEeBy=1q 1- > pi if Y pi<05 (1.36)
x;EB*° x,EB¢
0.5, otherwise.

Third Identification Function

Definition 1.12 (Liu [130]) An uncertain variable & is said to have a third
identification function (A, p) if (i) AM(x) is a nonnegative function and p(x) is
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a nonnegative and integrable function such that

sup A\(x) +

/ p(x)dx > 0.5 and/or
rEB B

sup A(z)+
rEB°

/ p(x)dz > 0.5 (1.37)

for any Borel set B of real numbers; (ii) we have

/B p(x)dz,

if sup A(z) +

sup A\(x) +
r€EB

/Bp(z)d;v < 0.5

reB
M{¢ € B} = 1— sup Az) — / p(x)dx, (1.38)
reBe c
if sup A(x) +/ p(x)dr < 0.5
reB° c
0.5, otherwise.

Theorem 1.14 Suppose X\ is a nonnegative function and p is a nonnegative
and integrable function satisfying the condition (1.37). Then there is an
uncertain variable & such that (1.38) holds.

Proof: Let & be the universal set. For each Borel set B of real numbers, we
define a set function

sup A(z) +/ p(x)dx, if sup A(x) +/ p(x)dx < 0.5
z€B B z€B B
M{B} = 1 — sup A(x) —/ p(x)dz, if sup A(x) —|—/ p(x)dr < 0.5
z€Be e z€Be .

0.5, otherwise.

It is clear that M is normal, increasing, self-dual, and countably subadditive.
That is, the set function M is indeed an uncertain measure. Now we define
an uncertain variable £ as an identity function from the uncertainty space
(R, A, M) to R. We may verify that £ meets (1.38). The theorem is proved.

Theorem 1.15 (Third Measure Inversion Theorem) Let & be an uncertain
variable with third identification function (A, p). Then for any Borel set B of
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real numbers, we have

sup A(x) —|—/ p(x)dx,
zEB B

if sup \(x) —|—/ p(x)dr < 0.5
r€EB B

M{¢ € B} = 1— sup A(z) — / ) p(x)dz,

reB*°

if sup A(x) +/ plx)dr < 0.5
reB*° c

0.5, otherwise.

Proof: It follows from the definition of third identification function imme-
diately.

Example 1.15: Suppose £ is a discrete uncertain variable taking values
in {x1, 29, -} with third identification coefficients {(A1,p1), (A2, p2), - }.
Assume that

sup A; + Z pi > 0.5 and/or sup A+ Z pi > 0.5
z,EB z.€B x;EB¢ z,€BC

for any set B of real numbers. Then we have

sup A; + iy if sup A\; + ; < 0.5
sup At D p sup At D p

z,€B z,€B
M{EeB=9q 1— sup \ — Z pi, if sup A\ + Z pi < 0.5
z;€B°¢ r;EB° z; € B¢ x;, €EB¢
0.5, otherwise.

1.4 Uncertainty Distribution

This section introduces the concept of uncertainty distribution in order to
describe uncertain variables. In many cases, it is sufficient to know the un-
certainty distribution rather than the uncertain variable itself.

Definition 1.13 (Liu [127]) The uncertainty distribution ®: R — [0,1] of
an uncertain variable £ is defined by

O(x) =M{{ < x}. (1.39)

Theorem 1.16 (Peng and Iwamura [186], Sufficient and Necessary Condi-
tion for Uncertainty Distribution) A function ® : ® — [0, 1] is an uncertainty
distribution if and only if it is an increasing function except ®(x) = 0 and
O(x) =1.
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Proof: It is obvious that an uncertainty distribution ® is an increasing
function. Conversely, suppose that ® is an increasing function but ®(x) £ 0
and ®(z) # 1. We will prove that there is an uncertain variable whose
uncertainty distribution is just ®. Let € be a collection of all intervals of the
form (—o0, a], (b,00), 0 and R. We define a set on R as follows,

M{(—00,a]} = ®(a),
M{(b,+00)} = 1 — B(b),

M{0} =0, M{R}=1.

For an arbitrary Borel set B of real numbers, there exists a sequence {4;} in
C such that

B C U A;.
=1

Note that such a sequence is not unique. Thus the set function M{B} is
defined by

Blc%fAi ;M{Ai}, if BlclbfAi ;M{Al} <05
M{B} = s >

1B} L= dnf > OM{A}, i inf Y M{A} <05
i=1 Pi=1

BeCUA;

0.5, otherwise.

We may prove that the set function M is indeed an uncertain measure on R,
and the uncertain variable defined by the identity function £(y) = « from the
uncertainty space (R, L, M) to R has the uncertainty distribution ®.

Example 1.16: Let ¢ be a number with 0 < ¢ < 1. Then ®(z) = ¢ is an
uncertainty distribution. When ¢ < 0.5, we define a set function over R as
follows,

0, ifA=0
c, if A is upper bounded
M{A} = 0.5, if both A and A¢ are upper unbounded
1—¢, if A¢is upper bounded
1, ifA=T.

Then (R, L,M) is an uncertainty space. It is easy to verify that the identity
function £(y) = « is an uncertain variable whose uncertainty distribution is
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just ®(z) = c¢. When ¢ > 0.5, we define

0, ifA=0
1—¢, if A is upper bounded
M{A} = 0.5, if both A and A¢ are upper unbounded
c, if A¢ is upper bounded
1, if A=T.
Then the function £(y) = —+v is an uncertain variable whose uncertainty

distribution is just ®(x) = e.

Example 1.17: Assume that two uncertain variables £ and 7 have the same
uncertainty distribution. One question is whether £ = 1 or not. Generally
speaking, it is not true. Take (T', L, M) to be {v1,72} with

M{v1} = M{r2} =0.5.

We now define two uncertain variables as follows,

-1, ify=m L ify=m

Then £ and 7 have the same uncertainty distribution,

0, ifex<-1
O(z)=¢ 05 if —1<z<l1
1, ifz>1.

However, it is clear that £ # n in the sense of Definition 1.6.

Definition 1.14 An uncertain variable & is called linear if it has a linear
uncertainty distribution

0, ifr<a
P(z)=< (z—a)/(b—a), ifa<axz<b (1.40)
1, ifx>0b

denoted by L(a,b) where a and b are real numbers with a < b.

Definition 1.15 An uncertain variable £ is called zigzag if it has a zigzag
uncertainty distribution
0, ifr<a
(x —a)/2(b—a), ifa<z<b
(x+c—2b)/2(c—b), ifb<z<c
1, ifx>c

B(z) = (1.41)

denoted by Z(a,b, c) where a,b, ¢ are real numbers with a < b < c.
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Figure 1.5: Zigzag Uncertainty Distribution

Definition 1.16 An uncertain variable £ is called normal if it has a normal
uncertainty distribution

I R e R S

denoted by N (e, o) where e and o are real numbers with o > 0.

Definition 1.17 An uncertain variable & is called lognormal if In& is a nor-
mal uncertain variable N'(e,a). In other words, a lognormal uncertain vari-
able has an uncertainty distribution

d(z) = (1 + exp (W))l . x>0 (1.43)

denoted by LOGN (e, o), where e and o are real numbers with o > 0.

Measure Inversion Theorem

Theorem 1.17 (Measure Inversion Theorem) Let € be an uncertain variable
with uncertainty distribution ®. Then for any real number x, we have

M{E <z} =(z), M{>z}=1—(x). (1.44)
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05 ............... /

0 ewle)

Figure 1.7: Lognormal Uncertainty Distribution

Proof: The equation M{{ < z} = ®(z) follows from the definition of un-
certainty distribution immediately. By using the self-duality of uncertain
measure, we get M{£ >z} =1-M{{ <z} =1— ().

Remark 1.5: If the uncertainty distribution ® is a continuous function,
then we also have

M{E <z} =2(z), M{{>z}=1—-D(x). (1.45)

Theorem 1.18 Let £ be an uncertain variable with continuous uncertainty
distribution ®. Then for any interval [a,b], we have

B(b) — B(a) < M{a < € < b} < B(b) A (1 — B(a)). (1.46)

Proof: It follows from the subadditivity of uncertain measure and measure
inversion theorem that

Mfa <& < b} +M{§ < a} < M{E < b}

That is,
M{a <& <b}+ P(a) < P(D).
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Thus the inequality on the left hand side is verified. It follows from the
monotonicity of uncertain measure and measure inversion theorem that

Mfa <& < by < M{S € (—00,0]} = D(b).
On the other hand,
M{a <z <b} <M{£ € [a,+0)} =1— P(inf a).
Hence the inequality on the right hand side is proved.

Remark 1.6: When a scalar is needed for M{a < £ < b}, it follows from
the maximum uncertainty principle that

(b) — ®(a),  if B(b) — B(a) > 0.5
M{a<E<b =L Bb)A(1—®(a)), if D) A(L—B(a)) <05 (1.47)

0.5, otherwise.

Regular Uncertainty Distribution

Definition 1.18 An uncertainty distribution ® is said to be regular if its
inverse function ®~1(a) exists and is unique for each o € (0,1).

It is easy to verify that a regular uncertainty distribution @ is a continuous
function. In addition, ® is strictly increasing at each point x with 0 < ®(z) <
1. Furthermore,

lim ®(x)=0, lim ®(z)=1. (1.48)

r— —00 r——+0o0

For example, linear uncertainty distribution, zigzag uncertainty distribution,
normal uncertainty distribution, and lognormal uncertainty distribution are
all regular.

Joint Uncertainty Distribution

Definition 1.19 Let (&1,&2,- ,&,) be an uncertain vector. Then the joint
uncertainty distribution ® : R — [0,1] is defined by

(p(xlvaa"' ,SCn) = M{gl g 1'1352 S Zo, - 75?1 S .’]’Jn} (149)

1.5 Independence

Definition 1.20 (Liu [130]) The uncertain variables &1,&a2, -+ ,&m are said
to be independent if

M{ﬁ(fz € Bi)} = 1I<I?<an{§i € B;} (1.50)

for any Borel sets By, Ba, -+, By, of real numbers.
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Example 1.18: Let £ be an uncertain variable and let £ be a constant c.
For any Borel sets By and Ba, if ¢ € Ba, then M{{; € By} =1 and

M{(& € B1)N (& € Ba)} =M{& € B} = M{& € Bi} AM{&: € B}
If ¢ & By, then M{&; € Bo} =0 and
M{(& € Bi) N (& € Ba)} = M{0} = 0 = M{&1 € By} AM{E € By}

It follows from the definition of independence that an uncertain variable is
always independent of a constant.

Theorem 1.19 The uncertain variables {1, &, -+ - , & are independent if and
only if

for any Borel sets By, By, -+, By, of real numbers.

Proof: It follows from the self-duality of uncertain measure that &1,&s, - , &

are independent if and only if

M{U(£1 GBi)} :1—M{ﬂ(§i€Bf)}

=1 i=1
=1- 1glgan{§i € Bi} = 11%11;%);13\/[{51 € B;}.

Thus the proof is complete.

Theorem 1.20 Let ®; be uncertainty distributions of uncertain variables
&, 1=1,2,--+ 'm, respectively, and ® the joint uncertainty distribution of
uncertain vector (&1,&a, -+ ,&m). If &1,82,- - ,&m are independent, then we
have

D(x1,29, L) = 1glgnm(1>i(xi) (1.52)

for any real numbers 1,2, , Ty,.

Proof: Since &1,&s,- -+, &, are independent uncertain variables, we have

(I)(xl,ﬂfg, ‘e 733m) = M{m(fz S Jﬁz)} = min M{fz S JZZ} = 1II%I m(I)Z(JZZ)

! 1<i<m <i<
=1

for any real numbers x1,xs3,- -+, T,,. The theorem is proved.

Example 1.19: However, the equation (1.52) does not imply that the uncer-
tain variables are independent. For example, let £ be an uncertain variable
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with uncertainty distribution ®. Then the joint uncertainty distribution ¥
of uncertain vector (,€) is

(w1, @2) = M{E S @1,§ S ao} = M{E < 21} AM{E < 22} = B(21) A P(a2)

for any real numbers x1 and x5. But, generally speaking, an uncertain vari-
able is not independent with itself.

Theorem 1.21 Let &1,&2,--+ ,&n be independent uncertain variables, and

f1, fas -+, fn measurable functions. Then fi(&1), f2(&2), -+, fm(&m) are in-
dependent uncertain variables.

Proof: For any Borel sets By, Bs, - -+ , By, of R, it follows from the definition
of independence that

M {m(fi(fi) € Bi)} = M{ﬂ(& € fil(Bi))}

i=1 =1

= lgglmM{& € f;i 1 (B} = 1g}glmM{fi(§i) € B}

Thus f1(&1), f2(&2), -+, fm(&n) are independent uncertain variables.

1.6 Operational Law

Theorem 1.22 (Liu [180], Operational Law) Let &1,&a,--+ &, be indepen-
dent uncertain variables, and f : R" — R a measurable function. Then

&= f(&1,&2, -, &) is an uncertain variable such that
sup min My{& € B},
f(B1,Bs, -, By)CB1Sksn
if sup min My{& € B} > 0.5
f(B1,Bs,,By)CB1Sksn
M{¢eB}=¢q 1— sup min My{& € B},
F(B1,Bz By )CBe LSkSn
if sup min Mg{& € Br} > 0.5
F(B1,Ba, -, By)CBe 1Sk=n
0.5, otherwise
where B, By, By, -+ , B, are Borel sets, and f(B1,Bsa, -+ ,B,) C B means
flxy,29, - ,x,) € B for any x1 € By,x9 € By, -+ ,x, € By,.

Proof: Write A = {{ € B} and Ay = {& € By} for k =1,2,--- ,n. Itis
easy to verify that

Ay x Ay x -+ x A, C Aifand only if f(By,Bs, -+ ,B,) C B,
Ay X Ag x -+ x A, C A°if and only if f(By,Ba, -+, B,) C B°.

Thus the operational law follows from the product measure axiom immedi-
ately.
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Increasing Function of Single Uncertain Variable

Theorem 1.23 Let & be an uncertain variable with regular uncertainty dis-
tribution ®, and let f be a strictly increasing function. Then f(§) has an
uncertainty distribution

U(z)=0(f 1(z), zeR (1.53)
whose inverse function is
T )= f(@ ' (a), 0<a<l. (1.54)

Proof: Since f is a strictly increasing function, we have, for each real number

x,

F((=o0, f7H(@)]) = (—o0,a].
It follows from the operational law that
U(x) = M{f(€) € (—00,2]} = M {€ € (—o00, f ' (2)]} = ®(f " (2)).
The first part is verified. Now let ¥U(z) = a. Then
O(f1(z)) =a implies z = f(® !(a)).
Thus we have ¥~1(a) = 2 = f(®7!(a)). The theorem is proved.

99 Method 1.1 [t is suggested that an uncertain variable & with uncertainty
distribution ® is represented on a computer by

0.01]0.020.03|---10.99
z1 T2 | T3 |- | Tgg

(1.55)

where 0.01,0.02,0.03,---,0.99 in the first row are the values of uncertainty
distribution ®, and x1,x2, T3, - ,Tog in the second row are the corresponding
values of ®71(0.01), ®71(0.02), ®~1(0.03),--- ,®~1(0.99). Essentially, it is a
discrete representation of uncertainty distribution ®. Then for any strictly
increasing function f(x), the uncertain variable f(€) is

0.01 0.02 0.03 | --- 0.99
f(x1) | flwa) | flxs) [ - | f(woo)

The 99 method may be extended to the 999 method if a more precise result is
needed.

(1.56)

Example 1.20: Let £ be an uncertain variable with regular uncertainty
distribution ®. Then for any number k > 0, the uncertainty distribution of
k& is

U(z) =& (E) , rER (1.57)



SECTION 1.6 - OPERATIONAL LAw 27

whose inverse function is
U a)=kd (a), O0<a<l. (1.58)

If € is represented by

0.01 1 0.02 | 0.03|---1]0.99 (1.59)
T1 T2 T3 | -t | Tog
then the 99 method yields that k¢ is
0.01|0.02{0.03|--- | 0.99
kl‘l k‘al‘g k‘ﬂ?g A k‘l‘gg (160)

Example 1.21: If £ is an uncertain variables with regular uncertainty dis-
tribution ® and k is a constant, then £ + k is an uncertain variable with
uncertainty distribution

V() =P(x—k), xR (1.61)
whose inverse function is
T Ha) =@ Ha)+k, O<a<l. (1.62)

If ¢ is represented by

0.01]0.02 [0.03|---]0.99 (1.63)
T L2 T3 | | To99
then the 99 method yields that £ + k is
0.01 0.02 0.03 | --- 0.99
1.64
1+ k| e+ k|xzs+ k|- | xog+ k ( )

Example 1.22: Let £ be a nonnegative uncertain variable with regular un-
certainty distribution ®. Since 22 is a strictly increasing function on [0, +00),
the square ¢2 is an uncertain variable with uncertainty distribution

U(z) =®(z), Yor>0 (1.65)
whose inverse function is
T o) = (M), 0O<a<l. (1.66)
If ¢ is represented by
0.01]0.020.03|---0.99 (1.67)
Ty | Ty | w3 |- | Tog
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then the 99 method yields that the uncertain variable £2 is

0.01 | 0.02{0.03|--- | 0.99
2 P 2 ) (1.68)
1 T3 T3 LH9

Example 1.23: Let ¢ be an uncertain variable with regular uncertainty
distribution ®. Since exp(x) is a strictly increasing function, exp(£) is an
uncertain variable with uncertainty distribution

U(z) =®(lnz), V>0 (1.69)
whose inverse function is
U Ha)=exp (@ H(a)), 0<a<l. (1.70)

If € is represented by

0.01 | 0.02 | 0.03 | --- | 0.99 (1.71)
2! T2 T3 | | P99
then the 99 method yields that the uncertain variable exp(€) is
0.01 0.02 0.03 S 0.99 (1.72)
exp(z1) | exp(za) | exp(zs) | -+ | exp(zgg) '

Decreasing Function of Single Uncertain Variable

Theorem 1.24 Let £ be an uncertain variable with regular uncertainty dis-
tribution ®, and let f be a strictly decreasing function. Then f(£) has an
uncertainty distribution

U(z)=1-d(fHz), zeR (1.73)
whose inverse function is
U la)=f(@'(1-0a), O0<a<l. (1.74)
Proof: Since f is a strictly increasing function, we have, for each real number
z,
F((=00, 1)) = (, +00).
It follows from the operational law and continuity of ® that
U(x) = M{f(§) € (=00, 2]} = 1 = M{[f(¢) € (2, +00)}
=1-M{g € (—o0,f ()} =1-2(f ().
The first part is verified. Now let U(z) = a. Then
1-o(f Yz)) =a implies z= f(® 11— a)).
Thus we have ¥=1(a) =z = f(®7!(1 — «)). The theorem is proved.
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99 Method 1.2 Let £ be an uncertain variable represented on a computer
by

0.01]0.020.03|---10.99

(1.75)
Z1 x2 x3 e 99

Then for any strictly decreasing function f(x), the uncertain variable f(&) is

0.01 0.02 0.03 |---| 0.99

f(woo) | f(wos) | flwor) | -+ | f(z1) (1.76)

Example 1.24: Let £ be an uncertain variable with regular uncertainty
distribution ®. Then —¢ has an uncertainty distribution

U(z)=1—®(—z), zeR (1.77)
whose inverse function is
U Ha)=-0'(1-a), O<a<l. (1.78)

If ¢ is represented by

0.01]0.02 [ 0.03|---]0.99 (1.79)
T1 T2 T3 |- | Tog
then the 99 method yields that the uncertain variable —¢ is
0.01 | 0.02 | 0.03 | --- | 0.99 (1.80)
—Tgg | —Tgg | —To7 | *-- | —T1

Example 1.25: Let £ be a positive uncertain variable with regular uncer-
tainty distribution ®. Since 1/x is a strictly decreasing function on (0, +00),
the reciprocal 1/¢ is an uncertain variable with uncertainty distribution

1
U(r)=1—-9@ () , Vx>0 (1.81)
x
whose inverse function is
1
U Ha) = ——— 1. 1.82
() 1) 0<a< (1.82)
If € is represented by
.01 ] 0.02 | 0. .
0.01 | 0.02 | 0.03 0.99 (1.83)
T1 | T2 | T3 |- | Tgg
then the 99 method yields that the uncertain variable 1/¢ is
0.01 | 0.02 | 0.03 |--- | 0.99
1.84
1/1‘99 1/3’,‘98 1/3397 1/.131 ( )
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Example 1.26: Let ¢ be an uncertain variable with regular uncertainty
distribution ®. Since exp(—x) is a strictly decreasing function, exp(—¢§) is an
uncertain variable with uncertainty distribution

U(zx)=®(—Inx), V>0 (1.85)
whose inverse function is

U 'a)=exp (-2 (1-0a)), 0<a<l (1.86)

If £ is represented by

0.01]0.020.03|---10.99

(1.87)
T1 T2 | @3 |- | Tgg
then the 99 method yields that the uncertain variable exp(—¢§) is
0.01 0.02 0.03 e 0.99
(1.88)
exp(—xgg) | exp(—zos) | exp(—zo7) | -+ | exp(—x1)
Increasing Function of Multiple Uncertain Variables
Theorem 1.25 Let &1,&, -+ ,&, be independent uncertain variables with
reqular uncertainty distributions ®1, @, -+ , D, , respectively. If f: R* — R
18 a strictly increasing function, then
ng(ghf%"' afn) (189)
18 an uncertain variable with uncertainty distribution
U(x) = sup min ®;(z;), zeR (1.90)
fl@1,@2, o )=2 1IN0
whose inverse function is
U Ha) = f(@7 (), @5 (a),---, @, (a), O0<a<l. (1.91)
Proof: Since &,&, -+ ,&, are independent uncertain variables and f is a

strictly increasing function, we have

M{E < T (o)}

M{f (6o, &) < F(RT (@), @51 (@), D, (@)}
M{(& < @71 () N (&2 < @57 (@)) NN (& < 251 ()}
M{g < @7 ()} AM{E < @5 (@)} A AM{E, < @1 (a)}
aNalN---Na=cqa.

AV
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On the other hand, there exists some index 4 such that

{662, &) < f(OT (), 23 (), @, ()} C {& < @7 ()}

Thus
M{E < Ha)} <M{E <07 ()} = a

It follows that M{¢ < ¥~ !(a)} = . In other words, ¥ is just the uncertainty
distribution of £&. The theorem is proved.

99 Method 1.3 Assume &1,&s,- -+, &, are uncertain variables, and each &;
18 represented on a computer by

O.(Z)l 0.(32 0.93 e O.?9 (1.92)
T3 | T3 | T3 |0 | Tgo
Then for any strictly increasing function f(x1,22, - ,2y), the uncertain
variable f(&1,82,+ ,&n) 18
0.01 0.02 0.99 (1.93)
f(x%,x%,ﬂc’f) f(x%,x%,,x’;) f(x£1997$39’7‘r39) .

Example 1.27: Let &1,&, -+, &, be independent uncertain variables with
regular uncertainty distributions ®, @5, --- , ®,, respectively. Then the sum

=&+ &+ +& (1.94)
is an uncertain variable with uncertainty distribution

U(z) = sup min ®;(z;), z€R (1.95)
1tToto o, =z 1SISN

whose inverse function is
T a) =7 a) + 05 (@) + -+, (a), O0<a<l. (1.96)

If each & (1 <4 < n) is represented by

0.01 [0.02]0.03]--- 0.99
S T I W R B

(1.97)

then the 99 method yields that the sum & + & + -+ + &, is

0.01 0.02 0.03 |--- 0.99

Sl | Sk | Sah | o | Sy (195)
1=1 =1 =1 1=1
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Example 1.28: Let &1,&, - ,&, be independent and positive uncertain
variables with regular uncertainty distributions ®1, ®s,--- , ®,,, respectively.
Then the product

E=4 XE&E XX, (1.99)

is an uncertain variable with uncertainty distribution

U(z) = sup min ®;(z;), zeR (1.100)

T XTI X XTp=T 1<i<n
whose inverse function is

U Ha) =07 a) x By (a) x ---x & (), O0<a<l. (1.101)

n

If each & (1 < i < n) is represented by

0.01[0.02]0.03 - 0.99
s T I W R B

(1.102)

then the 99 method yileds that the product & x o X --- X &, is

0.01 0.02 | 0.03 |--- 0.99

n n n n
NEINEI e (1109
i=1 i=1 i=1 i=1

Example 1.29: Assume &, &9, &3 are independent and nonnegative uncer-
tain variables with regular uncertainty distributions ®;, @5, ®3, respectively.
Then the uncertainty distribution of (£; + £2)&3 is

U(z) = sup  Dqy(x1) A Po(x2) A P3(x3), x>0 (1.104)

(z14z2)z3=2
whose inverse function is
U (a) = (@7 (@) + 25 () @5 (), O<a <. (1.105)

If &1, &5, &3 are respectively represented by

0.01]0.02|0.03|---10.99
[ [o [y
0.0110.02|0.03|---0.99
100
0.01]0.020.03|---10.99

then the 99 method yields that the uncertain variable (& + £3)&3 is

0.01 0.2 [--- 0.99
(w1 + 21)aq [ (23 +a3)ad | - | (w99 + 289) 75

(1.107)
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Theorem 1.26 Assume that & and & are independent linear uncertain
variables L(a1,b1) and L(az,bs), respectively. Then the sum & + & is also a
linear uncertain variable L(a1 + ag, by + ba), i.e.,

E(al, bl) + ,C(ag, bg) = ,C((Ll + ag,bl + bg) (1108)

The product of a linear uncertain variable L(a,b) and a scalar number k > 0
is also a linear uncertain variable L(ka, kb), i.e.,

k- L(a,b) = L(ka, kb). (1.109)

Proof: Assume that the uncertain variables & and & have uncertainty
distributions ®; and ®,, respectively. Then

d7 (@) = (1 — a)ay + abs,

Oy (a) = (1 — a)ag + abs.

It follows from the operational law that the uncertainty distribution of & +&;
is described by

U () = &7} (@) + @5 (a) = (1 — a)(ay + az) + alby + by).

Hence the sum is also a linear uncertain variable L£(a; + a2,b1 + b2). The
first part is verified. Next, suppose that the uncertainty distribution of the
uncertain variable £ ~ L(a,b) is ®. It follows from the operational law that
when k > 0, the uncertainty distribution of k¢ is described by

U l(a)=kd (a) = (1 — a)(ka) + a(kb).
Hence k€ is just a linear uncertain variable L(ka, kb).

Theorem 1.27 Assume that & and & are independent zigzag uncertain
variables Z(a1,b1,c1) and Z(az, ba, c3), respectively. Then the sum & + &a is
also a zigzag uncertain variable Z(ay + ag, by + ba,c1 + c2), i.e.,

Z(a1,b1,c1) + Z(ag,bQ,CQ) = Z(a1 + as, by + ba, c1 + Cg). (1.110)

The product of a zigzag uncertain variable Z(a,b,c) and a scalar number
k > 0 is also a zigzag uncertain variable Z(ka, kb, kc), i.e.,

k- Z(a,b,c) = Z(ka, kb, kc). (1.111)

Proof: Assume that the uncertain variables & and & have uncertainty
distributions ®; and P, respectively. Then

51 (a) = (1 —2a)a; + 2aby, if a < 0.5
LAYZY (2 - 2a)by + (20— ey, ifa > 0.5,
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= (1 —2a)as + 2abs, if <0.5
P, (a) =
(2 —2a)by + (20 — 1)cg, if a > 0.5.

It follows from the operational law that the uncertainty distribution of & +&;
is described by

¥ (a) = { (1 —20a)(a1 4 az) + 20(by + b)),  ifa <05
(2 —2a)(by + b2) + (2ae — 1)(c1 + ¢2), if & >0.5.

Hence the sum is also a zigzag uncertain variable Z(a; + ag, b1 + ba, ¢1 + ¢2).
The first part is verified. Next, suppose that the uncertainty distribution of
the uncertain variable £ ~ Z(a, b, ¢) is ®. It follows from the operational law
that when k > 0, the uncertainty distribution of k¢ is described by

T ()=

i (1 —2a)(ka) + 2a(kb),  ifa <05
ke (@) = { (2 = 2a)(kb) + (2ac — 1) (ke), if o> 0.5.

Hence k€ is just a zigzag uncertain variable Z(ka, kb, kc).

Theorem 1.28 Let & and & be independent normal uncertain variables
N(e1,o1) and N (e, 02), respectively. Then the sum & + & is also a normal
uncertain variable N'(eq + ea, 01 + 09), i.c.,

N(€1,01)+N(62,02):N(61+62,01+02). (1112)

The product of a normal uncertain variable N(e,o) and a scalar number
k > 0 is also a normal uncertain variable N (ke, ko), i.e.,

k-N(e,o) =N(ke, ko). (1.113)

Proof: Assume that the uncertain variables & and &£ have uncertainty
distributions ®; and P, respectively. Then

0'1\/3 «
s

O a) =€ + lnl—a

)

V3 aY
0, (a) = e + 221 .
2 (@) =€zt s - o

It follows from the operational law that the uncertainty distribution of &1 +&5
is described by

(01 + 02)V3 @
In

s 1—a’

o) = @7 (a) + @5 (o) = (e1 +e2) +

Hence the sum is also a normal uncertain variable N'(e; + 2,01 + 02). The
first part is verified. Next, suppose that the uncertainty distribution of the
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uncertain variable £ ~ N (e, o) is ®. It follows from the operational law that,
when k£ > 0, the uncertainty distribution of k¢ is described by

(ko) V'3 In—2
™ l—«

U (a) =kd (a) = (ke) +
Hence k¢ is just a normal uncertain variable N (ke, ko).
Theorem 1.29 Assume that £1,&2, -+ ,&, are independent lognormal un-
certain variables LOGN (e1,01), LOGN (ea,02),- -+ , LOGN (e, 0), respec-

tively. Then the sum & +&+- - -+&, is an uncertain variable (not lognormal)
whose uncertainty distribution VU is described by

) =Y el (1
=1

The product of a lognormal uncertain variable LOGN (e, o) and a scalar num-
ber k > 0 is also a lognormal uncertain variable LOGN (e + Ink, o), i.e.,

V3o /7
> , O<a<l. (1.114)

k- LOGN (e,0) = LOGN (e + Ink,0). (1.115)

Proof: Assume that the uncertain variables £1,&s,- - , &, have uncertainty
distributions ®1, ®o,--- , ®,,, respectively. Then

(67

\/gﬂi/"f
o1 — ;
e =ete) (125
fori =1,2,--- ,n. It follows from the operational law that the uncertainty
distribution of & + & + - -+ + &, is described by (1.114). The first part is
verified. Next, suppose that the uncertainty distribution of the uncertain
variable £ ~ LOGN (e,0) is ®. It follows from the operational law that,
when k > 0, the uncertainty distribution of k€ is described by

U (a) = kd (a) = exp(e + Ink) (1 f‘a) vl .

Hence k¢ is just a lognormal uncertain variable LOGN (e + Ink, o).

Example 1.30: Let &;,&, -+ ,&, be independent uncertain variables with
regular uncertainty distributions ®1, ®,, - - - , ®,,, respectively. Then the max-
imum

=& V&V VE, (1.116)

is an uncertain variable with uncertainty distribution

U(x) =D1(x) ADy(z) A---ADp(x), z€R (1.117)
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whose inverse function is

T Ha) =3 a) VO () vV --- VI, a), O0<a<l. (1.118)

n

If each & (1 < i < n) is represented by

0.01 [0.02]0.03 - 0.99
Ty | @ | ®y | | T

(1.119)

then the 99 method yields that the maximum &; V& V-V E, is

0.01 0.02 | 0.03 |--- 0.99

n n n n
Vot | Vb | Vb |- |\ b (1:120)
i=1 i=1 i=1 =1

Example 1.31: Let &;,&s,- -, &, be independent uncertain variables with
regular uncertainty distributions ®1, @5, - - , ®,,, respectively. Then the min-
imum

E=& NN NE, (1.121)

is an uncertain variable with uncertainty distribution
U(z) = D1(x) VOe(z) V- VO, (x), z€R (1.122)
whose inverse function is

T Ha) = Ha) AT () A A Ha), O0<a<l. (1.123)

n

If each & (1 <4 < n) is represented by

0.01[0.02]0.03]--- [0.99
Ti | xp | @ | | Toe

(1.124)

then the 99 method yields that the minimum & A& A--- A&, is

0.01 | 0.02 | 0.03 |---| 0.99

/n\f“i /n\:vé /n\xg /n\xég (1.125)
=1 =1 i=1 i=1

Example 1.32: If £ is an uncertain variable with regular uncertainty dis-
tribution ® and k is a constant, then £ V k is an uncertain variable with
uncertainty distribution

W(z) = 0, ifx <k (1.126)
Y o), ifx>k '
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and is produced by the 99 method as follows,

0.01 0.02 0.03 |--- 0.99
1 Vk|xoVEk |x3VE]| - | z99gVEk

(1.127)

In addition, £ A k is an uncertain variable with uncertainty distribution

O(z), fz<k
U(g) = 1.128
(z) { 1, ifx >k ( )
and is produced by the 99 method as follows,
0.01 0.02 0.03 |--- 0.99
TI ANk | xo Nk |23 ANk |-+ | 299 Nk (1-129)
Decreasing Function of Multiple Uncertain Variables
Theorem 1.30 Let &1,&,--- ,&, be independent uncertain variables with
reqular uncertainty distributions ®1, ®q, - -, ®,,, respectively. If f : " — R
18 a strictly decreasing function, then
ng(§17€27"' afn) (1130)
18 an uncertain variable with uncertainty distribution
U(z) = sup min (1 —®;(z;)), z€R (1.131)
f(@1,@2, ) =2 1SS

whose inverse function is
U Ha)=f(@;'(1—a), &, (1—a), -, 0, (1-0a)), 0<a<l. (1.132)

Proof: Since &,&, -+ ,&, are independent uncertain variables and f is a
strictly decreasing function, we have

M{E < (a)}
= M{f(&1, &2+, &) < f(@7 (1 =), @5 (1 —a), -+, @1 (1 —a))}
M{(& >0 (1—a)N (&> (1—a)N---N (& > 0, (1 -a)}
M{& > 7 (1 — a)}AM{E > D51 (1 — ) }A - AM{E, > @1 (1— )}

v

aANaA---ANa=a. (By the continuity of ®;’s)

On the other hand, there exists some index 4 such that

{fle. &) < f@T 1 —a),- 0 (1 —a))} C {& 2 27 (1 - a)}.

Thus
M{E < T (@)} < M{& > &, (1 - a)} = a.

It follows that M{¢ < ¥~!(a)} = . In other words, ¥ is just the uncertainty
distribution of £&. The theorem is proved.
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99 Method 1.4 Assume &1,&s,- -+ , &, are uncertain variables, and each &;
s represented on a computer by

.01 .02 | 0. .
0(3 0(3 0(33 0?9 (1.133)
1 T2 T3 |- | Tog
Then for any strictly decreasing function f(x1,x9, - ,xy), the uncertain
variable f(&1,&2,- - , &) is
0.01 0.02 0.99
f(Iég,Igg,"' ,1339) f(l'éSangf" axgs) f(I%,.T%, ,27)

Alternating Monotone Function of Multiple Uncertain Variables

Theorem 1.31 Let &1,&s, -+ ,&, be independent uncertain variables with
reqular uncertainty distributions ®1, ®q, -+, P, respectively. If the func-
tion f(x1,x2,- -+ ,xy) is strictly increasing with respect to 1, o, , Ty and
strictly decreasing with respect to Tyy41, Tm42, - Ty, then

ng(€17§27"' agn)

s an uncertain variable with uncertainty distribution

U(z) = sup ( min ®;(z;) A min (1 —fbi(xi))>, zeR

(1,0, mn)=2 \1SISM m+1<i<n
whose inverse function is
T (a) = f(@7 (), -, @, (), @) (1—-a), -, @, (1-a)), O<a<l.

Proof: We only prove the case of m = 1 and n = 2. Since & and &
are independent uncertain variables and the function f(zq,xz2) is strictly
increasing with respect to x; and strictly decreasing with x5, we have

M{E < T o)} = M{f(&1,&) < F(@7 (@), ' (1 - )}
> M{(& < BTN )N (& > 5 (1—a))}
= M{& < BTN )} AM{E > 05,1 (1 — )}

=a/Na=aqa.

On the other hand, the event {¢ < ¥~!(a)} is a subset of either M{¢; <
dHa)} or {& > ®5 (1 —a)}. Thus M{¢ < ¥~!(a)} < a. It follows that

M{E < 7' (a)} =

In other words, W is just the uncertainty distribution of £. The theorem is
proved.



SECTION 1.6 - OPERATIONAL LAW 39

99 Method 1.5 Assume &1,&s,--- , &, are independent uncertain variables,
and each &; is represented on a computer by

0.01 | 0.02 | 0.03|--- | 0.99
zy x5y xy |- | Tog

(1.134)

If the function f(x1,22, -+ ,x,) is strictly increasing with respect to x1,xa,
-, Xy and strictly decreasing with Ty 41, Tm42,- - , Ty, then the uncertain
variable f(&1,82,++ ,&n) 18

0.01 e 0.99

T T
f(a:%,-~- ,x{”,x&? Lo ’xgg) f(még,~-- ,a:gg‘,,x’f” Lo ,x?)

Example 1.33: Let & and & be independent uncertain variables with reg-
ular uncertainty distributions ®; and ®,, respectively. Then the uncertainty
distribution ¥ of the difference & — & is

U(z)= sup Pi(z1) A1 —Da(x2)), z€R (1.135)

1 —T2=T
whose inverse function is
T a) =7 a) -0, (1 —a), O0<a<l. (1.136)

If & and zo are respectively represented by

0.0110.02|0.03|---0.99

1.137
ol [ af | o} [ ol 1
0.01]0.020.03|---10.99

1.138
(1135)

0.01 0.02 0.03 e 0.99

T 2 T 2 T 2 T 2 (1.139)
L1 —ZLgg | Tg — Loy | ¥3 — Lgy | " | Lgg — L7

Example 1.34: Let & and & be independent and positive uncertain vari-
ables with regular uncertainty distributions ®; and ®,, respectively. Then
the uncertainty distribution ¥ of the quotient &; /&5 is

U(x)= sup Pi(z1) A1 —Da(z2)), >0 (1.140)

x1/T2=2
whose inverse function is

T la)=d7a)/®;'(1-a), O<a<l. (1.141)



40 CHAPTER 1 - UNCERTAINTY THEORY

If & and & are respectively represented by

0.0110.02]0.03|---1]0.99

1.142
e [ [ o] | [ al, (112)
0.01 | 0.02|0.03|---1]0.99
2 ) R 2 (1.143)
Ty Lo 3 L9g

then the 99 method yields that & /&, is

0.01 0.02 0.03 |--- | 0.99

33%/3339 x%/xSS 33%/%7 xég/l’%

(1.144)

Example 1.35: Assume £1,&,&3 are independent and positive uncertain
variables with regular uncertainty distributions @1, ®5, ®3, respectively. Then
the uncertainty distribution of &, /(&2 + &3) is

U(x) = sup Dy (1) A (1 — Do(22)) A(1 — P3(x3)), x>0 (1.145)

z1/(r2tx3)=2
whose inverse function is
U Ha) =07 a) /(P (1 —a) + @31 (1 - ), O<a<l  (1.146)
If &1, &5, &3 are respectively represented by
0.01]0.020.03|---10.99

I R o B e (1.147)
0.01]10.02|0.03|---10.99

1.148
(A
0.01 10.02]0.03|---1]0.99

1.149

then the 99 method yields that the uncertain variable & /(&2 + &3) is

0.01 0.02 0.99
w1 /(239 + xd9) | w3/ (x3s +adg) | -+ | 250/ (af + 27)

(1.150)

1.7 Expected Value

Expected value is the average value of uncertain variable in the sense of
uncertain measure, and represents the size of uncertain variable.

Definition 1.21 (Liu [127]) Let £ be an uncertain variable. Then the ex-
pected value of & is defined by

+oo

Bl = [ ol = rjar - /_ M{¢ < r}dr (1.151)

provided that at least one of the two integrals is finite.
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Theorem 1.32 Let & be an uncertain variable with uncertainty distribution
®. If the expected value exists, then

“+o0 0
El¢] = /0 (1—®(z))dx — [ O(x)dx. (1.152)

Proof: It follows from the definitions of expected value operator and uncer-
tainty distribution that

Bl = +®wu52rmf/omu55rwr
. o
= /0 (1—®(x))dx — /700 O(x)dzx.
See Figure 1.8. The theorem is proved.
O(x)
1

+o0o 0
Figure 1.8: Expected Value E[¢] = / (1—®(x))dx — / O(x)dx
0

—00

Theorem 1.33 Let £ be an uncertain variable with regular uncertainty dis-
tribution ®. If the expected value exists, then

1
E[¢] = /0 & a)da. (1.153)

Proof: It follows from the definitions of expected value operator and uncer-
tainty distribution that

+oo

Bl = M&zﬂw—[_M&Sﬂw

0
1 ®(0) 1
= / & a)da —|—/ O a)da = / o~ (a)da.
@(0) 0 0
See Figure 1.9. The theorem is proved.
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1
Figure 1.9: Expected Value E[¢] = / & Ha)da
0

Theorem 1.34 Let & be an uncertain variable with uncertainty distribution
®. If the expected value exists, then

“+oo
E[¢] = / xd®(x). (1.154)

Proof: Without loss of generality, we suppose that ® is regular. Otherwise,
we may give it a small perturbation such that it becomes regular. It follows
from Theorem 1.33 that

E[¢]) = /O & Ha)da.

Now write ®~!(a) = . Then we immediately have o = ®(x). The change
of variable of integral produces (1.154). The theorem is verified.

Example 1.36: Suppose that £ is a simple uncertain variable taking values
in {1,292, , &y} with 1 < 29 < -+- < x,,. That is, the uncertainty
distribution ® of £ is a step function jumping only at x1,xo, - , Ty, i.e.,

D(zg), ifz<m
O(xy), ifa <z<umo

(1), frm1 <z<zy,
D(zy,), ifx>an,.
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Note that ®(z¢) = 0 and ®(x,,) = 1. If 21 > 0, then the expected value is

E[¢] :/Ow 1dz + Z/Ml )d:c+/:00 0dzz

m

m—1

r14 > (1= () (@igr — 2:) +0

=1

Z xz 1))

If 2, <0, then the expected value is

E[{]:—/j de—Z/wM (s dx—L 1de

m

i=1

= Z(q)(xi) — O(z5-1));.

If there exists an index k such that xp < 0 < x4, then the expected value
is

E[g]—/owk“(l (2))dz + Z /LH :))dz

i=k-+1
—Z/ " dm—/ () dz
= X (1= D)+ Y (1= 0w (st — 22)
i=k+1

k—1

- Z (i) (Tiv1 — i) + TP (k)
i=1

- Z(fb(axi) — ®(zi1))z;

Thus we always have the expected value
BlE] = (D(xi) — D(wi1))7; (1.155)

where ®(x0) =0 and ®(x,,) = 1.
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Example 1.37: Let £ ~ L(a,b) be a linear uncertain variable. If a > 0,
then the expected value is

El¢) = (/Oaldx+/ab (1—:£_Z>dcv+/b+000dx> —/_OOOdez “;b.

If b <0, then the expected value is

+oo a b _ 0
E[f]:/ 0dz — (/ de+/ z adx+/ 1dx> :a—|—b.
0 —0o0 a b—a b 2

If @ < 0 < b, then the expected value is

b 0
T—a T—a a+b
Elf] = 1-— dz — dz = .
¢l /0 ( b-d) ! /a b—a” 2

Thus we always have the expected value

Elf] = a;rb- (1.156)

Example 1.38: The zigzag uncertain variable £ ~ Z(a, b, ¢) has an expected

value
a+2b+c¢

Bl = — (1.157)

Example 1.39: The normal uncertain variable £ ~ A (e, o) has an expected
value e, i.e.,

E[¢] =e. (1.158)

Example 1.40: If 0 < 7/4/3, then the lognormal uncertain variable & ~
LOGN (e, 0) has an expected value

E[¢] = V30 exp(e) cse(V30). (1.159)

Otherwise, E[¢] = +oc.

Linearity of Expected Value Operator

Theorem 1.35 Let & and n be independent uncertain variables with finite
expected values. Then for any real numbers a and b, we have

Ela& + bn] = aE[¢] + bE[n). (1.160)
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Proof: Without loss of generality, suppose that £ and 7 are independent un-
certain variables with regular uncertainty distributions ® and ¥, respectively.
Otherwise, we may give them a small perturbation such that the uncertainty
distributions are regular.

STEP 1: We first prove E[af] = aE[£]. If a = 0, then the equation holds
trivially. If @ > 0, then the uncertainty distribution Y of a§ is determined by
T a)=ad (a).

It follows from Theorem 1.33 that
1 1
Ela&] = / a® ! (a)da = a/ 1 (a)da = aE[¢].
0 0

If a < 0, then the uncertainty distribution Y of a& is determined by
T a)=a® '(1-a).

It follows from Theorem 1.33 that
1 1
Elag] = / a® (1 - a)da = a/ & Ha)da = aE[E].
0 0

Thus we always have E[a&] = aE[¢].
STEP 2: We prove E[{ + n] = E[{] + E[n]. The uncertainty distribution
T of the sum £ + 7 is described by
T a)=da)+ T (a).

It follows from Theorem 1.33 that
1 1 1
El¢+n]) = / T (a)da = / & a)da +/ U (a)da = E[¢] + En).
0 0 0

STEP 3: Finally, for any real numbers a and b, it follows from Steps 1
and 2 that
Elag + bn] = Ela] + E[bn] = aE[¢] + bE[n].

The theorem is proved.

Example 1.41: Generally speaking, the expected value operator is not
necessarily linear if £ and 7 are not independent. For example, take (I, £,M)
to be {’Y17727 ’73} with M{’yl} = 077 M{’YQ} = 037 M{’YS} = 027 M{’yla 72} =
0.8, M{v1,v3} = 0.7, M{~2,73} = 0.3. The uncertain variables are defined
by

17 lf’}/:’yl O, 1f’Y:’Yl
§i(y) = 0, ify=m2 &a(v) = 2, ify=rs
2, 1f’Y:73a 3, lf,y:’}/?)
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Note that £&; and & are not independent, and their sum is

1, ifvy=m
(G1+&) () =4 2, ify=m
5, if v = 3.

Thus E[&] = 0.9, E[¢2] = 0.8, and E[¢; + &) = 1.9. This fact implies that
E[& + &) > El&) + Elé].

If the uncertain variables are defined by

07 if7=71 07 if'y:fyl
my) =4 1, ify=%  m@H)=< 3, ify="7
2, if vy =13, 1, if v =ns3.
Then we have
0, lf’y:’yl
(m+m)(y) =9 4 ify=mn
3, ify=1s.

Thus E[n] = 0.5, E[nz] = 0.9, and E[n + n2] = 1.2. This fact implies that
Elm +n2] < Elm] + Elnz].

Expected Value of Function of Single Uncertain Variable

Let £ be an uncertain variable, and f : ® — R a function. Then the expected
value of f(&) is

+oo

E[f(©)]

0
M{F() > r}dr — [ M{F(E) < r}dr.

0

For random case, it has been proved that the expected value E[f ()] is the
Lebesgue-Stieltjes integral of f(x) with respect to the uncertainty distribution
® of € if the integral exists. However, generally speaking, it is not true for
uncertain case.

Example 1.42: We consider an uncertain variable £ whose first identification
function is given by

A) 0.3,
xTr) =
0.5,

Then the expected value E[¢?] = 0.5.
of £ is
0,
0.3,
0.5,
1

d(x)

)

if —1<z<0

Ho<z<l1.

However, the uncertainty distribution
ifx < —1

if —1<2<0

ifo<z<1

ifxz>1
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and the Lebesgue-Stieltjes integral

+oo
/ 22d®(z) = (=1)? x 0.3+ 0% x 0.2 + 1% x 0.5 = 0.8 # E[¢?].

— 00

Theorem 1.36 (Liu and Ha [138]) Let £ be an uncertain variable whose
uncertainty distribution ®. If f(x) is a strictly monotone function such that
the expected value E[f(£)] exists, then

“+oo

Blf(€)] = / f(2)dB(z). (1.161)

— 00

Proof: We first suppose that f(z) is a strictly increasing function. Then
f(€) has an uncertainty distribution ®(f~!(z)). It follows from the change
of variable of integral that

+oo +oo
B = [ ate(r )= [ fade),

If f(x) is a strictly decreasing function, then —f(z) is a strictly increasing
function. Hence

+oo +oo
E[f(€)] = —E[- /(&) = - / — f(a)dd(x) = / F(y)dB(y).

The theorem is verified.

Example 1.43: Let £ be a positive linear uncertain variable £(a,b). Then
its uncertainty distribution is ®(x) = (z — a)/(b — a). Thus

b 2 2
a® +b° +ab
El¢?] = / () =

Example 1.44: Let £ be a positive linear uncertain variable £(a,b). Then
its uncertainty distribution is ®(z) = (z — a)/(b — a). Thus

b — expla
Elexp(&)] =/ exp(z)d®(z) = %@p().

Theorem 1.37 (Liu and Ha [138]) Assume & is an uncertain variable with
reqular uncertainty distribution ®. If f(x) is a strictly monotone function
such that the expected value E[f(£)] exists, then

Elf(€)] = / (@1 (0))da. (1.162)
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Proof: Suppose that f is a strictly increasing function. It follows from
Theorem 1.25 that the uncertainty distribution of f(&) is described by

v a) = F(@(a)).

By using Theorem 1.33, the equation (1.162) is proved. When f is a strictly
decreasing function, it follows from Theorem 1.30 that the uncertainty dis-
tribution of f(§) is described by

T a) = F(@ (1 - a)).

By using Theorem 1.33 and the change of variable of integral, we get the
equation (1.162). The theorem is verified.

Example 1.45: Let £ be a nonnegative uncertain variable with regular
uncertainty distribution ®. Then

E[\/€ = /0 Vo 1(a)da. (1.163)

Example 1.46: Let £ be a positive uncertain variable with regular uncer-
tainty distribution ®. Then

E 1 /11 d /11 d (1.164)
—| = o = Q. .

3 o ®H(1-a) o ®7Ha)

Expected Value of Function of Multiple Uncertain Variables

Theorem 1.38 (Liu and Ha [138]) Assume &1,&a, - ,&, are independent
uncertain variables with reqular uncertainty distributions ®1, @, -+ , Dy, TE-
spectively. If f: R™ — R is a strictly monotone function, then the uncertain
variable £ = f(&1,&2, -+ ,&n) has an expected value

1
Ble)= [ £07 (.07 @) @ @hda (1163
provided that the expected value E[E] exists.

Proof: Suppose that f is a strictly increasing function. It follows from
Theorem 1.25 that the uncertainty distribution of £ has an inverse function

‘Il_l(a) = f((I)Il(a), @51(a), T 7(I)_l(a))‘

n

By using Theorem 1.33, we obtain (1.165). When f is a strictly decreasing
function, it follows from Theorem 1.30 that the uncertainty distribution of £
has an inverse function

UHa) = (e (1 -a), @5 (1 —a),-- 2, (1 - a)).

n
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By using Theorem 1.33 and the change of variable of integral, we obtain
(1.165). The theorem is proved.

Example 1.47: Let £ and n be independent and nonnegative uncertain
variables with regular uncertainty distributions ® and ¥, respectively. Then

1
El¢n] = /O O )T (a)da. (1.166)

Exercise 1.1. What is the expected value of an alternating monotone func-
tion of uncertain variables?

Exercise 1.2. Let ¢ and n be independent and positive uncertain variables
with regular uncertainty distributions ® and ¥, respectively. Prove

E m :/01 Mda. (1.167)

1.8 Variance

The variance of uncertain variable provides a measure of the spread of the
distribution around its expected value. A small value of variance indicates
that the uncertain variable is tightly concentrated around its expected value;
and a large value of variance indicates that the uncertain variable has a wide
spread around its expected value.

Definition 1.22 (Liu [127]) Let £ be an uncertain variable with finite ex-
pected value e. Then the variance of & is defined by V[£] = E[(€ — e)?].

Let £ be an uncertain variable with expected value e. If we only know its
uncertainty distribution ®, then the variance

+o0
VIl = ; M{(§ —e)* > r}dr
+oo

= [ Mz e+ VDU <e— vl

0

+00
gé(WQHﬁHWu%ﬁmT

+oo
:/ (1—®(e+ 1)+ P(e —/r))dr

0

+oo
:/ 2(r — €)(1— B(r) + B(2e — r))dr.
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For this case, we will stipulate that the variance is
+oo
Vgl = 2/ (r—e)(1—o(r)+ ®(2e —r))dr. (1.168)

Mention that this is a stipulation rather than a precise formula!

Example 1.48: It has been verified that the linear uncertain variable £ ~
L(a,b) has an expected value (a+b)/2. Note that the uncertainty distribution
is ®(z) = (xr —a)/(b—a) when a < z < b. It follows from the stipulation
(1.168) that the variance is

b 2
a+b r—a b—r (b—a)
Vgl =2 - 1—— dr = .
[ﬂ /(a+b)/2 (7“ 2 ) ( b—a + b—&) " 12

In fact, a precise conclusion is (b —a)?/24 < V[¢] < (b —a)?/12.

Example 1.49: It has been verified that the normal uncertain variable
& ~ N (e, o) has expected value e. It follows from the stipulation (1.168) that
the variance is

V[ = o> (1.169)

In fact, a precise conclusion is 02/2 < V[¢] < 2.

Theorem 1.39 If¢& is an uncertain variable with finite expected value, a and
b are real numbers, then V[a& + b] = a®>V[€].

Proof: It follows from the definition of variance that
V[ag +b] = E [(a€ +b — aE[¢] - b)*] = a*E[(¢ - E[¢])’] = a®V[¢].

