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A differentiable function is Lipschitz iif the Jacobian norm of the function is globally bounded by the associated Lipschitz constant.
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Lipschitz mapping, (e.g., nonexpansive and contraction mapping) is a function

# composition of nonexpansive (contraction) mapping is nonexpansive (contraction) mapping

u_eﬁ‘_z 1.0 OF+ (-O\F i NONCAPANSIVE So convex combination of two nonexpansive mapping is nonexpansive.

# From proximal algorithm we already know that fixed point of operators are important,
recall minimizer of f(x) is the fixed point of the proximal operator, i.e., x*=prox,(x*)

So strict convex combination of one expansive mapping and one contraction mapping is contraction

fixed point set of a nonexpansive operator is essentially 0 passed through the resolvent of that operator
Note the scaling factor of the operator is -1
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vertical (infinite slope) portions. If it is a continuous curve with
no end points, then it is maximal monotone.

A relation on R is strongly monotone with parameter m if if
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Continuous functions. A continuous monotone function F :
R” - R" (with dom F = R") is maximal.

Afline functions. An affine function F(z) = Az + b is
maximal monotone if and only if A+ A" = 0.
It is strongly monotone with parameter m =

Amin(A+AT)/2 when A+ AT = 0.
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Note that this is an equality constrained optimization problem,
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