
Republic of Iraq 

Ministry of Higher Education and Scientific Research 

University of Baghdad 

College of Education for Pure Sciences / Ibn Al-Haitham 

Department of Mathematics 

 

On Some Generalization of Convex Sets, Convex 
Functions, and Convex Optimization Problems 

 

A Thesis 

Submitted to the College of Education for Pure Sciences \ Ibn Al-Haitham, 

University of Baghdad as a Partial Fulfillment of the Requirements for the 

Degree of Master of Science in Mathematics 

By 

Mahmood Idrees Abdulmaged 

 

Supervised By 

Lecturer Dr. Saba Naser Majeed 

 

2018 AC                                                                  1439 AH



 



 

 

 

   َيْرفَِع اللَُّه الَِّذيَن آَمُنوا ِمنُكْم وَالَِّذيَن أُوُتوا  
 اْلِعْلَم َدرََجاٍت وَاللَُّه بَِما َتْعَمُلوَن خَبِير   

 

 

11المجادلة    
 



 

 

 

 

 

I certify that this thesis was prepared under my supervision at the department of 

mathematics, college of education for pure science / Ibn Al-Haitham, Baghdad 

university as a partial fulfillment of the requirements for the degree of master of 

science in mathematics. 

 

 

Signature: 

Name: Dr. Saba Naser Majeed 

Date:    /    /2018 

 

In view of the available recommendation, I forward this thesis for debate by the 

examining committee. 

 

 

Signature: 

                                         Name: Asst. Prof. Dr. Majeed Ahmed Weli 

Head of  Department of  Mathematics 

Date:    /    /2018 

 

 

 

Supervisor’s Certification 

 



 

 

 

We certify that we have read this thesis entitled " On Some Generalization of 

Convex Sets, Convex Functions, and Convex Optimization Problems" and as 

examining committee, we examined the student (Mahmood Idrees Abdulmaged) 

in its contains and what is connected with it, and that in our opinion it is adequate for 

the partial fulfillment of the requirement for the degree of Master of Science in 

Mathematics. 

 

(Member and Supervisor)  

Signature:  

Name: Dr. Saba Naser Majeed 

Date:      /   / 2018 

 

                         (Member) 

  Signature  

  Name: Assist. Prof. Dr. Saad  S. Mahmood   

  Date:      /   / 2018 

 (Chairman)                              

Signature:  

Name:Assist. Prof. Dr.Buthaina N. Shihab   

Date:      /   / 2018 

                         (Member)    

  Signature:  

  Name: Lecturer .Dr. Yousif  Y. Yousif 

  Date:      /   / 2018 

Approved by the University Committee of graduate studies. 

Signature: 

Name: Prof. Dr. Khalid Fahad Ali  

Address: The Dean of College of Education for Pure Science/ Ibn al- Haitham 

University of Baghdad 

Date:      /   / 2018 

Committee Certification 



 

 

 هداءاأل
 

َتعالىََأَ  َاهلل َحسبيأَ لذيََاشكر َفهو َعليه لمولىَونعمََانعمَََانهََتوكل
َلنصيرا
َالىََاَالعملهديَهذاََأ َاهلل(ََبيأَ لمتواضع َيبخلََ)رحمه َلم عليَََالذي

َ...َءبشيَيوماَ 
َالتيََأَ الىََ َبالمحبةََومي َ.غمرتني َ..الحنان

َلهمأَ  َأنتمَوهبتمقول َلمعرفةََاطالعََوالاحبََفيََشغفََالألملََواليََََ:

َأسرتيَجميعاَ  َ...َالى
َبعلمهَعقأالىَكلَمنََ َاألخرينلَََوضاء

َالكرامأَ ََ َ...ساتذتي
َمنَعلمتنيَوكانتَسنداَ ا َنوراَ أَ ف ليََََلى َالطريقََََصبحَعلمها يضئ

َستاذتيَومشرفتيأ...أمامي  
َمجيدَالدكتورةَ َناصر َََصبا وتقديراَ ََامتناناَ َََ  



 

 

AKNOWLEDGMENTS 

 

Praise be to Allah, the Merciful the Compassionate 

I would like to express my deep and sincere gratitude to 
my supervisor Dr. Saba Naser Majeed for having 

introduced me to this interesting subject, for her valuable 
suggestions, close support, extensive discussions, and 

continuous guidance. 

My thanks are extended to the college of Education for 
Pure Sciences/ Ibn Al-Haitham at Baghdad University 
for giving me the chance to complete my postgraduate 
study. I am also grateful to the staff members of the 
Department of Mathematics for their support and 

kindness.  
Finally, I would like to thank my 

family for the care, generosity and 
support that they gave me during my 

study at hard time. 

 

Mahmood                                           



 

 

 

 
 

 

 
 



Author's Publications 

 

Author's Publications 

 

 [1] S. N. Majeed, M. I. Abd Al-Majeed, ‘‘On convex functions,  -convex 

functions and their generalizations: applications to non-linear optimization 

problems’’, International Journal of Pure and Applied Mathematics, 116 (3), 

655-673, (2017). 

 

[2] S. N. Majeed, M. I. Abd Al-Majeed, ‘‘Some notions on generalized convex 

sets and affine sets’’, 23
th

 Scientific Specialized Conference, College of 

Education, University of Al-Mustansiryah, 30-40, (2017). 

 

 

 

 
 

 



  

 

 

Page Number 

 

  List of Symbols and Acronyms I 

 Abstract III 

 Introduction V 

1 Chapter One: Preliminaries  

1.1 Introduction 1 

1.2 Basic Mathematical Concepts 2 

1.3 Elements of Convex Analysis 7 

1.4 Elements of  -Convex Analysis 11 

1.4.1         Generalized Convex Set 12 

1.4.2         Generalized Convex Functions     17 

1.5 Optimization Problems 24 

1.5.1         Mathematical Formulation of an Optimization Problem  24 

1.5.2         Differentiable and Convex Optimization Problem 29 

1.5.3          Generalized Optimization Problems 30 

2 
Chapter two: On Generalized Convex Sets, Cones, and 

                         Affine Sets           
 

2.1 Introduction 33 

2.2 Characterizations of  -Convex Set and  -Convex Hull 34 

2.3   

 -Convex Cone and  -Convex Cone Hull: Properties and 

Characterizations 
38 



 

2.4  -Affine Set,  -Affine Hull and Their Characterizations 44 

3 

Chapter Three: On Convex Functions,  -Convex              

Functions and Their Generalizations 

 

 

3.1 Introduction 50 

3.2 Some Properties of Generalized Convex Functions      51 

3.3 

Some Characterizations of Convex Function,  -Convex 

Function and Their Generalizations 
58 

3.4 Differentiability Properties of  -convex Functions 69 

4 

Chapter Four: Applications of Generalized Convexity to 

Non-Linear Programming 

 

 

4.1 Introduction 79 

4.2 Some Results of Generalized Convex Programming 80 

4.3  -Differentiability Properties of  -Convex Functions 88 

 Future Work 95 

 
References 

 96 



Symbols and Acronyms 

 

I 
 

List of Symbols and Acronyms 

 

      The transpose of a column vector   

‖ ‖    The norm of   

〈   〉    Scalar (inner) product mapping 

         Open ball with center   and radius   

         Closed ball with center   and radius   

     Vector of partial derivatives of   defined on     

(gradient of  )  

       The matrix of second-order partial derivatives of   defined 

on    (Hessian) 

    The class of functions whose first derivatives are continuous 

   The class of functions whose second derivatives are 

continuous 

p.d.   Positive definite  

p.s.d.   Positive semi-definite 

n.d.   Negative definite  

n.s.d.   Negative semi-definite 

          The convex hull of a set   

 -          The  -convex hull of a set   

         The convex cone hull of a set   

 -         The  -convex cone hull of a set   

         The affine hull of a set   

 -        The  -affine hull of a set   



Symbols and Acronyms 

 

II 
 

    Identity mapping 

         The epigraph of   

        The first type of an epigraph associated with an mapping   

        The second type of an epigraph associated with an 

mapping   

        The third type of an epigraph associated with an mapping   

           level set associated with       

             level set associated with        

                  level set associated with        

          
          level set associated with        

          The set of all feasible solutions of a minimization problem 

          The set of all feasible solutions of a maximization problem 

     The optimal value of a minimization problem 

     The optimal value of a maximization problem 

(NLP) A non-linear constrained generalized optimization problem 

(NLPE) Another type of non-linear constrained generalized 

optimization problem 

 (M-NLPE) A maximization non-linear constrained generalized 

optimization problem  

■   The end of the proof 

 

 

 

 



Abstract 

III 
 

Abstract 
 

The main aim conducted and reported in this thesis is divided into two 

parts. The first part is devoted to providing some properties and 

characterizations of generalized convex, cone, and affine sets such as 

(respectively,  -convex,  -cone,  -affine) sets, and the study of some 

properties and characterizations of generalized convex functions such as (quasi 

convex   -convex, semi  -convex, quasi semi  -convex, pseudo semi  -

convex,  -quasiconvex,  -pseudoconvex) functions. The aim of the second part 

is to study some optimality properties and characterizations of generalized non-

linear optimization problems. We consider the objective functions for non-linear 

optimization problems as  -convex functions or some generalized convex 

functions and the constraint sets as  -convex sets.  

 In the first part, we presented some new properties of ( -convex,  -cone, 

 -convex hull) sets and we introduced a new characterization for  -convex sets. 

We defined new sets, namely,  -convex cone hull,  -affine sets and  -affine 

hull, and we proved some of their properties and characterizations. Moreover, 

we discussed some new characterizations of convex functions,  -convex 

functions, and their generalizations in terms of some level sets and different 

forms of epigraphs which are related to these functions. Some general properties 

of generalized convex functions, and some differentiability properties of  -

convex functions are also presented. 

 In the second part of this thesis and as an application of generalized 

convex functions in optimization problems, some optimality properties and 

characterizations of generalized non-linear optimization problems are discussed. 

In this generalized optimization problems, we used, as objective functions,   -
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convex (strictly  -convex) functions and their generalizations such as  -quasi 

convex (strictly  -quasiconvex), and strictly quasi semi  -convex functions and 

the constraint sets are  -convex sets. Some  -differentiability properties for the 

objective functions of generalized optimization problems are also discussed in 

this part. 
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Introduction 
 

Classical convex analysis is an important field of mathematics which 

plays a vital role in optimization and operation research. The main ingredient of 

convex analysis is related to convex sets and convex functions. The earlier 

definition and properties of convex sets were introduced by H. Brunn in 1887, 

followed by H. Minkowski in 1911. Convex analysis, in general, is developed 

and extensively studied in the 20
th

 century by Fenchel [51], Brøndsted [3], 

Moreau [30, 31], and Rockafellar [45, 46]. It has been studied in finite 

dimensions (see e.g. [27, 28, 29, 31]), and in infinite dimensions [10, 23, 43]. In 

addition to convex functions, convex analysis field may include other types of 

functions with less restrictive convexity assumptions, such as quasi convex and 

pseudo convex functions (see [39, 41]). The latter types of functions represent 

generalizations of convex functions. This area of the classical convex analysis 

has been generalized into other kinds of convexity by many researchers. For 

instance, the concept of convex functions has been extended to the class of  -

convex functions [21], invex functions [37], geodesic semi  -convex functions 

[5, 6], and  -vex functions [9] (see also [36, 55], for more recent papers on 

invex and  -vex functions). 

    Another type of generalized convexity is  -convexity introduced first by 

Youness in 1999 [15]. Youness introduced  - convex sets,  -convex functions, 

and  -convex programmings, defined in finite dimensional Euclidian space, by 

relaxing the definitions of the ordinary convex sets and convex functions. The 

effect of a mapping called         on a given set takes the major place in 

defining this type of generalized convexity. In other words, a non-empty set 

     is said to be  -convex if there exists a mapping         such that 

for every          and for every         we have 
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                   , 

and a real valued function         is said to be  -convex if there exists a 

mapping         such that for every           and for every        

we have 

                                           ). 

        It was shown in [15] that many results of convex sets and convex functions 

hold for the wider class of  -convex sets and  -convex functions. The research 

on  -convexity is continued, improved, generalized, and extended in different 

directions. Abou Tair and Sulaiman [22] and Suneja et. al [48] studied  -

convex sets and used these sets to prove some inequalities. Further study of  -

convex sets are recently introduced by Grace and Thangavelu [25] in which the 

authors defined  -convex hull,  -cone, and  -convex cone and study some of 

their properties. Youness [16] studied some properties of  -convex 

programming and established the necessary and sufficient conditions of 

optimality for nonlinear  -convex programming. Stability in  -convex 

programming was studied by Youness [18], and very recently, Megahed et al. 

[1, 8] introduced duality in  -convex programming and studied optimality 

conditions for  -convex programming which has  -differentiable objective 

function. Note that some results appeared in Youness's first paper [15] are 

incorrect (see [12, 53, 54] for some counter examples that clarify the erroneous 

results in [15]). This motivates Chen to introduce new classes of  -functions 

and to study some of their properties [52, 53]. These functions, which are 

generalizations of the class of convex functions, are called semi  -convex, quasi 

semi  -convex, and pseudo semi  -convex functions.  

The initial results of Youness inspired a great deal of subsequent work which 

has expanded the role of  -convexity in optimization theory. Thus, the notion of 

 -convex functions has been extended to new classes of generalized convex and 
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 -convex functions in optimization theory. For instance, some optimality 

properties of semi  -convex problems are introduced in [53].  -quasiconvex 

functions, their related properties, and their applications to optimization 

problems are studied by Youness [17] and Syau and Lee [56]. Solemani-

damaneh [40] defined  -pseudoconvexity functions and introduced an extensive 

study of  -convexity and its generalizations with applications for strict  -

quasiconvexity and  -pseudoconvexity in multi-objective optimization 

problems. For more recent papers on  -convex function and their extensions 

and generalizations, see [26, 35, 42, 57]. 

 

The overall aim of this thesis is as follows: 

     Establish new properties and characterizations of  -convex sets,  -

convex functions and their extensions and generalizations. 

      Apply  -convex functions and some generalizations of convex 

functions to a non-linear optimization problems to obtain new results and 

optimality conditions different than the ones introduced in the literature.  

This thesis starts with Chapter 1 which includes five sections of preliminary 

material and results that make this work self-contained. Chapters 2-4 include the 

main results of this work. The outline of Chapters 2-4 is summarized as follows: 

 

Chapter two: consists of four sections. Section 2 presents further study of  -

convex sets and  -convex hull. In specific, we provide a characterization for  -

convex sets (see Theorem 2.2.2). In section 3, we discuss some new properties 

of  -cone and  -convex cone (see Propositions 2.3.1, 2.3.3-2.3.6). We provide 

two characterizations of  -convex cone of an arbitrary set (see Theorems 2.3.7-

2.3.8). Then, we define  -convex cone hull sets and provide a new 

characterization of these sets (see Theorem 2.3.10). Finally, in section 4, we 

define  -affine sets and  -affine hull of a set and show a characterization of 
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each of these sets (see Theorems 2.4.15-2.4.17). Some properties related to  -

affine sets are also discussed (see Propositions 2.4.7, 2.4.9, 2.4.13-2.4.14). We 

also provide some examples to show the relationship between  -affine sets and 

their counterpart sets defined in the classical convex analysis, namely, affine 

sets (see Examples 2.4.5 and 2.4.10).  