Theorem 1.40 Let £ be an uncertain variable with expected value e. Then
V[E] =0 if and only if M{¢ =e} =1.
Proof: If V[¢] = 0, then E[(¢ — e)?] = 0. Note that

+o00

Bl¢-e)?’] = M{(&—e)? = rydr
0

which implies M{(¢ —e)? > r} = 0 for any r > 0. Hence we have
M{(§ —e)* =0} =1.
That is, M{{ = e} = 1. Conversely, if M{¢ = e} = 1, then we have M{({ —
e)? =0} =1and M{({ —e)? > r} =0 for any r > 0. Thus
+o0
Vg = M{(£ —e)* >r}dr=0.
0

The theorem is proved.
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Maximum Variance Theorem

Let £ be an uncertain variable that takes values in [a, b], but whose uncer-
tainty distribution is otherwise arbitrary. If its expected value is given, what
is the possible maximum variance? The maximum variance theorem will an-
swer this question, thus playing an important role in treating games against
nature.

Theorem 1.41 Let f be a convex function on [a,b], and & an uncertain
variable that takes values in [a,b] and has expected value e. Then

b—e e—a

BIF(€)] < ;= fla) + 52 f(b). (1.170)
Proof: For each v € T', we have a < £(v) < b and

b—&(y) | €M) —a,

§0) == et

—a

It follows from the convexity of f that

reen < 1o piay 4 S g

Taking expected values on both sides, we obtain the inequality.

Theorem 1.42 (Maximum Variance Theorem) Let £ be an uncertain vari-
able that takes values in [a,b] and has expected value e. Then

Vgl < (e—a)(b—e) (1.171)
and equality holds if the uncertain variable £ is determined by

b—e

e ifr=a

M{¢=2a} = (1.172)
e—a .
— ifx =0.

Proof: It follows from Theorem 1.41 immediately by defining f(z) = (x—e)?.
Tt is also easy to verify that the uncertain variable determined by (1.172) has
variance (e — a)(b — e). The theorem is proved.

1.9 Moments

Definition 1.23 (Liu [127]) Let £ be an uncertain variable. Then for any
positive integer k,

(a) the expected value E[fk} is called the kth moment;

(b) the expected value E[|£|F] is called the kth absolute moment;

(c) the expected value E[(§ — E[¢ ]) | is called the kth central moment;

(d) the expected value E||¢ — E[¢]|¥] is called the kth absolute central moment.
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Note that the first central moment is always 0, the first moment is just
the expected value, and the second central moment is just the variance.

Theorem 1.43 Let £ be a nonnegative uncertain variable, and k a positive
number. Then the k-th moment

+o0
El" = k/ rE=IM{E > r}dr. (1.173)
0
Proof: It follows from the nonnegativity of £ that

E[e*] = / M{cF > z}dx = / M{¢ > r}drF = k/ rE=IM{E > r}dr.
0 0 0
The theorem is proved.

Theorem 1.44 Let £ be an uncertain variable, and t a positive number. If
E[|€]"] < oo, then
lim x'M{|¢| > 2} = 0. (1.174)
Tr—00

Conversely, if (1.174) holds for some positive number t, then E|[|€]|®] < oo for
any 0 < s <t.

Proof: It follows from the definition of expected value operator that

+oo
E[¢]'] = ; M{|¢[* > r}dr < oo.

Thus we have
—+oo

lim M{[¢]F > r}dr = 0.
=00 [t /9

The equation (1.174) is proved by the following relation,

+oo zt
1
MUl 2 rhdr = [ (el 2 r)dr > SatM{le] 2 o)
zt/2 xt)2 2
Conversely, if (1.174) holds, then there exists a number a > 0 such that
r'M{|¢| > 2} <1, Vx> a.

Thus we have
+oo

E[el] = / M{El* > rhdr+ [ M{jgl > rydr
a +oo
:/ M{E]* > r}dr+/ s I > r)dr
0 a
a —+o0
< M s > d s—t—ld
_/0 {I&1° > r} r—l—s/a r r

+o00
< +o0. (by/ rPdr < oo for any p < —1)
a
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The theorem is proved.

Theorem 1.45 Let £ be an uncertain variable that takes values in [a,b] and
has expected value e. Then for any positive integer k, the kth absolute moment
and kth absolute central moment satisfy the following inequalities,

—e e—a
E[l€]F < b |k 1.1
I€1F) < 7—lal* + z—bl", (1.175)

b—e e—a
—_elF < _ Nk \k
E[l¢ el}_b—a(e a) +b—a<b e)". (1.176)

Proof: It follows from Theorem 1.41 immediately by defining f(z) = ||
and f(z) = |z — e|".

1.10 Critical Values

In order to rank uncertain variables, we may use two critical values: opti-
mistic value and pessimistic value.

Definition 1.24 (Liu [127]) Let £ be an uncertain variable, and o € (0, 1].
Then

&oup(@) =sup {r | M{¢ =7} > o} (1.177)
1s called the a-optimistic value to &, and

ine(a) = inf {r | M{{ <7} > a} (1.178)
1s called the a-pessimistic value to &.

This means that the uncertain variable ¢ will reach upwards of the a-
optimistic value &up(a) with uncertain measure «, and will be below the
a-pessimistic value &ue() with uncertain measure a.

Theorem 1.46 Let & be an uncertain variable with regular uncertainty dis-
tribution ®. Then its a-optimistic value and a-pessimistic value are

fsup(a) = (I)_l(l - Oé), (1.179)
Sint(a) = 27 (a). (1.180)

Proof: It follows from the definition of a-optimistic value and a-pessimistic
value immediately.

Example 1.50: Let £ be a linear uncertain variable £(a,b). Then its a-
optimistic and a-pessimistic values are

Esup(a) = aa + (1 — a)b,
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0 gsup.(a) éinf.(a)

Figure 1.10: Optimistic Value and Pessimistic Value

Eint(@) = (1 — a)a + ab.
Example 1.51: Let £ be a zigzag uncertain variable Z(a,b,c). Then its
a-optimistic and a-pessimistic values are

2ab + (1 — 2a)e, if o <0.5
gsup(a) = .
(20 — Da+ (2 —2a)b, if a > 0.5,

fur(a) = (1—-2a)a+ 2ab, ifaw<0.5
e (2—-2a)b+ (2a—1)¢, if a>0.5.

Example 1.52: Let ¢ be a normal uncertain variable AN (e,o). Then its
a-optimistic and a-pessimistic values are

Example 1.53: Let ¢ be a lognormal uncertain variable LOGN (e, o). Then
its a-optimistic and a-pessimistic values are

11—«

)

Equp (@) = exp(e) ( )\/30/7T

«

(0%

furla) = exo) )%hﬁ.

l—«

Theorem 1.47 Let £ be an uncertain variable, and « € (0,1]. Then for any
positive number €, we have

M{E < urla) +2} =, M{E 2 Gupla) — ¢} > (1181)
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Proof: It follows from the definition of a-pessimistic value that there exists
a decreasing sequence {z;} such that M{{ < z;} > o« and x; | &ne(a) as
i — 00. Thus for any positive number ¢, there exists an index ¢ such that
2; < &ne(a) + €. Hence

M{E < &ins(a) + e} > M{E < a3} > o

Similarly, there exists an increasing sequence {z;} such that M{¢ > z;} > «
and x; T up(a) as @ — oo. Thus for any positive number ¢, there exists an
index ¢ such that x; > &gup(a) — . Hence

M{f > gsup(a) - 5} > M{g > 1'1} > a.
The theorem is proved.

Theorem 1.48 Let & be an uncertain variable, and « € (0, 1]. Then we have
(a) &nt(@) is an increasing and left-continuous function of «;
(b) &sup(r) is a decreasing and left-continuous function of .

Proof: (a) Let oy and as be two numbers with 0 < a; < ag < 1. Then for
any number 7 < &gp(a2), we have

M{fZT}ZOéQ>Oq.

Thus, by the definition of optimistic value, we obtain &sup(a1) > &euplaa).
That is, the value &up(a) is a decreasing function of «. Next, we prove the
left-continuity of &u¢(a) with respect to a. Let {«;} be an arbitrary sequence
of positive numbers such that o; T a. Then {&n(a;)} is an increasing se-
quence. If the limitation is equal to &, ¢(ar), then the left-continuity is proved.
Otherwise, there exists a number z* such that

lim &ne(ay) < 2* < &Eine(a@).

Thus M{¢ < 2*} > «; for each i. Letting i — oo, we get M{& < z*} > a.
Hence z* > &ue(a). A contradiction proves the left-continuity of &,¢(«r) with
respect to . The part (b) may be proved similarly.

Theorem 1.49 Let & be an uncertain variable, and o € (0,1]. Then we have
(a) if &> 0.5, then &inr(a) > Eup(@);
(b) if a < 0.5, then &ing(ar) < &supl(a).

Proof: Part (a): Write £(a) = (int(a) + Esup())/2. If &np(a) < Eaupla),
then we have

I>M{E<&@)+M{E> ()} >a+a>1.

A contradiction proves &ins(a) > Eup(a). Part (b): Assume that &iue(a) >
Eup(a). It follows from the definition of &ne(ar) that M{{ < &(a)} < .



56 CHAPTER 1 - UNCERTAINTY THEORY

Similarly, it follows from the definition of &g,p() that M{¢ > £(a)} < a.
Thus

L<M{E < &)} +M{E>E(a)} <at+a<l

A contradiction proves &ing(@) < &eup(). The theorem is verified.

Theorem 1.50 Let £ be an uncertain variable, and o € (0,1]. Then we have
(a) if ¢ >0, then (c€)sup(a) = csup(@) and (c€)int() = cint(a);
(b) if ¢ <0, then (c&)sup(®) = cint(a) and (c€)int(a) = cEsup(v).

Proof: (a) If ¢ = 0, then the part (a) is obvious. In the case of ¢ > 0, we
have

(c€)sup(a) = sup{r | M{c€ > 1} > a}
= csup{r/c | M{{ > r/c} > a}
= csup ().

A similar way may prove (¢€)int(a) = c&ing(). In order to prove the part (b),

it suffices to prove that (—§)sup(®) = —&nf(a) and (—&)inf(®) = —Esup ().
In fact, we have

(_g)s\m(a) = sup{r { M{—f > T} > a}
=—inf{—r | M{{ < —r} > a}
= _finf(a)'

Similarly, we may prove that (—¢)int(a) = —&sup(a). The theorem is proved.

Theorem 1.51 Suppose that & and i are independent uncertain variables,
and o € (0,1]. Then we have

&+ 77)sup (o) = gsup(a) + nsup(a)a (& + Mint (@) = &int (@) + Nint (@),
(f \ n)sup(a) = fsup (O‘) \% nsup(a)a (5 \ W)inf(a) = ginf(a) \% ninf(a)a
(€ A Msup(@) = Esup (@) A nsup(@),  (§ AN)int (@) = &ine (@) A Ding ().

Proof: For any given number € > 0, since £ and 7 are independent uncertain
variables, we have

M{§ +n = 5sup(04) + nsup(a) - 5}
> M{( > Esup(@) — e/2)N(n > Nsup (@) — /2)}
= M{£ > &upla) — /2 AM{n > neup(a) —€/2} > a

which implies
(€ +Msup(@) > Esup(@) + Nsup (@) — €. (1.182)
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On the other hand, by the independence, we have

M{E + 1 > Esup(a) + Nsup(@) + €}
MA(§ > Esup(@) +€/2) U (n > nup(a) +¢/2)}
= M{€ = &up(@) +/2} VIM{n = neup (@) +¢/2} <

which implies

IN

(€ + Msup (@) < Esup (@) + Nsup (@) +&. (1.183)
It follows from (1.182) and (1.183) that
gsup(a) + nsup(a) +e> (£ + n)sup(a) > gsup(a) + nsup(a) —E&.
Letting ¢ — 0, we obtain (§ + 7)sup(@) = &sup(®) + Nsup(@). The other

equalities may be proved similarly.

Example 1.54: The independence condition cannot be removed in Theo-
rem 1.51. For example, let T' = {v1,7%2}, M{11} = M{y2} = 1/2, and let
uncertain variables & and 1 be defined as

0, ify=m 1, ifyvy=m

However, (€ + 10)sup(0.6) = 1 # 0 = &up(0.6) + Nsup (0.6).

Theorem 1.52 (Zuo [255]) Let 1,82, -+ , &, be independent uncertain vari-
ables with reqular uncertainty distributions. If f : ®" — R is a continuous
and strictly increasing function, then & = f(&1,&2,--+,&,) is an uncertain
variable, and

fsup(a) = f(& Sup(a)a &2 sup(a)v e ;gnsup(o‘))a (1'184)
$int(a) = f(§rine(@), Eaint (@), - -+, Enint(@)). (1.185)

Proof: Since f is a strictly increasing function, it follows from Theorem 1.25
that the uncertainty distribution ¥ of £ is determined by

U a) = f(@1(a), @3 (a), -, 01 (@)

n

where @1, ®o, -, P, are uncertainty distributions of &£1,&, - ,&,, respec-
tively. By using Theorem 1.46, we get (1.184) and (1.185). The theorem is
proved.

Example 1.55: Let £ and n be independent and positive uncertain vari-
ables with regular uncertainty distributions. Since f(x,y) = zy is a strictly
increasing function when = > 0 and y > 0, we immediately have

(gn)sup(a) = gsup (a)nsup(a); (é.n)inf(a) - ginf(a)ninf(a) (1186)

by using Theorem 1.52.
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Theorem 1.53 (Zuo [255]) Let 1,82, -+ , &, be independent uncertain vari-
ables with reqular uncertainty distributions. If f is a continuous and strictly
decreasing function, then

éSup(o‘) = f(fl inf(a)7£21nf(a)v T 7£ninf(a))7 (1187)
Eint (@) = f(§1sup(@), E2sup(@), -+, Ensup(@)). (1.188)

Proof: Since f is a strictly decreasing function, it follows from Theorem 1.30
that the uncertainty distribution ¥ of £ is determined by

U a) = f(@71 (1 —a), 23 (1 —a),, @ (1~ a)).
By using Theorem 1.46, we get (1.187) and (1.188). The theorem is proved.

Exercise 1.3. What are the critical values to an alternating monotone
function of uncertain variables?

Exercise 1.4. Let ¢ and 1 be independent and positive uncertain variables
with regular uncertainty distributions. Prove

(€>Sup(a) o (€>mf(a> — Surle). (1.189)

n Nint () 7 n nsup(a)

1.11  Entropy

This section provides a definition of entropy to characterize the uncertainty
of uncertain variables resulting from information deficiency.

Definition 1.25 (Liu [130]) Suppose that & is an uncertain variable with
uncertainty distribution ®. Then its entropy is defined by

+o0
HMz/‘ S(®(x))dz (1.190)

— 00

where S(t) = —tlnt — (1 —¢)In(1 — ¢).

Example 1.56: Let £ be an uncertain variable with uncertainty distribution

0, fz<a
P = 1.191
() { 1, ifz>a (1.191)

Essentially, £ is a constant a. It follows from the definition of entropy that

a +0o0
H[§]:—/ (01n0+1ln1)dx—/ (I1lIn1+0In0)dz =0.

— 00
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t

0 0.5 1

Figure 1.11: Function S(¢f) = —tInt — (1 — ¢)In(1 — ¢). It is easy to verify
that S(t) is a symmetric function about ¢ = 0.5, strictly increases on the in-
terval [0, 0.5], strictly decreases on the interval [0.5, 1], and reaches its unique
maximum In2 at ¢t = 0.5.

This means a constant has no uncertainty.

Example 1.57: Let £ be an uncertain variable on [a,b] with uncertainty
distribution

0, ifz<a
P(z)=1< 05, fa<z<d (1.192)
1, ifx>hb

It follows from the definition of entropy that

b

H[¢) = —/ (0.5In0.54+ (1 —0.5)In(1 - 0.5))dz = (b —a)In2.
Example 1.58: Let & be a linear uncertain variable £(a, b). Then its entropy
is

b
r—a, x—a b—xz b—=zx b—a
H[¢] = - 1 1 de = ——. 1.1
<] /a (b—anb—a+b—anb—a> v 2 (1.193)

Example 1.59: Let ¢ be a zigzag uncertain variable Z(a,b,c). Then its
entropy is

HM=C;Q (1.194)

Example 1.60: Let ¢ be a normal uncertain variable A (e,o). Then its
entropy is
(1.195)
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Theorem 1.54 Let & be an uncertain variable. Then H[] > 0 and equality
holds if € is essentially a constant.

Proof: The positivity is clear. In addition, when an uncertain variable tends
to a constant, its entropy tends to the minimum 0.

Theorem 1.55 Let & be an uncertain variable taking values on the interval
[a,b]. Then
H[(<(b—a)ln2 (1.196)

and equality holds if & has an uncertainty distribution (1.192).

Proof: The theorem follows from the fact that the function S(¢) reaches its
maximum In2 at ¢t = 0.5.

Theorem 1.56 Let £ be an uncertain variable, and let ¢ be a real number.
Then

HIE +d = HIE). (1.197)

That is, the entropy is invariant under arbitrary translations.

Proof: Write the uncertainty distribution of £ by ®. Then the uncertain
variable £ 4 ¢ has an uncertainty distribution ®(z — ¢). It follows from the
definition of entropy that

+oo
H[§+c]=/ S(@(x—c))dxz/ S(®(x))dz = HIE].

— 00 — 00

The theorem is proved.

Theorem 1.57 (Dai and Chen [24]) Let & be an uncertain variable with
regular uncertainty distribution ®. Then

H[g]:/o o~ (a) In 5 a

da. (1.198)

Proof: It is clear that S(«) is a derivable function with S’(a) = —Ina/(1 —
a). Since

P(z) 1
S(®(x)) = /O S'(a)da = — A _ Saya,

H¢) = /+OO S(®(z))dx = /OOO /0‘1’(93) S'(a)dadz — /O+OO 1 S'(a)dadz.

P(x)
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It follows from Fubini theorem that

®(0) 0 1 1 ()
HI¢] :/ / S’(a)dxda—/ / S'(a)dxda
0 =1 (a) ®(0) Jo

o(0) 1
= —/ & a)S (a)da —/ & a)S (a)da
0

®(0)

do.

:_/Olq)—l(a)sl(a)da:/()lq)—l(a)ln1a

—«
The theorem is verified.

Theorem 1.58 (Dai and Chen [24]) Let & and n be independent uncertain
variables. Then for any real numbers a and b, we have

Hlag + bn] = |a|H[E] + |b|H n]. (1.199)

Proof: Without loss of generality, we suppose that £ and n have regular
uncertainty distributions ® and ¥, respectively. Otherwise, we may give
them a small perturbation such that the uncertainty distributions are regular.

STEP 1: We prove H[af] = |a|H[¢]. If a > 0, then the uncertainty
distribution Y of a& is determined by

T a)=ad (a).
It follows from Theorem 1.57 that

«

1 1
H[af]z/o a@‘l(a)lnla da:a/o <I>_1(a)1n1

— —da = |al HIE].

If a« = 0, we immediately have H[a¢] = 0 = |a|H[]. If a < 0, then the
uncertainty distribution T of af is determined by

T a)=a® ' (1-a).
It follows from Theorem 1.57 that

(0% (0%

Hlag] :/O 0@ (1~ )~ —da :(—a)/o @ (0) In ——do = ] H¢]

-« -«
Thus we always have H[a&] = |a|HI[E].

STEP 2: We prove H[¢ + 1] = H[{] + H[n]. Note that the uncertainty
distribution T of £ 4+ 7 is determined by

T a)=d Ha)+ T (a).
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It follows from Theorem 1.57 that

da = HI¢] + Hn).

it = [ (@7 (@) + 0 (@)

STEP 3: Finally, for any real numbers a and b, it follows from Steps 1
and 2 that

Hla& +bn] = Hla] + H[bn] = |a|H[¢] + [b|H [n].

The theorem is proved.

Entropy of Function of Uncertain Variables

Theorem 1.59 (Dai and Chen [24]) Let &1,&a, - - , &, be independent uncer-
tain variables with regular uncertainty distributions ®q,®s, -+ , D, respec-
tively. If f : R™ — R is a strictly increasing function, then the uncertain
variable £ = f(&1,&2,- -+ ,&€n) has an entropy

1 @

i = [ @7} @).05 (@), 27 (@) n

da. (1.200)

Proof: Since f is a strictly increasing function, it follows from Theorem 1.25
that the uncertainty distribution ¥ of £ is determined by

Ul a) = f(@7 1 (a), @5 (@), -+, @ ().

By using Theorem 1.57, we get (1.200). The theorem is thus verified.

Exercise 1.5. Let £ and 1 be independent and nonnegative uncertain vari-
ables with regular uncertainty distributions ® and W, respectively. Then

«

da. (1.201)

e = [ 7@ v (o) n

Theorem 1.60 (Dai and Chen [24]) Let &1,&a, - - , &, be independent uncer-
tain variables with regular uncertainty distributions ®1, s, -+ D, Tespec-
tively. If f is a strictly decreasing function, then

11—«

H[§]=/O f(@7a), 25 (a), -, 2, () In da. (1.202)

Proof: Since f is a strictly decreasing function, it follows from Theorem 1.30
that the uncertainty distribution ¥ of £ is determined by

U Ha) = f(@7' (1 - ), 2y (1—a),, 2, (1 - a)).

By using Theorem 1.57, we get (1.202). The theorem is thus verified.
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Exercise 1.6. What is the entropy of an alternating monotone function of
uncertain variables?

Exercise 1.7. Let £ and n be independent and positive uncertain variables
with regular uncertainty distributions ® and W, respectively. Prove

H m :/01 \I;(I)l(i(c_y)a) I+ da. (1.203)

Maximum Entropy Principle

Given some constraints, for example, expected value and variance, there are
usually multiple compatible uncertainty distributions. Which uncertainty
distribution shall we take? The mazimum entropy principle attempts to
select the uncertainty distribution that maximizes the value of entropy and
satisfies the prescribed constraints.

Theorem 1.61 (Chen and Dai [19]) Let € be an uncertain variable whose
uncertainty distribution is arbitrary but the expected value e and variance o2.
Then

o

V3

and the equality holds if £ is a normal uncertain variable N (e, o).

HI < (1.204)

Proof: Let ®(x) be the uncertainty distribution of ¢ and write ¥(z) =
®(2e — x) for z > e. It follows from the stipulation (1.168) that the variance
is

400 400
Vgl = 2/ (x —e)(1—@(z))dz + 2/ (z —e)¥(z)dr = 2.
Thus there exists a real number s such that

+oo
2/ (z —e)(1 — ®(z))dz = Ko?,

+oo
2/ (x —e)¥(z)dx = (1 — K)o?.

The maximum entropy distribution ® should maximize the entropy

+o00o +oo +o0
Hg = / S(®(x))da = / S(®(x))dz + / S(W(x))de

— o0
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subject to the above two constraints. The Lagrangian is

+oo +oo
L:/ S(fb(x))dz—i-/ S(W())dx

—a (2 /:_OO(J: — )1 — ®())dx - m2>

—f (2 /:OC(x —e)¥(x)dx — (1 — /i)o2> )

The maximum entropy distribution meets Euler-Lagrange equations
In®(x) —In(l — ®(x)) = 2a(x —e),
In¥(z)—In(1 —¥(z)) =208(e — x).
Thus ® and ¥ have the forms
B(x) = (1 + exp(2ale — 2))) "\,

U(z) = (1+exp(26(z —¢))) "

Substituting them into the variance constraints, we get

ot = (1 o (F=2))
U(z) = (1 +exp <m>>_l .

Then the entropy is
wo\K n mov1l—k
V6 V6

which achieves the maximum when x = 1/2. Thus the maximum entropy
distribution is just the normal uncertainty distribution N (e, o).

H[¢] =

1.12 Distance

Definition 1.26 (Liu [127]) The distance between uncertain variables & and
n is defined as

d(&n) = E[|§ —nll. (1.205)

Theorem 1.62 Let £,n,7 be uncertain variables, and let d(-,-) be the dis-
tance. Then we have

(a) (Nonnegativity) d(&,n) > 0;

(b) (Identification) d(&,m) =0 if and only if € = n;

(¢) (Symmetry) d(§,n) = d(n,§);

(d) (Triangle Inequality) d(&,n) < 2d(&,T) + 2d(n, 7).
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Proof: The parts (a), (b) and (c) follow immediately from the definition.
Now we prove the part (d). It follows from the countable subadditivity axiom
that

+oo
di&m) = | M =nl 2 r}dr
+oo
= MAE =7l + |7 —nl = r}dr
0
+oo
< MAE =7l =r/2) V(|7 —nl = 7/2)}dr

0+oo
s/ (M{lE — 7] > /2} + M{|7 — | > r/2}) dr
0

= 2E[|§ = 7[] + 2E[|7 — n[] = 2d(&, 7) + 2d(7,n).

Example 1.61: Let I' = {v,72,73}. Define M{0#} = 0, M{T'} = 1 and
M{A} = 1/2 for any subset A (excluding () and I"). We set uncertain variables
&, n and 7 as follows,

1a 1f7:’71 07 1f’Y:’Yl
£ =9 1 ify=mv n)=¢ -1, ify=r% 7(y)=0.
0, 1f7:737 -1, 1f7:737

It is easy to verify that d(&,7) = d(r,n) = 1/2 and d(&,n) = 3/2. Thus

3
A conjecture is d(&,m) < 1.5(d(&, 7)+d(7,n)) for arbitrary uncertain variables
&, nand 7. This is an open problem.
1.13 Inequalities

Theorem 1.63 (Liu [127]) Let £ be an uncertain variable, and f a non-
negative function. If f is even and increasing on [0,00), then for any given
number t > 0, we have

Mgl > 1y < VO] (1.206)
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Proof: It is clear that M{|¢| > f~!(r)} is a monotone decreasing function
of r on [0,00). It follows from the nonnegativity of f(§) that

+oo +oo

E[f(€)] = ; M{f(&) = ridr = ; M{¢l = 1 (r)ydr
f(t) f(t)
> [ wlel > s> [ ar v > 1)
= f(t) - M{[¢| = t}
which proves the inequality.

Theorem 1.64 (Liu [127], Markov Inequality) Let & be an uncertain vari-
able. Then for any given numberst > 0 and p > 0, we have
Efl¢"]

Mgl =1} < — 57— (1.207)

Proof: It is a special case of Theorem 1.63 when f(z) = |z|P.

Example 1.62: For any given positive number ¢, we define an uncertain
variable as follows,

) 0 with uncertain measure 1/2
| t with uncertain measure 1 /2.
Then E[¢P] = tP/2 and M{{ > t} = 1/2 = E[£P]/tP.
Theorem 1.65 (Liu [127], Chebyshev Inequality) Let & be an uncertain vari-

able whose variance V€] exists. Then for any given number t > 0, we have

M{le - Eld]| > ¢} < L& (1.208)

2

Proof: It is a special case of Theorem 1.63 when the uncertain variable £ is
replaced with &€ — E[¢], and f(x) = 2.

Example 1.63: For any given positive number ¢, we define an uncertain
variable as follows,

¢ = —t with uncertain measure 1/2
| t with uncertain measure 1/2.
Then V[¢] =t and M{|¢ — E[§]| > t} =1 = V[¢]/t%

Theorem 1.66 (Liu [127], Holder’s Inequality) Let p and q be positive num-
bers with 1/p+1/q = 1, and let & and n be independent uncertain variables
with E[|£P] < oo and E[n]?] < co. Then we have

Ellgnl) < S/ E[EPI/ Ellnle). (1.209)
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Proof: The inequality holds trivially if at least one of £ and 7 is zero a.s.
Now we assume FE[[¢|P] > 0 and E[|n|?] > 0. It is easy to prove that the
function f(z,y) = ¢y is a concave function on {(z,y) : z > 0,y > 0}.
Thus for any point (xg,yo) with g > 0 and yo > 0, there exist two real
numbers a and b such that

f(x7y)_f(m07y0>ga(x_x0)+b(y_y0)7 V$2071/20
Letting zo = E[|¢|P], yo = E[n|?], x = |¢|P and y = |n|?, we have
FAUEP, [n") — FE[EP] E[nl]) < a(l€” — E[I€P]) + b(|In]* — E[In|?]).
Taking the expected values on both sides, we obtain
EIf(EP, InlD)] < FE[IEF], Eln]7]).
Hence the inequality (1.209) holds.

Theorem 1.67 (Liu [127], Minkowski Inequality) Let p be a real number
with p > 1, and let & and n be independent uncertain variables with E[|[P] <
oo and E[nP] < co. Then we have

ElE +nlP] < {/ElIEP] + K/ Ellnl]. (1.210)

Proof: The inequality holds trivially if at least one of £ and 7 is zero a.s. Now
we assume E[[¢|P] > 0 and E|[|n[?] > 0. It is easy to prove that the function
f(z,y) = (¢ + ¢y)? is a concave function on {(x,y) : x > 0,y > 0}. Thus
for any point (xg,yo) with 2o > 0 and yo > 0, there exist two real numbers
a and b such that

f(xay)_f(ffo,yo)Sa($_$0)+b(y—yo)a szovyzo
Letting xo = E[|£|P], yo = E[nf?], z = |£|P and y = |n|?, we have
FUEP, ) = FEEP], E[nP]) < a(l€]P — E[IE[FT) + b(Inl” — E[[n|"]).
Taking the expected values on both sides, we obtain
EIf (€7, nlP)] < fF(E[IEPL, EllnlF]).
Hence the inequality (1.210) holds.

Theorem 1.68 (Liu [127], Jensen’s Inequality) Let & be an uncertain vari-
able, and f : R — R a convex function. If E[¢] and E[f(§)] are finite, then

f(E[E]) < E[f(8)]- (1.211)

Especially, when f(x) = |z|P and p > 1, we have |E[€]|P < E[|£[P].
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Proof: Since f is a convex function, for each y, there exists a number k such
that f(z)— f(y) > k- (x —y). Replacing « with £ and y with F[], we obtain

f(&) — F(E[E]) = k- (& — E[¢]).

Taking the expected values on both sides, we have

E[f()] - f(E]]) = k- (E[¢] - E[¢]) =0
which proves the inequality.
1.14 Convergence Concepts
We have the following four convergence concepts of uncertain sequence: con-

vergence almost surely (a.s.), convergence in measure, convergence in mean,
and convergence in distribution.

Table 1.1: Relationship among Convergence Concepts

Convergence Convergence Convergence
=

in Mean in Measure in Distribution

Definition 1.27 (Liu [127]) Suppose that £,&1,&2, -+ are uncertain vari-
ables defined on the uncertainty space (T',L,M). The sequence {&;} is said
to be convergent a.s. to & if there exists an event A with M{A} =1 such that

lim [£(7) ~ £(7)] =0 (1.212)
for every v € A. In that case we write & — &, a.s.

Definition 1.28 (Liu [127]) Suppose that £,&1,&a,--+ are uncertain vari-
ables. We say that the sequence {§;} converges in measure to & if

lim M{|§ —¢| >} =0 (1.213)
for every e > 0.

Definition 1.29 (Liu [127]) Suppose that £,&1,&2,--+ are uncertain vari-
ables with finite expected values. We say that the sequence {&;} converges in
mean to & if

lim E[|& —&|] = 0. (1.214)
In addition, the sequence {&;} is said to converge in mean square to & if
lim E[|¢& —¢)*] =0. (1.215)

Definition 1.30 (Liu [127]) Suppose that ®, D1, Py, - are the uncertainty
distributions of uncertain variables £,&1,&2,- -+, respectively. We say that
{&} converges in distribution to £ if ®; — ® at any continuity point of .
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Convergence in Mean vs. Convergence in Measure

Theorem 1.31 (Liu [127]) Suppose that &, &1, &a, - -+ are uncertain variables.
If {&} converges in mean to &, then {&} converges in measure to &.

Proof: It follows from the Markov inequality that for any given number
e > 0, we have
E[l& — £]]

Mile - € 2 e} < 2= g

as ¢ — oo. Thus {} converges in measure to {. The theorem is proved.

Example 1.64: Convergence in measure does not imply convergence in
mean. Take an uncertainty space (I, L, M) to be {y1,72,---} with

sup 1/1, if sup1/i <0.5

Yi€EA YiEA
M{A}=<¢ 1—sup1/i, if sup 1/i <0.5
Vi gA Vi gA
0.5, otherwise.

The uncertain variables are defined by

i, ifj=1
fmj)z{’ /

0, otherwise

fori=1,2,--- and £ = 0. For some small number ¢ > 0, we have
1
M{\&»—il26}=M{|&—§|26}=;—>0~

That is, the sequence {¢;} converges in measure to £&. However, for each i,
we have

Ell& - ¢l = 1.

That is, the sequence {&;} does not converge in mean to &.

Convergence in Measure vs. Convergence in Distribution

Theorem 1.32 (Liu [127]) Suppose &,&1,&2,- -+ are uncertain variables. If
{&:} converges in measure to £, then {&;} converges in distribution to &.

Proof: Let = be a given continuity point of the uncertainty distribution ®.
On the one hand, for any y > x, we have

{G<at={&<a{<ytu{&G <o >yt c{{<ytu{ls —& >y -z}
It follows from the countable subadditivity axiom that

D(x) < @(y) + M{l& — & >y —x}-



70 CHAPTER 1 - UNCERTAINTY THEORY

Since {;} converges in measure to &, we have M{|¢; — &| > y —x} — 0 as
i — o0o. Thus we obtain limsup,_, . ®;(x) < ®(y) for any y > x. Letting
y — x, we get

limsup ®;(z) < ®(x). (1.216)

On the other hand, for any z < z, we have
<2 ={G <z {<u{&i>a<2} C{&G<atU{lG—§l>2— 2}
which implies that
O(2) < i(x) + M{|&; — €| = 2 — 2}

Since M{|¢; — &| > © — 2z} — 0, we obtain ®(z) < liminf,; . P;(x) for any
z < x. Letting z — x, we get

®(z) < liminf ®;(x). (1.217)

11— 00

It follows from (1.216) and (1.217) that ®;(z) — ®(z). The theorem is
proved.

Example 1.65: Convergence in distribution does not imply convergence in
measure. Take an uncertainty space (I', L, M) to be {v1,v2} with M{v,} =
M{~2} = 1/2. We define an uncertain variables as

713 lf'y:’h
E(v) = .
1, ify=ns.

We also define &; = —¢ for ¢ = 1,2,--- Then &; and £ have the same chance
distribution. Thus {{;} converges in distribution to £. However, for some
small number € > 0, we have

M{&G — &l > et =M{|& —§| >} =1

That is, the sequence {¢;} does not converge in measure to &.
Convergence Almost Surely vs. Convergence in Measure

Example 1.66: Convergence a.s. does not imply convergence in measure.
Take an uncertainty space (I', L, M) to be {v1,72,- - } with

sup ¢/(2i +1), if supi/(2i+1)<0.5

Yi €A Yi€EA
M{A}=<¢ 1—supi/(2i+1), if supi/(2i+1)<0.5
Vi gA YigA

0.5, otherwise.
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Then we define uncertain variables as

i
&(w){’ ha

0, otherwise

fori=1,2,--- and £ = 0. The sequence {} converges a.s. to £&. However,
for some small number £ > 0, we have

1

M{& — €l = e} =M{lg — €| 2 e} = g — 5

That is, the sequence {¢;} does not converge in measure to .

Example 1.67: Convergence in measure does not imply convergence a.s.
Take an uncertainty space (I',L,M) to be [0,1] with Borel algebra and
Lebesgue measure. For any positive integer ¢, there is an integer j such
that i = 27 + k, where k is an integer between 0 and 27/ — 1. Then we define
uncertain variables as

1, ifk/29 <y <(k+1)/27
&i(y) = .
0, otherwise

fori=1,2,--- and £ = 0. For some small number ¢ > 0, we have

{6~ €] 2 €} =M{J& — € 2 €} = 5 =0

as i — o0o. That is, the sequence {;} converges in measure to £. However, for
any v € [0,1], there is an infinite number of intervals of the form [k/27, (k +
1)/27] containing . Thus &;(7) does not converge to 0. In other words, the
sequence {&;} does not converge a.s. to &.

Convergence Almost Surely vs. Convergence in Mean

Example 1.68: Convergence a.s. does not imply convergence in mean. Take
an uncertainty space (I', £, M) to be {y1,72,- -} with

1
Yi€A

The uncertain variables are defined by

27:, .f’:b

0, otherwise

fori=1,2,--- and £ = 0. Then & converges a.s. to £. However, the sequence
{&} does not converge in mean to & because E[|§; — &|] = 1.
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Example 1.69: Convergence in mean does not imply convergence a.s. Take
an uncertainty space (I', L, M) to be [0, 1] with Borel algebra and Lebesgue
measure. For any positive integer 7, there is an integer j such that i = 27 4+ k,
where k is an integer between 0 and 2/ — 1. The uncertain variables are
defined by
1, ifk/29 <~y<(k+1)/27

&Gi(v) = :
0, otherwise

fori=1,2,--- and £ = 0. Then

1
Ellé; — €] = 5 0.

That is, the sequence {&;} converges in mean to £. However, for any v € [0, 1],
there is an infinite number of intervals of the form [k/27, (k-+1)/27] containing
. Thus &;(y) does not converge to 0. In other words, the sequence {&;} does
not converge a.s. to &.

Convergence Almost Surely vs. Convergence in Distribution

Example 1.70: Convergence in distribution does not imply convergence
a.s. Take an uncertainty space to be (I', L, M) to be {y1,v2} with M{y} =
M{7y2} = 1/2. We define an uncertain variable ¢ as

-1, lf'Y:’Yl
E(v)—{ L iy =

We also define §; = —€ for i = 1,2,--- Then & and £ have the same uncer-
tainty distribution. Thus {{;} converges in distribution to £. However, the
sequence {&;} does not converge a.s. to &.

Example 1.71: Convergence a.s. does not imply convergence in distribution.
Take an uncertainty space (I', L, M) to be {v1,72, - } with

sup ¢/(2i + 1), if supi/(2i+1)<0.5

Yi€EA Yi €A
M{A}=<¢ 1—supi/(2i+1), if supi/(2i+1)<0.5
ViEA YigA
0.5, otherwise.

The uncertain variables are defined by

i
a«(m—{l nI

0, otherwise
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for i = 1,2,--- and £ = 0. Then the sequence {&;} converges a.s. to .
However, the uncertainty distributions of §; are

0, ifx <0
b, (z) = (t+1)/(2i4+1), f0<zxz<i
1, ife >
for i =1,2,---, respectively. The uncertainty distribution of £ is
0, ifx<0
(@) = { 1, ifz>0.

It is clear that ®;(x) does not converge to ®(x) at = > 0. That is, the
sequence {&;} does not converge in distribution to &.

1.15 Conditional Uncertainty

We consider the uncertain measure of an event A after it has been learned
that some other event B has occurred. This new uncertain measure of A is
called the conditional uncertain measure of A given B.

In order to define a conditional uncertain measure M{A|B}, at first we
have to enlarge M{A N B} because M{A N B} < 1 for all events whenever
M{B} < 1. It seems that we have no alternative but to divide M{A N B} by
M{B}. Unfortunately, M{ANB}/M{B} is not always an uncertain measure.
However, the value M{A|B} should not be greater than M{A N B}/M{B}
(otherwise the normality will be lost), i.e.,

M{AN B}

M{A|B} < M{B}

(1.218)

On the other hand, in order to preserve the self-duality, we should have

M{A° N B}

M{AIB} = 1= M{AB} 21—

(1.219)

Furthermore, since (AN B) U (A°N B) = B, we have M{B} < M{AN B} +
M{A°N B} by using the countable subadditivity axiom. Thus

M{A°NB} M{ANB}
0<1-— M{B] < M{B] <1. (1.220)

Hence any numbers between 1—M{A°NB}/M{B} and M{ANB}/M{B} are
reasonable values that the conditional uncertain measure may take. Based
on the maximum uncertainty principle, we have the following conditional
uncertain measure.
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Definition 1.33 (Liu [127]) Let (T', L, M) be an uncertainty space, and A, B €
L. Then the conditional uncertain measure of A given B is defined by

M{AN B} , M{AN B}
W, 1 W < 05
M{A[B} =1 | _ M%EE}B}7 if M{J\?EE}B} — 05 (1.221)
0.5, otherwise

provided that M{B} > 0.

It follows immediately from the definition of conditional uncertain mea-

sure that
B M{A°N B} M{AnN B}

M{B} M{B}
Furthermore, the conditional uncertain measure obeys the maximum uncer-
tainty principle, and takes values as close to 0.5 as possible.

1 < M{A|B} < (1.222)

Remark 1.7: Assume that we know the prior uncertain measures M{B},
M{ANB} and M{A°NB}. Then the conditional uncertain measure M{A|B}
yields the posterior uncertain measure of A after the occurrence of event B.

Theorem 1.69 Let (T, L, M) be an uncertainty space, and B an event with
M{B} > 0. Then M{:|B} defined by (1.221) is an uncertain measure, and
(T, L, M{-|B}) is an uncertainty space.

Proof: It is sufficient to prove that M{:|B} satisfies the normality, mono-
tonicity, self-duality and countable subadditivity axioms. At first, it satisfies
the normality axiom, i.e.,
M{rcnB} - M{0}
m{B} — M{B}
For any events A; and A; with A; C As, if
M{A; N B} < M{A; N B}
M{B} = M{B}

M{T|B} =1 - 1.

< 0.5,

then
M{A; N B} < M{A; N B}

M{B} —  M{B)

M{A|B} = = M{A;|B}.

If
M{A4; N B}
M{B}
then M{A;|B} < 0.5 < M{Az|B}. If
M4 N B} _ M{A, 1 B}
By w{B}

M{A; N B}

<05<
<05< (B}

0.5 <
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then we have

M{A,|B} = (1 - W) V0.5 < (1 - W) V0.5 = M{As|B}.

This means that M{:|B} satisfies the monotonicity axiom. For any event A,
if
M{AN B} > 05 M{A°N B}
sy T M{B}

then we have M{A|B} + M{A¢|B} = 0.5+ 0.5 = 1 immediately. Otherwise,
without loss of generality, suppose

> 0.5,

M{AN B} M{A° N B}

then we have

M{A|B} + M{A%|B} = W + (1 - W) _ 1.

That is, M{:|B} satisfies the self-duality axiom. Finally, for any countable
sequence {A4;} of events, if M{4;|B} < 0.5 for all i, it follows from the
countable subadditivity axiom that

- M{GAN\B} iM{AiﬁB}
M{UAZ-HB} < i=1 i=1

(B < T :;M{Ai|B}.

Suppose there is one term greater than 0.5, say
M{A;|B} > 0.5, M{A;|B} <05, i=23,---
If M{U;A;|B} = 0.5, then we immediately have

M{G AN B} < iM{Ai\B}.
i=1 i=1

If M{U;A;|B} > 0.5, we may prove the above inequality by the following
facts:

A;‘chG(AmB)u<ﬁAg‘mB>,

i=2 i=1

M{A;"OB}<iM{AmB}+M{ﬁA§mB},

=2 i=1
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) {Qm}lM{ﬁAme}

M{B} ’
M{ATN B} =
;M{Ai\B} === SE)

If there are at least two terms greater than 0.5, then the countable subad-
ditivity is clearly true. Thus M{-|B} satisfies the countable subadditivity
axiom. Hence M{:|B} is an uncertain measure. Furthermore, (I, L, M{:|B})
is an uncertainty space.

Definition 1.34 (Liu [127]) Let & be an uncertain variable on (I', L,M). A
conditional uncertain variable of £ given B is a measurable function &|p from
the conditional uncertainty space (T',L,M{-|B}) to the set of real numbers
such that

fl(v) =&(v), VyeT. (1.223)

Definition 1.35 (Liu [127]) The conditional uncertainty distribution ®: f —
[0,1] of an uncertain variable & given B is defined by

(x| B) = M {¢ < z|B} (1.224)
provided that M{B} > 0.

Theorem 1.70 Let £ be an uncertain variable with regular uncertainty dis-
tribution ®(x), and t a real number with ®(t) < 1. Then the conditional
uncertainty distribution of € given & >t is

0, if ®(z) < O(t)
O(x) .
b(a|(t,4o0) ={ Too@ 00 Y D(t) < B(z) < (1+2(1))/2
O(z) —@(t)
BECOR if (1+9(t)/2 < (x).

Proof: It follows from ®(z|(t, +00)) = M {¢ < z|¢ > ¢} and the definition of
conditional uncertainty that

ME=n)nE>0r  ME=2)NE>1)}

Mesag ME > ¢} <05
Bt +oo) =4, ME>0)N(E>D} | ME>n)NE>D}
M{¢ > t} ’ M{¢ >t} '

0.5, otherwise.
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When ®(x) < ®(t), we have z < ¢, and

ME<a)n(€>1} M0}

M{¢ > t} *1—q>(t):0<0'5'

Thus
=0.

B (| (t, +00)) = THLE i{? 4 % > D)

When ®(t) < &(x) < (1 + D(t))/2, we have x > ¢, and

M{E>z)Nn (>t} 1—-P(x) _ 1-(1+2(t))/2

Mest 1 e@ = 1-a@ P
and
M{E<2)NE>0) _ )
M{¢ >t} T 1-0(t)
It follows from the maximum uncertainty principle that
D(](t, +00)) = ?(;zt) A0.5.
When (14 ®(t))/2 < ®&(x), we have x > ¢, and
M{E>x)N(E>t)} 1-3(x)  1—-(1+I(t))/2
MEs | 1-em = 1-ap =0
Thus
o o ME>)nE>n)) o 1-9(@)  2(z) - 2(@1)
2lal(t, too)) = 1= M{E >t} T I=0) 1-®)

The theorem is proved.

Example 1.72: Let ¢ be a linear uncertain variable £(a,b), and ¢ a real
number with a < ¢t < b. Then the conditional uncertainty distribution of &
given £ >t is

0, ifx<t

T —a

O(z|(t,+00)) = b—t
T —1

b—t

A0S, ift <a < (b+1)/2

AL, i (b+1)/2 <

Theorem 1.71 Let £ be an uncertain variable with regular uncertainty dis-
tribution ®(x), and t a real number with ®(t) > 0. Then the conditional
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uncertainty distribution of £ given € <t is

D(x) )
W, if ®(x) < O(t)/2
®(z|(—00,1]) = { () Ef;(“ “ 05, ifa@)/2< o) < o)
1, if o(t) < ®(a).

Proof: It follows from ®(x|(—o0,t]) = M {£ < z|¢ < t} and the definition of
conditional uncertainty that

ME<nnE<n) L MESD)NED)

Me<ty M€ <t} <05
O(a|(—o0,f)=¢, ME>)NE<t)}  ME>x)nE=D} .,
Me<g ) M{E <ty '
0.5, otherwise.

When &(z) < ®(t)/2, we have x < t, and

M{E<D)NESD} _ B(@) _ 202 _
M < 1) a0 < el

Thus
_ME<sx)n(E<t)y  2(x)
O(z|(—00,t]) = MiE <t =30

When ®(t)/2 < &(x) < ®(t), we have x < t, and

ME<o)NE<D) _ 2@)  20)/2 _ .
M{¢ <t} O(t) — D(t) '
and
ME>z)NnE<t)} 1- @)
M{E <t} Too@t)

ME>z)N(E <)) ) + () —1
M¢ <t} - o(t)

It follows from the maximum uncertainty principle that

1—

B(x) + D) — 1

Vv 0.5.

When ®(t) < ®&(x), we have > t, and

M{(E > 2) N (€ <0} _ M{0)
M{E < ) 0)

=0<0.5.
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Thus

P(z|(—o00,t]) =1 -
The theorem is proved.

Example 1.73: Let £ be a linear uncertain variable £(a,b), and ¢ a real
number with a < ¢ < b. Then the conditional uncertainty distribution of &
given £ <t is

r—a

if 2 < 2
tfavo’ ifx<(a+t)/
®(z|(—o00,t]) = (1_l;_x>vo.5, if (a+t)/2<z<t
—a
1, if x <t.

Definition 1.36 (Liu [127]) Let € be an uncertain variable. Then the con-
ditional expected value of & given B is defined by
+oo 0
E[¢|B] = M{¢ > r|B}dr —/ M{¢ < r|B}dr (1.225)

0

provided that at least one of the two integrals is finite.






Chapter 2

Uncertain Programming

Uncertain programming was founded by Liu [129] in 2009 as a type of math-
ematical programming involving uncertain variables. This chapter provides
a general framework of uncertain programming, including expected value
model, chance-constrained programming, dependent-chance programming,
uncertain dynamic programming and uncertain multilevel programming. Fi-
nally, we present some uncertain programming models for system reliability
design, project scheduling problem, vehicle routing problem, facility location
problem, and machine scheduling problem.

2.1 Ranking Criteria

Assume that x is a decision vector, € is an uncertain vector, f(x,&) is a

return function, and g;(x, £) are constraint functions, j = 1,2,--- ,p. Let us
examine

max f(z, §)

subject to: (2.1)

g](mag)goa ]:17277])

The model (2.1) is only a conceptual model rather than a mathematical model
because we cannot maximize an uncertain quantity just like that we cannot
maximize a random quantity. In other words, there does not exist a natural
ordership in an uncertain world.

Thus an important problem appearing in this area is how to rank uncer-
tain variables. Let £ and 1 be two uncertain variables. Here we give four
ranking criteria.

Expected Value Criterion: We say £ > 7 if and only if F[§] > E|[n].

Optimistic Value Criterion: We say £ > 7 if and only if, for some prede-
termined confidence level a € (0, 1], we have Egup () > Ngup (), where Equp ()
and 7syp (@) are the a-optimistic values of £ and 7, respectively.
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Pessimistic Value Criterion: We say £ > 7 if and only if, for some prede-
termined confidence level o € (0, 1], we have &ing(a) > Mins (), where Eine(@)
and 7iy(«r) are the a-pessimistic values of £ and 7, respectively.

Chance Criterion: We say £ > n if and only if, for some predetermined
levels 7, we have M {¢ > T} > M {n > T7}.

2.2 Expected Value Model

Assume that we believe the expected value criterion. In order to obtain a
decision with maximum expected return subject to expected constraints, we
have the following expected value model,

max E[f(z, §)]
subject to: (2.2)

where x is a decision vector, £ is an uncertain vector, f is a return function,
and g; are constraint functions for j =1,2,--- ,p.

Definition 2.1 A solution x is feasible if and only if Eg;(x,€)] < 0 for
ji=1,2,---,p. A feasible solution x* is an optimal solution to the expected
value model (2.2) if E[f(x*,€)] > E[f(x,&)] for any feasible solution x.

In practice, a decision maker may want to optimize multiple objectives.
Thus we have the following expected value multiobjective programming,

max [E[f1(z, )], E[f2(x, §)],- -+, E[fm (2, £)]]
subject to: (2.3)

E[gj(wag)} §O7 ]:Lza D

where f;(x,£) are return functions for i = 1,2,--- ,m, and g;(x, &) are con-
straint functions for j =1,2,--- . p.

Definition 2.2 A feasible solution x* is said to be a Pareto solution to the
expected value multiobjective programming (2.3) if there is no feasible solution
x such that

and E[f;(z,&)] > E[f;(x*,§)] for at least one index j.
In order to balance multiple conflicting objectives, a decision-maker may

establish a hierarchy of importance among these incompatible goals so as to
satisfy as many goals as possible in the order specified. Thus we have an
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expected value goal programming,

l m
min Y Py Y (uygd) V0 +vigd; v 0)
j=1 =1
subject to: 25)
E[fl(m7£)]_b1:d:r’ i:1’2’...’m :
b — Elfi(®, )] =d;, i=1,2,---,m
E[gj(xv )]SO, j:1727...’p

where P; is the preemptive priority factor which expresses the relative im-
portance of various goals, P; > Pjy, for all j, u;; is the weighting factor
corresponding to positive deviation for goal ¢ with priority j assigned, v;;
is the weighting factor corresponding to negative deviation for goal 7 with
priority j assigned, d,f V 0 is the positive deviation from the target of goal
i, d; V0 is the negative deviation from the target of goal 7, f; is a function
in goal constraints, g; is a function in real constraints, b; is the target value
according to goal 4, [ is the number of priorities, m is the number of goal
constraints, and p is the number of real constraints.

Theorem 2.1 Assume f(x,€) = hi(®)& + hao(x)é + -+ - + hp(x)E, + ho(x)
where hy(x), ha(x), -, hn(x), ho(x) are real-valued functions and £1,&a, -+, &,
are independent uncertain variables. Then

Elf(x,€)] = hi(x)E[§1] + ha(x)E[&a] + - + ho(2) E[€0] + ho(x).  (2.6)

Proof: It follows from the linearity of expected value operator immediately.

Theorem 2.2 Assume that &1,&o, - ,&, are independent uncertain vari-
ables and hi(x), ha(x), -+, hn(x), ho(x) are real-valued functions. Then
Elhi(x)é + ho(z)&2 + -+ + ha(x)€n + ho(z)] <0 (2.7)

holds if and only if
hi(z)E[&1] + ho(z) E[&2] + -+ - + hy(2) E[€0] + ho(x) < 0. (2.8)

Proof: It follows from Theorem 2.1 immediately.

2.3 Chance-Constrained Programming

Since the uncertain constraints g;(x,€) < 0,7 = 1,2,---,p do not define a
deterministic feasible set, it is naturally desired that the uncertain constraints
hold with a confidence level a. Then we have a chance constraint as follows,

M{gj(®,€) <0,j=1,2,--- ,p} > a. (2.9)
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Maximax Chance-Constrained Programming

Assume that we believe the optimistic value criterion. If we want to max-
imize the optimistic value to the uncertain return subject to some chance
constraints, then we have the following maximax chance-constrained pro-
gramming,

max rn?xf
subject to: (2.10)

M{f(x.8)>f}>5

where a; and 3 are specified confidence levels for j =1,2,--- ,p, and max f
is the B-optimistic return.

In practice, it is possible that there exist multiple objectives. We thus
have the following maximax chance-constrained multiobjective programming,

max | max f,, max fy, -, max f,,
T fl f2 fnL
subject to: (2.11)

M{fz(m7£)2?l}2/gu i:1723"'>m
M{gj(m,f)SO}Zozj, j:1,2,"'7p

where 3; are predetermined confidence levels for i = 1,2,--- ,m, and max f,
are the J-optimistic values to the return functions f;(x,€), i =1,2,---,m,
respectively.

If the priority structure and target levels are set by the decision-maker,
then we have a minimin chance-constrained goal programming,

l m
m%njz:;Pj ; (uij <12ii+ndj' \/O> + U4 (rgln d; Vv 0>>
subject to:

M{gj(maﬁ)ﬁo}zo% j:172a"'7p

where P; is the preemptive priority factor which expresses the relative im-
portance of various goals, P; > Pjy, for all j, u;; is the weighting factor
corresponding to positive deviation for goal ¢ with priority j assigned, v;;
is the weighting factor corresponding to negative deviation for goal 7 with
priority j assigned, min d;r V 0 is the 5;r -optimistic positive deviation from
the target of goal ¢, mind; V 0 is the 3; -optimistic negative deviation from
the target of goal i, b; is the target value according to goal ¢, and [ is the
number of priorities.

