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BayesBayes IIII
(Introduction to (Introduction to BayesBayes Nets)Nets)

Lecture #17Lecture #17
10/28/0810/28/08

AnnouncementsAnnouncements

I received multiple queries about the I received multiple queries about the 
homework and Section 9.5 in your texthomework and Section 9.5 in your text
–– It covers It covers FoLFoL resolution theorem provingresolution theorem proving
–– Like, why didnLike, why didn’’t I cover it?t I cover it?

Well, I thought it was implied, but I am Well, I thought it was implied, but I am 
happy to cover it if you wishhappy to cover it if you wish……

FoLFoL Resolution Theorem ProvingResolution Theorem Proving

General idea: same as predicate General idea: same as predicate 
resolution theorem provingresolution theorem proving
–– ((A(xA(x) v ) v B(xB(x)) ^ ()) ^ (¬¬A(xA(x) v ) v C(xC(x)) )) ⇒⇒ ((B(xB(x) v ) v C(xC(x))))

New issuesNew issues
–– Universally quantified variablesUniversally quantified variables
–– Existentially quantified variablesExistentially quantified variables
–– ConstantsConstants

Conjunctive Normal Form (CNF)Conjunctive Normal Form (CNF)

Same rules as before:Same rules as before:
–– Eliminate Eliminate ⇔⇔ and and ⇒⇒
–– Move Move ¬¬ to the bottom of the parse treeto the bottom of the parse tree
–– Make the expression a two level conjunction (and) of Make the expression a two level conjunction (and) of 

disjunctions (ors) of (possibly negated) prepositionsdisjunctions (ors) of (possibly negated) prepositions

New rules:New rules:
–– Eliminate existential variables (Eliminate existential variables (SkolemizationSkolemization))
–– Move universal quantifiers to the top of the tree Move universal quantifiers to the top of the tree 

(where they become implicit)(where they become implicit)

Conversion to CNFConversion to CNF

Example:Example:
∀∀x [x [∀∀y y Animal(yAnimal(y) ) ⇒⇒ Loves(x,yLoves(x,y)] )] ⇒⇒ [[∃∃y y Loves(y,xLoves(y,x)])]

1.1. Eliminate Eliminate ⇔⇔
(nothing to do in this example)(nothing to do in this example)

2.2. Eliminate Eliminate ⇒⇒
∀∀x [x [∀∀y y ¬¬Animal(yAnimal(y) v ) v Loves(x,yLoves(x,y)] )] ⇒⇒ [[∃∃y y Loves(y,xLoves(y,x)])]
∀∀x [x [¬∀¬∀y y ¬¬Animal(yAnimal(y) v ) v Loves(x,yLoves(x,y)] v [)] v [∃∃y y Loves(y,xLoves(y,x)])]

Conversion (cont)Conversion (cont)

3.3. Move Move ¬¬ inwardsinwards
¬∀¬∀x x P(xP(x) ) ⇒⇒ ∃∃x x ¬¬P(xP(x))
¬∃¬∃x x P(xP(x) ) ⇒⇒ ∀∀x x ¬¬P(xP(x))

∀∀x [x [¬∀¬∀y y ¬¬Animal(yAnimal(y) v ) v Loves(x,yLoves(x,y)] v [)] v [∃∃y y Loves(y,xLoves(y,x)])]
∀∀x [x [∃∃y y ¬¬[[¬¬Animal(yAnimal(y) v ) v Loves(x,yLoves(x,y)]] v [)]] v [∃∃y y Loves(y,xLoves(y,x)])]
∀∀x [x [∃∃y y ¬¬¬¬Animal(yAnimal(y) ^ ) ^ ¬¬Loves(x,yLoves(x,y)]] v [)]] v [∃∃y y Loves(y,xLoves(y,x)])]
∀∀x [x [∃∃y y Animal(yAnimal(y) ^ ) ^ ¬¬Loves(x,yLoves(x,y)]] v [)]] v [∃∃y y Loves(y,xLoves(y,x)])]
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Conversion (III)Conversion (III)