 

Chapter three: includes four sections. Section 2 starts with some general 

properties of generalized convex functions. Namely, the closedness property 

under addition and non-negative multiplication is proved for  -convex and semi 

 -convex functions (see Theorem 3.2.1). We show a composite property which 

satisfies, under certain conditions, for semi  -convex,  -convex,  -

quasiconvex, and pseudo semi  -convex functions (see Theorems 3.2.2-3.2.4, 

3.2.6). Another property we show is the supremum property of an arbitrary non-

empty collection of semi  -convex, quasi semi (respectively, strictly quasi 

semi, strongly quasi semi)  -convex and pseudo semi  -convex functions (see 

Propositions 3.2.8-3.2.9). In section 3, we provide new properties and 

characterizations which relate convex functions and their generalizations with 

different  -level sets and different epigraphs associated with these functions. In 

other words, new relations and characterizations of semi  -convex,  -convex, 

and convex functions are given using the epigraph sets denoted by              

and         (see Propositions 3.3.12-3.3.22). In addition, new properties and 

characterizations of convex, quasi convex, and quasi semi  -convex functions 

are presented in terms of  -level sets of   denoted by   
 [ ] and  -  [ ] (see 

Propositions 3.3.2, 3.3.3, 3.3.6, 3.3.7). These  -level sets (  
 [ ] and  -  [ ]) 

are, respectively, associated with the epigraphs        and  -     mentioned 

earlier. We end this chapter, with section 4, by discussing some differentiability 

properties of  -convex and strictly  -convex functions (see Section 3.4). An 
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important result in this section is characterizing  -convex and  -concave 

functions   by using the second derivative of   (see Theorem 3.4.7). 

 

Chapter four: consists of three sections. In section 2, some optimality 

properties and characterizations of generalized non-linear optimization 

problems are presented. The properties and characterizations involve the 

existing, uniqueness, and the convexity of the global optimal solutions using ( -

convex, strictly  -convex, strictly quasi semi  -convex,  -quasiconvex, and 

strictly  -quasiconvex) functions as the objective functions. In section 3, we 

study differentiability properties of the objective functions (     of a 

generalized optimization problems. In such case, the functions   are non -

differentiable and are called  -differentiable. 
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Chapter One 

Preliminaries 

1.1 Introduction 

        In this preliminary chapter, we collect some essential definitions and 

properties that will make this thesis self-contained. The chapter is divided into 

five sections. In sections 2-4, we summarize definitions and results we need, 

from mathematical analysis, linear algebra, calculus, convex analysis, and  -

convex analysis. It is worth mentioning that, in subsection 1.4.1, some new 

examples are illustrated to clarify the properties of  -convex, cone and  -cone, 

and  -convex cone and to discuss the relationship between them. Various 

concepts related to basic optimization and generalized optimization theory is 

introduced in section 5.  

  Throughout this thesis, the real line is denoted by   and the set of  -

dimensional vectors with coordinates in   is referred to as    . All sets 

considered are non-empty subsets of   .  
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1.2 Basic Mathematical Concepts 

In this section, we recall some basic and fundamental concepts and 

properties that are needed throughout this work. These concepts are collected 

from mathematical analysis, linear algebra, and advanced calculus. 

Definition 1.2.1 [19, Section 2.4] A function ‖ ‖       is a norm if the 

following axioms hold: 

1. nonnegativity  ‖ ‖               and ‖ ‖    if and only if 

      

2. Positive homogeneity: ‖  ‖  | | ‖ ‖        and         

3. Triangle inequality:  ‖   ‖  ‖ ‖  ‖ ‖              

Definition 1.2.2 [19, Section 2.4] A mapping  〈   〉:    x       is referred 

to as scalar (inner) product if it satisfies the following properties. 

1. Positive definiteness: 〈   〉            and 〈   〉    if and only if 

     

2. Symmetry: 〈   〉= 〈   〉            . 

3. Additivity:  〈     〉 = 〈   〉 + 〈   〉             . 

4. Homogeneity  〈    〉   〈   〉                . 

 

Definition 1.2.3 [2, Definitions 1.13-1.14, 1.16] Fix     , then  

1. The open ball with center   and radius   is denoted by        and 

defined by  

        {     ‖   ‖   }  

2. The closed ball with center   and radius   is denoted by        and 

defined by  

       {     ‖   ‖   }  
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3. A set      is called a neighborhood of   if there exists an open ball 

        such that         . 

4. If        , then   is called an interior point of   if there exists an 

open ball         such that         . The set of all interior points of a 

given set   is called the interior of   and is denoted by   . The set   is 

said to be open if     . 

 

Definition1.2.4 [19, p.37] Let     . A function       is said to be 

continuous at  ̅ if for any given      there is exists a      such that      

and ‖   ̅‖    implies |        ̅ |     

Definition 1.2.5 [39, p.763] Let   be a subset of    ,               

  , and let        Then   is said to be differentiable at   if there is a vector 

called the gradient of   at the point  , and is denoted by        in   . The 

gradient vector consists of the   partial derivatives of   at  , that is,   

      

(

 
 
 
 
 

     

   

     

   
 
 
 

     

   )

 
 
 
 
 

. 

If the function   is defined on a set    , then               Moreover,   is 

called twice differentiable at  , if in addition to the gradient vector, there exists 

    matrix of second-order partial derivatives of  . This matrix is called 

Hessian and is denoted by        or     . It is defined as follows 

 

            

[
 
 
 
      

      
 

      

      

   
      

      
 

      

      ]
 
 
 

. 
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Hessian is a symmetric matrix which describes the local curvature of a function 

of many variables. If the function   defined on a set    , then        

          

 

Definition 1.2.6 [19, p.59] A continuous function           is said to be 

continuously differentiable at      if its first partial derivatives are 

continuous. i.e., if 
  

   
    exists and is continuous, for          The class of 

functions whose first derivatives are continuous is denoted by     Similarly, the 

function   is said to be twice continuously differentiable if   is continuously 

differentiable and all second partial derivatives of   exist and are continuous 

over   . i.e., if 
   

     
    exists and is continuous, for            The class of 

functions whose second derivatives are continuous is denoted by   . Note that 

when   is   , the Hessian is a symmetric matrix     

 

 As we will see later in this thesis (see Chapters 3 and 4) that the sign of a 

matrix is very useful. i.e., whether the matrix is positive (semi) definite, 

negative (semi) definite or indefinite. The sign of the Hessian, for example, 

determine whether a function is  -convex or not (see Theorem 3.4.7). It is also 

necessary to employ Taylor's Formula (see Theorems 3.4.7, 4.2.4, 4.3.9). 

Hence, we state these concepts next.  

 

Definition 1.2.7 [2, Definitions 2.9, 2.14] An     matrix   is said to be 

1. Positive definite (for short, p.d.) if the quadratic form 

                        

2. Positive semi-definite (for short, p.s.d.) if 
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3.  Negative definite (for short, n.d.) and Negative semi-definite (for short, 

n.s.d.) matrices if: 

                          , 

and 

                         , 

respectively. 

4. Indefinite if there exist non-zero vectors        such that  

        and          

 

Example 1.2.8 Clarify that the matrix  

  (
  
  

) 

is indefinite. 

Solution. Suppose that           
     is a non-zero vector. Then 

             
 (

  
  

) (
  

  
) 

        
    

              

                                            
    

       . 

Now, if         , then       > 0 and when          , then        . 

Thus, from definition 1.2.7(4), the matrix   is indefinite. 

Definition 1.2.9 [24, Section 2.6] Taylor formula is a series expansion of a 

function around a point. An  -th order Taylor series is an expansion of an   

continuously differentiable real function         around a point      

which is given by  
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where         is called the remainder term of the Taylor series. 

 

Taylor's Theorem 1.2.10 [2, Theorem 1.24] 

Truncated Taylor Series (First Order): Assume that        

continuously differentiable on some open set and that        Then for every 

    .  

                           

where   is some point lies on the line segment joining   and    (i.e.,      

        for some         .  

Truncated Taylor Series (Second Order): Assume that        twice 

continuously differentiable on some open set and that        Then for every 

    .  

                           
  

 
         

              

where   is some point lies on the line segment joining   and   . 

Definition 1.2.11 Let        be a function. Then 

1)   is called linear if and only if  

                                 and      .  [47] 

2)   is called sublinear if and only if 

                                 and      .     [44] 

3)   is called non-decreasing if whenever        such that     (i.e., 

              ) we get              In other words, 
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                    .   [4, Definition 5.2.1] 

Definition 1.2.12 A function         is said to be idempotent if 

 (    )                       . [25] 

 

1.3 Elements of Convex Analysis 

In this section, we review some concepts from convex analysis in the 

classical sense such as convex sets, cone, convex cone sets, affine sets, and 

convex functions with some of their generalizations functions.  

We start first with the definition of a convex set in   .  

Definition 1.3.1 [44, p.10] A set      is said to be convex if and only if 

        ,  and for every      , we have                In this 

case,   is said to be closed for convex combinations. 

    Convex sets satisfy the relations given next. 

Proposition 1.3.2 [44] 

i. The intersection of two convex sets is a convex set. In general, if 

{      }      be a family of convex sets. Then ⋂       is a convex 

set. 

ii.  Let        be a convex set and     . Then the set     {       

  } is a convex set. 

iii. Let            be convex sets. Then the Minkowski addition 

         {                      } 

and the Cartesian product  

        = {                                  } is a convex set. 

 

 



Preliminaries  Chapter One 

8 
 

Definition 1.3.3 [44, p.3] A set      is said to be affine if and only if 

      , and for every      we have              In this case,   is 

said to be closed for affine combinations. 

Remark 1.3.4 Each affine set is a convex set but the converse is not true as the 

following example shows.  

Example 1.3.5 Let           be an open ball of center         and radius 

   . i.e.,                    {             ‖             ‖  

 },         . It is clear that,         is a convex but not an affine set. i.e., 

Let                             
    

    
 

 
 
 

 
        . If   

 

 
   then  

 

 
      

 

 
 
 

  
 
 

 
   

 

 
 
 

 
          

Now, if       such that    , then we get 

         
 

 
 
 

 
   

  

 
 
  

 
         . 

  Next, we define an important set in convex analysis. 

Definition 1.3.6 [44, p.13] A set      is said to be a cone if for every     

and     we get     . In case that the cone is convex, then   is called 

convex cone. 

Example 1.3.7 

 Let   {        | |}, then   is a cone but not convex set. 

 Let   {        | | }. This set is a convex cone. 

 Let   {             }. This set is a convex but not cone. 

Definition 1.3.8 [44, p.12] Let       The convex hull of  , denoted by 

        is the intersection of all convex sets containing   (or, smallest convex 

set that contains  ); that is,  

        ⋂         are convex sets. 
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Definition 1.3.9 [11, p.21] Let       The affine hull of  , denoted by 

       is the intersection of all affine sets containing   (or, smallest affine set 

that contains  ); that is,  

       ⋂         are affine sets. 

Definition 1.3.10 [13, p.36] Let       The convex cone hull of  , denoted 

by         is the intersection of all convex cone sets containing   (or, smallest 

convex cone set that contains  ); that is,  

        ⋂         are convex cone. 

  Now, let us recall the definitions of convex (concave) functions.  

Definition 1.3.11 [47, Definition 3.1.1] A real valued function        is 

said to be convex if for every          and       

                                  

If for every       and       

                                  

Then   is called strictly convex. 

Definition 1.3.12 [47, Definition 3.1.1] A real valued function        is 

said to be concave if      is convex. Mathematically,   is a concave function if 

for every         ,       we have 

                                  

If for every       and       

                                  

Then   is called strictly concave. 
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Remark 1.3.13 

1. Every linear function is convex and concave. 

2. Every convex and concave function at the same time is called an affine 

function. 

3.  The domain of a convex function is always a convex set. 

   An example of a convex function defined on    is given next. 

Example 1.3.14 Show that        defined as      ‖ ‖  is a convex 

function. 

Solution:  let         ,       then, 

               ‖           ‖, 

using triangle inequality and positive homogeneity properties of the norm, the 

right-hand side of the above equation yields 

                                                               ‖  ‖       ‖  ‖ 

                                                                               

Thus,      is a convex function. 

The field of convex analysis may include other types of functions with 

less restrictive convexity assumptions, such as quasi convex and pseudo convex 

functions. The latter types of functions represent generalizations of convex 

functions. Next, we recall the definitions of quasi convex and pseudo convex. 

Definition 1.3.15 A function          is said to be quasi convex if and 

only if   is a convex set, and for each          ,       , we have 

                    {            }.    [39, Definition 3.5.1] 

If for every       and       with              we have  

                    {            } , then   is called strictly quasi 

convex.    [39, Definition 3.5.5]  
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Definition 1.3.16 [39, p.768] The function          is said to be pseudo 

convex if   is differentiable and for each        ,with       
            

we have              The function   is said to be strictly pseudo convex on 

  if whenever       with       
            we have              

 

1.4 Elements of  -Convex Analysis 

An important class of generalized convex sets and convex functions, 

called  -convex sets and  -convex functions, respectively, has first introduced 

and studied by Youness [15]. In these classes, Youness relaxed the definitions 

of the classical convex sets and convex functions with respect to an mapping  . 

Further study of  -convex sets are recently introduced by Grace and 

Thangavelu [25] in which the authors defined  -convex hull,  -cone, and  -

convex cone and studied some of their properties. Other types of generalized 

convex functions are also introduced and studied in the literature such as semi 

 -convex, quasi semi  -convex, pseudo semi  -convex,  -quasiconvex, and  -

pseudo convex functions [17, 40, 53, 56].  

In this section, we recall  -convex sets,  -convex hull,  -cone,   -

convex cone,  -convex functions, and some of generalized convex functions. 

We review some algebraic properties of  -convex sets and add a new property 

(see Proposition 1.4.1.10). Many examples are added, in the next subsection, to 

show the relationship between  -convex sets,  -cones, and  -convex cones 

(see Examples 1.4.1.15-1.4.1.17). Other examples are shown to illustrate some 

reviewed concepts and properties (see Examples 1.4.1.19, 1.4.1.21). 
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1.4.1 Generalized Convex Sets 

In this subsection, we recall  -convex,  -cones, and  -convex cone sets 

and some of their existing properties. We also add a new property (see 

Proposition 1.4.1.10) and various examples to show the relationships between 

these concepts and to clarify some properties and observations related to the  -

convexity of sets (see Examples 1.4.1.4,1.4.1.12, 1.4.1.15-1.4.1.17, 1.4.1.19, 

1.4.1.21). In Chapter 2, we continue studying these concepts by providing new 

properties and characterizations of these generalized sets. 

Definition 1.4.1.1 [15] A set      is said to be  -convex if and only if there 

exists a mapping           such that           and for every        

we have                    . 

 

Note that  -convex sets are considered as generalization of convex sets in 

the following sense. 

 

Proposition 1.4.1.2 [15] Every convex set is an  -convex. (Choose     

identity mapping).  

Proposition 1.4.1.3 [15]  

1. If a set   is an  -convex, then       . 

2. If      is convex and       , then   is an  -convex set. 

  The following example show that the converse of Proposition 1.4.1.2 

does not hold, in general. 