(2.12)
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Minimax Chance-Constrained Programming

Assume that we believe the pessimistic value criterion. If we want to maxi-
mize the pessimistic value subject to some chance constraints, then we have
the following minimax chance-constrained programming,

max min f
f
subject to: (2.13)

M{f(z,&) < f}>p
M{gj(maS)So}Zajv j:172a"'7p

where a; and 3 are specified confidence levels for j = 1,2,---,p, and min f
is the [B-pessimistic return.

If there are multiple objectives, then we have the following minimax
chance-constrained multiobjective programming,

max |sin 7y, minFy, -+, ming,
J1 2 m
subject to: (2.14)

M{fz(wvg)S?Z}Zﬁu i:1727"'7m
M{g](mag)éo}zaja j:172a"'7p

where min f; are the 3;-pessimistic values to the return functions f;(z,§&),
t=1,2,--- ,m, respectively.

We can also formulate an uncertain decision system as a minimax chance-
constrained goal programming according to the priority structure and target
levels set by the decision-maker:

w;j | maxdf v 0| +wv;; | maxd; VO
df d;
subject to:

M{gj(m7£)§0}2a]7 j:172a"'7p

where P; is the preemptive priority factor which expresses the relative im-
portance of various goals, P; > Pjy, for all j, u;; is the weighting factor
corresponding to positive deviation for goal ¢ with priority j assigned, v;;
is the weighting factor corresponding to negative deviation for goal 7 with
priority j assigned, max d;r V 0 is the ﬁ:r -pessimistic positive deviation from
the target of goal 7, maxd; V0 is the 8; -pessimistic negative deviation from
the target of goal i, b; is the target value according to goal ¢, and [ is the
number of priorities.

l m
min 3" P, 3
T =1 =1

(2.15)
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Theorem 2.3 Assume that &1,&o, - ,&, are independent uncertain vari-
ables with reqular uncertainty distributions ®1, ®o, -+ , P, respectively, and
hi(x), ho(x), -+, hy(x), ho(x) are real-valued functions. Then

{Zh )& < ho )}>a (2.16)

holds if and only if

> @)@ ) = > by (@)@ (1 - @) < ho(x) (2.17)
i=1 i=1
where .
hi(z) = { hi(()m)’ Z Z’Eg 28 (2.18)
— 0, if hi(z) >0
hi (x) = { “hi(@), if ha(z) < 0 (2.19)

fori=1,2,--- ,n. Especially, if hi(x), ha(x), -, hn(x) are all nonnegative,
then (2.17) becomes

Zh ) < ho(z); (2.20)

if hi(z), ha(x), -, ho(x) are all nonpositive, then (2.17) becomes

Z hi( 11— @) < ho(x). (2.21)
Proof: For each i, if h;(x) > 0, then h;(x); is an uncertain variable whose
uncertainty distribution is described by
U7 a)=hf(x)®; (a), 0<a<l.

If hi(x) < 0, then h;(x)&; is an uncertain variable whose uncertainty distri-
bution is described by

U a)=—h ()@ (1-a), 0<a<l.

It follows from the operational law that the uncertainty distribution of the
sum hy(x)&1 + ha(x)é + - - - + hy(x)E, is described by

T o) =07 o)+ U5 o)+ + T (o), O0<a<l.

From which we may derive the result immediately.
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Theorem 2.4 Assume that x1, T2, - , T, are nonnegative decision variables,
and &1,&, -+ &, € are independently linear uncertain variables L(aq,b),
L(ag,bs), -, L(an,by), L(a,b), respectively. Then for any confidence level
a € (0,1), the chance constraint

M {Zgg: < g} >a (2.22)
i=1
holds if and only if

n

> (1= a)a; + aby)z; < aa+ (1 - a)b. (2.23)
i=1
Proof: Assume that the uncertain variables &1, &, -+ , &, € have uncertainty

distributions ®1, ®o,--- , ®,,, P, respectively. Then

<I>i—1(a):(1—oz)ai—|—abi, 1=1,2,---,nm,

d'(1-a)=aa+ (1 - a)b.

Thus the result follows from Theorem 2.3 immediately.

Theorem 2.5 Assume that x1, 2o, - , T, are nonnegative decision variables,
and &1,&a, -+ , &€, & are independently zigzag uncertain variables Z(a1,b1,c1),
Z(ag,ba, ), , Z(an,bn,cn), Z(a,b,c), respectively. Then for any confi-
dence level a > 0.5, the chance constraint

M {Z&m < 5} >a (2.24)
i=1

holds if and only if

n

D (2 = 20)b; + (2a — Dei)ai < a(2a — a + (2 - 2a)b. (2.25)
i=1
Proof: Assume that the uncertain variables &1, &, -+ , &, £ have uncertainty

distributions ®1, ®o,--- , ®,,, P, respectively. Then

1 (a) = (2 2a)bi + (2a — Des, i=1,2,--- ,n,

11 —-a)=(2a—1)a+ (2 —2a)b.

Thus the result follows from Theorem 2.3 immediately.

Theorem 2.6 Assume that x1, T2, - , T, are nonnegative decision variables,
and &1,&a, -+, &, € are independently normal uncertain variables N'(e1,01),
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Nles,02), - ,N(en,on),N(e, o), respectively. Then for any confidence level
a € (0,1), the chance constraint

M {zn:&xi < 5} >« (2.26)

i=1

holds if and only if

- V3 3
Z (ei—i— U\[ln @ )xi <e——a\[ln @ . (2.27)
T l1—«

, - T l1—«
=1

Proof: Assume that the uncertain variables &1,&s, -+ , &y, £ have uncertainty
distributions ®1, ®o, -, P,,, P, respectively. Then

O'i\/g «

(I>'_1 = €5 71 ) ':1727"'5 )
;@) =¢+ —Ino— i n
3
@‘1(1—a):e—0\—[ln .
T 11—«

Thus the result follows from Theorem 2.3 immediately.

Theorem 2.7 Assumexi, s, - , T, are nonnegative decision variables, and
&1,&a, -+, &, € are independently lognormal uncertain variables LOGN (e1,01),
LOGN (e2,03), -+ ,LOGN (e, 04), LOGN (e,0), respectively. Then for any
confidence level o € (0,1), the chance constraint

M {ifixi < 5} >« (2.28)

i=1

holds if and only if

Zﬁ;exp(ei) (1 fa

Proof: Assume that the uncertain variables &1, &, -+ , &, € have uncertainty
distributions ®1, ®o,--- , ®,,, P, respectively. Then

l1—«

(2.29)

V3o /m
) ;

\/50/71'
z; < exp(e) < >

(07

V3o /7
1- a)

o7 @) = expes)

1—a>\/§’g/7T

(0%

O 11 — a) = exp(e) (

Thus the result follows from Theorem 2.3 immediately.
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2.4 Dependent-Chance Programming

In practice, there usually exist multiple tasks in a complex uncertain decision
system. Sometimes, the decision-maker believes the chance criterion and
wishes to maximize the chance of meeting these tasks. In order to model
this type of uncertain decision system, Liu [129] provided the third type
of uncertain programming, called dependent-chance programming, in which
the underlying philosophy is based on selecting the decision with maximal
chance to meet the task. Dependent-chance programming breaks the concept
of feasible set and replaces it with uncertain environment.

Definition 2.3 By an uncertain environment we mean the uncertain con-
straints represented by

where x is a decision vector, and & is an uncertain vector.

Definition 2.4 By a task we mean an uncertain inequality (or a system of
uncertain inequalities) represented by

h(w,€) <0 (2.31)
where x is a decision vector, and & is an uncertain vector.

Definition 2.5 The chance function of task £ characterized by (2.31) is de-
fined as the uncertain measure that the task € is met, i.e.,

f(x) = M{h(z,€) < 0} (2.32)
subject to the uncertain environment (2.30).

How do we compute the chance function in an uncertain environment?
In order to answer this question, we first give some basic definitions. Let
r(x1,x2, - ,T,) be an n-dimensional function. The ith decision variable z;
is said to be degenerate if

!/ 1
T(xl, e 7xi717xi7x’i+17 e 7$n) = T(xla Tt wxiflvxi sy Li41y° " 7xn)
for any 2} and z!; otherwise it is nondegenerate. For example,
(21, T2, 3, T4, 25) = (¥1 + 23) /24

is a 5-dimensional function. The variables z1,z3, x4 are nondegenerate, but
z9 and x5 are degenerate.

Definition 2.6 Let £ be a task h(x,&) < 0. The support of the task &,
denoted by £, is defined as the set consisting of all nondegenerate decision

variables of h(x, ).
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Definition 2.7 The jth constraint gj(x, &) < 0 is called an active constraint
of task &€ if the set of nondegenerate decision variables of g;(x,&) and the
support £ have nonempty intersection; otherwise it is inactive.

Definition 2.8 Let € be a task h(x,&) < 0 in the uncertain environment
gj(x,6) <0, j=1,2,---,p. The dependent support of task £, denoted by
E** | is defined as the set consisting of all nondegenerate decision variables of
h(z,&) and g;(x, &) in the active constraints of task £.

Remark 2.1: It is obvious that £* C £** holds.

Definition 2.9 The jth constraint g;(x,€) < 0 is called a dependent con-
straint of task & if the set of nondegenerate decision variables of g;(x,§)
and the dependent support E** have nonempty intersection; otherwise it is
independent.

Remark 2.2: An active constraint must be a dependent constraint.

Definition 2.10 Let £ be a task h(x, &) < 0 in the uncertain environment
gj(x,€) <0, j=1,2,---,p. For each decision x and realization £, the task
& 1is said to be consistent in the uncertain environment if the following two
conditions hold: (i) h(x,€) < 0; and (i) g;(x,&) <0, j € J, where J is the
index set of all dependent constraints.

In order to maximize the chance of some task in an uncertain environment,
a dependent-chance programming may be formulated as follows,

max M {h(x, &) < 0}
subject to: (2.33)
gj(xag)goa j:1727"'7p

where x is an n-dimensional decision vector, £ is an uncertain vector, the task
£ is characterized by h(x, &) < 0, and the uncertain environment is described
by the uncertain constraints g;(x,&) <0, j = 1,2,--- ,p. The model (2.33)
is equivalent to

max M {h(x,&) <0, gj(z,€) <0,j € J} (2.34)

where J is the index set of all dependent constraints.

If there are multiple tasks in an uncertain environment, then we have the
following dependent-chance multiobjective programming,

subject to: (2.35)
9j($7£)§07 j:1527"'ap
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where tasks &; are characterized by h;(x,€) < 0,7 =1,2,--- ,m, respectively.
The model (2.35) is equivalent to

max M {h1(z,§) <0, gj(x,£) <0,j € J1}

max M {ha(z,§) <0, g;(x,§) <0,j € Jo} (2.36)

max M {h,(x, &) <0, g;(x,€) <0,j € J}
where J; are the index sets of all dependent constraints of tasks &, i =
1,2,--- ,m, respectively.

Dependent-chance goal programming is employed to formulate uncertain
decision systems according to the priority structure and target levels set by
the decision-maker,

min El: by (uijdf vV 0+ vizd; V0)
j=1 i=1

subject to:
M{hi(@, &) <0} —b; =df, i=1,2---,m
by — M {hi(z,€) <0} =d;, i=1,2--,m
gi(z,€) <0, j=1,2,--.,p

where P; is the preemptive priority factor which expresses the relative im-
portance of various goals, P; > Pj41, for all j, u;; is the weighting factor
corresponding to positive deviation for goal ¢ with priority j assigned, v;;
is the weighting factor corresponding to negative deviation for goal ¢ with
priority j assigned, dj' V 0 is the positive deviation from the target of goal i,
d; Vv 0 is the negative deviation from the target of goal ¢, g; is a function in
system constraints, b; is the target value according to goal ¢, [ is the number
of priorities, m is the number of goal constraints, and p is the number of
system constraints.

Theorem 2.8 Assume xq,xs,--- ,x, are nonnegative decision variables, and
£1,&2, -+, &, are independently linear uncertain variables L(a1,by1), L(ag, ba),
-« L(an, by), respectively. When

i=1 i=1

we have
n

n t— Zaixi
M {ng < t} =—+ (2.38)
=1 Z(b1 —a;)T;

i=1



92 CHAPTER 2 - UNCERTAIN PROGRAMMING

Otherwise, the measure will be 0 if t is on the left-hand side of interval (2.37)
or 1 if t is on the right-hand side.

Proof: Since £1,&5, - -+ , &, are independently linear uncertain variables, their
weighted sum & 21 + a2 + - - - + £, 1S also a linear uncertain variable

i=1 i=1

From this fact we may derive the result immediately.
Theorem 2.9 Assume that x1, T2, - , T, are nonnegative decision variables,

and &1,&2,- -+ , &, are independently zigzag uncertain variables Z(ay,b1,c1),
Z(ag,ba, ), , Z(an, by, cn), respectively. When

te [i: a;T;, Zn: b1$,] R (239)
=1 =1

we have
t— Z a;T;
{me < t} —_— (2.40)
22 (b; — a;)x
When
te [Z bixi, Z cixi] s (241)
i=1 i=1
we have

n t+ Z(Ci — 404)%5

M {Z@xi < t} = —= : (2.42)
=1 22(@ —b;)z;

=1

Otherwise, the measure will be 0 if t is on the left-hand side of interval (2.39)
or 1 if t is on the right-hand side of interval (2.41).

Proof: Since &1,&, -+ ,&, are independently zigzag uncertain variables,
their weighted sum &121 4+ &0+ - -+ &, 25, is also a zigzag uncertain variable

n n n
zZ E a; Ty, E bza:l, E CiLj | .
i=1 i=1 i=1

From this fact we may derive the result immediately.
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Theorem 2.10 Assume that x1,%2,-- , T, are nonnegative decision vari-
ables, and &1, &s, - -+, &, are independently normal uncertain variables N'(e1, 01),
Nl(ez,09), - ,N(en,on), respectively. Then

" -1
7T (Z e;r; — t)
i=1

M {ng < t} = [1+4exp - (2.43)
=1 \/gz 0%
i=1
Proof: Since &1,&,---,&, are independently normal uncertain variables,

their weighted sum &121 +&2x9+- - -+ &, 2, is also a normal uncertain variable

n n
N E €; T, E a;T; | .
i=1 i=1

From this fact we may derive the result immediately.

Theorem 2.11 Assume xz1,Z2,--- ,T, are nonnegative decision variables,
and &1,&a, -+, &y, are independently lognormal uncertain variables LOGN (eq, 01),
LOGN (e2,03),-++ , LOGN (en,0,), respectively. Then

where U is determined by

Ui a) = gexp@i) (12

Proof: Since &1,&s, -+, &, are independently lognormal uncertain variables,
the uncertainty distribution ¥ of &1x1 + &oxo + - - - + &, is just determined
by (2.45). From this fact we may derive the result immediately.

V3o /7
> ;. (2.45)

2.5 Uncertain Dynamic Programming

In order to model uncertain decision processes, Liu [129] proposed a gen-
eral framework of uncertain dynamic programming, including expected value
dynamic programming, chance-constrained dynamic programming as well as
dependent-chance dynamic programming.

Expected Value Dynamic Programming

Consider an N-stage decision system in which (aj,as, -+ ,ay) represents
the state vector, (x1, a2, - ,xy) the decision vector, (&;,&,, - ,&y) the
uncertain vector. We also assume that the state transition function is

ant1 =T(an, xn,€,), n=12-- N-—1. (2.46)
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In order to maximize the expected return over the horizon, we may use
the following expected value dynamic programming,

a) = max Elry(a,x,
IN(@) = g % <o P (@ 2 6N
n = Elr,(a,x,&, nt1(T(a,x, €, 2.47
fala) = max Bl (@ €) + hun(T@w.€)]  (247)
n <N-1
where r,, are the return functions at the nth stages, n =1,2,--- | N, respec-

tively.

Chance-Constrained Dynamic Programming

In order to maximize the optimistic return over the horizon, we may use the
following chance-constrained dynamic programming,

V@) = v @B tazza V@ EN)
fn(a') = M{gﬂa%iﬁ)ﬁ()}ZaFn(a? €, €n) + fn+1(T(aa , Sn)) (248)
n <N-1

where the functions 7,, are defined by

n(a,x,§,) = sup {F ’ M{r,(a,x,€,) >7} > ﬂ} (2.49)

forn=1,2,--- ,N. If we want to maximize the pessimistic return over the
horizon, then we must define the functions 7,, as

Tula,z,€,) = inf {7 | M{r,(a,x,£,) <7} > B} (2.50)

forn=1,2,---,N.

Dependent-Chance Dynamic Programming

In order to maximize the chance over the horizon, we may employ the fol-
lowing dependent-chance dynamic programming,

In(a) = max  M{hn(a,z,&y) < 0}
gn(a,xz,§nN)<0
fn(a) = max M{hn(avwvgn) S 0} +fn+1(T(aam7£n))
gn(a,x,€,)<0
n <N-1

where h,(a,x,€,) < 0 are the events, and g,(a,x, &,,) < 0 are the uncertain
environments at the nth stages, n =1,2,--- | N, respectively.
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2.6 Uncertain Multilevel Programming

In order to model uncertain decentralized decision systems, Liu [129] pre-
sented three types of uncertain multilevel programming, including expected
value multilevel programming, chance-constrained multilevel programming
and dependent-chance multilevel programming, and provided the concept of
Stackelberg-Nash equilibrium to uncertain multilevel programming.

Expected Value Multilevel Programming

Assume that in a decentralized two-level decision system there is one leader
and m followers. Let x and y,; be the control vectors of the leader and

the ith followers, i = 1,2,--- ,m, respectively. We also assume that the
objective functions of the leader and ith followers are F(x,yi, - ,¥Y,,, &)
and fi(z, Yy, Y, &), =1,2,--+ ,m, respectively, where £ is an uncertain
vector.

Let the feasible set of control vector  of the leader be defined by the
expected constraint

ElG(z,€)] <0 (2.51)

where G is a vector-valued function and 0 is a zero vector. Then for each de-

cision & chosen by the leader, the feasibility of control vectors y; of the ith fol-

lowers should be dependent on not only @ but also y,- - ,Y; 1, Y; 11, > Ymm>
and generally represented by the expected constraints,
Elgi(®,y1.Y2:  Ym,§)] <0 (2.52)
where g; are vector-valued functions, i = 1,2, --- ,m, respectively.
Assume that the leader first chooses his control vector @, and the followers
determine their control array (y,,¥ys,: - ,¥,,) after that. In order to max-

imize the expected objective of the leader, we have the following expected
value bilevel programming,

max E[F(2,y1, 45, Y €]
subject to:
ElG(z,)] <0
(y%,y5, -+ ,yk,) solves problems (i = 1,2,--- ,m) (2.53)
max B[fi(@, Y1, Y+ Yom: )]
subject to:
Elgi(z,y1:Y2, Y, §)] < 0.

Definition 2.11 Let « be a feasible control vector of the leader. A Nash
equilibrium of followers is the feasible array (y3,ys, -+ ,yk,) with respect to
x if

E[fl(w7 y{v o ay;—h Yi» yz+1’ e 7y:17 5)]

S E[fi(mvylv' o ayiflvyiay'H»lv e 7ym7£)]
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for any feasible array (yi, - Y7 1, Y, Yi11, - Yn) and i =1,2,--- ,m.

Definition 2.12 Suppose that ©* is a feasible control vector of the leader
and (Y3,Y5, - ,y%) is a Nash equilibrium of followers with respect to x*.
We call the array (x*,y5,y5, - ,yl,) a Stackelberg-Nash equilibrium to the
expected value bilevel programming (2.53) if

E[F(Ea§17§27”' agmaé)] S E[F(x*7y>;7y;7 7y;kn7£)] (255)

for any feasible control vector T and the Nash equilibrium (G, Ys, " s Ypm)
with respect to .

Chance-Constrained Multilevel Programming

In order to maximize the optimistic return subject to the chance constraint,
we may use the following chance-constrained bilevel programming,

max max F
r F
subject to:

MG(x,8) <0} > a
(y%, 95, ,yk,) solves problems (i = 1,2,--- ,m) (2.56)

max max f,
Yi g,

subject’to:
M{fi(x7ylvy27 to 7ym7£) > ?z} > ﬂz
M{gi(waylay27' o aymaé) < 0} > (0%

where «, 3, o, 8;, i = 1,2,--- ,m are predetermined confidence levels.

Definition 2.13 Let x be a feasible control vector of the leader. A Nash
equilibrium of followers is the feasible array (y3,ys, -+ ,yk,) with respect to
x if B
fi(w7 y?{v U 7y;,";1; yi7y;‘k+1a U 7y:<n)
S fi(may*{y' o 7y;<71ay2<7y;'k+1a o 7y:n)

for any feasible array (yi, - Y7 1, Y, Yit1, - Yn) and i =1,2,--- ,m.

(2.57)

Definition 2.14 Suppose that x* is a feasible control vector of the leader
and (Y3,Y5, - ,ys) is a Nash equilibrium of followers with respect to x*.
The array (x*,y5,y5, - ,yk,) is called a Stackelberg-Nash equilibrium to the
chance-constrained bilevel programming (2.56) if

F(fﬂpﬂza e 7ym) < F(.’IZ*, yT7y;a o ’yjrz) (258)

for any feasible control vector T and the Nash equilibrium (Y, Ys, s Ypm)
with respect to .
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In order to maximize the pessimistic return, we have the following mini-
max chance-constrained bilevel programming,

max min F
z F
subject to:

MG(x,8) <0} > a
(y%,y5, -+, yk,) solves problems (i =1,2,--- ,m) (2.59)

max min f,
Yi

subject to:
M{fi(x7y17y27 e 7ym7£) S 71} Z ﬂz
M{gi(waylay27 cee 1ym1€) < 0} > .

Dependent-Chance Multilevel Programming

Let H(xaylay% T 7ym7£) < 0 and hi(m7y17y27 e 7ym7£) < 0 be the tasks
of the leader and ¢th followers, ¢ = 1,2,--- ,m, respectively. In order to max-
imize the chance functions of the leader and followers, we have the following
dependent-chance bilevel programming,

max M{H (@, y7,¥5, - ¥;,,§) < 0}
subject to:
G(xz,€) <0
(Y3, y5, -+ ,yr,) solves problems (i =1,2,--- ,m) (2.60)
HL%XM{hi(w»ylvyw Y, §) <0}
subject to:
9i(T, Y1, Ya, Yy §) <0

Definition 2.15 Let x be a control vector of the leader. We call the array
(Y1, 9%, - ,yr,) a Nash equilibrium of followers with respect to x if

M{hz(xvyika 7y?—17yiay;{+1v"' 1y:;w€) S 0}

* X T " (2.61)
S M{hi(wayla e 7yi_1?y7;vyi+1a e aymaé) S 0}
subject to the uncertain environment g;(€, Y1, Ysy Y, &) < 0,0 =1,2,---,
m for any array (Y1, Y;_1, Y Yip1 Ym) and i=1,2,--- . m.
Definition 2.16 Let x* be a control vector of the leader, and (y3,y5, - ,yr,)
a Nash equilibrium of followers with respect to *. Then (x*,yT, Y%, - ,yL,)

1s called a Stackelberg-Nash equilibrium to the dependent-chance bilevel pro-
gramming (2.60) if

M{H(anlag%"' agmag) S O} S M{H(m*ay;y;a ayjrz’é) S 0}
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subject to the uncertain environment G(x,&€) < 0 for any control vector T
and the Nash equilibrium (Y1,Ys, -+, Y,,) With respect to T.

2.7 System Reliability Design

One of the approaches to improve system reliability is to provide redundancy
for components in a system. There are two ways to provide component
redundancy: parallel redundancy and standby redundancy. In parallel re-
dundancy, all redundant elements are required to operate simultaneously.
This method is usually used when element replacements are not permitted
during the system operation. In standby redundancy, one of the redundant
elements begins to work only when the active element fails. This method is
usually employed when the replacement is allowable and can be finished im-
mediately. The system reliability design problem is to determine the optimal
number of redundant elements for each component so as to optimize some
system performance.

System reliability design problem has been well studied. Modelling system
reliability design problem via uncertain programming was started by Liu [129]
in 2009. This section provides an uncertain programming model for system
reliability design problem.

Assume that a system consists of n components, and the ith components
consist of x; redundant elements, ¢ = 1,2,--- ,n, respectively. For example,
Figure 2.1 shows a bridge system in which we suppose that redundant ele-
ments are in standby for the first and second components, and are in parallel
for the third to fifth components.

Tl ]
o [F1]
Input— [17]..[2]--[%3] —— Output
L T 1
2

L= T

Figure 2.1: A Bridge System

7

»
s

The first problem is how to estimate the system lifetime when the value of
the vector @ = (1,22, -+ ,x,) is determined. For such a decision vector x,
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suppose that the redundant elements j operating in components i have life-
times &;; with uncertainty distributions ®;;, j =1,2,--- ,2;, 1 =1,2,--- ,n,
respectively. Each element lifetime &;; is represented by the 99 method as

0.01 1 0.0210.03|---10.99
1 2 3 99
by |ty |ty ||t

(2.62)

For convenience, we use the vector

E - (51175127"' a€1r17§2la€227"' 752127" . 7£n17§n23"' 7§nrn) (263)

to denote the lifetimes of all redundant elements in the system.

Standby Component Lifetimes

For a standby redundancy component i (1 or 2), the lifetime 7; is the sum of
lifetimes of its elements,

Ti
i, &) =Y & (2.64)
Jj=1
whose uncertainty distribution is

U, (x;t) = sup min  ®;;(¢;). (2.65)
Lttty =t 1SIST;

Thus the 99 method yields that the standby component lifetime 7;(x, £) is

0.01 0.02 0.03 |--- | 0.99
IILADILADIL AR DI (260
j=1 j=1 j=1 j=1

Parallel Component Lifetimes

For a parallel redundancy component i (3,4 or 5), the lifetime 7; is the max-
imum of lifetimes of its elements,

ni(z, &) = max §;; (2.67)

1<j<z;
whose uncertainty distribution is

Thus the 99 method yields that the parallel component lifetime 7;(x, £) is

0.01 0.02 0.03 |---| 0.99

Vi Ve TV | Ve (2.69)
Jj=1 j=1 j=1 =1
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Path Lifetimes

For the bridge system shown in Figure 2.1, there are 4 paths from the input
of the system to the output:

Path 1: input-1-4-output,
Path 2: input-2-5-output,
Path 3: input-2-3-4-output,
Path 4: input-1-3-5-output.

Assume each path works if and only if all components on which are working.
Then the lifetime of each path is the minimum of lifetimes of its components.
It follows that the lifetime of Path 1 (input-1-4-output) is

m1(x, &) = m(x, &) Ana(x, §) (2.70)
whose uncertainty distribution is
Ti(x;t) = Uy (a;t) V Uy(x;t). (2.71)

Thus the 99 method yields that the lifetime 71 (x, £) is

0.01 0.02 0.99

T1

Xy T4 Xy T4 T4 (2 72)
Dot AV | oAV | | DAV '
j=1 j=1 j=1 j=1 j=1

Jj=1

The lifetime of Path 2 (input-2-5-output) is

7—2(337€) = 772(337€) A 775(-’3»5) (273)

whose uncertainty distribution is
Tg(w; t) = \IIQ(SC; t) V \115(113; f,). (274)

Thus the 99 method yields that the lifetime 72 (x, §) is

0.01 0.02 e 0.99
xro s xr2 s ) 5 (2 75)
1 1 2 2 99 99 .
Doty ANt [ Dot AN B | DA 6
j=1 j=1 j=1 j=1 j=1 j=1

The lifetime of Path 3 (input-2-3-4-output) is

7'3(33,5) = 7]2(33’5) A 773(:1:76) A 774($»5) (276)

whose uncertainty distribution is
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Thus the 99 method yields that the lifetime 73(x, £) is
0.01 0 99
it%ﬂ{}téﬂvﬁj Zt /\\/t /\\/t (2.78)
j=1 j=1 j=1
The lifetime of Path 4 (input-1-3-5-output) is
Ta(x, &) = m(z, &) Ans(@, &) Ans(,§) (2.79)
whose uncertainty distribution is
Ya(x;t) = Uy(x;t) vV Us(x;t) V Us(x, t) (2.80)
Thus the 99 method yields that the lifetime 74(x, £) is
0.01 O 99
(2.81)

1 3 5 Ts5
dotia Vit A\t Z A\/t VA
j=1 j=1 j=1 j=1

Jj=1

System Lifetime

How do we calculate the system lifetime T'(x, £)?

It is problem-dependent.

Assume the system works if and only if there is a path of working components.

Then the system lifetime is

T(z,€) =n(z

&)V ra(x, &)V Ts(x,§) VT,

whose uncertainty distribution is

Y(x;t) = Ti(z;t) A Tola;t) A Ys(z;t) A Ya(x;t).
The 99 method yields that the system lifetime T'(x, £) is

0.01 | 0.02|0.03|---1]0.99
S1 S2 83 | -+ | S99
where N
4
k
Ztlj A \/ t4J
= j=1
T2 s
k k
D AV 8
— Jj=1 Jj=1
S, = max 2o s T4
Dot A\t A\
j:l j:l j:l

for k=1,2,---,99.

Zt A\/t?»aA\/tsy
7j=1

(2.82)

(2.83)

(2.84)

(2.85)
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System Reliability Model

By system reliability we mean M{T(x,&) > T°}, i.e., the uncertain measure
that the system lifetime is greater than or equal to the given time T°. If we
want to maximize the system reliability under a cost constraint, then we use
the following system reliability model,

max M{T (z, &) > T}
subject to:
Cx)<C

x > 1, integer vector.

(2.86)

When Y(x;t) determined by (2.83) is a continuous function with respect to
t, the above model is equivalent to

max 1 — T (z;7°)

subject to:
_ (2.87)
Cxz)<C
x > 1, integer vector
where T (z;T°) may be approximately estimated by
k
Y(x;T°) = 100’ if s, <T° < 541 for some k (2.88)
and s1, S92, , Sgg are given by the 99 method in (2.84).

Numerical Experiment

Assume that all the element lifetimes are lognormal uncertain variables,
&ij ~ LOGN (4,1), j=1,2,--- 2 i=12---,5.
We also assume that the costs of one element in components i are
¢, =100x4¢, ¢=1,2,--- 5.
If the total capital available is C' = 2000, then we have a cost constraint
100z + 20022 + 300z3 4 40024 + 50025 < 2000.

A run of computer program (http://orsc.edu.cn/liu/resources.htm) shows
that the optimal redundancy number is

' =(1,3,1,1,1)

whose total cost is 1900 and system reliability M{T («*,£&) > 6} is 0.92 in
uncertain measure.
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2.8 Project Scheduling Problem

Project scheduling problem is to determine the schedule of allocating re-
sources so as to balance the total cost and the completion time. Project
scheduling problem is a hot topic. The study of project scheduling problem
with uncertain factors was started by Liu [129] in 2009. This section presents
an uncertain programming model for project scheduling problem.

Project scheduling is usually represented by a directed acyclic graph where
nodes correspond to milestones, and arcs to activities which are basically
characterized by the times and costs consumed.

Figure 2.2: A Project Graph

Let (V,A) be a directed acyclic graph, where V = {1,2,--- ;n,n + 1} is
the set of nodes, A is the set of arcs, (,j) € A is the arc of the graph (V, A)
from nodes i to j. It is well-known that we can rearrange the indexes of the
nodes in 'V such that i < j for all (4,5) € A.

Before we begin to study project scheduling problem with uncertain ac-
tivity duration times, we first make some assumptions: (a) all of the costs
needed are obtained via loans with some given interest rate; and (b) each
activity can be processed only if the loan needed is allocated and all the
foregoing activities are finished.

In order to model the project scheduling problem, we introduce the fol-
lowing indices and parameters:

&;;: uncertain duration time of activity (¢,7) in A;

®;;: uncertainty distribution of &;;;

ci;: cost of activity (4, ) in A;

r: interest rate;

x;: integer decision variable representing the allocating time of all loans
needed for all activities (,7) in A.

Starting Times

For simplicity, we write £ = {&;; : (1,7) € A}, © = (21,22, -+ ,zp), and each
uncertain duration time ;; is represented by the 99 method as

0.0110.02]0.03]---]0.99
1 2 3 99
by |ty |ty ||ty

(2.89)
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Let T;(x, &) denote the starting time of all activities (¢, ) in A. According
to the assumptions, the starting time of the total project (i.e., the starting
time of of all activities (1, ) in A) should be

Tl(QJ,f) = (290)

whose uncertainty distribution is

0, if z<umx;
Uy(x;2) = 2.91
1(@:2) { 1, ifz>x ( )
and is produced by the 99 method as
0.01 | 0.02 | 0.03|---]0.99 (2.92)
I I X e T

Generally, suppose that the starting time Ty (x, €) of all activities (k,j) in A
has an uncertainty distribution ¥y (x;z) and is produced by the 99 method
as

0.01]0.02 0.03|---]0.99
2.93
ve | Ye | ve |l w (293)
Then the starting time T;(x, €) of all activities (7, j) in A should be
(k,i)eA
whose uncertainty distribution is
0, if z < x;
Vi(w; 2) = min  sup Ug(x;21) A Pri(22), if 2> ay (2.95)
(E3)EA 21 4+20=2
and is produced by the 99 method as
0.01 e 0.99
zV e (g 8) | [V max G+ 4) (2.96)
where y,i,y,%, e ,yzg are determined by (2.93). This recursive process may

produce all starting times of activities.

Completion Time

The completion time T'(x, €) of the total project (i.e, the finish time of all
activities (k,n+ 1) in A) is

T(w€)= | max {Ti(@ &)+ &) (2.97)
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whose uncertainty distribution is

(x; 2) PR k(@5 21) A Pp 1 (22) (2.98)

and is produced by the 99 method as

0.01 0.99

Tyl 99 | 799
max t . max ¢
(km+1)€fl(yk+ k’"ﬂ) (k,n+1)6A(yk + k.,n+1)

(2.99)

where y},y2,- -+ ,y;p? are determined by (2.93).

Total Cost

Based on the completion time T'(x, £), the total cost of the project can be
written as
Ola, €)= Y ¢y (1+7)T@8=] (2.100)
(i,5)eA
where [a] represents the minimal integer greater than or equal to a. Note
that C'(x, &) is a discrete uncertain variable whose uncertainty distribution
is described by

Tl @)= 3 ey (14p)/7 @] (2.101)
(i,j)eA

for 0 < a < 1. Note that T(x, ) is obtained by the recursive process and
produced by the 99 method as

0.0110.02]0.03]|---1]0.99 (2.102)
51 | S2 | 83 |- | S99
Thus the total cost C(x, &) is produced by the 99 method as
0.01 e 0.99
Z cij (1+7) [si—zi] [ | Z ¢ij (1+7) [s99—; ] (2.103)
(4,5)€A (i,5)€eA

Project Scheduling Model

If we want to minimize the expected cost of the project under the completion
time constraint, we may construct the following project scheduling model,
min E[C(@,€)
subject to:
M{T(2,€) <T°} > a

x > 0, integer vector

(2.104)
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where T° is a due date of the project, « is a predetermined confidence level,
T(x, &) is the completion time defined by (2.97), and C(x, £) is the total cost
defined by (2.100). This model is equivalent to

+oo
min/ (1—="(xz;2))dz
0
subject to: (2.105)
U(x;T%) > «

x > 0, integer vector

where WU is determined by (2.98) and T is determined by (2.101). Note
that the completion time T'(x,&) and total cost C(x, &) are obtained by
the recursive process and are respectively represented by the 99 method as
follows,

0.01|0.02 [ 0.03|---]0.99
S1 52 83 | | S99
(2.106)
0.01 | 0.02 | 0.03|--- ] 0.99
C1 C2 C3 | | C99
Thus the project scheduling model is simplified as follows,
min (¢; +ca+ -+ + c99)/99
subject to:
) , . (2.107)
k/100 > aif s, > T
x > 0, integer vector.

Numerical Experiment
Assume that all duration times of activities are linear uncertain variables,
&ij ~ L(34,35), VY(i,j) e A
and assume that the costs of activities are
ci;j=1t+7j, V(,j) €A

In addition, we also suppose that the interest rate is r = 0.02, the due
date is T° = 60, and the confidence level is & = 0.85. A run of computer
program (http://orsc.edu.cn/liu/resources.htm) shows that the optimal allo-
cating times of all loans needed for all activities are

Date || 7 | 11| 13| 23 | 26|29
Node || 1 | 4|3 27|65
Loan || 12 |11 |27 | 22 | 14| 13

whose expected total cost is 166.8, and M{T'(z*, &) < 60} = 0.89.
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2.9 Vehicle Routing Problem

Vehicle routing problem (VRP) is concerned with finding efficient routes,
beginning and ending at a central depot, for a fleet of vehicles to serve a
number of customers.

Figure 2.3: A Vehicle Routing Graph

Due to its wide applicability and economic importance, vehicle routing
problem has been extensively studied. Liu [129] first introduced uncertainty
theory into the research area of vehicle routing problem in 2009. In this
section, vehicle routing problem will be modelled by uncertain programming.

We assume that (a) a vehicle will be assigned for only one route on which
there may be more than one customer; (b) a customer will be visited by one
and only one vehicle; (c) each route begins and ends at the depot; and (d) each
customer specifies its time window within which the delivery is permitted or
preferred to start.

Let us first introduce the following indices and model parameters:

1 = 0: depot;

1=1,2,--- ,n: customers;

k=1,2,---,m: vehicles;

D;;: travel distance from customers i to j, ¢,7 =0,1,2,--- ,n;

T;j: uncertain travel time from customers 7 to j, ¢,7 =0,1,2,--- ,n;
®;;: uncertainty distribution of Tj;, 4,5 = 0,1,2,--- ,n;

[a;, b;]: time window of customer 4, i = 1,2,--- n.

Operational Plan

In this book, the operational plan is represented by Liu’s formulation [119]
via three decision vectors x, y and t, where

x = (z1,29, - ,2,): integer decision vector representing n customers
with 1 < z; <nand z; # z; forall i # 7, 4,5 = 1,2,--- ,n. That is, the
sequence {x1,xa9, - ,x,} is a rearrangement of {1,2,--- n};

Yy = (y1,Y2, * ,Ym—1): integer decision vector with yo =0 < y; < yo <

S Ym—1 S N= Y
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t = (t1,t2, - ,tm): each ty represents the starting time of vehicle k at
the depot, K =1,2,--- ,m.

We note that the operational plan is fully determined by the decision
vectors @, y and t in the following way. For each k (1 < k <m), if yp = yx_1,
then vehicle k is not used; if yx > yr_1, then vehicle & is used and starts from
the depot at time ¢, and the tour of vehicle kis 0 — z,, 41 — Ty, _,42 —

- — x4, — 0. Thus the tours of all vehicles are as follows:

Vehicle 1: 0 — ‘T’yo-‘rl — xy0+2 — e —» xyl N 0,

Vehicle 2: 0 — @y, 41 — Ty, 42 — - — Ty, — 0;

Vehicle m: 0 — x,, 41— Ty, 142 — - — Ty, — 0.

Y Y Y Y3

© 66 0o ® e

Figure 2.4: Formulation of Operational Plan

It is clear that this type of representation is intuitive, and the total number
of decision variables is n + 2m — 1. We also note that the above decision
variables @, y and t ensure that: (a) each vehicle will be used at most one
time; (b) all tours begin and end at the depot; (c) each customer will be
visited by one and only one vehicle; and (d) there is no subtour.

Arrival Times

Let f;(x,y,t) be the arrival time function of some vehicles at customers 4
fori=1,2,---,n. We remind readers that f;(x,y,t) are determined by the
decision variables ¢, y and ¢, i = 1,2, --- ,n. Since unloading can start either
immediately, or later, when a vehicle arrives at a customer, the calculation of
fi(z,y,t) is heavily dependent on the operational strategy. Here we assume
that the customer does not permit a delivery earlier than the time window.
That is, the vehicle will wait to unload until the beginning of the time window
if it arrives before the time window. If a vehicle arrives at a customer after
the beginning of the time window, unloading will start immediately. For each
k with 1 < k < m, if vehicle k is used (i.e., yx > yx_1), then we have

fmyk_1+1 (z,y.t) =t, + TOar:yk_lJrl (2.108)

and

fzyk,l-ki (33, Y, t) :firyk71+j—1 (wv Yy, t)\/azyk71+J'—1+T$yk,1+j—1xyk,1+j (2109)
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for 2 < j < yp — yx—1. It follows from the uncertainty of travel times Tj;’s
that the arrival times f;(x,y,t), i = 1,2,--- ,n are uncertain variables fully
determined by (2.108) and (2.109).

Assume that each travel time 7j; from customers ¢ to j is represented by
the 99 method as

0.011]0.02]0.03]---10.99
1 2 3 99
G |t |ty | | b

(2.110)

If the vehicle & is used, i.e., yx > yk—1, then the arrival time f;, ., (x,y,t)
at the customer z,, 41 is an uncertain variable whose uncertainty distribu-
tion is

Voo (@Y b5 2) = Qo 4, (2 — th) (2.111)

and is produced by the 99 method as

0.01 0.02 0.99 (2.112)
T 2 99 .
tk + towyk71+1 tk; + towyk71+1 e tk + toxyk71+1

Generally, suppose that the arrival time f, ., , (x,y,t) has an uncertainty
distribution ¥, (2), and is produced by the 99 method as

p—1ti—1

0.01 0.02 e 0.99
T 2 [ s (2.113)

Typ_1+i—1 Typ_1+i—1 Tyg_1+i—1

Note that the arrival time f;, (z,y,t) at the customer x,, ,4; has an

uncertainty distribution

1t
. . *
L (x,y,t;2) 721ig£):;1]%k71+-7—1 (z1) A Py 1Tyt (z2) (2.114)
where
0, ifz <az, ..

Vo i (2) = { (2.115)

\IJa:yk71+j71(Z), if z Z aa:yk71+j—1

for 2 < j < yr — yk—1. Thus the arrival time f,, (z,y,t) is produced by
the 99 method as

0.01 0.99
1 99
Smyk71+j—l v amyk,lﬂ‘—l Smyk71+j—1 v azyk71+j—l (2.116)
1 99
+tw'yk71+j*1w’yk71+j +t$yk71+jflxyk71+j
1 2 299 : ;
where s, o .sp 00,8y, ., are determined by (2.113). This

recursive process may produce all arrival times at customers.
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Travel Distance

Let g(x,y) be the total travel distance of all vehicles. Then we have

9@, y) = > gr(x,y) (2.117)
k=1
where
yr—1 )
gk<£L‘, y) _ DOxyk,1+1 + j:kaEIJrl D;ijj+1 + nyko, if Yk > Yk—1
0, if yo = yr—1

fork=1,2,--- ,m.

Vehicle Routing Model

If we hope that each customer i (1 < ¢ < n) is visited within its time window
[a;, b;] with confidence level a; (i.e., the vehicle arrives at customer ¢ before
time b;), then we have the following chance constraint,

M{fi(z,y,t) <b;} > a. (2.118)

If we want to minimize the total travel distance of all vehicles subject to the
time window constraint, then we have the following vehicle routing model,

ming(x,y)
subject to:
MAfi(z,y,t) <b;} >a;, i=1,2,---,n
1<z;<n, i=12,---,n (2.119)

l'i?é.’L'j, 7’75.]) iaj:1727"'an
0<y1<y2<--<yYm-1<m

x5y, +=12,---,n, j=12,--- ,m—1, integers

which is equivalent to

min g(x, y)
subject to:
U (x,y,t;:0;) >, 1=1,2,---,n
1<z;<n, 1=12,---.,n (2.120)

.Ti?él'j, Z#]a ivj:]-72a'”7n
0<y1 <y2 < <yYm-1<n

Y5, t=12,---.n, j=12,--- m—1, integers
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where ¥; are uncertainty distributions determined by (2.111) and (2.114) for
i = 1,2,--- ,n. Note that all arrival times f;(x,y,t), i = 1,2,--- ,n are
obtained by the 99 method and are respectively represented by

0.01]0.02|0.03|---|0.99

si | st | st [ | sV
0.01]0.02|0.03|---]0.99

53 53 s3 |- ] 890 (2.121)
0.01]0.02|0.03|---|0.99

T [ 52 | &3 | ... s

Thus the vehicle routing model is simplified as follows,

min g(x, y)
subject to:
k/100 > o if s¥ > b;, i=1,2,---,n
l<wi<n, i=12--.n (2.122)

xi#xjv 27&]7 iaj:132a"'7n
0<y1 <Y< <Ym-1<n

LiyYj, i:172a"'7n7 j:1727"'7m*1, integers.

Numerical Experiment

Assume that there are 7 customers with the following time windows,

Node Window Node Window
1 [7:00,9 :00] 5 [15: 00,17 : 00]
2 [7:00,9 :00] 6 19: 00,21 : 00
3 [15: 00,17 : 00] 7 19: 00,21 : 00
4 [15: 00,17 : 00]

and each customer is visited within time windows with confidence level 0.90.
We also assume that the distances are

D”:|Z_]|7 i7j:071a2a"'77
and travel times are normal uncertain variables
Tij ~N@2li—jl.1), i,j=0,1,2,-- 7.

A run of computer program (http://orsc.edu.cn/liu/resources.htm) shows
that the optimal operational plan is

Vehicle 1: depot— 1 — 3 —depot, starting time: 6:18
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Vehicle 2: deport— 2 — 5 — 7 —depot, starting time: 4:18
Vehicle 3: depot— 4 — 6 —depot, starting time: 8:18

whose total travel distance is 32.

2.10 Facility Location Problem

Facility location problem is to find locations for new facilities such that the
conveying cost from facilities to customers is minimized. Facility location
problem has been studied for half a century because of its widely practical
application backgrounds. In practice, some factors such as demands, allo-
cations, even locations of customers and facilities are usually changing. Liu
[119] first introduced uncertainty theory into facility location problem and
constructed some facility location models via uncertain programming.

In order to model facility location problem, we use the following indices,
parameters, and decision variables:

1=1,2,---,n: facilities;

7 =1,2,--- ,m: customers;

(a;,b;): location of customer j, 1 < j < my;

&;: uncertain demand of customer j, 1 < j < m;

®,: uncertainty distribution of £;;

s;: capacity of facility i, 1 < i < n;

(x;,y;): decision vector representing the location of facility ¢, 1 < i < n;

z;;: quantity supplied to customer j by facility ¢ after the uncertain de-
mands are realized, 1 <i<n, 1 <j<m.

Conveying Cost

Write £ = (1,62, -+ ,&m). Each uncertain demand &; of customer j (1 <
J < m) is represented by the 99 method as

0.01 | 0.02 | 0.03 | --- | 0.99
1 2 3 99
dj | dj | dj |-~ | d;

(2.123)

At each level o = £/100 (1 < k < 99), the demand vector & becomes

Note that the customers may be supplied by multiple facilities, rather than
the nearest facility only. The feasible allocation set of z corresponding to dy,
is represented by

Zij 207 1= ]-727"' » 1, ]:1727 , M

n
Z:dkv ‘:1,27"'7
Zy, = z!géj i d " . (2.125)

m
ZZUSS“ i:1727"'an
i=1
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Note that Z; may be an empty set for some k. The minimal conveying cost
from facilities to customers is

C(x,ylk) = zrreuzrizz,z”\/ yi — bj)? (2.126)

=1 j=1

whose optimal solution z* is called the optimal allocation corresponding to
d. If Z;, = 0, then the demands of some customers are impossible to meet.
For this case, as a penalty, we set

C(z,ylk) = 72; [oa df /(i — a;)? + (yi — bj)2. (2.127)

X
<n

Since the conveying cost C(x,y, £) is an increasing function with respect to
£, it is produced by the 99 method as

0.01 0.02 0.03 |- 0.99
C(z,yl1) | C(z,y|2) | C(z,y[3) | --- | C(z,y|99)

where C(x,yl|k) are determined by (2.126) and (2.127) for k = 1,2,---,99.
Note that the expected conveying cost may be approximately determined by

(2.128)

E[C(x,y,€)] = (C(z,y|1) + C(z,y|2) + - + C(z,9|99))/99.  (2.129)

Facility Location Model

In order to minimize the expected conveying cost, we have the following
facility location model,

min BC(x,y, £)]
subject to: (2.130)
gj(way) < 07 .7 = 1727"' D
where g;(x,y) <0, j =1,2,---,p represent the potential region of locations

of new facilities. By using (2.129), the facility location model is simplified as
follows,

subject to: (2.131)
gj(may)SO,j:LQ’...?p.

2.11 Machine Scheduling Problem

Machine scheduling problem is concerned with finding an efficient schedule
during an uninterrupted period of time for a set of machines to process a
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set of jobs. Much of research work has been done on this type of problem
during the past five decades. The study of machine scheduling problem with
uncertain processing times was started by Liu [129] in 2009.

In a machine scheduling problem, we assume that (a) each job can be
processed on any machine without interruption; and (b) each machine can
process only one job at a time. We also use the following indices and param-
eters:

1=1,2,--- ,n: jobs;

k=1,2,--- ,m: machines;

&i1: uncertain processing time of job ¢ on machine k;

®,: uncertainty distribution of &;.

How to Represent a Schedule?

The schedule is represented by Liu’s formulation [119] via two decision vectors
x and y, where

x = (x1,x2, - ,xy,): integer decision vector representing n jobs with
1<z;<nandx; #x; foralli#j,¢75=1,2,---,n. That is, the sequence
{x1,22, -+ ,x,} is a rearrangement of {1,2,--- ,n};

Yy = (y1,Y2, "+ ,Ym—1): integer decision vector with yo =0 < y; < yo <

S Ym—1 SN = Y-

We note that the schedule is fully determined by the decision vectors x
and y in the following way. For each k (1 < k < m), if yp = yx—1, then the
machine k is not used; if yr > yx_1, then the machine k is used and processes
jobs @y, 41,%y, 42, -+, %y, in turn. Thus the schedule of all machines is
as follows,

Machine 1: @y 41 — Zyg+2 — -+ — Ty

Machine 2: 2y, 11 = @y, 42 = -+ = Ty (2.132)

Machine m: @y, 41 — Ty, _142 = " — Ty,.-

Completion Times

Let C;(x,y, &) be the completion times of jobs i, i = 1,2, --- ,n, respectively.
For each k with 1 < k < m, if the machine k is used (i.e., yr > yx—1), then
we have

Cfl?yk71+1 (Jl,y,ﬁ) = gmyk71+lk (2133)

and
Oxyk—lJrj (.’1}, Y, E) = Cﬁyk71+j71 (.’I}, Y, E) + €£Eyk71+jk (2134)

for 2 <j <wyr —yr-1.
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Assume that each uncertain processing time &;, of job ¢ on machine j is
represented by the 99 method as

0.01[0.02[0.03 [ --- [0.99
ti | O [ B [ [ R

(2.135)

If the machine k is used, then the completion time C;, ., (z,y,&) of job
Ty,_,+1 18 an uncertain variable whose uncertainty distribution is

‘I’$yk,1+1 (Z) = q)xyk71+1k(z) (2.136)

and is produced by the 99 method as

0.01 0.02 ‘e 0.99
sk 2 .| 899 (2.137)
Typ_1+1 Typ_1+1 Typ _1+1

Generally, suppose that the completion time C,, (x,y, &) has an un-

k—1ti—1

certainty distribution ¥, . ,(2) and is produced by the 99 method as

0.01 0.02 e 0.99
T ) . 099 (2.138)

Lyp_1+i—1 Lyp_1+i—1 Ly _1+i—1

Then the completion time C,.

I (z,y, &) has an uncertainty distribution

Vet (2) = sup \Ilryk,ﬁj—l(zl) A (I)%k,ﬁj—lk('z?) (2.139)

21+z22=2

and is produced by the 99 method as

0.01 e 0.99
T T 99 99
smyk—ﬁrﬂ'*l + Ty, _1+i—1k Szyk—1+j71 Ty, _1+i-1k
1 2 Q99 :
where s, .%ot Sy, ., are determined by (2.138), and
1 2 L. 499 ; .
twyk,lﬂqk’twyk,lﬂqk’ ’twyk,lﬂqk are determined by (2.135). This re

cursive process may produce all completion times of jobs.

Makespan

Note that, for each k (1 < k < m), the value Cy, (x,y,§) is just the time
that the machine £ finishes all jobs assigned to it, and is produced by the 99
method as

0.01{0.02|---10.99
T p) 599 (2.140)
xyk xyk; ZCyk:

Thus the makespan of the schedule (x,y) is determined by

f(z,y,§) = max Cp (z,y,8) (2.141)

1<k<m
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whose uncertainty distribution is

T(z) = min ¥, (z) (2.142)

1<k<m

and is produced by the 99 method as

0.01 0.02 e 0.99
1 2 99 .
\/ S'T“yk \/ Szyk e \/ Swyk
k=1 k=1 k=1

Machine Scheduling Model

In order to minimize the expected makespan E[f(x,y,£)], we have the fol-
lowing machine scheduling model,

min E[f(z,y, §)]
subject to:

1<z, <n, 1=1,2,---.,n
I'Z#‘T]a 7’7&]7 7’7]:1727an
0<yi<y2---<Ym-1<n

(2.144)

i Y5, t=1,2,---,m, j=12---,m—1, integers.

By using (2.143), the machine scheduling model is simplified as follows,

min(\/ s;yk + \/ Siyk +~-'+k\_/13?;2k> /99

k=1 k=1
subject to:
1<z, <n, 1=12,---,n (2.145)

xi#xjv Z#]v ivj:]-72v"‘;n
0<y1<y2- <Ym-1<n

i Y5, t=12,---,mn, j=12,---,m—1, integers.



Chapter 3

Uncertain Process

An uncertain process is essentially a sequence of uncertain variables indexed
by time or space. The study of uncertain process was started by Liu [128]
in 2008. This chapter introduces the basic concepts of uncertain process, in-
cluding renewal process, martingale, Markov process and stationary process.

3.1 Definitions

Definition 3.1 (Liu [128]) Let T be an index set and let (I',L, M) be an
uncertainty space. An uncertain process is a measurable function from T X
(T, £, M) to the set of real numbers, i.e., for each t € T and any Borel set B
of real numbers, the set

{X;eB}={yel| X,(v) € B} (3.1)
18 an event.

