
Mean Field Asymptotic in Statistical Learning . Jan 20 th
.

Lecture 1 : Introduction to the mean field asymptotic s.

Today 's agenda :

A
. Syllabus and logistics .

(and questions )
.

① Schedule
.

Office hours .

② Zoom policy : don't share the Zoom link . Recordings .

③ Assignments ( coding .

Proof
,
Latex )

.
Projects . No exam

.

Final score
.

④ Homework proofreader . Grader ( 4. times ) .

⑤ Scribe notes ( volunteer for the first lecture )
.

⑥ Prerequisites . Difficulty adjustment .
⑦ No textbook .

Reference see online syllabus .

B
.

Introduction to mean field asymptotics .

① A motivating example : the LASSO problem .

② Non - asymptotic theory .

③ Asymptotic theory .
④ Comparisons .

⑤ Why mean field ? Why Seoeiseical Physics ?

⑥ Topics that will be covered
.

⑦ Active research directions
.

⑧ Level of rigorous .



① Motivating example : The LASSO problem .

Let Xo E Rd
,
A EIR

"d
,
w EIR

"

, Y -- Axotw C- Rn
.

( xo will be k - sparse , keened )
.

We are given CA , y ) .

Estimate Xo
,

LASSO : I = argm.in Inky - Axllitnllxll ,

Goal : quantity ) bound 115 - Xothlllxolk
.

② Non - asymptotic theory
[ Negabhan , Ravikumar , Wainwright, Yu ,

20123
.

Definition ( Restricted Strong convexity)
.

We say
AGlRkd satisfy. RSC if

⇒ a , Cs , sit
.

tf VE Rd , we have

HAvn z c.
- Hulk - cited Hulk

fix) = In Hy - Axtk , ftp.AIAL
SC : Ffa) ka - L

.

⇒ HALI x G - Hulk
.

Them ( [ NRWY 123 ) . (simplified )
f- A satisfy RSC w/ const Ci

,
Cz

.

7- Ca co
.

St . as long as d 72 - HATW Has
.

V. Xo E IRD with support S E { 1,2 , - - - ,
d )

ISIS ÷godi .

HI - x. HE E c. Must
.

Prop '

.
We take Aij vii.d .

N lo , i) .

Then A satisfy RSC with high probability .
1-

Corollary :
Let A C- Rmd with Aij ~ N lo , llxolli ) . ISIEK

Let Xo be a K - sparse vector w/ support ofxo to be
S

.

Let wi vii.d. N 10,67 . Then for any S > O . I CLS)
,

s - t
.

as long as hadst - klogd .
choose D= CCS ) -otngd .

Then with prob .
at least I- S ,

HI - Xolk' 111×0115 s 48) o
-

klogd
T .



Implication : n > > 6
- k log d. LASSO consistent

.

① Everything is explicit , no limiting statement .
⑦ Very weak assumption .

③ High - dimensional asymptotic s of LASSO .

Thm ( ( Bayat , Montanari , 2012) ) .

Consider the asymptotic regime nld → S C- Co
, co)

.

as d→o .
Let Aijn N lo , ht ) .

Let Xo EIR d
,

Xo
, i vii. d . Do

.

Let wi Ni
- i.d

. N lo . 67
. y= Axotw .

I = argmxin En Hy-Axtht Inllxlli .

Iim 115 - Xo 115/11×0115
Md→ is

d-so

= Ecxo
,
z) - poxNlo, i) ( ( M ( Xo't Ix 2 ; 1*2*1 - Xo )) .

÷÷÷÷÷÷÷÷÷÷÷:÷:÷÷÷÷:÷÷÷÷÷÷:÷÷÷÷÷÷÷÷÷÷÷:÷:÷÷÷:÷÷i
"

> Estimation error of a one dimensional problem .
Xo ~ Do

,
Z NN lo , 1) ,

Y = Xo t Tx Z
.

I = angryin (Y
- v)

-

t Tsa Irl

> E - Xo)
' ] estimation error.

HI -xolk' ntime
nie:

:÷:#a

① Strong assumptions .

② Sharp result .

③ Weaker SNR regime .



④ Comparison .

Non - asymptotic Asymptotic

Typical regime Strong SNR weaker SNR
.

Advantage Less model assumption . precise formula .

Limitations .

A ④ ( t ) gap between More model assumptions
.

upper and lower bound
.

When useful : General assumption .

Pin down phase transition .

Example :
statical learning theory . Phase transition of compressed
uniform converge bound sensing ; double- deseene

.

⑤ Mean - field
.

Mean field : In physics and probability theory , mean - field theory .

studies the behavior of high- dimensional random models by
studying a simpler ( low - dimensional ) model that approximates
the original one by averaging over the degree of freedom .

-

Expressing through empirical distribution of coordinates .

Why statistical physics .

next 3 lectures
.

1975/ Gibbs measure
Optimization # of spin glass model .I{ Bayes inference . ( Sherrington-Kirkpatrick model ) .

Coding theory ! Heuristic mtool . %%ds , gm ,ai usos - Mos
.

am!
- one- one

random Replica method

f÷÷÷÷÷÷.
Dynamical MF theory .



⑥ Topics .

a) Connection between statistical decision theory
statistical physics .

b)
.

Concentration inequalities .

c)
. Replica method .

d)
.

C G MT
.

e) . Random matrices
.

f)
.

AMP .

⑦ Active resenach direction
.

a) .
Neural networks

.

b) .
Active learning .

c) Adversial robustness
d) Unsupervised /semi - supervised .

e)
.

. - - .

⑧ Level of rigorous .

No measure theoretic issue .

Sometimes i assure differentiability .

/
exchange of limit

V{ ex¥fTimit and differentiation .

-


