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Exercise 1 (1pt). Prove that for an arbitrary function f : Rn → R, the conjugate function f∗(y) =

sup{yTx− f(x) | x ∈ Rn} is convex.

Exercise 2 (2pts). Show that f : Rn → R is convex if and only if g(t) := f(ty + (1 − t)x) is convex

for any x, y ∈ dom(f).

Exercise 3 (2pts). Prove that

(a) eax is convex on R for any a ∈ R,

(b) xa is convex on R>0 when a ≥ 1 or a ≤ 0, and is concave when 0 < a < 1,

(c) log(x) is concave on R>0,

(d) x log(x) is convex on R>0.

Exercise 4 (3pts). Let us consider the following functions:
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(a) Calculate the gradient of the functions.

(b) Determine the global minimum of the functions.

(c) Are these function convex?

Exercise 5 (2pts). Consider the optimization problem

min
x∈R

x2 + 2x+ 4

s.t. x2 − 4x ≤ −3

(a) Solve this problem, i.e., find the optimal solution.

(b) Derive the dual problem max
λ≥0

g(λ).
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