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hIps://jxhe.github.io/teaching/comp5212s24
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A	hypothesis	or	a	predicQon	funcQon	is	funcQon		

A	training	set	is	set	of	pairs	

Given	a	training	set	our	goal	is	to	produce	a	good	predicQon	funcQon	h

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

h : X ! Y

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

If							is	discrete,	then	called	a	classificaQon	problem	
<latexit sha1_base64="pe0+xbdedd9QwOBLMZlcBTcUGdQ="></latexit>Y
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How	to	define	“good”	for	a	predicQon	funcQon?	
Metrics	/	performance

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

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

I(ŷ = y⇤) =
(
1, ŷ = y⇤
0 otherwise
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Does	not	overlap	with	training	and	validaQon	dataset	

Completely	unseen	before	deployment

RealisQc	se`ng
Hyperparameter	tuning	is	a	form	of	training
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Train ValidaQon	 Test	

Not	only	for	supervised	learning



Example:	Regression	using	Housing	Data

9 Example	from	Stanford	CS229



Example	Housing	Data

10



Represent	 	as	a	Linear	Func=onh

11

Popular	choice



Represent	 	as	a	Linear	Func=onh

11

Popular	choice

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

θ0 θ1



Simple	Line	Fit
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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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hθ(x) =
d

∑
j=0

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

How	to	quanQfy	the	deviaQon	of	 	from	yhθ(x)
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Direct	MinimizaQon
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When	is	 	inverQble?	What	if	it	is	not	inverQble?	XTX

Normal	equaQons
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Assume

:	random	variablex, y

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

:	deviaQon	of	predicQon	from	the	
truth,	Gaussian	random	variable
ϵ

:	the	actual	predicQon	error	of	the	 	example,	sampled	from	the	
Gaussian	distribuQon,	IID	(independently	and	idenQcally	distributed)
ϵ(i) ith
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FuncQon	of	θ
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Likelihood	FuncQon

What	is	a	reasonable	guess	of	 ?θ

Maximize	the	probability	of	Y’s	happening!
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Maximum	Likelihood	Es=ma=on	(MLE)
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Likelihood	FuncQon

What	is	a	reasonable	guess	of	 ?θ

Maximize	the	probability	of	Y’s	happening?

Maximizing	likelihood	esQmaQon	->	 ̂θ
Ground-truth	θ*
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hθ(x) =
d

∑
j=0

θjxj = xTθ
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Learning	Rate
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This	update	is	simultaneously	
performed	for	all	values	of	j	=	0,...,d.	

The	direcQon	of	the	
steepest	descrease	of	J

Learning	Rate



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	mulQple	training	examples:

Repeat	unQl	convergence



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



	is	a	convex	quadra=c	func=onJ
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There	is	only	one	local	minima	for	J



Convex	Func=on
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Thank	You!	
Q	&	A
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