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for all FEF

we want F argue
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Learner
A D FEF Depends on D

where F x ̅ x'̅w̅ and w̅ Atn



Algorithm Closed form linear regression Learner

input D x ̅ y Xn yn
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Selectingthestepsize
1 constant y ZE 0,8

2 Inverse decaying 2
t

72 where 2,7 0,8

3 Exponentialdecaying y't y where y.AE 0,8

4 Normalized gradientqh.gggpy
where z.ee
Eis small
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Hogwell wJT
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Algorithm BGD Linear Regression Learner

with a constant size

input D x y Exn ya Z T number of

w̅ random vector in R
epochs

for t 1 T

V E w̅ y

w̅ w̅ 20 w̅

return F x ̅ x ̅ w̅
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Computation

Closedform O nd tot

BD O not

if Tcd O ndt O nd O nd d

BGD is more computationally efficient

if Tad

IEE.it
t
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Xbti Ybti i X2b Y2b

M 1 bti YIM1 BH o s Mb YM

b mini batch size

M floor number of mini batches



We don't use datapoints at Mb

so we don't use n Mbeb datapoints
mb

w̅ y meet Mmlw̅ i EmDbt

Algorithm MBLD Linear Regression Learner

with a constant size

input D x y TxuYn Z T b

w̅ random vector in 112

M floor 1

for t l T

Randomly shuffle D

for m 1 M
mb

E if b w̅ y x ̅

w̅ w̅ ZOE w̅

return F x ̅ w̅



Advantage is MT is now the number

of gradient steps

setting b n M 1 gives
back BGD

b Man gives
stochastic GD SGD



polynomialRegression

Op X Z is a degree p polynomial feature map

For X R Z R where p
1
ptp

1

Fp flf R R and f x ̅ 0p x ̅ w̅ w̅ er

F CFC CFp

F f Fp 0

Ex r n a
F x ̅ 0LxT̅É

Fp x ̅ 0p x ̅TÉp

If cx ̅ xt̅w̅

for large p



EvaluatingPredictorsmodels

Qctiveformal
Define a learner A Xx 9 f f X y

such that E L ACD is small

DfgA D Empirical Risk Minimization
ERM

Estimations
Use to estimate L f for all FEFC Hf X33
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



IIDefodependsonDthen
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
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Aa fsayes arymin f

f Eff f X y

f argmin L f
FEFF any function class F argyi f

t.DE IiEtf'IifkI di thin
Irreducible

EE Error AE Error IE

IrreducibleErrors Due to inherent noise in labels

Decreases if you gather more better feature info

Usually not possible to do irreducible

ins.IE

atronError Due to random data set
Decreases if you increase in

Increases if you increase F
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Eiiiiiiii.i.imtsDtest
Xn mti Yn m Rn Yn

Dtrain n m Drest M

A Ptrain Fp argy p traulf F c CF
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BrasVariancetradeoff

E L f Let l be squared loss

if f
AE

EEFEEiFFT FeIEeIt ultimes
Variance Var folk x ̅ Bras IE
where F x ̅ E F X x ̅ expected predictor

Effects of changing
F n on Bras Varrance

Bias if F

Variance if n

if F



Regularizations

let w̅ Wo W Wp ERP

Cervaton large values of wollwb.o.ms it leads

to more complex fp x ̅ 0plxI̅w̅

1117111
Penalize large weights

Regularization
parameter

0,8tÉfÉÉ
Éj LRegularized

estimated 5 0 not included

loss

IIIIII.TT
Decreases if x decreases

Variance Elf x x ̅ Fx
Increases if X decreases

Decreases if n increases



F argy Ex f

nap
Underfitting Overfitting
High Bias Low Bias

Low Variance High Variance
test f
F

I 101 102 10 3 104 X
100 10

I

w̅ angmin w̅ using squared loss
w̅ ERH

where a I E w̅ y w

BGD
w̅ 24 w̅



MLE

Bayes argmin L f
fE flf X033

assume squared loss and Regression

frayestx ̅ ELY x ̅ x ̅

Y Penly ix ̅ dy

Use D to estimate prix

MLEBasics
D Z Zn and Zi are i i d with pz

Assume Pz is based on some parameter w

You are give a fixed data D Zn Zn

WMLE argmax
pettifhood

WEW

argument
logppedingmative

log likelihood



argumen log I p z.ws

argument log p z.ws

EstimatingRI

D X Y XnXn E X 9 PD PD

x ̅ Y are i i d with Px y and Px ̅

Assume Yi x ̅ x ̅ N w̅ 1

pyx.ly D exp

f
É

w̅ MLE anggin Ef

arggpi.in w̅

fpayesx ̅ x ̅t w̅MLE



MAI
If Prix is a function of some parameter we W
then we just need to estimate that parameter

MLE arg PDlwI if p z w

find w that maximizes the likelihood of thedata

MAP argmainPlwIn posterior

find w that is themost likelygiven the data

Wmap argue P WID

argue P

Pirate

argm.in ogs
argminEeeEr.or



arginine log p Diw Plw

arg log PID w logpcw

if n large then WMAD WMLE

if p w C a constant then WMAD WMLE

if Var W is large then WMAD WMLE

small then Wmap W

Estimatingffe
D X Y Ina E X 9 PD PD

x ̅ Y are i i d with Px y and Px ̅

Assume Yi x ̅ x ̅ N Éw̅ 1

Pyx ̅ lYlx ̅ ta exp

Assume W N 0 are i i d for EEl d



and Wo N O T for very large

Uniform a a for large a

Wo is independent of W for all ye 1 d

Wmap argmaxw̅ER P WID

argmeip.lt
iw wi

It utmost regularizer

argufipoti w̅

fpayesx ̅ x'̅T MAP



FEE.fi piace o.yx are ii d for je 1 d

and Wo Laplace O b for very large b

Uniform a a for large a

Wo is independent of W for all jE 1 d

Wmap argmaxw̅ER P WID

argjep.nlE aiwI x lw1


