Lecture 26: Time and Uncertainty (Part 1)




Last Lecture

Exact & Approximate Inference for Static Environments



Reminder: Probabilistic Toolbox

Product/Bayes Rule: P(A, B) = P(A|B)P(B)
= P(B|A)P(A)
Marginalization: P(Y)=> P(Y,z)

Normalization: P(Xl|e) = aP(X,e)



Uncertain Processes over Time

E; — Observed variables at time t

X: — Non-observable variables at time t

States start at t = 0.

Evidence starts arriving t =1



Underground security guard wants to predict whether it is raining,
but only observes every morning whether director comes in carrying
an umbrella.
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Underground security guard wants to predict whether it is raining,
but only observes every morning whether director comes in carrying
an umbrella.
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Assumption 1: Stationary Processes

Stationary Process: The laws governing change don’t change over time.

P(Uy|Parents(U;)) does not depend on t



Assumption 2: Markov Assumption

Markov Assumption: The current state only depends on a finite history of
previous states.



Assumption 2: Markov Assumption

First-order Markov process:

P(Xe|Xo:t—1) = P(Xe|Xe—1)



Assumption 2: Markov Assumption

First-order Markov process:

P(Xe|Xo:t—1) = P(Xe|Xe—1)
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Assumption 2: Markov Assumption

Second-order Markov process:

P(Xt| Xo:t—1) = P(X¢|Xe—1, Xt—2)

< o o<, =
N = Oy & Ty = Ty &y B



Assumption 3: Sensor Model

Evidence variables are conditionally independent of all other
variables given the current state:

P(E¢| Xo:t, Eo:t—1) = P(E¢| X¢)
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Transition Model: P(X;|X:_1)
Sensor Model: P(E:|X;)
Prior: P(Xp)
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Transition Model: P(X;|X:_1)
Sensor Model: P(E:|X;)
Prior: P(Xp)

t

P(Xo, X1,..., Xe, Ex, ..., Ee) = P(Xo) [ [ P(Xi|Xi—1) P(Ei|X;)
N—— ——_———N—

: i=1 -
prior transition sensor
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Umbrella World

P(Ry) = (0.5, 0.5)
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Inference Tasks in Temporal Models

o Filtering/Monitoring: P(X:|e1.+)
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Inference Tasks in Temporal Models

Filtering/Monitoring: P(X|e1.t)

Prediction: P(X:i«|e1:t)
Evidence Likelihood: P(e; ;)
Smoothing/Hindsight: P(Xkle1:), 0< k<t
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Inference Tasks in Temporal Models

Filtering/Monitoring: P(X|e1.t)

Prediction: P(X:i«|e1:t)
Evidence Likelihood: P(e; ;)
Smoothing/Hindsight: P(Xkle1:), 0< k<t

Most likely explanation: arg max,,, P(x1:t|e1:¢)
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Recursive Estimation:

P(Xt+1|elzt+1) = f(et+1, P(Xt|el:t))
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P(Xetiler:e41) = P(Xeq1ler:t, ee41)
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P(Xt+1‘el:t+1)

= o/ P(er41|Xe41) Y P(Xes1|xe) Pxe|ert)
————— —_————N———

Xi - B
sensor & transition recursion

(Markov)

ii5)



Alternative View: Message Passing

fl.e = P(Xt|el:t)

fl:t+1 = P(Xt+1|el:t+1) = aForward(fl:t, et+1)
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P(R2|U; = true, Uy = true)

P(Ry) = (0.5,0.5)
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P(R2|U; = true, Uy = true)

P(Ro) = (0.5,0.5)

Re—1 | P(Re)
P(Rp) = (0.5,0.5) —_—

Re | P(Ur)

t 0.9
f 0.2
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P(R2|U; = true, Uy = true)

P(Ro) = (0.5, 0.5)
P(Rs|u1, 1) = aP(u2|R2) Y P(Ra|ri)P(r|un)

n

Re—1 | P(Re)
P(Rp) = (0.5,0.5) —_—

Re | P(Ur)

t 0.9
f 0.2
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P(R2|U; = true, Uy = true)

P(Ro) = (0.5, 0.5)
P(Rs|u1, 1) = aP(u2|R2) Y P(Ra|ri)P(r|un)

n

P(Ri|u1) = o/ P(u1|R1) > P(Rilro)P(ro) ko1 | P(R)
o P(Ro) = (0.5, 0.5) . ‘ .
f 0.3

Re | P(Ur)

t 0.9
f 0.2
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P(R2|U; = true, Uy = true)

P(Ro) = (0.5, 0.5)
P(Rs|u1, 1) = aP(u2|R2) Y P(Ra|ri)P(r|un)

n

P(Ri|u1) = o/ P(u1|R1) > P(Rilro)P(ro) ko1 | P(R)
o P(Ry) = (0.5,0.5) ﬁ
= 0/(0.9,0.2)({0.7,0.3) x 0.5 f o
+(0.3,0.7) x 0.5)

Re | P(Ur)

= a’(0.9,0.2)(0.5,0.5)
= (0.818,0.182)

t 0.9
f 0.2
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P(R2|U; = true, Uy = true)

P(Ro) = (0.5, 0.5)
P(Rs|u1, 1) = aP(u2|R2) Y P(Ra|ri)P(r|un)

n

P(Ri|u1) = o/ P(u1|R1) > P(Rilro)P(ro) Rt | PR
o P(Ry) = (0.5,0.5) ﬁ
= 0/(0.9,0.2)({0.7,0.3) x 0.5 f o
+(0.3,0.7) x 0.5)

Re | P(Ur)

o/(0.9,0.2)(0.5, 0.5)
— (0.818,0.182)
P(Ra|u1, t) = (0.9, 0.2)((0.7,0.3) x 0.818
+(0.3,0.7) x 0.182)
— 2(0.9,0.2)(0.627,0.373)
— (0565, 0.075)
— (0.883,0.117)

t 0.9
f 0.2
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P(Xetky1lert)
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Prediction

P(Xt+k+1\el:t)

= Z P(Xttkt1s Xevk|er:e)

Xt+k

=37 P(XepkstIXesks e1:e) P(xesilere)

Xtk

> P(Xetirt |xek) P(xesiler:e)

Xt+k
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(Extra) Likelihood of Evidence

P(el:t)

Exercise: Can we derive a recursive computation for this too?
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(Extra) Likelihood of Evidence

P(el:t)
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(Extra) Likelihood of Evidence

P(el:t)

Exercise: Can we derive a recursive computation for this too?

e11: E PXhelt

ll:t — 'D(Xt7 el:t)
h.t+1 = Forward(h.¢, €t+1)

Ly.. = el t E /1 t Xty €1: t)
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e Time and Uncertainty
e Stationarity and Markov Assumptions

e Filtering, Prediction, Likelihood
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