
Convex Optimization for Machine Learning and Computer Vision

Lecture: Dr. Tao Wu Computer Vision Group
Exercises: Yuesong Shen, Zhenzhang Ye Institut für Informatik
Winter Semester 2018/19 Technische Universität München

Weekly Exercises 7
Room: 01.09.014

Wednesday, 12.12.2018, 12:15-14:00
Submission deadline: Monday, 10.12.2018, 16:15, Room 01.09.014

Prox and Gradient descent (8 + 4 Points)
Exercise 1 (6 Points). Let Q ∈ Rn×n be a positive definite symmetric matrix.
Prove the following inequality for any vector x ∈ Rn

(x>x)2

(x>Qx)(x>Q−1x)
≥ 4λnλ1

(λn + λ1)2
,

where λn and λ1 are, respectively, the largest and smallest eigenvalues of Q.

Solution. Since Q ∈ Rn×n is symmetric positive definite, we can write it as Q =
UΛU>, where Λ is a n× n diagonal matrix containing the eigenvalues of Q.

(x>x)2

(x>Qx)(x>Q−1x)
=

‖x‖4

〈x, UΛU>x〉〈x, UΛ−1U>x〉

=
‖y‖4

〈y,Λy〉〈y,Λ−1y〉

=
‖y‖2 ‖y‖2

(
∑n

i=1 y
2
i λi)

(∑n
i=1 y

2
i

1
λi

) = . . .

(1)

where y = U>x ∈ Rn. (y can attain any value in Rn since U> is full rank.)
(Note: the change of variable here is necessary, since 〈x, UΛU>x〉 = tr(U>xx>UΛ)

but tr(U>xx>UΛ) 6= tr(U>xx>ΛU) in general. The solution in the previous year
was wrong and I was misled by it during the exercise session, sorry for that ...)

We used the fact that 〈x, UΛU>x〉 = 〈U>x,ΛU>x〉 = 〈y,Λy〉 and ‖x‖2 =
〈x, UU>x〉 = 〈U>x, U>x〉 = ‖y‖2.

Now let ξi = y2i / ‖y‖
2, then we have

. . . =
1(∑n

i=1
y2i
‖y‖2λi

)(∑n
i=1

y2i
‖y‖2

1
λi

) =
1/
∑n

i=1 ξiλi∑n
i=1(ξi

1
λi

)
=:

φ(ξ)

Ψ(ξ)
. (2)

Since ξi ≥ 0 and
∑n

i=1 ξi = 1 we have a ratio of two functions involving convex
combinations.
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Let f(x) = 1/x, and λ̄ :=
∑

i ξiλi. Then φ(ξ) = f(λ̄). Furthermore, take the
affine function

g(λ) =
1

λn
+

1
λ1
− 1

λn

λn − λ1
(λn − λ).

Since f is convex (on R+) we have that f(λ) ≤ g(λ),∀λ > 0. Then

Ψ(ξ) =
∑
i

ξif(λi) ≤
∑
i

ξig(λi) = g(
∑
i

ξiλi) = g(λ̄)

Then we have

(x>x)2

(x>Qx)(x>Q−1x)
=
φ(ξ)

Ψ(ξ)
=
f(λ̄)

Ψ(ξ)

≥ f(λ̄)

g(λ̄)
≥ min

λ∈[λ1,λn]

f(λ)

g(λ)
= min

λ∈[λ1,λn]

λ−1

1
λn

+
1
λ1
− 1
λn

λn−λ1 (λn − λ)

= min
λ∈[λ1,λn]

λ−1

1
λn

+
λn−λ1
λ1λn

λn−λ1 (λn − λ)

= min
λ∈[λ1,λn]

λ−1

1
λn

+ 1
λ1λn

(λn − λ)

= λ1λn min
λ∈[λ1,λn]

1

λ(λ1 + λn − λ)

λ̂=
λ1+λn

2=
λ1λn

λ1+λn
2

(λ1 + λn − λ1+λn
2

)

=
λ1λn

λ21+2λ1λn+λ2n
2

− (λ1+λn)2

4

=
4λ1λn

(λ1 + λn)2
.

