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Convex Functions
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Convex Functions
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Convex Functions

For convex functions every local minimum is a global
minimum.




Convex Functions

Convex functions might not have a minimum, or the
minimum (infimum) might not be achieved (there is no
argmin).




Convex Functions must have a convex domain
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Strictly Convex Functions
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For strictly convex functions the minimum point is unique
(if exists).



Strictly Convex Functions
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Epigraph sets of a convex function
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Concave functions
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Affine functions are both convex and




Affine functions are both convex and
concave
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Gradient and Convexity
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Gradient and Convexity (first order convexity condition)
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What about non-differentiable convex functions?
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Subgradient
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1D convex functions and second derivative

‘fma__% \K nvex & J“V“QQ C(ZZ;;HTM;;/E

7 5‘7L Xa -
== f(x,) exists

f (%) %0




Hessian and convexity (second order convexity
condition)
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Hessian and convexity (second order convexity
condition)
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Hessian and convexity (second order convexity
condition)
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Convex functions properties

Concave




Convex functions properties




Convex functions pr'oper"l'ies
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