Example 1.4.1.4 Suppose that         be defined as             . Let  

  {                                               } 

 {                                          
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                         } with      ,   ,       ∑   
 
     . 

First, we show that      E-convex using Proposition 1.4.1.3(2) 

     {                                          

                    }     {                           

                                        }. 

Since   is a linear mapping, the set      can be written as 

     {                                            

         }    {                                    

                          },  

     {                                         }      

                {                                          }.  

It is clear that,      is a convex set and       . Using Proposition 1.4.1.3(2), 

  is  -convex.  To show S is not convex, take                and   
 

 
 . 

Then  

 
 

 
       

 

 
             (  

 

 
)  (   

 

 
)    as we need to show. 

 The following proposition provides a condition under which a convex set 

is an  -convex without taking     the identity mapping.   

Proposition 1.4.1.5 [25, 40] If                     ,    is a convex set, and 

       then   is an  -convex set. 

Proposition 1.4.1.6 Let    and    are two  -convex sets, then 

i.   ⋂   is  -convex set. [15] 

ii. If   is a linear mapping, then       is  -convex set.  [15] 

iii. If   is a linear mapping and     then     is  -convex set. [25] 



Preliminaries  Chapter One 

14 
 

 Remark 1.4.1.7 

1. The intersection property, in the above proposition, has been extended to 

an arbitrary family of  -convex sets. [56, Theorem 2.1] 

2. The union of two  -convex sets may not be  -convex set.  [15, Example 

2.3]  

  For the sack of completeness, we add the following property of  -convex 

sets which is needed in Proposition 2.3.6(iii). 

Proposition 1.4.1.8 Let    and     be two  -convex sets, then       

{                   }  is    -convex set.                 

Proof. Since    and    are  -convex sets, then                      ̅      

and              with         we have  

                    and                    . 

Hence, (                               )        . 

i.e.,                                      .  Thus,       is    - 

convex set.    ■ 

We pointed out in Remark 1.4.1.7 that the intersection of arbitrary  -

convex sets is  -convex. This fact is used next to define the smallest  -convex 

set containing a fixed set. 

Definition 1.4.1.9 [25] The  -convex hull of a set     , denoted by  -

        is the smallest  -convex set contains  , that is, 

 -        ⋂     ,   are  -convex sets. 
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         An example of  -convex hull of a non-convex set   is given next. 

Example 1.4.1.10 Let                  and let       is given by 

     
 

 
         . Clearly,   is not  -convex set. For instance, let   

       and    . Then, 

                     

From Definition 1.4.1.9,  -               which is  -convex. i.e.,   

        is a smallest  -convex set in   contains    

Remark 1.4.1.11 [44] From the above definition and Proposition 1.4.1.6, it is 

clear that 

1.           is  -convex set and    -       . 

2. If   is  -convex set, then  -         . 

 

Next, we recall the definition of  -cone as a generalization of a cone set. 

Definition 1.4.1.12 [25] A set      is called   -cone if there exists a 

mapping         for every     and     we have        . If   is 

 -cone and  -convex set, then it is called  -convex cone. 

 Examples of  -convex cone set,  -convex set (not  -cone), and  -cone 

(not  -convex set) are given, respectively, next. 

Example 1.4.1.13 Let      is defined by   {                 }  , 

and let         is given by                       . 

For any         and                          Thus,   is  -cone. 

Also,   is  -convex. Indeed, let                   and             such 

that            then 

                                       

Thus,   is E-convex cone set. 
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Example 1.4.1.14 Let      is defined by   {               

         }  , and let         is given by 

       (
 

 
  

 

  
 )          . Note that      {(

 

 
  

 

  
 )       

        } is a convex set and       . From Proposition 1.4.1.3(2),   

is  -convex set. To show that   is not  -cone, take for example         and 

    . Then         (
 

 
 
 

 
)     

Example 1.4.1.15 Let      is defined by 

   {                      }   {                   

  } , and let         is given by             . For each       

  and                        Thus,     is   -       However, there 

exists                   and         such that,              

              . For example, take                 , and   
 

 
. Then 

                     
 

 
        

 

 
                

Thus,   is not  -convex. 

Proposition 1.4.1.16 Every cone is an  -cone. (Take     . 

Obviously, not every  -cone is a cone as we show in the following 

example.  

Example 1.4.1.17 Consider   defined as in the Example 1.4.1.14, i.e.,   

{                       }, and let                         

We show that   is  -cone but not cone. For any     and any           

               , thus,   is  -cone. Now, if we take    , and       

         then  

                     .  

Thus,   is not a cone. 
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Remark 1.4.1.18 Proposition 1.4.1.16 may not be true for an arbitrary mapping 

  as the next example shows. 

Example 1.4.1.19 Suppose that         be defined as        

                  and    {                 }. We show that    

is cone but not  -cone. For any     and for any          we have, 

                 . Thus,   is a cone. To show   is not  -cone. Let 

                and    , then                            

as required. 

1.4.2 Generalized Convex Functions 

In Chapters 3 and 4, we deal with  -convex functions, some of its 

generalized versions, and another class of generalized convex functions, 

namely, semi  -convex functions. To prepare the ground for this study, we 

present in this section the definitions of  -convex, semi  -convex, quasi semi 

 -convex, pseudo semi  -convex,  -quasiconvex, and  -pseudoconvex 

functions. We also provide some related notions which will be used in 

developing our work in Chapters 3 and 4. 

 Let us first define  -convex function and strictly  -convex function. 

 

Definition 1.4.2.1 [15] Let           be a real valued function. Then   

is referred to as  -convex function on   if and only if there exists a mapping 

         such that   is an  -convex set and for each        , and each  

     , we have 

                                           ). 

On the other hand,   is strictly  -convex if for each        ,      , and 

each      , we have 

 (                 )                        ). 
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Definition 1.4.2.2 [15] A real valued function        is said to be  -

concave on   if and only if there exists a mapping          such that   is 

an  -convex set and for every        , and each       , we have 

                                              

If for every        ,      , and       

 (                 )                           

Then   is called strictly  -concave. 

Remark 1.4.2.3 The class of  -convex functions is broader and more general 

than the class of ordinary convex functions. Indeed, by taking      every 

convex function is  -convex and the converse does not satisfy (for an arbitrary 

 ) as we illustrate next. 

Example 1.4.2.4 [15, Example 3.2] Let       be a function and let 

      be a mapping such that         . Suppose that for each     

           we have      {
                       
                     

 

To prove that   is  -convex, we must show that  

 (               )                        

We consider three cases: first, if        then, 

                                                    

In this case,   is  -convex 

 (               )                    

Similarly, when        and         ,  we get   is  -convex. To show 

that   is not a convex function. Take          and   
 

 
 then, 

                                                      ,           (1.1) 
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and  

                 
 

 
     

 

 
     

 

 
 .                              (1.2) 

From (1.1) and (1.2), we conclude  

                             

Then,   is not convex. 

          A new class of generalized convex functions called semi  -convex 

function is introduced by Chen [52, 53]. This class includes quasi semi  -

convex and pseudo semi  -convex functions. Chen used these functions to 

improve some of the Youness's incorrect results [15, Theorems 4.2-4.3, 4.6], 

and to study the properties of those functions.  Next, we state the definition of 

those functions. 

Definition 1.4.2.5 [52,53] Let           be a real valued function, then 

  is said to be 

i.  Semi  -convex on   if and only if there exists a mapping          

such that   is  -convex set and for each        ,       , we have 

                                       .  

ii.  Quasi semi  -convex function if and only if there exists a mapping 

         such that   is a  -convex set and for each         and 

     , we have 

                      max {           }, 

and   is strictly quasi semi  -convex function if and only if there exists a 

mapping          such that   is a  -convex set and for each         

with            , and       , we have 

                      max {           },    
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and   is strongly quasi semi  -convex function if and only if there exists a 

mapping          such that   is a  -convex set and for each         

with      , and       , we have 

                      max {           }.    

iii.  Pseudo semi  -convex on  -convex set   if there exists a positive 

function           such that if              then 

        (                 )                         

for all           and           

Remark 1.4.2.6 

i. An  -convex function is not necessary semi  -convex function. [53, 

Example 4] 

ii. A semi  -convex function is not necessary  -convex function. [53, Example 

6] 

iii. A quasi semi  -convex function is not necessary semi  -convex 

(respectively,  -convex) function. [53, Remark 4] 

iv. Every semi  -convex function is a pseudo semi  -convex. [53, Proposition 

10] 

Observe, from the preceding remark, that the class of semi  -convex 

functions is not a generalization of the class of  -convex functions. Rather, it is 

a generalization of the class of convex functions when    . The following 

proposition confirms the last observation. 

Proposition 1.4.2.7 Every convex function is a semi  -convex (respectively, 

quasi semi  -convex, pseudo semi  -convex) function when    . 

Proof. It is easy to prove that every convex function is a semi  -convex 

(respectively, quasi semi  -convex), by taking    . To show every convex 
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function is a pseudo semi  -convex, let       be a convex function defined 

on the convex set      and         such that    . Since      

     and   is a convex on  , then for every       and      , we have 

                               

                                                          

                                               (         ) 

                                                    (         ) 

                                                     (         )    

                           

where                     Hence,   is pseudo semi  -convex. ∎ 

Remark 1.4.2.8 The converse of the proceeding proposition may not be true. In 

other words, 

i. A semi  -convex function is not necessary convex function. [53, 

Example 6] 

ii. From Remark 1.4.2.6 (iii) and Proposition 1.4.2.7, a quasisemi  -convex 

function is not necessary convex function. 

         Another type of functions, namely  -quasiconvex and  -pseudoconvex, 

are introduced as a generalization of  -convex functions, and hence 

generalizations of convex functions.  -quasiconvex function is established 

independently by Youness [17] and Solimani [40] and its properties are studied. 

Some of the  -quasiconvex function properties are also studied by Syau and 

Lee [56].   -pseudoconvex function, on the other hand, is defined and studied 

by Solimani [40]. These functions are generalizations of quasi convex and 

pseudo convex functions introduced earlier (see Definitions 1.3.15-1.3.16). The 

definition of these functions is given next 
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Definition 1.4.2.9 [40] Let           be a real valued function, then   is 

said to be 

i.  -quasiconvex if and only if there exists a mapping          such 

that   is an  -convex set and for each         with       , and  

     , we have 

 (                 )   max {               }  

and   is strictly  -quasiconvex if and only if there exists a mapping       

   such that   is an  -convex set and for each          ,  (        

        , and each         we have 

 (                 )   max {               } 

ii.  -pseudoconvex function if   is differentiable, there exists a mapping 

         such that   is  -convex and for each         such that if 

  (     )
 
(           )     we have  (     )   (     )  

Remark 1.4.2.10 It can be seen that  -quasiconvex and  -pseudoconvex are 

generalization of convex functions and  -convex functions in the sense that 

i. From the definition of  -convex function, every  -convex function is  -

quasiconvex. 

ii. Every differentiable  -convex function is  -pseudoconvex. [40, Lemma 

2.3] 

iii. The converse of parts (i)-(ii) may not hold.  [40, Example 3.4] 

iv. Every convex function is  -quasiconvex where    . 

v.  -quasiconvex function is not necessary convex. [40, Example 3.3] 

vi. Every differentiable convex function is  -pseudoconvex when    . 

vii. From [40, Example 3.4] and Proposition 1.4.1.2,  -pseudoconvex 

function is not necessary convex. 
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  when studying convex functions in the classical sense, the set of points 

located on or above the graph of  , which is called the epigraph of   (      , is 

useful for characterizing convex functions. However, in generalized convexity 

(when the functions are  -convex, semi  -convex, quasi semi   convex, etc), 

we deal with three different notions of epigraphs [12, 15, 53]. These epigraphs 

are associated with the mapping  . We list below the ordinary epigraph and its 

generalized versions. 

 Definition 1.4.2.11 Let           be a real valued function, and 

         is a given mapping. Then the ordinary epigraph is defined as 

       {                 }   [44], 

while the epigraphs associated with the mapping   are classified as 

        {           (    )   }    [15]; 

        {                          }     [12]; 

and 

        {                       }    [52]. 

  Associated with each epigraph defined above, an   level set is defined, 

respectively, as follows. 

Definition 1.4.2.12 [40, 44, 56] Let      and   are defined as in Definition 

1.4.2.11 and    . Then 

i.       {          }. 

ii.         {     (    )   }. 

iii.               {           (    )   }.  

iv.           
     {                }. 
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1.5 Optimization Problems 

Optimization is the act of obtaining the best result with available 

resources. For example, in economics, investors minimize risk or maximize 

profits, factories minimize cost. Since the risk required or the cost desired in 

any practical situation can be expressed as a function of certain variables, 

optimization can be defined as the process of finding the condition that give the 

maximum or minimum value of a function.  

1.5.1 Mathematical Formulation of an Optimization Problem  

Mathematically, optimization problem is the minimization or maximization 

of a function   subject to a constraint set   on its variables  . The optimization 

problem consists of: 

 The variables   of the problem which represent all the possible decisions 

one can make. 

 The objective function        that we want to maximize or 

minimize. This objective can be the cost or the return of the system. 

 The constraints set   which is the restrictions on the variables  .  When 

the constraint set        the problem is said to be unconstrained. 

Otherwise, it is a constrained problem. The constraint set may include 

equality and /or inequality involving the variables.  

  We are ready now to give a mathematical expression for an optimization 

problem. 

Definition 1.5.1.1 [47, p.127] The most basic form of mathematical 

optimization problem (or optimization problem, for short) is as follows:  

                                                    min                                                       (1.3) 

subject to                         
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                                                  , 

where the vector                  is the optimization variable of the 

problem, the function        is the objective function (or cost function) of 

the problem, and the functions        
    are the inequality and equality 

constraints.  

Definition 1.5.1.2 [13, p.84] The feasible region or the feasible set or a 

constraint set      is the set of all points that satisfy the problem's 

constraints. Mathematically,  

  {               and                   &        }  

Remark 1.5.1.3 

 If there exists at least one feasible point      then Problem (1.3) is 

called feasible otherwise, if    , it is infeasible. 

 If Problem (1.3) is unconstrained, then the feasible region is      . 

 

 Below, we give two examples of constrained and unconstrained problem, 

respectively. 

 

Example 1.5.1.4 Consider the following optimization problem 

min        

subject to       

      

      

The optimization problem in this example is constrained and the feasible set  

  {                     and      }  
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Example 1.5.1.5 

min   
    

  

subject to x             

 

This is unconstrained problem in which the feasible set     . 

 

Definition 1.5.1.6 [13, p.84], [47, p. 128] The set of solutions of problems (1.3) 

is the best solution from all feasible solutions. It is denoted by          and 

its elements      are called global minimizers or optimal solutions. i.e., 

   is global minimum point or an optimal solution of   if and only if  

                    

Thus,          {                             }  

A global minimizer      is said to be strict when  

                            

Moreover, the optimal value of Problem (1.3) is defined as  

             {                      for all   and for all  }. 

Note that the set          may not be exist              and may 

contains more than one minimum. 