(3)

Exercise 2 (6 Points). Let Q ∈ Rn×n be symmetric positive definite, and b ∈ Rn.
As in the previous exercise, denote the eigenvalues of Q as 0 < λ1 ≤ λ2 ≤ . . . ≤ λn.
Consider the quadratic function f : Rn → R, x 7→ 1

2
x>Qx− b>x and show gradient

descent with exact line search has the following convergence property:∥∥xk+1 − x∗
∥∥2
Q
≤
(
λn − λ1
λn + λ1

)2 ∥∥xk − x∗∥∥2
Q
,

where x∗ ∈ Rn denotes the global minimizer of f .
Hint: use the inequality from exercise 1.

Solution. From the lecture we know that the line search procedure has the solution

τ k = argminτ f(xk − τ∇f(xk)) =

∥∥∇f(xk)
∥∥2

‖∇f(xk)‖2Q

Furthermore, note that ∇f(xk) = Qxk − b = Q(xk − x∗). We have the following
equalities:∥∥xk − x∗∥∥2

Q
= 〈xk−x∗, Q(xk−x∗)〉 = 〈Q(xk−x∗), Q−1Q(xk−x∗)〉 =

∥∥∇f(xk)
∥∥2
Q−1 .
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∥∥xk − x∗∥∥2
Q
−
∥∥xk+1 − x∗

∥∥2
Q

=
∥∥xk − x∗∥∥

Q
−
∥∥xk − τk∇f(xk)− x∗

∥∥2
Q

=∥∥xk∥∥2
Q
− 2〈xk, x∗〉Q + ‖x∗‖2Q − (

∥∥xk − τk∇f(xk)
∥∥2
Q
− 2〈xk − τk∇f(xk), x∗〉Q + ‖x∗‖2Q) =∥∥xk∥∥2

Q
−
∥∥xk − τk∇f(xk)

∥∥2
Q
− 2τk〈∇f(xk), x∗〉Q =

2τk〈xk,∇f(xk)〉Q − 2τk〈∇f(xk), x∗〉Q − τ 2k
∥∥∇f(xk)

∥∥2
Q

=

2τk〈∇f(xk), xk − x∗〉Q − τ 2k
∥∥∇f(xk)

∥∥2
Q

=

2

∥∥∇f(xk)
∥∥4

‖∇f(xk)‖2Q
−
∥∥∇f(xk)

∥∥4
‖∇f(xk)‖2Q

=

∥∥∇f(xk)
∥∥4

‖∇f(xk)‖2Q
.

(4)
Hence, using exercise 1, we arrive at the estimate from the lecture

∥∥xk+1 − x∗
∥∥2
Q

=
∥∥xk − x∗∥∥2

Q
−
∥∥∇f(xk)

∥∥4
‖∇f(xk)‖2Q

=
∥∥∇f(xk)

∥∥2
Q−1 −

∥∥∇f(xk)
∥∥4

‖∇f(xk)‖2Q

=
∥∥∇f(xk)

∥∥2
Q−1

(
1−

∥∥∇f(xk)
∥∥4

‖∇f(xk)‖2Q ‖∇f(xk)‖2Q−1

)

=
∥∥xk − x∗∥∥2

Q

(
1−

∥∥∇f(xk)
∥∥4

‖∇f(xk)‖2Q ‖∇f(xk)‖2Q−1

)
exercise 1
≤

(
1− 4λ1λn

(λ1 + λn)2

)∥∥xk − x∗∥∥2
Q

=

(
λ21 − 2λ1λn + λ2n

(λ1 + λn)2

)∥∥xk − x∗∥∥2
Q

=

(
λ1 − λn
λ1 + λn

)2 ∥∥xk − x∗∥∥2
Q
.

(5)
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