That is, an uncertain process X;() is a function of two variables such
that the function Xy« (y) is an uncertain variable for each ¢*.

Definition 3.2 For each fized v*, the function Xy (v*) is called a sample
path of the uncertain process X;.

Definition 3.3 An uncertain process X; is said to be sample-continuous if
almost all sample paths are continuous with respect to t.

Definition 3.4 An uncertain process X; is said to have independent incre-
ments if
th - Xt(J) th - Xt1a Tt ka - th,I (32)

are independent uncertain variables for any times tog < t; < --- < t.
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Definition 3.5 An uncertain process X; is said to have stationary incre-
ments if, for any given t > 0, the increments Xs1¢ — Xs are identically
distributed uncertain variables for all s > 0.

Definition 3.6 For any partition of closed interval [0,t] with 0 =t < tg <
co- < tgy1 = t, the mesh is written as

A= 11— til.
g2 M —

Let m > 0 be a real number. Then the m-variation of uncertain process X
18

k
1 X" = i{%; | X1 — X, (3.3)

provided that the limit exists almost surely and is an uncertain process. Es-
pecially,

k
1X]: = iiglOZ; | X, +1 — Xu, (3.4)

1s called total variation, and

k

IXIE = Jim D X0 = X (3.5)
=1

18 called the squared variation of uncertain process Xy.

3.2 Renewal Process

Definition 3.7 (Liu [128]) Let &1,&a,- -+ be id positive uncertain variables.
Define Sy =0 and S,, =& + & + -+ &, forn > 1. Then the uncertain
process
= < .
N; rrrllg())c {n | S, < t} (3.6)

1s called a renewal process.

If £&,&, -+ denote the interarrival times of successive events. Then .S,
can be regarded as the waiting time until the occurrence of the nth event, and
Ny is the number of renewals in (0,¢]. The renewal process N; is not sample-
continuous. But each sample path of N; is a right-continuous and increasing
step function taking only nonnegative integer values. Furthermore, the size
of each jump of N, is always 1. In other words, Ny has at most one renewal
at each time. In particular, N; does not jump at time 0. Since N; > n is
equivalent to S5, < ¢, we immediately have

M{Ny = n} = M{S, < t}. (3.7)
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& &2 €3 &4
So Sl SQ 53 54

Figure 3.1: A Sample Path of Renewal Process

Since N; < n is equivalent to S, 41 > ¢, by using the self-duality axiom, we
immediately have

M{N, <n}=1—M{Sy41 < t}. (3.8)

Theorem 3.1 Let N; be a renewal process with uncertain interarrival times
£1,&, -+ If those interarrival times have a common uncertainty distribution
®, then N; has an uncertainty distribution

Ti)=1-d (dﬂ) Va0 (3.9)

where | x| represents the maximal integer less than or equal to x.

Proof: Note that S,;; has an uncertainty distribution ®(z/(n 4+ 1)). It
follows from (3.8) that

t
NN <) = 1= Ml <1h =1-0 ().

Since V; takes integer values, for any x > 0, we have

Ti(w) = M{N; < 2} = M{N; < |a]} = 1_q>(mt+1>.

The theorem is verified.

Theorem 3.2 Let N; be a renewal process with uncertain interarrival times
&1,&, -+ If those interarrival times have a common uncertainty distribution

o, then
E[N,] = i ® (2) . (3.10)
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Tt(ﬂf)
Te(5)
T:(4) ¢ -
T:(3) T—E
Ti2) | i :
Y1)
i X
0 1 2 3 4 5

Figure 3.2: Uncertainty Distribution Y; of Renewal Process N

Proof: Since N, takes only nonnegative integer values, it follows from the
definition of expected value and Theorem 3.1 that

E[N,] = /000(1 — Ty(z))da = g:o(l — T.(n))
Yo (i) =20 (5)

Thus the theorem is verified.

Theorem 3.3 (Renewal Theorem) Let Ny be a renewal process with uncer-

tain interarrival times £1,&2,--- Then
. E[N] 1
1 =F|—]. 3.11
SR {51] (311

If those interarrival times have a common uncertainty distribution ®, then
E|N, tee /1
lim EIN] :/ P <> dx. (3.12)
t—oo t 0 X

If the uncertainty distribution ® is reqular, then

. E[N{] /1 1
1 = dov. 1
AT S e (3.13)

Proof: The uncertainty distribution T; of N, has been given by Theorem 3.1.
It follows from the operational law that the uncertainty distribution of N;/t
is

Uy(z) = Ty(te) =1 - @ (me“)

where |tz] represents the maximal integer less than or equal to [tz|. Thus

+oo
EIN :/ (1 — W, (z))da.

t 0
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On the other hand, 1/¢; has an uncertainty distribution 1 — ®(1/z) whose

expected value is
1 tee /1
& 0 z

Note that )
1-T(z) <@ (> , Vt,x
T
and )
tlim (1=Ty(z)) =2 (x) , V.

It follows from Lebesgue dominated convergence theorem that

EIN] . [t +o00
lim [t ]Ztlir&/o (1—\Ilt(;v))dx:/0 @(i) dsz{;].

Furthermore, since the uncertainty distribution of 1/£ has an inverse function
/@711 — «), we get

b E] - /01 e /01 T

The theorem is proved.

E[Ny]/t
lim L[Nt]

t—o0 t

Figure 3.3: Average Renewal Number E[N;]/t

Example 3.1: A renewal process N; is called a linear renewal process if
&1,&, -+ are iid linear uncertain variables £(a, b) with a > 0. Tt follows from
the renewal theorem that
. E[Ny] Inb—Ina
lim = .
t—o0o t b—a

(3.14)

Example 3.2: A renewal process N; is called a zigzag remewal process if
&1,&,- -+ are iid zigzag uncertain variables Z(a, b, ¢) with a > 0. It follows
from the renewal theorem that

. E[N] 1 <lnb—lna 1nc—lnb)
lim = - .

3.15
t—oo ¢ 2 b—a + c—b ( )
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Example 3.3: A renewal process N, is called a lognormal renewal process
if &,&,- -+ are iid lognormal uncertain variables LOGN (e, o). If o < 7/+/3,
then

E|N,
tlim % = V3o exp(—e) csc(V30). (3.16)
—00
Otherwise, we have
tlim @ = +00. (3.17)

3.3 Martingale

Definition 3.8 An uncertain process X, is called martingale if it has inde-
pendent increments whose expected values are zero.

3.4 Markov Process

Definition 3.9 An uncertain process X; is called Markov if, given the value
of X3, the uncertain variables Xs and X,, are independent for any s >t > u.

3.5 Stationary Process

Definition 3.10 An uncertain process Xy is called stationary if for any pos-
itive integer k and any times t1,ta, -+ ,tr and s, the uncertain vectors

(thaXt27" . 7th) and (Xt1+S7Xt2+sa”' ath—‘,-s) (318)

are identically distributed.



Chapter 4

Uncertain Calculus

Uncertain calculus, invented by Liu [130] in 2009, is a branch of mathematics
that deals with differentiation and integration of function of uncertain pro-
cesses. We will introduce canonical process, uncertain integral, chain rule,
and integration by parts.

4.1 Canonical Process

Definition 4.1 (Liu [180]) An uncertain process C is said to be a canonical
process if

(i) Co = 0 and almost all sample paths are Lipschitz continuous,

(i) Cy has stationary and independent increments,

(iii) every increment Csyy — Cy is a normal uncertain variable with expected
value 0 and variance t2.

Cy

Figure 4.1: A Sample Path of Canonical Process

Note that almost all sample paths of canonical process are Lipschitz con-
tinuous functions, but almost all sample paths of Brownian motion are con-
tinuous but non-Lipschitz functions. If we say Brownian motion describes
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the irregular movement of pollen with infinite speed, then we may say the
canonical process describes the irregular movement of pollen with finite speed.

Theorem 4.1 (Existence Theorem) There is a canonical process.

Proof: Without loss of generality, we only prove that there is a canonical
process on the range of t € [0,1]. Let

{&(r) | r represents rational numbers in [0,1]}

be a countable sequence of independently normal uncertain variables with
expected value zero and variance one. For each integer n, we define an
uncertain process

1o~ (i k
fE -, ift=-— (k=0,1,---,n
X,(t) = n11£<n> n ( )
linear, otherwise.

Since the limit
lim X, (¢)

n—oo

exists almost surely, we may verify that the limit meets the conditions of
canonical process. Hence there is a canonical process.

Theorem 4.2 Let C; be a canonical process. Then for each time t > 0, the
ratio Ci/t is a normal uncertain variable with expected value 0 and variance
1. That is,
C
St N(0,1) (4.1)
for any t > 0.

Proof: It follows from the definition of canonical process that at each time
t, Cy is a normal uncertain variable with uncertainty distribution

O(z) = (1 + exp (—%))1 .

Thus Ct/t has an uncertainty distribution

U(z) = b(tz) = (1 + exp <\7T/§>>1 .

Hence C}/t is a normal uncertain variable with expected value 0 and variance
1. The theorem is verified.
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Theorem 4.3 Let C; be a canonical process. Then for any level x € R and
any time t > 0, we have

M{C, < 2} = (1 + exp (—\%))1 : (4.2)

M{C; > 2} = (1 + exp <\7/r§t>)_l . (4.3)

Proof: Since C; is a normal uncertain variable with expected value 0 and
variance t2, we get (4.2) immediately. The equation (4.3) may be derived

from M{C; > z} =1 - M{C; < z}.

Arithmetic Canonical Process

Definition 4.2 Let C; be a canonical process. Then for any real numbers e
and o,

At =et+ O'Ct (44)

1s called an arithmetic canonical process, where e is called the drift and o is
called the diffusion.

At each time ¢, A; is a normal uncertain variable N (et, ot). That is, the
expected value E[A;] = et and variance V[A;] = 0%t? at any time ¢.

Geometric Canonical Process

Definition 4.3 Let C; be a canonical process. Then for any real numbers e
and o,
G = exp(et + oCy) (4.5)

1s called a geometric canonical process, where e is called the log-drift and o
1s called the log-diffusion.

At each time ¢, Gy is a lognormal uncertain variable LOGN (et,at). If
t < m/(0\/3), then E[Gy] = v/3otexp(et) csc(v/3at). However, when t arrives
at 7/(cv/3), we have E[Gy] = +oo.

4.2 Uncertain Integral

Definition 4.4 (Liu [130]) Let X; be an uncertain process and let Cy be a
canonical process. For any partition of closed interval [a,b] with a = t; <
ty < --- <tpy1 =0b, the mesh is written as

A= 1§ia§Xk |ti+1 - tz| (46)
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Then the uncertain integral of X; with respect to Cy is
b k
/ X, dCy = iigOZXti (Chpy — Chy) (4.7)
@ i=1
provided that the limit exists almost surely and is an uncertain variable.

Example 4.1: Let C; be a canonical process. Then for any partition 0 =
t) <ty <--- <tpp1 =8, we have

s k
/0 dc; = giin();(ctm —C)=Cy—Cy = Cs.

Example 4.2: Let C; be a canonical process. Then for any partition 0 =
t) <to <--- <tpy1 =s, we have

k
OE - Z (075211+1 - Ct%)

=1
k k

= Z (Oti+1 - Cti)Q +2 thz (Ct1:+1 - Otz)
=1 =1

— 0+2/S C’tdCt

0

as A — 0. That is,
s 1
/ C,dCy = =C2.
0 2

Example 4.3: Let C; be a canonical process. Then for any number «
(0 < a < 1), the uncertain process

= /0 (s —£)-*dC; (4.8)

is called a fractional canonical process with index «. At each time s, Fy is a
normal uncertain variable with expected value 0 and variance
22«

V[Fs] = (1 — 04)2 . (49)

Example 4.4: Generally, let C; be a canonical process and let f(¢) be an
integrable function with respect to t. Then the uncertain integral

/ S f(H)dCy (4.10)
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is a normal uncertain variable with expected value 0 and variance

(/0 |f(t)|dt)2. (4.11)

4.3 Chain Rule

Theorem 4.4 (Liu [130]) Let Cy be a canonical process, and let h(t,c) be a
continuously differentiable function. Define X; = h(t,Cy). Then we have the
following chain rule

oh oh
X, = —-(t,Cr)dt + = -(t, C)dCy. (4.12)

Proof: Write ACy; = Ci1ar—Cp = Ca¢. Then At and AC; are infinitesimals
with the same order. Since the function h is continuously differentiable, by
using Taylor series expansion, the infinitesimal increment of X, has a first-
order approximation

oh oh
AX, = 5 (L, C)AL+ 51, CAC.

Hence we obtain the chain rule because it makes
5 Oh 5 Oh
X, = X, —(t, Cy)dt — (¢, Cy)dC

for any s > 0.

Remark 4.1: The infinitesimal increment dC; in (4.12) may be replaced
with the derived canonical process

dY;g = utdt + vtdC't (413)

where u; and v; are absolutely integrable uncertain processes, thus producing

dn(t,Y;) = g—?(t,Y;)dt + %(t,mdn (4.14)

Example 4.5: Applying the chain rule, we obtain the following formula
d(tCy) = Cydt 4 tdC.

0 0 0

/ tdCt = SCS — Ctdt
0

0

Hence we have

That is,
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Example 4.6: Applying the chain rule, we obtain the following formula

d(C?) = 2C,dC;.
Then we have 5 s

Cc? = / d(c?) = 2/ C,dC,.

0 0
It follows that s .

/ CdCy = 50?

0

Example 4.7: Applying the chain rule, we obtain the following formula
d(C?) = 3C2dC,.
Thus we get
cs = /Osd(Cf) - 3/08 c2ac,

That is s )
/ C?dC, = -C3.
0 3

4.4 Integration by Parts

Theorem 4.5 (Integration by Parts) Suppose that Cy is a canonical process
and F(t) is an absolutely continuous function. Then

/OS F(t)dCy = F(s)Cs — /OS CydF(t). (4.15)
Proof: By defining h(t,C;) = F(t)C; and using the chain rule, we get
d(F(t)Ct) = CdF(t) + F(t)dCy.
Thus s . s
Fs)C, = / A(F(H)C)) = / CLdF () + / F(H)dC;
which is just (4.15). i i i

Example 4.8: Assume F(¢t) = 1. Then by using the integration by parts,
we immediately obtain
S
/ dC; = Cs.
0

Example 4.9: Assume F(t) = t. Then by using the integration by parts,
we immediately obtain

/ tdCt = SCS — Ctdt
0

0
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Example 4.10: Assume F(t) = t2. Then by using the integration by parts,
we obtain

S S S
/ t2dC, = s2C, —/ Cidt? = s?C, — 2/ tC,dt
0 0 0

= (5% = 25)C, + 2/‘ Cydt.
0

Example 4.11: Assume F(t) = sint. Then by using the integration by
parts, we obtain

/ sintdC; = Cssins — / Cidsint = Cgsins — / C costdt.
0 0 0






Chapter 5

Uncertain Differential
Equation

Uncertain differential equation, proposed by Liu [128] in 2008, is a type of dif-
ferential equation driven by canonical process. This chapter will discuss the
existence, uniqueness and stability of solutions of uncertain differential equa-
tions. This chapter also presents some applications of uncertain differential
equation in finance, filtering, and control.

5.1 Uncertain Differential Equation

Definition 5.1 (Liu [128]) Suppose C; is a canonical process, and f and g
are some given functions. Then

is called an uncertain differential equation. A solution is an uncertain process
X that satisfies (5.1) identically in t.

Remark 5.1: Note that there is no precise definition for the terms dXj,
dt and dC, in the uncertain differential equation (5.1). The mathematically
meaningful form is the uncertain integral equation

Xo=Xo+ [ 6500+ [ glt Xcn (5.2)
0 0

However, the differential form is more convenient for us. This is the main
reason why we accept the differential form.

Example 5.1: Let C; be a canonical process. Then the uncertain differential

equation
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has a solution
Xt =at + th (54)

which is just an arithmetic canonical process.

Example 5.2: Let C} be a canonical process. Then the uncertain differential
equation
dXt = aXtdt + bXtdOf (55)

has a solution
X = exp (at + bCY) (5.6)

which is just a geometric canonical process.

Example 5.3: Let u; and v; be some continuous functions with respect to
t. Consider the homogeneous linear uncertain differential equation

dXt = ’U,tXtdt + UtXtdCt. (57)

It follows from the chain rule that

X
dtht = % = utdt + vtdC’t.

t

Integration of both sides yields

t t
InX; —InXy = / ugds +/ v,dC.
0 0

Therefore the solution of (5.7) is

t t
X; = Xgexp (/ ugds —|—/ vst's> ) (5.8)
0 0

Example 5.4: Suppose u1q, uog, V14, U2y are continuous functions with respect
to t. Consider the linear uncertain differential equation

dXt = (ultXt + Ugt)dt + (UltXt + UQt)dCt. (59)

At first, we define two uncertain processes U; and V; via

AU, = ug, Uydt + v, U, dCy, dVy = 20ar + 2240,
U, U,

Then we have X; = U,;V; because
dX; = ,dU; + U,dV;
= (w1t U Vi + uge)dt + (v1:U Vi + v24)dCy
= (01 Xt + ug)dt + (v1:. X + v9;)dCy.
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Note that , .
U; = Uy exp (/ uysds +/ vlSdCS> ,
0 0
Vi =V, +/t“2sds+/t”2sdc
t — VO 0 Us 0 Us S
Taking Uy = 1 and V; = Xy, we get a solution of the linear uncertain
differential equation as follows,
t U2s ¢ V2s
Xt = Ut exp (X() +/ ds +/ dcg> (510)
o Us o Us
where

t t
U; = exp </ uy.ds +/ vlstS> . (5.11)
0 0

Example 5.5: Let C; be a canonical process. Then the special linear un-
certain differential equation

dXt = (m — aXt)dt + odCt (512)

has a solution
¢
X, = % + exp(—at) (Xo - %) + Uexp(—at)/ exp(as)dCs (5.13)
0

provided that a # 0.

5.2 Existence and Uniqueness Theorem

Theorem 5.1 (Chen and Liu [17], Existence and Uniqueness Theorem) The
uncertain differential equation

has a unique solution if the coefficients f(x,t) and g(x,t) satisfy the Lipschitz
condition

and linear growth condition
|f(z,t)] + |g(z,t)| < L(1 + |z]), VzeR,t>0 (5.16)

for some constant L. Moreover, the solution is sample-continuous.
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Proof: We first prove the existence of solution by a successive approximation
method. Define X” = X, and

x™ = x, +/tf (Xg"—U,s) ds—&-/tg (Xgn—l),s) ac,
0 0

forn=1,2,--- and write

Di"(7) = max,

for each v € T'. It follows from the Lipschitz condition and linear growth
condition that

t t
s/o |f(Xovv)\d'U+Kw/0 19(Xo, v)| dv
< (14 [ Xo)) L(1 + K )t

where K., is the Lipschitz constant to the sample path C;(y). In fact, by
using the induction method, we may verify

LM 1+ K)o
(n+1)!

DI (7) < (1+ | Xol)

for each n. This means that, for each sample ~y, the paths Xt(k) () converges

uniformly on any given interval [0,7]. Write the limit by X;(v) that is just
a solution of the uncertain differential equation because

t t
Xt :XO+/ f(sts)d8+/ g(Xs,s)ds.
0 0

Next we prove that the solution is unique. Assume that both X; and X
are solutions of the uncertain differential equation. Then for each v € T, it
follows from the Lipschitz condition and linear growth condition that

t
X0) = X; ()] < L0+ K5) [ 1%,0) = X0l
By using Gronwall inequality, we obtain
[ Xe(7) = X7 (M) <0 exp(L(1 + K5)t) = 0.

Hence X; = X;. The uniqueness is proved. Finally, let us prove the sample-
continuity of X;. The Lipschitz condition and linear growth condition may
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produce

1X,(7) - Xa(9)] = v)dv + / 9(Xo(7), 0)dC, (7)

14+ K,)(14|Xo|) exp(L(1 4+ K5)t)(t — s)

— (0 as s — t.

Thus X, is sample-continuous and the theorem is proved.

5.3 Stability

Definition 5.2 (Liu [180]) An uncertain differential equation is said to be
stable if for any given kK > 0 and € > 0, there exists § > 0 such that for any
solutions X; and Yy, we have

M{X:—Y >k}<e, VE>0 (5.17)
whenever | Xg — Yp| < 4.

In other words, an uncertain differential equation is stable if for any given
k> 0, we have

lim  M{|X, - Y| >rK}=0, Vt>0. (5.18)
| X0—Yo|—0

Example 5.6: The uncertain differential equation dX; = adt+bdC; is stable
since for any given k > 0 and € > 0, we may take 6 = k and have

M{X: =Y >k} =M{|Xo - Y| >} =M{0} =0<e
for any ¢ > 0 whenever | Xy — Yp| < 4.

Example 5.7: The uncertain differential equation dX; = X,dt + bdC; is
unstable since for any given x > 0 and any different initial solutions Xy and
Yy, we have

M{|X, — Vil > 5} = M{exp(t) X — Yol > s} = 1
provided that ¢ is sufficiently large.
Theorem 5.2 (Chen [20], Stability Theorem) Suppose u; and vy are contin-

uous functions such that

S +oo
sup/ updt < +00, / |vg]dt < +o00. (5.19)
s>0Jo 0

Then the uncertain differential equation
dXt = ’LLtXtdt + 'UtXtdCt (520)

is stable.
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Proof: It has been proved that the unique solution of the uncertain differ-
ential equation dX; = u, X;dt 4+ v, X, dC} is

t t
X; = Xpexp (/ ugds +/ vsts) .
0 0

Thus for any given x > 0, we have

¢ ¢
M{|X: — Y| > K} :M{|X0—Y0|exp (/ usds—|—/ deC’s) >K}
0 0

t . t
=M / USdCS>ln7—/ usds}—>0
{ 0 |Xo—Yo| Jo

as | Xo — Yo| — 0 because

¢ ¢
/ v,dC NN(O,/ |U3|d8>
0 0

is a normal uncertain variable with expected value 0 and finite variance, and

" t
In——— — / ugsds — +o00.
| Xo = Yol Jo

The theorem is proved.

Theorem 5.3 (Chen [20], Stability Theorem) Suppose uy and vy are contin-
uous functions such that

sup

s —+oo
s>0 |Jo 0

Then the uncertain differential equation
dXt = UtXtdt + UtdCt (522)
is stable.

Proof: It has been proved that the unique solution of the uncertain differ-
ential equation dX; = u; X;dt + v¢dCy is

t t s
X, =exp (Xo —|—/ ugds —|—/ Vg €XP (—/ urdr) dCS) .
0 0 0

Thus for any given x > 0, the uncertain measure M{|X; — Y;| > «} is just

t s t
M / Vg €X (—/ urdr) dCs > In r —/ usds} —0
{ o TP s exp(Xo) —exp(%)]  Jo
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as | Xo — Yo| — 0 because

t s t s
/ Vg EXP </ urdr> dCy ~ N (O,/ |vs| exp (/ urdr) ds)
0 0 0 0

is a normal uncertain variable with expected value 0 and finite variance, and

. t
In — / usds — 400.
|exp(Xo) —exp(Yo)|  Jo

The theorem is proved.

5.4 Uncertain Finance

If we assume that the stock price follows some uncertain differential equation,
then we may produce a new topic of uncertain finance. As an example, Liu
[130] supposed that the stock price follows geometric canonical process and
presented a stock model in which the bond price X; and the stock price Y;
are determined by

dXt = TXtdt
(5.23)

dY; = eYidt + oY dC;

where r is the riskless interest rate, e is the stock drift, o is the stock diffusion,
and C} is a canonical process.

European Call Option Price

A European call option gives the holder the right to buy a stock at a speci-
fied time for specified price. Assume that the option has strike price K and
expiration time s. Then the payoff from such an option is (Y; — K)T. Con-
sidering the time value of money resulted from the bond, the present value
of this payoff is exp(—rs)(Ys — K)T. Hence the European call option price
should be the expected present value of the payoff,

Je = exp(—rs)E[(Y; — K)"]. (5.24)

It is clear that the option price is a decreasing function of interest rate r.
That is, the European call option will devaluate if the interest rate is raised;
and the European call option will appreciate in value if the interest rate is
reduced. In addition, the option price is also a decreasing function of strike
price K.

Let us consider the financial market described by the stock model (5.23).
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Y,
» »/\l\’\/\r’\M/f\/

K/\/VV VV A\ v

Yy

0 s ¢

Figure 5.1: Payoff (Y; — K)* from European Call Option

The European call option price is

fo = exp(—rs)E|[(Yoexp(es + 0Cs) — K) 7|

+oo
= exp(—rs) M{Yyexp(es + 0Cs) — K > x}dx
0
+oo
= exp(—rs)Yp M{exp(es + oCs) > y}dy
K/Yo
+oo
= exp(—rs)Yp M{es+ oCs > Iny}dy
K/Yo

= exp(—7s)Y, /+°° (1 + exp <7r(111y—&9)>) - dy
° Jrvo V3os '

Thus Liu [130] derived the following European call option price formula,

fe = exp(—rs)Y; /Ktj (1 + exp <”(h:‘/y§;ses)>>l dy. (5.25)

European Put Option Price

A European put option gives the holder the right to sell a stock at a speci-
fied time for specified price. Assume that the option has strike price K and
expiration time s. Then the payoff from such an option is (K — Y;)*. Con-
sidering the time value of money resulted from the bond, the present value
of this payoff is exp(—rs)(K — Y,)". Hence the European put option price
should be the expected present value of the payoff,

fp = exp(—7rs)E[(K — Y)T]. (5.26)

It is easy to verify that the option price is a decreasing function of interest
rate r, and is an increasing function of strike price K.
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Let us consider the financial market described by the stock model (5.23).
The European put option price is
fp = exp(—7rs)E[(K — Yyexp(es + 0Cy)) "]
“+oo
= exp(—rs) M{K — Yyexp(es + 0Cy) > z}dx
0

+oo
= exp(—rs)Yp M{exp(es + 0Cs) < y}dy
K/Yo

K/Yo
= exp(frs)Yo/ M{es + 0Cs < lny}dy
0

K/Yo m(es —Iny)\\
= exp(—rs)Y; l+exp| ——= dy.
p( ) 0/0 < P< V305 )) Y

Thus Liu [130] derived the following European put option price formula,

fp = exp(—rs)Yo /OK/YO (1 +exp (W))_l dy. (5.27)

Multi-factor Stock Model

Now we assume that there are multiple stocks whose prices are determined
by multiple canonical processes. For this case, we have a multi-factor stock
model in which the bond price X; and the stock prices Y;; are determined by

dXt = TXtdt

n 5.28
dYy = e;Y;dt + Zaimtdcjt, i=1,2,--,m (5:28)

j=1
where r is the riskless interest rate, e; are the stock drift coefficients, oy

are the stock diffusion coefficients, C;; are independent canonical processes,
1= 1a2a"' , M, ] :1727"' y .

Portfolio Selection

For the stock model (5.28), we have the choice of m+1 different investments.
At each instant ¢ we may choose a portfolio (8¢, S1¢, -, Bme) (i-e., the in-
vestment fractions meeting 5; + f1¢ + - - - + Bme = 1). Then the wealth Z; at
time ¢ should follow the uncertain differential equation

AZ = rBiZedt + Y eiBuZedt + > > 048 Z4dCys. (5.29)
i=1 i=1 j=1

Portfolio selection problem is to find an optimal portfolio (8¢, Bit, -« 5 Bmt)
such that the expected wealth E[Z;] is maximized.



140 CHAPTER 5 - UNCERTAIN DIFFERENTIAL EQUATION

No-Arbitrage
The stock model (5.28) is said to be no-arbitrage if there is no portfolio

(Bt, B1ty -+ Bme) such that for some time s > 0, we have

M{exp(—rs)Zs > Zp} =1 (5.30)
and

M{exp(—rs)Zs > Zp} >0 (5.31)

where Z; is determined by (5.29) and represents the wealth at time ¢. We may
prove that the stock model (5.28) is no-arbitrage if and only if its diffusion
matrix

o111 012 O1n
021 022 02n
Om1 Om?2 e Omn

has rank m, i.e., the row vectors are linearly independent.

Stock Model with Periodic Dividends

Liu [140] assumed that a dividend of a fraction ¢ of the stock price is paid
at deterministic times 77,75, --- and presented a stock model with periodic
dividends,

(5.32)
Y;: = Yo(1 — 6)" exp(et + oCh)

where n; = max{i : T; < t} is the number of dividend payments made by
time t.

{ X; = Xoexp(rt)

Stock Model with Mean-Reverting Process

Peng [184] assumed that the stock price follows a type of mean-reverting
uncertain process and proposed the following stock model,
dX; = rX,dt
(5.33)
dY; = (m — aYy)dt + odC}
where r,m, @, 0 are given constants.

Currency Models

Liu [139] assumed that the exchange rate follows a geometric canonical pro-
cess and proposed a currency model with uncertain exchange rate,

dX; = eXydt + 0 X;dC; (Exchange rate)
dY; = uYidt (Yuan Bond) (5.34)
dZ; =vZydt (Dollar Bond)
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where e, 0, u,v are constants. If the exchange rate follows a mean-reverting
uncertain process, then the currency model with uncertain exchange rate is

dX; = (m — aXy)dt + 0dC;  (Exchange rate)
dY; = uYidt (Yuan Bond) (5.35)
dZ; =vZ;dt (Dollar Bond)

where m, o, o, u, v are constants.

5.5 Uncertain Filtering

One outstanding contribution to filtering problem is Kalman-Bucy filter when
the noise is assumed to be Brownian motion. If we suppose that the noise is
a canonical process instead of Brownian motion, how do we filter the noise
away from the observation?

Suppose an uncertain system X; is described by an uncertain differential
equation

dX; = f(t)Xdt + u(t)dC (5.36)
where C} is a canonical process. We also have an observation Y; with
dY; = g(t) X¢dt 4 v(t)d Dy, (5.37)

where Dy is another canonical process that is independent of C;. The filtering
problem is to find the best estimate of X; based on the observation Y;.

5.6 Uncertain Optimal Control

An uncertain optimal control system is assumed to follow an uncertain dif-
ferential equation

dXt = f(t, Xt7 n)dt + g(t, Xt, }Q)dct (538)

where X; is the state, Y; is a control, and C} is a canonical process. Assume
that R is the return function and T is the function of terminal reward. If we
want to maximize the expected return on [0, s] by using an optimal control,
then we have the following uncertain optimal control model,

t

max FE [/ R(t, X3, Y)dt + T'(s, Xs)
0

5.39
subject to: ( )

dX, = f(t, X, Y)dt + g(t, Xy, Yy)dCy.

If we say Hamilton-Jacobi-Bellman equation provides a necessary condition
for extremum of stochastic optimal control model, then Zhu’s equation of
optimality [250] provides a necessary condition for extremum of uncertain
optimal control model.
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5.7 Uncertain Differential Equation with Jumps

In many cases the stock price is not continuous because of economic crisis
or war. In order to incorporate those into stock model, we should develop
an uncertain calculus with jump process. For many applications, a renewal
process Ny is sufficient. The uncertain integral of uncertain process X; with
respect to N, is

b k
/ X, dN, = A@OZXQ “(Nepyy = Ni)) = > Xi- (Ne = Nio). (5.40)
a i=1 a<t<b

Definition 5.3 Suppose C; is a canonical process, Ny is a renewal process,
and f,g,h are some given functions. Then

18 called an uncertain differential equation with jumps. A solution is an
uncertain process X; that satisfies (5.41) identically in t.
Example 5.8: Let C; be a canonical process and N; a renewal process.
Then the uncertain differential equation with jumps

dXt = adt + de’t + CdNt
has a solution X; = at + bCy 4+ ¢N; which is just a jump process.

Example 5.9: Let C; be a canonical process and N; a renewal process.
Then the uncertain differential equation with jumps

dXt = aXtdt + bXtdCt + CXtht

has a solution X; = exp (at + bC; 4+ ¢N;) which may be employed to model
stock price with jumps.



Chapter 6

Uncertain Logic

Uncertain logic was designed by Li and Liu [99] in 2009 as a generalization
of mathematical logic for dealing with uncertain knowledge via uncertainty
theory. A key point in uncertain logic is that the truth value of an uncertain
proposition is defined as the uncertain measure that the proposition is true.
Another important contribution is the truth value theorem by Chen and
Ralescu [18] that provides a numerical method for calculating the truth value
of uncertain formulas.

One advantage of uncertain logic is the well consistency with classical
logic. For example, uncertain logic is consistent with the law of excluded
middle and law of contradiction.

6.1 Uncertain Proposition

Definition 6.1 An uncertain proposition is a statement whose truth value
1s quantified by an uncertain measure.

That is, if we use £ to express the uncertain proposition and use ¢ to express
its truth value in uncertain measure, then the uncertain proposition £ is
essentially an uncertain variable

1 with uncertain measure ¢
= (6.1)

0 with uncertain measure 1 — ¢

where £ = 1 means ¢ is true and £ = 0 means £ is false.

Example 6.1: “Tom is tall with truth value 0.7” is an uncertain proposition,
where “Tom is tall” is a statement, and its truth value is 0.7 in uncertain
measure.

Example 6.2: “Beijing is a big city with truth value 0.9” is an uncertain
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proposition, where “Beijing is a big city” is a statement, and its truth value
is 0.9 in uncertain measure.

Definition 6.2 Uncertain propositions are called independent if they are in-
dependent uncertain variables.

Example 6.3: If ¢ and n are independent uncertain propositions, then for
any x and y taking values either 0 or 1, we have

)N(m=y)} =M =a} AM{n =y},
YU =y} =M=} VvM{n=uy}

6.2 Connective Symbols
In addition to the proposition symbols ¢ and 7, we also need the negation

symbol —, conjunction symbol A, disjunction symbol V, conditional symbol
—, and biconditional symbol <. Note that

—£ means “not £”; (6.2)

&V 1 means “€ or n”; (6.3)
ENn=-(=€V-m) means “€ and n”; (6.4)

& —n=(=¢ Vnmeans “if £ then n”; (6.5)
Eon=(&—-n) A(n— & means “¢ if and only if n”. (6.6)

6.3 Uncertain Formula

An uncertain formula is a finite sequence of uncertain propositions and con-
nective symbols that must make sense. For example, let £, 1,7 be uncertain
propositions. Then

X=-¢ X=€EAn X=(@EVvn —rT

are all uncertain formulas. However, =V ¢, £ — V and &n — 7 are not for-
mulas. Note that an uncertain formula X is essentially an uncertain variable
taking values 0 or 1. If X =1, then X is true; if X = 0, then X is false.

Definition 6.3 Uncertain formulas are called independent if they are inde-
pendent uncertain variables.
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6.4 Truth Function

Assume X is a formula containing propositions &1, &s, - -+ , &, It is well-known
that there is a function f : {0,1}" — {0,1} such that X = 1 if and only if
f(&1,&, -+ ,&,) = 1. Such a Boolean function f is called the truth function
of X.

Example 6.4: The truth function of formula & V & (& or &) is
fL1) =1, f(1,0)=1, f(0,1)=1, f(0,0)=0.
Example 6.5: The truth function of formula £ A & (&1 and &) is
f(L,1) =1, f(1,0)=0, f(0,1)=0, f(0,0)=0.
Example 6.6: The truth function of formula £ — & (if & then &) is
f(L,1) =1, f(1,00=0, f(0,1)=1, f(0,0)=1.
Example 6.7: The truth function of & « & (& if and only if &) is

fQ,1)=1, f(1,00=0, f(0,1)=0, f(0,0)=1.

Example 6.8: The truth function of £ V & — &3 is given by

f(,1,1)=1, f(1,0,1)=1, f(0,1,1)=1, f(0,0,1)=1,
f(1,1,0)=0, f(1,0,0)=0, f(0,1,0)=0, f(0,0,0)=1.

6.5 Truth Value

Truth value is a key concept in uncertain logic, and is defined as the uncertain
measure that the uncertain formula is true.

Definition 6.4 (Li and Liu [99]) Let X be an uncertain formula. Then
the truth value of X is defined as the uncertain measure that the uncertain

formula X is true, i.e.,
T(X)=M{X =1}. (6.7)

The truth value is nothing but an uncertain measure. The truth value
T(X) = 1 means X is certainly true, T(X) = 0 means X is certainly false,
and T(X) = 0.5 means X is totally uncertain. The higher the truth value is,
the more true the uncertain formula is.

Example 6.9: Let £ and 1 be two independent uncertain propositions with
truth values a and b, respectively. Then

TE) =M{=1}=aqa, (6.8)
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T(=) =M{{=0}=1—a, (6.9)

TEvn) =MV =1} =M{({=1) U =1}=aVb, (6.10)
TEAn) =MEAn =1} =M{(E=1)N(n=1)} =anb, (6.11)
T(E—n)=T(-¢Vn) =(1—a)Vb. (6.12)

6.6 Laws

Theorem 6.1 (Law of Excluded Middle) For any uncertain formula X, we
have
T(XV-X)=1. (6.13)

Proof: It follows from the definition of truth value and property of uncertain
measure that

TXV-X)=M{XVv-X=1}=M{(X=1)U((X=0)}=1.
The theorem is proved.

Theorem 6.2 (Law of Contradiction) For any uncertain formula X, we
have
T(XAN-X)=0. (6.14)

Proof: It follows from the definition of truth value and property of uncertain
measure that

TXA-X)=M{XAN-X=1}=M{(X=1)Nn(X =0)} =M{0} =0.
The theorem is proved.

Theorem 6.3 (Law of Truth Conservation) For any uncertain formula X,
we have
TX)+T(—X)=1 (6.15)

Proof: It follows from the self-duality of uncertain measure that
TEX)=M{-X=1}=M{X=0}=1-M{X =1} =1-T(X).
The theorem is proved.

Theorem 6.4 (De Morgan’s Law) For any uncertain formulas X andY, we
have
T(~(X AY)) =T((-X)V (7Y)), (6.16)

T(~(X VY)) = T((~X) A (=Y)). (6.17)
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Proof: It follows from the basic properties of uncertain measure that

T(+(XAY)) = M{X AY =0} = M{(X = 0)U (Y = 0)}
=M{(-X)V (=Y) =1} =T((=X) vV (-Y))

which proves the first equality. A similar way may verify the second equality.
The theorem is proved.

Theorem 6.5 (Law of Contraposition) For any uncertain formulas X and
Y, we have
TX —-Y)=T-Y — -X). (6.18)

Proof: It follows from the basic properties of uncertain measure that

T(X —Y) = M{(-X)VY = 1} = M{(X = 0) U (Y = 1)}
:M{Y\/ (—\X) = 1} = T(—\Y — —\X).

The theorem is proved.

Theorem 6.6 (Monotonicity and Subadditivity) For any uncertain formulas
X and Y, we have

TXH)VTY)<T(XVY)<T(X)+T(). (6.19)
Proof: It follows from the monotonicity of uncertain measure that
TXVY) =M{XVvY=1}=M{(X=1HU(Y =1}
>M{X=1}vM{Y =1} =TX)VvTY).
It follows from the subadditivity of uncertain measure that
TXVY) =M{XVvY=1}=M{(X=1HU(Y =1)}
<M{X =1} +M{Y =1} =T(X)+T(YV).
The theorem is verified.
Theorem 6.7 For any uncertain formulas X and Y, we have
TX)+TY)-1<T(XAY)<T(X)ANT(Y). (6.20)
Proof: It follows from the monotonicity of truth value that

T(XAY)=1-T(-XV-Y)<1-T(~X)VT(=Y)
= (1-T(-X)) A (1 - T(=Y)) = T(X) AT(Y).

It follows from the subadditivity of truth value that

T(XAY)=1-T(-XV-Y)>1— (T(~X) + T(-Y))
—1-(1-T(X)) - (1-T(Y)) =T(X)+T(Y) - 1.

The theorem is proved.
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Theorem 6.8 For any uncertain formula X, we have

T(X - X)=1, (6.21)
T(X < X) =1, (6.22)
T(X - -X)=1-T(X). (6.23)

Proof: It follows from the law of excluded middle and law of truth conser-
vation that

TX -X)=T-XVX)=1,
TXX)=T(X—-X)AN(X—-X)=T(X - X) =1,
T(X - -X)=T-XVv-X)=T-X)=1-T(X).

The theorem is proved.

Independence Case

Theorem 6.9 If two uncertain formulas X and Y are independent, then we
have

T(XVY)=T(X)VT(Y), T(XAY)=T(X)AT(Y). (6.24)

Proof: Since X and Y are independent uncertain formulas, they are inde-
pendent uncertain variables. Hence

T(XVY)=M{XVY =1} = M{X =1} VM{Y =1} = T(X) VT(Y),
T(XAY)=M{XAY =1} = M{X = 1} AM{Y =1} =T(X) AT(Y).

The theorem is proved.

Theorem 6.10 If two uncertain formulas X and Y are independent, then
we have

T(X -Y)=(1-T(X))VT(Y). (6.25)

Proof: Since X and Y are independent, the formulas =X and Y are also
independent. It follows that

T(X —»Y)=T(-XVY)=T(~X)VT(Y)=(1-T(X))VT(Y)

which proves the theorem.
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6.7 Truth Value Theorem

Theorem 6.11 (Chen and Ralescu [18], Truth Value Theorem) Assume that
&1,&, -+ &, are independent uncertain propositions with truth values ay, as,

-, ap, respectively. If X is an uncertain formula containing &1,&2, - ,&n
with truth function f, then the truth value of X is

sup min v;(x;),
flzy,wa, o z,)=115i50

if sup min v;(x;) < 0.5

T(X)= s LIRS (6.26)

1- sup min v;(x;), ’
F(@1,32, 2n)=0 1SS0

if sup min v;(x;) > 0.5
fla1,@0, a,)=1 1550 o

where x; take values either 0 or 1, and v; are defined by

a;, foZ:]_
i(Ti) = . 6.27
vi(:) {1—ai, ifx; =0 ( )

fori=1,2,---  n, respectively.
Proof: Since X =1 if and only if f(&1,&2, -+ ,&,) = 1, we immediately have
T(X) =M{X =1} = M{f (&1, &2, , &) = 1}

It follows from the operational law and independence of uncertain proposi-
tions that

sup min M{¢; € B;},
f(B1,Ba, - ,By)=1151<n t I
if sup min M{¢; € B;} > 0.5
f(BlaBZy“' 7Bn):1 l<isn
T(X)=< 1- sup min M{¢; € B},
.f(Bl)B27"' 7Bn):0 1Sl§n
if sup min M{¢&; € B;} > 0.5
f(B1,Ba, ,By)=015isn
0.5, otherwise

where By, By, - -, By, are subsets of {0, 1}, and f(By, Ba,--- , B,) = 1 means

flxy, @0, -+ ,xy) = 1 for any z1 € By,29 € Ba,--- ,x, € B,. Please also
note that
for © = 1,2,--- ;n. The argument breaks down into three cases. Case 1:
Assume

sup min v;(x;) < 0.5.

fl@1,@2, - an)=115iSn
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Then we have

sup min M{¢; € B;} > 0.5.
f(B1,Ba,- ,By)=01%i<n
Thus
T(X)=1- sup min M{¢; € B;} = sup min v;(x;).

f(B1,Ba,- ,By)=0 1515 flae1,za, on)=115i<n

Case 2: Assume

sup min v;(x;) > 0.5.
flzy,ma, o x,)=11550
Then we have
sup min M{¢; € B;} > sup min v;(x;) > 0.5.
f(B1,B2,- ,By,)=1151=n ' ' f(@1,m2, x,)=115i5n o
Thus
T(X) = sup min M{¢ € B} =1-— sup min v;(z;).
f(B1,Ba, - ,By)=1151sn ' ' Fan,aa, e wn)=01Sisn

Case 3: Assume

sup min v;(x;) = 0.5.

f(@1,@0,0 zn)=1 15050 o
Then we have
sup min M{¢; € B;} > 0.5
f(B1,B2, - ,By)=115isn
and
sup min M{¢; € B;} > 0.5.
f(B1,Bs, -, By)=0151Sn
Thus
T(X)=05=1-— sup min v;(x;).
flar,@a, - wn)=0 1SS0

The theorem is proved.

Example 6.10: Let &1,&,--- ,&, be independent uncertain propositions
with truth values a1, as, - , a,, respectively. For any integer k with 1 < k <
n)

X = “at least k propositions of &1,&s, -+, &, are true” (6.28)

is an uncertain formula. It is obvious that the truth function is

1, ifey+a0+--+x, >k

f(xhl‘g,...,xn)—{()) 1fx1+$2++$”<k
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The truth value theorem may produce the truth value T'(X). Without loss
of generality, we assume a1 > as > -+ > a,. When a; < 0.5, we have

sup min v;(x;) = ap < 0.5.
f(wl,wm'” ’w'n):]- l<isn

It follows from the truth value theorem that

T(X) = sup min v;(x;) = ag.
fl@1,@2, on)=115150 o

When a; > 0.5, we have

1 . ) — ] . 1 — > 0.5.
f(znmsru'l'),zn):l 1r§nilﬁnn vil@:) = ar A k+r1nSHil§n(aZ VI @) 2 05

It follows from the truth value theorem that

TX)=1- sup min v;(z;) =1 — (1 — ag) = ax.
fz1,m0, - 1y )=0 1SS

Thus we always have T(X) = ai. That is,
T(X) = the kth largest value of a1, az,- -, ay,. (6.29)
When k =1, it is clear that T'(X) is just the largest value, i.e.,
T(EVEV - VE)=arVagV---Vay. (6.30)
When k = n, it is clear that T'(X) is just the smallest value, i.e.,
TE NS N ANE) =ar Nag A+ A ay. (6.31)
Example 6.11: Let £ and & be independent uncertain propositions with
truth values a; and as, respectively. Then
X=86 <& (6.32)
is an uncertain formula. It is clear that the truth function is
f(1,1)=1, f(1,00=0, f(0,1)=0, £(0,0)=1.

Let us calculate its truth value T'(X) by the truth value theorem. When
ap > 0.5 and ag > 0.5, we have

sup  min v;(7;) = max{a; A az, (1 —a1) A (1 —az)} = a1 Aag > 0.5.
flz1,x2)=1 1<i<2

It follows from the truth value theorem that

T(X) = 1_f( Sup) Olrgjg;ﬁ(xi) = l—max{(1—a1)Aaz, a1 A(1—a2)} = a1 Aas.
r1,22)=0"="=
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When a; > 0.5 and as < 0.5, we have

sup  min v;(z;) = max{a; Aas, (1—a1)A(1—az)} = (1—ay)Vas < 0.5.
f(z1,22)=1 1<i<2

It follows from the truth value theorem that

T(X) = in vi(z;) = (1— .
(%) f(zf}alcf):llglilg‘z%(x’) (1-a)Ve,

When a; < 0.5 and as > 0.5, we have

sup  min v;(x;) = max{a; Aag, (1—a1)A(1—az)} = a1 V(l—az) <0.5.
fla1,me)=1 1502

It follows from the truth value theorem that

T(X)= sup min v;(x;) = a1 V(1 —as).
(X) S (i) ( )

When a; < 0.5 and as < 0.5, we have

sup  min v;(x;) =max{aiAaz, (1—a1)A(1—a2)}=(1—a1)A(1—az) > 0.5.
f(wl,wg):11§l§2

It follows from the truth value theorem that

T(X)=1— sup min vi(z;)=1—a1Vaz=(1—a1)A(l—ag).
f(I17w2)20 1<:i<2

Thus we have

a1 A as, if a1 > 0.5 and ay > 0.5
1—a1)Vas, if a; > 0.5 and ay < 0.5

T(X) = (1-a)va, ifa ? (6.33)
a1V (1 —as), if a; < 0.5 and ay > 0.5

(I—a1) A(1—a2), ifa; <0.5andaz <0.5.
Example 6.12: Let £ and & be independent uncertain propositions with
truth values a; and as, respectively. Then
X = “& or & and not both” (6.34)
is an uncertain formula. It is obvious that the truth function is
f(1,1)=0, f(1,00=1, f(0,1)=1, f(0,0)=0.

Let us employ the truth value theorem to calculate the truth value T'(X).
When a; > 0.5 and as > 0.5, we have

sup  min v;(z;) =max{ai1A(1-az), (1—a1)Aaz} = (1-a1)V(1—az) < 0.5.
f(@1,m0)=115152



SECTION 6.8 - TRUTH VALUE SOLVER 153

It follows from the truth value theorem that

TN = ) = 0=V (10

When a; > 0.5 and as < 0.5, we have

sup  min v;(x;) = max{a; A(1—az),(1—a1)Aaz} = a1 A(l—az) > 0.5.
flwr,m2)=1 15152

It follows from the truth value theorem that

T(X)=1- sup minv(z;)=1-(1-a))Vaz=arA(l~a)
f(x1,22)=0 1<i<2

When a; < 0.5 and as > 0.5, we have

sup  min v;(z;) = max{ai A(1—a3),(1—ai)Aaz} = (1—az)Aas > 0.5.
f(z1,12)21 1<i<2

It follows from the truth value theorem that

TH) =1~ o min vi(z;)) =1—a1 V(1 —a2) =(1—a1)Aas.
f(z1,22)=0 1<i<2

When a; < 0.5 and as < 0.5, we have

sup  min v;(z;) = max{a; A (1 —ag),(1 —a1) Aaz} = a1 Vag <0.5.
f(wy,m0)=1 15152

It follows from the truth value theorem that

T(X)= sup min y(x;) =ay Vas.
flaran=115i52

Thus we have

(I—a1)V(l—ay), ifa; >0.5anday > 0.5

ay A (1 —asg), if ay > 0.5 and as < 0.5

T(X) = 1A =), i 2 ? (6.35)
(1 —aq) A aq, if a1 < 0.5 and as > 0.5
a1V as, if a1 < 0.5 and as < 0.5.

6.8 Truth Value Solver

Truth Value Solver is a software for computing the truth values of uncertain
formula based on the truth value theorem. This software may be downloaded
from http://orsc.edu.cn/liu/resources.htm. Now let us perform it via some
numerical examples.

Example 6.13: Assume that &1, &5, €3, &4, &5 are independent uncertain propo-
sitions with truth values 0.1,0.3,0.5,0.7,0.9, respectively. Let

X =(&NE&)V(E2NE)V(E3NE)V (4 NEs). (6.36)


http://orsc.edu.cn/liu/resources.htm#TruthValueSolver
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It is clear that the truth function is

1, ifzy+x9=2
1, ifzg+a23=2

flar,@o, 3,24, 25) =< 1, fzg+a4=2
1, ifzg+a5=2
0, otherwise.

A run of the truth value solver shows that T'(X) = 0.7.

Example 6.14: Assume that &1, &9, &3, &4, &5 are independent uncertain propo-
sitions with truth values 0.1,0.3,0.5,0.7,0.9, respectively. Let

X = “only 4 propositions of &1, &s,&3,&4, &5 are true”. (6.37)
It is clear that the truth function is

1, ifzi+axo+a3+24+25=4

T1, T2, T3, Ta, Tp) = )
J(@1, 22,23, 24, 35) {0, if 21 + 2o + T3 + T4 + 25 £ 4
A run of the truth value solver shows that T'(X) = 0.3.

Example 6.15: Assume that &1, &5, €3, &4, &5 are independent uncertain propo-
sitions with truth values 0.1,0.3,0.5,0.7,0.9, respectively. Let

X = “only odd number of propositions of &1, &, &3, &4, &5 are true”. (6.38)
It is clear that the truth function is

1, ifzy + 29+ 23+ 24 + 75 6{1,3,5}

T1,T2,T3,T4,T5) = .
flay, @2, 23,24, 25) {0, if 21 + 29 + 23+ x4 + x5 € {0,2,4}.

A run of the truth value solver shows that T'(X) = 0.5.



Chapter 7

Uncertain Entailment

Uncertain entailment, developed by Liu [131] in 2009, is a methodology for
calculating the truth value of an uncertain formula via the maximum uncer-
tainty principle when the truth values of other uncertain formulas are given.
In order to solve this problem, this chapter will introduce an entailment
model. As applications of uncertain entailment, this chapter will also discuss
modus ponens, modus tollens, and hypothetical syllogism.

7.1 Entailment Model

Assume &1,&9, -+, &, are independent uncertain propositions with unknown
truth values aq, s, - , a,, respectively. Also assume that Xy, X5, -+, X,
are uncertain formulas containing &1, &, -+ , &, with known truth values [y,
Ba, -, Bm, respectively. Now let X be an additional uncertain formula con-
taining &1,&2, -+ ,&,. What is the truth value of X7

This is just the uncertain entailment problem. In order to solve it, let us
consider what values oy, as, - -+ , a, may take. The first constraint is

0<a; <1, j=1,2,---,n. (7.1)
We also hope

T(X;) =6, i=1,2,--,m (7.2)
where each T(X;) (1 < i < m) is determined by the truth function f; as
follows,

sup min v;(z;),
fim1 @, my)=115IS0
if sup min v;(z;) < 0.5
fi(z1, @0, @n)=11255n
- Sup min v;(z;),
fi(z1,m2, - ,xn)=013]>
if sup min l/j(l'j) > 0.5
fi(z1,z0, @n)=11S55n
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and
g, if T = 1
i\t = 7.4
(25) {1—04j7 ifx; =0 (7.4)
for j =1,2,--,n.
Based on the truth values ay,as, - -, a, and truth function f, the truth
value of X is
sup min ]/(m)’
flz1,z2, ,xpn)=1 1<j<n I
if ~ sup min v;(z;) < 0.5
flx1,x2, - ,xn)=1 1<j<n AN
- sup min vj(z;),
fzi,@a, - 2n)=0 12550 I

if sup min v;(z;) > 0.5.
flzi,@a, - zn)=11255n A

Since the truth values a1, ag, -+ , o, are not uniquely determined, the truth
value T'(X) is not unique too. For this case, we have to use the maximum
uncertainty principle to determine the truth value 7'(X). That is, T'(X)
should be assigned the value as close to 0.5 as possible. In other words,
we should minimize the value |T(X) — 0.5] via choosing appreciate values of
1,2, ,0p.

In order to find the optimal solution (o, aq, -, a,), Liu [131] presented
the following entailment model,
min |T(X) — 0.5
subject to:
! (7.6)

T(Xl):ﬁl) i:172a"'7m

OSOZJ'SI, j:1,2,"',’ﬂ
where T(X1),T(X2), -+, T(Xm), T(X) are functions of aj,as,- - ,a, via
(7.3) and (7.5).