 

Remark 1.5.1.7 In the optimization problem (1.3) 

1. It is possible to maximize the objective function (find the maximum 

value) instead of minimizing. In this way, Problem (1.3) can be 

expressed as  

max                                                          (1.4) 

         subject to                          
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The set of the solution S will be denoted by          and     is a global 

maximum point or an optimal solution of   if and only if  

                    

The optimal value of Problem (1.4) is defined as  

             {                     for all   and for all  }. [13, p.84] 

 

2. min       max       

 

Remark 1.5.1.8 

Global minimizers (maximizers) can be difficult to find and characterize in 

general nonlinear function   Instead of global points, one can find a point    

such that            for all points   in a given neighborhood of   . This 

point is called a local minimizer point. Similarly, local maximizer point is 

defined. 

  

Definition 1.5.1.9 [38, p.11] A point       is called a local minimizer for 

Problem (1.3) if there exist     such that  

                               

This definition can be extended to the definition of a local maximum by 

reversing the inequality above. If the inequalities in the above definition become 

strict then    is called strict local minimizer. 

 

Definition 1.5.1.10 A point       is called a strict local minimizer for 

Problem (1.3) if there exists     such that  

                                   . 

          Note that every strict local minimum point is a local minimum but the 

converse is not true as we show in the next example. 
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Example 1.5.1.11 

Consider the objective function  

 

     {
                                
                               
                           

 

 

From the below graph of the function, the point     is a local minimum such 

that there exists      in which                            . However, 

  is not strict local minimum. Note that   is also a global maximizer. In fact, 

this function has multiple global maximum points (i.e., global maximum is not 

unique). Also, there are multiple local minimum points but none of them is 

strict local minimum. 

 

 

 

Figure: The graph of the function in Example 1.5.1.11 
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Remark 1.5.1.12 

 

 Every global minimum /maximum is local minimum/maximum. 

 It may not be possible to identify a global minimum by finding all local 

minima (global minimum may not exist) as we have seen in the above 

example. 

 

1.5.2 Differentiable and Convex Optimization Problem 

 

Problem (1.3) is said to be differentiable optimization problem when the 

functions                  are differentiable. If the constraints of Problem 

(1.3) are nonlinear, Problem (1.3) is called nonlinear optimization problem. 

When the objective function   and the constraint functions                  

are all linear, we have a linear optimization problem [14, p.2], [2, p.149]. 

Convex optimization problems play an important role in optimization. There 

are variety of mathematical properties and tools that help to characterize and 

efficiently solve convex problems. In general, an optimization problem 

min      

subject to       

is called convex problem if the objective function   and the constraint set   are 

convex.  [13, p.208] 

 

  The main benefit of knowing whether an optimization problem is convex 

is provided by the following theorem. 

 

Theorem 1.5.2.1 Assume that we have the following convex optimization 

problem 

min      

subject to         
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where          is a convex function defined on the convex set   . Then 

1) If      be a local minimum of  . Then   is a global minimum of  .  

[2, Theorem 8.1] 

2) If      is a strict local minimum of  . Then    is a unique global 

minimum.  [7] 

3) If   is a strictly convex function on the convex set  . Then           

has only one element. [2, Theorem 8.3] 

4) The set of all feasible solutions           is convex. [2, Theorem 8.3] 

 

1.5.3 Generalized Optimization Problems 

As for the class of convex sets and convex functions, the class of 

optimization problems have extended into the class of generalized optimization 

problems [15, 53]. Youness in his celebrity paper [15] defined two forms of 

non-linear constrained generalized optimization problem denoted, respectively, 

by (NLP) and (NLPE) and defined as.  

         

         , 

and 

             

         , 

where         be a real valued function,       be an  -convex set, and 

         is a given mapping. 

 Remark 1.5.3.1 Problems (NLP) and (NLPE) in which the objective function is 

 -convex are said to be  -convex problems [15]. Similarly, when the objective 

function is semi  -convex, Problems (NLP) and (NLPE) are called semi  -
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convex problems [53]. Hence, generalized optimization problems are classified 

according to the type of the generalized objective function. 

  Note that the relation between the solutions of the  -convex 

programming (NLP) and (NLPE) is introduced in [15, Theorem 4.2]. Also, the 

characterization of the optimal solutions and some of the optimality conditions 

of the  -convex programming problem (NLP) is addressed in [15, Theorems 

4.3, 4.5-4.6].  Later, it appears that some of Youness proceeding results are 

incorrect (see [53, Examples 1-3] for some counterexamples for Theorems 4.2, 

4.3, 4.6 in [15]).  Therefore, a new concept of semi  -convex programming is 

defined in [53], the relation between the solutions of the  -convex 

programming (NLP) and (NLPE) is corrected, and some optimality results are 

introduced, for Problem (NLP), to fix the incorrect optimality results of [15].  

Next, we list the main results introduced in [53] to correct Youness's 

results. 

Theorem 1.5.3.2 [53, Theorem 5] Assume that we have (NLP) and (NLPE) 

optimization problems such that the objective function   is semi  -convex 

function on the  -convex set   and    is a solution of problem (NLPE). Then 

      is a solution of problem (NLP).  

Theorem 1.5.3.3 Assume that we have (NLP) generalized optimization 

problem. Then 

i. If   is an  -convex function on  , and  (    )              , and 

             is a local minimum of problem (NLP). Then    is a 

global minimum of (NLP) on  . [53, Theorem 6] 

ii. If   is strictly semi  -convex function on  . Then the global optimal 

solution of problem (NLP) is unique. [53, Theorem 7]  

iii. If   is semi  -convex function on  . Then          of problem (NLP) 

is  -convex set.  [53, Theorem 9] 
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In Chapter 4, we consider the optimization problem (NLPE) for which we 

discuss some optimality properties for this problem when the objective 

functions are  -convex (strictly  -convex), strictly quasi semi  -convex,  -

quasiconvex (strictly  -quasiconvex). 
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Chapter 2 

On Generalized Convex Sets, 
Cones, and Affine Sets 
 

 

2.1 Introduction 

          An important class of generalized convex sets, called  -convex sets, has 

first introduced and studied by Youness [15]. In this class, Youness relaxed the 

definitions of the classical convex sets with respect to an mapping  . Some of 

the results introduced in [15], related to  -convex set, are recently studied by 

other researchers. Suneja et. al [48] studied  -convex sets and used it to prove 

some inequalities. Further study of  -convex sets are recently introduced by 

Grace and Thangavelu [25] in which the authors defined  -convex hull,  -cone, 

and  -convex cone and studied some of their properties. 

      In this chapter, we continue studying  -convex sets and  -cone by proving 

new properties of these sets. We give new characterizations of  -convex sets, 

 -convex hull, and  -convex cone. In addition, we define  -convex cone hull, 

 -affine set, and  -affine hull, and we discuss some of their properties and 

characterizations. Some examples are given to illustrate these different concepts 

and to clarify the relationships between them.  
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In Section 2, we give a characterization of  -convex set in terms of the 

 -convex combinations of its elements (see Theorem 2.2.2). A new 

characterization of an  -convex hull of a set  , is also given (see Theorem 

2.2.3), in terms of the set of all  -convex combinations of any finite elements of 

the set  . In Section 3, we prove some properties of  -cone and  -convex cone. 

We obtain two new characterizations of the  -convex cone set  . The first 

characterization (see Theorem 2.3.7) is proved in terms of the  -closdeness of 

  under addition and non-negative multiplications. The second characterization 

of  -convex cone (see Theorem 2.3.8) is proved in terms of non-negative  -

linear combination of any finite elements of the considered set. Then, we define 

 -convex cone hull of an arbitrary set   and discuss some of its properties.  -

convex cone hull of a set   is characterized using the set of all non-negative  -

linear combinations of   (Theorem 2.3.10). Finally, in Section 4, we define  -

affine set, explain its relationship with  -convex set, and prove some properties 

related to  -affine sets. As for  -convex set and  -convex cone set, we define 

 -affine hull and show characterizations of an  -affine set   (see Theorem 

2.4.15) and the  -affine hull of an arbitrary set   (see Theorem 2.4.17). The 

characterization of  -affine set and  -affine hull is formulated in terms of  -

affine combinations of all elements of  . Some examples are shown throughout 

this chapter to illustrate the aforementioned concepts and to show the 

relationship between them. The contents of this chapter have been published 

recently in [49]. 

2.2 Characterizations of  -Convex Set and  -Convex Hull 

        In this section, we study  -convex sets and  -convex hull of an arbitrary 

set, and we give some of their new properties and characterizations. The 

following definition will be employed to show a characterization of   -convex 

sets. 
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Definition 2.2.1 Let     . The set of  -convex combinations of   elements 

of   is denoted by        and is defined as  

          ∑         {       }    
 
           and ∑   

 
      . 

    Next, we characterize  -convex set in terms of the  -convex combinations of 

its elements.  

Theorem 2.2.2 Assume that a set      and        is the set of  -convex 

combinations of   elements of   defined in Definition 2.2.1 such that the 

mapping   appears in Definition 2.2.1 is linear and idempotent. Then   is  -

convex if and only if               . 

Proof. Assume that S is  -convex. We need to show that for each      

                                                         .                                                     (2.1) 

We show (2.1) by induction. If    , then there exists      and      such 

that                       . Since   is  -convex then, from 

Proposition 1.4.1.3(1),             Let    , then there exists          

and                    such that 

                        .  

Since S is  -convex, then 

                   . 

Assume now (2.1) holds for     i.e., 

                                         if         , then    .                          (2.2) 

We must prove that (2.1) is true when      . Let           , this 

means there exists                 and there exists              such that 

∑        
   . Assume that      and let    is the   convex combinations of 

  elements of the set               . Hence, 

     
             

        , 

where 
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   for          .                (2.3) 

This yield, ∑    
      

   .  Thus,           , and from (2.2),     .  Now, 

    
     from induction                       . Since   is linear, the 

last statement yields 

                 
                

              . 

Substituting the values of   
  from (2.3) in the expression above gives 

                                       

Since   is idempotent, then                                Thus, the 

last expression can be expressed as  

                                   

Hence,         . To show the prove of the other direction, assume that 

              . In particular, for each                          

                                   Hence,   is  -convex. ■ 

 

    A property of  -convex hull of a set   is given next. 

 

Theorem 2.2.3 Let      and   is the set of all  -convex combinations of 

elements of  . That is    ⋃            where        is defined as in 

Definition 2.2.1 and the mapping   appears in Definition 2.2.1 is linear and 

idempotent. Then    -         Moreover, if       , then   -        

  . 

Proof. To show the first assertion. Assume that    , from the definition of 

   there exists             and           with  ∑      
    such that 

   ∑           
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Since                -       , using the  -convexity of  -        and 

Theorem 2.2.2, every  -convex combination of      must remain in  -       . 

Hence,    -        and consequently, 

                                            -                                            (2.4) 

Next, we must show that  -          if         To prove this, it is 

enough to show that   is a convex set. Indeed, if   is a convex set and      

 . Then from Proposition 1.4.1.5,   is  -convex set. The last conclusion with 

the fact that     yield  -           as required.  Let show that   is a 

convex set. Take       , then 

   ∑           
 
    and     ∑       

      
 
    

where            
      

     and                    are non-negative 

which satisfy  

∑     
 
    and ∑       

 
    

Fix        , then the convex combination 

             ∑                 
 
   ∑       

  
 
   . 

Note that 

 ∑   
 
           ∑      

 
    

Therefore,              . i.e.,   is a convex set, and using the 

assumption        yield   is  -convex set. Because     and    -

       . Then 

                                                 -          .                        (2.5) 

From (2.4) and (2.5), we obtain  -             ■ 
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2.3   -Convex Cone and  -Convex Cone Hull: Properties and 

Characterizations 

In this section, some properties of  -cone and  -convex cone set are 

deduced, and two different characterizations of  -convex cone of an arbitrary 

set are introduced.   -convex cone hull is defined and a characterization of  -

convex cone hull of an arbitrary set   is shown.  

Proposition 2.3.1  

i. If a set   is  -cone, then         

ii. If      be a convex cone and       . Then   is an  -convex cone.  

Proof. First, let us show (i). Let                           . Since   is  -

cone, then     )          . If       then     )        as required. 

To prove (ii), it is enough to prove that   is an  -cone since   is already an  -

convex by Proposition 1.4.1.3(2). Consider    , then            . 

Since       is a cone, then              , for each    . Thus,   is an 

 -cone. ■ 

Remark 2.3.2 The converse of Proposition 2.3.1(i) is not true in general (see 

Example 1.4.1.14).                   

         For an arbitrary mapping  , the following proposition provides a 

condition to ensure that every cone (respectively, convex cone) is an  -cone 

(respectively,  -convex cone). Also, the first part of the proposition makes the 

converse of Proposition 2.3.1(i) holds.  

Proposition 2.3.3 Let         be a given mapping. Then 

i. Let   be a cone such that       . Then   is an  -cone. 

ii. Let   be a convex cone such that       . Then   is an  -convex 

cone.  
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Proof. To show (i), If    , then using Proposition 1.4.1.16, the conclusion 

automatically holds. Otherwise, assume that     and       Since      

 , then         Also, from the assumption,   is a cone, hence,         . 

This means   is  -cone. Part (ii) directly follows from Proposition 1.4.1.5 and 

part (i).  ■ 

Proposition 2.3.4 Let   be    -cone and   -cone, then   is an        -cone 

and (      -cone. 

Proof. Assume that     and    , we must show that             

   (     )      Now,    is   -cone then from Proposition 2.3.1(i),       

   Because   is   -cone, then using the last assertion and Definition 1.4.1.12, 

   (     )    as required. Similarly, one can show that   is an        -

cone.  ■  

Proposition 2.3.5 

i. Let          be a non-empty family of  -cones, then ⋃       is   -

cone. 

ii. Let           be a non-empty family of   -cones, then ⋂       is   -

cone. 

iii. Let   be   - cone,   is a linear mapping, and    , then the set    is 

 - cone. 

iv. If    and    be two  -cones, then       is    - cone. 

v. If    and    be two  -cones and let   is a linear mapping, then the set 

      is   - cone. 

Proof. We prove part (i) and in a similar way one can show part (ii). Take an 

arbitrary    ⋃        where    is  -cone for each     .  Then, for      

         for some      Hence        ⋃       . Thus, ⋃       is  -cone.  

The proof of parts (iii)-(iv) proceed in a way similar to that of Proposition 
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1.4.1.6(iii) and Proposition 1.4.1.8, respectively, in which (the sets under 

considerations are  -convex), hence the proof of parts (iii)-(iv) are omitted. Let 

us show part (v). Let              where        and      . Then, 

from the assumption, for      we have                         

     . Thus,       is an  -cone.  ■                                    

      Propositions 1.4.1.6 and 1.4.1.8 together with Proposition 2.3.5 yield the 

following result. 

Proposition 2.3.6  

i. Let          be a non-empty family of   - convex cone sets, then 

⋂       is   - convex cone set. [25] 

ii. Let   be an  - convex cone,   is a linear mapping, and    , then the 

set    is   - convex cone set. 

iii. If    and    be two  - convex cones, then       is     - convex 

cone set. Moreover, if   is a linear mapping then       is   - convex 

cone set. 

      In [25, Proposition 4.6], a characterization of  -convex cone   is shown if 

the image of   under the mapping   satisfies certain conditions.  The following 

theorems give alternative characterizations of  -convex cone.  

 

Theorem 2.3.7 A set   is  -convex cone if and only if   is  -closed (i.e., 

closed with respect to the mapping  ) under addition and non- negative scalar 

multiplication. 

