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monizationprediction ; itglax = x,

O
0 . 10. .

This leads to a 0 ERM
,

but not a good predictor.



Generalization :

--

Truz R (f) =
E [e(f(x) , y3]

zisk (2 , y) ~D

Love over D = love over uneeen

Examples

R(E) = E (n (F(2) ,y
(2

,
y) -D

R(E) = R(E) - E(E) + (E)

-

generalization gap.



Assume a realizable case
,
i . e
.,

7 fatF S . t . R(fx) = 0

we have a perfect ERM

(f) = 0

& I Can we find fa ?

& 2 · Can we find a good predictor

for all datanct ?
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Pr (not seeing ) = [1-p >
M



Probablyapproximately correct: (PAC) :

Leslie Valiant (1984)

Error parameter : E

confidence parameter : 3

Pr [err(f) = [] > 1 - 8



Defn : A function class F is PAC

learnable if there exists an algorithm

A and a function me : (0 , 1)-> IN

with the following property :

For every
labelling function ↑ F ,

for every distribution
D on the instance

Space X
,
and for all

E
,
8 E(0, 1) , if

A has access of size mc,
r
-
(t , 8),

then with probability 1-5 Cover the



choices of the training set) , A outputs

a predictor E S . t.

Pr [E(m) + f(u)] < E .

x ~D



Finite

factionarean
learnea

-

Consider

Binary classification .

Theorem : Every finite function class

-

i1 PAC learnable with sample complexity

Mi (5 ,8)



Alternatively
,

I is any
ERM Obtained

Over a training set of size m
,

with

Prob .

1-8

R (Es)> /It



Iroof :

Define B = &feF : - is E-badly

- we say Es is E-bad if R(Es) > E

-

we need Pr [Eg is E-bad] 3

↳ ERM

So

Pr [Eg is E-bad) = Per [Eg in e-bad 1

S /Es) = 0]



E Pr [71EF : f is E-bad & (f) = 0]
S

= Pr [7f + B : =(f) = 0)
S

[ Pr ((f) = 0]

fEB S Cunion bound)

= E Pr [Vicim2 : f (mi) = falui)]
fEB S

= E # Pr [F(mi) = faluil]

feB i = 1

- -Pr [fi) + fo(ui))



= [ * [1 - R(719
& EB

i = 1

- E (1 - >m
& EB

= (B1 (1 - f >
M

= /F1(1 - >M

·BF

temp
s

& 1 - a < emp(-a)



1 Fl emp(-mE) < &

=>m
Sample :

F : (w/ viva) , wit 3-10, ...
0.... 103]

(Fl = 2 ,
d

m ( +,8) &21
+ 10 (4)



infiniteHamas
PAC learnabea

[p (s) = 3 f(m) , . . . f (2m)]

All possible labellinge that
the training

points could have according to F

Growth function : (max. possible labelling over
all sel

-
of1ize m)-

(πF(S))
# (m) : = max

S : Isl = m



Example :
-

fa (u) = 9 is as a

O - w .
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Example : Fa
,
b(m) = 21 sab-

&

=-
-I - I

W
. / . 0 . S < 12 < My

only 1
,
-1

,
1 is not attainable

πf(s) = 7

# (m) = mm+)



&herd boundonI
1

(1970)
Vapnik-Chervonenkin

BShaltenit :

A set s of inputs in said to be shattered

ISI

by a function clas E if It (s))
= 2



Ducdimention) :

V2 dimension of a function clas F or

v (F) is
ther size of the largest set 3

that can
be shattered by F .

To show that a function class has ve(f) = d,

we must show that

* There is a
set of a points that

is

shattered by F

* There is not set of
d + 1 points that

in shattered by F



Examples: 2
+ 1 i6 xa

-

fa (x)
:

- 1 0 . W .

D Threshold :
-

- + 1
·

- -
- t --a

&
-

- I

Anyhowet ofI canbeshate
se

can be sheltered

Thus
,

VC (F) = 1



② Intervals :
--

vc (F) = 2

③spaces :?


