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*Tree reweighed belief propagation - moredetails on slides
( "A new class of upper bounds on
the log partition function " 205
Wainwright, Jaakko la, tillsky.
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Def . Tree reweighed Belief Propagation .
Given T

-
- {Tk3¥⇒ set of spanning trees .

corresponding weights {Ck} . and factors { ¥99) 3k
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kgfi.ca, x-D = Iaa log f¥%x→x;)

Then
,
the energy term in Gibbs free energy decomposed as
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• Caveat
[

how do we find tightest 0 . B - by selecting {¥¥g
.

# spanning trees can be large.



*To solve inference problems DCA )

Variational Methods sampling : ④cxi-aj-nt.IN
,

Ilex
,
-a)

b d

Belief propagation Gibbs sampling
tob.

Deterministic * Randomized
- fast . slower
• approximation . exact in the limit Nooo

,

but difficult to

decide when to stop.

Def. Markov chain Monte Carlo methods
.

-

construct a Markov chain X EH
"
→ X

''
Eff

"

a transition matrix QEIR.AM htt
"

a stationary distribution Poc) .

-

- start with X
") and

run Al
. C

. until
' '

convergence
"

so that

×
CT) ~ pcx) .

- Repeat N times .

Q1
. . How do we construct such a Q ?→ Metropolis

-Hastings Algo.
to

Gicbbs Sampling .
Q2. How long does it take for Me to converge?

SpeechAnalysis path coupling .

Strategy>
Given a graphical model State : X E tf

"

G
,
Rx, -- Iz Tif, xD initial state: XO )

GE construct transition matrix : QE 1121*1%1*1
"

you never actually store thismatrix
- conceptually define(
sparsity .

Repeat : sample : xHt" ~ YT
eventually X n Tk Pex) FuetedTF#←row ofQGaetano distribution ofQ .
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Def. true- Homogeneous finite-state Markov chain
Markov death
[
State space: H

"

nay ,#
n

Transition Matrix Q GR
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#'

Zyl xcekx)

Def. Stationary distribution of Q . is a
-
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Tet .Q = TCT
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Det. a Markov chain is Reversible if
⇒
Tl , se.

detailed balance equation is satisfied .
(a) Tex-Qxy = ay . Qyx ,

for all KLEA"
-
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claim

.

a satisfying⇐) is a stationary distribution of Q.

Proof> Cera )
y
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Q is stochastic
row -sum=L

⇒ CTTQ = IT ⇒ stationary distribution .

we will construct a M- C
. Q that is reversible

.
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spectral analysis to bound nixing eine .



Def. Metropolis - Hastings Algorithm . taishan
~ Stove with a candidate transition matrix KEIR

e.fi#nHITalF-onesrVec-bror
• to ensure outguess of Klatovy distribution of K .

- Kxx>0 ,
Yc [ aperiodic](

for any Kif EA
"

,
I
a path ( Xo--X, Xi , Xz,

- -

, XueY)

S-t. kxix.ee , >O .

[ irreducibility?
what we want what we have

ex) Qxypcxs 'Qyxpap Key Pex, > Kya Ry,
& E

P is stationary dish.
he - loop

of Q . the main trick. is to remove
"Probability mass "

from the layer one.
Define : Ray ⇒ min {1%7}%9%3
Construct Qxy = Kxy . Ray

Qxxq I- Ze, Qxy .
ensure Q row sum to one

.

Tuterpneeod as reseating Weh U- Rxy7 .

Qatar: (Q, Pacs ) satisfy
proof> pox, - Qxy = Px . Kay . Rxy

suppose =p#y . Pikes
Qay= kxy.pe#Pxkxypxkxy
& = Rc - kyx

. a
.

R×→p* Py - kyxRxx=Py