Proof. Assume that   is  -convex cone. From the definition of  -cone  we 

have                         and for any    . Thus,   is  -closed for 

non-negative scalar multiplication. Next, we show that K is an  -closed under 

addition. Fix         which is   - convex set, then  
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(         )     

Hence,                as required.  For proving the opposite direction, 

assume that   is  -closed with respect to addition and non-negative scalar 

multiplication. Then,   is   cone automatically holds. Let              such 

that          and        then  

         and           

This yield                    and hence   is  -convex set.  ■    

Theorem 2.3.8 Let   be a subset of    and        is the set of  -non-

negative linear combinations of   elements of  . That is   

       {  ∑         

 

   

{       }        }  

  

where   is linear and idempotent. Then   is  -convex cone if and only if 

               . 

Proof. Assume that   is  -convex cone. We need to show that for each 

         

                                                                     .                    (2.6) 

We show (2.6) by induction. Let     and         , then there exist      

and      such that          . Since   is  -cone, hence          .  If 

   , then there exists          and            such that 

                        .  

We must show that                    . Since   is  -cone, then 

                 . From Theorem 2.3.7,   is  -closed under addition. 

Hence,  

                                             , 
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where we used the fact that   is linear. Since   is idempotent, then          

                 Thus, the last expression can be expressed as   

                   as required. Assume now (2.6) holds for    . i.e., 

                                      if         , then    ,                           (2.7) 

We must prove that (2.6) is true when      . Let           , this 

means there exists                 and there exists              such 

that 

  ∑                    
   . 

Since   is  -cone, then               and from (2.7),  ∑           
   . 

From Theorem 2.3.7,   is  -closed under addition, thus 

∑   
                             . 

 Using again the fact that   is linear and idempotent, we get 

∑            ∑        
   
        

   . 

Hence,   ∑        
   
     . To show the prove of the other direction, 

assume that               . In particular, for each                 

                                           and         

   Hence,   is  -convex cone.  ■ 

        Next, we introduce a smallest  -convex cone that contains a certain set. 

Definition 2.3.9 The  -convex cone hull of a set  , denoted by  -        is 

the intersection of all  -convex cone sets containing  ; that is,  -        

⋂     ,   are  -convex cone sets. 

      The following result is analogue to the one introduced in Theorem 2.2.3 for 

general  -convex sets. 

 

Theorem 2.3.10 Let      and   is the set of all non-negative  -linear 

combinations of elements of  . That is,    ⋃            where        is 
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defined as in Theorem 2.3.8. Then    -         Moreover, if       . 

Then   -          .   

Proof: Assume that     , from the definition of    there exists 

            and           such that    ∑            
 
   Since  -

        is the intersection of all  -convex cones containing  , then from 

Proposition 2.3.6 (i),  -         is also  -convex cone containing  . Using 

the fact that  -         is  -convex cone and                -       , 

we get from Theorem 2.3.8, every non-negative  -linear combinations of      

must remain in  -       . Hence,    -        which yields,    -

       .  To show  -         , we follow same technique that used to 

prove  -           in Theorem 2.2.3. Namely, we must show that  -

          if         To prove this, it is enough to show that   is a 

convex cone set. To show that   is a convex set, follow similar steps that is 

used in Theorem 2.2.3 to show that   is a convex set. Next, we show that   is 

a cone. Let    , then there exists     such that    ∑          
 
    where 

            and            are non-negative scalars. Fix    , then the 

non-negative  -linear combination 

     ∑        ∑                

 

   

   

 

   

 

Thus,   is a convex cone set, and since       , then from Proposition 

2.3.3(ii),   is an  -convex cone set. The last conclusion with the fact that 

    yield  -           as required. All together, we obtain    -

       .  ■  
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2.4  -Affine Set,  -Affine Hull and Their Characterizations 

  In this section, we define   -affine set and  -affine hull. We study some 

of their properties, and discuss their characterizations. 

 

Definition 2.4.1 A set      is said to be  -affine if           

                    and    . 

Remark 2.4.2 It is easy to show that every  -affine set is  -convex set. The 

converse does not hold as we show in the next example.  

Example 2.4.3 Let      is defined by                   

           , and let         is given by 

       (
 

 
  

 

  
 )          . From Example1.4.1.14    is  -convex set. 

However,   is not  -affine. i.e., Let                              and 

              then  

                       ,  

as required. 

Remark 2.4.4 As for  -convex set and  -cone, if      the identity mapping, 

then every affine set is an  -affine. 

      An  -affine set is not necessary an affine set as we show next.  

Example 2.4.5 Let                                  and 

        is given by             ,        . Let                 

  and          such that          Then 

                                     . 

Thus,   is  -affine set. To show that   is not affine, take                 

and      ,      ,then  



Chapter two  On Generalized Convex Sets, Cones, and Affine Sets 

33 
 

                        . 

Consequently,   is not affine set. 

Remark 2.4.6: From Remark 2.4.4 and Example 2.4.5, one deduces that the 

class of  -affine sets is a generalization of the class of affine sets. 

Proposition 2.4.7  

i. Let   is  -affine set, then       . 

ii. If      is affine and       . Then   is an  -affine set. 

Proof.  Let us show (i). Since   is  -affine set, then for any       and 

    we have                    . Thus, for      we get       

                   Hence,         For proving (ii), let      , 

then               . Thus, for each    , we have          

              . The last statement holds because      is affine. Thus, 

  is  -affine set.  

Remark 2.4.8 The converse of Proposition 2.4.7(i) does not hold (see Example 

2.4.3). 

              For an arbitrary mapping  , the following proposition provides a 

condition to ensure that every affine set is an  -affine. 

Proposition 2.4.9 Let         be a given mapping. If   is an affine set 

and        then   is  -affine set. 

Proof: Assume that      . Since        and   is an affine set, then 

            and for each          such that         we have 

                   Hence,   is  -affine set. ■ 
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           In the next example, we show that for a given mapping    , an affine 

set may not be an  -affine. 

Example 2.4.10 Suppose that                  and          be 

defined as                 

Let                 and    . We show that  

                     , 

                                       . Hence,   is an affine 

set. To show that   is not  -affine set, take                            , 

and let   
 

 
 . Then, 

                            
 

 
      

 

 
      

                                                                                           

Then,   is not  -affine.  

Remark 2.4.11 The union of two  -affine sets is not  -affine set as it 

demonstrated in the next example.  

Example 2.4.12 Define         such that              . Let    

               and                     . We show that    is 

 -affine set. Suppose that                   and          such that 

        then     

                                     .  

Similarly, we can show that    is  -affine set. 

 Now, take            ,        , and              Then 

                                , 
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thus       is not  -affine set. 

Proposition 2.4.13 Let   be    and   -affine sets, then   is an         and 

(      -affine set. 

Proof. Assume that       and          such that         . Since   

is   -affine set, then form Proposition 2.4.7(1),       and        . Now, 

because   is   -affine set, then using the last assertion, we get 

    (     )       (     )                             . 

Hence,   is an        -affine set. In the same way, we can show that    is 

     -affine set.  ■                                                                                                                                                                                      

Proposition 2.4.14  

i. Let           be a non-empty family of   -affine sets, then ⋂       

is   - affine set. 

ii.  Let   be  -affine set,   is a linear mapping, and    , then the set 

   is   - affine set. 

iii. If    and    be two  -affine sets, then       is an    - affine 

set. 

iv. If    and    be two  - affine set and let   is a linear mapping, then 

      is   - affine set. 

Proof. The proof follows in the same way as for the proof of [15, Proposition 

2.4, Lemma 2.2], [25, Proposition 3.2], and Proposition 1.4.1.8. The only 

difference is that, for  -affine sets, we take       belongs to   (rather than to 

the closed interval      ).  ■ 
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Theorem 2.4.15 Let   be a subset of    and        is the set of  -affine 

combinations of   elements of  . That is   

          ∑        
 
                       and ∑   

 
       such 

that the mapping   given in        is linear and idempotent. Then   is  -

affine set if and only if                .  

Proof. The proof is analogous to the one of Theorem 2.2.2.  ■  

        In the same way  -convex hull and  -convex cone hull was defined, one 

can introduce  -affine hull as follows. 

 

Definition 2.4.16 The  -affine hull of a set  , denoted by  -       is the 

intersection of all  -affine sets containing  ; that is, 

 -       ⋂     ,   are  -affine sets. 

 

Theorem 2.4.17 Let      and   is the set of all  -affine combinations of 

the elements of  . That is   

  ⋃          , 

where        is defined in Theorem 2.4.15. Then    -        Moreover, 

if       . Then   -         . 

Proof. The proof follows in a way similar to that of Theorem 2.2.3. First, we 

prove    -      . Assume that     , from the definition of    there 

exists             and           with  ∑      
    such that   

 ∑            
 
   Since                -      , then using Theorem 

2.4.15 and the fact that   -       is  -affine set, every  -affine combination 

of      must remain in  -      . Hence,    -       and consequently, 

                                              -      .                                 (2.8) 

Next, we must show that  -         if         As we have shown in 

Theorem 2.2.3, it is enough to show that   is an affine set. That is, if   is an 

affine set and       . Then from Proposition 2.4.9,   is  -affine set. The 
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last conclusion with the fact that     yield  -         as required.  

To show that   is an affine set. Let      , then 

   ∑           
 
    and    ∑            

 
    

where                      and                    are real numbers such 

that ∑     
 
    and ∑        

    Fix    , then the affine combination 

           ∑              

 

   

∑                

 

   

 

 Therefore,            . i.e.,   is an affine set, and using the 

assumption        yield   is   affine set. Since     and    -

      .Then 

                                       -         .                                        (2.9) 

From (2.8) and (2.9), we obtain  -           ■ 
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Chapter Three    

On Convex Functions,  -Convex Functions 
and Their Generalizations 

 

3.1 Introduction 

        -convex functions is considered as an important generalization of convex 

functions. This class of functions is established by Youness [15] in the same 

paper in which  -convex set is first defined. As for  -convex set, the mapping 

  played an essential role in the definition of  -convex function. Despite the 

importance of Youness's first paper [15] on  -conexity, some of the results 

appeared in this paper are incorrect (see [54]). This motivates Chen to introduce 

new classes of  -convex functions called semi  -convex, quasi semi  -convex 

functions and pseudo semi  -convex functions. These functions are 

generalization of the class of convex functions. Using those functions, Chen 

improved Youness's incorrect results and study some properties of those 

functions [52, 53]. Another class of functions which are generalization of  -

convex function is independently studied by different authors. This class 

includes  -quasiconvex and  -pseudoconvex functions [17, 40, 56].   

         In this chapter, we introduce and prove some general properties and 

differentiability properties of generalized convex functions and   -convex 

functions, respectively. We also provide some characterizations of convex 

functions,  -convex functions, and their generalizations functions mentioned 
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above. In Section 2, a variety of properties related to  -convex functions and 

some of generalized convex functions mentioned above are introduced. In 

Section 3, some new characterizations of convex function,  -convex function, 

and their generalizations are discussed in terms of different level sets and 

different forms of epigraphs which are related to these functions. Namely, we 

introduce some new properties and characterizations of convex function, quasi 

convex functions, and quasi semi  -convex functions in terms of some  -level 

sets of   (see Propositions 3.3.2, 3.3.3, 3.3.6, 3.3.7). We also show some new 

properties and characterizations of semi  -convex function,  -convex function, 

and convex function using the epigraph sets              and         (see 

Propositions 3.3.12-3.3.22). Finally, in Section 4, some differentiability 

properties of  -convex functions are discussed. The contents of section 3.3 have 

been published recently in [50, Section 2]. 

         For the sake of brevity in writing the statements of the properties in this 

chapter, we refer to the following assumption. 

Assumption A. Let             be a real valued function, and       

   is a given mapping. 

Remark: For simplicity in appearance, in the rest of the thesis, we omit in the 

proofs and calculations the parentheses from     , and writing it instead as     

whenever it seems convenient.   

3.2 Some Properties of Generalized Convex Functions      

In this section, we discuss some basic properties of  -convex functions 

and their generalization  -quasiconvex functions. Similar properties are also 

shown for some generalized convex functions which are semi  -convex, pseudo 

semi  -convex, and quasi semi  -convex functions.  
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     We start first by showing that the set of  -convex functions (respectively, 

semi  -convex) functions is closed under addition and nonnegative scalar 

multiplication. Same property holds for classical convex functions. 

Theorem 3.2.1 Let  ,         are two functions such that   and   are 

defined as in Assumption A and   is an  -convex set. Then 

1. If   and   are  -convex on    then       is an  -convex on           

for all        

2.  If   and   are semi  -convex on    then       is a semi  -convex on 

     for all        

Proof. We prove (1) and in a similar manner one can show (2). Let      , 

and        . Set                    . Then 

(      )(              . 

Using the  -convexity of   and   and the above equality, we obtain  

(     )(                                                                

                                                                                        , 

                                                                        . 

Hence,       is an  -convex on  .  ■ 

Theorem 3.2.2 Let     and   are defined as in assumption A such that   is a 

semi  -convex on the  -convex set  . Assume also that        is a convex 

non-decreasing function. Then     is a semi  -convex function. 

Proof. Let      , and      . Since,   is semi  -convex on the  -convex 

set  , then                   and 

                                  , 
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 ( (               ))   (                )  

The last inequality holds because   is a non-decreasing function. Using the 

convexity assumption of  ,  the right-hand side of the last inequality yields, 

                                           , 

i.e.,                                                 

Thus,     is a semi  -convex on  .  ■ 

      An analogous to the above property is followed when   is  -convex 

function. 

Theorem 3.2.3 Let     and   are defined as in assumption A such that   is an 

 -convex on the  -convex set  . Assume also that        is a convex non-

decreasing function. Then     is an  -convex function. 

Proof. The proof follows in exactly same steps as in the above Theorem. The 

only difference occurs in applying the definition of  -convex function rather 

than the definition of semi  -convex function.  ■ 

Theorem 3.2.4 Let     and   are defined as in assumption A such that   is an 

 -quasiconvex on the  -convex set  . Let        is a non-decreasing 

function. Then     is an  -quasiconvex function on  . 

Proof. Let      ,  and      . From the definition of   and  , we have 

                                       , 

and                  . Since   is non-decreasing function then, 

                                         . That is,  

                                             ,   
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                                          {      (    )      (    )}  

Hence,     is  -quasi convex on  .  ■ 

Corollary 3.2.5 Let     and   are defined as in assumption A such that   is an 

 -convex on the  -convex set  . Assume also that        is a non-

decreasing function. Then     is an  -quasiconvex function on  . 

Proof. From [40, p. 3339], every  -convex function on   is  -quasiconvex on 

 . Consequently,   is  -quasiconvex on  . Using now Theorem 3.2.4, we obtain 

    is  -quasiconvex on  .  ■ 

        The composite property is also held if   is a pseudo semi  -convex as we 

show next.            

Theorem 3.2.6 Let  ,   and   are defined as in assumption A such that   is a 

pseudo semi  -convex on the  -convex set  . Assume also that        is a 

non-decreasing strictly positive sublinear mapping and         is a 

strictly positive function. Then     is a pseudo semi  -convex. 

