
DS 4440
More on

Linear Models

Last Time The Perceptron
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1 if W x of Assumes bias

terms folded
1 otherwise into Xi W

Given X Y we This i e

find w̅ to to minimize a loss

L ji g
if j y

1 otherwise

This is a 0 1 loss It's simple
but not a great choice Why
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signed Margin

One alternative Hinge loss
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signed Margin

But There are many loss functions
we can use



In general

arg min L x y w
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argmin Lexi Yilw
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Only minimizing loss
may result

in Overfitting So we often add

Regularization on parameters e.g
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Regularizer



is a hyperparameter That dictates

regularization Strength

TAX bias Lower variance

ferfitting
train

I
Test

exiy

CentralQ.Howtofindwf.me
did something kind of ad hoc

for Perception A more general
Strategy and The workhorse of
Deep learning is gradient based



g

gOptimization.A
quick refresher
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Minimum Value is where
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Refresher Derivative Rules
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Gradients
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If f maps to
my outputs

we have a Jacobian
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Useful Identities

AinmathbbRntimesmxinmathbbRmtimes1nablaxAxA
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A it ldotsA im

overlineAinmathbbRntimesmxinmathbbR1timesn nablaXtimesAAT
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rightarrownablaxtimesAAT

Elementwise Operations
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IE.ci 2 xexm Lo
Exams

Revisiting The Start of Today
let's consider The of Hinge
loss 12 Regularizer Exercise

L Wxi y Max 0 1 wx

It ÑiDt w

Y Wxi
IEEE

Y X t W 2W when j k

Trops if is Max



from an

MLviewLeastSquares regression
1

botnleftdrightnleftleftdrightright

X wY

ParametersTrainingdata

Lsum_i1nfracleftyixiwright2hatyileftyxwright2L

nablawleftyxwright2leftfracpartialMpartialwrightTcdotnablaMleftMright2
incoming gradM Jacobian



XTcdot2cdotM2XTleftyxwright
2xTy2xTxWdx1dtimesd

dtimes1fracdtimesnntimes1dtimes1
Set To

overrightarrow0

XTXWXTy
WleftXTxright1xTy

For L R we can solve

analytically.But
not always The case

A more flexible approach is



Gradient Descent an iterative

Optimization algorithm

hatWleftT1righthatWleftTrightalphanablaWLleftxyWleftTrightright
learning

rateusuallybatchedLet's
see in Colab


