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Lecture 12, 13 & 14 Overview
• Finishing off reinforcement learning
• Bayesian probability
• Reasoning under uncertainty (Chapter 14)

– Belief networks (reasoning only) (this lecture)
– Exact inference
– Next Lecture

• Exact inference is NP-hard
• Approximate inference using Gibbs sampler

– Term project next Monday
• Later lectures - reasoning in the presence of no 

uncertainty (propositional logic)
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Learning Q - Deterministic Worlds
^
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Exploitation versus Exploration

• An example (tic-tac)
• The need for exploration
• Factoring in exploration
• Proof of convergence

– “Problems” with Q-learning
• Need to stumble across a reward (somehow)
• Proof of convergence is in the limit 
• Limit is over unusual requirement ...
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Convergence: Limn→ ∞
: Q = Q^
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Non-Deterministic Worlds
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Learning Q – Non-Deterministic Worlds
^
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Grid World
γ=0.9

Absorbing
State
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Temporal Difference Learning 
Learn Q Quickly
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Temporal Difference Learning
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Primer on Probability

P(Event) = q

Various Interpretations of q
– Frequentist
– Degree of belief
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Probability - 1

• Distributions
• Random variables

– Discrete
• Sum rule

– Continuous

• Background state of information
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Probability - II
• Discrete Random Variables
• Continuous Random Variables
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Probability - III

• Conditional Probabilities

• Joint Probabilities

• Product Rule

• Marginalization



CSI 535 - Lecture 12 14

Bayes Theorem

P(h,D)=P(D|h).P(h)=P(D|h).P(h)

P(h|D)=P(D|h).P(h)
P(D)
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About the Hypothesis Space P(h)

• Priors
– Each hi should be Mutually exclusive
– Together the hypotheses must be Totally 

exhaustive
– ΣP(hi)=1
– Priors encode knowledge before we see the data
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About the Data P(D) and P(D|H)
• Data, P(D)

– Data is considered to be a sample of all available data.
– P(D), probability the data will be observed given no 

knowledge of the hypothesis.
– Constant for fixed data and if comparing hypotheses, can 

be ignored

• Likelihood, P(D|h)
– Probability a hypothesis generated the observed data or 

probability of observing data given the hypothesis is true.
– If the n instances are independent then

• P(D|h) = P(D1|h). P(D2|h) … P(Dn|h)

– Often use the Loglikelihood (P(D|h)).
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Bayesian Posterior

• P(h|D) is the posterior probability of the 
hypothesis (given the data).

• Usual aim of Bayesian learning is to find 
the MAP estimate
– Most probable model in the model space
– May be many highly probable models
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A Simple Example
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Basic Rules of Probability
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Bayesian Belief Networks

• Combination of probabilistic modeling and 
DAGs

• Nodes on graph are propositional variables.
• Links represent apriori known causal 

dependencies.
• Reasoning by merging semantic models and 

evidence.
• Efficient representation of joint distribution
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Direct World Representations

• Can compute any subset of propositions given 
another subset.

• Perform different types of reasoning
– Prediction
– Abduction
– Explaining away

• Global semantics
• Local semantics exploit conditional independence
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Reasoning with a Bayesian Net

• Reasoning without evidence
• Reasoning with evidence
• Bayesian network reasoning NP-Hard

– Instance of propositional logic satisfiability 
problem

• Use Monte Carlo techniques to simulate 
draws from the joint distribution
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Causation and Cognition

• Causal networks
• Causal discovery
• Models of Cognition

– Propositional models of reasoning with uncertainty
– Local representations , partial information, distributed 

parallel processing, inference and reasoning, prediction, 
abduction, reasoning away

– Network structure exists in our brain?
– Human reasoning must be more than propositional 

reasoning!  
– Dynamic modification of networks