If the entailment model (7.6) has no feasible solution, then the truth
values (1,02, -, Bm are inconsistent with each other. For this case, we
cannot entail anything on the uncertain formula X.

If the entailment model (7.6) has an optimal solution (of,as,- -, k),
then the truth value of X is just (7.5) with
aj, ifr; =1
() = 7.7
i) { L—af, ifz;=0 (7.7)

forj=1,2,--- ,n.

Example 7.1: Let & and & be independent uncertain propositions with
unknown truth values oy and as, respectively. It is known that

T V&) =01, T NE)=/Fe. (7.8)
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What is the truth value of & — &7 In order to answer this question, we
write

X1=& V&, Xo=&G A&, X=& —&.
Then we have
T(X1) =a1Vas=pi,
T(Xz2) = a1 Aag = o,
T(X)=(1—-0o1)Vas.

For this case, the entailment model (7.6) becomes

min |(1 — ay) V ag — 0.5
subject to:
apVag =3
ap N ag = (B
0<a; <1
0<ay <1.

When (1 > (2, there are only two feasible solutions (a1, as) = (51, 82) and
(a1, a0) = (B2, 1) If 81 + P2 < 1, the optimal solution produces

TX)=(1-al)Vas=1-[04;
if 81 4+ (B2 = 1, the optimal solution produces
T(X)=(1—ai)Vaz = or b
if 81 4+ (B2 > 1, the optimal solution produces
T(X)=(1-a7)Vaz =ph.

When (3; < (32, there is no feasible solution and the truth values are ill-
assigned. As a summary, we have

1—p1, if B =Pz and B+ 2 <1
B1or B, if B1 > P2 and B + P2 =1

B2, if 81 > B2 and By + B2 > 1
illness, if B < Bs.

T — &) = (7.10)

Example 7.2: Let &,&2,&3 be independent uncertain propositions with
unknown truth values a1, as, a3, respectively. It is known that

T(§1 — &) =01, T(5 — &) =fa. (7.11)
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What is the truth value of £7 In order to answer this question, we write
X1=86 &, Xo=86—-§&, X=%&.
Then we have
T(X1) =(1~-a1)Vay=pi,
T(X2) = (1—a2)Vag=/ps,
T(X) = Q9.
For this case, the entailment model (7.6) becomes
min |ag — 0.5]
subject to:
(1—&1)\/0&2 Zﬁl
(1 - Otg) \ a3 = ﬂg (712)
0 S a1 S 1

Ogaggl
O§OL3§1.

The optimal solution (af, a3, %) produces

Bi, ifp1+pB2>1and B <05
1—0o, if f1+F2>1and B <0.5

0.5, if B >0.5and G > 0.5
illness, if 1 + B2 < 1.

T(&) = (7.13)

Example 7.3: Let &1,&,&3 be independent uncertain propositions with
unknown truth values aq, as, ag, respectively. It is known that

T(§1 — &) =01, T(& — &)= fa. (7.14)

What is the truth value of & — & A £37 In order to answer this question,
we write

X1=6—&,, Xo=86 -8, X=84—866NE.

Then we have
T(Xl) = (1 — 041) V Qg = 61,

T(X2) = (1 —a1)Vaz=ps,

T(X) = (1 — 0(1) \Y (042 N Olg).
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For this case, the entailment model (7.6) becomes

min [(1 — ay) V (a2 A ag) — 0.5
subject to:
I-a)Var=0
(I—o1)Vas=0 (7.15)
0<a; <1
0<ay <1
0<az<1.

The optimal solution (af, a3, af) produces T'(§1 — &2 A &3) = (1 A Po.

Example 7.4: Let &1,&,&3 be independent uncertain propositions with
unknown truth values a1, as, a3, respectively. It is known that

T(¢1 — &) =51, T(& — &) = Pe. (7.16)

What is the truth value of & — &5 V £37 In order to answer this question,
we write

X1=6—&, Xo=86 -8, X=8—6VE.

Then we have
T(X1)=(1

T(X2)=(1

a1) Vag = i,
a1) Vag = [,

T(X) = (1 —al) V as V as.

For this case, the entailment model (7.6) becomes

min [(1 —aq) Vaz Vag —0.5]
subject to:
I-a)Var=0
(I—o1)Vas=0 (7.17)
0<a; <1
0<ay <1
0<a3<1.

The optimal solution (af, a3, af) produces T'(§1 — &2 V &3) = (1 V Po.

Example 7.5: Let &1,&2,&3 be independent uncertain propositions with
unknown truth values a1, as, a3, respectively. It is known that

T(¢1— &) =51, T(& — &) = Pa. (7.18)
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What is the truth value of & V & — £37 In order to answer this question,
we write
X1=&—&, Xo=86—8G, X=VEE—E.
Then we have
T(X1)=(1—-oa1)Vas=0,
T(X2) = (1 —ag)Vaz =,
T(X)=(1—oa1Vag)Vas.
For this case, the entailment model (7.6) becomes
min|(1 — oy Vaz) Vas —0.5]
subject to:
(1—a1)Vaz=p
(1—ag)Vasg=05 (7.19)
0<a; <1
0<ay <1
0<a3<1.

The optimal solution (af, a3, af) produces T'(§1 V & — &3) = f1 A Pa.

Example 7.6: Let &1,&,&3 be independent uncertain propositions with
unknown truth values aq, as, ag, respectively. It is known that

T(1— &) =51, T(& — &) = Pe. (7.20)
What is the truth value of & A & — &37 In order to answer this question,
we write
Xi=& =&, Xo=86—-8, X=ANE—E6.
Then we have
T(X1)=(1—-a1)Vaz =0,
T(X2) =(1—az2)Vaz=fs,
T(X)=(1-oa1 Aaz) Vas.
For this case, the entailment model (7.6) becomes
min [(1 — a3 A ag) V az — 0.5
subject to:
(I-—a1)Vas=/p
(1-az)Vasg=[0 (7.21)
0<a; <1
0<ay <1
0<a3<1.

The optimal solution (af, a3, %) produces T'(§1 A &a — &3) = P11V Pa.
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7.2 Modus Ponens

Classical modus ponens tells us that if both £ and £ — 7 are true, then 7 is
true. This section provides a version of modus ponens in the framework of
uncertain logic.

Theorem 7.1 (Liu [131], Modus Ponens) Let £ and n be independent un-
certain propositions. Suppose & and £ — 1 are two uncertain formulas with
truth values By and B2, respectively. Then the truth value of i) is

ﬁ?» Zf ﬂl + 52 >1
T(n)=9 05AB2 if 1+PB2=1 (7.22)
illness, iof B1 + B2 < 1.

[a

fa

illness

0 A

Figure 7.1: Modus Ponens

Proof: Denote the truth values of £ and 1 by a; and «s, respectively, and
write
Xlzfv X2:§_>77a X:n

It is clear that
T(X1) =1 = pu,
T(Xz) = (1 - 051) Voag = ﬂg,
T(X) = Q9.
For this case, the entailment model (7.6) becomes
min |ag — 0.5]
subject to:
ar = f
(].—0[1)\/@2 :52
0 < (6731 < 1
0 S (%) S 1.

(7.23)
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When (7 + B2 > 1, there is only one feasible solution and then the optimal
solution is

OLT = /81, Oé; = 62.
Thus T'(n) = o = B2. When 31 4+ 3 = 1, the feasible set is {51} x [0, 2]
and the optimal solution is

o =f1, a5 =05A0.

Thus T'(n) = a3 = 0.5 A B2. When (8 + (2 < 1, there is no feasible solution
and the truth values are ill-assigned. The theorem is proved.

Remark 7.1: Different from the classical logic, the uncertain propositions
¢ and 7 in £ — n are statements with some truth values rather than pure
statements. Thus the truth value of £ — 7 is understood as

T —mn)=1=T()VT(n) (7.24)

Remark 7.2: Note that T'(n) in (7.22) does not necessarily represent the
objective truth degree of 7. For example, if T'(§) is small, then T'(n) is the
truth value that n might (not must) be true.

7.3 Modus Tollens

Classical modus tollens tells us that if £ — 7 is true and 7 is false, then £ is
false. This section provides a version of modus tollens in the framework of
uncertain logic.

Theorem 7.2 (Liu [131], Modus Tollens) Let & and n be independent un-
certain propositions. Suppose & — n and n are two uncertain formulas with
truth values B, and B2, respectively. Then the truth value of & is

1=, if 61> B2
TE)=q (1=5)VO05, ifBi=/ (7.25)
illness, if 01 < Do
Proof: Denote the truth values of ¢ and n by a; and as, respectively, and

write
Xlz‘f_”% X2:na X:£

It is clear that
T(X1)=(1—0a1)Va=p,

T(X2) = ag = P,
T(X) = Q.
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Pa
1

illness

1=p

b

0 1

Figure 7.2: Modus Tollens

For this case, the entailment model (7.6) becomes
min |o; — 0.5]
subject to:
(1-a)Vay=p
as = [
0<a <1
0<ay <1

(7.26)

When ;1 > [2, there is only one feasible solution and then the optimal
solution is

aﬂle_ﬁb a§:ﬂ2-
Thus T(¢) = af =1 — 1. When 81 = (35, the feasible set is [1 — 81, 1] x {52}
and the optimal solution is
ai=(1-B1)V05, a3 =ps.

Thus T(¢) = af = (1 — £1) V0.5. When 1 < f33, there is no feasible solution
and the truth values are ill-assigned. The theorem is proved.

7.4 Hypothetical Syllogism

Classical hypothetical syllogism tells us that if both £ — n and n — 7 are
true, then & — 7 is true. This section provides a version of hypothetical
syllogism in the framework of uncertain logic.

Theorem 7.3 (Liu [131], Hypothetical Syllogism) Let £,n, T be independent
uncertain propositions. Suppose & — 1 andn — T are two uncertain formulas
with truth values B1 and (o, respectively. Then the truth value of & — T is

Bi A B2, if f1 NP2 >0.5
T —7)= 0.5,  if fi+P2>1 and i APy <0.5 (7.27)
illness, if B1 + B2 < 1.
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B2
1
0.5
B1 A B2
illness 0.5
0 0

Figure 7.3: Hypothetical Syllogism

Proof: Denote the truth values of &,n,7 by a1, s, as, respectively, and
write
Xi=¢—n Xo=n—T1, X=(—oT

It is clear that

T(Xl) (1—0&1)\/0[2:ﬁ1,
T(X2)=(1—-az2)Vaz= [,
T(X) = (1 — 041) V as.

For this case, the entailment model (7.6) becomes

min |(1 — 1) V ag — 0.5
subject to:
l1-a1)Var=p
(1 —a2)Vag=02 (7.28)
0<a; <1
0<ay <1
0<ag<1.

When 34 A B2 > 0.5, we have
TE—7)=00-aj)Vaz=pAp.
When 31 + 32 > 1 and 81 A B2 < 0.5, we have
T —71)=(1-aj)Va;=0.5.
When (7 + B2 < 1, there is no feasible solution and the truth values are

ill-assigned. The theorem is proved.

7.5 Automatic Entailment Machine

Automatic Entailment Machine is a software for solving the entailment model.
This software may be downloaded from http://orsc.edu.cn/liu/resources.htm.


http://orsc.edu.cn/liu/resources.htm#AutomaticEntailmentMachine

Chapter 8

Uncertain Inference

Uncertain inference was proposed by Liu [130] in 2009 as a process of de-
riving consequences from uncertain knowledge or evidence via the tool of
conditional uncertainty. This chapter will introduce the concepts of uncer-
tain sets and matching degree, and provide some uncertain inference rules.
Finally, uncertain system and uncertain inference control are presented by
the tool of uncertain inference.

8.1 Uncertain Set

Before introducing uncertain inference, let us recall the concept of uncertain
set proposed by Liu [127] in 2007.

Definition 8.1 (Liu [127]) An uncertain set is a measurable function & from
an uncertainty space (I', L, M) to a collection of sets of real numbers, i.e., for
any Borel set B, the set

{veT &M nB+#0} (8.1)

s an event.

Example 8.1: Let (I', L, M) be an uncertainty space with T' = {v1, 72,73}
Then the function

[173}7 lf’Y:W/l
Ev) =9 2,4, frv=1
[375}7 lf’V:’YB

is an uncertain set on (T', L, M).
Example 8.2: Let (T, L, M) be an uncertainty space. Then the function

§v)=[ny+1], Vyel
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is an uncertain set on (T', L, M).

Example 8.3: Let (I, £,M) be an uncertainty space with I' = [0, 4+00).
Then the function
1 1

£(y) = |:_1_|_,y27 W

], Vyel

is an uncertain set on (I", L, M).

Definition 8.2 Let £ and n be two uncertain sets on the uncertainty space
(T, L,M). Then the complement £¢ of uncertain set £ is

€M) =(M) vrel. (8.2)
The union £ Un of uncertain sets & and 7 is
Eun)(y) =& unly), vyel. (8.3)
The intersection £ N1 of uncertain sets & and 7 is
Enm(y) =& nnly), vyer. (8.4)
It is clear that
EUEC=R, £€néc=0 (8.5)

for any uncertain set &.

Definition 8.3 An uncertain set & on (', L, M) is said to have a first iden-
tification function \(x) if

0<A(z) <supM{y}, VzeR, (8.6)
yel
() ={zeR ‘ Mz) >M{y}}, VyeT. (8.7)

It is not true that any uncertain set has its own first identification func-
tion. A necessary condition is that £(v1) C &(y2) whenever M{y;} > M{~2}.
In addition, a first identification function must meet the conditions

0<Az) <1, sup(A(z)+Ay)) =1
zH#Y
Definition 8.4 Let £ be an uncertain set on (I',L,M). A conditional un-
certain set of & given B is a measurable function &|p from the conditional

uncertainty space (I, L, M{:|B}) to a collection of sets of real numbers such
that

{l(v) =&(v), VyeTl (8.8)

in the sense of classical set theory.
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Figure 8.1: A First Identification Function

Definition 8.5 Let £ be an uncertain set with a first identification function
Ao If X is a unimodal function about xq (i.e., increasing on (—oo,zq) and
decreasing on (xg,+00)), then the expected value of & is

+oo zo
E[¢] = o + / Az)dz — [ Az)dz (8.9)

provided that at least one of the above integrals is finite.

Example 8.4: By a rectangular uncertain set we mean the uncertain set
fully determined by the pair (a,b) of crisp numbers with a < b, whose first
identification function is

Az) =05, a<ax<h.
The rectangular uncertain set £ = (a, b) has an expected value

a-+b

Elg =43,

Example 8.5: By a triangular uncertain set we mean the uncertain set fully
determined by the triplet (a,b,¢) of crisp numbers with a < b < ¢, whose
first identification function is

Tr—a
——, fa<z<b
2(b—a)’ Ha=e=

A@ =3 ¢
— i <z<e.
=0 ifb<z<e

The rectangular uncertain set £ = (a, b, ¢) has an expected value

a+2b+c

Blg = 222
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Example 8.6: By a trapezoidal uncertain set we mean the uncertain set fully
determined by the quadruplet (a, b, ¢, d) of crisp numbers with a < b < ¢ < d,
whose first identification function is

T —a
—_— i <zx<
Sb—a) fa<z<b
Azx) = 0.5, ifb<z<c
r—d
—_— ife<ax<d.
e—d)’ fe<z<d

The trapezoidal uncertain set §{ = (a, b, ¢, d) has an expected value

a+b+c+d

Blg = 122

8.2 Matching Degree

Let € and £* be two uncertain sets. In order to define the matching degree
that £* matches £, we first introduce the following symbols:

{Ecg={el|&MHcem} (8.10)
{cet={vel &) cemD (8.11)
{get={vel MmN #0}. (8.12)

Figure 8.2: Inclusion Relationship between £ and £*

We would like to know the matching degree that £* is included in . Note
that we cannot use the symbol “C” to represent the inclusion of uncertain
sets because the symbol has different meaning in classical set theory. Thus
we need a new symbol “6* > £” to represent the inclusion relation that reads
as “&* matches £”. An unassailable fact is

{Fcgc{pg gt (8.13)

How do we determine the event £* > &7 The following definition answers this
question.



SECTION 8.2 - MATCHING DEGREE 169

Definition 8.6 Let £ and £ be two uncertain sets. Then the event £* > &
(i.e., £ matches £) is defined as

& cel fME Cg>MET el
{£*>€}={ {* : Z {* : {* J (8.14)
{& g g, i M{g" C & <M{g™ C &)
When M{&* C £} > M{&* C £°}, it follows from the self-duality of uncertain
measure that M{&* C £} > 1 — M{&* ¢ £}, ie.,

0.5 —M{* C & <M{&" ¢ £} —0.5.

Thus we take the event {€* C £} because M{{* C &} is more closed to 0.5
than M{&* ¢ £°}. When M{¢* C &} < M{&* C £°}, it follows from the
self-duality of uncertain measure that M{¢* C £} <1 —M{&* ¢ £°}, ie.,

0.5 — M{€" C &} > M{€* ¢ €} — 0.5.

Thus we take the event {&* ¢ £} because M{&* ¢ £°} is more closed to 0.5
than M{&* C ¢}. That is, we take the event of {{* C &} or {€* ¢ £°} such
that its uncertain measure is as closed to 0.5 as possible. This idea coincides
with the maximum uncertainty principle.

Definition 8.7 Let & and £* be two uncertain sets. Then the matching degree
of & > & is defined as

M{E > €} :{ M{¢* C ¢}, ffM{g* C &} > Mg c ¢} (5.15)
M{gr g €}, if M{€" C & <M{er C &}

Theorem 8.1 Let & and £ be independent uncertain sets with first identifi-
cation functions A and \*, respectively. If X and \* are continuous functions,
then

sup A(z) A N (z), if sup A(x) A X" (z) < 0.5

M{f* > g} _ zeR zeR
1 —sup{A\(x)|M(x) < A*(x)}, if sup A(z) A X" (z) = 0.5.

zeR zeR

Proof: The argument breaks down into two cases. Case 1: If

sup A(z) A X" (z) < 0.5,
zeRN

then we have
M{E" ¢ £} = sup A(x) A X*(x) < 0.5
zeR

immediately. Since {{* C €} C {&* ¢ £°} and {&* ¢ £°} = {&* C £°}°, we
get

M{E" C & <M{E" 67 <05 <1 -ME" ¢ =ME" £
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Hence by using Definition 8.7, the matching degree is
M{E" > &} = M{E" € £} = Sugk(x) AN ().
S

Case 2: If

sup A(z) A X" (z) = 0.5,
zeR

then M {¢* C £} = M{0} = 0. Thus M{&* C £} > M{&* C £°}, and by

using Definition 8.7, the matching degree is

ME>G=M¢ ce=1-M ¢ =1- sup {A@)[A(x) < A™(2)}
e

The theorem is proved.

Example 8.7: Let £ be an uncertain set with first identification function
A, and let a be a constant. If A is a continuous function, then by using
Theorem 8.1, we have
Aa), if Ma) < 0.5
Mar ¢} =
1, if AM(a) =0.5.

8.3 Inference Rule

Let X and Y be two concepts. It is assumed that we only have a rule “if X
is £ then Y is ” where £ and 7 are two uncertain sets. We first have the
following inference rule.

Inference Rule 8.1 (Liu [150]) Let X and Y be two concepts. Assume a
rule “if X is an uncertain set € then Y is an uncertain set n”. From X is an
uncertain set £ we infer that Y is an uncertain set

N =nlee (8.16)

which is the conditional uncertain set of n given £* > &. The inference rule
18 represented by

Rule: If X is £ then Y is n
From: X is &* (8.17)
Infer: Y is n* = n]e-pe

Theorem 8.2 Let &, £ and n be independent uncertain sets with first iden-
tification functions A, \* and v, respectively. If A, \* and v are continuous
functions, then inference rule 8.1 yields that n* has a first identification func-
tion

vy A A
sup A(z) A X" (z) A 0.5, f meg)\( YA X (z) < 0.5

V*(y): TER Vo) | /\ §
s @@ < vy 00 ¥ s A AN (@) =05,

zeR
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Proof: On the one hand, from the continuity of A\, A* and v, we immediately
have

sup A(z) = sup A*(x) = sup v(y) = sup v*(y) = 0.5.

zeR zeR yeR yeER
On the other hand, both definition of conditional uncertainty and indepen-
dence of uncertain sets produce

M{y € n} g My en}

M{&* > €} M{&* > ¢}

Myeng>é=q , Myént . Mydn)
Mg >€ - M{Er > &}

0.5, otherwise.

< 0.5

<0.5

It follows from inference rule 8.1 that

oy Myen}
Y (y)_M{?‘Di}

for any y € R. By using Theorem 8.1, we have

AN 0.5

v(y), iftv(y) <0.5
M =
{yen { 1, it u(y) = 0.5.
Thus for any y € R, we have
\ v(y)
v =_—="—AN0.5.
V= Ne e g

Now the argument breaks down into two cases. Case 1: If

sup A(x) A X" (z) < 0.5,
zeR

then by using Theorem 8.1, the matching degree is
ML > &} = sup A(z) A A" (),
zeR

and for this case we obtain

k() — v(y)
Vi) = sup A(z) A X*(z)
zeR

A 0.5.

Case 2: If

sup A(z) A X" (z) = 0.5,
zeR

then by using Theorem 8.1, the matching degree is

Mg > &) =1- ilelg{/\(CC)IA(x) <A(a)}
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For this case, we obtain

U () = v(y)
W T i@ <@

The theorem is proved. Note that if sup A(z) A A*(z) = 0, then we set
v*(y) = 0.5. This means that “if nothing is known then anything is possible”.

Figure 8.3: Graphical Illustration of Inference Rule

Example 8.8: Let &, ¢ and 7 be independent uncertain sets with first
identification functions A, A* and v, respectively. If \*(x) < A(z) for all z,
then £* matches £ completely, and inference rule 8.1 yields that n* has a first
identification function

vi(y) = v(y).

Example 8.9: Let £ and 1 be independent uncertain sets with first identi-
fication functions A and v, respectively. If A and v are continuous functions
and £* is a constant a, then inference rule 8.1 yields that n* has a first
identification function

() :Ey;Ao.a if A(a) < 0.5
v(y) = a

v(y), if A(a) = 0.5.
8.4 Inference Rule with Multiple Antecedents
Inference Rule 8.2 (Gao and Ralescu [{4]) Let X, Y and Z be three con-
cepts. Assume a rule “if X is an uncertain set & and Y is an uncertain set

n then Z s an uncertain set 77. From X is an uncertain set £ and Y is an
uncertain set n* we infer that Z is an uncertain set

7" =Tl ponm o) (8.18)
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which is the conditional uncertain set of T given £ > € and n* > n. The
inference rule is represented by

Rule: If X is £ and Y is ) then Z is 7
From: X is £* and Y is n* (8.19)
Infer: Z is 7 = T|(§*|>€)m(77*|>77)

Theorem 8.3 Let &,&%,n,n*, 7 be independent uncertain sets with continu-
ous first identification functions A\, \*, u, u*, v, respectively. Then inference
rule 8.2 yields that 7* has a first identification function

v(z)
sup A(@) A A*(z) A sup u(y) A p*(y)
TER yeR

if sup A(z) A X*(z) Asup p(y) A p*(y) < 0.5
zeR yeER
v(z)
1- Jsclelg{/\(x)lk(x) <A (2)}V sup {u)nly) < p(y)}

if sup A(z) A X*(z) Asup p(y) A p*(y) = 0.5.
zeR yeR

A 0.5,

A 0.5,

Proof: It follows from inference rule 8.2 that the uncertain set 7* has a first
identification function

B M{z e}
CM{(E >N (e}

v (2)

A 0.5

for z € R. Note that

, if <05
S
1, ifv(z)=0.5.
Thus for any z € R, we have
v*(z) v(z) A 0.5.

TM{E BN ()

Now the argument breaks down into two cases. Case 1: If

sup AM(z) A AN (z) A sup p(y) A p'(y) < 0.5,
zeR yeR

then the matching degree is

ME =HN0" >} = Slelgk(w) AN (z) A Sggu(y) A p*(y),

and for this case we obtain
Vo) v(2)

sup A(x) A X*(z) A sup u(y) A p*(y)
TER yeR

A 0.5.
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Case 2: If

sup A(z) A A*(z) Asup p(y) A p'(y) = 0.5,
zeR yeER

then the matching degree is
M =N )} = lfigg{A(w)I/\(r) < A*(SC)}Vitelg{u(y)lu(y) < (y)}-

For this case, we obtain

v(z)

T1- sup A@) A (@) <A (2)}V Sgg{u(y)lu(y) < u(y)}

A 0.5.

v (z)

The theorem is proved.

Example 8.10: Let &, €%, n, n* and 7 be independent uncertain sets with
first identification functions A, A*, u, u* and v, respectively. If \*(z) < A(x)
for all z and p*(y) < wp(y) for all y, then £* matches £ and n* matches
n completely, and inference rule 8.2 yields that 7* has a first identification

function
v (2) = v(z).

Example 8.11: Let £,7,7 be independent uncertain sets with continuous
first identification functions A, u, v, respectively. If £* is a constant a and n*
is a constant b, then inference rule 8.2 yields that 7* has a first identification
function

v(z)
v (2) = { N Aub)
v(z), if A(a) A u(b) = 0.5.

A05, if Ma) A pu(b) < 0.5

8.5 Inference Rule with Multiple If-Then Rules

Inference Rule 8.3 (Gao [46]) Let X and Y be two concepts. Assume two
rules “if X is an uncertain set & then Y is an uncertain set n1” and “if X is
an uncertain set & then Y is an uncertain set 12”. From X is an uncertain
set & we infer that Y is an uncertain set

. ME &) mless n M{E" > &} nalerpe, (8.20)
M{E* > &} +M{e > &} M{E > &+ M{E* > &} ’

The inference rule is represented by

Rule 1: If X is & then Y is n;
Rule 2: If X is & then Y is 79
From: X is &*

Infer: Y is n* determined by (8.20)

(8.21)
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Theorem 8.4 Let &1,&2,m1,1m2,&* be independent uncertain sets with contin-
wous first identification functions A1, Aa, V1, V2, A\*, respectively. Then infer-
ence rule 8.3 yields

* 1 * C2

= + 5 8.22
n 61—1—02771 01—1—62772 ( )

where ¢1 and cy are constants determined by

sup Aq(x) A X (), if sup A1(z) A A (z) < 0.5

¢l = zeR zeR
1= sup{h (@) (@) < N (@)}, if sup M (2) AN (2) = 05,

zeR zeR
sup Ao (z) A A*(z), if sup Aa(z) AXN*(x) < 0.5

o = zeR zeR
1 —sup{Az2(z)|Xa(z) < A*(x)}, if sup Az2(x) A X*(x) =0.5

TER zeR

and 07 and 15 are uncertain sets whose first identification functions are re-
spectively given by

vi(2) A )
sup )\1(LE) A )\*(1‘) N 0.5, Zf ilelg)\l(x) A (Q?) <05
vi(z) = zeR ni2) | *
1- Sug{/\l(a?)l)q(x) V@) N0.5, if ilelge A1(x) AN (z) = 0.5,
S
va(z) ‘ )
sup (o) A X (@) O if sup Aa(@) A N (@) < 05
vi(z) = zER ) | |
1= sup{As(@)Pe(@) < A"(@)} A0S, if sup da(@) AN (@) = 0.5.
re

Proof: It follows from inference rule 8.3 that the uncertain set n* is just

g JUEEGE mlevs MG} mleve
M{E* > &} +M{E > &y M{E > &} +M{E* > &)

By using Theorem 8.1, the values M{&* > &1} and M{&* > &} are just ¢;
and cg, respectively. By using Theorem 8.2, the uncertain sets 7;|¢+ne, and
M2|e~>¢, have first identification functions v and v3, respectively. Thus the
theorem is verified.

Example 8.12: Let &1, &2,71, 72 be independent uncertain sets with contin-
uous first identification functions A1, As, v1, v, respectively, and let £* degen-
erate to a constant a. Then inference rule 8.3 yields

* C1 * C2 *

= + 8.23
el i el (8.23)
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where ¢; and co are constants determined by

)\1(&), if )\1(&) < 0.5

“a= { 1, if \(a) = 0.5, (8:24)
)\g(a), if )\Q(CL) < 0.5

2= { 1, if Ao(a) = 0.5 (8:25)

and n} and n; are uncertain sets whose first identification functions are re-
spectively given by

vi(2) .
i) =4 Mla) A0.5, if A\(a) < 0.5 (8.26)
v1(z), if Ay(a) = 0.5,
VQ(Z) .
Vi(2) = () A0.5, if Ay(a) < 0.5 (8.27)

va(2), if Aa(a) = 0.5.

8.6 General Inference Rule

Inference Rule 8.4 Let X;,Xo, -+ X, be concepts. Assume rules “if Xy
is &1 and -+ and X, @8 & then Y isn” fori=1,2,--- k. From Xy is &
and --- and X, s &, we infer that Y is an uncertain set

k
. Ci * Nil(ggpei)N(Eg > €I NN (R >Eim)
_ n 8.28
n ; T (8.28)

where the coefficients are determined by
ci =M{(E > &) N(EG > &G2) NN (6, > E&m)} (8.29)
fori=1,2,--- k. The inference rule is represented by

Rule 1: If Xy is £&17 and - -+ and X, is &1y, then Y is
Rule 2: If X is &1 and -+ - and X, is &9, then Y is 7o

Rule k: Tf Xy is &1 and --- and X, is &pm then Y is 7y (8.30)
From: X; is £ and --- and X, is £,
Infer: Y is n* determined by (8.28)
Theorem 8.5 Assume &i1,&i2,- -, &im, i, €1,5, -+, &), are independent un-
certain sets with continuous first identification functions \j1, Xi2, <+ s XNim, Vi,

A, At =1,2--- |k, respectively. Then inference rule 8.4 yields

m’

(8.31)

;Cl+@2+ -+ c
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where ¢; are constants determined by

min sup A\ (x) AN (z),
1<I< SMpeR

if 1I<I;1<Ilm zlelg Ait(x) A A () < 0.5

C; = . (832)
1- max. Sup{/\zz( NAa(@) <Al ()},
if I<r;1<nm Slelg Xit(x) A () =0.5

and n} are uncertain sets whose first identification functions are given by

”;(Z() e 05
B, S0 () AN

if 1£r}1<nm 2161;9; Ait(x) AN (x) < 0.5

vi(z) = (8.33)
vi(z) AO5
1 - max sup {Xa(@)|Aa(z) < A7 (2)}
if min sup Ay(x) AN (z) =0.5
1<I<Sm zep

fori=1,2,--- K, respectively. Note that ni,n5, - ,n} are not necessarily
independent.
Proof: For each 4, since & > &1,&5 > &a, -+, &), D> &im are independent

events, we immediately have

M

Ds

(&5 > &) = min M{&G & &g}
]:

From the above equation, we may prove that (8.32) and (8.33) hold. Hence

the theorem is verified by inference rule 8.4 immediately.

Example 8.13: Let &;1,&2,- -, &m, 1 be independent uncertain sets with
continuous first identification functions A;1, Aj2, -, Aim, Vi, © = 1,2,--- kK,
respectively. If £7,&5, -+, &, degenerate to constants aq, as, - - , an, respec-
tively, then inference rule 8.4 yields

-y (8.34)
] cl+62+...+ck

where ¢; are constants determined by

1£r%1<n Ai(ay), if 1g}ln Air(a;) < 0.5

1, if min A;(a;) =05

1<i<m

(8.35)

C; =
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and 7 are uncertain sets whose first identification functions are given by

Vl(?() A0.5, if 11<1}i<11 Xit(a) < 0.5
vi(z) =4 18iEm Y stsm (8.36)
‘ ” . 4 _0
v;(2), i IISI%lSDm Ait(a;) = 0.5
fori=1,2,--- ,k, respectively. For this case, the uncertain sets ni, 75, - , 1}

are independent.

8.7 Uncertain System

By an uncertain system we mean a function from its inputs to outputs based
on uncertain inference rule. For simplicity, we assume there are m determin-
istic inputs aq, as, -+ , @y, and n deterministic outputs By, B2, -+, Bn. At
first, we infer n uncertain sets n7,ns, -, from the m deterministic inputs
by the rule-base (i.e., a set of if-then rules),

If ¢4 and &5 and- - - and &34, then 771 and 712 and- - - and 7y,

If &1 and &2 and- - - and &, then 721 and 792 and- - - and 7y, (8.37)
If &1 and &g and- - - and &g,y then ng; and 7o and- - - and 7,
and the inference rule
* = ¢ Mgl (01> €N (@2 €2)0+N (@ > Eirm)
77]':; cpteo+ -tk (8:38)
for j =1,2,--- ,n, where the coefficients are determined by
ci =M{(a1>&1) N (aa > &) NN (am > Em)} (8.39)
fori =1,2,---, k. Thus we obtain
B; = E[n}] (8.40)
for j = 1,2,--- ,n. Until now we have constructed a function from inputs
a1, Qe , Qpy to outputs By, Ba, -+ -, Bn. Write this function by f, i.e.,
(B1, B2, Bn) = flon, @z, -+ ). (8.41)
Then we get an uncertain system f.
Theorem 8.6 Assume that &1,&2, - & m,Mi1s M2, * +  Nin aT€ independent

uncertain sets with continuous first identification functions Aj1, Ai2, 5 Aim,
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a1 —> = 17 > B = Ehi] =5
Inference Rule N N
g —> =1 15 > o = E[n3] — B2

Qm —> = 1, 1 B = E[n;] =5
Figure 8.4: An Uncertain System
Vi1, Vi, " yVin, 1 = 1,2, -+ | k, respectively. Then the uncertain system from
(a17a27”' aam) to (/817527"' 7/6n) is
k
Satctoto
for j =1,2,--- ' n, where ¢; are constants determined by
1g}1<n Ai(aq), if 12}1Snm Air(ag) < 0.5
i = 1 o e — 05 (5.43)
) if 1g}lgnm o) = U.

and n;; are uncertain sets whose first identification functions are given by

Af@%L—AM,UImlmmg<m
vile) = G, N et (344
vi;j(2), if i Ait(ag) =0.5

fori=1,2,---k, j=1,2,--- ,n, respectively.

Proof: It follows from inference rule 8.4 that the uncertain sets n; are

k *
. Ci * T
K ;Cl+32+"'+ck

for j =1,2,--- ,n. Since nj;,i = 1,2,--- ,k,j = 1,2,--- ,n are independent
uncertain sets, we get the theorem immediately by the linearity of expected
value operator.

Remark 8.1: The uncertain system allows the uncertain sets 7;; in the
rule-base (8.37) become constants b;;, i.e

ni; = bij (8.45)

fori =1,2,--- ,kand j = 1,2,--- ,n. For this case, the uncertain system
(8.42) becomes

k Ci - by
=> L (8.46)
ittt
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for j=1,2,--- n.

Remark 8.2: The uncertain system allows the uncertain sets 7;; in the

rule-base (8.37) become functions h;; of inputs a1, g, -, m, ie.,
nij = hij(ar, g, am) (8.47)
fori =1,2,---,kand j = 1,2,--- ,n. For this case, the uncertain system

(8.42) becomes
k
[C hij(a17a2; T ’Oém)

e 8.48
b ; P T—— (8.48)

for j=1,2,--- ,n.

Uncertain Systems are Universal Approximators

Theorem 8.7 For any given continuous function g on a compact set D C
R™ and any given € > 0, there exists an uncertain system f such that

sup If (a1, a0, yam) —glar,ag, -+ am)|| < e. (8.49)

(1,02, ,00m) €D

8.8 Uncertain Inference Control

By an uncertain inference controller we mean a controller based on uncer-
tain inference rule. Figure 8.5 shows an uncertain inference control system
consisting of an uncertain inference controller and a process. Note that ¢
represents time, aq (), aa(t), -+ , @, (t) are not only the inputs of uncertain
inference controller but also the outputs of process, and B (t), B2(¢), - - , Bn(t)
are not only the outputs of uncertain inference controller but also the inputs
of process.

Inputs of Controller Outputs of Controller

Process
Outputs of Process Inputs of Process

ay (t) —> 1] =1 Au(t)
ag(t) —> Ba(t)=E[n5 (t)] = 52(t)

. 773(.(t) . .
i ()} —> ﬁ Lo (08, () =Bl (6)] — 8. (8)

I

[ Inference Rule |

Figure 8.5: An Uncertain Inference Control System
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8.9 Inverted Pendulum

Inverted pendulum system is a nonlinear unstable system that is widely used
as a benchmark for testing control algorithms. Many good techniques already
exist for balancing inverted pendulum. It is possible to use an uncertain
inference controller to balance an inverted pendulum.

8.10 Autonomous Vehicle

8.11 Temperature Control






Chapter 9

Supplements

This chapter introduces the generalized law of excluded middle and the max-
imum uncertainty principle that have been used in this book. This chapter
also provides a brief history of evolution of measures and discusses why un-
certainty theory is more reasonable than fuzzy set theory. Finally, we answer
the question “what is uncertainty”.

9.1 Generalized Law of Excluded Middle

The law of excluded middle tells us that a proposition is either true or false,
and the law of contradiction tells us that a proposition cannot be both true
and false.

In the state of uncertainty, some people said, the law of excluded middle
is no longer valid because the truth degree of a proposition is no longer 0
or 1. T cannot gainsay this viewpoint to a certain extent. But it does not
mean that you might “go as you please”. I think at least the generalized law
of excluded middle should be valid in the state of uncertainty. That is, the
truth degree should meet

M{A} + M{A} =1

for each proposition A. In other words, the generalized law of excluded
middle is nothing but the self-duality property. Although the generalized
law of excluded middle is not just the classical one, both of them agree with
each other when the uncertainty vanishes, i.e., when M{A} tends to 0 or 1.

9.2 Maximum Uncertainty Principle

An event has no uncertainty if its measure is 1 (or 0) because we may believe
that the event occurs (or not). An event is the most uncertain if its measure
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is 0.5 because the event and its complement may be regarded as “equally
likely”.

In practice, if there is no information about the measure of an event,
we should assign 0.5 to it. Sometimes, only partial information is available.
For this case, the value of measure may be specified in some range. What
value does the measure take? For the safety purpose, we should assign it the
value as close to 0.5 as possible. This is the maximum uncertainty principle
proposed by Liu [127].

Maximum Uncertainty Principle: For any event, if there are multiple
reasonable values that an uncertain measure may take, then the value as close
to 0.5 as possible is assigned to the event.

Example 9.1: Let A be an event. Based on some given information, the
measure value M{A} is on the interval [a,b]. By using the maximum uncer-
tainty principle, we should assign

a, if0b<a<b
M{A}=<¢ 0.5, ifa<05<b
b, ifa<b<0.5.

9.3 Evolution of Measures

b2

Let us begin with the technical term “event” in uncertainty theory, or equiv-
alently, “proposition” in logic. The following are examples of event,

“It will rain tomorrow”;
“Tianjin is not far from Beijing”.

Perhaps we are accustomed to assigning to each event two state symbols, true
or false, to represent the truth degree of the event. However, starting with
Aristotle’s epoch, it was observed that such a two-valued assignment has its
shortages. Today, it is well-known that the truth degree may be assigned
any values between 0 and 1, where 0 represents “completely false” and 1
represents “completely true”. The higher the truth degree is, the more true
the event is.

It is clear that there are multiple assignment ways. This fact has resulted
in several types of measure, for example,

1933: Probability Measure (A.N. Kolmogoroff);
1954: Capacity (G. Choquet);

1974: Fuzzy Measure (M. Sugeno);

1978: Possibility Measure (L.A. Zadeh);

2002: Credibility Measure (B. Liu and Y. Liu);
2007: Uncertain Measure (B. Liu).
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Probability Measure

A classical measure is essentially a set function satisfying nonnegativity and
countable additivity axioms. In order to deal with randomness, Kolmogo-
roff (1933) defined a probability measure as a special classical measure with
normality axiom. That is, the following three axioms must be satisfied:

Axiom 1. (Normality) Pr{Q} =1 for the universal set ).
Axiom 2. (Nonnegativity) Pr{A} > 0 for any event A.

Axiom 3. (Countable Additivity) For every countable sequence of mutually
disjoint events {A;}, we have

Pr{[jAz} :iPr{Ai}. (9.1)

A lot of surveys showed that probability measure is successful in physical
systems but not applicable to human systems.

Capacity

In order to deal with human systems, the additivity axiom seems too strong.
The earliest challenge was from the theory of capacities by Choquet (1954)
in which only monotonicity and continuity axioms were assumed. However,
capacity is inconsistent with the law of excluded middle.

Fuzzy Measure

Sugeno (1974) generalized classical measure theory to fuzzy measure theory
by replacing additivity axiom with weaker axioms of monotonicity and semi-
continuity. However, fuzzy measure is inconsistent with the law of excluded
middle.

Possibility Measure

In order to deal with fuzziness, Zadeh (1978) proposed a possibility measure
that satisfies the following axioms:

Axiom 1. (Normality) Pos{O} =1 for the universal set O.
Axiom 1. (Nonnegativity) Pos{0} = 0 for the empty set .

Axiom 3. (Mazimality) For every sequence of events {A;}, we have

Pos { [j Al} = (7 Pos{A4;}. (9.2)

i=1

Unfortunately, possibility measure is inconsistent with the law of excluded
middle.
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Credibility Measure

In order to overcome the shortage of possibility measure, Liu and Liu (2002)
presented a credibility measure that may be defined by the following four
axioms:

Axiom 1. (Normality) Cr{©} =1 for the universal set ©.

Axiom 2. (Monotonicity) Cr{A} < Cr{B} whenever A C B.

Axiom 3. (Self-Duality) Cr{A} + Cr{A°} =1 for any event A.

Axiom 4. (Mazimality) For every sequence of events {A;}, we have

Cr { G AZ} - {7 oA}, if §7 Cr{4;} < 0.5. (9.3)

i=1

Although credibility measure assumes the self-duality axiom and is consistent
with the law of excluded middle, it seems that there is no phenomena in the
real world behaving fuzziness. This issue will be discussed in next section.

Uncertain Measure

In order to deal with uncertainty in human systems, Liu (2007) presented an
uncertain measure based on the following four axioms:

Axiom 1. (Normality) M{T'} =1 for the universal set T'.

Axiom 2. (Monotonicity) M{A1} < M{A2} whenever Ay C As.

Axiom 3. (Self-Duality) M{A} + M{A°} =1 for any event A.

Axiom 4. (Countable Subadditivity) For every countable sequence of events

{A;}, we have
M{UAl} <> OM{A} (9.4)

Uncertain measure is neither a completely additive measure nor a completely
nonadditive measure. In fact, uncertain measure is a “partially additive
measure” because of its self-duality. One advantage of uncertain measure is
the well consistency with the law of excluded middle.

9.4 Uncertainty or Fuzziness?

The essential differentia between fuzziness and uncertainty is that the former
assumes
Pos{AU B} = Pos{A} V Pos{B}

or equivalently,

Cr{AU B} =Cr{A} v Cr{B}, if Cr{A}V Cr{B}<0.5
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for any events A and B no matter if they are independent or not, and the
latter assumes

M{AU B} = M{A} v M{B}

only for independent events A and B. However, a lot of surveys showed that
the measure of union of events is not necessarily the maximum measure, i.e.,

M{AU B} # M{A} v M{B}

when the events A and B are not independent. This fact states that human
systems do not behave fuzziness and the tool of membership function is no
longer helpful. Fuzziness is an extremely special but non-practical case of
uncertainty. This is the main reason why we need the uncertainty theory.

9.5 What is Uncertainty?

Now we are arriving at the end of this book. Perhaps some readers may
complain that I never clarify what uncertainty is. In fact, I really have no
idea how to use natural language to define uncertainty clearly, and I think
all existing definitions by natural language are specious. A very personal
and ultra viewpoint is that the words like randomness, fuzziness, roughness,
vagueness, greyness, and uncertainty are nothing but ambiguity of human
language!

However, fortunately, some “mathematical scales” have been invented
to measure the truth degree of an event, for example, probability measure,
capacity, fuzzy measure, possibility measure, credibility measure as well as
uncertain measure. All of those measures may be defined clearly and precisely
by axiomatic methods.

Let us go back to the first question “what is uncertainty”. Perhaps we can
answer it this way. If it happened that some phenomena can be quantified
by uncertain measure, then we call the phenomena “uncertainty”. In other
words, uncertainty is any concept that satisfies the axioms of uncertainty
theory. Thus there are various valid possibilities (e.g., a personal belief de-
gree) to interpret uncertainty theory. Could you agree with me? I hope that
uncertainty theory may play a mathematical model of uncertainty in your
own problem.






Appendix A

Probability Theory

Probability theory is a branch of mathematics for studying the behavior of
random phenomena. The emphasis in this appendix is mainly on probabil-
ity space, random variable, probability distribution, independence, expected
value, variance, moments, critical values, entropy and conditional probabil-
ity. The main results in this appendix are well-known. For this reason the
credit references are not provided.

A.1 Probability Space

Let 2 be a nonempty set, and A a o-algebra over €. If  is countable, usually
A is the power set of Q. If Q is uncountable, for example @ = [0, 1], usually
A is the Borel algebra of Q2. Each element in A is called an event. In order
to present an axiomatic definition of probability, it is necessary to assign to
each event A a number Pr{A} which indicates the probability that A will
occur. In order to ensure that the number Pr{A} has certain mathematical
properties which we intuitively expect a probability to have, the following
three axioms must be satisfied:

Axiom 1. (Normality) Pr{Q} = 1.
Axiom 2. (Nonnegativity) Pr{A} > 0 for any event A.

Axiom 3. (Countable Additivity) For every countable sequence of mutually
disjoint events {A;}, we have

Definition A.1 The set function Pr is called a probability measure if it sat-
isfies the normality, nonnegativity, and countable additivity axioms.
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Example A.1: Let Q = {w,ws, -}, and let A be the power set of Q.
Assume that py,po, -+ are nonnegative numbers such that p; +ps +--- = 1.
Define a set function on A as

Pr{d} =Y p, AcA (A.2)

wi;EA
Then Pr is a probability measure.

Example A.2: Let ¢ be a nonnegative and integrable function on R (the
set of real numbers) such that

/ o(x)dx = 1. (A.3)
x

Then for any Borel set A, the set function

Pr{A} = / ¢(z)dz (A.4)
A
is a probability measure on R.

Theorem A.1 Let Q be a nonempty set, A a o-algebra over ), and Pr a
probability measure. Then we have

(a) Pr is self-dual, i.e., Pr{A} + Pr{A°} =1 for any A € A;

(b) Pr is increasing, i.e., Pr{A} < Pr{B} whenever A C B.

Proof: (a) Since A and A° are disjoint events and A U A° = Q, we have
Pr{A} +Pr{A°} = Pr{Q} = 1. (b) Since A C B, we have B = AU (BN A°),
where A and BN A€ are disjoint events. Therefore Pr{B} = Pr{A}+Pr{BnN
A} > Pr{A}.

Probability Continuity Theorem

Theorem A.2 (Probability Continuity Theorem) Let Q be a nonempty set,
A a o-algebra over Q, and Pr a probability measure. If Ay, Ag,--- € A and
lim; . A; exists, then

lim Pr{A;} =Pr { lim Ai} . (A.5)
Proof: STEP 1: Suppose {4;} is an increasing sequence. Write A; — A and
Ap = 0. Then {A;\A;_1} is a sequence of disjoint events and
0 k

U(Ai\Aifl) = A, U(Ai\Aiq) = Ay

i=1 i=1
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for k =1,2,--+ Thus we have

Pr{A} — Pr{ U (Ai\Ai_l)} - :jlpr (A\A; 1}

i=1

i=1

k k
—00 ;=1 —00

klim Pr{A}.

STEP 2: If {4;} is a decreasing sequence, then the sequence {A;\4;} is
clearly increasing. It follows that

Pr{A,} — Pr{A} = Pr { lim (Al\Ai)} = lim Pr{4,\4;}
=Pr{A;} — lim Pr{A;}
which implies that Pr{A4,;} — Pr{A}.

STEP 3: If {4;} is a sequence of events such that A; — A, then for each

k, we have
() AicAvc A
i=k i=k

Since Pr is increasing, we have

Pr{ﬁ Ai} < Pr{4;} < Pr{[j Ai}.
i=k

i=k
Note that - -
NAita JAilA
i=k i=k

It follows from Steps 1 and 2 that Pr{4;} — Pr{A}.

Probability Space

Definition A.2 Let Q be a nonempty set, A a o-algebra over Q, and Pr a
probability measure. Then the triplet (2, A, Pr) is called a probability space.

Example A.3: Let Q = {wj,ws, -}, A the power set of Q, and Pr a
probability measure defined by (A.2). Then (9, A, Pr) is a probability space.

Example A.4: Let Q = [0,1], A the Borel algebra over 2, and Pr the
Lebesgue measure. Then ([0, 1], A, Pr) is a probability space, and sometimes
is called Lebesgue unit interval. For many purposes it is sufficient to use it
as the basic probability space.
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Product Probability Space

Let (94, A;,Pr;), i = 1,2,--- ,n be probability spaces, and Q = Q; x Qg X

X Qp, A = Ay Xx Ay x --- x A,. Note that the probability measures
Pr;,i = 1,2,--- ,n are finite. It follows from the classical measure theory
that there is a unique measure Pr on A such that

PI‘{Al X A2 X oo X An} = PI‘l{Al} X PI‘Q{AQ} X X PI‘H{AH}

for any A; € A;, i =1,2,--- ,n. This conclusion is called the product proba-
bility theorem. The measure Pr is also a probability measure since

PI‘{Q} = Prl{Ql} X PI‘Q{QQ} X oo X PI‘n{Qn} =1.

Such a probability measure is called the product probability measure, denoted
by Pr = Pr; x Prg x --+ X Pr,,.

Definition A.3 Let (;,A;,Pr;), i = 1,2,--- ,n be probability spaces, and
D=0 xQ X xQ, A=A XAy X --- XAy, Pr=Pry xPrg x--- xPr,.
Then the triplet (0, A, Pr) is called the product probability space.

A.2 Random Variable

Definition A.4 A random variable is a measurable function from a proba-
bility space (Q, A, Pr) to the set of real numbers, i.e., for any Borel set B of
real numbers, the set

{{eB}={we |§(w)€B} (A.6)
1S an event.
Example A.5: Take (2, A, Pr) to be {w1,wa} with Pr{w;} = Pr{ws} = 0.5.
Then the function
0, ifw=uw
flw) = { 1, ifw=ws
is a random variable.

Example A.6: Take (Q2,A,Pr) to be the interval [0,1] with Borel algebra
and Lebesgue measure. We define ¢ as an identity function from Q to [0,1].
Since £ is a measurable function, it is a random variable.

Example A.7: A deterministic number ¢ may be regarded as a special ran-
dom variable. In fact, it is the constant function £(w) = ¢ on the probability
space (2, A, Pr).

Definition A.5 Let & and & be random variables defined on the probability
space (Q,A,Pr). We say & = & if & (w) = &a(w) for almost all w € Q.
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Random Vector

Definition A.6 An n-dimensional random vector is a measurable function
from a probability space (Q, A,Pr) to the set of n-dimensional real vectors,
i.e., for any Borel set B of R", the set

{¢eB}={weQ|&w) e B} (A.7)
18 an event.

Theorem A.3 The vector (§1,&2,--- ,&n) is a random vector if and only if
&1,8,++ , &, are random variables.

Proof: Write & = (£1,&2,- -+ ,&,). Suppose that £ is a random vector on the
probability space (2,4, Pr). For any Borel set B of R, the set B x R771 is
also a Borel set of R". Thus we have

{gleB}:{€1€B7£2€§Ra"';5716%}:{£€BX§R”71}€A

which implies that &; is a random variable. A similar process may prove that
&,6&3,- -, &, are random variables. Conversely, suppose that all £, &s,-- , &,
are random variables on the probability space (2, A, Pr). We define

B={BCR"|{¢cB}cA}.

The vector & = (&1,&2,- -+ ,&,) is proved to be a random vector if we can
prove that B contains all Borel sets of R™. First, the class B contains all
open intervals of ™ because

{E € H(ai»bi)} = m {& € (a;,b;)} € A.
i=1

=1

Next, the class B is a o-algebra of R™ because (i) we have R™ € B since
{€eR"} =0 € A; (ii) if B e B, then {€ € B} € A, and

{{eBt={{ecB}cA
which implies that B¢ € B; (iii) if B; € B fori=1,2,---,then {£ € B;} € A
and
{56 UBi} = U{SGBZ}GA
i=1

i=1

which implies that U;B; € B. Since the smallest o-algebra containing all
open intervals of R is just the Borel algebra of R™, the class B contains all
Borel sets of ™. The theorem is proved.
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Random Arithmetic

In this subsections, we will suppose that all random variables are defined on a
common probability space. Otherwise, we may embed them into the product
probability space.

Definition A.7 Let f : R™ — R be a measurable function, and &1,&a, -+ , &,
random variables defined on the probability space (2, A,Pr). Then § =
f(&1,&,-+ &) is a random variable defined by

g(w) = f(gl(w)7£2(w)v U ,fn(W)), Vw € (. (AS)

Example A.8: Let & and & be random variables on the probability space
(2, A,Pr). Then their sum is

(& +&)(w) =& (W) +&(w), Ywe

and their product is

(&1 x &) (w) =& (w) X &(w), Ywe Q.

The reader may wonder whether (w1, ws, -+ ,w,) defined by (A.7) is a
random variable. The following theorem answers this question.

Theorem A.4 Let € be an n-dimensional random vector, and f : R" — R
a measurable function. Then f(€) is a random variable.

Proof: Assume that £ is a random vector on the probability space (2, A, Pr).
For any Borel set B of , since f is a measurable function, f~!(B) is also a
Borel set of . Thus we have

{(f(&)eBy={¢cf(B)}ecA

which implies that f(£€) is a random variable.

A.3 Probability Distribution

Definition A.8 The probability distribution ®: R — [0, 1] of a random vari-
able £ is defined by
O(z) =Pr{¢ <az}. (A.9)

That is, ®(x) is the probability that the random variable £ takes a value less
than or equal to x.