Proof. Let      ,        . From the definition of   we have, if      

     then                                      . Since   is a 

non-decreasing function, then, using the last expression, if          

         we get  

                                              

From the assumption,   is a sublinear mapping. Thus, the right-hand side of the 

last inequality yields, 

                                                  

                                                     =                  ̅     , 
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where  ̅                . Since   and   are strictly positive functions, 

then  ̅      is a strictly positive. Hence, we obtain the required conclusion. ■ 

Remark 3.2.7: It was shown in [56, Theorems 3.6-3.7] that the supremum of an 

arbitrary non-empty collection of  -convex (respectively,  -quasiconvex) 

bounded above functions {        on  - convex set   is  -convex 

(respectively,  -quasiconvex) on  . Similar property is given in [53, Proposition 

2] for semi  -convex functions    for each    .  The latter proposition is given 

in [53] without proof. We give its proof next. 

Proposition 3.2.8 Let     
    is semi  -convex and bounded from above 

on an  -convex set      with the same map          for all    . 

Then,            is a semi  -convex on    

Proof. Since    is a semi  -convex,     , then, for each       and     

  we have 

                                                     . 

Taking the supremum to the right-hand side of the inequality above, we get  

  (               )     
   

                                    . 

Then,    
   

  (               )     
   

                               

From the assumption and the fact that sup  and  up  are finite, then       

   sup  sup   the last inequality yields, 

                     sup             sup       

                                                           . 

Then, we get   is a semi   convex. ■ 
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        Similar result is formulated next, if the functions    are quasi semi 

(respectively, strictly quasi semi / strongly quasi semi)  -convex or pseudo 

semi  -convex, for each    .         

Proposition 3.2.9 Let     
    is bounded from above for each     and   

is  -convex set with the same map        . Define,          such that 

             Then 

1. If      is a quasi semi  -convex on   for each    , then    is a quasi semi 

 -convex. 

2. If     is strictly quasi semi  -convex on  , for each    . Then,   is 

strictly quasi semi  -convex. 

3. If     is strongly quasi semi  -convex on  , for each    . Then,   is 

strongly quasi semi  -convex. 

4. If     pseudo semi  -convex bounded above functions on  , for each     

and            is a strictly positive,      such that         

   
   

        exists in  . Then    is pseudo semi  -convex on  . 

Proof. To show (1),    is a quasi semi  -convex,     . Then, for each 

      and       we have 

                                                     . 

Taking the supremum for the right-hand side and then for the left-hand side, we 

get  

   
   

  (               )     
   

                             

                           {   
   

         
   

     }  

                      . 
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The last inequality yields,   is a quasi semi  -convex. The proof of Parts (2) 

and (3) proceed in a way similar to the proof of part (1). The only different is 

that we require strictly inequality with            when   is strictly quasi 

semi  -convex, and     in case,   is strongly quasi semi  -convex. Finally, 

we show Part (4), let {        is an arbitrary nonempty collection of bounded 

above pseudo semi  -convex on    By the definition of   , we have 

If            , then for all     

  (               )                         

i.e.,    
   

   (               )      
   

                     . 

That is,  

   
   

   (               )      
   

                 
   

       .  

Now from the assumption,             
   

       . 

This yield, 

 (               )                      

 where        is strictly positive function. Thus,   is pseudo semi  -convex on 

 .  ■ 
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3.3 Some Characterizations of Convex Function,  -Convex 

Function and Their Generalizations 

      In this section, we provide some relations and characterizations of convex 

functions, quasi convex functions, and quasi semi  -convex functions using the 

  level sets   
     and         of a function  .  Note that, some 

characterizations of  -convex function and its generalizations (semi  -convex 

functions, quasi semi  -convex functions, and  -quasiconvex functions) are 

given using       and          (see [53, Proposition 4, Proposition 6] and [40, 

Theorem 3.10, Theorems 3.12-3.14]). We also introduce new relations and 

characterizations of semi  -convex function,  -convex function, and convex 

function using the epigraph sets              and       .   

       The following definition is needed in this section. 

Definition 3.3.1 [20, 34] Let    and    be two subsets of   . Then     is said to 

be slack 2-convex with respect to    (for short,    is s. 2-convex w.r.t.   ) if, 

for every for every             and every       such that         

        we get                 

     The next two propositions give sufficient conditions for   
     to be a 

convex set and a s. 2-convex w.r.t.     , respectively. 

Proposition 3.3.2 Let      and   are defined as in assumption A such that   is 

convex on the convex set     is a linear mapping, and      is a convex set. 

Then   
      is a convex set, for all    . 

Proof. Let     and               
       then                     and 

                 Since       is a convex set, then 

                                                     .                    (3.1) 

 For each      . Using (3.1) and the linearity of   ,  



Chapter Three                     On Convex Functions,  -Convex Functions and Their Generalizations 

05 
 

                                             .                (3.2) 

This means that                   From the convexity of   we have 

                                             .         (3.3)  

  By       and (3.3), we get                       
         ■ 

Proposition 3.3.3 Let      and   are defined as in assumption A. If   is a 

convex function on the convex set  , and   is a linear mapping. Then   
     is a 

s. 2-convex w. r. t.     , for all      

Proof. Let    . Assume that               
          such that for each 

        we have                         Since              

  
    , then        , and          ,          By the linearity of  , 

                                           .          (3.4) 

This means              . Since    is a convex function, then  

                                           .          (3.5) 

From (3.4) and (3.5),                     
       which implies,   

     is 

a s. 2-convex w. r. t.     .  ■ 

Remark 3.3.4 If the set   
     is convex or s. 2-convex w. r. t.     , it is not 

necessary that   is a convex function as we show in the following example. 

Example 3.3.5 Let             ,        be a linear mapping such 

that      
 

 
  for each     and define a function        as      

               . It is clear that   is not a convex function on  . However, the 

level sets 

  
     {

 

 
             }                    
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are either empty sets or intervals. In either case,   
     is convex, for all    . 

Also, since      and   
     are convex sets, then for each             

  
          such that  

                       , 

for every      , we have 

                    
      

for all      i.e.,   
     is a s. 2-convex w. r. t.     . 

       The following proposition proposes a necessary and sufficient condition for 

  to be a quasiconvex. 

Proposition 3.3.6 Let      and   are defined as in assumption A. If   is a linear 

mapping,   is a convex set. Then   
      is a convex set, for all     if and 

only if   is a quasi convex on    

Proof. First, we prove   is a quasi convex on  . Let        , and set   

 max             . Let               
     which is a convex set, then for 

each      . 

                                                    
    .                    (3.6) 

Using (3.6), and the linearity of  , we get  

                                   
         . 

Then, 

             . 

and              )                     . Hence,   is a quasi convex 

on  . Let us show the other direction and obtain   
      is a convex set, for all 

     Let     and               
    , then         and         
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       . Since   is convex and   is linear, then, for each      , 

               and 

                                                 .        (3.7) 

From the assumption,   is a quasi convex on  , thus, 

                                        )                    .      (3.8) 

From (3.7) -(3.8), we conclude   
      is a convex set.  ■ 

          A necessary and sufficient condition for the level set         of a 

function   to be  -convex is given next. 

Proposition 3.3.7 Let       ,      is  -convex set, and        . 

Then     is a quasi semi  -convex on   if and only if          is  -convex 

set, for all    . 

Proof. let      and              , then  (     )     and           

 . We intend to show that                          , for each 

     . Since     is a quasi semi   convex on the   convex set  , then  

                   . 

 and 

                                                    . 

 Therefore,                          . To show the reverse direction, 

let              , and      . Set                            . 

Since         is  -convex, then                            such 

that     
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i.e,                                                   . Thus, 

    is a quasi semi  -convex on  .  ■ 

        In general, the epigraphs defined in Definition 1.4.2.11 are not equal, e.g. 

(see [53]). We start first with the below proposition which shows the 

relationship between       and       ,      , and       , respectively. The 

first part of this proposition has been proved in [52, Theorem 2.2]. We get same 

conclusion but under weaker condition than the one assumed in [52]. 

 Proposition 3.3.8 Let      and   are defined as in assumption A such that 

 (    )                 then 

1.            . 

2.               

Proof. To show (1), let             from the definition of      and the 

assumption,                which implies that                For 

proving (2), suppose that               , then                    such 

that         Since  (    )        then  (    )     Thus,          

      as required.  ■ 

 Proposition 3.3.9 Let      and   are defined as in assumption A such that 

      , then                

Proof. Let                 , thus  

                     and  (    )   . 

Since         then                Thus,                .  ■ 

Remark 3.3.10 In the preceding proposition, if       then               

automatically holds [52]. However, if        , the assumption        

is essential for proving              . If we ignore this assumption, then the 

conclusion of Proposition 3.3.9 may not hold. For example, let            
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and       defined as            for all    . Let       such that 

                     . Clearly,                . i.e.,   is not  -

convex set [15]. Moreover,              . Indeed, let                  , 

i.e.,  (    )          but          . Thus,                . 

        In classical analysis, one of the possible characterization of convex 

functions is given in terms of       as in the following proposition.  

Proposition 3.3.11 [44, p.21] let       . Then      is a convex set if and 

only if   is convex. 

       Youness [15] has provided a characterization of  -convex function using 

 -     (see [15, Theorem 3.1]). Unfortunately, this characterization has some 

erroneous (see [12, Counterexample 2.1] for a counter example).  This 

motivates Chen [53, Proposition 9] and [52, Theorems 2.4-2.5, 2.8] to provide 

some characterizations of semi  -convex function   in terms of            , 

     , and         Duca and Lupsa [12, Theorems 3.1-3.5], on the other hand, 

relate  -convex function   with      and       .  In what follow, we give new 

relations and characterizations of semi  -convex functions,  -convex functions, 

and convex functions in terms of              and       .  We start first with 

sufficient conditions for   to be semi  -convex function using the epigraph 

     . Another sufficient condition, for this result, is shown in [52, Theorem 

2.8]. 

 Proposition 3.3.12 Let      and   are defined as in assumption A, if   is  -

convex,  (    )               and       is a convex set. Then   is a semi 

 -convex function. 

Proof. Let         such that (           )                      which is 

a convex set. Thus, for each       we have 

(                                                    
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Since                         then      , such that   

                         and    

                                                                .         

From the assumption and the inequality in (3.9), 

  (                 )    (    ) 

                                                                    . 

 Hence,   is a semi  -convex function.  ■ 

 Proposition 3.3.13 Let      and   are defined as in assumption A, if    is  -

convex,    ) is convex,  (    )                 and      is a s. 2-convex 

w. r. t.         Then   is a semi  -convex function. 

Proof. The conclusion directly follows from [12, Theorem 3.4] and [53, 

Proposition 5]. Indeed, since   is  -convex set,    ) is a convex set, and      

is a s. 2-convex w. r. t.       , then using [12, Theorem 3.4],   is an  -

convex function. Applying [53, Proposition 5], the last conclusion with the 

assumption   (    )                yield   is a semi  -convex function. ■ 

          A necessary condition for   to be semi  - convex on   is given next. 

 Proposition 3.3.14 Let      and   are defined as in assumption A. Assume that 

  is   -convex set and   is semi  - convex on  . Then        is a s. 2-convex w. 

r. t.       . 

Proof. Suppose that                              such that         

                  . Let         we must prove that   

                               . 

Because                    , then         and        .  We also have 

                     and   is  -convex then from Proposition 1.4.1.3(1). 
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                          and                   .  (3.10) 

From the first inclusion in (3.10), there exists       such that  

                                                   and        .                   (3.11) 

 Since   is a semi  -convex on  , thus, from (3.10) and (3.11), 

                (               ) 

                                    (    )        (    ) 

                                                      

                                              .                                                (3.12) 

From (3.10) and (3.12),                                ■ 

         The next proposition provides a necessary condition for   to be  -convex 

function using the set       . The sufficient condition is given in [12, Theorem 

3.1]. 

Proposition 3.3.15 Let      and   are defined as in assumption A. If      is a 

convex set and    is an  -convex function on the  -convex set  . Then       is 

a convex set.  

Proof. Assume that                          . From the definition of 

       we have                        and                 . Since 

     is a convex set, it follows that, for each         we have 

                                                           .                      (3.13) 

 Since   is an  -convex function, then  

 (                  )                         

                                                                          .                (3.14)  
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From (3.13) and (3.14), we get                                 

       i.e.,       is a convex set.  ■ 

        Combining the preceding Proposition and [12, Theorem 3.1], we obtain the 

following result. 

 Proposition 3.3.16 Let      and   are defined as in assumption A. Assume that 

     is a convex set and   is an   -convex set. Then       is a convex set if 

and only if   is an  -convex function on  . 

     Another necessary condition for   to be an  -convex function using the set  

      is given next.  

Proposition 3.3.17 Let      and   are defined as in assumption A. If   is an  -

convex on the  -convex set,    Then       is a s. 2-convex w. r. t.         

Proof. Assume that                                       such that, 

for each         we have 

                                       

 From the last assertion and the  -convexity of  , we have  

                                                             .                 (3.15) 

Since   is  -convex, then 

 (                 )     (     )                

                                                                      .                   (3.16) 

 From (3.15) and (3.16), it follows that  

                                   , as required.   ■  
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      The converse of the preceding proposition is satisfied when      is a 

convex set (see [12, Theorem 3.2]).  Consequently, the following proposition 

follows. 

 Proposition 3.3.18 Let      and   are defined as in assumption A. Assume that 

     is a convex set and   is an   -convex set. Then       is a s. 2-convex w. 

r. t.        if and only if   is an  -convex function on  . 

            The following two propositions give necessary conditions for   to be a 

convex function using, the convexity and the slack 2-convexity of the set      , 

respectively. 

 Proposition 3.3.19 Let      and   are defined as in assumption A. If      is a 

convex set,   is a convex function on the convex set    and   is a linear 

mapping. Then       is a convex set. 

Proof. Suppose that                           and      . We must 

show that                                       From the 

definition of        we have                  and                 . 

Since      is a convex set and   is a linear mapping, then  

                                                              (3.17) 

where              . Since   is a convex function on  , then  

 (           )                            .       (3.18) 

Thus, from (3.17) and (3.18),                                

       and hence,        is a convex set.  ■ 

Proposition 3.3.20 Let      and   are defined as in assumption A.  Assume that 

  is a convex on the convex set     is a linear mapping, and   (    )  

      for all    .  Then        is a s. 2-convex w. r. t.         
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Proof.                                      such that, for         

we have                                              

                                                   .                        (3.19) 

Since                          , then         and         . Because 

  is a linear mapping, hence,                                   

     . Thus,              .  Using the last two assertions and the 

assumption   (    )        for all    , we get 

 (                 )   (              ) 

                                                     

                                                                        .            (3.20) 

By (3.19) and (3.20), we obtain                               

     , as we want to prove.  ■ 

        The next proposition suggests a sufficient condition for   to be a convex 

function using the set       . 

Proposition 3.3.21 Let      and   are defined as in assumption A. If    is a 

linear mapping,   is a convex set, and       is a s. 2-convex w. r. t.       . 

Then   is a convex function. 

Proof. Let         and         Let                                

               such that whenever 

(                                   )        .  

then (                                   )        . 

Since   is a linear mapping, the last statement yields 
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 (                                   ) 

                                          .  

This means                                     From the 

convexity of  ,              . Therefore,   is a convex function.  ■ 

        From Propositions 3.3.20 and 3.3.21, the following result deduces. 

