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Announcement
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Lecture	on	Sep	17	(Mid-Autumn	FesHval)	is	rescheduled	to	Sep	23	
(Monday)	from	130pm	-	250pm	at	LG3009.
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A	training	set	is	set	of	pairs	

Given	a	training	set	our	goal	is	to	produce	a	good	predicHon	funcHon	h

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

h : X ! Y

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

If							is	discrete,	then	called	a	classificaHon	problem	
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Does	not	overlap	with	training	and	validaHon	dataset	

Completely	unseen	before	deployment

RealisHc	se^ng



Supervised	Learning

5

How	to	define	“good”	for	a	predicHon	funcHon?	
Metrics	/	performance	
Good	on	unseen	data

ValidaHon	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))}
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Completely	unseen	before	deployment

RealisHc	se^ng
Hyperparameter	tuning	is	a	form	of	training

A
100K 901 -> training

loke
-
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Train ValidaHon	 Test	

Not	only	for	supervised	learning

servised

-Iunsy a -X-- *
- labeled Validation (X , YS
--

-



Example:	Regression	using	Housing	Data

7 Example	from	Stanford	CS229
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Popular	choice
-
I



Represent	 	as	a	Linear	Func=onh
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Popular	choice

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

θ0 θ1

2

A



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 = 1memo
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hθ(x) =
d

∑
j=0

θjxj = xTθ

kernel methods
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hθ(x) =
d

∑
j=0

θjxj = xTθ

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

hom to define metric

M
simil or ity
-

use



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	quanHfy	the	deviaHon	of	 	from	yhθ(x)

-
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hθ(x) =
d

∑
j=0

θjxj = xTθ

-

1/hcx -//

IlFox-i/)"
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hθ(x) =
d

∑
j=0

θjxj = xTθ
-

~ O
-
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Direct	MinimizaHon

-
nee
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Normal	equaHons
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When	is	 	inverHble?	What	if	it	is	not	inverHble?	XTX

Normal	equaHons
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Assume maximum likelihood

-

- - - Noise
- S -
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:	random	variablex, y
- noise
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random noise

men
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Assume

:	random	variablex, y

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

:	deviaHon	of	predicHon	from	the	
truth,	Gaussian	random	variable
ϵ

:	the	actual	predicHon	error	of	the	 	example,	sampled	from	the	
Gaussian	distribuHon,	IID	(independently	and	idenHcally	distributed)
ϵ(i) ith

(i) cith &
E E

-

-

-

⑧
remem
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ENCO , 17
-

#-
X ~ NCW, 62 S= y-pix
-

auth
, al

ax+ b =NC
~
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~An-An) = PrA PLANIA R PLAsIA ,
Ans -

---

-

one data example

-

uM-
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FuncHon	of	θ2
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Likelihood	FuncHon

-

~
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Likelihood	FuncHon

What	is	a	reasonable	guess	of	 ?θ
-
-
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Likelihood	FuncHon

What	is	a	reasonable	guess	of	 ?θ

Maximize	the	probability	of	Y’s	happening!

M
-

-

-anymax (10) = arganax log (cosO O
-
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Maximum	Likelihood	Es=ma=on	(MLE)

u-m
least square

constant N

- I

anymax
las = dry max

- E
↓I cy"-pic , ]

"

ji/

O &-
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Likelihood	FuncHon

What	is	a	reasonable	guess	of	 ?θ

Maximize	the	probability	of	Y’s	happening?
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Likelihood	FuncHon

What	is	a	reasonable	guess	of	 ?θ

Maximize	the	probability	of	Y’s	happening?

Maximizing	likelihood	esHmaHon	->	 ̂θ
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Likelihood	FuncHon

What	is	a	reasonable	guess	of	 ?θ

Maximize	the	probability	of	Y’s	happening?

Maximizing	likelihood	esHmaHon	->	 ̂θ
Ground-truth	θ*
-
-& Foto- -



EnteOf unbiased estimator
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biused estimator
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Another	Solu=on	—	Gradient	Descent
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hθ(x) =
d

∑
j=0

θjxj = xTθ
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The	direcHon	of	the	
steepest	descrease	of	J

↓
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The	direcHon	of	the	
steepest	descrease	of	J

Learning	Rate

-

-



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

The	direcHon	of	the	
steepest	descrease	of	J

Learning	Rate

-
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For	a	single	training	example:

#
-
T
linear
-
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For	a	single	training	example:

LMS	(Least	Mean	Square)	Update	Rule
-



Batch	Gradient	Descent
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For	a	mulHple	training	examples:

Repeat	unHl	convergence

-



Local	Minimum
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j&-orgradientC
-

lobal minimum
- gim



Local	Minimum
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For	least	square	opHmizaHon,	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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Evidence lower bond (ELBO) Jensen
- inequality
----mmemM Gm
-

matrix
Hessian"

tx+ 2- +by↓ tit to Xc + +s X) +Crt. · - ts)X4] -
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