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1 Introduction
Many machine learning problems involve learning parameters θ ∈ Θ of a function f towards achieving an objective
better. Typically, such objectives are characterized by a loss function L : Θ → R, also called the empirical risk, and
training the model corresponds to searching the optimal parameters θ∗ that minimize this loss.

For example, in supervised learning, θ parameterizes a function f : X → Y , where any x ∈ X is an input and any
y ∈ Y is a target label. Then,

L(θ) =
1

n

n∑
i=1

`(f(xi; θ), yi)

represents the loss function for a dataset containing n training examples (x1, y1), . . . , (xn, yn). Here, ` is a deter-
ministic function that determines the distance between a target label yi and the predicted label y′i = f(xi; θ). In this
setting, learning is carried out by performing empirical risk minimization, which involves optimizing to find parame-
ters θ∗ ∈ arg minθ∈Θ L(θ).

In the first few lectures, we will dive deeper into the basics and theory of optimization that lie at the heart of machine
learning. We will step back from the notation we see in machine learning, and start by considering the most general
unconstrained optimization problem1 for a real valued function f : X → R:

min
x∈X

f(x)

In most of our discussions, we will consider X or dom(f) to be the d-dimensional Euclidean space Rd.

The optimization problem formulated above is NP-hard in general (see [2]. Section 6.6). However, for certain classes
of functions f , strong theoretical guarantees and efficient optimization algorithms exist. In this lecture, we consider
such a class of functions, called convex functions and prove convergence guarantees for an algorithm for convex
optimization called gradient descent.

2 Convex optimization
This section introduces some concepts in convexity, and then uses them to prove convergence of gradient descent for
convex functions.

Although in practice people commonly use the same algorithms for non-convex optimization as they do for convex
optimization (e.g. gradient descent), it is important to note that the strong theory for convex optimization algorithms

1More generally, this would involve an inf instead of min, but in this lecture we keep the notation simple and stick with min.
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often breaks down without the convexity assumption. However, ideas from convex analysis and the weakening of
certain results can give partial guarantees and offer generalizations for non-convex analysis.

2.1 Background
2.1.1 Lipschitz continuity

Definition 1 (Lipschitz continuity). Let L ≥ 0. A real-valued function f is L-Lipschitz continuous iff ∀x, y ∈ dom f ,

|f(x)− f(y)| ≤ L‖x− y‖

Intuitively, a Lipschitz continuous function is bounded in how fast it can change. Figure 1 illustrates two Lipschitz
continuous functions with different Lipschitz constants.

g(y)

f(y)

                       x             y      0
   

f(x)

g(x)
f g

Figure 1: Consider a Lf -Lipschitz continuous function f and a Lg-Lipschitz continuous function g. If f and g are
changing as fast as they can, then Lf > Lg .

As another example, consider the following function:

f(x) =

{
exp(−λx), if x > 0

1, otherwise

f(x) here is L-Lipschitz, and the value of L increases with λ. As the value of λ increases, the function gets closer to
discontinuity. In the limit of λ going to∞, we recover a step function, which is not Lipschitz continuous for any L.
In fact it is not continuous at x = 0. This function is illustrated in Figure 2.

Figure 2: As λ increases in f(x), the Lipschitz constant L increases, and the function gets closer to being discontinu-
ous.
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A Lipschitz continuous function does not need to be differentiable. For example, we can have integer-valued and
non-smooth Lipschitz continuous functions. However, a corollary of f being L-Lipschitz continuous is that if it is
differentiable, the norm of its gradient is bounded by L.

Lemma 1 (First order condition for Lipschitz continuity). A differentiable function f is L-Lipschitz continuous iff the
norm of its gradient is bounded by L:

∀x ∈ dom(f), ‖∇f(x)‖ ≤ L

Proof. We first give the idea in R, then generalize in Rd.

