
P Rm 學 Graphical Mode l

Me r i t
- い provide a simple way t o visualize a probabilistic model

2） Insights i n to t h e properties o f t h e model
3） complex computations c a n be expressed i n t e rms o f

graphical manipulations.

Graphical Model ○ → 0 → 〇
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Bayesian Network. ！！ to

useful for expressing c au s a l re lat ion

| between random variables

a n y Markov Random Field o o o
useful fo r expressing soft b f r d
constraints between random 6-6

variables.
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8.1.2Generativs.me
t ime s , w e w a n t t o d r a w samples from given probability distribution

↳ (discuss later i n Chapter 11 ）
• Ancestral sampling

e x ) images object Creat ion
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Gent i n
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・ The graphical model : represents the causal process
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generative models"

8.1.3Discretevariab
ksc.hr want to choose models s o t h a t parentsa n d chi lds a r e

Conjugate.

. probability distribution for a single discrete variable X havingK

p am )=鳶pick
possible s t a t e ,

(governed byM ) ( E M k = 1 ）



. Suppose that w e have M discrete variable, eacho f which has K states

parameters:𥫣

thfy want t o reduce.i f they a r e independent, M ( K - 1 ）

. Howt o reduce t h e numbero f independentparameters
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8.1.4Linear-Gaussianm.de/s_.
how a mult ivar ia te Gaussian c a n beexpresseda s a graphical
model which corresponds to a l i n ea r Gaussian model
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8 . 2 Conditional Independence
ー ー pla.blcjn.plalbie)が1c )

a i s conditionally independent o f b givenc . . p e a k ) M c )

a t b I C plalb.cl = pC a l c )
・ How t o ex am i n e i ndependency?

↳ judgefrom the shape o f graph.

8.2.IT/nreeexamplegraphs_-
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○
c

a f う。 planb .C ) = pC a l c ) p ( b k ) p l c )

f marginalize w i t h respect t o c
p (a ,1）に E p C a l c ) pcbI C ) p l c )

↳ can't factorize i n t o
p e a ) - p ( b )

↳ o n 1 0

💔

C dependence
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H a b i t ) = p ( a I d p ( b l e )N c )

b condition o n t h e variable c

Pla.b I C ) こ がた𦥯= p( a l c ) pCb lc )

↳ ob t a i n a L b I C

conditional independence

( i f c i s observed...）



2 . head-to-tai l

a c b P l ab . c に p l a ) plcl a ) p( D l c )
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8 .2 . 2 1 3 を 學
Anypath i s s a i d t o be blocked i f i t includes a n o d e s u c h

t h a t
( a ) t h e a r rows o n t h e path me e t ei ther head-to tai l o r
t a i l - t ot a i l a t t h e n o d e , a n d node i s i n C

( b )
t h e a r rows m e e t head-to-head a t t h e n o d e , and ne i ther
t h e node. n o r a n y o f i t s descendants, i s i n C .

a )

☺

風。週が "間駆
I f A l l paths a r e blocked. A i s s a i d t o bed_separated f rom B byC .

A t B I C

fig 8 5
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Na i ve Bayes
を〇 conditioned o n a、 * a r e assumed t o
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b e independent.

价

Thegraph. represents a specific decomposition o f a j o i n t probability
distribution i n t o a product o f conditional probabilities.

- expresses a s e t of conditional independence statements
Obtained through d-separation c r i te r i on .
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Markov blanket consider the situation where
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8.3Mon.が1 た の 0

8.3. I Conditional independence properties
-

i s
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Markov blanket
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8.3.2Factorizationpropert
ies_Howtoexpressthe.jo

i n t distributionp H ) a s a product o f

functions defined o v e r s e t s o f variables

Conditional independence properties c a n be expressed a s

pした.glX v i i ) = pが1*{ i j 3）・PPG 1*1{ i j3）

l e t x、 and i s n o t appear i n t h e s a m e factor



clique
- a subset o f t h e nodes i n a graph such t h a t there ex is ts a

l ink between a l l pairs o f nodes i n t h e subse t .

L e t C b e a clique.

P 'が主 なた
（水）
でhard t o ca lcu la te

How c a n w e defineた？
↳ viewing potential function a s expressing which

configurations o f the loca l variables a r e preferred
t o others.

た（妼 exp{ -E（水）} (cause Ne.た（光）>0）



8.3.4Relationtodirectedgraph.ee

directed graph.
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undirectedgraphs ?一旦一・..... _，？
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O moralize S e e s
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EST.

Howt o convert directed graph i n to undirectedgraph.
l ) add additional undirected l inks between a l l pairso fparents

2） drop the a r r ow s
3） initialize a l l o f t h e cliquepotentials t o 1
4） multiply e a ch conditional distribution factor i n t o o n e
of t h e cliquepotentials.



84InferenceinGraphicalM.de/s__

Bayes' theorem
x D x D n o
t t T

y o y g
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8.4.IInference.co
insider chain o f nodes , which w i l l lay the foundation fo rgeneralgraphs.
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Consider t h e inference problem of finding marginaldistribution p a n )

P"""糸・景斎☹流門）. . ☹

↳ na ive implementation: hard t o do

bgraphical modelgives u s efficient algorithm.

from
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interpretm a n ) a s a message In_、 t o I n .

manに点yn.in はいた）Ma b i n i )
E inductive!！ → 0 ( K )

messagepassing c a n alsob eapplied t o t r e e st ruc ture .

8. 4.3 Factorgraphs
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• factorgraph i s no tunique

💔
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but there i s a n algorithm tha t conve r t undirectedgraph
i n t o factor graph.

8.4.4Thesumproductalgo
rithm_A.sum e t h a t Originalgraph i s a n undirected t r e e o r directed t r e e o n

postn e e .
s e e
'

corresponding factor graph has t r e e s t r u c t u r e .

G o a l : い t o obtain a n efficient.e x a c t inference algorithmfor
finding marginals

は） i n situations where several marginals a r e required t o
a l l ow computations t o be shared efficiently



• Howt o eva luate marginalp o sv i e w the variable node x a s t h e roo t o f the factorgraph.
2 . in i t i a te message a t t h e leaves o f graph u s i n g

M eの f i x ) = 1 ，
M f s x ( J C ) = f ( x )

3 . t he messages a r e passed through

them→ f s Penn)=Then
earn ,、f t → a m Gm)，

m s n . l kに G....言った毗、......xn)磊。開いた G m )

applied recursively unt i l messages have beenpagedalong
every l i n k , a n d t h e r o o t node has received
messages from a l l o f t he i r neighbors.

4 . p u t I T A s → x （川
s aneいい

- . - - _ - - _ - - _ - - _ - .

i ' T t Xsp lが忌磊、，た（かい）
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multiply a l l factor t h a thas[ _ relation with A
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8 4 .5max-
sumalgorithmc.ino rd e r - t o find a setting o f variables t h a t has t h e largest probvf t o f ind t h e va lue o f t h a t probability.
嘰 P a t max ima pM )x ,

consider t h e chain nodes.
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K m s u c h that maximize a message


