


' Variable Elimination fm Marginal MAP
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the map inference turns into a dynamic programmy
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def Max
- product - eliminate - variable E. set of factors . def Max

-produce -Variable- elimination E) :
Z : variable to be eliminated) let Xi . - Xia be an ordering of X :
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def traceback
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for i-k.nl :
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X:* = orgmf.io/x:H:.U:)
return {x:* }



- Variable Elimination for Marginal MAP
may I FHy,w) when yUW=x .

may 15¥. 4141
eliminate the variables W by summing them out. and max out Y
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must pvfmm variable summations before variable maximization

' Max -Product In Clique Trees

For sum- product , we use clique trees to compute the sum-marginals oven each cliques in the the

Hae
,
we compute a set of Max

-marginals over each clique

def Max
- Message Li

: sending clique , j. treating dqael : def initialize
- cliques 120 : set of factors . A. assigners of factors to cliques ) :

411:) = Hi -¥msn.gs Ski. fm each G. Eh

TB.gl = ¥¥g 410:) 4:10:/ = IT [ 0/14 that }

return Tlsgl return { 4:11:11

def clique-the- Max- produce - Calibrate It: set of factors , T: diqnet.ve ) :
Hit = initialize

- cliques 18.71
while 7- liips.to i is ready to transmit trig 11

oonveye after a upward pass and a downward pass

fig fig)= Max- message tip
11 the resulting clique tree will contain lunnormatnedl Max -marginal

fm each clique i Folk) of the most tidy assignment 9 consistent with each c. c- Vakil

f. = 4, - IÉvBw 8km

return {Bit



because the Max- product message passing process does not compute the partition function ( unlike sum-product )
we cannot derive the actual probaby f- any assignment from marginals .

However
, since the partition function is a constant

,
we can still compare the values of each assignment
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the Max- marginals must agree . in this case, the tow clusters are Max- calibrated
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Uiglsy ) = fry . Sy: in a Max- calibrated tree / a clique's Max-marginal oven a sepset can be computed from Max-produce messages )

can also define a Max- produce belief update message passing algorithm that's analogous to
belief update for sum-product
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def initialize - clique-tree IT ) : def belief - update - Message Ii : sending clique . j : receiving diqae ) :
fm each clique 0 : EY : big = Y¥y B://bi-g-E.GG: in case of sum product

pi = -1194 : oleo :| Pj = By .

fun each edge I :-p Et ng = big

Uij -4

H Ug is set to be 1 initiallydef clique-tree - Max- product - calibrate -0.41 .
: an =¥g÷y holds at the bghyinitialize

- diqpe- tealT)
while exists an uninformed clique in T :

at each iteration , suppose updae.mg , 1¥ = Bjg%= guy
select Ii-j) C- ET

belief - update. messaging)
other beliefs unohage

i. a = - '
' holds all the time L deduction )

return {to:)
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In an execution of Max-produce message passing ( belief propagation or belief update )
in a clique tree

, a- =É÷¥!u%y, holds throughout the algorithm Ias in sum-product
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Decoding Max - Marginals
these two conditions are equivalent

1° the set of node beliefs { MaxMay*A:) :X:tH Unambiguous 1 each belief has a unique Max value /
with A:* = any 7¥ Max May# Hit being the unique optimum
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let Bilal be a belief in a Max- calibrated clique tree . An assignment at has the local optimality property if
HG ,
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that is , the assignment to G. in 5* optimizes the a belief ( decoding : find a local -optimal 99

let Bill:| be a set of Max- calibrated beliefs in a clique the T .
With Uig associated sepset beliefs

.

let AT =÷J%g% be the clique measure .
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relative to {All:B
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' 9%:> maximizes pilot locally
: . 5*4:> is the maximum assignment of yÉÉj¥:|
i. Et is the maximum assignment of AT ( the global map )
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Max - Produce Belief Propagation in loopy cluster Graph
def initialize- duster-gnp.HU) : dlf cluster

-graph- Max-produce - calibrate 120 .nl :

for each cluster G. Initialize
- cluster-gkphlul

f. = -11140-0:| while gmph is not calibrated

for each edge I :-p c- Eu :
select I :-p c- Eu

fry ⇒ fi-ylsy-MAX-messoyeli.gl
fyi, -4 for each diqhe i

f. = 4;
- ¥npm 8k¥

def max
- message li : sandy clique . j : heavy clique ) : return {B:}
4141=41 ¥{mail.gl 8k¥

TIS:p = 1%1,4141 ✗ Esg 411:/ in sum - product
return Tlsijl

no guarantee that the algorithm will
converge , it

tends to converge less often than sum-product
at convergences , the result will be a set of calibrated clusters. But the resulting beliefs will not

generally be the exact Max- marginals . instead
. the resulting beliefs are called "

pseudo -Max-marginals
"

In an execution if Max -produce message passing ( whether belief propagation or belief update tnaobustlngmph .

p%=¥gIjg, holds initially and after every message
-

passing step

- Decoding the Pseudo -Max- Marginals
In hopy cluster graphs . there may
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' MAP as Relaxed Boolean LP
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' MAP via Dual Decomposition
Pullman)

- ¥ - Tikal

Max YAH -
- Ant ⇒ max -2 by ¢1M

if the graphical model has unay and binary foetus only
can kwrite ptk.HN as aymgxT.IO:(Hit + TEs O-ytxi.gl

many.it ftx.y.lt/-dk..Y.l while Trae :
M¥¥y Antipathy,

Min

se . grip any,= aymjy.f.tk,ydtVy .
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return Exf} Ex:}
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Hill : Atta

= inf-FYAH-f-Zbyottxflt-FEsqupvfitxf.mil
A.Eli Nfat
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=p* weak dually
when the algorithm annoys , A. -- aym-H-hgo.in#--?f..sapeq,vf.Tx:*
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Mf:-X:*

IH.it?xf9vf?--tntItxi.xf.vf:1--Yf-o.a.fHiAf1=ft stnyduahyNita Nfat
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XIEG KEG ✗ in Elm
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While True :

Hi __aymjY -YAN - V.tin
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if rate]=X and NID -1k :

return Nw
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