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Q&A
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Q: How can I get more one-on-one interaction with the 
course staff?

A: Attend office hours as soon after the homework release 
as possible!



Reminders

• Homework 3: KNN, Perceptron, Lin.Reg.
– Out: Mon, Feb. 22 
– Due: Mon, Mar. 01 at 11:59pm
– IMPORTANT: you may only use 2 grace days on

Homework 3
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OPTIMIZATION METHOD #1:
GRADIENT DESCENT
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Optimization for ML

Chalkboard
– Unconstrained optimization
– Derivatives
– Gradient
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Topographical Maps

Franconia Ridge by Jeff P / CC BY

https://flic.kr/p/azSZZG
https://creativecommons.org/licenses/by/2.0/
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Topographical Maps

Franconia Ridge Trail  by Roy Luck / 
CC BY

https://flic.kr/p/28UcuN2
https://creativecommons.org/licenses/by/2.0/


Gradients
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Gradients

11
These are the gradients that 

Gradient Ascent would follow.



(Negative) Gradients
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These are the negative gradients that 

Gradient Descent would follow.



(Negative) Gradient Paths
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Shown are the paths that Gradient Descent 
would follow if it were making infinitesimally 

small steps.



Gradient Descent

Chalkboard
– Gradient Descent Algorithm
– Details: starting point, stopping criterion, line 

search
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Gradient Descent

16

Algorithm 1 Gradient Descent

1: procedure GD(D, �(0))
2: � � �(0)

3: while not converged do
4: � � � + ���J(�)

5: return �

In order to apply GD to Linear 
Regression all we need is the 
gradient of the objective 
function (i.e. vector of partial 
derivatives). 
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Gradient Descent
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Algorithm 1 Gradient Descent

1: procedure GD(D, �(0))
2: � � �(0)

3: while not converged do
4: � � � + ���J(�)

5: return �

There are many possible ways to detect convergence.  
For example, we could check whether the L2 norm of 
the gradient is below some small tolerance.

||��J(�)||2 � �
Alternatively we could check that the reduction in the 
objective function from one iteration to the next is small.

—



GRADIENT DESCENT FOR
LINEAR REGRESSION
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Linear Regression as Function 
Approximation
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Linear Regression by Gradient Desc.
Optimization Method #1: 
Gradient Descent
1. Pick a random θ
2. Repeat:

a. Evaluate gradient ∇J(θ)
b. Step opposite gradient

3. Return θ that gives 
smallest J(θ)

20

θ1

θ2

θ1 θ2 J(θ1, θ2)

0.01 0.02 25.2

0.30 0.12 8.7

0.51 0.30 1.5

0.59 0.43 0.2

t

1

2

3

4

J(θ) = J(θ1, θ2) = (10(θ1 – 0.5))2 + (6(θ1 – 0.4))2
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Linear Regression by Gradient Desc.
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Linear Regression by Gradient Desc.
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Optimization for Linear Regression

Chalkboard
– Computing the gradient for Linear Regression
– Gradient Descent for Linear Regression
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Gradient Calculation for Linear Regression
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[used by Gradient Descent]



GD for Linear Regression
Gradient Descent for Linear Regression repeatedly takes 
steps opposite the gradient of the objective function
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��������� ͕ 
� ��� ������ ����������

͕ǣ ��������� 
���ȋDǡ ✓(0)Ȍ
͖ǣ ✓  ✓(0) . ���������� ����������
͗ǣ ����� ��� ��������� ��
͘ǣ ; 

PN
i=1(✓

T t(i) � y(i))t(i) . ������� ��������
͙ǣ ✓  ✓ � �; . ������ ����������
͚ǣ ������ ✓

<latexit sha1_base64="gWGdHQfN8j09yYTmSWy+s/g3Usg="></latexit>



CONVEXITY
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Convexity

29



Convexity

Convex Function

• Each local minimum is a 
global minimum

Nonconvex Function

• A nonconvex function is not 
convex

• Each local minimum is not
necessarily a global minimum 30



Convexity
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Each local 
minimum of a 

convex function is 
also a global 

minimum.

A strictly convex 
function has a 
unique global 

minimum.



CONVEXITY AND LINEAR 
REGRESSION
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Convexity and Linear Regression
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The Mean Squared Error function, 
which we minimize for learning 

the parameters of Linear 
Regression, is convex!

…but in the general case it is not 
strictly convex.



Gradient Descent & Convexity
• Gradient 

descent is a 
local 
optimization 
algorithm

• If the function is 
nonconvex, it 
will find a local 
minimum, not 
necessarily a 
global minimum

• If the function is 
convex, it will 
find a global 
minimum
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Regression Loss Functions

In-Class Exercise:

Which of the following 
could be used as loss 
functions for training 
a linear regression 
model? 

Select all that apply.
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Answer:

Solving Linear Regression
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Question:



OPTIMIZATION METHOD #2:
CLOSED FORM SOLUTION
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Calculus and Optimization

In-Class Exercise
Plot three functions:
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Answer Here:



Optimization: Closed form solutions

Chalkboard
– Zero Derivatives
– Example: 1-D function
– Example: higher dimensions
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CLOSED FORM SOLUTION FOR 
LINEAR REGRESSION
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Linear Regression as Function 
Approximation
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Linear Regression: Closed Form
Optimization Method #2: 
Closed Form
1. Evaluate 

2. Return θMLE
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θ1

θ2

θ1 θ2 J(θ1, θ2)
0.59 0.43 0.2

x

y

y = h*(x)
(unknown)

t
MLE

h(x; θ(MLE))

J(θ) = J(θ1, θ2) = (10(θ1 – 0.5))2 + (6(θ1 – 0.4))2



Optimization for Linear Regression

Chalkboard
– Closed-form (Normal Equations)
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