Example A.9: Take (2, A, Pr) to be {w1,wa} with Pr{w;} = Pr{ws} = 0.5.
We now define a random variable as follows,

E(W)Z{ —117 ifw=uw

,  ifw=ws.
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Then £ has a probability distribution

0, ifz<-—-1
O(z)=¢ 05, if —1<z<1
1, ifz>1.

)

Theorem A.5 (Sufficient and Necessary Condition for Probability Distri-
bution) A function ® : R — [0,1] is a probability distribution if and only if it
s an increasing and right-continuous function with

lim ®(x) = 0; lim &(z) =1. (A.10)

r——00 Tr——+00
Proof: For any z,y € R with < y, we have
P(y) — @(z) = Pr{z < <y} > 0.

Thus the probability distribution ® is increasing. Next, let {¢;} be a sequence
of positive numbers such that ¢; — 0 as ¢ — co. Then, for every i > 1, we
have

O(x+e)—P(x)=Pr{r <&<z+¢}

It follows from the probability continuity theorem that

lim ®(z 4 ¢;) — ®(z) = Pr{0} = 0.

11— 00

Hence ® is a right-continuous function. Finally,

lim ®(z) = ’I‘EIEIOO Pr{¢ <z} =Pr{l} =0,

Tr— —00

lim ®(z) = IEI-‘yI-lOO Pr{¢ <z} =Pr{Q} =1.

r——400

Conversely, it is known there is a unique probability measure Pr on the Borel
algebra over R such that Pr{(—o0c,z|} = ®(x) for all z € R. Furthermore,
it is easy to verify that the random variable defined by &(x) = = from the
probability space (R, A, Pr) to R has the probability distribution ®.

Probability Density Function

Definition A.9 The probability density function ¢: R — [0,400) of a ran-
dom wvariable & is a function such that

o) = [ " o)y (A11)

holds for all x € R, where ® is the probability distribution of the random
variable &.
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Theorem A.6 (Probability Inversion Theorem) Let & be a random variable
whose probability density function ¢ exists. Then for any Borel set B of R,
we have

Prig e B) = [ o)y, (A12)
Proof: Let C be the class of all subsets C' of R for which the relation

Prig e )= [ oy (A13)
holds. We will show that C contains all Borel sets of . It follows from
the probability continuity theorem and relation (A.13) that € is a monotone

class. Tt is also clear that € contains all intervals of the form (—o0,a], (a,b],
(b, 00) and 0 since

Pr{g € (oo} = (o) = [ " o)y,
+oo
Pr{€ € (b +00)} = B(+00) — B(b) = / $(y)dy,

bb
Pr{€ € (a,b]} = B(b) — B(a) = / o(y)dy,

Pr{e e} = 0= /@ $(y)dy

where ® is the probability distribution of £. Let F be the algebra consisting of
all finite unions of disjoint sets of the form (—oo, a], (a,b], (b, 00) and (. Note
that for any disjoint sets C1,Cs, -+ ,Cyy of Fand C =C1UCo U --- U Cpy,
we have

PriceC) =Y PeeC} =3 [ otwn= [ swa.

That is, C € €. Hence we have F C €. Since the smallest o-algebra containing
F is just the Borel algebra of R, the monotone class theorem implies that €
contains all Borel sets of R.

Some Special Distributions

Uniform Distribution: A random variable £ has a uniform distribution if
its probability density function is defined by

¢(x):b_a, a<xz<b. (A.14)

where a and b are given real numbers with a < b.
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Exponential Distribution: A random variable ¢ has an exponential dis-
tribution if its probability density function is defined by

$(z) = %exp (-Z) , >0 (A.15)

where 3 is a positive number.

Normal Distribution: A random variable £ has a normal distribution if
its probability density function is defined by

6(r) = —— exp <—(x_“)2> zeR (A.16)

oV2r 202

where p and o are real numbers.

A.4 Independence

Definition A.10 The random variables £1,&2,- -+ ,&n are said to be inde-
pendent if

Pr{ﬂ{fi € Bi}} =[[Pr{s € B:} (A.17)
i=1 i=1
for any Borel sets By, Ba, -+, By, of R.

Theorem A.7 Let &; be random variables with probability distributions ®;,
i=1,2,--- ,m, respectively, and ® the probability distribution of the random
vector (£1,&2, -+ ,&m). Then &1,&, -+, &m are independent if and only if

D(x1, @9, ,Tm) = P1(x1)Po(x2) - - P () (A.18)
for all (1,22, ,Tm) € N™.
Proof: If &,&, -+ , &, are independent random variables, then we have
Q(z1, 22, 1) = Pr{&y < 21,6 <2, & < T}

=Pr{& <1} Pr{& <z} - Pr{&m < zm}
= Oy (21)Pa(22) - - - P (@4m)
for all (z1,22, - ,2m) € R™. Conversely, assume that (A.18) holds. Let

To, T3, ,Tm be fixed real numbers, and € the class of all subsets C' of R
for which the relation

Pr{& € C & < g, &m < )} = Pr{& € CH[[Pr{& <} (A19)
=2

holds. We will show that € contains all Borel sets of ®. It follows from
the probability continuity theorem and relation (A.19) that € is a monotone
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class. Tt is also clear that € contains all intervals of the form (—oo, a], (a, b],
(b,00) and @. Let F be the algebra consisting of all finite unions of disjoint
sets of the form (—o0,al, (a,b], (b,00) and (). Note that for any disjoint sets
C,Cq,--- ,Crof Fand C =CLUCyU---UCy, we have

Pr{gl S 0752 S €T, - 7£m S xm}

=Y Pr{& €& <m0, &n <}
j=1
=Pr{& € C}Pr{& <z} - - Pr{&, < am}-
That is, C' € €. Hence we have F C €. Since the smallest o-algebra containing
F is just the Borel algebra of R, the monotone class theorem implies that €
contains all Borel sets of . Applying the same reasoning to each &; in turn,
we obtain the independence of the random variables.

Theorem A.8 Let &; be random variables with probability density functions
@i, 1 =1,2,--- ,m, respectively, and ¢ the probability density function of the
random vector (§1,€2,+++ ,&m). Then &1,&, -+ ,&n are independent if and
only if

d(x1, w2, ) = P1(21)P2(22) - P (T1m) (A.20)
for almost all (z1,%2, -+ ,Tm) € R™.
Proof: If ¢p(z1, 22, ,Zm) = d1(x1)P2(22) - - - P (x4 a.e., then we have

b(x1,29,  ,x / /OO / d(t1,ta, ++  ty)dtrdts - - - dty,
- N I e I Ort)on(ta) - Ittty

1 x2 Tm
— [ o [ ot [ onttnt
= (I)l(.’tl)q)z(fﬂg) e (I)m(l'm)
for all (z1,22, -+ ,2m) € R™. Thus &,&, -+, &, are independent. Con-
versely, if £1,&a, -+ - ,§m are independent, then for any (z1,z2, -+ , ;) € R™,
we have ®(zq, 29, - = Oy (21)Pa(22) - - Py (x4,). Hence

(w1, 22,7 Tm / / / m¢1(t1)¢2(t2)'“¢m(tm)dt1dt2--~dtm

which implies that ¢(x1,za, -+, Zm) = @1(x1)P2(x2) - - P (@) ace.

Example A.10: Let &,&, -+, &, be independent random variables with
probability density functions ¢q, ¢o,- - , ¢, respectively, and f : ™ —
R a measurable function. Then for any Borel set B of real numbers, the

probability Pr{f(&1,&2, -+ ,&n) € B} is

/// $1(x1)p2(w2) - P (T )dwrdg - - - Ay,
f(z1,z2, ,xm)EB

B
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A.5 Expected Value

Definition A.11 Let £ be a random variable. Then the expected value of &
1s defined by

+o00 0
E[¢] = /o Pr{¢ > r}dr —/ Pr{¢ < r}dr (A.21)

provided that at least one of the two integrals is finite.

Example A.11: Assume that £ is a discrete random variable taking values
x; with probabilities p;, ¢ = 1,2,--- ,m, respectively. It follows from the
definition of expected value operator that

E[ﬂ = ZP:%
i=1

Theorem A.9 Let & be a random variable whose probability density function
¢ exists. If the Lebesgue integral

/ - wd(z)de

1s finite, then we have

+oo
E[¢] = / zo(x)dz. (A.22)

Proof: It follows from Definition A.11 and Fubini Theorem that

0

+oo
E[¢] :/0 Pr{¢ > r}dr —/ Pr{¢ <r}dr

— 00

B /O+<x> [/T+<><> ¢(:r)d4 dr — /_OOO [/_TOO qb(x)dx} dr
B /O+oo [/Oz ¢(x)dr} do — /_Ooo {/mo ¢(x)dr} da

_ /O T ed(a)de + /_ Ooo r(x)dz

The theorem is proved.
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Theorem A.10 Let £ be a random variable with probability distribution .
If the Lebesgue-Stieltjes integral

/ T (o)

— 00
1s finite, then we have

“+oo
E[¢) = / xd®(x). (A.23)

— 00

Proof: Since the Lebesgue-Stieltjes integral f_+OO: xd®(z) is finite, we imme-
diately have

lim nyd<1>(x) /O+Ooxd<13(x), lim /yoxdcp(z) / ' 2d® ()

y—+00 o

and
+oo Y
lim / zd®(z) =0, lim zd®(z) = 0.
Yy

y——+00 Yy——°J

It follows from

“+oo
/ xd®(z) >y ( lim ®(z) — @(y)) =y(1-P(y)) >0, ify>0,

z—+00

/y zd®(z) <y <<I>(y) — lim <I>(z)) =yd(y) <0, ify<0

Z——00
— 00

that
lim y(1—-®(y)) =0, lim y®(y)=0.

Yy—+00 Yy——00

Let 0 =29 < 21 < 22 < --- < &, =y be a partition of [0,y]. Then we have

;x (@(ziﬂ)f@(xi))ﬂ/o 2d® ()

and .
n- Y
> (= Bz~ ) [ Prl¢ 2 r)dr
i=0 0
as max{|z;41 — 24| : 1 =0,1,--- ,n— 1} — 0. Since
n—1 n—1
> i (B(wigr) = B(2:) — > (1= (ir1))(wip1 — 23) = y(@(y) — 1) = 0
i=0 1=0

as y — 4o0. This fact implies that

/ b = ryar = / T ().

0 0
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A similar way may prove that
0 0
—/ Pr{¢ <r}dr= / zd®(z).

Thus (A.23) is verified by the above two equations.

Linearity of Expected Value Operator

Theorem A.11 Let £ and n be random variables with finite expected values.
Then for any numbers a and b, we have

Ela& + bn] = aE[¢] + bE[n). (A.24)

Proof: STEP 1: We first prove that E[¢ +b] = E[£] + b for any real number
b. When b > 0, we have
0

E[§+b]/oooPr{§+bZr}dr/ Pr{¢ +b<r}dr

— 00

:/OooPr{gzr—b}dr_/O Pr{¢ <r—b}dr

, — 00
= E[¢] +/O (Pr{¢>r—0b}+Pr{&<r—0b})dr
= E[¢] +b.

If b < 0, then we have

El¢ + 1] :E[f]—/b (Pr{€ > r— b} + Pr{€ < r — b)) dr = El¢] + b.

STEP 2: We prove that E[a&] = aE[¢] for any real number a. If a = 0,
then the equation Efaf] = aE[¢] holds trivially. If a > 0, we have

0

Elag] = /OOo Pr{a¢ > r}dr —/ Pr{a¢ < r}dr

— 00

:/Ooopr{g>2}dr—/o Pr{ggg}dr

[ el ) o [ refe< )

— aE[g].

oo
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If a < 0, we have

Flag] = /0 " Pr{ag > rhdr / " Priag < rydr

[o%S) 0
:/ Pr{gg f}dr—/ Pr{gz f}dr
0 a oo a
e r r 0 r r
co [Trrfez o) f e ha()
0 a a o a a
— aE[¢].

STEP 3: We prove that E[§ + 7] = E[§] + E[n] when both ¢ and n
are nonnegative simple random variables taking values ai,as,--- ,a, and
b1,ba,- -, by,, respectively. Then £ + 7 is also a nonnegative simple random
variable taking values a; +b;,¢=1,2,--- ,m, j =1,2,--- ,n. Thus we have

Elg+n] =3 > (ai+b;) Pr{§ = ai,n = b;}

o
Il
—

.
Il
—

I
™3
M=

-
Il

—
<.
I

—

aPr{g—azﬂ?—b}‘FZ Eb Pr{f—azﬂ?—b}

i=1j=

a; Pr{ =a;} + Zb Pr{n=b;}

I
NIE

.
Il
-

I
=
™
_|_
=

[1].

STEP 4: We prove that E[{ + n] = E[¢] + E[n] when both £ and 7 are
nonnegative random variables. For every ¢ > 1 and every w € ), we define

k—1 k-1 k -
) i Sf(UJ)<7,k:1,2,,Z2Z
i(w) = 2 2
i, if i <¢{(w),
-1 -1 )
k- , it F= gn(w)<ﬁ,k:1,2,---,i2l
mw)y=¢ 2 2 2
i, ifi < nw).

Then {&}, {m:} and {& + n;} are three sequences of nonnegative simple
random variables such that & T &, n; Tnand & +n; T&+n as @ — co. Note
that the functions Pr{& > r}, Pr{n; > r}, Pr{& +n; > r}, i =1,2,--- are
also simple. It follows from the probability continuity theorem that

Pr{& >r} T Pr{{>r},Vr>0

as i — oo. Since the expected value E[¢] exists, we have

—+oo

+oo
El&] = /0 Pr{¢; > r}dr — Pr{¢ > r}dr = E[¢]

0
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as ¢ — oo. Similarly, we may prove that E[n;] — E[n] and E[¢;+n;] — E[¢+n]
as 1 — oo. It follows from Step 3 that E[{ + 7] = E[¢] + E[n].

STEP 5: We prove that E[§ +n] = E[§]+ E[n] when & and 7 are arbitrary
random variables. Define

&mgz{f@m if {(w) = —i m@0:{1mn,ﬁnw)2_i

—1i, otherwise, —1i, otherwise.

Since the expected values E[{] and E[n] are finite, we have
lim Elg] = Bl lm Bfn] = Bl lm B[ +n] = B¢ + 1]

11— 00

Note that (&; + i) and (n; + ¢) are nonnegative random variables. It follows
from Steps 1 and 4 that

E[¢ +n)

Jim E[&; +1i]

Jim (B[(& + 1) + (m + )] — 20)
A (Bl& + ] + En; + ] — 2i)
Jim (BG] + i+ Eln] +1i = 2i)
= lim ElG] + lim Eln;]

= E[¢] + Enl.

STEP 6: The linearity E[a& + bn] = aE[¢] + bE[n] follows immediately
from Steps 2 and 5. The theorem is proved.

Product of Independent Random Variables

Theorem A.12 Let £ and 1 be independent random variables with finite
expected values. Then the expected value of &n exists and

E[én] = EE]EM]. (A.25)

Proof: STeEP 1: We first prove the case where both £ and 7 are nonnega-
tive simple random variables taking values a1, as, - ,a,, and by, by, - , by,
respectively. Then &7 is also a nonnegative simple random variable taking
values a;bj, 71 =1,2,--- ,m, j =1,2,--- ,n. It follows from the independence
of £ and n that

m n

Elgn) = 32 3 aib; Pr{€ = ai,n = b;}
i=1j=1
= ‘m i aibj Pr{f = az’} Pr{n = bJ}
i=1j=1
= iai Pr{¢ = az‘}> <§:1 b Pr{n = bj})
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STEP 2: Next we prove the case where £ and 7 are nonnegative random
variables. For every ¢ > 1 and every w € {2, we define

— k—1 k ,
Lilv if i Sg(w)<77k:17277221
Gw) =1 2 2 2
i, if i <¢&(w),
—1 k—1
F — i — <pw)< =, k=1,2,--,i2"
ni(w) = 2 2

i, if i < p(w).

Then {&;}, {n:} and {&n;} are three sequences of nonnegative simple random
variables such that & T & n; T n and &n; T €n as i — oo. It follows from
the independence of £ and 7 that &; and 7); are independent. Hence we have
E[¢m;] = El&)En;) for i = 1,2, - -+ Tt follows from the probability continuity
theorem that Pr{¢; > r},i =1,2,--- are simple functions such that

Pr{& >r} T Pr{¢>r}, forallr >0

as i — o0o. Since the expected value E[¢] exists, we have

+o0 +oo
El&) = /0 Pr{¢& > ridr — /0 Pr{¢ > r}dr = E[¢]

as ¢ — oo. Similarly, we may prove that E[n;] — E[n] and E[¢;n;] — E[¢n]
as i — oo. Therefore E[én] = E[¢]E[n].

STEP 3: Finally, if £ and n are arbitrary independent random variables,
then the nonnegative random variables £t and 5t are independent and so
are £t and 7, €~ and n, €~ and n~. Thus we have

which proves the theorem.



SECTION A.7 - MOMENTS 205

A.6 Variance

Definition A.12 Let £ be a random wariable with finite expected value e.
Then the variance of & is defined by V[£] = E[(€ — e)?].

The variance of a random variable provides a measure of the spread of the
distribution around its expected value. A small value of variance indicates
that the random variable is tightly concentrated around its expected value;
and a large value of variance indicates that the random variable has a wide
spread around its expected value.

Theorem A.13 If¢ is a random variable whose variance exists, a and b are
real numbers, then V[a& + b] = a®V[£].

Proof: It follows from the definition of variance that
Viag +b] = B [(a€ + b~ aB[¢] - b)*] = a®B[(¢ — E[€])’] = a®V¢].

Theorem A.14 Let £ be a random variable with expected value e. Then
VI[E] =0 if and only if Pr{¢ = e} = 1.

Proof: If V[¢] =0, then E[({ —e)?] = 0. Thus we have

+oo
/ Pr{(¢ —e)* > r}dr =0

0

which implies Pr{(¢—e)? > r} = 0 for any r > 0. Hence we have Pr{({—e¢)? =
0} = 1, ie., Pr{€ = e} = 1. Conversely, if Pr{¢ = e} = 1, then we have
Pr{(¢ —e)> =0} =1 and Pr{({ —e)?> > r} = 0 for any 7 > 0. Thus

oo
Vie] = /0 Pr{(¢ — ¢)2 > r}dr = 0.

Theorem A.15 If &1,&, -+, &, are independent random variables with fi-
nite expected values, then

VGt +&+ -+ &) =VIG]+ V] +- + V] (A.26)

Proof: It follows from the definition of variance that

v [;s} CB[(6+ &+t b — BlE] - Bleo] — - — FlE])?)
- SB[ EE)] +2E 5 G- PlEDE - Bl

Since £1,6, -+ , &, are independent, F[(€; — B&)(& — Blg])] = 0 for al
i, with ¢ # j. Thus (A.26) holds.
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A.7 Moments

Definition A.13 Let & be a random variable, and k a positive number. Then
(a) the expected value E[€¥] is called the kth moment;

(b) the expected value E[|£|*] is called the kth absolute moment;

(c) the expected value E[(& — E[€])*] is called the kth central moment;

(d) the expected value E[|¢ — E[€]|¥] is called the kth absolute central moment.

Note that the first central moment is always 0, the first moment is just
the expected value, and the second central moment is just the variance.

Theorem A.16 Let & be a monnegative random variable, and k a positive
number. Then the k-th moment

+oo
EleF =k / =1 Pr{¢ > rldr. (A.27)
0
Proof: It follows from the nonnegativity of £ that
E[¢¥] = / Pr{¢* > z}dx = / Pr{¢ > r}dr* = k/ rE=1Pr{¢ > r}dr.
0 0 0

The theorem is proved.

A.8 Critical Values

Let £ be a random variable. In order to measure it, we may use its expected
value. Alternately, we may employ a-optimistic value and a-pessimistic value
as a ranking measure.

Definition A.14 Let £ be a random variable, and o € (0,1]. Then

Eeup (@) = sup {r | Pr{¢>r}> a} (A.28)
18 called the a-optimistic value of &, and
&nt(a) =inf {r | Pr{¢ <r} >a} (A.29)

18 called the a-pessimistic value of &.

This means that the random variable £ will reach upwards of the a-
optimistic value &p () at least v of time, and will be below the a-pessimistic
value &ue(a) at least o of time. The optimistic value is also called percentile.

Theorem A.17 Let & be a random variable, and o € (0,1]. Then we have
Pr{¢ > &up(@)} 2 @, Pr{€ < gni(@)} 2 a (A.30)

where &sup (@) and &ne(ar) are the a-optimistic and a-pessimistic values of the
random variable &, respectively.
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Proof: It follows from the definition of the optimistic value that there exists
an increasing sequence {r;} such that Pr{¢ > r;} > a and r; T &up(a) as
i — oo. Since {{ > r;} | {€ > &upla)}, it follows from the probability
continuity theorem that

Pr{¢ > &up(@)} = lim Pr{{ > r;} > a.
The inequality Pr{¢ < &unt(@)} > a may be proved similarly.

Theorem A.18 Let & be a random variable, and o € (0,1]. Then we have
(a) &ng(@) is an increasing and left-continuous function of «;
(b) &sup(er) is a decreasing and left-continuous function of .

Proof: (a) Let a7 and as be two numbers with 0 < a3 < az < 1. Then
for any number r < &up(az2), we have Pr{¢ > r} > as > ;. Thus, by the
definition of optimistic value, we obtain &up(a1) > &up(az). That is, the
value &gup () is a decreasing function of a. Next, we prove the left-continuity
of &nt() with respect to a. Let {a;} be an arbitrary sequence of positive
numbers such that a; T @. Then {&ne(c;)} is an increasing sequence. If the
limitation is equal to &pn¢(a), then the left-continuity is proved. Otherwise,
there exists a number z* such that

hm ginf(ai) < z* < finf(a)-

Thus Pr{¢ < z*} > o, for each i. Letting i — oo, we get Pr{¢ < z*} > a.
Hence z* > &ne(a). A contradiction proves the left-continuity of &,¢(ar) with
respect to . The part (b) may be proved similarly.

A.9 Entropy

Given a random variable, what is the degree of difficulty of predicting the
specified value that the random variable will take? In order to answer this
question, Shannon [199] defined a concept of entropy as a measure of uncer-
tainty.

Entropy of Discrete Random Variables

Definition A.15 Let £ be a discrete random variable taking values x; with

probabilities p;, i = 1,2, ---, respectively. Then its entropy is defined by
H[¢] = - Zpi Inp;. (A.31)
i=1

It should be noticed that the entropy depends only on the number of
values and their probabilities and does not depend on the actual values that
the random variable takes.
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5(t)
1/e
t
0 1/@ 1
Figure A.1: Function S(t) = —tInt is concave

Theorem A.19 Let & be a discrete random variable taking values z; with
probabilities p;, i = 1,2, ---, respectively. Then

HIE) > 0 (A.32)

and equality holds if and only if there exists an index k such that pr =1, i.e.,
& is essentially a deterministic number.

Proof: The nonnegativity is clear. In addition, H[¢] = 0 if and only if
pi = 0 or 1 for each 7. That is, there exists one and only one index k£ such
that pr = 1. The theorem is proved.

This theorem states that the entropy of a discrete random variable reaches
its minimum 0 when the random variable degenerates to a deterministic num-
ber. In this case, there is no uncertainty.

Theorem A.20 Let £ be a simple random variable taking values x; with
probabilities p;, i = 1,2, --- ,n, respectively. Then

H[] <Inn (A.33)
and equality holds if and only if p; = 1/n for alli=1,2,--- n.

Proof: Since the function S(t) is a concave function of ¢ and p; +ps + - -+
pn = 1, we have

_ipi Inp; < -n (711 im) In (:L ipz> =lnn
=1 i=1 i=1

which implies that H[{] < Inn and equality holds if and only if p; = py =
co=pp,le,pp=1/nforalli=1,2,-- n.

This theorem states that the entropy of a simple random variable reaches
its maximum Inn when all outcomes are equiprobable. In this case, there is
no preference among all the values that the random variable will take.
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Entropy of Absolutely Continuous Random Variables

Definition A.16 Let & be a random wvariable with probability density func-
tion ¢. Then its entropy is defined by

+oo
H[¢) = 7/ ¢(z) Ingp(z)dx. (A.34)

— 00

Example A.12: Let £ be a uniformly distributed random variable on [a, b].
Then its entropy is H[¢] = In(b— a). This example shows that the entropy of
absolutely continuous random variable may assume both positive and nega-
tive values since In(b—a) < 0ifb—a < 1;and In(b—a) >0if b—a > 1.

Example A.13: Let £ be an exponentially distributed random variable with
expected value 8. Then its entropy is H[(] =1+ In .

Example A.14: Let ¢ be a normally distributed random variable with
expected value e and variance o2. Then its entropy is H[¢] = 1/2 + In/270.

Maximum Entropy Principle

Given some constraints, for example, expected value and variance, there are
usually multiple compatible probability distributions. For this case, we would
like to select the distribution that maximizes the value of entropy and satisfies
the prescribed constraints. This method is often referred to as the mazimum
entropy principle (Jaynes [64]).

Example A.15: Let £ be an absolutely continuous random variable on [a, b].
The maximum entropy principle attempts to find the probability density
function ¢(z) that maximizes the entropy

b
- [ d)moaas

subject to the natural constraint f; ¢(xz)dx = 1. The Lagrangian is

L[fﬂ@m¢@mxA<[}@me.

It follows from the Euler-Lagrange equation that the maximum entropy prob-
ability density function meets

Inp(z)+1+A=0

and has the form ¢(x) = exp(—1 — \). Substituting it into the natural
constraint, we get

5(@) =, a<e<h
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which is just the uniformly distributed random variable, and the maximum
entropy is H[*] = In(b — a).

Example A.16: Let £ be an absolutely continuous random variable on
[0,00). Assume that the expected value of & is prescribed to be 5. The
maximum entropy probability density function ¢(x) should maximize the
entropy

+oo
— / ¢(z) In¢(x)dx
0

subject to the constraints

+o0 +oo
/ o(z)de =1, / x¢(x)dz = .
0 0

The Lagrangian is

L= —/Ooo ¢(z) In ¢(x)dz — Ay (/Ooo ¢(z)dx — 1) ~ A (/OOO zé(x)dw — ﬁ) .

The maximum entropy probability density function meets Euler-Lagrange
equation

Ing(x)+1+ A + Xz =0
and has the form ¢(x) = exp(—1 — Ay — Agx). Substituting it into the
constraints, we get

g B

which is just the exponentially distributed random variable, and the maxi-
mum entropy is H[{*] =1+ Ing.

P*(v) = leXp <—x> ., >0

Example A.17: Let £ be an absolutely continuous random variable on
(—00, +00). Assume that the expected value and variance of £ are prescribed
to be p and o2, respectively. The maximum entropy probability density
function ¢(z) should maximize the entropy

+oo
[ s ot
subject to the constraints
“+ o0 400 400
[ ewae=1 [ wowde=p [ @ wew)e = o
The Lagrangian is

L=- /+O<> o(z) Ing(z)dz — N (/+°0 o(z)dx — 1)

— 00 — o0

—Xo (/_:o ro(x)dr — u) — A3 (/_:O(x — )2 o(z)dx — 02> .
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The maximum entropy probability density function meets Euler-Lagrange
equation
Ing(x) + 14+ A + Aoz + Az(x —p)> =0

and has the form ¢(x) = exp(—1 — A\; — Aoz — A\3(x — p)?). Substituting it
into the constraints, we get

5" () = - 1277 exp (_(9”"‘)2> C zew

202

which is just the normally distributed random variable, and the maximum
entropy is H[¢*] = 1/2 + Inv/270.

A.10 Conditional Probability

We consider the probability of an event A after it has been learned that
some other event B has occurred. This new probability of A is called the
conditional probability of A given B.

Definition A.17 Let (2, A, Pr) be a probability space, and A, B € A. Then
the conditional probability of A given B is defined by

Pr{AnN B}

PrAIB} = 5

(A.35)

provided that Pr{B} > 0.

Theorem A.21 Let (2, A,Pr) be a probability space, and B an event with
Pr{B} > 0. Then Pr{:|B} defined by (A.35) is a probability measure, and
(Q, A, Pr{:|B}) is a probability space.

Proof: It is sufficient to prove that Pr{:|B} satisfies the normality, nonneg-
ativity and countable additivity axioms. At first, we have

Pr{QNB} Pr{B}

PHOIBY = = By =~ (B

1.

Secondly, for any A € A, the set function Pr{A|B} is nonnegative. Finally,
for any countable sequence {4;} of mutually disjoint events, we have

(G- G BT

Thus Pr{:|B} is a probability measure. Furthermore, (2, A,Pr{:|B}) is a
probability space.
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Theorem A.22 (Bayes Formula) Let the events Ay, As,- -+ , Ay, form a par-
tition of the space Q such that Pr{A;} > 0 fori=1,2,--- ,n, and let B be
an event with Pr{B} > 0. Then we have

Pr{Ak} PI‘{B|Ak}

2;1 Pr{A;} Pr{B|A;}

Pr{A;|B} = (A.36)

fork=1,2,--- n.

Proof: Since Ay, As,--- , A, form a partition of the space €2, we have
Pr{B} =Y Pr{4;n B} => Pr{A;}Pr{B|A;}
i=1 i=1

which is also called the formula for total probability. Thus, for any k, we have
Pr{A;NB Pr{A:} Pr{B|A
Pr{Ak|B}= r{k }:nr{ k} I‘{ |/€}
> Pr{A;} Pr{B|A;}
i=1

Pr{B}

The theorem is proved.

Remark A.1: Especially, let A and B be two events with Pr{A} > 0 and
Pr{B} > 0. Then A and A€ form a partition of the space 2, and the Bayes
formula is

Pr{A} Pr{B|A}

Pr{A|B} = = o

(A.37)

Remark A.2: In statistical applications, the events A1, Ao, --- , A, are often
called hypotheses. Furthermore, for each i, the Pr{A;} is called the prior
probability of A;, and Pr{A;|B} is called the posterior probability of A; after
the occurrence of event B.

Example A.18: Let £ be an exponentially distributed random variable with
expected value 8. Then for any real numbers a > 0 and x > 0, the conditional
probability of £ > a + x given £ > a is

Pr{€ > a+ ol > a} = exp(—a/8) = Pr{€ > 2}

which means that the conditional probability is identical to the original prob-
ability. This is the so-called memoryless property of exponential distribution.
In other words, it is as good as new if it is functioning on inspection.

Definition A.18 Let £ be a random wvariable on (Q,A,Pr). A conditional
random variable of & given B is a measurable function &|g from the condi-
tional probability space (2, A, Pr{-|B}) to the set of real numbers such that

¢lp(w) =&(w), YweQ. (A.38)
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Definition A.19 The conditional probability distribution ®: R — [0,1] of a
random variable £ given B is defined by

®(z|B) = Pr{¢ < z|B} (A.39)
provided that Pr{B} > 0.

Definition A.20 The conditional probability density function ¢ of a random
variable & given B is a monnegative function such that

<I>(x|B):/:v o(y|B)dy, VreR (A.40)

where ®(x|B) is the conditional probability distribution of & given B.

Example A.19: Let (£,7n) be a random vector with joint probability density
function t. Then the marginal probability density functions of £ and 7 are

+o0 +oo
f@)y=| dleydy, g)= [ d(zyde
respectively. Furthermore, we have
Pr{¢ <z,n<y}= /j}o /_io Y(r,t)drdt = /_yoo { _; wg(a)t) dr] g(t)dt

which implies that the conditional probability distribution of £ given n =y

is .
¥(r,y)

—oo 9(Y)

and the conditional probability density function of £ given n =y is

Y(x,y) Y(z,y)

- ,
o) Y(z,y)da

— 00

Note that (A.41) and (A.42) are defined only for g(y) # 0. In fact, the set
{y|g(y) = 0} has probability 0. Especially, if ¢ and 7 are independent random

variables, then ¥(z,y) = f(x)g(y) and ¢(x|n =y) = f(x).

Definition A.21 Let £ be a random variable. Then the conditional expected
value of & given B is defined by

d(zln=y) = dr, as. (A.41)

p(zln=y) =

a.s. (A.42)

0

+oo
El¢|B] = /0 Pri¢ > r|B}dr — / Pr{¢ < r|B}dr (A.43)

—00

provided that at least one of the two integrals is finite.






Appendix B

Credibility Theory

The concept of fuzzy set was initiated by Zadeh [229] via membership function
in 1965. In order to measure a fuzzy event, Zadeh [232] proposed the concept
of possibility measure. Although possibility measure has been widely used,
it has no self-duality property. However, a self-dual measure is absolutely
needed in both theory and practice. In order to define a self-dual measure,
Liu and Liu [121] presented the concept of credibility measure. In addition,
a sufficient and necessary condition for credibility measure was given by Li
and Liu [94]. Credibility theory, founded by Liu [124] in 2004 and refined by
Liu [127] in 2007, is a branch of mathematics for studying the behavior of
fuzzy phenomena.

The emphasis in this appendix is mainly on credibility measure, cred-
ibility space, fuzzy variable, membership function, credibility distribution,
independence, expected value, variance, moments, critical values, entropy
and conditional credibility.

B.1 Credibility Space

Let © be a nonempty set, and P the power set of © (i.e., the larggest o-
algebra over ©). Each element in P is called an event. In order to present an
axiomatic definition of credibility, it is necessary to assign to each event A a
number Cr{A} which indicates the credibility that A will occur. In order to
ensure that the number Cr{A} has certain mathematical properties which we
intuitively expect a credibility to have, we accept the following four axioms:

Axiom 1. (Normality) Cr{©} = 1.
Axiom 2. (Monotonicity) Cr{A} < Cr{B} whenever A C B.
Axiom 3. (Self-Duality) Cr{A} + Cr{A°} =1 for any event A.

Axiom 4. (Mazimality) Cr{U;A;} = sup, Cr{A;} for any events {A;} with
sup, Cr{4;} < 0.5.
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Definition B.1 (Liu and Liu [121]) The set function Cr is called a cred-
wbility measure if it satisfies the normality, monotonicity, self-duality, and
mazimality azioms.

Example B.1: Let © = {61,62}. For this case, there are only four events:
0,{61}, {02}, 0. Define Cr{f} = 0, Cr{0;} = 0.7, Cr{f2} = 0.3, and Cr{O} =
1. Then the set function Cr is a credibility measure because it satisfies the
four axioms.

Example B.2: Let © be a nonempty set. Define Cr{(} = 0, Cr{©} =1 and
Cr{A} = 1/2 for any subset A (excluding ) and ©). Then the set function
Cr is a credibility measure.

Example B.3: Let p be a nonnegative function on © (for example, the set
of real numbers) such that

sup pu(x) = 1. (B.1)
reEO
Then the set function
1
Cr{A} = (sup w(x)+1— sup u(m)) (B.2)
2 \zea zEAe

is a credibility measure on O.

Theorem B.1 Let © be a nonempty set, P the power set of ©, and Cr the
credibility measure. Then Cr{} =0 and 0 < Cr{A} <1 for any A € P.

Proof: It follows from Axioms 1 and 3 that Cr{0} =1—-Cr{©} =1-1=0.
Since § C A C ©, we have 0 < Cr{A} <1 by using Axiom 2.

Theorem B.2 Let © be a nonempty set, P the power set of ©, and Cr the
credibility measure. Then for any A, B € P, we have

Cr{AU B} =Cr{A} v Cr{B} if Cr{AU B} <0.5, (B.3)

Cr{An B} =Cr{A} ACr{B} if Cr{ANB}>0.5. (B.4)

The above equations hold for not only finite number of events but also infinite
number of events.

Proof: If Cr{AU B} < 0.5, then Cr{A} VvV Cr{B} < 0.5 by using Axiom 2.
Thus the equation (B.3) follows immediately from Axiom 4. If Cr{AU B} =
0.5 and (B.3) does not hold, then we have Cr{A} v Cr{B} < 0.5. It follows
from Axiom 4 that

Cr{AUB} = Cr{A} v Cr{B} < 0.5.
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A contradiction proves (B.3). Next we prove (B.4). Since Cr{AN B} > 0.5,
we have Cr{A° U B¢} < 0.5 by the self-duality. Thus

Cr{ANB} =1-Cr{A°UB°} =1-Cr{A4°} v Cr{B°}
=(1—-Cr{4°}) A (1 - Cr{B}) = Cr{A} A Cr{B}.

The theorem is proved.

Theorem B.3 Let © be a nonempty set, P the power set of ©, and Cr the
credibility measure. Then for any A, B € P, we have

Cr{AU B} =Cr{A} Vv Cr{B} if Cr{A} + Cr{B} < 1, (B.5)

Cr{AN B} = Cr{A} ACr{B} if Cr{A} + Cr{B} > 1. (B.6)
Proof: Suppose Cr{A} + Cr{B} < 1. Then there exists at least one term
less than 0.5, say Cr{B} < 0.5. If Cr{A} < 0.5 also holds, then the equation
(B.3) follows immediately from Axiom 4. If Cr{A} > 0.5, then by using
Theorem B.2, we obtain
Cr{A} = Cr{Au(BNB®)} = Cr{(AUB)N(AUB°)} = Cr{AUB}ACr{AUB‘}.
On the other hand, we have

Cr{A} <1-Cr{B} =Cr{B°} < Cr{AU B°}.

Hence we must have Cr{AU B} = Cr{A} = Cr{A} Vv Cr{B}. The equation
(B.5) is proved. Next we suppose Cr{A} + Cr{B} > 1. Then Cr{A°} +
Cr{B¢} < 1. Tt follows from (B.5) that

Cr{ANB} =1—-Cr{A°UB°} =1—- Cr{A°} v Cr{B*}
=(1—-Cr{4°}) A (1 — Cr{B*}) = Cr{A} A Cr{B}.

The theorem is proved.

Credibility Subadditivity Theorem

Theorem B.4 (Liu [124], Credibility Subadditivity Theorem) The credibility
measure is subadditive. That is,

Cr{AU B} < Cr{A} + Cr{B} (B.7)

for any events A and B. In fact, credibility measure is not only finitely
subadditive but also countably subadditive.
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Proof: The argument breaks down into three cases. Case 1: Cr{A} < 0.5
and Cr{B} < 0.5. It follows from Axiom 4 that

Cr{AU B} = Cr{A} v Cr{B} < Cr{A} + Cr{B}.

Case 2: Cr{A} > 0.5. For this case, by using Axioms 2 and 3, we have
Cr{A°} <0.5 and Cr{AU B} > Cr{A} > 0.5. Then

Cr{A°} = Cr{A° N B} v Cr{A° N B}
< Cr{A°N B} + Cr{A° N B¢}
< Cr{B} + Cr{4°n B°}.

Applying this inequality, we obtain
Cr{A} 4+ Cr{B} =1 - Cr{A°} 4+ Cr{B}

>1-Cr{B} - Cr{4°Nn B°} + Cr{B}
=1-Cr{4°Nn B°}
= Cr{AU B}.

Case 3: Cr{B} > 0.5. This case may be proved by a similar process of Case
2. The theorem is proved.

Remark B.1: For any events A and B, it follows from the credibility sub-
additivity theorem that the credibility measure is null-additive, i.e., Cr{A U
B} = Cr{A} + Cr{B} if either Cr{A} =0 or Cr{B} = 0.

Theorem B.5 Let {B;} be a decreasing sequence of events with Cr{B;} — 0
as i — 0o. Then for any event A, we have

lim Cr{AU B;} = lim Cr{A\B;} = Cr{A}. (B.8)

Proof: It follows from the monotonicity axiom and credibility subadditivity
theorem that

Cr{A} < Cr{AU B;} < Cr{A} + Cr{B;}

for each ¢. Thus we get Cr{A U B;} — Cr{A} by using Cr{B;} — 0. Since
(A\BZ) C A C ((A\Bz) U Bl), we have

Hence Cr{A\B;} — Cr{A} by using Cr{B;} — 0.
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Credibility Semicontinuity Law

Generally speaking, the credibility measure is neither lower semicontinuous
nor upper semicontinuous. However, we have the following credibility semi-
continuity law.

Theorem B.6 (Liu [124], Credibility Semicontinuity Law) For any events
Ay, Ag, -+, we have

lim Cr{A;} = Cr{llim Ai} (B.9)

if one of the following conditions is satisfied:
(a) Cr{A} <0.5 and A; T A; (b) lim Cr{4;} < 0.5 and A; T A;
(c) Cr{A} > 0.5 and A; | A; (d) lim Cr{A;} > 0.5 and A; | A.

Proof: (a) Since Cr{A} < 0.5, we have Cr{4;} < 0.5 for each i. It follows
from Axiom 4 that

Cr{A} = Cr{U;A;} = sup Cr{A;} = lim Cr{4;}.

(b) Since lim; o Cr{A;} < 0.5, we have sup; Cr{4;} < 0.5. It follows from
Axiom 4 that

Cr{A} = Cr{U;A;} = sup Cr{4;} = lim Cr{4;}.

(c) Since Cr{A} > 0.5 and A; | A, it follows from the self-duality of credibility
measure that Cr{A°} < 0.5 and A¢ T A°. Thus

lim Cr{A;} =1— lim Cr{A{} =1— Cr{A°} = Cr{A}.

11— 00

(d) Since lim; o Cr{A4;} > 0.5 and A; | A, it follows from the self-duality
of credibility measure that

lim Cr{A{} = lim (1 — Cr{4;}) <0.5
and A 7 A°. Thus Cr{4;} =1—Cr{AS} — 1—Cr{A°} = Cr{A} as i — .

The theorem is proved.

Credibility Asymptotic Theorem

Theorem B.7 (Credibility Asymptotic Theorem) For any events Ay, Aa, - - -,
we have

lim Cr{Ad;} <05, if A; | 0. (B.11)
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Proof: Assume A; T ©. If lim;_,o, Cr{A;} < 0.5, it follows from the credi-
bility semicontinuity law that

Cr{©} = lim Cr{4;} <05

which is in contradiction with Cr{©} = 1. The first inequality is proved.
The second one may be verified similarly.

Credibility Extension Theorem

Suppose that the credibility of each singleton is given. Is the credibility
measure fully and uniquely determined? This subsection will answer the
question.

Theorem B.8 Suppose that © is a nonempty set. If Cr is a credibility mea-
sure, then we have

sup Cr{6} > 0.5,
0c©

, (B.12)
Cr{0*} + sup Cr{6} =1 if Cr{0"} > 0.5.
06

We will call (B.12) the credibility extension condition.

Proof: If sup Cr{6} < 0.5, then by using Axiom 4, we have

1=Cr{0} =supCr{f} <0.5.
0cO

This contradiction proves sup Cr{f} > 0.5. We suppose that 6* € © is a point
with Cr{6*} > 0.5. It follows from Axioms 3 and 4 that Cr{© \ {6*}} < 0.5,
and

Cr{e\ {6"}} = es;lg Cr{6}.

Hence the second formula of (B.12) is true by the self-duality of credibility
measure.

Theorem B.9 (Li and Liu [9/], Credibility Extension Theorem) Suppose
that © is a nonempty set, and Cr{0} is a nonnegative function on © satisfying
the credibility extension condition (B.12). Then Cr{0} has a unique extension
to a credibility measure as follows,

sup Cr{6}, if Sug Cr{0} < 0.5
€

CI’{A} — fcA

1 — sup Cr{f}, if supCr{6} > 0.5. (B.13)
0cA

fcAc
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Proof: We first prove that the set function Cr{A} defined by (B.13) is a
credibility measure.
STEP 1: By the credibility extension condition sup Cr{f} > 0.5, we have
0€0

Cr{®}=1—-supCr{f}=1-0=1.
0eb

STEP 2: If A C B, then B¢ C A°. The proof breaks down into two cases.

Case 1: sup Cr{#} < 0.5. For this case, we have
0cA

Cr{A} = sup Cr{6} < sup Cr{0} < Cr{B}.

gcA 0cB

Case 2: sup Cr{f} > 0.5. For this case, we have sup Cr{f} > 0.5, and

0cA 9eB
Cr{A} =1— sup Cr{6} <1-— sup Cr{f} = Cr{B}.
geAe geBe
STEP 3: In order to prove Cr{A} + Cr{A°} = 1, the argument breaks
down into two cases. Case 1: sup Cr{f} < 0.5. For this case, we have

e A
sup Cr{#} > 0.5. Thus,
0cAc

Cr{A} + Cr{A4A°} = supCr{0} + 1 —sup Cr{6} = 1.
gcA 9cA

Case 2: sup Cr{f} > 0.5. For this case, we have sup Cr{6} < 0.5, and

gcA geAe
Cr{A} + Cr{A°} =1 — sup Cr{6} + sup Cr{6} = 1.
geAe geAe

STEP 4: For any collection {A4;} with sup, Cr{4;} < 0.5, we have
Cr{U;A;} = sup Cr{f} =sup sup Cr{f} = supCr{4;}.
HeU; A; i O€A; i

Thus Cr is a credibility measure because it satisfies the four axioms.

Finally, let us prove the uniqueness. Assume that Cr; and Crs are two
credibility measures such that Cry {6} = Cry{6} for each § € ©. Let us prove
that Cri{A} = Cro{A} for any event A. The argument breaks down into
three cases. Case 1: Cr1{A} < 0.5. For this case, it follows from Axiom 4
that

Cr1{A} = sup Cr1{0} = sup Cry{6} = Cro{A}.
fcA feA

Case 2: Cr1{A} > 0.5. For this case, we have Cr1{A°} < 0.5. It follows from
the first case that Cri{A°} = Cr2{A°} which implies Cr1{A} = Cry{A4}.
Case 3: Cri{A} = 0.5. For this case, we have Cr;{A°} = 0.5, and

Cro{A} > sup Cry{6} = sup Cr1{0} = Cr; {A} = 0.5,
geA 9cA
Cra{A°} > sup Cra{0} = sup Cri{0} = Cr1{4°} = 0.5.
geAe geAe

Hence Cro{A} = 0.5 = Cr;{A}. The uniqueness is proved.
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Credibility Space

Definition B.2 Let © be a nonempty set, P the power set of ©, and Cr a
credibility measure. Then the triplet (©,P,Cr) is called a credibility space.

Example B.4: The triplet (0, P, Cr) is a credibility space if
0 ={61,0s,---}, Cr{6;} =1/2 fori =1,2,--- (B.14)

Note that the credibility measure is produced by the credibility extension
theorem as follows,

0, ifA=0
Cr{A} = 1, ifA=0
1/2, otherwise.

Example B.5: The triplet (0, P, Cr) is a credibility space if
0= {91,92, s }, Cr{@l} = Z/(QZ + 1) fori =1,2,--- (B15)
By using the credibility extension theorem, we obtain the following credibility
measure,
sup —, if A is finite
ben 2i+ 1
Cr{A} = ;
1— sup ——, if A is infinite.
oone 2i+ 1

Example B.6: The triplet (0, P, Cr) is a credibility space if

© ={61,02,---},Cr{0,} =1/2,Cr{6;} =1/i fori=2,3,--- (B.16)
For this case, the credibility measure is
su;j)4 1/1, if A contains neither 61 nor 6y
Cr{A} = 9161/27 if A contains only one of #; and 65
1-— gfggc 1/i, if A contains both #; and 0s.

Example B.7: The triplet (0, P, Cr) is a credibility space if
©=10,1], Cr{f} =6/2 for 0 € O. (B.17)
For this case, the credibility measure is
1
—supd, if supf <1

2
Cr{A} = feA feA

1—=sup6, if supfd=1.
2 geac 0cA
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Product Credibility Measure

Product credibility measure may be defined in multiple ways. This book
accepts the following axiom.

Axiom 5. (Product Credibility Aziom) Let ©y be nonempty sets on which
Cry are credibility measures, k = 1,2,--- . n, respectively, and © = ©1 X O4 X
-+ X 0,,. Then

Cf{(01,92, e 79n)} = Cr1{91} A\ Cr2{02} VANREIRAN Crn{On} (B18)
for each (01,04, ,0,) € O.

Theorem B.10 (Product Credibility Theorem) Let O be nonempty sets on
which Cry, are the credibility measures, k = 1,2, -+, n, respectively, and © =
O X0Oy xX-+-x0,. Then Cr = Cr; ACra A--- ACr,, defined by Aziom 5 has
a unique extension to a credibility measure on © as follows,

sup min Cry{6x},
(01,05 ,0,)eA 1Sk<n

if Sup min Crp{0x} < 0.5
(01,02, ,0,)€A LSkSn { }
Cr{A} = (B.19)
1-— sup min Crp{6;},
(01,02, ,0,)€Ac LSk { }
if Sup min Crg{6x} > 0.5.
(01,02, ,0n)EA LSkSR { }

Proof: For each 6 = (61,02, --,0,) € ©, we have Cr{0} = Cri{61} A
Cro{02} A --- A Cr,{0,}. Let us prove that Cr{0} satisfies the credibility
extension condition. Since sup Cr{fx} > 0.5 for each k, we have

0, €O,

sup Cr{0} = sup min Crg{6;} > 0.5.
6co (01,02, ,0,,)€0 1Sk<n

Now we suppose that 8° = (6,605,---,0%) is a point with Cr{6"} > 0.5.

rYn

Without loss of generality, let ¢ be the index such that
Cr{0"} = in Cri{0;} = Cr;{6;}. (B.20)
We also immediately have
Cri{0;} >05, k=1,2,--- ,m (B.21)

Crp{6;} + sup Crp{bp} =1, k=1,2,---,m; (B.22)
0170

sup Cr;{0;} > sup Crp{6r}, k=1,2,--- ,n; (B.23)
0,707 01207
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sup Crp{0c} <05, k=1,---,n. (B.24)
070}

It follows from (B.21) and (B.24) that

sup Cr{0} = sup min Cry{6x}
076" (01,02, ,0n) (07,05, 07) LSk<n

S . y ' . .
> afigi* | Jpin Cr{0;} A Cr;i{0;} A L in_ Crr{0;}

= sup Cr;{6;}.
0:707

We next suppose that

sup Cr{0} > sup Cr;{6;}.
046" 0:70;

Then there is a point (67,05,---,0) # (0%,05,--- ,6%) such that

i 9, i{0:}.
212, Otk > sup, On0)

Let j be one of the index such that ¢ # ¢7. Then

Cr;{0;} > sup Cri{6;}.
0:746;

That is,
sup Cr;{6,;} > sup Cr;{6;}
0,07 0,407

which is in contradiction with (B.23). Thus

sup Cr{6} = sup Cr;{6;}. (B.25)
60" 0707

It follows from (B.20), (B.22) and (B.25) that

Cr{0*} + sup Cr{0} = Cr;{0;} + sup Cr;{6;} = 1.
046" 0,07

Thus Cr satisfies the credibility extension condition. It follows from the cred-
ibility extension theorem that Cr{A} is just the unique extension of Cr{8}.
The theorem is proved.

Definition B.3 Let (O, Py, Cri), k = 1,2, -+ ,n be credibility spaces, © =
O1 xOy x---x0Op and Cr = Cry ACrag A---ACry,. Then (©,P,Cr) is called
the product credibility space of (O, Pk, Crg), k=1,2,--- ,n.

Theorem B.11 Let (©,P, Cr) be the product credibility space of (O, Py, Cry),
k=1,2,--- ,n. Then for any Ay € Py, k=1,2,--- ,n, we have

CI‘{Al X A2 X+ X Ak} = Cfl{Al} A\ CI’Q{AQ} VANREIRAN Cfn{An}
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Proof: We only prove the case of n = 2. If Cr;{A;} < 0.5 or Cra{A5} < 0.5,
then we have

sup Cri{f;} <0.5 or  sup Cra{f2} <0.5.
01€A; O2€ Az

It follows from

sup Cr1{0,} A Cra{2} = sup Cri{61} A sup Cra{62} < 0.5
(91,92)6141 X Ao 01€A; 026 Az

that

Cr{A; x A} = sup Cr1{61} A sup Cra{62} = Cr1{A1} A Cr2{Az}.
01€A, 02€ A,

If Cri{A1} > 0.5 and Cra{As} > 0.5, then we have

sup Cri{f;} >0.5 and  sup Cra{62} > 0.5.
01€4, 02€ A

It follows from

sup Cri1{0:} A Cra{2} = sup Cri{61} A sup Cra{62} > 0.5
(91,92)€A1 X Ao 01€A, 02€Az

that

CI‘{Al X AQ} =1- sup Crl{ﬂl} A Cr2{92}
(91,92)%141 XA2

= (1 — sup Cr1{91}> A <1 — sup Cr2{92}>
91614‘1: 92€A§
= Crl{Al} A\ CYQ{AQ}.

The theorem is proved.

B.2 Fuzzy Variable

Definition B.4 A fuzzy variable is a (measurable) function from a credibility
space (0, P, Cr) to the set of real numbers.

Example B.8: Take (0, P, Cr) to be {01,602} with Cr{6;} = Cr{f2} = 0.5.
Then the function
£(0) = 0, if0=20,
L ife=06
is a fuzzy variable.

Example B.9: Take (0, P, Cr) to be the interval [0, 1] with Cr{6} = /2 for
each 6 € [0,1]. Then the identity function £(f) = 6 is a fuzzy variable.
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Example B.10: A crisp number ¢ may be regarded as a special fuzzy vari-
able. In fact, it is the constant function £(6) = ¢ on the credibility space
(©,2,Cr).

Remark B.2: Since a fuzzy variable £ is a function on a credibility space,
for any set B of real numbers, the set

{¢eB}={0cO]|0) € B} (B.26)

is always an element in P. In other words, the fuzzy variable £ is always a
measurable function and {£ € B} is always an event.

Definition B.5 Let & and & be fuzzy variables defined on the credibility
space (©,P,Cr). We say & = & if £&1(0) = &2(0) for almost all 6 € O.

Fuzzy Vector

Definition B.6 An n-dimensional fuzzy vector is defined as a function from
a credibility space (0©,P,Cr) to the set of n-dimensional real vectors.

Theorem B.12 The vector (£1,&2,--+ ,&n) is a fuzzy vector if and only if
&,&, -+, &, are fuzzy variables.

Proof: Write € = (£1,&2,- -+ ,&,). Suppose that £ is a fuzzy vector. Then
&,8&, -+, &, are functions from © to R. Thus &1,&, -, &, are fuzzy vari-
ables. Conversely, suppose that &; are fuzzy variables defined on the cred-
ibility spaces (©;,P;,Cr;), ¢ = 1,2,---,n, respectively. It is clear that
(&1,&,--+,&,) is a function from the product credibility space (O,P,Cr)
to R, i.e.,

5(917927 T 79n) = (51(01)352(02)7 t »gn(an))

for all (61,603, - ,0,) € ©. Hence & = (£1,&2, -+ ,&,) is a fuzzy vector.