4.4. Standardize VariablesStandardize Variables
DonDon’’t ret re--use names across scopesuse names across scopes

∀∀x [x [∃∃y y Animal(yAnimal(y) ^ ) ^ ¬¬Loves(x,yLoves(x,y)]] v [)]] v [∃∃y y Loves(y,xLoves(y,x)])]
becomesbecomes
∀∀x [x [∃∃y y Animal(yAnimal(y) ^ ) ^ ¬¬Loves(x,yLoves(x,y)]] v [)]] v [∃∃z z Loves(z,xLoves(z,x)])]

Conversion (IV)Conversion (IV)

5.5. SkolemizeSkolemize
Replace existential variables by new constantsReplace existential variables by new constants
If the existential is inside a universal, it depends If the existential is inside a universal, it depends 
on the binding of the universalon the binding of the universal

∀∀x [x [∃∃y y Animal(yAnimal(y) ^ ) ^ ¬¬Loves(x,yLoves(x,y)]] v [)]] v [∃∃z z Loves(z,xLoves(z,x)])]
BecomesBecomes
∀∀x [x [Animal(F(xAnimal(F(x)) ^ )) ^ ¬¬Loves(x,F(xLoves(x,F(x))]] v [))]] v [Loves(G(x),xLoves(G(x),x)])]

Conversion (V)Conversion (V)

6.6. Drop universal quantifiersDrop universal quantifiers
They become implicitThey become implicit

[[Animal(F(xAnimal(F(x)) ^ )) ^ ¬¬Loves(x,F(xLoves(x,F(x))]] v [))]] v [Loves(G(x),xLoves(G(x),x)])]
7.7. Distribute v over ^Distribute v over ^

As in propositional logicAs in propositional logic
[[Animal(F(xAnimal(F(x)) v )) v Loves(G(x),xLoves(G(x),x) ^) ^
[[¬¬Loves(xLoves(x, , F(xF(x)) V )) V Loves(G(xLoves(G(x), x)]), x)]

Disheartened?Disheartened?

DonDon’’t be!t be!
–– The initial axioms in the homework The initial axioms in the homework 

assignment never change, so calculate the assignment never change, so calculate the 
CNF form by handCNF form by hand

–– The turns of the game only produce two types The turns of the game only produce two types 
of axiomsof axioms

((Plum(cPlum(c) v ) v Revolver(cRevolver(c) v ) v Billiards(cBilliards(c))))
¬¬((Plum(cPlum(c) v ) v Revolver(cRevolver(c) v ) v Billiards(cBilliards(c))))

–– So only automate the conversion of this form!So only automate the conversion of this form!

Resolution Theorem ProvingResolution Theorem Proving

Now the resolution process is:Now the resolution process is:
–– For any pair of disjunctive clauses that For any pair of disjunctive clauses that 

contain contain P(qP(q) and ) and ¬¬P(qP(q))
Q may be a variable or constantQ may be a variable or constant
Unify the expressionsUnify the expressions

–– Variables unify with variables by simple substitutionVariables unify with variables by simple substitution
–– Variables unify with constants by adopting the constantVariables unify with constants by adopting the constant

Apply resolutionApply resolution

Announcements (II)Announcements (II)

Programming assignment #2 is due in 1 Programming assignment #2 is due in 1 
weekweek
–– DonDon’’t forget to vote!t forget to vote!

No ACM meeting this WednesdayNo ACM meeting this Wednesday
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environment
agent

?

sensors

actuators
I believe that the sun
will still exist tomorrow
with probability 0.999999
and that it will be a sunny
day with probability 0.6

Probabilistic AgentProbabilistic Agent ProblemProblem

At a certain time t, the KB of an agent is At a certain time t, the KB of an agent is 
some collection of beliefssome collection of beliefs
–– Every belief has a degree of certaintyEvery belief has a degree of certainty

At time At time tt the agentthe agent’’s sensors make an s sensors make an 
observation that changes the strength of observation that changes the strength of 
one of its beliefsone of its beliefs
How should the agent update the strength How should the agent update the strength 
of its other beliefs?of its other beliefs?