Proposition 3.3.22 Let      and   are defined as in assumption A. If    is a 

linear mapping,   is a convex set, and  (    )        for all    . Then 

      is a s. 2-convex w. r. t.        if and only if   is a convex function. 

3.4 Differentiability Properties of  -convex Functions 

The differentiability of  -convex functions has been briefly studied by 

Youness [16]. It is also discussed recently by Soleimani-damaneh [40]. Both 

researchers presented some characteristics of differentiable of  -convex 

functions by using different approaches (for more details, see Lemmas 3.1-3.2 

in [16], and their counter parts Lemmas 2.3-2.4 stated in [40], respectively). 

According to Lemmas 2.3-2.4 [40], Soleimani-damaneh [40, Proposition 2.5] 

provided a characterization of differentiable  -convex functions with respect to 

 -monotonicity of the gradient of the differentiable function.  In this section, we 

prove the characterizations of  -convex (respectively,  -concave) functions 

using different assumptions (see Theorems 3.4.1-3.4.2). We also obtain 

differentiability properties for strictly  -convex (respectively,  -concave) 

functions. Some test criteria of  -convexity and  -concavity of a function are 

presented in this section with an illustration example (see Theorem 3.4.7 and 

Example 3.4.8). 

Theorem 3.4.1 Let      and   are defined as in assumption A such that   is 

differentiable on      and   is an open  -convex set. Then 
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i. If   is  -convex on    then  

                                                          .            (3.21)            

ii. If   is  -concave on    then  

                                                            .          (3.22)            

Proof. Let us show (i). Since   is  -convex and   is differentiable on  , then in 

particular,   is differentiable on       . If          , then the gradient 

inequality directly satisfied. Consider now       such that           and  

       , then using the  -convexity of  , we have 

                                                                (3.23) 

That is, 

 (           )         (           )  

Re-arranging the last inequality yields, 

 (           )       

 
              

Taking the limit to both sides of the above inequality           yields, 

       
 (           )      

 
             .                           

       

The left-hand side of the inequality (3.24) is the directional derivative of   at 

     in the direction of        . Thus, (3.24) becomes  

                            . 

Re-arranging last expression, we get 

                                .  
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Part (ii) which assumes that   is  -concave function, and obtaining the 

inequality (3.22), proceeds in a way similar to part (i) where we use the 

definition of  -concave function in (3.23) instead of using the definition of  -

convex function.   ■ 

         The reverse direction of Theorem 3.4.1(i) has been proved in [40, Lemma 

2.4] if   is a convex set and   is linear. We give an alternative assumption to 

prove the other direction of Theorem 3.4.1(i-ii).        

Theorem 3.4.2 Let      and   are defined as in assumption A. Assume that   is 

differentiable on the  -convex set  ,       is convex and 

i.                                                   (3.25) 

            Then   is  -convex on  . 

ii.                                                      (3.26) 

            Then   is  -concave on  . 

Proof. For proving (i). Take arbitrary         such that   is a  -convex set, 

and let         . Define                    Since             

     and      is convex, then 

                    .                

Hence, there exists     such that                        

Apply (3.25) with        and       yields, 

                                                .                             (3.27)  

Similarly, apply (3.25) with        and       we get,  

                                               .                            (3.28) 

We multiply (3.27) by   and (3.28) by      , and sum the two inequalities up  



Chapter Three                     On Convex Functions,  -Convex Functions and Their Generalizations 

55 
 

                          

                                                                       . 

The last inequality yields 

                                      . 

Hence,   is  -convex as required. Part (ii) which assumes the inequality (3.26), 

and establishing   is  -concave function, follows in a way similar to part (i) 

where we reverse each inequality in the proof of part (i).  ■ 

         Theorems 3.4.1 and 3.4.2 can be extended to give a characterization to a 

differentiable strictly  -convex (respectively,  -concave) function in terms of 

its strictly gradient inequality as we show next. 

Theorem 3.4.3 Let      and   are defined as in assumption A. Assume that   is 

a differentiable function on the   -convex set   and      is a convex set. Then  

i.   is strictly  -convex if and only if for all       such that     we 

have                               

ii.   is strictly  -concave if and only if for all       such that     we 

have                               

Proof.  We show (ii) and in a similar pattern one can prove (i). Assume that the 

function is   strictly  -concave on  , hence   is  -concave. From Theorem 

3.4.1(ii), the inequality (3.22) follows, for all      . i.e., 

                            .             

Assume that there exists           such that  

                                             .                     (3.29) 

Since   is strictly  -concave, then for any          
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                (            )                   

                                                      .                                           

Substitute        in (3.29) into the right-hand side of (3.30), we get 

 (            )                       .                  (3.31) 

Also, apply (3.22) with                which yields 

                                    .                  (3.32) 

Combining (3.31) and (3.32) yields 

                         (            ) 

                                                                              , 

which is a contradiction. Therefore, for all      , we have that   

                                           .                    

The proof of the other direction proceeds in a way similar to Theorem 3.4.2(ii). 

■         

       The following theorem provides a necessary and sufficient conditions for   

to be  -convex function using the gradient test of   

Theorem 3.4.4 Let      and   are defined as in assumption A. Let   is a 

differentiable function on the open   -convex set  . Then 

i. If   is  -convex on   then for all       

                        . 

That is,          is increasing for all    .    

ii. If      is a convex set and   for all       
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                        . 

Then   is  -convex on  . 

Proof. For the proof of (i), see [40, Proposition 2.5(i)]. To show (ii)   let 

        and          If         or     or     then, using the 

definition of  -convex functions, we get   is  -convex. Assume that     

    and set                 for some           i.e. 

                                                         .         

Note that, since   is  -convex set and      is a convex set, then     and 

      , respectively. The last assertion means there exists     such that 

           . Hence, (3.33) becomes                         . 

Apply the Mean Value Theorem for  , 

                               ,  

i.e. 

                                              .         

Apply                           with        and          

                                 .                                                 

Substitute          from (3.33) into (3.35), we obtain 

                                                          

Dividing both sides by        and re-arranging (3.36), we get  

                                                           

Combining (3.34) and (3.37), we obtain  
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                                                              .              

Thus, from Theorem 3.4.2(i),   is an  -convex function.  ■ 

Remark 3.4.5 Part (ii) of the preceding theorem has been proved [40, 

Proposition 2.5(ii)] wherever   is linear and   is a convex set.    

Theorem 3.4.6 Let      and   are defined as in assumption A such that   is a 

differentiable function on the open   -convex set  . Then 

i. If   is strictly  -convex on   then for all       

                        . 

That is,          is strictly increasing for all    .    

ii. If      is a convex set and   for all       

                        . 

Then   is strictly  -convex on  .   

Proof: The proof proceeds in a way like that of Theorem 3.4.4.   ■ 

      To detect  -convexity (respectively,  -concavity) of   using the second 

derivative of  , we have the following result.      

   

Theorem 3.4.7 Let       is a twice continuously differentiable function on 

an open   -convex set   and      is a convex set. Then 

i.   is   -convex on   if and only if               is a p.s.d. for all 

   . 

ii. If               is a p.d. for all    , then   is strictly   -convex 

on  . 



Chapter Three                     On Convex Functions,  -Convex Functions and Their Generalizations 

55 
 

iii.   is  -concave on   if and only if                is n.s.d. for all 

   . 

iv. If               is a n.d. for all    , then   is strictly   -concave 

on  . 

Proof. We prove (i) and in a similar manner one can show (iii). Suppose there 

exists      such that        is not p.s.d. Our aim to show that   is not  -

convex. From the assumption, there exists      such that  

                                         
                      (3.38) 

Let                ,  for some             Since   is  -convex set and 

     is a convex set such that             , then        

            and there exists     such that            .   

Using now second order truncated Taylor's series, we have  

                                  

                                
 

 
         

               .  (3.39) 

Choose      sufficiently close to      we can use     (continuity of 

second order patrials) such that 
 

 
         

                  where 

the last inequality follows from (3.38). Therefore, (3.39) becomes   

                                 . 

By Theorem 3.4.1(i), this contradicts the  -convexity of   on   as required to 

show. Next, we prove the reverse direction, let         and       is p.s.d. 

for all    . Let                , for some              Using the 

same argument used above, we conclude that      and there exists     such 

that            .  From second order truncated Taylor's series, we have  
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               . 

 Since            is a p.s.d., the last term is non-negative. Hence  

                                    . 

Hence, using Theorem 3.4.2(i),   is  -convex over    The proof of (ii) and (iv) 

is similar. Hence, it is enough to prove (iv). Let         and       is n.d. for 

all     . Let                , for some              Using the same 

argument used above, we conclude that      and there exists     such that 

           .  From second order truncated Taylor's series, we have  

                                  

                                      
 

 
         

               .              

 Since            is a n.d., the last term is non-positive. Hence  

                                    . 

Hence, using Theorem 3.4.3(ii),   is strictly  -concave over  .  ■ 

       To illustrate the proceeding theorem, we consider the following example. 

Example 3.4.8 Assume that        and          are defined as 

                    and                      respectively. Test  -

convexity/  -concavity of  . 

Solution. We follow Theorem 3.4.7 to detect  - convexity/  -concavity of  . 

The gradient is            (
  
 
  

) , and the Hessian  

           (
   
   
   

) 
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   (        )                (
   
   
   

).  

  -convexity of   can be checked by testing the sign of 

        (        )      for each              
          . 

Now, 

           
   (

   
   
   

)                                

                        
    

    
    (

   
   
   

)   (

  
 

  
 

  
 

). 

Then we get,    
       

   . Hence,     (        ) is p.s.d. which yields   

is  -convex on   . 
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Chapter 4 

Applications of Generalized 
Convexity to Non-Linear 
Programming 

 
4.1 Introduction 

As we mentioned in Chapter 1, the non-linear constrained optimization is 

extended into generalized optimization problem. In such problems, the 

constraint set is  -convex and the objective functions is either  -convex 

function or one of the generalized convex functions discussed earlier in 

subsection 1.4.2. Generalized non-linear constrained problems are studied by 

many researchers. Youness was the first to introduce  -convex optimization 

problem and studied some of its properties and optimality results. He continued 

with his collaborators studying different aspects of  -convex problems such as 

establishing the necessary and sufficient conditions of optimality, the study of 

the stability in  -convex programming, developing some duality properties in 

 -convex programming, and studying optimality conditions for  -convex 

programming which has  -differentiable objective functions (for more details 

see [1, 8, 16, 18]). Due to some incorrect results related to  -convex 

programmings introduced in [15], Chen in [53] defined semi  -convex 
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problems and proved some optimality properties for  -convex and semi  -

convex problems. Applications of  -quasiconvex optimization problems are 

studied by Youness [17] and Syau [56], and strict  -quasiconvexity and  -

pseudoconvexity multi-objective optimization problems are studied by 

Solemani-damaneh [40].  

  As an application of generalized convex functions in optimization 

problems, we study in section 2 of this chapter, some optimality properties and 

characterizations of generalized non-linear optimization problems using  -

convex (respectively, strictly  -convex) functions and some generalized convex 

functions such as  -quasiconvex (respectively, strictly  -quasiconvex) 

functions, and strictly quasi semi  -convex functions. In section 3, we study 

differentiability properties of      . In such case, the function   is called  -

differentiable which is non-differentiable. Most of the contents of section 4.2 

have been published recently in [50, Section 3]. 

 

4.2 Some Results of Generalized Convex Programming 

 In this section, we consider some applications of  -convex (strictly  -

convex) functions, strictly quasi semi  -convex functions,  -quasiconvex 

(strictly  -quasiconvex) functions in optimization programming problem. 

Namely, we give some characterizations of the optimal solutions of a 

generalized non-linear optimization problem using the generalized convex 

functions mentioned above. To start, consider the non-linear constrained 

optimization problem (NLPE) defined in subsection 1.5.3 as follows. 

             

         , 
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where         be a real valued function,     , and          is a 

given mapping. Equivalently, problem (NLPE) can be expressed as 

         

       . 

Definition 4.2.1 The set of all optimal solutions (or global minimum) of 

problem (NLPE) is denoted by            and is defined as 

           {                         }  

A global minimum      is said to be strict when  

                      ,        

A point       is called a local minimizer for problem (NLPE) if there is exists 

     such that                               

Definition 4.2.1 can be extended to the case when the optimization 

problem (NLPE) is to maximize the objective function by reversing the 

inequalities above. For the rest of this section, the function  , the set  , and the 

mapping   are defined as in problem (NLPE).  

Remark 4.2.2 For the rest of this thesis and wherever it is needed, we assume 

that the set of minimums (respectively, maximums) optimal solutions is a non-

empty set.   

  The following result provides conditions under which each local 

minimum of problem (NLPE) is a global minimum. 

 Theorem 4.2.3 Let    is a local minimum of problem (NLPE) where   is  -

convex on    which is  -convex set,      is a convex set, and   is a linear 

mapping. Then    is a global minimum. 
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Proof. Assume that      is a local minimum, then there exists     such that           

                                  .                              (4.1) 

It is enough to show that                          . Consider any 

      such that   lies on the extended line formed from    and  . In other 

words,           and for a fixed value of  , we define          

      where   
 

      
  . Since   is  -convex and   is linear, then  

                                  

On the other hand, using the convexity of     , we have        

             . Thus, there exists     such that 

                                                             (4.2) 

Using the expressions for   and  , we get          . i.e.,          . The 

last conclusion together with (4.2) yields              . Since    is a 

local minimum then from (4.1) 

                                  

                                                                      , 

where the last inequality follows because   is  -convex function. By re-

arranging last inequality, we get                which yields 

                                                                   .  (4.3) 

From (4.1) and (4.3),                     . Therefore,    is a global 

minimum of problem (NLPE).  ■ 

The following theorem provides a necessary and sufficient condition for a 

global minimum when the function   is differentiable and  -convex in (NLPE) 

problem. 
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Theorem 4.2.4 Assume that   is a continuously differentiable  -convex on an 

 -convex set  , and   is a linear mapping. Then problem (NLPE) has a global 

minimum      if and only if,  

                                  . 

Proof.  Consider    global minimum of        . Take any    , since   is an 

 -convex then for any          , we have                   . Since    

is a global minimum, then 

                                           . 

Using first order truncated Taylor Theorem. 

                                    

Divide by   and take     , the last inequality yields  

                     . 

Since   is an arbitrary point then,      

                                                    

as required. To prove the other direction, let      then for each      we have 

                     . We need to show that    is a global minimum. 

By the  -convexity of   we have for each     

                                   . 

i.e., for each    ,              . Thus,    is a global minimum.  ■ 

       Next, we give a sufficient condition to obtain unique optimal solution of 

(NLPE) using strictly  -convex function  .   
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Theorem 4.2.5 Assume that   is strictly  -convex on an  -convex set  ,      

is a convex set, and   is a linear mapping. Then the global optimal solution of 

problem (NLPE) is unique. 

Proof. Let   
    

    be two different global optimal solutions of 

problem (NLPE),  then      
        

  . Since    is  -convex,      is convex 

and   is linear, then for each      , the  -convex combination  

    
          

       
         

          , 

 and hence, there exists     such that      
         

    where     
  

and     
 . Since   is strictly  -convex on the  -convex set  , we have 

            
          

          
             

        
  .   