( =⇒ ) For dom(f) ⊆ R,

f ′(x) = lim
y→x

f(x)− f(y)

x− y
(definition of derivative)

=⇒ |f ′(x)| = lim
y→x

|f(x)− f(y)|
|x− y|

≤ L (definition of Lipschitz continuity)

In general, if dom(f) ⊆ Rd for a differentiable L-Lipschitz function f , then

‖∇f(x)‖ ≤ L
In fact, let u ∈ Sd a unit vector, then the directional derivative with respect to u is given by:

∇uf(x) = lim
h→0

f(x+ hu)− f(x)

h
(definition of directional derivative)

=⇒ |∇uf(x)| = lim
h→0

|f(x+ hu)− f(x)|
‖hu‖

≤ L (definition of Lipschitz continuity)

Since∇uf(x) = 〈∇f(x), u〉, taking u = ∇f(x)
‖∇f(x)‖ =⇒ ∇uf(x) = ‖∇f(x)‖, thus the result.

(⇐= ) By contraposition, suppose there exist A,B ∈ dom(f) such that |f(A)− f(B)| > L‖A−B‖.

In the multivariate case, the mean value theorem states that there exists a point C in the line segment AB such that
f(A)− f(B) = 〈∇f(C), A−B〉.
Hence, by Cauchy-Schwarz inequality, |f(A)− f(B)| ≤ ‖∇f(C)‖‖A−B‖, which implies that

‖∇f(C)‖ ≥ |f(A)− f(B)|
‖A−B‖

> L

.

Note that Lipschitz continuity is a special case of continuity: all Lipschitz continuous functions are continuous, but
not all continuous functions are Lipschitz continuous (for more information, see [1]).

2.1.2 Convex sets

Before we define convex sets, let us first define a convex combination, which is a constrained version of a linear
combination, illustrated in Figure 3 for two points.

Definition 2 (Convex combination). If z ∈ Rd is a linear combination of x1, x2, . . . , xn ∈ Rd and the coefficients are
non-negative and sum to 1, then z is a convex combination of x1, x2, . . . , xn:

z =

n∑
i=1

θixi, where ∀i ∈ (1, . . . , n), θi ≥ 0 and
n∑
i=1

θi = 1

Definition 3 (Convex set). X is a convex set if the convex combination any two points in X is also in X . That is, for
a convex set X :

∀x, y ∈ X ,∀θ ∈ [0, 1], z = θx+ (1− θ)y ∈ X

Figure 4 gives examples of a convex set and a non-convex set.
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x   

y   

Figure 3: All convex combinations z = θx+ (1− θ)y of two points x and y lie on the line segment from x to y. When
θ = 1, we get x and when θ = 0, we get y.

x   

y   
x   

y   θ = ½ 

Figure 4: Examples of a convex and a non-convex set. Left: Convex set, Right: Non-convex set.

2.1.3 Convex functions

Armed with the definition of convex sets, we can finally define convex functions.

Definition 4 (Convex function). A function f(x) is convex iff the domain dom(f) is a convex set and ∀x, y ∈
dom(f),∀θ ∈ [0, 1],

f(θx+ (1− θ)y) ≤ θf(x) + (1− θ)f(y)

The condition above says that for any two members in the domain of f , the function’s value on a convex combination
does not exceed the convex combination of those values. It can be viewed as a zeroth order condition, as it doesn’t
involve any condition of differentiability of the function. We will see results with higher order conditions later.
Graphically, when f is convex, for any points x and y in f ’s domain, the chord connecting f(x) and f(y) lies above
the function between those points. This is illustrated in Figure 5.

For a convex function f , its opposite function −f is defined as a concave function. In other words, for a concave
function, the inequality condition in Definition 4 is reversed.

f(x)

f(θx + (1-θ)y)

f(y)

θf(x) + (1-θ)f(y)

x    θx + (1-θ)y       y
   

x      θx + (1-θ)y    y
   

f(x)

f(θx + (1-θ)y)

θf(x) + (1-θ)f(y)

f(y)

Figure 5: Left: Example of a convex function. For any two points x, y ∈ dom(f), the chord θf(x)+(1−θ)f(y), θ ∈
[0, 1] lies above the function value f(θx + (1 − θ)y), θ ∈ [0, 1]. Right: Example of a non-convex function2. We see
here that there exist points x and y for which the chord lies below the curve between f(x) and f(y).

