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Mean neural network haveemerged as a powerful
tool to solve complex problems and

manyof the
successes of the ongoing AI revolution would
be unthinkable without such tool
Examples include Deepfakes

AlphaGO
Snapchatfilters
Trolls Chattet

But also Medicaldiagnosis date

Self driving cars robotics

Advertising data
Translation

Autopilot

List of links to videos tutorials available on clen website
aim to develop a mathematical theory explaining
this success



the price of texes crude oil and the price of diesel
giving rise to a database

D 11 5 ec

We can plot the dataset ay
and plot the linear regression

Then for a new day measuring the price of crude
we can predict

Ynew β new

Question what can I sayaboutmy prediction
is it going to be accurate

We now introduce a settingwherethisquestion can beformulated

Classical Supervised Learning problem

Given a dataset trainingset DLP that we aim to team
Tetethe world

xi yi e XxY it 11 in



where

i e X are the inputs features covariates

whatyou have
dependent treats

text
P

y e Y are the output labels responsescancome.es

code whatyou predict
independentariables outcome

music

throughout this class we will assume that

Xi yi if P oxidy e Mi X 7

unknown

and disintegrate Pldxdy Pyx x dy Px dx

Note We distinguish between Ye RI regression

Ye K classification

E Éfiu X R y.ir
Pyx N β x 1

in other words yi β x E E No

Example Clarification X Rd 4 1 1,1
Px unknown Py in 1 TH IT x Fx



Decetheary what the engineerdecides

Find f X If such that for a new Huayna n P

fknew yuer fix approximateswell y

To perform evaluate a prediction we have to fix

meeting lection
e 4 9 R

returning the cost elyy of predicting yey when the label
is yeY This induces

expected loss
ten

Xxy
a proxy for this quantity is the excise training ever

RIF Clyi fix

Emple regression Ely y 11y 9112 MSE



R f Ifk y 11Plok dy

Ralf fƩ If ki gill xinyi if P

Emple linearregime for a given Fp no β we

have
R β ftp.x yj.i f.Pxldddy

1122

Ei
J β β Pxld
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Emple classification 0 1 ely y y y

RIF 1 FW y Plokdy IP FIX y

Elpe classification logistic fly y logle expl

yy.IRf Eea 1 expl yfW Effu.Pxlek
andpredict with signflx thelarger1171411themoreSue
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a m a hypothesis class

Fe f X Y
the class of functions where we search for the optimal
approximeter

Usually we work with peeticmodels for a pacem
spece

Fo fo X Y be

classes offunctions indexed by a parameter

Example linear regression Rd Fo m β βe

Exemple logistic regression Rd Fo 1 éβ feb 1

Example memelnetworks next class

an optimisation algorithm

ATYEF DIP ftp

often such algorithms aim to minimize on Fo
This strategy is called Empirical Risk Minimization ERM



Emple linear regression

Writing RIP FEI β y

iii Fit f ix t.gl
we find a minimiter bysetting

DpRIP I
T
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A IX 51 xx Xty

Suey for a given P e Fo ft we study
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so we decompose it into a sum of teams

R fé puff RIF RIFE f R Fo If Rlfa fief If

Fuletourish Tuetoner Tappreimatoner
ANALYSIS F

typically typically

we can further decompose the estimation error as

Rife Rfa Rfi Etfs IR fi Elfa Rlfa Rlf
Few TomenteTelephone

STA D OPT 1St F
eachpart of this ena competes a differentelementandbe

Irking Ye E it E Ele o Verki r
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Progeny general finite widthneuralnetworks

Definition
Expressivity

unsatisfactory
Training
Generalisation founds when u in

a width NN 2 regimes NTK MF

NTU linear behavior of trainingmore satisf

but still generalisation analysis
not done MF nonlinear training behavior

optimality
Differences between two regimes

Extensions to RL RNNs generative

Logistics website contains up to date info on class

notes published on website

exam presentation for those who come to
class the oral exam

THU class alternating not this week

discuss open problems