This means,   is a global optimal solution which is a contradiction. Thus, the 

global minimum is unique.  ■ 

Another two sufficient conditions for a unique optimal solution of 

problem (NLPE) are given next. 

Theorem 4.2.6 Assume that   is strictly quasi semi  -convex,      is a convex 

set,   is linear and fixed with respect to the global optimal solution. Then the 

global optimal solution of (NLPE) is unique. 

Proof. Let   
    

    be two global optimal solutions of problem (NLPE) such 

that   
    

 ,  then      
        

  . Since     
     

  and     
     

 , the last 

equality yields     
       

   . Now   is strictly quasi semi  -convex on the  -

convex set  , then for each      ,  we have 

      
          

      {     
       

  }      
         

        

By the linearity of  , the left-hand side of the inequality above can be written as  

           
         

          
          

          
      (4.4) 
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The expression above entails a contradiction. Indeed, because      is convex 

and   is  -convex, then      
         

          . i.e., there exists 

     
         

    where     
  and     

 . Using this fact with the 

inequality in (4.4), we conclude    is a global optimal solution which is a 

contradiction. Thus,   
    

  as required.  ■  

Theorem 4.2.7 Consider problem (NLPE) in which   is  -convex set,      is a 

convex set, and   is a linear mapping. 

i. If   is  -quasiconvex on  , then the set of optimal solutions 

           is a convex set.  

ii. If   is strictly  -quasiconvex, then            is singleton (i.e., 

optimal solution is unique).  

Proof.  To prove (i), let    
    

             , such that   
    

 . Thus, 

         
        

        ,   for all    . Since   is   convex,   is  -

quasiconvex on   and   is linear, then for each        we have 

 (      
          

  )        
          

   

     max{     
        

  } 

                                                     
         .                     (4.5) 

Since   
    

     which is  -convex and      is convex, and   linear. Then for 

each         we get  

     
         

        
            

           Hence, 

                                                        
         

   .                        (4.6) 

From (4.5) and (4.6),    
         

             . Thus,             is 

a convex set. To show (ii). Let   
    

    be two global optimal solutions of 

problem (NLPE) such that   
    

 ,  then      
        

  . Since   is  -
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convex,   is linear, and   is strictly  -quasiconvex, then     each       we 

have 

       
         

          
          

     

                                           {      
        

  } 

                                       
                                          (4.7) 

The rest of the prove follows as in the Theorem 4.2.6 where (4.7) and the 

convexity of      provide an optimal solution       
         

    such 

that     
  and     

 . From (4.7), we have            
   which contradicts 

the optimality of   
  of problem (NLPE).  ■ 

The conclusions of the preceding Theorem can be also obtained if the 

function   is  -convex (respectively, strictly  -convex) as we show next. 

Corollary 4.2.8 Consider problem (NLPE) in which   is  -convex set,      is a 

convex set, and   is a linear mapping. 

i. If   is  -convex on  , then the set of optimal solutions            is 

a convex set.  

ii. If   is strictly  -convex, then            is singleton.  

Proof. From [40, p.3339], every  -convex (respectively, strictly  -convex) 

function is  -quasiconvex (respectively, strictly  -quasiconvex). Thus, the 

conclusions of (i)-(ii) directly follow.   ■ 

Theorem 4.2.9 Consider problem (NLPE) in which   is a differentiable  -

convex function on the  -convex set  , and   is a linear and idempotent 

mapping. Then              is an  -convex. 

Proof. Take an arbitrary                 , we have from Theorem 3.4.4(i), 

for each      
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                                       ,  

Re-arranging the last inequality and apply Theorem 4.2.4, we get 

                                                    . 

 i.e.,                                  . 

Apply Theorem 4.2.4 again to get  

                   ⋂  {                        }  ⋂  ,  

where    {                      }. Since   is linear and 

idempotent, then applying Proposition 3.3 in [25], each    is  -convex. This 

yield,               is an  -convex.  ■ 

Theorem 4.2.10 Consider the following maximization non-linear problem (M-

NLPE)     

             

       , 

where       an   convex set,         is  -convex on  , and       

   is a given linear mapping. Assume that       is a convex set  (    )  

       for all      and the set of optimal solutions of problem (M-NLPE) is a 

non-empty. i.e.,             {                         }     

Then, the maximal optimal solutions of     occur on the boundary of   . 

Proof. By a contrary, assume that the maximum exists at a point    belongs to 

the interior of  . That is,                       and        Draw a line 

passing through   and cutting the boundary of   at   and   . Since   is 

  convex, then for some        we have                      

    We also have      is convex and   is linear, then 

                                         . 
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Thus, there exists     such that                 . Since   is  -

convex on  , then 

                                       ,   (4.8) 

where in the left most inequality, we used the assumption  (    )         for 

all    . Now, we have two possibilities. If                then 

                                               . 

Using (4.8), we get              , yielding    is not a global maximum 

which is a contradiction. Similarly, if                we get        

      , a contradiction. Hence, the maximum point must occur at the boundary 

of   .  ■ 

 

4.3  -Differentiability Properties of  -Convex Functions 

 -convex functions which are non-differentiable can be transformed into 

differentiable using a mapping        . This class of functions is referred 

to as  -differentiable functions and is defined by Megahed et al [8] as follows. 

‘‘Let          be a function and let          be a mapping. A 

function   is said to be  - differentiable at    if and only if   is    -

                              and       is a differentiable function at   ’’. 

Megahed et al [8] apply Fritz-John and Kuhn-Tucker conditions to obtain 

a solution of a generalized optimization problem (NLP) with a non-

differentiable objective function  . In this section, we consider (NLPE) problem 

in which the function   is non-differentiable (i.e.,     is differentiable). We 

apply all the differentiability properties in section 3.4 for the case when   is  -

differentiable in problem (NLPE). 
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To clarify the definition of  -differentiable function, we recall the 

following example. 

Example 4.3.1 [8] Consider the real valued function      | | and the 

mapping        such that        . It is clear that the function   is non-

differentiable at the point     and the function                   is a 

differentiable function at    . Hence,   is an  -differentiable function. 

 Remark 4.3.2 The proof of the next Theorems is similar to that of Theorems 

3.4.1-3.4.4 and Theorems 3.4.6-3.4.7 in section 3.4. We only replace each   in 

the proceeding theorems by    . Next, we show the detailed proof of next 

theorem which is similar to the proof of Theorems 3.4.1-3.4.2. 

Theorem 4.3.3 Consider problem (NLPE) in which   is  -differentiable on   is 

an open  -convex set. Then 

i. If     is  -convex on  , then  

                                                        . 

ii. If       is convex and 

                                                     

Then,     is  -convex on  . 

iii. If     is  -concave on  , then  

                                                        . 

iv. If       is convex and 

                                                  

Then,     is  -concave on  . 
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Proof. Let us show (i). If          , then the gradient inequality directly 

satisfied. Consider now       such that           and         , then 

using the  -convexity of  , we have 

                                              

That is, 

     (           )             (                   )  

Re-arranging the last inequality yields, 

     (           )         

 
                      

Taking the limit to both sides of the above inequality           yields, 

       
     (           )          

 
                    .              

(4.9) 

The left-hand side of the inequality (4.9) is the directional derivative of     at 

     in the direction of        . Thus, (4.9) becomes  

                                        . 

Re-arranging last expression, we get 

(                                     .                       (4.10) 

To show (ii), take arbitrary         such that   is a convex set, and let  

       . Define                     Since                  and 

     is convex, then 

                    .                

Hence, there exists     such that                      .  
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Apply (4.10) with        and       yields, 

                                        .              (4.11) 

Similarly, apply (4.10) with        and       we get,  

                                        .                      (4.12) 

We multiply (4.11) by   and (4.12) by      , and sum the two inequalities up  

                            

                                          . 

The last inequality yields 

                                                  . 

Hence,      is  -convex as required. The proof of parts (iii) which assumes 

that     is  -concave function proceeds in a way similar to part (i) where we 

use the definition of  -concave function instead of using the definition of  -

convex function.  Finally, part (iv) follows in a way similar to part (ii) where we 

reverse each inequality in the proof of part (iv).   ■   

Theorem 4.3.3 can be extended to give a characterization to the  -

differentiable strictly  -convex (respectively,  -concave) functions in terms of 

their strictly gradient inequalities. 

Theorem 4.3.4 Consider problem (NLPE) in which   is  -differentiable on   is 

an open  -convex set such that      is a convex set. Then 

i.     is strictly  -convex if and only if for all       such that     we 

have 

(                                         
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ii.    is strictly  -concave if and only if for all       such that     we 

have 

(                                         

 

The following theorem provides a necessary and sufficient conditions for 

    to be  -convex function using the gradient test of    . 

Theorem 4.3.5 Consider problem (NLPE) in which   is  -differentiable on   is 

an open  -convex set. Then 

i. If     is  -convex on   then for all       

                                . 

That is,              is increasing for all    .    

ii. If      is a convex set and   for all       

                                . 

Then     is  -convex on  . 

Theorem 4.3.5 can be applied for the case when     is 

strictly  -convex function 

Theorem 4.3.6 Consider problem (NLPE) in which   is  -differentiable on   is 

an open  -convex set. Then 

i. If       is strictly  -convex on   then for all       

                                . 

That is,              is strictly increasing for all    .    

ii. If      is a convex set and   for all       
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                                . 

Then,     is strictly  -convex on  . 

      To detect  -convexity (respectively,  -concavity) of (     using the 

second derivative of      , we have the following result   

Theorem 4.3.7 Consider problem (NLPE) in which   is twice continuously  -

differentiable on   is an open  -convex set such that      is a convex set. Then 

i.      is   -convex on   if and only if                    is a p.s.d. 

for all    . 

ii. If                    is a p.d. for all     then      is strictly   -

convex on  . 

iii.      is  -concave on   if and only if                     is n.s.d. 

for all    . 

iv. If                    is a n.d. for all     then      is strictly   -

concave on  . 

  

Example 4.3.8 Assume that        and         be such that 

           
 

  
 and        (     

  ). Test  -convexity/ -concavity of  

   . 

Solution.                 . Note that 

        (   
    )  and              (   

  
). 

Since,   is not differentiable at       while     is differentiable at      , 

then   is  -differentiable at      . The Hessian of     at         is 

                (                  
                    

).  
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Now,         
 (                  

                    
)            for each        

         

      

  
  (                  

                    
) (

  

  

  
 
) =    

    

From Theorem       (iii),               is n.s.d. Thus,      is   -concave on 

  .   
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Future Work 
We conclude this thesis by mentioning some open problems, which suggest 

possible future research directions. 

 

1) Considering unconstrained non-linear generalized optimization problem 

(NLPE) and studying the first and second necessary and sufficient 

optimality conditions for this problem. 

2)  Develop the dual structure of the generalized optimization problem 

(NLPE). In specific, study each of Fenchel and conjugate duality of this 

problem. 

3) Study the development of constraint qualifications to obtain strong 

duality and zero duality gap for the (NLPE) problem. 

4) Develop duality properties for special kinds of separable  -convex 

optimization problems and obtain constraint qualifications to prove strong 

duality for this separable problem. 
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 املستخلص
 

حسََ  ًٍشبمو األٍثييت احملذبت ، اىذًاه احملذبت ،ىنبك ٌّع ٍِ اىخعَيَبث ادليَت ىيَجٌَعبث احملذبت 

ًاىيت عُشّفج ًدُسسّج ٍِ  Eٍِ اىنٌع  ًٍشبمو األٍثييت احملذبت ، اىذًاه احملذبت ، اجملٌَعبث احملذبت

قبو يٌّس ًببحثني اخشيِ. يف ىزا اىنٌع ٍِ اجملٌَعبث ًاىذًاه، قبً يٌّس بخعشيف اجملٌَعت احملذبت 

 . Eسََ ح داىتببىنسبت اىل ًاىذاىت احملذبت 

ىنو ٍِ اجملٌَعبث  جذيذة ًٍنبفئبثدساست خٌاص اُ اذلذف اىشئيسي ذلزه اىشسبىت ىٌ حقذيٌ 

 ببالضبفت اىل اعغبء خٌاص جذيذة دلشبمو االٍثييت احملذبت ، Eٍِ اىنٌع  ًحعَيَبهتب ًاىذًاه احملذبت

 .Eٍِ اىنٌع  ًحعَيَبهتب

 Eىيَجٌَعت احملذبت ٍِ ٌّع  جذيذةًٍنبفئبث يف اىفصو اىثبّي ذلزه اىشسبىت قَنب بذساست خٌاص 

. قَنب ايضبً بخعشيف رلٌَعبث جذيذة ًادلسَبة مبجٌَعت االّغالق ادلخشًعي Eًادلخشًط ٍِ ٌّع 

ًمزىل قَنب  Eًرلٌَعبث االّغالق اىخآىفيت ٍِ ٌّع  Eًاجملٌَعبث اىخآىفيت ٍِ ٌّع  Eاحملذة ٍِ ٌّع 

ىزه اجملٌَعبث. ًاخرياً قَنب بؤعغبء بعض األٍثيت ىخٌضيح  ًٍنبفئبث بذساست بعض خٌاص

 .ًٌىخٌضيح اىعالقت فيَب بيني أعالهضت ادلفبىيٌ ادلسخعش

حعَيَبث اىذًاه احملذبت مبىذًاه احملذبت بعض يف اىفصو اىثبىث قَنب بذساست بعض اخلٌاص ادلخنٌعت ى

ًاىذًاه    ٍِ اىنٌع اىذًاه اىخببعت شبت احملذبت   ، اىذًاه شبو احملذبت ٍِ اىنٌع  ،  ٍِ اىنٌع 



اىقببيت   خٌاص اىذًاه احملذبت ٍِ اىنٌع مَب قَنب بذساست بعض   ، شبو احملذبت ٍِ اىنٌع  اىنبربت 

اىذًاه احملذبت ًبعض حعَيَبهتب بؤٌّاع سلخيفت ٍِ رلبٍيع اه  بشبظقَنب ايضب ىالشخقبق. 

epigraphs   ٌٍذلزه اىذًاه ً رلبٍيع ادلسخlevel sets   ادلشحبغت مبجبٍيع اهepigraphs 

. 

ٍب داىت زلذبت ٍِ إٍثييت ادلعََت ًاىيت حنٌُ فييب داىت اذلذف ٍشبمو األ فصو اىشابع قَنب بذساستيف اى

ٍثو اىذًاه اىخببعت شبت    اىنٌع ً اىذاىت احملذبت ٍِ أً احذٍ دًاه اىخعَيٌ ىيذاىت احملذبت أ   اىنٌع 

ٍب رلٌَعت اىقيٌد فيي رلٌَعت زلذبت ٍِ أ ،  ًاىذاىت اىخببعت احملذبت ٍِ اىنٌع    ٍِ اىنٌع احملذبت 

ٍخَ حنٌُ رلٌَعت ٍثو ًٍخَ ينٌُ ًحيذ ًمزىل . اىذساست مشيج إٍنبّيت ًجٌد احلو األ  اىنٌع 

غري   ٍثييت ادلعََت عنذٍب حنٌُ اىذاىت ذبت. ًمزىل قَنب بذساست ٍشبمو األٍثو رلٌَعت زلاحلو األ

 شخقبق.ىي داىت قببيت ىأل    شخقبق ًىنِ يف قببيت ىأل
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