



































































































































EvaluatingPredictorsmodels

Qctiveformal
Define a learner A Xx 9 f f X y

such that E L ACD is small

1fgA D Empirical Risk Minimization
ERM

Estimations
Use to estimate L f for all FEFC Hf X
call the estimate f

be the FEF that minimizes

x ̅ ICH
Functionlass

When should we expect ERM to work well

When F contains an f that can make L f
small

When F is a good estimate of L I






































































































































Is Fp really a good estimate of L Fs

where A D FIEF Disarov x ̅ y

Pe.ee

i i Yii
Ieo

i e f is chosen independently of D

a Pick f
f

Gather D B
f






































































































































Then E f L f

Var f Ivar l f x ̅ Y

We are gathering data D and then pick
F E F i.e depends on D

Gather data D B

a Pick EF based on D

to






































































































































Then in general

E Fo ELL FD

l f X Y are not i i d

Fp depends on x ̅ 4 Xn Yn

It can be shown that

ELL Fo E Fo

increases as F gets more complex

decreases as n increases






































































































































E Fp
p arguff

f

nor a

fix n 100

ELLED
Generalization

iepp.gg ergn

a fix p 4

EL Fp

tioiosioisp.tt n



ImposingELADintoErrorterms

Suppose we knew Py what would we choose fort

frayes argmin f Bayes optimal predictor
fe flf x y

ᵗ

h

x ̅



Suppose we knew B but A Xx 3 F

argmin f linear functions

FEF

a

E

Suppose we didn't know B but we had a

dataset D x ̅ y Xn yn and A Xx F

I argmon f
FEF



n
n 5

fBayes

f

how about for a different dataset
D x ̅ y Xn yn

fn

fBayes

F

x ̅



How about for Fa
n

f 9
f

fBayes f

CL

How about if Fo
n

fBayes

ÉÉÉT É

overfitting



EFTYII.EE
Aa fsayes arymin f

f Eff f X y

f argmin L f
FEFF any function class F argy f

t.DEIfEtfEIifkI d mon
Irreducible

EE Error AE Error IE

What affects the different types of errors

IrreducibleErrors Due to inherent noise in labels

Decreases if you gather more better feature info

Usually not possible to do irreducible

Approximatonerror Due to a small F

Decreases if you make F larger
EmationError Due to random data set

Decreases if you increase in

Increases if you increase F



High EE small n large F

High AE
fBayes complex F simple

FD f for all ftp

iiiiiiiiiiF
ELL F ELI F ELIF E ICtTI
ELI A L E

ELL F ELI F f L E

Treasesasnincreases

increases as F getslarger



A D ftp.p argy p
f F c CH

EI E Fo

EEtiittee EEatie I tn
Error IE

I underfitting overfitting
a

wantpt.lk

p
fyfÉff1

É f

Underfitting F is too simple small compared to n

High AE Low EE

Overfitting F is too complex large compared to n

Low AE High EE



fix p 4

EL Fop

Fp

ILD.PTL fBayes

to it 103 104 its 10 107 n



In practice we only have a fixed dataset D

how can we tell if we are overfitting or

under fitting if we can't calculate L F

Estimate Fp with a different dataset Dtest

Since we can't gather new data

we split D into Dtran Drest

Dtrain Xi Y Xn m Yn m

Dtest Xn mm Yn mm Rn Yn

Dtrain n m IDrest M



A Ptrain Fp argy traulf F c CF

ann
Underfitting Overfitting

a

test
Fp

Fp

Ñypyp



BrasVariancetradeoff

E L f Let I be squared loss

E L f L fBayes tBayes
if I f

EE

Fiftieth eeiiEiittutmes
Bras IE

where F X E F X x ̅ expected predictor

Effects of changing
F n on Bras Varrance

follow the same trend as for AE EE

Bias if F

Variance if n

if F



no
Underfitting Overfitting
High Bias

High VarianceLow Variance

ˢ

test
Fp

Fp

ym g
Visualizing F X FIX IX

D D2 bz Da PD I afu
7 F

fBayes

figpif

C

i
x ̅



Regularizations

let w̅ Wo W Wp ERP

Cervaton large values of wollwb.o.ms it leads

to more complex fp x ̅ 0plxI̅w̅

f g E Fo g
will have small w

f will have large w

it

Regularization penalize large weights
If fpEFp Regularization

parameter

f
FfÉÉ

w recon

w

Regularized frigularizer
estimated 5 0 not included

loss



Minimizing f instead of f is called

Ridge Regression

Let f argy p
f f argmin f

FEF
fix F

If X increases then f gets simpler
Fxgets simpler
but f does not change

F f unless 7 0

Brasus.Varrance

Bias FX frayes I

Decreases if x decreases

Variance Elf x x ̅ Fx
Increases if X decreases

Decreases if n increases



Minimizing f

M rymin w̅ using squared loss F
w̅ ERH

where I.ws Eeg
There is a closed form solution

but it is more complicated so we use

gradient descent to find the minimum instead

w̅ 24 w̅

E 2 109 w̅

240
2
10

2

p
w̅ ke 0 o

2
15 0

2 w̅ 2wk k E1 d



2 E E x.̅tw y Xio

22 E E x.̅tw y Xik wk keeb d

F arguing x f

YÉ

h

ilas

Lol B
High VarianceLow Variance

test Fx

F

imty.io fio100 10


