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Course	Quota
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Quota	has	been	increased	to	82,	currently	90+	on	waiLng	list



A,endance	Quiz	APP	Download
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Linear	Independence
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Linear	Independence
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Rank	of	a	Matrix
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Proper>es	of	Rank
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The	Inverse	of	a	Square	Matrix
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Orthogonal	Matrices
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Span	and	Projec>on
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Range
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Null	Space
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Determinant
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Determinant:	Example

14



The	Determinant
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The	Determinant
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The	Determinant:	Proper>es
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The	Determinant:	Proper>es
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Eigenvalues	and	Eigenvectors
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Gradient	over	Matrix
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Gradient	over	Vector
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The	Hessian
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Gradients	of	Linear	Func>ons
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Common	Gradient	Formula
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Least	Squares
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Outline
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Linear	Algebra	Review

Probability	Review



Basic	Concepts
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Condi>onal	Probability	and	Bayes’	Rule
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Law	of	Total	Probability
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Chain	Rule
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Independence
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Random	Variable
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Probability	Mass	Func>on	(PMF)
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Cumula>ve	Distribu>on	Func>on	(CDF)
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Probability	Density	Func>on	(PDF)
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Expecta>on
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Condi>onal	Expecta>on
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Proper>es	of	Expecta>on
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Example
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Variance
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Example	Distribu>ons

42



Joint	and	Marginal	Distribu>ons

43



Joint	and	Marginal	Distribu>ons
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Expecta>on	for	mul>ple	random	variables
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Covariance
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Variance	of	two	variables
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Condi>onal	distribu>ons	for	RVs
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Bayes’	Rule	for	RVs
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Random	Vectors
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Covariance	Matrices
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Mul>variate	Gaussian
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MV	Gaussian	Visualiza>on
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MV	Gaussian	Visualiza>on
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MV	Gaussian	Visualiza>on
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MV	Gaussian	Visualiza>on
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The	purpose	of	computa>on	is	
insight,	not	numbers.	
-	Richard	Hamming
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hSps://www.youtube.com/@3blue1brown/courses



Supervised	Learning:	Regression
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COMP	5212	
Machine	Learning	
Lecture	2



Supervised	Learning
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A	hypothesis	or	a	predicLon	funcLon	is	funcLon	

X

Y



Supervised	Learning
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A	hypothesis	or	a	predicLon	funcLon	is	funcLon		

A	training	set	is	set	of	pairs	

Given	a	training	set	our	goal	is	to	produce	a	good	predicLon	funcLon	h

<latexit sha1_base64="OqmzI8Nl//+p/74cqFP+W7R8mZc="></latexit>

h : X ! Y

<latexit sha1_base64="pe0+xbdedd9QwOBLMZlcBTcUGdQ="></latexit>YIf							is	conLnuous,	then	called	a	regression	problem	

If							is	discrete,	then	called	a	classificaLon	problem	
<latexit sha1_base64="pe0+xbdedd9QwOBLMZlcBTcUGdQ="></latexit>Y



Supervised	Learning
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How	to	define	“good”	for	a	predicLon	funcLon?	
Metrics	/	performance

| ̂y − y * |
		is	the	predicLon,	 is	the	trutĥy y *

<latexit sha1_base64="jwdpbqUDkH6upcQR/udxLvXr2YI="></latexit>

I(ŷ = y⇤) =
(
1, ŷ = y⇤
0 otherwise



Supervised	Learning
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How	to	define	“good”	for	a	predicLon	funcLon?	
Metrics	/	performance	
Good	on	unseen	data

ValidaLon	dataset	is	another	set	of	pairs	{( ̂x(1), ̂y(1)), ⋯, ( ̂x(m), ̂y(m))}
Does	not	overlap	with	training	dataset	

Which	curve	to	choose?	



Supervised	Learning
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How	to	define	“good”	for	a	predicLon	funcLon?	
Metrics	/	performance	
Good	on	unseen	data

ValidaLon	dataset	is	another	set	of	pairs	{( ̂x(1), ̂y(1)), ⋯, ( ̂x(m), ̂y(m))}
Does	not	overlap	with	training	dataset	

Test	dataset	is	another	set	of	pairs	{(x̃(1), ỹ(1)), ⋯, (x̃(L), ỹ(L))}
Does	not	overlap	with	training	and	validaLon	dataset	

Completely	unseen	before	deployment

RealisLc	sedng
Hyperparameter	tuning	is	a	form	of	training



Supervised	Training
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Train ValidaLon	 Test	

Not	only	for	supervised	learning



Example:	Regression	using	Housing	Data

65 Example	from	Stanford	CS229



Example	Housing	Data
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Represent	 	as	a	Linear	Func>onh
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Popular	choice

The	funcLon	is	defined	by	parameters	 	and	 ,	the	funcLon	space	is	
greatly	reduced

θ0 θ1



Simple	Line	Fit
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More	Features
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Vector	Nota>ons
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We	have	 	examples.	There	are	 	features.	 	and	 	are	d+1	dimensional	(since	 )n d x(i) θ x0 = 1



Vector	Nota>on	of	Predic>on
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hθ(x) =
d

∑
j=0

θjxj = xTθ

We	want	to	choose	 	so	that		θ hθ(x) ≈ y



Loss	Func>on
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hθ(x) =
d

∑
j=0

θjxj = xTθ We	want	to	choose	 	so	that		θ hθ(x) ≈ y

How	to	quanLfy	the	deviaLon	of	 	from	yhθ(x)



Least	Squares

73

hθ(x) =
d

∑
j=0

θjxj = xTθ



Solving	Least	Square	Problem
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Direct	MinimizaLon



Solving	Least	Square	Problem
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When	is	 	inverLble?	What	if	it	is	not	inverLble?	XTX

Normal	equaLons



Thank	You!	
Q	&	A
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