2In fact, this is an example of a quasiconvex function f , meaning that all sublevel sets Sα(f) = {x | f(x) ≤ α} are convex sets.
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As we can see in Figure 5, convexity is not a necessary condition for a function to have a unique global minimum. The
right plot shows an example of non-convex function having a unique global minimum.

2.2 First-order conditions for convexity
We will see that for differentiable and twice differentiable functions, it is possible to define convexity in terms of
first- and second-order conditions for convexity. Note that all the definitions of convexity are equivalent when the
appropriate level of differentiability holds (for more information, see [2]).

Lemma 2 (First order condition for convexity). A differentiable function f is convex iff dom(f) is convex and ∀x, y ∈
dom(f),

f(y) ≥ f(x) +∇f(x)>(y − x)

Proof. ( =⇒ ) Suppose f is convex. By definition of a convex function, dom(f) is convex. Let x, y ∈ dom(f) and
θ ∈ [0, 1],

f((1− θ)x+ θy) ≤ (1− θ)f(x) + θf(y) (definition of convexity)
=⇒ f(x+ θ(y − x)) ≤ f(x) + θ(f(y)− f(x))

=⇒ f(x+ θ(y − x))− f(x)

θ
≤ f(y)− f(x)

=⇒ f(x+ θu)− f(x)

θ
≤ f(y)− f(x) (u = y − x)

=⇒ ∇uf(x) ≤ f(y)− f(x) (taking θ → 0)

Since∇uf(x) = 〈∇f(x), u〉 = ∇f(x)>u = ∇f(x)>(y − x), the result follows.

(⇐= ) Suppose dom(f) is convex and

∀x, y ∈ dom(f), f(y) ≥ f(x) +∇f(x)>(y − x)

Let x, y ∈ dom(f), θ ∈ [0, 1].

By the convexity of dom(f), z = θx+ (1− θ)y ∈ dom(f)

Applying the above inequation using z:

f(x) ≥ f(z) +∇f(z)>(x− z) (1)

f(y) ≥ f(z) +∇f(z)>(y − z) (2)

Multiplying inequation (1) by θ, inequation (2) by 1− θ and adding, we get:

θf(x) + (1− θ)f(y) ≥ θ(f(z) +∇f(z)>(x− z)) + (1− θ)(f(z) +∇f(z)>(y − z))
= θf(z) +∇f(z)>(θx− θz) + (1− θ)f(z) +∇f(z)>((1− θ)y − (1− θ)z)
= f(z) +∇f(z)>(θx+ (1− θ)y − z)
= f(z)

= f(θx+ (1− θ)y)

Intuitively, this says that for a convex function, a tangent of its graph at any point must lie below the graph. This is
illustrated in Figure 6.
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x     
   

g(y) = f(x) + f’(x)(y-x)

f(y)

x   

g(y) = f(x) + f’(x)(y-x)

f(y)

Figure 6: Example of a convex and a non-convex function illustrating the first-order condition for convexity. For the
convex function on the left, all possible tangents will lie below the graph. However, for the non-convex function on
the right, there exists a tangent such that it lies above the graph for some points in the function’s domain.

2.3 First- and second-order conditions for convexity
Before discussing the second-order condition for convexity, let us review the multivariate generalization of a second
derivative, namely a Hessian:

∇2f(x) =


∂2f
∂x2

1

∂2f
∂x1∂x2

. . . ∂2f
∂x1∂xd

...
...

. . .
...

