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stochasticcrradientdescent-R-r-i-e.IS
a Convex open ont

f : S → R eaux f-et _(
f e - Lipchitz : has

subsnadietskk-l-c.CI
:
wʰ

= 0

wtt '
= wt - y ✓ (Wt ) ,

C- =L - - -
T

-

If (ut ) a s-bgred.it

Thin : lot à = aymi- f- ( w) .

11Wh ≤ B

For T steps and rate 72 = B- ne

SE

haue ftw ) - flirt) ≤ BÉ
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where n' = ¥ Effort) .
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Often it is not possible h access the

the gradient a suhgnedient - Moceanu some ki- el

of shchasticitz in the steps through S night

be benne filial . Stoehaslic gradient du cut

is a popular method to avoid costly en i-possible

saadien computation and at the same time it

builds in shochashütz .

Definitions : stochashic gradient .
=

A stocka she gradient of f ont peint 2- is

a vaudou variable V such that
2-

E ( v ) c- Ofcz ) .

2-

In wonder the expected value of the Stockach 'a gradient

must be a subgradient . Iff is différentiable (N) -71%2-
,



③

Sto chaine Gradient Descent Algorithm :

=

.
Cet 2) o rate and T c- IN number of steps .

. SGD algorithm is the following stocka she process :

a) initialize ut = 0

b) fa t -_ 1- - - T do

wttl
-

= ¥ - z

where It is a random vector St

E-( It I v ' v? - - v

"'
) e of (ut)

c) output Û =

¥ Ê
wᵗ

.

C-=\

Notez : at each Linnet we chome a skrehaslic gradient

cfush given post History . This is an unhiand

estime her of If Cwt) ( Tf f is différentiable ) .



④

Theorem-iappnoachfscotoopkmelvolue-let.is
, g > o .

Cet f keeanvex .

Assume that with pu hahilitz I the shochestic

gradients Satisfy Huth ≤ f ( thiererlaeenlipshi}ad) .

Cet w* = arguin f- (w ) mi- imiter i- Ball (o ,B) .

Il ≤B

For T steps and 2 = B- we here

SE

◦ ≤ E (fin ) ) - fcw
*
, ≤ BS

F-
'

where the expectation is over V
' v2

-
- - VT

.



⑤

?ʳŒ
The pro - f- follows the Steps of the are for

usual GD
.

Et fin )) - f. Cuf) = Effet ) - fonts )

[ [ fcwt ) - flirt) ) )≤ TE
⇐ ,cenuxitz

off .

Écrit
,
w±w* >)≤ E ( É

⇔↑

shown IBF
i by same prof Men Cast time ][ because with publ 11¥49 .

"
Now we must show # ) because Nt is

not the
"

true déterministe
"

snubgradientnsradiet .



To be shown new i¥.È-fcwË±ËÎw±ÈT Ei

-

Left - hand . side = Eu
,
. . .

C-et) - flw" ) )

=
'
-

È Eu
. .
.ve , ff44 - feu" ) *)T C-=\

↑

wt depends on history v
'

. . -

rt - '

( since null wt = w
"'
- zv
"'

,
_ .
w? w

'

- zu
')

Nan by Convex ity of f fa fixed v
'
- - - ✓

+- '
:

f- ( ut ) ≥ fcwt ) + ( Pf Cwt) , w* - wt >
-

any rector in Of (ut)

= Efvt / ✓ '- - - rt- ']
by definition of slackertic ✓

←
gradient



⑦

→ flwtl - few
"
-1 ≤ ( IE (vtlv ! - v

"'

)
,
wt-w*)

=
LE

✓
t / v

'
. . -
ut - i
( ✓

+

,

wt- ¥>

↑

depends anly en

✓
'
_ . . ✓
t- 1

.

Replacé- jim *, we chatain

it
left - hand . side ≤ 1- [ E IE (*v5 w±w*☆)

T C-= ,
Y - - 4--, 4- IY - -E ,

T

=
'
- [ETc- = , y . . - ✓←

( < ✓ ᵗ, wᵗ- w
"
> )

T

=
E '

_
[ cut

,
wt- w*>)V

,
- - VT (T 1-= ,

= Right . Land side .

D-



⑧

Learning with SGD
.

-

We diseurs the application of the SGD algorithm

to learning .

Recall we would like to minimite

↳ (≈ ) = LE [ lle , 2- ] ]
2-~@

Here we changed notation h : ✗ → I fa ≈ .

Imagine hc ± ) = J represents e NN with weight,

≈ .

Since we do not know D we cannot antimite

↳ Ca ) directly and we prepared to heptane it by

the empirical risk Lg ( le ) as a proxy .

Here we propane some the .my different i let

À be an unhiaixd estimer of Dw LIW)
i.elt-f.ve/v'--.vt-Y=PwLgCw---



WYE :

fvt.TL#w--.
-

g.mmm , ,, , , an , un,,, , g.

SAÂD anÏw.fr

thissanplefthiscanheseemcsheplacinj
DT [ . % llw , ti ) byÀ its

are term taken at random et time t : Pwl (w
,
2-



④

SGDcljaithmf-ri-j.fi
× y > o rate

,
1- c- IN mm her of Steps

a) initialize w

'
= o .

b) fa t - t - - - T do

• Sample 2-
+
~ D cfnesh .

◦ pick ✓
ᵗ

c- Ol (wt
,
É) a ✓

+
= Pwlcwt, E)

• update w
" '

=
wt - y iwlcwt, E)

c) output à = 1- Ent
.

T E-,

Çrro- i Cet lcw
,
2- ) be a convex

and e - Lipshitz lors fct l ( • , 2- I
.

Then Fc > o of we run SGD with T ≥B
and y = B- then we have :

SA

E (L@ (ù ) ) ≤ min ↳ (w ) + c.

WE Ball(o
> B)

* .Rfef follows from previous (exercice ) .


