/ Lecture 12, 13 & 14 Overview

e Finishing off reinforcement learning

e Bayesian probability

e Reasoning under uncertainty (Chapter 14)
— Belief networks (reasoning only) (this lecture)

— Exact inference

— Next Lecture
e Exact inference 1s NP-hard
e Approximate inference using Gibbs sampler

— Term project next Monday

e Later lectures - reasoning in the presence of no
uncertainty (propositional logic)
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Learning Q - Deterministic Worlds

For each s,q initialize table entry Q(s,a) «+ 0
Observe current state s
Do farever:

¢ Select an action # and execute it

¢ Receive immediate reward r

¢ Ohserve the new state &

e Update the table entry for Q(s, a) as follows:
O(5,0) + r+ ymaxQ(#,a

5 +— &
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Exploitation versus Exploration

e An example (tic-tac)
e The need for exploration
e Factoring in exploration

e Proof of convergence

— “Problems” with Q-learning
e Need to stumble across a reward (somehow)
e Proof of convergence 1s 1n the limit

e Limit 1s over unusual requirement ...
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/ Convergence: Lim,_, - Q=Q \

Proof: Define a full interval to be an interval during
which each {s,a} is visited. During each full
interval the largest error in § table is reduced by
factor of v

Let (), he table after n npdates, and A, be the
maximum error in 6),: that is

A, = myx|Q, (s, 2) — Q(s,a)|

For any table entry Q,(s, a)} updated on iteration
7+ 1, the error in the revised estimate Q,1(s,a) is

@1, a) — Q(s,a)| = |(r + ymayxQa(s',a’))
—(:r'-l-ﬂ;‘mﬂgzc@(s’, a’}}|
= |max Qu(s', 0’} — maxQ(¢, o'}
< ymax|Qa(s',a") — Q.4
< ymax|Qule", ) - Q')
Qnia(s,0) — Q(s,0)| < ~A, 4




/ Non-Deterministic Worlds \

What if reward and next state are
non-deterministic?

We redefine V, Q by taking expected valnes

V() = Blry+ e + ¥ T2 + -]
= B[ Y7o

Q(s,a) = Elr(s, a) +vV7(4(s, 2))]
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(earning é — Non-Deterministic WO®

() learning generalizes to nondeterministic worlds

Alter training rule to
Qnls, o) — (1=} Qn1( 8, a) 0, [:r'+mﬂ-f;1x On_1(¢,a})]

where

1
T 1 visits,(s, o)

Can still prove convergence of ¢) to ¢ [Watkins and
Dayan, 1992]
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“m¢)|  Absorving Grid Wo@
M State

-
Sl v=0.9

r(s,a) (immediate reward) valnes

Omne optimal policy
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Temporal Difference Learning
Learn QO Quickly

¢} learning: reduce discrepancy hetween successive
) estimates

One step time difference:
QY (81,00} = 11 + Ymax Q (s141,4)
Why not two steps?
Q" (81, ae) = ¢ + yreq1 + v  max Q (s, a)
Or n?

Q™ (s, m) = et Y e+ Iﬂglx@(ﬂtﬂaﬂ)

Blend all of these:
Q}'(va ﬂf) = (1_}‘) [Q{l}(sfv ”‘f} + }"Q{E} [:Sh‘g’f) + }"EQH} (va ﬂf) ]
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Temporal Difference Learning

Q}'(Sh a:} = (1-2) lQ{l}[Sf, oy} + }*Q{ﬂ}(ﬂhﬂf} + AEQ{H}(ShﬂH |
Equivalent expression:
Qsna) =re+9] (1 - ANy maxQfs,, a:)
+A QA[StJrlqﬂt-H}]
TD(A) algarithm uses ahove fraining rule
¢ Sometimes converges faster than ¢} learning

¢ converges for learning V* forany 0 < A <1
(Dayan, 1992)

¢ Tesanro's TD-Gammaon uses this algorithm
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Primer on Probability

P(Event) = g

Various Interpretations of g

— Frequentist

— Degree of belief
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Probability - 1

e Distributions

— Discrete

e Sum rule

— Continuous

e Random variables

e Background state of information
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Probability - 11

e Discrete Random Variables

e Continuous Random Variables

Probability distribution (density tunction)
over contumous values

X <lo10] P(x)=0

10
[P(x)ax =1 P(x) 1
0

P(5=x<T7)="[P(x)dr ‘L

S L
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/ Probability - 111

e Conditional Probabilities
e Joint Probabilities

e Product Rule

e Marginalization
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/ Bayes Theorem

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

P(h1D)=P(DI|h).P(h)
P(D)

]
BU

h) = prior probability of hypothesis h

@
hU

(
(D) = prior probability of training data D
(

e P(h|D) = probability of h given D

e P(D|h) = probability of D given h
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* Priors
— Each A, should be Mutually exclusive

— Together the hypotheses must be Totally
exhaustive

— YP(h)=1
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— Priors encode knowledge before we see the data
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About the Data P(D) and P(DIH)

 Data, P(D)
— Data 1s 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 1gnored

e [ikelihood, P(Dlh)

— 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(Dh) = P(D,Ih). P(D,h) ... P(Dh)
— Often use the Loglikelihood (P(Dlh)).
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e P(hID) 1s the posterior probability of the
hypothesis (given the data).

Bayesian Posterior

e Usual aim of Bayesian learning 1s 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

Does patient have cancer or not?

A patient takes a lab test and the result comes back positive. The test returns a correct
positive result in only 98% of the cases in which the disease is actually present, and a correct
negative result in only 97% of the cases in which the disease is not present. Furthermore, .008
of the entire population have this cancer.

P(cancer) = P(—cancer) =
P(+|cancer) = P(—|cancer) =
P(+|—cancer) = P(—|~cancer) =
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Basic Rules of Probability

~ o Product Rule: probability P(A A B) of a conjunction of two events A and B:

P(AAB) = P(A|B)P(B) = P(B|A)P(A)

o Sum Rule: probabhility of a disjunction of two events A and B:

P(AVB)=P(A)+ P(B)- P(AAB)

o Theorem of total probability: if events Ay, ..., A, are mutually exclusive with )", P(4;) =1, then

P(B)=) P(B|A;)P(4;)
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/ Bayesian Belief Networks \

e Combination of probabilistic modeling and
DAGs

* Nodes on graph are propositional variables.

e Links represent apriori known causal
dependencies.

e Reasoning by merging semantic models and
evidence.

e Efficient representation of joint distribution
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e Can compute any subset of propositions given
another subset.

~

Direct World Representations

e Perform different types of reasoning
— Prediction
— Abduction
— Explaining away

e Global semantics

e Local semantics exploit conditional independence
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Reasoning with a Bayesian Net

e Reasoning without evidence
e Reasoning with evidence

e Bayesian network reasoning NP-Hard

— Instance of propositional logic satisfiability
problem

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

e (Causal networks
e 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 1in our brain?

— Human reasoning must be more than propositional
reasoning!

— Dynamic modification of networks

CSI 535 - Lecture 12 23




