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Lecture 4 : Statistical decision theory ,
Zz synchronization problem ,
and spin glass models .

① Statistical models
, parameter space , likelihood function

.

Concept : A statististical model is family of distribution P .

on a common space X . parameterized by O C- OH
.

P = { Ro i OE ① )
.

⑦ : parameter space .

C Configuration space)

Xu Po : Sample under measure Bo
.

Likelihood function : L lol x ) = 1B ( x) = Ipo ( X -

- x)

GE ④
.

Hls ) = - log L lol x) i ④ → IR .

(Hamiltonian )
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PCW) = In exp { - nllw HE 14 } .

Zn doesn't depend on W

azo : signal - to -noise ratio
.

Constant and known

Poly ) = In exp f - n HY
- noo Tn HEH s C- ⑦n

.

Like likehood function
.

L (dy ) = - log Pdt) = MY - d 66%145/4 - const
.



② Loss function
. Sometimes1- = ⑦

Concept : L : A × OH → IR
.

( a , O ) T IR
. ① = A- IR

.

Example : Lta , O ) -- ( a - 05
.
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-

.

a) Vector square loss
.

A- = C- l , I ]
"

: L : At → IR

ca , o ) → Ha- 011in
.

b) Matrix square loss .

A = C - I , I ]n×n : L : CT , D
""

x { IT → IR

( A , O ) ↳HIA - 004ktM2

③ Statistical estimator
.

Concept : A statistical estimator O '

- X → A .

Example : Maximum likelihood
.

imdx) = argmax L lol x ) .
6 C-⑦

( Asymtotic efficient in low dimension )
.

Zz sync 6 E ft tf "

M LE Gaul 's ) = argmgax L
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•C- { It}"

④
.

Risk function .

L '

- A X ④ → IR

E : x → A

Sample : x EX x - Ipo
.

OE ④
.

Concept :
Re

Rio
,
o ) = Eq LINX) , ft) = fxLCOlxs.ch/PoCdx)

Measure of the quality of a statistical estimator
On ,

Zz sync
:

Riom, O ) = Eo 110am CY ) - 01151N .

Question : Given two estimator 8 , ,
0^2

.

How to fairly compare ?

Two approach : a)Baye b) Minimax
.



⑤ Bayes optimality .

Concept : Given a prior Q on the space ⑦
.

( Reference measure)

Expected risk : RBC 8 , Q ) = f RCE , O) Q(do) ,

Bayes risk : RB ( Q ) = int RB ( O , Q )
-

= RBC ⑤Bayes. Q ) .
② : X→A

Bayes estimator '

- ftp.ayes-argminRBLO , Q )
② :X→A

.

Tkm ( Bayes -1hm ) Bayes estimator mimiaes the posterior

expected value of a loss function .

⑤
payes Cx

) = angranin f④L( a , O ) p ( ft x ) do
PCG , x)

Proof : ② minimize RBL -9,0)= FLIGHT , 6) Pdx) Qlddxd6
iff f×eX

,
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minimize Jexera.se
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-
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D
.
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" HEIN-
.

Q = Ipo uniform dist
.

{ It } "
.

⑤ Bayes l 'T ) = argyfin f (HA - oo HEH) plat) do

= for, 66T plot F) do

= E [ 00T lY= . ] )
. =p

plot 'T ) ⇐ Plpq¥ =
BldPd
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plot 'T ) a Bold BLT )
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⑥
.

Connection 21 sync with SK
,

Gibbs dist . of SK
.

e. = { It } "
. En so, 05

Hn , lo ) = - I < a Wo> - so, 15 the -0,0 >
-
-

Pnp, (6) a exp f - PH "" l" } '

2h40 ( B. d. h)lp⇒
.

( o > p ,
= If ° Pn .hn ( s ) .

= things 0, EBayes > In
2×4 CAN , Hla-a

Bayes posterior Zz sync -

# tiny 110Bayes kiln

④ n
= ft 151

.

Y = in 00T -1 W .

pls ly ) x exp { Rss 46>12 } .

⑤ Bayes LY)
= Zeno,

6 Plot Y ) .

Emily) = anginal Poly )
= angmgax so, Yo > .

Connection : play) x exp f - d C-Laws> 12 - Ins 6,05))
= Pn , red , i. 6) .

<6 >a.a = I Bayes (Y ) .

Only ) = argmgax co,
Yo > = arggmin Hn,a(o) .

⑦ key questions in 2 , sync .

What is the asymptotic risk of dosages , 8mL , ②
spear . . .

?

{ How to efficiently compute
T

Iim 118Bayes - 01151N → high Ehffk 63ps.
h-7N
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