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CLASSIFICATION OF GENERALIZED WEIGHTED CROSS-ENTROPIC MODELS FOR DISCRETE PROBABILITY DISTRIBUTION IN VAGUE SETTING


Abstract
The ambiguity of a novel class of generalized weighted cross-entropy models based on discrete probability distributions is the main topic of this paper. A well-known constrained symmetrization of the Kullback-Leibler cross-entropy, the Jensen-Shannon divergence does not require matching support for probability densities. This paper is novel in that it derives a vector-skew Jensen-Shannon divergence by obtaining different cross-entropies for different values of a prevalent scalar A, determining the concavity of the measure with respect to that scalar, and introducing a vector-skew generalization of it.
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1. Introduction
The Kullback–Leibler Cross-Entropy (KLCE) KL: is an orientated statistical distance between two densities  and  (i.e., the Radon–Nikodym densities of -absolutely discrete probability measures  and ) that is defined by . It is also known as the relative entropy in information theory [2].
The KLCE may diverge to infinity depending on the underlying densities, even when  with equality iff. -a.e. (Gibb's inequality [2]). Numerous symmetrizations [5] have been suggested in the literature due to the asymmetry [17, 19] of the KLCE. The Jensen–Shannon Cross-Entropy [9] (JSCE), often known as capacitory discrimination in the literature, is a solid symmetrization of the KLCE.

                                         
                                                                                  (1.1)
The total KL cross-entropy to the average distribution  can be used to interpret the Jensen– Shannon cross-entropy. In order to compute the distances between random graphs, the Jensen-Shannon cross-entropy was first informally introduced in [21]. The Jensen-Shannon cross-entropy has the advantage of being applicable to densities with any kind of support; also, the JSDCE is always upper constrained by log2. The JSCE can be rewritten as 
                                                                                                  (1.2)
since it saturates to log2. where Shannon's entropy is represented by . Therefore, the entropy of the average distribution [22] less the average of the entropies can likewise be used to understand the JSCE.
The Jeffreys cross-entropy [5, 10] (JD), another symmetrization of the KLCE, is defined by
                                                   .                 (1.3)
The extended Kullback-Leibler cross-entropy is defined as follows for two positive but not necessarily normalized densities,  and .
 
                                                                                           (1.4)

Without altering their formula expressions, the Jensen–Shannon and Jeffreys cross-entropy can both be extended to positive (un normalized) densities:
                                           
                                                                            (1.5)
The following measurements of a probability distribution's cross-entropy have been proposed by Lin [9] in a recent work. From a different probability distribution, ,   
                                                                                                            (1.6)
                                                                  (1.7)
where,                                                                     (1.8)
and,                                                                                                                (1.9)
is Burg’s [1] measure of entropy. Additionally, he defined a generalized Jensen-Shannon measure corresponding to (1.7) by  and a symmetric measure corresponding to (1.6) by 
                                                                                                 (1.10)
We generalize Lin's metrics in two ways in this discussion:
 
(i) We use  in place of  .
 
(ii) We employ alternative generalized measures of entropy and cross-entropy [6] rather than just Shannon's [12] measure of entropy or Kullback Leibler's [8] measure of cross-entropy.

1.1 First Generalization of Weighted Fuzzy [23] Cross-Entropy
Think about the measure.
 
                 
                                     ,    (1.1.1)
                                                          
where  is a twice-differentiable convex function for which . This is a generalization of Csiszer [3], Verma [16, 18, 20] cross-entropy measure, which becomes a special case at . In other words, it is a generalization of 
                              
The following characteristics of  are noted.
(i) A continuous function of  is . With the exception of , this is specified regardless of whether  and the corresponding  or  and the corresponding . The ith result can be readily disregarded, but it is not defined just when both  and  are zero. 
 
(ii)  is permutationally symmetric, meaning that it remains unchanged when the pairs either  or    are switched.
 
(iii) In the event that
 
 
then 
                 
and      
Also,    
and                
Also,   and   
 is a convex function of  where  is a convex function and , . The global minimum of  subject to  occurs when   when  and from (1.1.1), its minimum value is , so that,  and vanishes iff , so that it can be used as measure of cross-entropy.
Jensen-Shannon weighted measure and its generalization
We have already shown that the generalized measure  is a convex function of  It is also a convex function of . Since   

                                  
                                                      
Then,                 and   
Also,  
                                        and ,
                                                 and   
Now consider the measure,
 

       

                  

                         

                          

                                 

                                      

where,      
is Shannon’s measure of entropy and this is a generalization of Jensen-Shannon measure which arises when . Thus, generalized Jensen-Shannon measure need not be defined separately. It arises from the generalization of Kullback-Leibler measure in a natural way.

2. Result
Assuming that       
 
                                       ,                                . 
Which is generalized Lin’s measure of fuzzy weighted cross-entropy in vague setting.
If  then we get KL cross entropy measure 
                                         
                                                                                
Again, if  then we get Lin’s fuzzy weighted cross-entropy measure 
                                         
                                                                               
Let , 
Then (7) gives 
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Let 
 
                           
                                    
                          
                          
                                  
 
          
                   
                         
Burg measure of fuzzy weighted cross-entropy
 
We get the generalized measure of fuzzy weighted cross-entropy,
 
                          
                   
                              
 
                           
Jensen-Havrda-Charvat measure of fuzzy weighted cross-entropy
 
                       
                            
Jensen-Burg measure of fuzzy weighted cross-entropy 
  
                           
                     
Jensen-hybrid Burg measure of fuzzy weighted cross-entropy 
 
Jensen-Kapur measure of fuzzy weighted cross-entropy
 
                                     
                                         
                                            
                                             
                                              
                     
                         
                               
                                  
                                                                     
Jensen-Renyi measure of fuzzy weighted cross-entropy 
 
                               
                                     
                                        
        
Concavity of Jensen’s measures with respect to 
Let  
Where  isa concave function, and let
 
 
So that,    
 
Now,    
 and 
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Discussion and Conclusions 
Three key characteristics of the Jensen-Shannon divergence [6], a well-known symmetrization of the Kullback-Leibler orientated cross-entropy, are as follows: 
1. It is always bounded; 
2. It works with densities that may have varied supports; and 
3. It extends to densities that are not normalised while maintaining the same formula expression. This JSD is crucial to the research of Generative Adversarial Networks (GANs) in deep learning and machine learning. Traditionally, a scalar parameter has been used to distort the JSD. Experimental evidence has shown that skewing divergences can greatly enhance task performance.
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