Fuzzy Arithmetic

In this subsection, we will suppose that all fuzzy variables are defined on a
common credibility space. Otherwise, we may embed them into the product
credibility space.

Definition B.7 Let f : R" — R be a function, and &1,&a, -+ , &, fuzzy vari-
ables on the credibility space (©,P,Cr). Then & = f(&1,&2,- -+ ,&n) is a fuzzy
variable defined as

£(0) = f(&(6),&2(0), -+, &a(0)) (B.27)
for any 0 € ©.

The reader may wonder whether £(61,02,--- ,0,) defined by (B.27) is a
fuzzy variable. The following theorem answers this question.
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Theorem B.13 Let £ be an n-dimensional fuzzy vector, and f : R — R a
function. Then f(€) is a fuzzy variable.

Proof: Since f(£) is a function from a credibility space to the set of real
numbers, it is a fuzzy variable.

B.3 Membership Function

Definition B.8 Let £ be a fuzzy variable defined on the credibility space
(©,P,Cr). Then its membership function is derived from the credibility mea-
sure by

wx)=2Cr{E=z2})AN1l, zeR (B.28)

Membership function represents the degree that the fuzzy variable & takes
some prescribed value. How do we determine membership functions? There
are several methods reported in the past literature. Anyway, the membership
degree p(x) = 0 if x is an impossible point, and p(x) = 1 if x is the most
possible point that & takes.

Example B.11: It is clear that a fuzzy variable has a unique membership
function. However, a membership function may produce multiple fuzzy vari-
ables. For example, let ©® = {61,605} and Cr{6;} = Cr{f2} = 0.5. Then
(©,P,Cr) is a credibility space. We define

0, if6=6 1, if0=6

“@:{Liw:%, M”:{in:%.

It is clear that both of them are fuzzy variables and have the same member-
ship function, p(z) =1 on z =0 or 1.

Theorem B.14 (Credibility Inversion Theorem) Let £ be a fuzzy variable
with membership function p. Then for any set B of real numbers, we have

1
Cr{¢ € B} == (Sup w(x) +1— sup u(x)) . (B.29)

2 \zeB zeBe
Proof: If Cr{¢ € B} < 0.5, then by Axiom 2, we have Cr{¢ = 2} < 0.5 for
each z € B. It follows from Axiom 4 that

1 1
Cr{¢e B} = (sup (2Cr{¢ =z} A 1)) = — sup u(x). (B.30)
2 \zeB 2 2eB
The self-duality of credibility measure implies that Cr{¢ € B} > 0.5 and
sup,cpe Cr{¢ =z} > 0.5, i.e.,

sup p(z) = sup (2Cr{{ =2} A1) =1 (B.31)
zeBe zeBe
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It follows from (B.30) and (B.31) that (B.29) holds.
If Cr{¢ € B} > 0.5, then Cr{¢ € B°} <0.5. It follows from the first case
that

Cr{¢ceB}=1-Cr{ceB}=1- 1 (sup w(x)+1-— supu(a:))
2 \zeBe zeB

= % (sup p(x) +1— sup u(fﬂ)) :

r€EB reB°

The theorem is proved.

Example B.12: Let £ be a fuzzy variable with membership function pu.
Then the following equations follow immediately from Theorem B.14:

Cr{{ =z} = % (M(w) +1-— Supu(y)> , Ve eW, (B.32)
y#£T
Crig < ab =3 (swput) + 1-swput) ), VeeR  (B33)
2 \y<z y>z
Cr{¢ >z} = % <sup w(y) +1—sup u(y)) , YremR (B.34)
y>x y<z

Especially, if p is a continuous function, then
Cr{€ =z} = @ Vr € R. (B.35)

Theorem B.15 (Sufficient and Necessary Condition for Membership Func-
tion) A function p : R — [0,1] is a membership function if and only if
sup u(x) = 1.

Proof: If y is a membership function, then there exists a fuzzy variable &
whose membership function is just u, and

sup p(x) = sup (2Cr{€ = z}) A 1.
zeR zeR

If there is some point x € R such that Cr{€ = z} > 0.5, then sup u(z) = 1.
Otherwise, we have Cr{¢ = 2} < 0.5 for each = € R. It follows from Axiom 4
that

sup u(z) = sup (2Cr{€ = 2}) A1 =2sup Cr{¢ =z} = 2(Cr{O} AN 0.5) = 1.
xeER rER

zeER

Conversely, suppose that sup p(z) = 1. For each z € R, we define

Cr{z} =

N | —

<u($) +1—sup u(y)> :

y#T
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It is clear that 1
sup Cr{z} > -(1+1—-1)=0.5.
zeR 2
For any z* € ® with Cr{z*} > 0.5, we have pu(z*) =1 and

Cr{z*} + sup Cr{y}
y#T*

= % (u(w*)41 sup u(y)> + sup ! (u(y)%lsupA42)>

yFx* y#ar 2 27y

1 1
=1— 5 sup u(y) + 5 sup p(y) = 1.
Y7 yFa*
Thus Cr{z} satisfies the credibility extension condition, and has a unique
extension to credibility measure on P(R) by using the credibility extension
theorem. Now we define a fuzzy variable £ as an identity function from the
credibility space (R, P(R),Cr) to R. Then the membership function of the
fuzzy variable £ is

@Cﬂ€=$DA1=<u@%+1—gpmm>A1=u@)

for each x. The theorem is proved.

Some Special Membership Functions

By an equipossible fuzzy variable we mean the fuzzy variable fully determined
by the pair (a, b) of crisp numbers with a < b, whose membership function is
given by

pwr(z) =1, a<z<h.
By a triangular fuzzy variable we mean the fuzzy variable fully determined
by the triplet (a,b,c¢) of crisp numbers with a < b < ¢, whose membership
function is given by

Tr—a

, ifa<z<b

b—a

pa(r) = T —c
, ifb<zx<ec

b—c

By a trapezoidal fuzzy variable we mean the fuzzy variable fully determined
by the quadruplet (a,b,c,d) of crisp numbers with a < b < ¢ < d, whose
membership function is given by

x—av fa<z<b
b—a

ws(z) = 1, fb<z<e
v ife<z<d

c—d’
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Figure B.1: Membership Functions 1, puo and us

B.4 Credibility Distribution

Definition B.9 (Liu [119]) The credibility distribution ® : ® — [0,1] of a
fuzzy variable & is defined by

P(z)=Cr{fcO|0) <z}. (B.36)

That is, ®(x) is the credibility that the fuzzy variable £ takes a value less than
or equal to z. Generally speaking, the credibility distribution ® is neither
left-continuous nor right-continuous.

Example B.13: The credibility distribution of an equipossible fuzzy variable

(a,b) is
0, ifz<a
Dy(x) =1 1/2, ifa<z<bd
1, ifx>0b.

Especially, if £ is an equipossible fuzzy variable on R, then ®;(x) = 1/2.

Example B.14: The credibility distribution of a triangular fuzzy variable
(a,b,c) is

0, ifz<a
Tr—a
ifa<z<b
2b—a)’ ifa<z<
©a(z) = T+c—2b
TTETY fb<a<e
2(c—b)
1, ifx >c.
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Example B.15: The credibility distribution of a trapezoidal fuzzy variable

(a,b,c,d) is

0, ifz<a
Tr—a

_— ifa<ax<b

2(b—a)’ Ha=e=
1 .

D3(z) = 3 ifb<z<c

r+d-—2c

——, ife<z<d

2d—¢) 0 "7
1, if x >d.

Figure B.2: Credibility Distributions ®;, ®; and @5

Theorem B.16 Let & be a fuzzy variable with membership function p. Then
its credibility distribution is
1
O(x) == (sup wu(y) +1 —sup u(y)) , Vo € R. (B.37)

2 y<z y>x
Proof: It follows from the credibility inversion theorem immediately.

Theorem B.17 (Liu [124], Sufficient and Necessary Condition for Credi-
bility Distribution) A function ® : ® — [0,1] is a credibility distribution if
and only if it is an increasing function with

lim @(z) <0.5 < lim ®(z), (B.38)
lifn D(y) = O(x) if an ®(y) > 0.5 or &(x) > 0.5. (B.39)
yix ylx

Proof: It is obvious that a credibility distribution ® is an increasing func-
tion. The inequalities (B.38) follow from the credibility asymptotic theorem
immediately. Assume that z is a point at which lim,, ®(y) > 0.5. That is,

li{n Cr{¢{ <y} >05.
ylx
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Since {¢€ <y} | {{ <z} asy | x, it follows from the credibility semicontinuity
law that

P(y) = Cr{¢ <y} | Cr{§ <z} = D(x)

as y | . When z is a point at which ®(x) > 0.5, if lim, |, ®(y) # ®(x), then
we have

liin D(y) > ®(z) > 0.5.
ylx
For this case, we have proved that lim,, ®(y) = ®(z). Thus (B.38) and

(B.39) are proved. Conversely, if ® : ® — [0,1] is an increasing function
satisfying (B.38) and (B.39), then

20(z), i P(x) <05
u(z) = 1, if lim D(y) < 0.5 < P(x) (B.40)

2—-20(x), 1f05 <11%n<I>( Y)
ylz

takes values in [0,1] and sup p(x) = 1. It follows from Theorem B.15 that
there is a fuzzy variable £ whose membership function is just p. Let us verify
that @ is the credibility distribution of &, i.e., Cr{{ < z} = ®(x) for each z.
The argument breaks down into two cases. (i) If ®(x) < 0.5, then we have
sup,~, #(y) = 1, and p(y) = 2®(y) for each y with y < z. Thus

Cr{{ <z} = % (Zgu(y) +1 - sup u(y)> = zg}z@(y) = O(z).

(ii) If ®(x) > 0.5, then we have sup, ., u(y) = 1 and ®(y) > ®(x) > 0.5 for
each y with y > x. Thus u(y) = 2 — 2®(y) and

1
Cr{i{<a} =3 (supu( )+ 1 —sup p(y )
y<x y>x
1
= (1+1—sup2—2<1> )
2 y>x
= inf ®(y) = lim P(y) = ®(x).
y>x ylz

The theorem is proved.

Example B.16: Let a and b be two numbers with 0 < a < 0.5 <b< 1. We
define a fuzzy variable by the following membership function,

2a, ifx <0
w(x) = 1, ifx=0
2—2b, ifzx>0.
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Then its credibility distribution is

B(z) — a, ifx<0
@ =914 itesol

Thus we have
lim ®(z)=a, lim P(z)=>».

T——00 xr——+00

B.5 Independence

The independence of fuzzy variables has been discussed by many authors
from different angles. Here we use the following definition.

Definition B.10 (Liu and Gao [150]) The fuzzy variables &1,&a, -+ ,&m are
said to be independent if

Cr { ﬂ{fl S Bl}} = 1£I%iénm Cr {fz S Bl} (B41)

i=1
for any sets By, Ba,--- , B,, of R.

Theorem B.18 The fuzzy variables £1,&2,- -+ , & are independent if and
only if

Cr {L_Jl {fl € BZ}} = 1I§nlaé)in Cr {fz S Bi} (B42)
for any sets By, Ba, -+, By, of R.

Proof: It follows from the self-duality of credibility measure that &1,&s, - , &
are independent if and only if

Cr{@{fz‘EBi}} :1—Cr{ﬁ{&€3§}}

i=1 i=1

=1- 1glgnmcl“{§i S Bi} = 1r§nl_a§}§nCr {gz e Bi}.

Thus (B.42) is verified. The proof is complete.

Theorem B.19 The fuzzy variables £1,&2,--- , & are independent if and
only if
Cr { Q {& = xz}} = 1glgnm Cr{& =u;} (B.43)

for any real numbers x1,T2, - , Tp,.
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Proof: If &, &, - -+, &y are independent, then we have (B.43) immediately by
taking B; = {x;} for each 7. Conversely, if Cr{N}~, (& € B;)} > 0.5, it follows
from Theorem B.2 that (B.41) holds. Otherwise, we have Cr{N,(& =
z;)} < 0.5 for any real numbers x; € B;, i =1,2,--- ,m, and

Cr{ﬂ{fiEBi}}zCr U ﬂ{ﬁz’:mi}

i=1 2,€B;,1<i<m i=1

= sup Cr { n{fi = xl}} = sup min Cr{¢ = x;}
i=1

z;€B;,1<i<m z;€B;,1<i<m 1<i<m

., 0 Ol = e =, s e B
Hence (B.41) is true, and &1,&s, -+ , &, are independent. The theorem is
thus proved.

Theorem B.20 Let u; be membership functions of fuzzy variables &, i =
1,2,--- ,m, respectively, and p the joint membership function of fuzzy vector
(1,82, ,&m). Then the fuzzy variables &1,&s, -+ ,&n are independent if
and only if

plar, a2, o) = min p(z;) (B.44)

for any real numbers x1,T2, - , Tp,.

Proof: Suppose that &;,&s, -, &, are independent. It follows from Theo-
rem B.19 that

/1,(1‘1,$2,"' 7xm) = (201‘{0{51 I’l}}> A1l

=1

1<i<m

(2 min Cr{{ = xz}> Al

min (2Cr{§; = z;}) A1 = ir%inm i)

1<i<m 1<i<
Conversely, for any real numbers 1,22, -+, Z,, with Cr{N"{& = 2;}} <
0.5, we have
m 1 m
1 I

= 5#(561,372, T 7$m) = 5 lglgnm Mz(%)

=3 (i eorig =ap

T2 gy, T

= min Cr{¢ =u;}.

1<i<m
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It follows from Theorem B.19 that &;,&s,- -+, &, are independent. The the-
orem is proved.

B.6 Extension Principle of Zadeh

Theorem B.21 (Extension Principle of Zadeh) Let &1,&a,--+ &, be inde-
pendent fuzzy wvariables with membership functions pi, o, - , fhn, TESPEC-
tively, and f : R" — R a function. Then the membership function u of
&= f(&,&, -, &) is derived from the membership functions p1, o, -+, fin

by

u(x) = sup min ,ui(xi) (B'45)
z=f(x1,22, ,Tn) l<isn
for any x € R. Here we set u(x) = 0 if there are not real numbers x1,2a, -+ ,Zp
such that © = f(x1,xe, - ,Tp).

Proof: It follows from Definition B.8 that the membership function of £ =
f(§17§27' o 7571) is

(@) = 2Cr {f(&1, &2, &) =a}) Al

= (2 sup Cr{{i =21, =20, -+ ,én = xn}> N1
z=f(

1,525 sTm)
- (2 sup min Cr{¢; = xz}> A1 (by independence)
o= (@1 s, ) LSRN
B m:f(xilii... ) 1232% (2Cr{& =z }) A1
B z:mig... o) 121;1 i (7).

The theorem is proved.

Remark B.3: The extension principle of Zadeh is only applicable to the
operations on independent fuzzy variables. In the past literature, the exten-
sion principle is used as a postulate. However, it is treated as a theorem in
credibility theory.

Example B.17: The sum of independent equipossible fuzzy variables & =
(a1,az2) and n = (b1, b2) is also an equipossible fuzzy variable, and

E+n= (a1 +bi,a2 + b).

Their product is also an equipossible fuzzy variable, and

E-n= min Y, max zy | .
a1<z<az,b1 <y<b a1<z<az,b1 <y<b
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Example B.18: The sum of independent triangular fuzzy variables £ =
(a1,a2,a3) and 1 = (b1, by, bs) is also a triangular fuzzy variable, and
§+n = (a1 + bi,az + b, a3 + b3).
The product of a triangular fuzzy variable £ = (a1, az, az) and a scalar number
A s /\.5:{ (\a1, Aag, Aaz), ifA>0
(Aas, Aag, Aaq), if A <O0.
That is, the product of a triangular fuzzy variable and a scalar number is

also a triangular fuzzy variable. However, the product of two triangular fuzzy
variables is not a triangular one.

Example B.19: The sum of independent trapezoidal fuzzy variables £ =
(a1, az2,as3,a4) and n = (by, be, b3, by) is also a trapezoidal fuzzy variable, and

§+77: (a1+b1,a2+b2,a3+b3,a4—|—b4).

The product of a trapezoidal fuzzy variable £ = (a1, a2, a3, a4) and a scalar
number A is
" (a1, Aag, Aag, Aag), ifA>0
| (Mau, Aas, Aaz, Aay), if A < 0.

That is, the product of a trapezoidal fuzzy variable and a scalar number is
also a trapezoidal fuzzy variable. However, the product of two trapezoidal
fuzzy variables is not a trapezoidal one.

Example B.20: Let &1,&5, -+ , &, be independent fuzzy variables with mem-
bership functions i, 2, -+ , tin, respectively, and f : 8" — R a function.
Then for any set B of real numbers, the credibility Cr{f(&1,&2, -+ ,&n) € B}
is

1
- sup min p;(x;) +1— sup min p;(x;) | .
2 <f(:v1’w2,---’wn)€B1<l<” o f(z1,m0, mn)EBe 1SISR o

B.7 Expected Value

There are many ways to define an expected value operator for fuzzy variables.
The most general definition of expected value operator of fuzzy variable was
given by Liu and Liu [121]. This definition is applicable to not only continuous
fuzzy variables but also discrete ones.

Definition B.11 (Liu and Liu [121]) Let & be a fuzzy variable. Then the
expected value of € is defined by

“+o0 0
E[¢] = /0 Cr{¢ > r}dr —/_ Cr{¢ < r}dr (B.46)

provided that at least one of the two integrals is finite.
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Example B.21: Let £ be the equipossible fuzzy variable (a,b). Then its
expected value is F[§] = (a+b)/2.

Example B.22: The triangular fuzzy variable £ = (a,b, ¢) has an expected
value F[¢] = (a4 2b+ ¢) /4.

Example B.23: The trapezoidal fuzzy variable £ = (a,b, ¢, d) has an ex-
pected value E[¢] = (a + b+ c+d) /4.

Example B.24: Let £ be a continuous fuzzy variable with membership
function . If its expected value exists, and there is a point xg such that
u(x) is increasing on (—oo,xo) and decreasing on (xg,+00), then Cr{{ >
x} = p(x)/2 for any x > x¢ and Cr{¢ < z} = p(x)/2 for any = < z¢. Thus

+oo o
Blgl=a+3 [ e [ ud

Example B.25: The definition of expected value operator is also applicable
to discrete case. Assume that £ is a simple fuzzy variable whose membership
function is given by

wi, ifzx=ux

) =4 Hz Hr=m (B.47)
m, if =,
where 1,29, - , 2y, are distinct numbers. Note that pu1 Vo V---V iy, = 1.
Definition B.11 implies that the expected value of £ is
m
El¢] = Zwixi (B.48)
i=1
where the weights are given by
1
wi =5 | max {psley < 2i} - max {pgle; <o}
ps > gl s .
+max {uyley > @i} — max {ple; > xz}>
for i = 1,2,--- ,m. It is easy to verify that all w; > 0 and the sum of all

weights is just 1.

Example B.26: Consider the fuzzy variable £ defined by (B.47). Suppose
T < T9 < -+ < X, and there exists an index k£ with 1 < k < m such that

pr Spp <o <pgoand pg > g > 2 .
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Note that g = 1. Then the expected value is determined by (B.48) and the
weights are given by

iy ifi=1
2
BPel =23, k-1
I Y S T s
2
% fi=k+1,k+2,--,m—1
Hm o
Hm f4=m.
5 ifi=m

Linearity of Expected Value Operator

Theorem B.22 (Liu and Liu [143]) Let & and n be independent fuzzy vari-
ables with finite expected values. Then for any numbers a and b, we have

Ela& 4+ bn] = aE[€] + bE[n). (B.49)

Proof: STEP 1: We first prove that E[¢ +b] = E[£] + b for any real number
b. If b > 0, we have

o) 0
E[¢ + b :/0 Cr{f—l—bZr}dr—/_ Cr{¢+b<r}dr

[e%s) 0
= / Cr{¢>r—b}dr — / Cr{¢ <r—b}dr
0

— 00

b
:E[§]+/O (Cr{¢>r—b}+Cr{¢ <r—0b})dr

= E[¢]+b.
If b < 0, then we have

0
E[§+b]:E[§]f/b (Cr{¢ >r—b}+Cr{€ <r—0b})dr = E[{] + .

STEP 2: We prove that E[af] = aE[{] for any real number a. If a = 0,
then the equation F[al] = aF[£] holds trivially. If a > 0, we have

Elag] = /0 " Crfag > rhdr — /_ OOO Cr{ag < ridr
[orfez - [ arfss T
o erfex DYa() o [ orfesha() =omte

oo a
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If a < 0, we have
0

Ela€] = /O " Crfag > e — / Cr{aé < r}dr

— 00

:/OooCr{ggg}dr—/oooCr{fzZ}dr

0

co[Terfez D)D) o [ rfes Ja(l) -omia

STEP 3: We prove that E[{ + n] = E[¢] + E[n] when both & and 7 are
simple fuzzy variables with the following membership functions,

w1, ifx=a vy, ifx=b

Vo, if x = bg

play =4 M T -

B,  if = ap,, Vp, ifxz=b,.

Then £+ is also a simple fuzzy variable taking values a;+b; with membership
degrees u; Avj, i =1,2,--- ,m, j =1,2,--- n, respectively. Now we define

1
/
L= — <
w; 9 <1g}€a<x {/,Lk|ak al} 1I<1'laX {/’Lk|ak < al}

+lr<r}ca<x {prlag > a;} —  ax {prla > al}> )

1
w! = 5 (fglax {viby < b; }— max {Vl|bl < b}

> ] - .
+1r£la§xn{z/z\bz > b;} 1r£lagxn{yl|bl > b]}> :

1
Wi = — ma
07 5 chamicicn

{uk/\ul|ak+bl<al+b}

{ue ANvilag + b < a; + b}

ma
C1<k<m, 1<z<

ma {ue ANvilag + b > a; + b;}
1<k<m, 1<l<n

T 1<kdmi<i<n L Alar +bu > ai + 05 })

fori=1,2,---,mand j=1,2,--- ,n. It is also easy to verify that

n m
! . " __ .
w; = E w;j, w; = E Wy
j=1 i=1
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for i = 1,2,---,m and j = 1,2,--- ,n. If {a;}, {b;} and {a; + b;} are
sequences consisting of distinct elements, then

m n

E[¢) = Z apw;,  Eln) = Z bjw/, ElE+n=> 3 (ai+bj)wi.

i=1 j=1

Thus E[¢ + 1] = E[¢] + E[n]. If not, we may give them a small perturbation
such that they are distinct, and prove the linearity by letting the perturbation
tend to zero.

STEP 4: We prove that E[{ + n] = E[¢] + E[n] when & and 7 are fuzzy
variables such that
hnol Cr{{ <y} < <Cr{{ <0},
vi (B.50)
< Cr{n < 0}.

N = DN =

lim Cr{n <y} <
y10

We define simple fuzzy variables &; via credibility distributions as follows,

k=1 k-1 2 ‘
i< < 2 k=12 271
5 if 5 < Cr{¢ <z} < 5" k=1,2,---,2

(=1 & k-1 k | |

2=y bl coecmy < Ekma i

1, ifCr{¢ <z} =1
for i =1,2,--- Thus {&} is a sequence of simple fuzzy variables satisfying

Cr{&, <rprCr{e<r}, ifr<o0
Cr{§& >r}1Cr{>r}), ifr>0

as ¢ — oo. Similarly, we define simple fuzzy variables 7; via credibility
distributions as follows,

k—1
2t

@) ={ k. k-l k - i
(J:) ?7 if 9 SCr{nﬁ:ﬂ}<§,k:2 1+1,"',2

1, if Cr{n<z}=1

k—1 k ,
, ingCr{ngx}<§,k:1,2,«~,2“1

for i =1,2,--- Thus {n;} is a sequence of simple fuzzy variables satisfying

Cr{m; <r}1Cr{n<r}, ifr<o
Cr{m;>r}1Cr{n>r}, ifr>0
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as i — oo. It is also clear that {£; +n;} is a sequence of simple fuzzy variables.
Furthermore, when r < 0, it follows from (B.50) that

lim Cr{¢& +n <r} = lim sup Cr{& <z} ACr{m; <y}
=00 e 2<0,y<0,a+y<r

= sup lim Cr{¢ <z} A Cr{n <y}
2<0,y<0,x+y<r >

= sup Cr{¢ <z} ACr{n <y}
z<0,y<0,2+y<r

=Cr{¢+n<r}

That is,
Cr{&+mi <r}1Cr{€¢+n<r}, ifr<o.

A similar way may prove that

Cr{&+m>r}1Ce{l+n>r}, ifr>0.

Since the expected values F[¢] and E[n] exist, we have
+o0 0
E§] = / Cr{& > r}dr —/ Cr{& < r}dr
0 — o0

+o0 0
- [ ereznar- [ oe<nar- e,
0 —00

+o0 0
E[nz] = / CI‘{’I’]l > ’f’}d?” — / Cr{nz < r}dr
0 —o0

+oo 0
— / Cr{n > r}dr — / Cr{n < r}dr = E[n),
O — 00

+oo 0
Bl& +mi] = /0 Cr{& +n; > r}dr — /_ Cr{& +n; < r}dr

400 0
e/ Cr{f-l—an}dr—/ Cr{e +n < r}dr = B[ +1]
0 —00

as i — oo. It follows from Step 3 that E[§ + 7] = E[§] + E[n).

STEP 5: We prove that E[ + n] = E[§] + E[n] when & and 7 are arbi-
trary fuzzy variables. Since they have finite expected values, there exist two
numbers ¢ and d such that

li%Cf{€+6§ y} < 5 < Cr{€ +c¢ <0},
Yy

< Cr{n+d < 0}.

O = N

limCr{n+d <y} <
y10
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It follows from Steps 1 and 4 that

El§+n] =E[§+c)+n+d) —c—d
=El§+c)+(+d]—c—d
=E[l+c]+En+d—c—d
=FE[]+c+En+d—c—d
= E[¢] + Eln]

STEP 6: We prove that E[a€ + bn| = aE[£] + bE[n] for any real numbers
a and b. In fact, the equation follows immediately from Steps 2 and 5. The
theorem is proved.

B.8 Variance

Definition B.12 (Liu and Liu [121]) Let £ be a fuzzy variable with finite
expected value e. Then the variance of & is defined by V[£] = E[(€ — €)?].

The variance of a fuzzy variable provides a measure of the spread of the
distribution around its expected value.

Example B.27: A fuzzy variable £ is called normally distributed if it has a
normal membership function

() :2(1+exp (lega_e|)>_l7 zER, 0> 0. (B.51)

The expected value is e and variance is 0. Let & and & be independently
and normally distributed fuzzy variables with expected values e; and es,
variances o2 and o3, respectively. Then for any real numbers a; and ag, the
fuzzy variable a1£1 + a2&s is also normally distributed with expected value
aie; + ageg and variance (|ai|oy + |az|o2)?.

Figure B.3: Normal Membership Function
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Theorem B.23 If £ is a fuzzy variable whose variance exists, a and b are
real numbers, then V[a& + b] = a®V[£].

Proof: It follows from the definition of variance that
Vla& +b] = E [(a& + b — aE[¢] — b)*] = a®E[(§ — E[¢])?] = a®V[¢].

Theorem B.24 Let £ be a fuzzy variable with expected value e. Then V[€] =
0 if and only if Cr{¢ = e} = 1.

Proof: If V[¢] = 0, then E[(¢ — €)?] = 0. Note that

“+oo
Bl - 0)?] = / Cr{(€ — )% > r}dr

which implies Cr{(£¢—¢)? > r} = 0 for any r > 0. Hence we have Cr{(£—¢)? =
0} =1, ie, Cr{¢ = e} = 1. Conversely, if Cr{¢ = e} = 1, then we have
Cr{(¢ —e)2 =0} =1 and Cr{(¢ —¢)? > 7} = 0 for any r > 0. Thus

+oo
Vie = / Cr{(€ — ) > r}dr = 0.

0

B.9 Moments

Definition B.13 (Liu [123]) Let £ be a fuzzy variable, and k a positive num-
ber. Then
(a) the expected value F

[ } is called the kth moment;
(b) the expected value E|

[

|

3
|€|¥] is called the kth absolute moment;

(E—E[¢ D | is called the kth central moment;

&£~ E[€]|¥] is called the kth absolute central moment.

(c) the expected value E
(d) the expected value E|

Note that the first central moment is always 0, the first moment is just
the expected value, and the second central moment is just the variance.

Example B.28: A fuzzy variable £ is called exponentially distributed if it
has an exponential membership function

ulx) =2 (1 4 exp <;£n)>_l . x>0,m>0. (B.52)

The expected value is (v6mIn2)/m and the second moment is m?. Let &;
and & be independently and exponentially distributed fuzzy variables with
second moments m3 and m3, respectively. Then for any positive real numbers
a1 and ag, the fuzzy variable a1£; 4+a2&s is also exponentially distributed with
second moment (a;m; + agms)?.
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Figure B.4: Exponential Membership Function

B.10 Critical Values

In order to rank fuzzy variables, we may use two critical values: optimistic
value and pessimistic value.

Definition B.14 (Liu [119]) Let & be a fuzzy variable, and o € (0,1]. Then
Eap(@) = sup {r | Cr{¢ > r} > a} (B.53)
18 called the a-optimistic value to &, and
Gine(@) = inf {r | Cr{{ <r} > o} (B.54)
is called the a-pessimistic value to €.

Example B.29: Let & = (a,b,¢) be a triangular fuzzy variable. Then its
a-optimistic and a-pessimistic values are

funs(0) = 2ab + (1 — 2a)e, if  <0.5
TP (2a = 1Da 4+ (2 —2a)b, if a > 0.5,
funr(a) = (1 —-2a)a+ 2ab, ifa<0.5
P 2 - 2a)b+ (20— 1)e, if o> 0.5.

Theorem B.25 Let £ be a fuzzy variable, and « € (0,1]. If « > 0.5, then
we have

Cr{¢ <&mr(a)} > a, Cr{€> &upla)} > a. (B.55)

Proof: It follows from the definition of a-pessimistic value that there exists
a decreasing sequence {z;} such that Cr{¢ < z;} > « and z; | &ne(@) as
i — oo. Since {€ < z;} | {€ < &n(a)} and lim; oo Cr{€ < z;} > o > 0.5, it
follows from the credibility semicontinuity law that

Cr{¢ < Gnr(@)} = lim Cr{¢ < i} > a.
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Similarly, there exists an increasing sequence {x;} such that Cr{¢ > x;} >
a and x; 1 &up(a) as i — oo. Since {€ > z;} | {€ > &up(a)} and
lim; o, Cr{€ > x;} > a > 0.5, it follows from the credibility semicontinuity
law that

Cr{¢ > fsup(a)} = Zlinolo Cr{€ > z;} > o

The theorem is proved.

Theorem B.26 Let £ be a fuzzy variable, and o € (0,1]. Then we have
(a) &nt(a) is an increasing and left-continuous function of «;
(b) &sup(r) is a decreasing and left-continuous function of .

Proof: (a) Let a3 and as be two numbers with 0 < oy < ag < 1. Then for
any number 7 < &gp(as), we have

Cr{{>rt>ay>a.

Thus, by the definition of optimistic value, we obtain &up(a1) > &euplae).
That is, the value &gup(a) is a decreasing function of «. Next, we prove the
left-continuity of &u¢(a) with respect to a. Let {«;} be an arbitrary sequence
of positive numbers such that o; T a. Then {&n(a;)} is an increasing se-
quence. If the limitation is equal to &u¢(a), then the left-continuity is proved.
Otherwise, there exists a number z* such that

lim &ne(ay) < 2° < &ing(a@).
71— 00

Thus Cr{¢ < z*} > «a; for each i. Letting i — oo, we get Cr{¢ < z*} > .
Hence z* > &ue(a). A contradiction proves the left-continuity of &,¢(«r) with
respect to . The part (b) may be proved similarly.

B.11 Entropy

Fuzzy entropy is a measure of uncertainty and has been studied by many
researchers such as De Luca and Termini [27], Kaufmann [71], Yager [217],
Kosko [80], Pal and Pal [173], Bhandari and Pal [7], and Pal and Bezdek
[175]. Those definitions of entropy characterize the uncertainty resulting
primarily from the linguistic vagueness rather than resulting from information
deficiency, and vanishes when the fuzzy variable is an equipossible one.

Liu [126] suggested that an entropy of fuzzy variables should meet at least
the following three basic requirements: (i) minimum: the entropy of a crisp
number is minimum, i.e., 0; (ii) mazimum: the entropy of an equipossible
fuzzy variable is maximum; (iii) wniversality: the entropy is applicable not
only to finite and infinite cases but also to discrete and continuous cases.

In order to meet those requirements, Li and Liu [91] provided a new def-
inition of fuzzy entropy to characterize the uncertainty resulting from infor-
mation deficiency which is caused by the impossibility to predict the specified
value that a fuzzy variable takes.
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Entropy of Discrete Fuzzy Variables

Definition B.15 (Li and Liu [91]) Let € be a discrete fuzzy variable taking
values in {x1, 22, - }. Then its entropy is defined by

HIg] =Y _ S(Cr{§ = wi}) (B.56)
where S(t) = —tInt — (1 —¢)In(1 —¢).

Example B.30: Suppose that £ is a discrete fuzzy variable taking values in
{1,229, - }. If there exists some index k such that the membership function
wu(xg) =1, and 0 otherwise, then its entropy H[{] = 0.

Example B.31: Suppose that £ is a simple fuzzy variable taking values
in {21,209, -+ ,x,}. If its membership function p(x) = 1, then its entropy
H[¢(] =nln2.

Theorem B.27 Suppose that € is a discrete fuzzy variable taking values in
{z1,xa, - }. Then
H[¢] =0 (B.57)

and equality holds if and only if & is essentially a crisp number.
Proof: The nonnegativity is clear. In addition, H[¢] = 0 if and only if

Cr{¢ =x;} =0 or 1 for each i. That is, there exists one and only one index
k such that Cr{¢ = x;} =1, i.e., £ is essentially a crisp number.

This theorem states that the entropy of a fuzzy variable reaches its min-
imum 0 when the fuzzy variable degenerates to a crisp number. In this case,
there is no uncertainty.

Theorem B.28 Suppose that & is a simple fuzzy variable taking values in
{z1,29, - ,xn}. Then
H¢) <nln2 (B.58)

and equality holds if and only if & is an equipossible fuzzy variable.

Proof: Since the function S(¢) reaches its maximum In2 at ¢ = 0.5, we have

H[g =Y S(Cr{¢ =;}) <nln2
i=1
and equality holds if and only if Cr{¢ = z;} = 0.5, i.e., p(z;) = 1 for all
i=1,2,-- ,n.
This theorem states that the entropy of a fuzzy variable reaches its max-

imum when the fuzzy variable is an equipossible one. In this case, there is
no preference among all the values that the fuzzy variable will take.
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Entropy of Continuous Fuzzy Variables

Definition B.16 (Li and Liu [91]) Let £ be a continuous fuzzy variable.
Then its entropy is defined by

+oo
Hg) = / S(Cr{€ = z})dz (B.59)

where S(t) = —tlnt — (1 —¢) In(1 —¢).

For any continuous fuzzy variable £ with membership function u, we have
Cr{¢ =z} = p(z)/2 for each x € R. Thus

ma—— [ (M0t s (1) (1 )V (o

— 0o

Example B.32: Let £ be an equipossible fuzzy variable (a,b). Then u(z) =
1if a <z <b, and 0 otherwise. Thus its entropy is

H[f}:—/ab (;1n;+ (1—;)ln(l—;)>dm:(b—a)ln2.

Example B.33: Let £ be a triangular fuzzy variable (a,b,¢). Then its
entropy is H[¢] = (¢ — a)/2.

Example B.34: Let & be a trapezoidal fuzzy variable (a,b,c,d). Then its
entropy is H[¢] = (d —a)/2 + (In2 — 0.5)(c — b).

Example B.35: Let £ be an exponentially distributed fuzzy variable with
second moment m?. Then its entropy is H[¢] = mm/+/6.

Example B.36: Let ¢ be a normally distributed fuzzy variable with expected
value e and variance o2. Then its entropy is H[¢] = V670 /3.

Theorem B.29 Let £ be a continuous fuzzy variable taking values on the
interval [a,b]. Then

H[(]<(b—a)ln2 (B.61)
and equality holds if and only if £ is an equipossible fuzzy variable (a,b).

Proof: The theorem follows from the fact that the function S(t) reaches its
maximum In2 at ¢t = 0.5.

Maximum Entropy Principle

Given some constraints, for example, expected value and variance, there are
usually multiple compatible membership functions. Which membership func-
tion shall we take? The mazimum entropy principle attempts to select the
membership function that maximizes the value of entropy and satisfies the
prescribed constraints.
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Theorem B.30 (Li and Liu [95]) Let & be a continuous nonnegative fuzzy
variable with finite second moment m?. Then
m
V6

and the equality holds if € is an exponentially distributed fuzzy variable with

second moment m?.

H[¢] < (B.62)

Proof: Let p be the membership function of £&. Note that u is a continuous
function. The proof is based on the following two steps.

STEP 1: Suppose that p is a decreasing function on [0, +00). For this
case, we have Cr{¢ > =} = p(x)/2 for any = > 0. Thus the second moment

El¢?] = /OJFOO Cr{¢? > z}dx = /0+<>0 22Cr{¢ > z}dx = /O+00 zp(x)de.

The maximum entropy membership function p should maximize the entropy

_/0+°° <M(2x)1nu(2x)+<1—ﬂ(2@>ln<l—ﬂ(2@>)dx

subject to the moment constraint

+oo
/ ru(z)dz = m?.
0

The Lagrangian is

o[ () )
-2 (/;OO xu(m)dzm2>.

The maximum entropy membership function meets Euler-Lagrange equation

1 op(x) 1 e) _
2ln 5 2ln(l 5 +Ax =0

and has the form p(x) = 2 (1 + exp(2\z))~". Substituting it into the moment
constraint, we get

i (x) =2 <1+exp <\;gn>>l >0

which is just the exponential membership function with second moment m?,
and the maximum entropy is H[¢*] = mm/V/6.
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STEP 2: Let £ be a general fuzzy variable with second moment m?2. Now
we define a fuzzy variable £ via membership function

i(z) =supp(y), ==>0.
y>x

Then 7 is a decreasing function on [0, +00), and

1 N 1 1
Cr{€? >z} = 5 sup fi(y) = 5 sup supp(z) = 5 Suwp p(z) < Cr{¢? >}
y>Vz y>\T 22Y 2>z

for any x > 0. Thus we have
+oo +oo
E[¢?] = / Cr{€® > z}dx < / Cr{€? > z}dz = E[¢?] = m>.
0 0
It follows from u(x) < fi(x) and Step 1 that

e < ) < V2
<Hl = — 75

<

S E

The theorem is thus proved.

Theorem B.31 (Li and Liu [95]) Let & be a continuous fuzzy variable with
finite expected value e and variance o%. Then

Véro
3

H[¢ < (B.63)

and the equality holds if £ is a normally distributed fuzzy variable with expected

value e and variance o>.

Proof: Let p be the continuous membership function of £&. The proof is
based on the following two steps.

STEP 1: Let u(z) be a unimodal and symmetric function about z = e.
For this case, the variance is

+00 +oo
Vg = /0 Cr{(¢ —e)* > z}dx = /0 Cr{¢ —e > Vr}dx

_ /:OO 2z — )Cr{¢ > z}de = /:Oo(x —e)u(z)dz

and the entropy is

HI¢ :—2/:00 (@m@—# (1—”?) In (1-”?))@.
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The maximum entropy membership function y should maximize the entropy
subject to the variance constraint. The Lagrangian is

L [ (M) (1 (1))
Y (/:w(x —e)u(z)dr — 02> .

The maximum entropy membership function meets Euler-Lagrange equation
ln@ —In (1— ,u(;:)) +Az—¢€)=0

and has the form p(z) = 2(1 + exp (A(z —€)))"". Substituting it into the
variance constraint, we get

1 () :2(1+exp <“|\%—:|)>1, zeR

which is just the normal membership function with expected value e and
variance 02, and the maximum entropy is H[¢*] = V670 /3.

STEP 2: Let § be a general fuzzy variable with expected value e and
variance o2. We define a fuzzy variable ¢ by the membership function

sgp(u(y) Vu2e—y)), ifz<e
Yysx

sup () Vu2e—y), ifz>e
y-x

Alz) =

It is easy to verify that fi(z) is a unimodal and symmetric function about
x = e. Furthermore,

~ 1 N 1
Cr {(5 —e)? > r} =5 sup p(z) =5 sup sup(u(y) vV p(2e —y))
2 T>e+/T 2 z>et/T Y2
1 1
=5 sup (u(y)VauZe—y)) =5 sup  pu(y)
y>e++/1 (y—e)22r

< Cr{(f—e)2 > r}

for any r > 0. Thus
“+o0

Lt
VA= [ ooz aars [ ore- 0Pz rar=o®

It follows from u(x) < fi(z) and Step 1 that

_ Vemy/ V[ g
wig < g < YUV Vomo

The proof is complete.
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B.12 Conditional Credibility

We now consider the credibility of an event A after it has been learned that
some other event B has occurred. This new credibility of A is called the
conditional credibility of A given B.

In order to define a conditional credibility measure Cr{A|B}, at first we
have to enlarge Cr{A N B} because Cr{A N B} < 1 for all events whenever
Cr{B} < 1. It seems that we have no alternative but to divide Cr{AN B} by
Cr{B}. Unfortunately, Cr{ ANB}/Cr{B} is not always a credibility measure.
However, the value Cr{A|B} should not be greater than Cr{A N B}/Cr{B}
(otherwise the normality will be lost), i.e.,

Cr{AN B}

< .
Cr{A|B} < Cr(B) (B.64)
On the other hand, in order to preserve the self-duality, we should have
A°NB
Cr{A|B} = 1 — Cr{A°(B} > 1 — SHA 0 B} (B.65)

Cr{B}

Furthermore, since (AN B) U (A°N B) = B, we have Cr{B} < Cr{AN B} +
Cr{A°N B} by using the credibility subadditivity theorem. Thus
Cr{A°n B} _Cr{AN B}
0<1— < <1 B.66
- Cr{B} — Cr{B} ~ ( )
Hence any numbers between 1 — Cr{A°N B}/Cr{B} and Cr{AN B}/Cr{B}
are reasonable values that the conditional credibility may take. Based on the

maximum uncertainty principle, we have the following conditional credibility
measure.

Definition B.17 (Liu [127]) Let (©, P, Cr) be a credibility space, and A, B €
P. Then the conditional credibility measure of A given B is defined by

Cr{AN B} L Cr{AN B}
oy 0 T omy <0
Cr{ABy={ | Cr{A°nB}  Cr{A°NB} (B.67)
V—amy o Yo <%
0.5, otherwise

provided that Cr{B} > 0.

It follows immediately from the definition of conditional credibility that

_ Cr{A°Nn B} Cr{ANn B}

Cr{B} Cr{B}

Furthermore, the value of Cr{A|B} takes values as close to 0.5 as possible

in the interval. In other words, it accords with the maximum uncertainty
principle.

< Cr{A|B} < (B.68)
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Theorem B.32 Let (0,P,Cr) be a credibility space, and B an event with
Cr{B} > 0. Then Cr{:|B} defined by (B.67) is a credibility measure, and
(©,P,Cr{:|B}) is a credibility space.

Proof: It is sufficient to prove that Cr{-|B} satisfies the normality, mono-
tonicity, self-duality and maximality axioms. At first, it satisfies the normal-
ity axiom, i.e.,

Cr{e°NnB} ) Cr{0} 1

COIB} =1-—cEr ' Gisy

For any events A; and As with A; C As, if

CI‘{Al N B} < CI‘{AQ n B}

Ce{B} = im0
then Cr{A,NB} _Cr{AsNB
Cr{4:|B} = ré&g} b rérzg} b ol BY
Tt
Cr{A; N B} Cr{A; N B}
Cr;B} =05 CrEB} ’

then Cr{A4;|B} < 0.5 < Cr{A4,|B}. If

Cr{A; N B} < Cr{A; N B}

05< =GBy = CrB}

then we have

Cr{A;|B} = <1 - W) V0.5 < (1 - &{Cﬁ];m) V0.5 = Cr{A,|B}.

This means that Cr{-|B} satisfies the monotonicity axiom. For any event A,
if
Cr{AN B} > 05, Cr{A°N B} > 05,

Cr{B} Cr{B}
then we have Cr{A|B} + Cr{A°|B} = 0.5+ 0.5 = 1 immediately. Otherwise,
without loss of generality, suppose

Cr{ANB ¢
r{ } <05 < Cr{A ﬁB}’
Cr{B} Cr{B}

then we have

Cr{A|B} + Cr{A°|B} = (w + (1 a (Jr({;l{;}B’}) -t
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That is, Cr{:|B} satisfies the self-duality axiom. Finally, for any events {4;}
with sup, Cr{A4;|B} < 0.5, we have sup, Cr{4; N B} < 0.5 and

sup, Cr{4; N B}  Cr{U;A; N B}
Cr{B} N Cr{B}

sup Cr{4;|B} = = Cr{U;A;|B}.

Thus Cr{:|B} satisfies the maximality axiom. Hence Cr{:|B} is a credibility
measure. Furthermore, (0,P, Cr{:|B}) is a credibility space.

Definition B.18 (Liu [127]) The conditional membership function of a fuzzy
variable & given B is defined by

w(x|B) = (2Cr{{ =z|B})Al, zeR (B.69)
provided that Cr{B} > 0.
Example B.37: Let £ be a fuzzy variable with membership function pu(x),

and X a set of real numbers such that p(z) > 0 for some z € X. Then the
conditional membership function of £ given £ € X is

2
) A1, if sup p(z) <1
sup () z€X
fAS
(x| X) = (B.70)
2(x) , _
———— A1l, if supp(z)=1
2 — sup p(z) zeX
zeX®
for z € X. Please mention that u(z|X)=0if z ¢ X.
p(x]X) (x| X)
1 ........... 1 ...........................
0] ! Nt 0 x>

Figure B.5: Conditional Membership Function u(x|X)

Example B.38: Let £ and n be two fuzzy variables with joint member-
ship function p(z,y), and Y a set of real numbers. Then the conditional
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membership function of £ given n € Y is

2 sup w(z,y)

LS SN 1, if sup p(z,y) <1
sup  p(w,y) TER,YEY

zeR,yeYy

u(alY) = (B.71)
2sup (@, y)
ye .
A1, if sup plz,y)=1
2 — sup /L(‘T; y) zeR,yeY ( )

zeR,yeY e

provided that p(z,y) > 0 for some z € R and y € Y. Especially, the
conditional membership function of £ given n =y is

2
209 i upp(ey) < 1
sup p(z,y) zeR
zeR

pa =5
P /\17 if sup pu\r,y =1
2— sup p(z,2) oeR )

zER,z#£Y

provided that u(z,y) > 0 for some x € R.

Definition B.19 Let £ be a fuzzy variable on (0, P,Cr). A conditional fuzzy
variable of £ given B is a function | from the conditional credibility space
(©,P,Cr{:|B}) to the set of real numbers such that

&lp(0) =£(0), VOeO. (B.72)

Definition B.20 (Liu [127]) The conditional credibility distribution ®: R —
[0,1] of a fuzzy variable & given B is defined by

®(z|B) = Cr{¢ < z|B} (B.73)
provided that Cr{B} > 0.

Definition B.21 (Liu [127]) Let £ be a fuzzy variable. Then the conditional
expected value of € given B is defined by

+oo 0
Bl¢|B] = /0 Cr{¢ > r|B}dr — /_ Cr{¢ < r|B}dr (B.74)

provided that at least one of the two integrals is finite.



Appendix C

Chance Theory

Fuzziness and randomness are two basic types of uncertainty. In many cases,
fuzziness and randomness simultaneously appear in a system. In order to
describe this phenomena, a fuzzy random variable was introduced by Kwak-
ernaak [82] as a random element taking “fuzzy variable” values. In addition,
a random fuzzy variable was proposed by Liu [119] as a fuzzy element taking
“random variable” values. For example, it might be known that the lifetime
of a modern engine is an exponentially distributed random variable with an
unknown parameter. If the parameter is provided as a fuzzy variable, then
the lifetime is a random fuzzy variable.

More generally, a hybrid variable was introduced by Liu [125] in 2006 as a
tool to describe the quantities with fuzziness and randomness. Fuzzy random
variable and random fuzzy variable are instances of hybrid variable. In order
to measure hybrid events, a concept of chance measure was introduced by Li
and Liu [98] in 2009. Chance theory is a hybrid of probability theory and
credibility theory. Perhaps the reader would like to know what axioms we
should assume for chance theory. In fact, chance theory will be based on the
three axioms of probability and five axioms of credibility.

The emphasis in this appendix is mainly on chance space, hybrid variable,
chance measure, chance distribution, expected value, variance, critical values
and conditional chance.

C.1 Chance Space

Chance theory begins with the concept of chance space that inherits the
mathematical foundations of both probability theory and credibility theory.

Definition C.1 (Liu [125]) Suppose that (©, P, Cr) is a credibility space and
(Q, A, Pr) is a probability space. The product (0, P, Cr) x (2, A, Pr) is called
a chance space.
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The universal set © x € is clearly the set of all ordered pairs of the form
(0,w), where 6 € © and w € 2. What is the product o-algebra P x A? What
is the product measure Cr x Pr? Let us discuss these two basic problems.

What is the product o-algebra P x A?

Generally speaking, it is not true that all subsets of © x ) are measurable.
Let A be a subset of © x Q. Write

AO) ={weQ|(Bw)eA}. (C.1)

Tt is clear that A(#) is a subset of Q. If A(f) € A holds for each 6 € ©, then
A may be regarded as a measurable set.

Q

Figure C.1: © x , A and A(9)

Definition C.2 (Liu [127]) Let (©,P,Cr) x (Q, A, Pr) be a chance space. A
subset A C © x Q is called an event if A(0) € A for each 0 € ©.

Example C.1: Empty set ) and universal set © x Q are clearly events.

Example C.2: Let X € Pand Y € A. Then X x Y is a subset of © x Q.

Since the set
Y, feX
X xY)0) =
(X xY)0) {@, if e X¢

is in the o-algebra A for each 6 € ©, the rectangle X x Y is an event.

Theorem C.1 (Liu [127]) Let (0, P, Cr) x (Q, A, Pr) be a chance space. The
class of all events is a o-algebra over © x , and denoted by P x A.

Proof: At first, it is obvious that © x Q € P x A. For any event A, we always

have
A(B) e A, VO eO.
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Thus for each 8 € ©, the set
A(O) ={weQ]|(f,w) e A} = (A(0) € A

which implies that A € P x A. Finally, let A1, Ao, -+ be events. Then for
each 6 € ©, we have

<GA¢>(9):{MEQ’(0,w)E GAi}:G{wEQH&,w)EAi}EA.

That is, the countable union U;A; € P x A. Hence P x A is a o-algebra.

What is the product measure Cr x Pr?

Product probability is a probability measure, and product credibility is a
credibility measure. What is the product measure Cr x Pr? We will call it
chance measure and define it as follows.

Definition C.3 (Li and Liu [98]) Let (©,P,Cr) x (2, A,Pr) be a chance
space. Then a chance measure of an event A is defined as

sup(Cr{0} APr{A(0)}),
fe©

if sup(Cr{0} APr{A(0)}) < 0.5
0cO

Ch{A} = (C.2)
1— zgg(Cr{H} APr{A(0)}),

if sup(Cr{0} APr{A(6)}) > 0.5.
0cO

Example C.3: Take a credibility space (0, P, Cr) to be {01, 02} with Cr{6,} =
0.6 and Cr{f2} = 0.4, and take a probability space (Q, A, Pr) to be {w1, w2}
with Pr{w;} = 0.7 and Pr{ws} = 0.3. Then

Ch{(@l,wl)} = 06, Ch{(927w2)} =0.3.

Theorem C.2 Let (0,P,Cr)x (2, A, Pr) be a chance space and Ch a chance
measure. Then we have

Ch{0} =0,
Ch{® x Q} =1,
0<Ch{A} <1

for any event A.

Proof: It follows from the definition immediately.



258 APPENDIX C - CHANCE THEORY

Theorem C.3 Let (0,P,Cr) x (Q, A, Pr) be a chance space and Ch a chance
measure. Then for any event A, we have

Slelg(Cr{G} APr{A(0)}) Vv Stelg(Cr{Q} APr{A¢(0)}) > 0.5, (C.6)
sup(Cr{0} A Pr{A(0)}) + sup(Cr{0} A Pr{A°(6)}) < 1, (C.7)
9cO 0cO

Stelg(Cr{H} APr{A(0)}) < Ch{A} <1- Stelg(Cr{G} APr{A°(0)}). (C.8)

Proof: It follows from the basic properties of probability and credibility that

sup(Cr{0} APr{A(0)}) V sup(Cr{6} A Pr{A°(0)})
0O 0cO

> slelg(crw} A (Pr{A(0)} v Pr{A(0)}))
> sup Cr{6} A0.5=0.5
)
and
sup(Cr{0} A Pr{A(6)}) + sup(Cr{0} A Pr{A°(6)})
6co 0co
=, s;uée(Cr{Hl} APr{A(6;)} + Cr{02} A Pr{A°(62)})

< sup (Cr{6;} + Cr{2}) V sup(Pr{A(6)} + Pr{A°(6)})
0162 €0

<1lvl=1

The inequalities (C.8) follows immediately from the above inequalities and
the definition of chance measure.

Theorem C.4 (Li and Liu [98]) The chance measure is increasing. That
18,

Ch{A;1} < Ch{As} (C.9)
for any events A1 and Ao with Ay C As.