Purpose of Bayesian NetworksPurpose of Bayesian Networks

Facilitate the description of a collection of Facilitate the description of a collection of 
beliefs by beliefs by 
–– making causality relations explicitmaking causality relations explicit
–– exploiting conditional independenceexploiting conditional independence

Provide efficient methods for:Provide efficient methods for:
–– Representing a joint probability distribution Representing a joint probability distribution 
–– Updating belief strengths when new evidence Updating belief strengths when new evidence 

is observedis observed

ReviewReview

Probabilities represent a degree of beliefProbabilities represent a degree of belief
–– Bayesian interpretationBayesian interpretation

Subjective measure of internal confidenceSubjective measure of internal confidence

–– FrequentistFrequentist interpretationinterpretation
Based on sampling from random drawsBased on sampling from random draws

Probability valuesProbability values
–– 0 0 ≤≤ p p ≤≤ 11
–– P(A v B) = P(A) + P(B) P(A v B) = P(A) + P(B) –– P(A ^ B) P(A ^ B) 

ReviewReview

Conditional Probability: P(A|B)Conditional Probability: P(A|B)
–– The probability of A given that B is true The probability of A given that B is true 
–– The frequency with which A will be observed, The frequency with which A will be observed, 

considering only samples in which B is trueconsidering only samples in which B is true
–– E.g. E.g. P(toothacheP(toothache | cavity) | cavity) from last lecturefrom last lecture

BayesBayes RuleRule

( )
( )bP

aPabPbaP )|()|( =

Bayesian networks, a.k.a.Bayesian networks, a.k.a.

Belief networksBelief networks
Causal networksCausal networks
Graphical modelsGraphical models



4

ExampleExample
I’m at work, neighbor John calls to say my alarm is
ringing, but neighbor Mary doesn’t call.  Sometime it’s set 
off by a minor earthquake.  Is there a burglary? 

Network topology reflects “causal” knowledge:
- A burglary can set the alarm off
- An earthquake can set the alarm off
- The alarm can cause Mary to call
- The alarm can cause John to call

Variables: Burglary, Earthquake, Alarm, JohnCalls, MaryCalls

Burglary Earthquake

Alarm

MaryCallsJohnCalls

causes

effects

Directed acyclic
graph (DAG)

Intuitive meaning of arrow
from x to y: “x has direct 
influence on y”

Nodes are random variables

A Simple NetworkA Simple Network

Burglary Earthquake

Alarm

MaryCallsJohnCalls

0.0010.001
P(B)P(B)

0.0020.002
P(E)P(E)

Assigning Probabilities to RootsAssigning Probabilities to Roots

0.950.95
0.940.94
0.290.29
0.0010.001

TT
FF
TT
FF

TT
TT
FF
FF

P(A|B,E)P(A|B,E)EEBB

Burglary Earthquake

Alarm

MaryCallsJohnCalls

0.0010.001
P(B)P(B)

0.0020.002
P(E)P(E)

Size of the CPT for a 
node with k parents: ?

Conditional Probability TablesConditional Probability Tables

0.950.95
0.940.94
0.290.29
0.0010.001

TT
FF
TT
FF

TT
TT
FF
FF

P(A|B,E)P(A|B,E)EEBB

Burglary Earthquake

Alarm

MaryCallsJohnCalls

0.0010.001
P(B)P(B)

0.0020.002
P(E)P(E)

0.900.90
0.050.05

TT
FF

P(J|A)P(J|A)AA
0.700.70
0.010.01

TT
FF

P(M|A)P(M|A)AA

Conditional Probability TablesConditional Probability Tables