∂2f
∂xd∂x1

∂2f
∂xd∂x2

. . . ∂2f
∂x2

d


For a function f : R→ R, f(x) = h

2x
2, the second derivative f ′′(x) = h corresponds to a measure on how quickly the

slope of the function can change. Similarly, the Hessian represents the curvature of a function f with dom(f) ⊆ Rd.
A multivariate quadratic function f can be written as f(x) = 1

2x
>Hx, where H is the Hessian. The eigenvalues of

the Hessian determine the curvature of the function along its eigenvectors. Consider the eigendecomposition3

H = QΛQ> (3)

where

Λ =


λ1

λ2

. . .
λ4


Changing the basis to Q, we can focus on the directions described by Q = [q1, q2, . . . , qd]. Then, along the direction
qi, we get the curvature λi. Figure 7 illustrates the curvature of a convex quadratic function. Note that not every
quadratic functions are convex (see Lemma 4).

Definition 5 (Positive semi-definite). A symmetric matrix M ∈ Rd×d is positive semi-definite if

∀x ∈ Rd, x>Mx ≥ 0

In that case, we will use the notation M � 0.

A positive semi-definite matrix does not necessarily have all positive elements 5. However, as we will see in the next
theorem, its eigenvalues λi are non-negative.

3The Schwarz Theorem implies that the Hessian is always a symmetric matrix. Applying the spectral theorem, it can always be decomposed in
the mentioned form, with Q an orthogonal matrix, i.e., Q−1 = QT .

4Most eigendecomposition algorithms return eigenvalues in non-decreasing order.
5There exist matrices with all positive entries, that are not positive semi-definite, and there exist positive semi-definite matrices that have negative

elements
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q1

q2

f(x)<1

f(x)<2

f(x)<3

f(x)<4

q1 q2

Figure 7: Left: Looking along the principle directions of the quadratic function f(x) = 1
2x
>Hx, we see that the

curve changes faster along q1 than q2. Here4, λ1 > λ2. Right: Cross-sections along q1 and q2, showing that f has
higher curvature along q1 than q2.

Theorem 1 (Characterization of a positive semi-definite matrix). A symmetric matrix M ∈ Rd×d is positive semi-
definite iff all its eigenvalues λi are non-negative: ∀i ∈ {1, . . . , d},

λi ≥ 0

Proof. Suppose M � 0 and denote vi an eigenvector associated to λi. Then, using the definition of an eigenvalue and
eigenvector, we have ∀i ∈ {1, . . . , d},

0 ≤ v>i Mvi = v>i λivi = λi‖vi‖2

Hence, λi ≥ 0.

Suppose λi ≥ 0 for i = 1, . . . , d. Then, using the eigendecomposition of M , M = QΛQ> as mentioned previously
in equation (3), ∀x ∈ Rd,

x>Mx = x>QΛQ>x︸︷︷︸
y

= yTΛy =

d∑
i=1

λiy
2
i ≥ 0

Before stating the second order condition for convexity, we will need a small but useful other lemma.

Lemma 3. A function f is convex iff dom(f) is a convex set and ∀x ∈ dom(f), v ∈ R, the real function gx,v is convex,
where

gx,v(t) := f(x+ tv)

for all t ∈ R such that x+ tv ∈ dom(f).

Proof. ( =⇒ ) Suppose f is convex, then by definition of a convex function, dom(f) is a convex set.

First, we prove that dom(gx,v) is a convex set.

∀s, t ∈ dom(gx,v), θ ∈ [0, 1], we have x+ sv ∈ dom(f) and x+ tv ∈ dom(f).
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Hence by convexity of dom(f),

θ(x+ sv) + (1− θ)(x+ tv) = x+ (θs+ (1− θ)t)v ∈ dom(f)

Therefore, θs+ (1− θ)t ∈ dom(gx.v), which means that dom(gx,v) is a convex set.

Let s, t ∈ dom(gx,v, θ ∈ [0, 1], we have :

gx,v(θs+ (1− θ)t) = f(x+ (θs+ (1− θ)t)v)

= f(θ(x+ sv) + (1− θ)(x+ tv))

≤ θf(x+ sv) + (1− θ)f(x+ tv)

= θgx,v(s) + (1− θ)gx,v(t)

Hence, gx,y is convex.

