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Announcement
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Lecture	videos	Ell	next	week	will	be	released	considering	the	Lunar	New	Year



Example	Distribu4ons
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Joint	and	Marginal	Distribu4ons
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Joint	and	Marginal	Distribu4ons
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Expecta4on	for	mul4ple	random	variables
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Expecta4on	for	mul4ple	random	variables
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Expecta4on	for	mul4ple	random	variables
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Covariance
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Covariance
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Variance	of	two	variables
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Condi4onal	distribu4ons	for	RVs
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Bayes’	Rule	for	RVs
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Random	Vectors

11



Random	Vectors
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Random	Vectors
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Covariance	Matrices
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Covariance	Matrices
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Covariance	Matrices

12

I
O

rxn
O --



Covariance	Matrices
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Covariance	Matrices
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Mul4variate	Gaussian
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Mul4variate	Gaussian
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MV	Gaussian	Visualiza4on
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MV	Gaussian	Visualiza4on
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MV	Gaussian	Visualiza4on
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MV	Gaussian	Visualiza4on
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MV	Gaussian	Visualiza4on
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MV	Gaussian	Visualiza4on
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The	purpose	of	computa4on	is	
insight,	not	numbers.	
-	Richard	Hamming

18



The	purpose	of	computa4on	is	
insight,	not	numbers.	
-	Richard	Hamming
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Supervised	Learning:	
Regression
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Supervised	Learning
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A	hypothesis	or	a	predicEon	funcEon	is	funcEon	O
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A	hypothesis	or	a	predicEon	funcEon	is	funcEon	
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Supervised	Learning
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A	hypothesis	or	a	predicEon	funcEon	is	funcEon		
<latexit sha1_base64="OqmzI8Nl//+p/74cqFP+W7R8mZc="></latexit>

h : X ! Y
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A	hypothesis	or	a	predicEon	funcEon	is	funcEon		

A	training	set	is	set	of	pairs	

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

h : X ! Y
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Supervised	Learning
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A	hypothesis	or	a	predicEon	funcEon	is	funcEon		

A	training	set	is	set	of	pairs	

Given	a	training	set	our	goal	is	to	produce	a	good	predicEon	funcEon	h
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Supervised	Learning
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A	hypothesis	or	a	predicEon	funcEon	is	funcEon		

A	training	set	is	set	of	pairs	

Given	a	training	set	our	goal	is	to	produce	a	good	predicEon	funcEon	h

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

h : X ! Y

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

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



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

ValidaEon	dataset	is	another	set	of	pairs	{( ̂x(1), ̂y(1)), ⋯, ( ̂x(m), ̂y(m))}
Does	not	overlap	with	training	dataset	
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Supervised	Learning
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How	to	define	“good”	for	a	predicEon	funcEon?	
Metrics	/	performance	
Good	on	unseen	data

ValidaEon	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	validaEon	dataset	

Completely	unseen	before	deployment

RealisEc	sebng
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Supervised	Learning
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How	to	define	“good”	for	a	predicEon	funcEon?	
Metrics	/	performance	
Good	on	unseen	data

ValidaEon	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	validaEon	dataset	

Completely	unseen	before	deployment

RealisEc	sebng
Hyperparameter	tuning	is	a	form	of	training

Mparameter- human

- test loss
openaizer brain Space
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Supervised	Training
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Train ValidaEon	 Test	

Not	only	for	supervised	learning
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Example:	Regression	using	Housing	Data

24 Example	from	Stanford	CS229



Example	Housing	Data
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Represent	 	as	a	Linear	Func4onh
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Represent	 	as	a	Linear	Func4onh
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Popular	choice

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

θ0 θ1

O

& learning
-
--
-

-



Simple	Line	Fit
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More	Features
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More	Features
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More	Features
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Vector	Nota4ons
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Vector	Nota4ons
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Vector	Nota4ons
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Vector	Nota4ons
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We	have	 	examples.	There	are	 	features.	 	and	 	are	d+1	dimensional	(since	 )n d x(i) θ x0 = 1
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Vector	Nota4on	of	Predic4on
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Vector	Nota4on	of	Predic4on
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hθ(x) =
d