Proof: Since A1(0) C Ay(6) and A5(0) C A§(0) for each § € ©, we have

sup(Cr{0} A Pr{A1(0)}) < sup(Cr{6} A Pr{A5(6)}),
GSS) 0ce

sup(Cr{0} A Pr{A5(0)}) < sup(Cr{f} APr{A](0)}).
9co 9co

The argument breaks down into three cases.
Case 1: sup(Cr{0} A Pr{A2(0)}) < 0.5. For this case, we have
9co

sup(Cr{0} APr{A;(0)}) < 0.5,
0cO



SECTION C.1 - CHANCE SPACE 259

Ch{As} = sup(Cr{6} APr{A5(6)}) > sup(Cr{0} APr{A;(0)} = Ch{A;}.
9co 9co
Case 2: sup(Cr{0} APr{A2(0)}) > 0.5 and sup(Cr{0} APr{A;(0)}) < 0.5.
9€0 0co
It follows from Theorem C.3 that

Ch{A2} > sup(Cr{0} APr{A2(0)}) > 0.5 > Ch{A;}.
0cO

Case 3: sup(Cr{0} APr{A2(0)}) > 0.5 and sup(Cr{0} APr{A;(0)}) > 0.5.
e 0co

For this case, we have

Ch{As} = 1—Sgg(Cr{9}APr{A§(9)}) > 1—228(Cr{9}/\Pr{A§(9)}) = Ch{A;}.

Thus Ch is an increasing measure.
Theorem C.5 (Li and Liu [98]) The chance measure is self-dual. That is,
Ch{A} +Ch{A°} =1 (C.10)
for any event A.
Proof: For any event A, please note that
sug(Cr{H} APr{Ac(0)}), if zlelg(Cr{G} APr{A¢(0)}) < 0.5

el oc
Ch{A°} = { 1— sgg(cr{e} APr{A(0)}), if Stelg(Cr{G} APr{A(#)}) > 0.5.

The argument breaks down into three cases.
Case 1: sup(Cr{0} A Pr{A(6)}) < 0.5. For this case, we have
0coe

sup(Cr{0} A Pr{A°(0)}) > 0.5,
0cO

Ch{A}+Ch{A°} = gug(Cr{O} APr{A(0)})+1— zug(Cr{é)} APr{A(0)}) = 1.
Case 2: sup(Cr{0} APr{A(0)}) > 0.5 and sup(Cr{0} APr{A°(0)}) < 0.5.
For this casz,e?zve have ree

Ch{A}+Ch{A°} = 1—sup(Cr{0} APr{A°(0)})+sup(Cr{0} APr{A°(0)}) = 1.
0€© 0€O

Case 3: sup(Cr{0} APr{A(6)}) > 0.5 and sup(Cr{0} APr{A(0)}) > 0.5.
0ce 9co

For this case, it follows from Theorem C.3 that

sup(Cr{0} A Pr{A(0)}) = sup(Cr{0} A Pr{A°(0)}) = 0.5.
0€O 0€O

Hence Ch{A} + Ch{A°} = 0.5+ 0.5 = 1. The theorem is proved.
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Theorem C.6 (Li and Liu [98]) For any event X XY, we have
Ch{X x Y} =Cr{X} APr{Y}. (C.11)

Proof: The argument breaks down into three cases.
Case 1: Cr{X} < 0.5. For this case, we have

sup Cr{0} APr{Y} = Cr{X} ACr{Y} < 0.5,
0eX
Ch{X x Y} =sup Cr{0} APr{Y} = Cr{X} APr{Y}.
0eX
Case 2: Cr{X} > 0.5 and Pr{Y'} < 0.5. Then we have
sup Cr{f} > 0.5,
0eX
sup Cr{6} APr{Y} =Pr{Y} < 0.5,
0ex
Ch{X xY} =sup Cr{0} APr{Y} =Pr{Y} =Cr{X} APr{Y}.
0eX
Case 3: Cr{X} > 0.5 and Pr{Y'} > 0.5. Then we have
sup (Cr{0} APr{(X xY)(0)}) > sup Cr{6} APr{Y} > 0.5,
(4SS oeXx
Ch{X xY}=1-sup (Cr{0} APr{(X x Y)¢(0)}) = Cr{X} APr{Y}.
0€0
The theorem is proved.

Example C.4: It follows from Theorem C.6 that for any events X x 2 and
© x Y, we have

Ch{X x Q} = Cr{X}, Ch{® xY}=Pr{Y}. (C.12)

Theorem C.7 (Li and Liu [98], Chance Subadditivity Theorem) The chance
measure is subadditive. That 1is,

Ch{A; UA,} < Ch{A1} + Ch{A,} (C.13)

for any events A1 and Ao. In fact, chance measure is not only finitely sub-
additive but also countably subadditive.

Proof: The proof breaks down into three cases.
Case 1: Ch{A; UAs} < 0.5. Then Ch{A;} < 0.5, Ch{A2} < 0.5 and

Ch{A; UA,} = sup(cr{o} APr{(A; UA5)(6)})
< su (Cr{ﬁ} A (Pr{A1(0)} + Pr{A2(6)}))
< sup(cr{e} APr{A1(0)} + Cr{6} A Pr{A(6)})
< ggg(CrW} APr{A1(0)}) + 333(&{9} APr{A2(6)})
= Ch{A;} + Ch{As}.
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Case 2: Ch{A; UAs} > 0.5 and Ch{A;} vV Ch{A2} < 0.5. We first have

sup(Cr{6} APr{(A1 UA3)(0)}) > 0.5.
0cO

For any sufficiently small number € > 0, there exists a point 6 such that
Cr{0} APr{(A1 UA2)(0)} > 0.5 — e > Ch{A;} V Ch{Az},
Cr{0} > 0.5 — e > Pr{A1(0)},
Cr{6} > 0.5 —e > Pr{A2(6)}.
Thus we have
Cr{0} APr{(A1 UA2)(0)} + Cr{0} APr{A1(0)} + Cr{0} A Pr{A2(0)}
= Cr{0} APr{(A1 UA2)(0)} + Pr{A1(6)} + Pr{A2(0)}
> Cr{0} APr{(A1 UA2)¢(0)} + Pr{(A1 UA2)(0)} > 1—2¢
because if Cr{6} > Pr{(A; U A3)¢(#)}, then
Cr{@} A Pr{(A1 @] AQ)C(G)} + P]."{(Al @] AQ)(G)}
= Pr{(A;1 UA2)¢(0)} + Pr{(A1 UA2)(0)}
=1>1-2¢
and if Cr{f} < Pr{(A1 UA2)¢(0)}, then
Cr{0} APr{(A1 UA2)(0)} + Pr{(A1 UA2)(0)}

Cr{6} + Pr{(A1 UA2)(0)}
(05—e)+(05—¢)=1—2e.

Y

Taking supremum on both sides and letting ¢ — 0, we obtain
Ch{A; UAs} =1 —sup(Cr{0} APr{(A; UA2)(0)})
G
< sup(Cr{0} A Pr{A1(0)}) 4+ sup(Cr{6} A Pr{A>(6)})
00 0o
= Ch{A1} + Ch{Az}.

Case 3: Ch{A; UAz} > 0.5 and Ch{A;} VvV Ch{A5} > 0.5. Without loss
of generality, suppose Ch{A;} > 0.5. For each 6, we first have

Cr{0} APr{Af(0)} = Cr{0} APr{(A7(0) N A5(0)) U (AT(0) N A2(6))}
< Cr{0} A (Pr{(A1 UA2)°(0)} + Pr{A2(0)})
< Cr{0} APr{(A1 UA2)%(0)} + Cr{0} A Pr{A2(0)},
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e, Cr{0} APr{(A1 UA2)(0)} > Cr{0} APr{A§(0)} — Cr{0} APr{A2(6)}. It
follows from Theorem C.3 that

Ch{AiU Ao} = 1= sup(Cr{0} A Pr{(A U A2)(0)})
< 1= sup(Gr{0) APE{AF(6)}) + sup(Cr{8} A Pr{Ao(0)))
< Ch{A;} + Ch{A,}.
The theorem is proved.

Remark C.1: For any events Ay and As, it follows from the chance subad-
ditivity theorem that the chance measure is null-additive, i.e., Ch{A; UAs} =
Ch{A1} + Ch{Ay} if either Ch{A1} =0 or Ch{A5} = 0.

Theorem C.8 Let {A;} be a decreasing sequence of events with Ch{A;} — 0
as i — 0o. Then for any event A, we have

lim Ch{AUA;} = lim Ch{A\A;} = Ch{A}. (C.14)

Proof: Since chance measure is increasing and subadditive, we immediately
have
Ch{A} < Ch{AUA;} < Ch{A} + Ch{A;}

for each ¢. Thus we get Ch{A U A;} — Ch{A} by using Ch{A;} — 0. Since
(A\A;) C A C ((A\A;) UA;), we have

Ch{A\A;} < Ch{A} < Ch{A\A;} + Ch{A;}.
Hence Ch{A\A;} — Ch{A} by using Ch{A;} — 0.

Theorem C.9 (Li and Liu [98], Chance Semicontinuity Law) For events
A1, Ao, -+, we have

lim Ch{A;} = Ch{lim Ai} (C.15)

if one of the following conditions is satisfied:
(a) Ch{A} < 0.5 and A; TA;  (b) lim Ch{A;} < 0.5 and A; T A;

(¢) Ch{A} > 0.5 and A; | A; (d) lim Ch{A;} > 0.5 and A; | A.
Proof: (a) Assume Ch{A} < 0.5 and A; T A. We first have
Ch{A} = sup(Cr{6} APr{A(0)}), Ch{A;} =sup(Cr{6} APr{A;(0)})
0€o 0cO

for ¢ = 1,2,--- For each 6 € O, since A;(0) 1 A(6), it follows from the
probability continuity theorem that

zlggo Cr{6} ANPr{A;(0)} = Cr{0} A Pr{A(9)}.
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Taking supremum on both sides, we obtain

lim sup(Cr{6} A Pr{A;(0)}) = sup(Cr{0} A Pr{A(0}).
e gco

i—00 ge

The part (a) is verified.
(b) Assume lim;_,o, Ch{A;} < 0.5 and A; T A. For each 6 € O, since

Cr{0} APr{A(0)} = Zlggo Cr{6} APr{A;(0)},
we have

sup(Cr{6} A Pr{A(0)}) < lim sup(Cr{6} A Pr{A;(6)}) < 0.5.
0e© e oco

It follows that Ch{A} < 0.5 and the part (b) holds by using (a).
(c) Assume Ch{A} > 0.5 and A; | A. We have Ch{A°} < 0.5 and A T A°.
Tt follows from (a) that

ZEH;O Chi{A;} =1—- Zlingo Ch{A{} =1 — Ch{A°} = Ch{A}.
(d) Assume lim; .o, Ch{A;} > 0.5 and A; | A. We have Zlirgo Ch{A§} <
0.5 and A¢ T A°. Tt follows from (b) that
Zlintolo Chi{A;} =1—- Zlirgo Ch{A{} =1 — Ch{A°} = Ch{A}.
The theorem is proved.

Theorem C.10 (Chance Asymptotic Theorem) For any events Ai,As,---,
we have

lim Ch{A;} > 0.5, if A; 16 xQ, (C.16)
lim Ch{A;} <05, if A; | 0. (C.17)

Proof: Assume A; 7 © x Q. If lim; o, Ch{A;} < 0.5, it follows from the
chance semicontinuity law that

Ch{® x Q} = lim Ch{A;} < 0.5

which is in contradiction with Cr{© x Q} = 1. The first inequality is proved.
The second one may be verified similarly.

C.2 Hybrid Variable

Recall that a random variable is a measurable function from a probability
space to the set of real numbers, and a fuzzy variable is a function from a
credibility space to the set of real numbers. In order to describe a quan-
tity with both fuzziness and randomness, we introduce a concept of hybrid
variable as follows.
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Set of Real Numbers

Random
Variable

Fuzzy
Variable

Hybrid
Variable

Credibility Space Probability Space

Figure C.2: Graphical Representation of Hybrid Variable

Definition C.4 (Liu [125]) A hybrid variable is a measurable function from
a chance space (0, P, Cr) x (Q, A, Pr) to the set of real numbers, i.e., for any
Borel set B of real numbers, the set

{¢e B} ={(6,w) €O x Q| £(6,w) € B} (C.18)

1s an event.

Remark C.2: A hybrid variable degenerates to a fuzzy variable if the value
of £(0,w) does not vary with w. For example,

E0,w) =0, £0,w)=0>+1, £(0,w)=sinb.

Remark C.3: A hybrid variable degenerates to a random variable if the
value of £(,w) does not vary with 6. For example,

(O,w)=w, EBw)=w’+1, E0w)=sinw.

Remark C.4: For each fixed 8 € O, it is clear that the hybrid variable
£(0,w) is a measurable function from the probability space (€2, A, Pr) to the
set of real numbers. Thus it is a random variable and we will denote it by
&(0,-). Then a hybrid variable £(, w) may also be regarded as a function from
a credibility space (0, P, Cr) to the set {£(6,-)|0 € O} of random variables.
Thus ¢ is a random fuzzy variable defined by Liu [119].

Remark C.5: For each fixed w € (), it is clear that the hybrid variable
£(0,w) is a function from the credibility space (©,P,Cr) to the set of real
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numbers. Thus it is a fuzzy variable and we will denote it by £(-,w). Then a
hybrid variable £(6, w) may be regarded as a function from a probability space
(Q, A, Pr) to the set {{(-,w)|w € Q} of fuzzy variables. If Cr{{(-,w) € B} is
a measurable function of w for any Borel set B of real numbers, then £ is a
fuzzy random variable in the sense of Liu and Liu [142].

Model 1

If a is a fuzzy variable and 7 is a random variable, then the sum £ = a + 7 is
a hybrid variable. The product £ = a - 1 is also a hybrid variable. Generally
speaking, if f : ®2 — R is a measurable function, then

§ = fla,mn) (C.19)

is a hybrid variable. Suppose that @ has a membership function p, and n has
a probability density function ¢. Then for any Borel set B of real numbers,

we have
T
sup (“g) A / ¢(y)dy> 7
@ f(z,y)€B
if sup M /\/ o(y)dy | < 0.5
@ 2 f(z,y)€B
T

1 sup (’“‘(2) g ¢<y)dy> 7

z f(z,y)eBe

if sup ulz) /\/ ¢(y)dy | > 0.5.
z \ 2 f(zy)eB

Ch{f(a,n) € B} =

More generally, let a1, as, - - - , ., be fuzzy variables, and let 71,72, -+ , 9, be
random variables. If f : R™*" —  is a measurable function, then
é-:f(dl,dg,"' 7dm;7717n2a"' 77777,) (020)

is a hybrid variable. The chance Ch{f(ai, a2, - ,am;n,M2, * ,1Mn) € B}
may be calculated in a similar way provided that p is the joint membership
function and ¢ is the joint probability density function.

Model I1

Let ai,as, - ,a,, be fuzzy variables, and let pq,ps2,--- ,p, be nonnegative
numbers with p1 + ps + -+ 4+ p,, = 1. Then

a, with probability pq
= as with probability ps (C.21)

A with probability p,,
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is clearly a hybrid variable. If a1,aso,--- ,a; have membership functions
1, 2, 5 hm, Tespectively, then for any set B of real numbers, we have

up <<1gy<nm2 >A;{pz|x163}>,

T1,L2 ,Tm

. AR T
if  sup ((él;lgﬂm 5 ) A E{pl |z; € B}) <0.5

T1,T2 3 Tm

Ch{¢ € B} =
- () - o c
1 I <<1gl<nm 5 ) A ;{pl |z; € B }) 7
if  su min A |z € BY | >0.5.
zl,:czP,zm <(1§i§7n 2 ;{p | })
Model III
Let n1,m2,- -, nm be random variables, and let uq, ug, - - -, up, be nonnegative

numbers with u; Vus V---Vu,, = 1. Then

11 with membership degree uq

= 12 with membership degree us (C.22)

Nm with membership degree u,,
is clearly a hybrid variable. If 11,79, -+, 7, have probability density func-

tions ¢1, Po, -+ , Gm, respectively, then for any Borel set B of real numbers,
we have

u;
max (2/\ /B ¢i(fv)dw>,
if Yin | gi(z)da ) <05
1 12‘?;1 5 B i (x)dx .

Ch{¢ € B} =
1— max (m A qﬁl(x)dx) ,
> Be

2

. U
if max (2 /\/ngi(l")dx) > 0.5.

Model IV

In many statistics problems, the probability density function is completely
known except for the values of one or more parameters. For example, it
might be known that the lifetime £ of a modern engine is an exponentially
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distributed random variable with an unknown expected value 3. Usually,
there is some relevant information in practice. It is thus possible to specify
an interval in which the value of g is likely to lie, or to give an approximate
estimate of the value of . It is typically not possible to determine the value
of 3 exactly. If the value of 3 is provided as a fuzzy variable, then £ is a
hybrid variable. More generally, suppose that £ has a probability density
function

¢(x§dladza"' 7&777,)7 reR (023)

in which the parameters ai, do, - - - ,a,, are fuzzy variables rather than crisp
numbers. Then ¢ is a hybrid variable provided that ¢(z;y1,y2, - ,Ym) is
a probability density function for any (yi,ye, - ,¥Ym) that (@1, as, - ,am)
may take. If ai,as, -+ ,d, have membership functions pi, 2, , tim, re-
spectively, then for any Borel set B of real numbers, the chance Ch{¢ € B}
is

: Mz‘(?ﬁ)) /
sup min A ¢($§y17927"‘ 7:l/m)dm s
Y1,Y2° -, Ym ((1§7‘S7ﬂ 2 B
i o pa(yi)
if Sup (( i ) A / ¢($7 Yi,Y2, - 7ym)d$> < 0.5
Y1,Y25 Ym 1<i<m 2 B

1-— sup (( mln M’L(yl)) A ¢($§y171/27' o 7ym)d$> )
Be

Y1,Y2° s Ym 1<i<m 2

) o wilyi)
it sup (( min ) /\/ A3 y1, Y2, - ,ym)dw) > 0.5.
Y152, ym \\1SiSm 2 B

When are two hybrid variables equal to each other?

Definition C.5 Let & and & be hybrid variables defined on the chance space
(©,P,Cr) x (QA,Pr). We say & = & if £&1(0,w) = &(0,w) for almost all
(,w) € © x Q.

Hybrid Vectors

Definition C.6 An n-dimensional hybrid vector is a measurable function
from a chance space (0,P,Cr) x (2, A,Pr) to the set of n-dimensional real
vectors, i.e., for any Borel set B of R", the set

{EEB}Z{(&w)é@xﬂ}ﬁ(@,w)eB} (C.24)
18 an event.

Theorem C.11 The vector (£1,&a,-++ ,&n) 18 a hybrid vector if and only if
&1,&, -+, &, are hybrid variables.



268 APPENDIX C - CHANCE THEORY

Proof: Write &€ = (£,&, - ,&,). Suppose that & is a hybrid vector on
the chance space (©,P,Cr) x (Q,A,Pr). For any Borel set B of R, the set
B x ®"~ ! is a Borel set of #”. Thus the set

{GeB={&4eB&LER, - L eR={EcBxR"}

is an event. Hence &; is a hybrid variable. A similar process may prove that
&,&3,- -, &, are hybrid variables. Conversely, suppose that all £&,&,-- , &,
are hybrid variables on the chance space (0, P, Cr) x (2, A, Pr). We define

B={BCR"|{€cB}isanevent}.

The vector & = (£1,&2,--- ,&,) is proved to be a hybrid vector if we can
prove that B contains all Borel sets of R™. First, the class B contains all
open intervals of " because

{5 € H(%J%)} = ({4 € (ai b))}

i=1 i=1
is an event. Next, the class B is a o-algebra of R™ because (i) we have R € B
since {£ € R"} = © x Q; (ii) if B € B, then {£ € B} is an event, and

{§ e B} ={¢ e B}°

is an event. This means that B¢ € B; (iii) if B; € B for ¢ = 1,2,---, then
{&€ € B;} are events and

{55 UBi} = J{¢e B}

i=1 i=1
is an event. This means that U;B; € B. Since the smallest o-algebra con-
taining all open intervals of R™ is just the Borel algebra of R", the class B
contains all Borel sets of R™. The theorem is proved.

Hybrid Arithmetic

Definition C.7 Let f : R" — R be a measurable function, and &1,&a, -+ , &,
hybrid variables on the chance space (0,P,Cr) x (Q,A,Pr). Then £ =
f(&1, &, -+ &) is a hybrid variable defined as

§(0,0) = f(&1(0,w), &(0,w), -+, &n(0,w)), V(0,w) €O x Q. (C.25)
Example C.5: Let & and & be two hybrid variables. Then the sum ¢ =
&1 + & is a hybrid variable defined by

£0,w)=6(0,w)+&(0,w), Y(0,w)e O xN.
The product & = £1&5 is also a hybrid variable defined by
£(0,0) =&i(0,w) - &2(0,w), V(0,w) €O xQ.
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Theorem C.12 Let £ be an n-dimensional hybrid vector, and f : R — R
a measurable function. Then f(&) is a hybrid variable.

Proof: Assume that £ is a hybrid vector on the chance space (0,P,Cr) x
(Q,A,Pr). For any Borel set B of R, since f is a measurable function, the
f~1(B) is a Borel set of R". Thus the set

{f&)e By ={¢cf'(B)}

is an event for any Borel set B. Hence f(&) is a hybrid variable.

C.3 Chance Distribution

Chance distribution has been defined in several ways. Here we accept the
following definition of chance distribution of hybrid variables.

Definition C.8 (Li and Liu [98]) The chance distribution ®: R — [0,1] of
a hybrid variable £ is defined by

®(z) = Ch{¢ <az}. (C.26)
Example C.6: Let 1 be a random variable on a probability space (2, A, Pr).
It is clear that n may be regarded as a hybrid variable on the chance space
(6,P,Cr) x (2, A, Pr) as follows,

{(0,w) =n(w), V(b,w)eOxN.

Thus its chance distribution is
O(z)=Ch{¢ <z} =Ch{O x {n<z}} =Cr{O} APr{n <z} =Pr{n <z}
which is just the probability distribution of the random variable 7.

Example C.7: Let a be a fuzzy variable on a credibility space (6, P, Cr).
It is clear that @ may be regarded as a hybrid variable on the chance space
(©,P,Cr) x (2, A, Pr) as follows,

&0, w) =a(), V(O,w)eO xQ.
Thus its chance distribution is

P(z)=Chi{¢ <z} =Ch{{a <z} xQ}=Cr{a <z} APr{Q} = Cr{a < z}

which is just the credibility distribution of the fuzzy variable a.
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Theorem C.13 (Sufficient and Necessary Condition for Chance Distribu-
tion) A function ® : R — [0, 1] is a chance distribution if and only if it is an
increasing function with

lim @(z) <0.5< liI_P O(x), (C.27)
lifn O(y) = ®(x) if 1ifn O(y) > 0.5 or (z) > 0.5. (C.28)
yle yla

Proof: It is obvious that a chance distribution ® is an increasing function.
The inequalities (C.27) follow from the chance asymptotic theorem immedi-
ately. Assume that « is a point at which lim, |, ®(y) > 0.5. That is,

lim Ch{¢ < y} > 0.5.
ylxz

Since {§ <y} | {¢ <z} as y | x, it follows from the chance semicontinuity
law that

®(y) = Ch{{ <y} | Ch{§ <} = ®(x)

as y | . When z is a point at which ®(x) > 0.5, if lim, |, ®(y) # ®(x), then
we have

lifn O(y) > @(z) > 0.5.

ylx

For this case, we have proved that lim, |, ®(y) = ®(z). Thus (C.28) is proved.

Conversely, suppose ® : ® — [0,1] is an increasing function satisfying
(C.27) and (C.28). Theorem B.17 states that there is a fuzzy variable whose
credibility distribution is just ®(z). Since a fuzzy variable is a special hybrid
variable, the theorem is proved.

C.4 Expected Value

Expected value has been defined in several ways. This book uses the following
definition of expected value operator of hybrid variables.

Definition C.9 (Li and Liu [98]) Let £ be a hybrid variable. Then the ex-
pected value of € is defined by

“+00 0
Ble] = /0 Chi¢ > r}dr — /_ Chi¢ < r}dr (C.29)

provided that at least one of the two integrals is finite.

Example C.8: If a hybrid variable £ degenerates to a random variable 7,
then

Chi¢ <z} =Pr{n<z}, Ch{i{>z}=Pr{n>z}, Vreh
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It follows from (C.29) that E[¢] = E[n]. In other words, the expected value
operator of hybrid variable coincides with that of random variable.

Example C.9: If a hybrid variable £ degenerates to a fuzzy variable a, then
Ch{{ <z} =Cr{a<z}, Ch{{>z}=Cr{a>z}, VreR

It follows from (C.29) that E[¢] = E[a]. In other words, the expected value
operator of hybrid variable coincides with that of fuzzy variable.

Example C.10: Let @ be a fuzzy variable and 7 a random variable with
finite expected values. Then the hybrid variable £ = a+ 7 has expected value
E[{] = Ela] + E[n).

Theorem C.14 Let £ be a hybrid variable with finite expected values. Then
for any real numbers a and b, we have

Ela& 4+ b] = aE[£] + b. (C.30)

Proof: STEP 1: We first prove that E[¢ +b] = E[£] + b for any real number
b. If b > 0, we have

+oo 0
E[§+b}:/0 Ch{§+bZr}dr—/ Ch{¢ +b < r}dr

— 00

+oo 0
= / Ch{& > r —b}dr — / Ch{{ <r —b}dr
0 —00

=E[¢] + /b(Ch{§ >r—>b}+ Ch{¢ <r—>b})dr
0
= E[¢]+0.
If b < 0, then we have
0
Elag +b] = Bl¢] — /b (Ch{¢ > r — b} + Ch{€ < r — b})dr = E[¢] +b.

STEP 2: We prove E[aé] = aFE[¢]. If a = 0, then the equation Efaf] =
aFE€] holds trivially. If a > 0, we have

“+00 0
Elag] = /0 Ch{a& > r}dr — /_ Ch{a& < r}dr
~+00 0
z/ Ch{¢ > r/a}dr —/ Ch{¢ < r/a}dr
0 —o00

“+o00 0
_ Chie > }dt —a [ Chie <t}d
a/o (€ > tat a[m (€ <yt
— aBle].
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If a < 0, we have
o) 0
Elal] = /+ Ch{a& > r}dr — / Ch{a& < ridr
O+oo _og
:/ Ch{¢ < r/a}dr —/ Ch{¢ > r/a}dr
0 —00

“+o0 0
= a/ Ch{¢ > t}dt — a/ Ch{¢ < t}dt
0 —o00
o)
STEP 3: For any real numbers a and b, it follows from Steps 1 and 2 that

Elaé +b] = Elal] + b= aE[¢] + b.

The theorem is proved.

C.5 Variance

Definition C.10 (Li and Liu [98]) Let £ be a hybrid variable with finite
expected value e. Then the variance of & is defined by V[£] = E[(€ — e)?].

Theorem C.15 If £ is a hybrid variable with finite expected value, a and b
are real numbers, then V[a& + b] = a®V[¢].

Proof: It follows from the definition of variance that
V(a& +b] = E [(a€ + b — aB[¢] — b)*] = a®E[(¢ — E[¢])?] = a®V[¢].

Theorem C.16 Let & be a hybrid variable with expected value e. Then
V[¢] =0 if and only if Ch{¢ =e} = 1.

Proof: If V[¢] = 0, then E[(¢ — ¢)?] = 0. Note that
+oo
Bl€=o? = [ Chl—ef = rjar

which implies Ch{(¢ —e)? > r} = 0 for any r > 0. Hence we have
Ch{(¢ —e)*> =0} =1.

That is, Ch{{ = e} = 1. Conversely, if Ch{{ = e} = 1, then we have
Ch{(¢ —e)? =0} =1 and Ch{(¢ —¢)? > r} =0 for any r > 0. Thus

+oo
V[E] = /O Ch{(¢ —e)?> > r}dr =0.

The theorem is proved.
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C.6 Critical Values

In order to rank hybrid variables, we introduce the following definition of
critical values of hybrid variables.

Definition C.11 (Li and Liu [98]) Let & be a hybrid variable, and o € (0, 1].
Then

Esup (@) = sup {r ’ Ch{¢>r} > a} (C.31)
1s called the a-optimistic value to &, and

&int(a) =inf {r | Ch{¢ <7} > a} (C.32)
18 called the a-pessimistic value to &.

The hybrid variable £ reaches upwards of the a-optimistic value &p (),
and is below the a-pessimistic value &ne(«) with chance «.

Example C.11: If a hybrid variable ¢ degenerates to a random variable 7,
then

Chi¢ <z} =Pr{n<z}, Ch{i{>z}=Pr{n>z}, Vreh
It follows from the definition of critical values that
gsup(a) = nsup(a)a finf(o‘) = Uinf(@)a Va € (07 1]

In other words, the critical values of hybrid variable coincide with that of
random variable.

Example C.12: If a hybrid variable £ degenerates to a fuzzy variable a,
then

Chi¢<z}=Cr{a<z}, Ch{¢>z}=Cr{a>z}, VrehR
It follows from the definition of critical values that
fsup(a) = &sup(a)a finf(Oé) = &inf(a), Vo € (O7 1].

In other words, the critical values of hybrid variable coincide with that of
fuzzy variable.

Theorem C.17 Let £ be a hybrid variable, and o € (0,1]. If a > 0.5, then
we have

Ch{¢ < &mt(a)} > a, Ch{£ > &upla)} > a. (C.33)

Proof: It follows from the definition of a-pessimistic value that there exists
a decreasing sequence {z;} such that Ch{{ < z;} > « and z; | &ne(@) as
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i — 0o. Since {€ < x;} | {€ < &nt(a)} and lim; oo Ch{¢ < 2;} > a > 0.5, it
follows from the chance semicontinuity theorem that

Ch{§ < &inr(a)} = lim Ch{§ <z} > a.

Similarly, there exists an increasing sequence {z;} such that Ch{¢{ > z;} >
a and z; T &up(a) as i — oo. Since {€ > x;} | {€ > &up(a)} and
lim; oo Ch{¢ > z;} > a > 0.5, it follows from the chance semicontinuity
theorem that

Ch{{ = &up(a)t = lim Ch{{ = z;} > a.
The theorem is proved.

Theorem C.18 Let ¢ be a hybrid variable, and o € (0,1]. Then we have
(a) &sup (@) is a decreasing and left-continuous function of «;
(b) &ing(@) is an increasing and left-continuous function of a.

Proof: (a) Let a; and as be two numbers with 0 < a; < ag < 1. Then for
any number 7 < &gp(a2), we have

Ch{¢>r} > as > a.

Thus, by the definition of optimistic value, we obtain &sup(a1) > &euplaa).
That is, the value &up(ar) is a decreasing function of «. Next, we prove the
left-continuity of &,¢(a) with respect to a. Let {«;} be an arbitrary sequence
of positive numbers such that o; T a. Then {&n(a;)} is an increasing se-
quence. If the limitation is equal to &,¢(ar), then the left-continuity is proved.
Otherwise, there exists a number z* such that

113(1)10 Gine () <27 < &ine(a).

Thus Ch{¢ < z*} > «; for each i. Letting ¢ — oo, we get Ch{¢ < z*} > a.
Hence z* > &ne(a). A contradiction proves the left-continuity of &, () with
respect to . The part (b) may be proved similarly.

C.7 Conditional Chance

We consider the chance measure of an event A after it has been learned that
some other event B has occurred. This new chance measure of A is called
the conditional chance measure of A given B.

In order to define a conditional chance measure Ch{A|B}, at first we
have to enlarge Ch{A N B} because Ch{A N B} < 1 for all events whenever
Ch{B} < 1. It seems that we have no alternative but to divide Ch{ANB} by
Ch{B}. Unfortunately, Ch{A N B}/Ch{B} is not always a chance measure.
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However, the value Ch{A|B} should not be greater than Ch{A N B}/Ch{B}
(otherwise the normality will be lost), i.e.,

Ch{AN B}
h{A|B} < ———-— .34
On the other hand, in order to preserve the self-duality, we should have
h{A°N B
Ch{A|B} = 1 — Chfa°|B} > 1 - CHA N B} (C.35)

Ch{B}

Furthermore, since (AN B)U (AN B) = B, we have Ch{B} < Ch{AN B} +
Ch{A°nN B} by using the chance subadditivity theorem. Thus

Ch{A°NnB} _Ch{ANB}

0<1— < <1 C.36

- Ch{B} — Ch{B} ~— ( )

Hence any numbers between 1 —Ch{A°N B}/Ch{B} and Ch{ANB}/Ch{B}

are reasonable values that the conditional chance may take. Based on the

maximum uncertainty principle, we have the following conditional chance
measure.

Definition C.12 (Li and Liu [101]) Let (©,P,Cr) x (2, A, Pr) be a chance

space and A, B two events. Then the conditional chance measure of A given
B is defined by

Ch{AN B} ; Ch{AN B} <05
Ch{B} ’ Ch{B} '
Ch{A|B} = 1 Ch{A4°n B} if Ch{A4°n B} <05 (C.37)
Ch{B} ~’ Ch{B}
0.5, otherwise

provided that Ch{B} > 0.

Remark C.6: It follows immediately from the definition of conditional
chance that

B Ch{A4°n B} Ch{AN B}

Ch{B} Ch{B}
Furthermore, it is clear that the conditional chance measure obeys the max-
imum uncertainty principle.

1 < Ch{A|B} < (C.38)

Remark C.7: Let X and Y be events in the credibility space. Then the
conditional chance measure of X x 2 given Y x () is

Cr{XnY}  _ Cr{XnY}
—_— f—— .
oy 0 oy <P
Ch{X x QY x Q} = 1 Cr{X°nY} " Cr{X°nY} <05
Cr{y} ~ Cr{Y}

0.5, otherwise
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which is just the conditional credibility of X given Y.

Remark C.8: Let X and Y be events in the probability space. Then the
conditional chance measure of © x X given © xX Y is

Pr{XNY}
h X Y}=—7—ri—
Ch{® x X|O@ xY} eV}
which is just the conditional probability of X given Y.

Theorem C.19 (Li and Liu [101]) Conditional chance measure is normal,
increasing, self-dual and countably subadditive.

Proof: At first, the conditional chance measure Ch{-|B} is normal, i.e.,

Gy
Ch{B} ~

Ch{® x Q|B} =1

For any events A; and Ay with Ay C A,, if
Ch{A; N B} < Ch{A; N B}

Ch(B} = cn(Bp 0>
then
Ch{A,|B} = Chéﬁ E}B b Chéﬁ E}B b on{a|BY).
It
Ch{4,; N B} Ch{A4, N B}
Tanpy SUETaE)

then Ch{A;|B} < 0.5 < Ch{A,|B}. If

Ch{A1 N B} _ Ch{4; N B}

05< —CuiBy = Cn(B]

then we have

Ch{A,|B} = (1 - Chéﬁ;}m> V0.5 < (1 - Chéﬁ];B}> V0.5 = Ch{Ay|B}.

This means that Ch{:|B} is increasing. For any event A, if

Ch{A N B}
Ch{B}

Ch{A° N B}

> 0.
=05 By

> 0.5,
then we have Ch{A|B}+ Ch{A¢|B} = 0.5+0.5 = 1 immediately. Otherwise,
without loss of generality, suppose

Ch{An B} Ch{A° N B)
cn(By ~ %< T engmy
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then we have
Ch{AnN B} Ch{AnN B}
Ch{A|B} 4+ Ch{A¢|B} = ——+— 1l-——-+-— | =1
{AB) + CWATB) = =6 +( Chi{B}
That is, Ch{-|B} is self-dual. Finally, for any countable sequence {4;} of
events, if Ch{4;|B} < 0.5 for all ¢, it follows from the countable subadditivity
of chance measure that

. Ch{fjAmB} iCh{AiﬂB}
offo):

) i=1 < =1 _ ) _
i:UIAmB Ch{B] < (B ;Ch{AAB}

Suppose there is one term greater than 0.5, say

Ch{A;|B} > 05, Ch{4;|B} <05, i=23, -

If Ch{U;A;|B} = 0.5, then we immediately have

Ch{G A mB} < iCh{Ai|B}.

=1 i=1

If Ch{uU;4;|B} > 0.5, we may prove the above inequality by the following
facts:

AgchG(AmB)u<ﬁAgmB>,

=2 i=1

Ch{A;mB}gZCh{AmB}+Ch{ﬂA§mB},

=2 i=1

Ch{B}

) {D&B}lch{ﬁm}

=1

) S aanm
ChiAsnB) =
; CWAIBY 21 - =6 Y sy

If there are at least two terms greater than 0.5, then the countable subad-
ditivity is clearly true. Thus Ch{:|B} is countably subadditive. Hence the
theorem is verified.

Definition C.13 Let £ be a hybrid variable on (©,P,Cr) x (Q,A,Pr). A
conditional hybrid variable of & given B is a measurable function &|p from
the conditional chance space to the set of real numbers such that

£lp(0,w) = £(0,w), Y(0,w) €O x Q. (C.39)
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Definition C.14 (Li and Liu [101]) The conditional chance distribution ®:
R — [0,1] of a hybrid variable & given B is defined by

®(z|B) = Ch{¢ < z|B} (C.40)
provided that Ch{B} > 0.

Definition C.15 (Li and Liu [101]) Let £ be a hybrid variable. Then the
conditional expected value of & given B is defined by

400 0
Bl¢|B] = /0 Ch{¢ > r|B}dr — /_ Ch{¢ < r|B}dr (C.41)

provided that at least one of the two integrals is finite.



Appendix D

Logic

Propositions, connective symbols, formulas, truth functions, truth value are
basic concepts in logic. This appendix introduces the probabilistic logic,
credibilistic logic, and hybrid logic.

D.1 Probabilistic Logic

Probabilistic logic was proposed by Nilsson [171] as a generalization of logic
for dealing with random knowledge. A random proposition is a statement with
probability value belonging to [0,1]. A random formula is a finite sequence of
random propositions and connective symbols that must make sense. Let X
be a random formula. Then the truth value of X is defined as the probability
that the random formula X is true, i.e.,

T(X) = Pr{X = 1}. (D.1)
If X is a random formula containing random propositions &1, &, - - - , &, whose
truth function is f(x1,z2, - ,zy), then the truth value of X is

T(X) = > play, za, - ,xy) (D.2)

flz1,z2,mn)=1
where p(z1, 22, -, x,) is the joint probability mass function of (&1,&2,- -+ ,&,).

Example D.1: Let £ and i be independent random propositions with prob-
ability values a and b, respectively. Then we have

(a) T(§) =Pr{€ =1} = a;

(b) T(-¢) = Pr¢ =0} =1 — a;

(€ TEAn) =Pr{cAn=1}=Pr{((=1)N(n=1)} =a-b;

(d) T(EVn) = Pr{eVn =1} = Pe{(E = YU (1= )} = a+b—a-b

() T(E—-n=P{—-n)=1}=Pr{({=0)U(n=1}=1-a+a-b
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Remark D.1: Probabilistic logic is consistent with the law of contradiction
and law of excluded middle, i.e.,

T(XA-X)=0, T(XV-X)=1, T(X)+T(-X)=L1 (D.3)

D.2 Credibilistic Logic

Credibilistic logic was designed by Li and Liu [100] as a generalization of
logic for dealing with fuzzy knowledge. A fuzzy proposition is a statement
with credibility value belonging to [0, 1]. A fuzzy formula is a finite sequence
of fuzzy propositions and connective symbols that must make sense. Let X
be a fuzzy formula. Then the truth value of X is defined as the credibility
that the fuzzy formula X is true, i.e.,

T(X)=Cr{X =1}. (D.4)
If X is a fuzzy formula containing fuzzy propositions &;,&s, -+, &, whose
truth function is f(x1,x9, - ,2,), then the truth value of X is
7(x) = 5 (oo ule) +1 @) (0.5)
= — | max u(x — max u(x .
2 Sl fayo""
where * = (21,22, -+ ,2,), and p(x) is the joint membership function of

(517&27"' 7€n)

Example D.2: Let £ and 7 be (not necessarily independent) fuzzy proposi-
tions with credibility values a and b, respectively. Then we have

(a) T(§) = Cr{€ =1} = q;

(b) T(=¢) =Cr{{ =0} =1 —q;

(c)TEAn) =Cr{((=1)N(n=1)} = aAb provided that a +b > 1;
() TEVn) =Cr{(¢=1)U(n=1)} =a Vb provided that a + b < 1;
()T —-n=Cr{((=0)U(n=1)} = (1 —a) Vb provided that a > b.

Example D.3: Let £ and n be independent fuzzy propositions with credi-
bility values a and b, respectively. Then we have

(a) T(E Am) = Cr{(€ = 1) N (n = 1)} = a by
d)TEvy)=C{((=1)Un=1}=aVb

() T(E—n) = Cr{(E=0) U(n = 1)} = (1 —a) Vb.

Remark D.2: Credibilistic logic is consistent with the law of contradiction
and law of excluded middle, i.e.,

T(XA-X)=0, T(XV-X)=1, T(X)+T(~X)=L1 (D.6)

This is the key point that credibilistic logic is different from possibilistic logic.
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D.3 Hybrid Logic

Hybrid logic was designed by Li and Liu [99] in 2009 as a generalization of
logic for dealing with fuzzy knowledge and random knowledge simultaneously.
A hybrid formula is a finite sequence of fuzzy propositions, random propo-
sitions and connective symbols that must make sense. Let X be a hybrid
formula. Then the truth value of X is defined as the chance that the hybrid
formula X is true, i.e.,

T(X)=Ch{X =1}. (D.7)
If X is a hybrid formula containing fuzzy propositions &1, &, -+ , &, and ran-
dom propositions 71,72, ,Nm whose truth function is f, then the truth

value of X is

sup ) > (y)

x 2 ’
f(z,y)=1

if sup @A Y ey | <05
* f(z,y)=1

T(X) = (D.8)
()
L—sup | == A > sy |,
f(z,y)=0
oo =)
if sup | =~ A Z o(y) | >0.5
flzy)=1
where ¢ = (21,29, -+ ,2,), ¥ = (Y1,Y2, " ,Ym), 1(x) is the joint mem-

bership function of (£1,&a,---,&,), and ¢(y) is the joint probability mass
function of (91,72, , Mm)-

Example D.4: Let £, k be independent fuzzy propositions with credibility
values a, ¢, and let n, 7 be independent random propositions with probability
values b, d, respectively. Then we have

(@) T(EAn)=Ch{((=1)Nn=1}=anb

(b) T(EVvn) =Ch{(=1)Un=1}=aVb

()T —7)=Ch{(=0)U(r=1)} =(1—-a)Vd

() Tn—k)=Ch{(n=0U(k=1}=(1-0b) Ve

Furthermore, we have

TEAn—r) =Ch{{(§An=0)U(s=1)}
=1-Ch{{¢=1)Nnmn=1)nN(x=0)}
=1-Cr{(¢=1)Nn(k=0)} APr{n=1}
=1l—-aAN(l—c)Ab;
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TEAn—71)=Ch{(An=0)U(r=1)}
S 1-CHE=1)N (=10 (7 =0)}
=1-Cr{E=1}AP{(n=1)Nn(r=0)}
—1—anA(b-bd).

Remark D.3: Hybrid logic is consistent with the law of contradiction and
law of excluded middle, i.e.,

T(XA-X)=0, T(XV-X)=1, T(X)+T(-X)=1. (D.9)



Appendix E

Inference

Inference is a process of deriving logical conclusions from known knowledge
or evidence. This appendix introduces random inference, fuzzy inference and
hybrid inference.

E.1 Random Inference

Random inference is a process of deriving logical conclusions from random
knowledge or evidence via the tool of conditional probability.

Definition 1 A random set is a measurable function & from a probability
space (2, A,Pr) to a collection of sets of real numbers, i.e., for any Borel set
B, the set

{we Q]| &w)nB#0} (E.1)

18 an event.

Definition 2 Let £ and n be random sets on the probability space (Q, A, Pr).
Then the complement &€ of the random set £ is

& (w) = (E(w))s, Ywe. (E.2)

The union £ Un of random sets £ and n is

EUn)(w) =¢(w)Un(w), Vwe (E.3)
The intersection £ N1 of random sets & and 7 is
ENn)w) =¢w)Nnw), Ywe (E.4)
It is clear that
EUE =R, £ne=0 (E.5)

for any radom set £.
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Definition 3 Let & be a random set on (,A,Pr). A conditional random
set of & given B is a measurable function €| from the conditional probability
space to a collection of sets of real numbers such that

¢lp(w) =¢(w), Ywe (E.6)
in the sense of classical set theory.

Definition 4 Let £ and £ be two random sets. Then the event £* > ¢ (i.e.,
&* matches £) is defined as

(€)= { {5**c5}, ;f Pr{£:c£}>Pr{£:c£f} E7)
{€* ¢ ¢}, if Pr{¢* C &} <Pr{¢" C ¢}

Definition 5 Let & and & be two random sets. Then the matching degree
of & > & is defined as

Pr(et b £} = { Pr{¢- C &}, if Pr{¢" C &} > Pr{¢* C ¢} ©9
Pr{¢* ¢ &}, if Pr{¢* C &} < Pr{¢* c &)

Inference Rule E.1 Let X and Y be two concepts. Assume a rule “if X is
a random set & then Y is a random set n”. From X is a random set £* we
infer that Y is a random set

N =nNlerse (E.9)

which is the conditional random set of n given £* > €. The inference rule is
represented by
Rule: If X is £ then Y is n
From: X is &* (E.10)
Infer: Y is n* = n|¢-pe

E.2 Fuzzy Inference

Fuzzy inference was proposed by Liu [130] in 2009 as a process of deriving log-
ical conclusions from fuzzy knowledge or evidence via the tool of conditional
credibility.

Before introducing fuzzy inference, let us recall the concept of fuzzy set.
An ordinary set is defined as a collection of elements. Each single element
can either belong or not belong to the set. However, in many cases, the
membership is not clear, for example, “young man”, “many people”, “high
mountain”, “great river”, “large number”, “about 100 meters”. They are not
tractable by the classical set theory. In order to deal with them, Zadeh [229]
introduced the concept of fuzzy set via membership function in 1965: A fuzzy
set is defined by its membership function p which assigns to each element x
a real number p(x) in the interval [0,1], where the value of u(x) represents
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the grade of membership of x in the fuzzy set. Thus, the nearer the value of
() is unity, the higher the grade of membership of x in the fuzzy set.

As a revision of Zadeh’s fuzzy set, Liu [127] redefined a fuzzy set as a
function from a credibility space to a collection of sets in 2007. This new
version of fuzzy set is just a counterpart of random set that is a measurable
function from a probability space to a collection of sets.

Definition 6 (Liu [127]) A fuzzy set is a function £ from a credibility space
(©,P,Cr) to a collection of sets of real numbers.

Definition 7 A fuzzy set £ on (0, P, Cr) is said to have a membership func-
tion p(x) with 0 < p(z) <1 4f

£0) ={z e R | u(x) > (2Cr{6}) A1} (E.11)
for each 6 € ©.

Note that Zadeh’s fuzzy set is a special type of fuzzy set in the sense of
Definition 6. However, the latter does not necessarily have a membership
function.

Example E.1: Let (©,P,Cr) be a credibility space with © = {6,62,65},
Cr{6:} = 0.6, Cr{f2} = 0.4 and Cr{f3} = 0.2. Then

1,3], if0=6
€0) =14 [2,4], if0=0,
3,5], if 6 =05

is a fuzzy set whose membership function does not exist.

Definition 8 Let £ and n be fuzzy sets on the credibility space (©,7P,Cr).
Then the complement &€ of the fuzzy set £ is

£°(0) = (£(0))°, VO € O. (E.12)
The union £ Un of fuzzy sets € and 1 is
(EUn)B) = EB)Un(d), VoeO. (E.13)
The intersection & N0 of fuzzy sets & and 1 is
(Enn)(8) =£0)Nn), Voeo. (E.14)

It is clear that
CUE =R, (ne=0 (E.15)

for any fuzzy set £. This point is very different from Zadeh’s fuzzy set.



286 APPENDIX E - INFERENCE

Definition 9 Let € be a fuzzy set on (©,P,Cr). A conditional fuzzy set of &
given B is a function &|g from the conditional credibility space (©,P, Cr{-|B})
to a collection of sets of real numbers such that

Elp(0) =£(0), VOeO (E.16)
in the sense of classical set theory.

Definition 10 Let & and £ be two fuzzy sets. Then the event £* > ¢ (i.e.,
&* matches £) is defined as

e = { {f:cf}, {fCr{£:c£}>Cr{£:cs°'} (EB17)
{¢* ¢ ¢}, ifCr{g* c ¢} < Cr{¢* c ¢}

That is, we take the event of {£* C £} or {£* ¢ £°} such that its credibility
measure is as closed to 0.5 as possible. This idea coincides with the maximum
uncertainty principle.

Definition 11 Let £ and &* be two fuzzy sets. Then the matching degree of
& > & is defined as

CI‘ * . T * r * c
(e €)= {&rcel ifCr{gr c &> Cr{¢r &} (E.18)
Cr{¢" ¢ £}, if Cr{€" C &} < Cr{¢" C €}

Fuzzy inference has been studied by many scholars and a lot of infer-
ence rules have been suggested. For example, Zadeh’s compositional rule
of inference, Lukasiewicz’s inference rule, and Mamdani’s inference rule are
widely used in fuzzy inference systems. However, instead of using the above
inference rules, we will introduce an inference rule proposed by Liu in 2009.

Inference Rule E.2 (Liu [130]) Let X and Y be two concepts. Assume a
rule “if X is a fuzzy set & then Y is a fuzzy set n”. From X is a fuzzy set £*
we infer that Y is a fuzzy set

N =nlepe (E.19)

which is the conditional fuzzy set of n given £* > €. The inference rule is
represented by
Rule: If X is £ then Y is n
From: X is &* (E.20)
Infer: Y is n* = n]e-pe

Example E.2: Let £, £* and 1 be independent fuzzy sets with membership
functions p, pu* and v, respectively. Then inference rule E.2 yields that n*
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has a membership function

2v(y) . *
e A IR ) <

vi(y) = ze 2(y) | |
3= swplaalule) < a0 IR e =

Example E.3: Let ¢ and n be independent fuzzy sets with membership
functions p and v, respectively. If £€* is a constant a, then inference rule E.2
yields that »* has a membership function

2v(y)
vi(y) = wa)
v(y),  ifple)=1

For more expressions of inference rule by membership functions, the in-
terested reader may consult Gao [43].

A1, if pla) <1

E.3 Hybrid Inference

Hybrid inference was proposed by Liu [130] in 2009 as a process of deriv-
ing logical conclusions from hybrid knowledge or evidence via the tool of
conditional chance.

Definition 12 (Liu [127]) A hybrid set is a measurable function & from a
chance space (0,P,Cr) x (Q,A,Pr) to a collection of sets of real numbers,
i.e., for any Borel set B, the set

{(6,w) €O xQ | £(0,w)N B #£ 0} (E.21)
18 an event.

Definition 13 Let £ and n be hybrid sets on the chance space (0, P,Cr) x
(Q,A,Pr). Then the complement ¢ of the hybrid set £ is

€(0,w) = (£(0,w))", VY(O,w) € O x Q. (E.22)
The union £ Un of hybrid sets & and 7 is
EUn)(0,w) =&(0,w) Un(d,w), V(b,w) €O xQ. (E.23)
The intersection £ \n of hybrid sets & and n is

EnNn)b,w) =£0,w)Nnl,w), YO,w)e O xQ. (E.24)
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It is clear that
fUE=R, Ene =0 (.25)

for any hybrid set &.

Definition 14 Let £ be a hybrid set on (©,P,Cr) x (2, A,Pr). A conditional
hybrid set of €& given B is a measurable function &|g from the conditional
chance space to a collection of sets of real numbers such that

¢lp(f,w) =£(0,w), Y(0,w) e B xQ (E.26)
in the sense of classical set theory.

Definition 15 Let £ and £ be two hybrid sets. Then the event £* > ¢ (i.e.,
&* matches £) is defined as

e = { {5** c ¢}, z:f Ch{&: cél> Ch{f: c ¢} B2
{& ¢ &}, if Ch{§* C &} < Ch{¢* C £}

Definition 16 Let & and £ be two hybrid sets. Then the matching degree
of £ > &€ is defined as

Chie b €} = Ch{¢* C &}, ffCh{f* C &> Ch{¢r c ¢} (E28)
Ch{¢" ¢ &7}, if Ch{¢* C &} < Ch{¢* Cc ¢}

Inference Rule E.3 (Liu [130]) Let X and Y be two concepts. Assume a
rule “if X is a hybrid set & then Y is a hybrid set n”. From X is a hybrid set
& we infer that Y is a hybrid set

n* =n|erse (E.29)
which is the conditional hybrid set of n given £ > &. The inference rule is
represented by

Rule: If X is £ then Y is n

From: X is &* (E.30)

Infer: Y is n* = n]e<pe
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Baoding Liu
Uncertainty Theory

Uncertainty theory is a branch of mathematics based on normality, mono-
tonicity, self-duality, countable subadditivity, and product measure axioms.
Uncertainty is any concept that satisfies the axioms of uncertainty theory.
The goal of uncertainty theory is to study the behavior of uncertain phenom-
ena. This book provides a self-contained, comprehensive and up-to-date pre-
sentation of uncertainty theory, including uncertain programming, uncertain
process, uncertain calculus, uncertain differential equation, uncertain logic,
uncertain entailment, and uncertain inference. Mathematicians, researchers,
engineers, designers, and students in the field of mathematics, information
science, operations research, system science, industrial engineering, computer
science, artificial intelligence, finance, control, and management science will
find this work a stimulating and useful reference.

Axiom 1. (Normality Axiom) M{I'} =1 for the universal set I.
Monotonicity Axiom) M{A1} < M{A2} whenever A; C As.

Self-Duality Axiom) M{A} + M{A°} =1 for any event A.

Axiom 2.

Axiom 3.

—~ o~

Axiom 4. (Countable Subadditivity Axiom) For every countable sequence
of events Ay, As, -+, we have

M{D AZ} < iM{Ai}.
i=1 i=1

Axiom 5. (Product Measure Axiom) Let (I', L, M) be uncertainty spaces
for k=1,2,--- ,n. The product uncertain measure M = M; AMa A--- AM,,
is

sup min Mg{Ax},
ArxAaX-Xx A, CA1Sk<Sn

if sup min Mg{Ax} > 0.5
Ar XAz X--XA, CALISk<n

M{A} =< 1- sup min Mg{Ax},

ArXAaX X ApCAc 1Sk<n

if sup min Mp{Ax} > 0.5
A1 xAg XX A, CAc 1SkSn

0.5, otherwise.

Principle. (Maximum Uncertainty Principle) For any event, if there are
multiple reasonable values that an uncertain measure may take, then the
value as close to 0.5 as possible is assigned to the event.
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