( ⇐= ) By contraposition, suppose f is not convex and dom(f) is a convex set. Then, ∃a, b ∈ dom(f), θ ∈ [0, 1]
such that

f(θa+ (1− θ)b) > θf(a) + (1− θ)f(b)

Therefore,

ga,b−a(θ) = f(a+ θ(b− a)) = f(θb+ (1− θ)a) > θf(a) + (1− θ)f(b) = θga,b−a(0) + (1− θ)ga,b−a(1)

Hence, ga,b−a is not convex.

The Lemma 3 gives us an equivalence between the convexity of a function in Rd and the convexity of this function
along any line. It will be very helpful in the next proof, as it allows us to derive results in Rd from results in R.

Lemma 4 (Second order condition for convexity). A twice differentiable function f is convex iff dom(f) is a convex
set and ∀x ∈ dom(f),

∇2f(x) � 0

Proof. [3] We begin the proof with the case where dom(f) ⊆ R and then generalize for dom(f) ⊆ Rd

Let’s suppose dom(f) ⊆ R. First, notice that the positive semi-definite condition in R is simply a non-negative con-
dition.

( =⇒ ) If f is convex, then by Lemma 2, ∀x ∈ dom(f), h > 0:

f(x+ h)− f(x) ≥ f ′(x)h and f(x)− f(x+ h) ≥ f ′(x+ h)(−h)

Hence, f ′(x+ h) ≥ f(x+h)−f(x)
h ≥ f ′(x), which means that f ′ is non-decreasing, hence f ′′ is non-negative.

( ⇐= ) Suppose f” is non-negative. By Taylor’s theorem of order 2, we have ∀x, y ∈ dom(f),∃z ∈ [x, y] such
that:

f(y) = f(x) + f ′(x)(y − x) +
1

2
f”(z)(y − x)2

Therefore, f(y) ≥ f(x) + f ′(x)(y − x), which is the first order condition of convexity.

Now let’s move on to the general case, where dom(f) ⊆ Rd.

Applying Lemma 3, f is convex iff ∀x ∈ dom(f), v ∈ Rd, the real function gx,v , defined by gx,v(t) = f(x+ tv) for
t such that x+ tv ∈ dom(f), is convex. By the above proof in R, this is true iff

g′′x,v(t) = v>∇2f(x+ tv)v ≥ 0
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Since this is for all v ∈ Rd, x+ tv ∈ dom(f), by taking t = 0, we can see that it is equivalent to ∇2f(x) � 0,∀x ∈
dom(f).

The Lemma states that for a twice differentiable function to be convex, its Hessian must be positive semi-definite.

In general, for any non-negative eigenvalue of the Hessian, the curvature of the function is non-negative along the cor-
responding eigenvector, and thus the function is convex in that direction. On the other hand, a non-positive eigenvalue
represents non-positive curvature along the eigenvector, and the function is concave in that direction. Then, we can
see that for a function to be convex, it has to have non-negative curvature, and thus non-negative eigenvalues, in all
directions.

2.4 Gradient descent
We will now study our first optimization method. Gradient descent is an iterative optimization algorithm that starts
from an initial point, and moves in the direction of the steepest descent. This makes the algorithm especially useful
for convex optimization, since for a convex function, any local minimum is also a global minimum. It can be proved
that this direction we’re looking for is given by the opposite of the gradient, hence the name of the algorithm.

Specifically, starting from an initial guess x1, the algorithm generates the sequence x1, x2, ..., xT ∈ Rd to approach
the minimum of a differentiable function f : Rd → R using the following update rule:

xk+1 = xk − γ∇f(xk),

Here, γ is called the step size, also known as the learning rate in the machine learning literature. If f is convex and γ
decays at an appropriate rate, then it is guaranteed that as T → ∞, xT → x∗, where x∗ ∈ arg minx∈dom(f) f(x) is
an optimal value.

