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Local Structure

COMPSCI 276, Fall 2014

Set 4b: Rina Dechter

(Reading: Darwiche chapter 5, Koller Chapter 5, Pearl chapter 4)



Outline

• Bayesian networks and queries

• Building Bayesian Networks

• Special representations of CPTs

• Causal Independence

• Context Specific Independence

• Determinism

• Mixed Networks





A noisy-or circuit

We wish to specify cpt with less parameters
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Binary OR

A B

X

A B P(X=0|A,B)
0 0 1

P(X=1|A,B)
0

0 1 0 1
1 0 0 1
1 1 0 1



Causal Indepedence6

Noisy-OR

“noise” is associated with each edge

described by noise parameter λ ∈ [0,1] 
:

Let q b=0.2, qa =0.1

P(x=0|a,b)=  (1-λa) (1-λb)

P(x=1|a,b)=1-(1-λa) (1-λb)

A B

X

A B P(X=0|A,B)
0 0 1

P(X=1|A,B)
0

λa λb

0 1 0.1 0.9
1 0 0.2 0.8
1 1 0.02 0.98

qi=P(X=0|A_i=1,…else =0)

























Noisy/OR CPDs



Independence of Causal Influence

Definition 2
Let A be a random variable 
with k parents X1,…,Xk.  
The CPT P(Y|X1,…Xk) 
exhibits independence of 
causal influence (ICI) if it 
is described via a network 
fragment of the structure 
shown in on the left where 
CPT of Z is a deterministic 
functions f. 
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We can use a linear number of hidden variables to decompose
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Context Specific Independence

• When there is conditional independence in 
some specific variable assignment

• Reading: 

• Darwiche chapter 5

• Koller & Freidman Chapter 5

• Pearl Chapter 4



Can we use hidden variables?
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IntelligenceDifficulty

Grade

Letter

SAT

Job

Apply

A student’s example
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A

S

L

(0.8,0.2)

(0.9,0.1) (0.4,0.6)

(0.1,0.9)

s1

a0 a1

s0

l1l0

Tree CPD

If the student does not Apply, SAT and L are irrelevant

Tree-CPD for job
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Definition of CPD-tree

• A CPD-tree of P(z|pa) is a tree whose leaves 
are labeled by P(z) and internal nodes 
correspond to parents branching over their 
values.
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C

L2

(0.1,0.9)

l21

c1 c2

l20
L1

(0.8,0.2)(0.3,0.7)

l11l10

(0.9,0.1)

Letter1

Job

Letter2

Choice

Captures irrelevant variables 
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Multiplexer CPD

A CPD P(Y|A,Z1,Z2,…,Zk) is a multiplexer iff 
Val(A)=1,2,…k, and

P(Y|A,Z1,…Zk)=Z_a

Letter1

Letter

Letter2

Choice

Job



Mixture of trees

Meila and Jordan, 2000



Mixture model with shared structure

Meila and Jordan, 2000





Can we use hidden variables?



Generalized linear models
(see Koller 5.4.2)

= sigmoid() 
 

Let Y be a binary-valued variable with parents the X_i’s that can take a numerical value (discrete). 
The CPT P(Y|X_1,…X_n) is a logistic CDT if there are w’s  such that



Mixed Networks
(Dechter 2013)

Augmenting Probabilistic networks with 
constraints because:

Some information in the world is deterministic and 
undirected (X not-eq Y)

Some queries are complex or evidence are complex 
(cnfs)

Queries are probabilistic queries
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Probabilistic Reasoning

Party example: the weather effect

Alex is-likely-to-go in bad weather

Chris rarely-goes in bad weather

Becky is indifferent but unpredictable

Questions:

Given bad weather, which group of individuals is most 
likely to show up at the party? 

What is the probability that Chris goes to the party but 
Becky does not?

 
P(W,A,C,B) = P(B|W) · P(C|W) · P(A|W) · P(W)

P(A,C,B|W=bad) = 0.9 · 0.1 · 0.5

P(A|W=bad)=.9W A

P(C|W=bad)=.1W C

P(B|W=bad)=.5W B

W

P(W)

P(A|W)

P(C|W)P(B|W)

B C
A

W A P(A|W)

good 0 .01

good 1 .99

bad 0 .1

bad 1 .9



Party example again

P(C|W)P(B|W)

P(W)

P(A|W)

W

B A C

Query:
Is it likely that Chris goes to the 
party if Becky does not but the 
weather is bad?

PN CN

Semantics?

Algorithms?

A→B C→A

B A CP(C|W)P(B|W)

P(W)

P(A|W)

W

B A C

A→B C→A

B A C

),,|,( ACBAbadwBCP →→=¬



Markov Networks

Dechter, chapter 2



Markov network example



Mixed Networks
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