∑
j=0

θjxj = xTθ

We	want	to	choose	 	so	that		θ hθ(x) ̂ y
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Loss	Func4on
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hθ(x) =
d

∑
j=0

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

How	to	quanEfy	the	deviaEon	of	 	from	yhθ(x)
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Least	Squares
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Least	Squares
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Solving	Least	Square	Problem

33

Direct	MinimizaEon F
--

- -

- To los0

So



Solving	Least	Square	Problem
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Solving	Least	Square	Problem
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Solving	Least	Square	Problem
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When	is	 	inverEble?	What	if	it	is	not	inverEble?	XTX
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Why	Least-Square	Loss	Func4on?	
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Why	Least-Square	Loss	Func4on?	
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Why	Least-Square	Loss	Func4on?	
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Why	Least-Square	Loss	Func4on?	
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Assume

:	random	variablex, y

:	observaEons,	or	the	datax(i), y(i)

:	deviaEon	of	predicEon	from	the	
truth,	Gaussian	random	variable
θ

:	the	actual	predicEon	error	of	the	 	example,	sampled	from	the	
Gaussian	distribuEon,	IID	(independently	and	idenEcally	distributed)
θ(i) ith



Why	Least-Square	Loss	Func4on?	
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Why	Least-Square	Loss	Func4on?	
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Why	Least-Square	Loss	Func4on?	

37



Why	Least-Square	Loss	Func4on?	
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Likelihood	FuncEon

What	is	a	reasonable	guess	of	 ?ϵ
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Why	Least-Square	Loss	Func4on?	
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Likelihood	FuncEon

What	is	a	reasonable	guess	of	 ?ϵ

Maximize	the	probability	of	Y’s	happening!
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Maximum	Likelihood	Es4ma4on	(MLE)
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Why	MLE?
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Likelihood	FuncEon

What	is	a	reasonable	guess	of	 ?ϵ

Maximize	the	probability	of	Y’s	happening?
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Likelihood	FuncEon

What	is	a	reasonable	guess	of	 ?ϵ

Maximize	the	probability	of	Y’s	happening?

Maximizing	likelihood	esEmaEon	->	 ̂ϵ



Why	MLE?
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Likelihood	FuncEon

What	is	a	reasonable	guess	of	 ?ϵ

Maximize	the	probability	of	Y’s	happening?

Maximizing	likelihood	esEmaEon	->	 ̂ϵ
Ground-truth	ϵ*
-
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Another	Solu4on	—	Gradient	Descent
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Gradient	Descent
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Gradient	Descent
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Gradient	Descent

41

-



Gradient	Descent

41



Gradient	Descent

41



Gradient	Descent
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The	direcEon	of	the	
steepest	decrease	of	J
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Gradient	Descent
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The	direcEon	of	the	
steepest	decrease	of	J

Learning	Rate



Gradient	Descent
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This	update	is	simultaneously	
performed	for	all	values	of	j	=	0,...,d.	

The	direcEon	of	the	
steepest	decrease	of	J

Learning	RateoO



Gradient	Descent
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For	a	single	training	example:



Gradient	Descent
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For	a	single	training	example:

LMS	(Least	Mean	Square)	Update	Rule



Batch	Gradient	Descent
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For	a	mulEple	training	examples:

Repeat	unEl	convergence



Local	Minimum
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Local	Minimum
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For	least	square	opEmizaEon,	are	we	likely	to	get	local	minima	rather	
than	the	global	minima	through	gradient	descent?



	is	a	convex	quadra4c	func4onJ
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There	is	only	one	local	minima	for	J



Convex	Func4on
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Thank	You!	
Q	&	A
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