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Lecture 1 .

Formal Model .
Batch Supervised Machine

Learning

✗ Domain ✗ex

Y Labels YᵗY y={on} orY:{-1,13 Class

Sh training data

5=5
"
- {My,), . .. .cn/n,ynFgY=R regression

f- : )( → Y hypothesis /predictor
prediction rule /classifier

data generation modelP stastrsicdl
data distribution
(unknown )
arbitrary

Noisy labels bet . labels

p= pay )
soon ×

, PyYI=PCYH) \y=f% and pep,d×) -



befn-loss-eslly.it) : YXY → Rt
l is a boss if llyit) ≥ 0
with Icy,zI=o iff y=Z

Ex
i EX Regression
oven yijey ftp.ZJ-cy-ZF
daily,yy = {

0 if y=y

'

I otherwise

bet Cate
: Global /generalization loss/error (risk ) ¥

of function f#→ y

R(f) = Re.pk/--EllGfrxbf9xDE-XRCfJ=Elo-iifco,fcF)--P(fcxj=f7D)



befn 2.1 Expected Rest / loss .

N°154 '"bᵈcaH Randomness

Given liyxjy → Rt lsssfn when f is nonrandom

p pnbtistm x×Y (f) is number
fix> tf

"" ""
the expected nstllsss off is then

Rcf)=Rp,eCfJ=E[lCy,-507] fo-AC.sn) %an%m
funck .

=fy×yl(y ,fHDdp%Y) ⇒ Klf] random
variable

Defn2_2 Empirical Rest and

Given liy
→ Rt lsssfn (f) riv .

Data 5--5
"
- {child, cxnifn}

fix> tf n

R^CfJ= #sn.ec/-J=ntEllyo,fCXiDi--i



Dealing with noisy labels :

Given ×
'

y~p.tt/xDpx.yCx,y1befine--cmditmdlwskforanyz-eYrcz-lxD
--E[lCy,z) /⇐ ×

'] = Jllyiedpfy /xD

¥ 1-4
" ' 17--08 D- Is ,

⇒
= -1

p -0.2 NUH) = 0.2

rate -78

RCf2=E[lCy,⇔] = E- [HEMIN]
xm~µy X-p.×

×¥¥%



Defy f ? KOY is a Bayes predictor /fn

if f%)€ avymin E- [lly.tl/x=x
']

2- c-Y
= avg.mn

PCE /X)
2- c-Y

P"PAa Bayes predators have risk equal to

Rt = IE [ inf rczlx'd]
X'~f× 2-c-Y

Note : can have more than one +110 P
-

- °'S

g-
•

(d) = +1 or -1 -io×p=
-

Defy Excess Risk

The excess nstof f is RCA -☒
•

(always≥o) .



Cases

Binary Class : f- 7×4- argmax P(y=zx=X
)

2- £53BÉ
R*= ☒ [minlnixi, 1-next]

Keogh : 9=113 fly,z)=Cy-zP
f-
*
(x1) = Elly / ✗ =x']



2-3.2 Empirical Risk Minimization (
ERM)
errand 171st /by

choose f to minimize Pdf )
even though really care about

(f) generator Loss / Exp
- Rest

bed Hyp Class

Hi { to :X → y I 0£03

EI Feature 4 :X→Rd clan = Chad, claw)+

fond = OTYCX] , @ c- ☒ D= -0

Do : min * (f) ⇔ mini R^lf•]
@c- ⊖

felt ~
~

functional opt parametric opt



pros
- can optimise , using GD /SGD
-

can be applied in high dim

Cons
- harder opt in non-convex case (NN)
→ need a good feature vector

- by experts
- learned by nn (no theory

- need to control overfitting
- in classification case

,
need to deal

with optimization on real values
→ round to classy. (solved using score

basedlosses )



2.31 Compare to
" Local Averaging

" methods

instead of learning to , interpolate (average)
directly from data .

EI KNN
,
decision trees

,

K-neamstneighbors.G-vens.tl= {Chit), . cxn,Ynl }
a- IRD 9=8,13

Define : g-Cx) by :D find K nearest nbrsts ×

Ii, fcx) - majority vote of• +1 labels of nbrs .'

.

fcx) = Maj {+1,1-1,-13
•

= + I

•
t)

→



pros :
- no opt . /train
-

easy to implement
- works well lofted in lowdim

Cons :
_ slow at query time

: need to
search

- bad in high dimensions
because of curse of dim .

- the distance fn is crucial
- need to tune K hyperparam

-

can underfit loverfit with Wong k



Risk decomposition
tefn Given •l

• It = If• toe -0}
• > Sh = Ski,yp3i%

Way to get rid of randomness coming from f-& .
Still random -

✓ deterministic
Defy Approximate error :Et) = inf {Biffed -Rt}

OEF
how well can approx f-

*

using It .

Estimation Error Effed , A) = B.(f-g) - inf Rffo)
✓ random

@c-⊖

then Excess Rist = ERIfG) = R(fg )-R
'

= EE t EA



' random by 5Uniform Deviation : U /It] =

sggdtlfo-R.HN/bydefn:prfaj-Rlfq)SUlH)Effa
,#

RCf@I-ygfo.RffoI-YRCfad-Rcfa5ftfRlfoI-Rlfo.B +{Alford -RAAB
≤ E.pt#t)2U(It)tEop.t

Thʰ
Excess Rest = EA + EE

≤ EA 1- E.pt + 24Gt)
-

Dif
"

capacity to ◦refit↑
fit

↑
opt

↑

NN % control fit & opt, not cap . ML : carp opt not EA .


