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→
The predator px is chassent minimiser the empinical
risk over a parametnized set , of prédictions ,
potenhallg with régularisation

→
F : objective function composite with

empinical wsh + régularisation .

→ no closed Farm for themonimiza of F .

2 . Empinical wsh versus Expected wsh .

ttequantdz
→ Empinical risk = Training cost ← you can

observe

1- Êsllzi , px Cuit)

→ Expected wsh = Testing cost ← tteqvantily you
Ecu,a) { llz , px ( re))} really are about

" data not seen "

God : minimise
the training objective but the error of unseen data



Remonte : Two fondamental questions .

µ
optimisation

① . Compute à c- Angmin f(×)
question

② . Analyse Î : quarante Fcx) is good to
minimise tte expected risk .

" statistical question

3 on stockastic gradient descent CSGD)
Batch gradient

→
Standard gradient descent requis la compote

=
all dqtasetHe full gradient 17F

.
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Limit :{[qnainbe tfacon tte entre data
for off

→
Alternative : compute unbiasedstochastic approximationsIIpadttoftteqnadicnt.grCXK )

such that :

F- { gncxn.cl/XniY=PFlXpk.)
Atgo : Set (4) a> o

St Xo EIRD

Ah > o) xn = xn.i-ktgklxn.it



→ SRD for empirions risk minimisation

Ex) = f- Ê lci , px Luis) FH)

At each itération
,
chose unifornly random it) = f1 , - - - n } and

gkcxn) = MFR4 ( xn)

=
Fixe!I!Eing

emploi

Remonte : mini -batch variant www.IIEEN
a at each situation, aœraged gradient over a random
subset of indices

Xntr = × n -Ç ÈRE (XD

La Variance reduction of the gradient estmate
tout use more gradient soinaeax

running time

Rend : To auoid ovafilting { régularisation tam
(early shopping .

→ SAD for expected rèsh minimisation
A Expected wsh = Testing cost ← tteqvantily you

Ecu,a) { llz , px ( re))} really are about
" data not seen "

* Stockastic approximation : we assume to observe a

*patatras noisy version of the gradient = random pari of
of unum

data observations .

and we
just
see

samples \ FCx) = II { Fi (x)} = Efl ( Zi , px luit)}
expected → PFC x) = E { Rfi ( x )}
gradient

( Rq : swap Ef.} andM rnbiasedness )
µ pass other it

create deperdues .



4. Convergence of SAD ( Robbins
.
Monro algo .)

A :

{
F Comex and B- Lipschitz
F- admit a minimiser Î s -

t 4×0 - ÎHZED
• Unbiased gradient Æ{ gnlxn.dlxn.ee } = TTFCXN- c)
• Bounded gradient plgkcxa -r) Hi f132 tfkalmost
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Bycomexily analysés FCXN
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longer than Egg . FCXD- FÂD goestooif Èirs → to

and than FC -
Ftx) with In= ÊTSXS - t ft → 0

(Jensen Inequelèty) ËF



Real : Series Integral comparaisons
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Romantisme

•
Simula pnoofs for subgradient descent asnelyrng on

Fcn) ft (v) + y lu - v) with
my

e- offre)

• Word with pnojeckd gradient descent as unsiny
non- expansivity 0F tfc .

(first steps of the proof ) .

• convergence of the gradient descent

Fcxn ) - FH) f Là llxo - âll
'

→ Fast than stockastic
.

GmagenceoFsaDmHeshxnglyomexc_
Ass :

, Fonœx ,
B Lipschitz , G--F + ftp.lliadmitsar

unique minimiser Â
-

/ unbiaxd gradient
/ bounded gradient .

Set 8k¥ ,
tte ituates (m) a>oor-saostatisfy.sk
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•
Results Bach & Moulines 204
-

→
dedicaled to stockastic gradient descent with

learning rate & = en
_
×

→ stncngly smooth case .

× OCK
'

) for a=p withoutaouaging
× 0 ( k -

') for a c- ff.1 ) with aeeragmy
× Robot to the choice of c.

5 . Stochastic Proximal Gnadicnt [Rosasco -Villa -
Vûzolu]

Ass : . ② hemi positive Sequence

(da) prend a sequence in [0,1)
(Gh) hein . be a 7f -ualued random process s

-
t E- f11hall

'

} Go

Fix × , a 2f - valued intégrable vector with TEEN#l' } (to
and then.

{
zn = Xu - kan

ya = pnoxznRen)
when = L1 - da) Xn tdnyn

• Si Gn =P# n) ,
we get FBS . [combattes,Wgs

2004)
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la - Lipschitz continuons qnadiut . he Po#
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→
Extension de Bach et Moulines 2011
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• Dnopout : desadiuate neurones output i.e components
of X = ( x ;) « je d.

'

it is done randomby .
Each neuron being possible desadrvated
during one learning situation , ttes
Forces each unity to correctly team
indépendant-ty from the other

.

It mag help to aculéate the learning .