Lemma 5. If f is a L-Lipschitz continuous differentiable function, then

‖∇f(xk)‖22 ≤ L2.

Proof. See Lemma 1.

Theorem 2. Let f be convex and L-Lipschitz continuous6. If we take T steps of gradient descent with the step size

γ =
‖x1 − x∗‖2
L
√
T

Then the following holds:

f

(
1

T

T∑
k=1

xk

)
− f(x∗) ≤ ‖x1 − x∗‖L√

T

(see [2]. Theorem 3.2)

6Although gradient descent and the theorem rely on the notion of using gradients, the function does not need to be differentiable. The algorithm,
theorem and proof still hold when any of the subgradients is used in place of a gradient at points where the function is not differentiable.
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Proof. Using the first order condition of convexity and rearranging terms, we can write:

f(xk)− f(x∗) ≤ 〈∇f(xk), xk − x∗〉

=
〈 1

γ
(xk − xk+1), xk − x∗

〉
(using gradient descent update rule)

=
1

2γ

(
−‖xk − xk+1 − (xk − x∗)‖22 + ‖xk − xk+1‖22 + ‖xk − x∗‖22

)
(using ‖a− b‖2 = ‖a‖2 + ‖b‖2 − 2〈a, b〉 and rearranging terms)

=
1

2γ

(
−‖xk+1 − x∗‖22 + ‖γ∇f(xk)‖22 + ‖xk − x∗‖22

)
(using gradient descent update rule)

=
1

2γ

(
‖xk − x∗‖22 − ‖xk+1 − x∗‖22

)
+
γ

2
‖∇f(xk)‖22

Using Lemma 5, we can thus write:

f(xk)− f(x∗) ≤ 1

2γ

(
‖xk − x∗‖22 − ‖xk+1 − x∗‖22

)
+
γ

2
L2 (4)

Let us now perform the change of variables by defining Dk = ‖xk − x∗‖. Then, from Equation 4, we have:

f(x1)− f(x∗) ≤ 1

2γ

(
D2

1 −D2
2

)
+
γ

2
L2

f(x2)− f(x∗) ≤ 1

2γ

(
D2

2 −D2
3

)
+
γ

2
L2

...

f(xT−1)− f(x∗) ≤ 1

2γ

(
D2
T−1 −D2

T

)
+
γ

2
L2

f(xT )− f(x∗) ≤ 1

2γ

(
D2
T −D2

T+1

)
+
γ

2
L2 ≤ 1

2γ
D2
T +

γ

2
L2

Adding all the terms above, we get a telescopic sum where most of the Dk terms cancel. We get:

T∑
k=1

(f(xk)− f(x∗)) ≤ 1

2γ
D2

1 +
TγL2

2

=⇒

(
1

T

T∑
k=1

f(xk)

)
− f(x∗) ≤ 1

2γT
D2

1 +
γL2

2
(5)

Since f is convex, Jensen’s inequality tells us that f
(

1
T

∑T
k=1 xk

)
≤ 1

T

∑T
k=1 f(xk). Thus, we can rewrite Equa-

tion 5 as:

f

(
1

T

T∑
k=1

xk

)
− f(x∗) ≤ 1

2γT
D2

1 +
γL2

2
(6)

Plugging in γ = ‖x1−x∗‖2
L
√
T

gives us the result

f

(
1

T

T∑
k=1

xk

)
− f(x∗) ≤ ‖x1 − x∗‖L√

T

To understand how we derived the optimal γ in the above theorem, notice that the RHS of Equation 6 is a convex
function of γ in the domain R≥0. The minimizing γ would give us the tightest bound, which can be found analytically
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using convexity by setting the gradient to zero and solving for γ.

The convergence rate we derived here for gradient descent is O(1/
√
T ), which is quite slow. We will see in the

following lectures how stronger assumptions on the function f can guarantee significantly faster convergence rates for
gradient descent. However, we obtain a convergence in average, which is very useful for some type of functions, such
as the ones that are not differentiable at their minimum.
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