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SemiB - (E, F) — convex Constra hed S ngle-ob pctive Programm ing of
Optmal Conditions

MA X iaona
(Depariment of Applied M athematics Suzhou Un wersity Suzhou 23400Q Chia)

Abstract Convexity and generalized n the convexity of mathen atical progranm ng optim ization theory optm izatbn
control and many other areas ofm athan atics plays an mportant wle but he lmitatbns of convexity are also very obvious
This paper generalized wo kinds of convex finctbns B — convex fancton and sem r (E, F ) — convex finctbn are researdhed
fartherly A new k nd of generalized convexity sem rB — (E F) - convexily is ntroduced san B — (E, F) — convex func-
ton and its generalized convexity are ntroduced th & paperpresents he optim al conditions of s ngle-ob jective progranm ng for
san B — (E, F )—- convexity functbns using properities of san B — (E, F) — convexity finctons

Key words san B - (E, F') — convex function semi(E, F') — convex programm ng optm ality cond itons
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Estmate of ExponentialD istrbution Param eter Under Entropy Loss Function

LI Jun-hua, ZHONG Tai-yong
(Deparment of Mathematics Y unyang Teachers College D anjingkou 44270Q China)

Abstract In this paper pwovide that the pror d strbuton of exponential paran eter d strbution is G anm a distrbu tbon
the expected Bayesian estm aton and h erarchical Bayesian estin ation under Entropy Loss finctbn were given out

Key words exponentildistrbuton entopy loss functbnn  expected Bayesan estm atbry h erarchical Bayes an estin a-
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