Probabilistic Graphical Models

Lectures 17

Inference in Temporal Models




Remember: Temporal Models
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Remember: Temporal Models
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Remember: Temporal Models




What if € cannot model approximation?

Solution 1: create more dependencies.




What if € cannot model approximation?

Solution 2: add acceleration to state vector.
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Remember: Temporal Models (nonlinear

case)

Linear:
X=AX  +¢
Nonlinear:
X =1X_)+e
X = f(Xt-l’ )



Remember: Temporal Models (nonlinear case
with input)

Q Linear:
X=AX _ +Bu +e
@ ° Nonlinear:

X = f(X_,
= f(X

u) +e

t-1’ t’ )



Remember: Observation Model Example
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Remember: Observation Model Example
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Remember: Transition and Observation
Models

(No input)

P(X | X _,)  Transition Model @ °
PO, [X) Observation Model
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Inference: State Estimation

a G . . . | e e °

Given 01’02, . Ot what is Xt?

P(X,10, 0, ..., 0) =7
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Inference: Prediction

a G . . . | e e °

Given 01 02, ) Ot_1
P(Xt | 01’02, Ot-l) =N

what is Xt?
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Inference Problems

a G R e e °

pred(X) =P(X [0, 0,, ..., 0_,) Prediction
corr(X) =P(X |0, 0,, .., 0) Correction (update)
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Inference Problems

pred(X) =P(X |0, O,, ..., O _,) Prediction
corr(X) =P(X |0, 0,, .., 0) Correction (update)
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Inference Problems

pred(X) = P(X_| 0,0,.., 0 _,) Predi

ction

corr(X) = P(X | 0,0, .., 0) Correction (update)

1. Variable Elimination
2. Recursive Bayesian Filtering

000 = pred(Xt) - COIT(Xt) — pred(X

t+1) =

corr(X

t+1) =

16



Prediction Phase

pred(X) =P(X.| 0, O,,
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Recursive Bayesian Filtering - Prediction

Freg{(xf): P(xéIO,;Ogr >‘Oé_‘)
core (X¢) = P(X¢ | 01025 -~ O

PYQJ(Xf) = F(thO,) '70{_‘> = 2(_1,- P(Xf))_(é’|loa~_—qt~l)
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Correction Phase
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corr(X) =P(X [0, 0, .., 0)
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Recursive Bayesian Filtering - Correction

F(tho'—o‘é) — P(X{lol'—_7 5 '?i)

P(0z) Xe,0,—9) P(Xe|lo—2)
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Initialization Phase

pred(X) =P(X |0, O,, ..., O _,) Prediction
corr(X) =P(X [0, 0, .., 0) Correction (update)

pred(X,) = P(X,)
corr(X,) = P(X, | 0,)

Ax
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Kalman Filter

Recursive Bayesian Filtering

e P(X |X ) Transition Model

e P(O [X) Observation Model
Simple Case:

e Continuous States
e Linear Transition and Observation Models
e Additive Gaussian Noise
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Kalman Filter

e (Continuous States
e Linear Transition and Observation Models
o X =AX  te

O Ot=BXt+£O

e Additive Gaussian Noise
o ¢ ~N(0,X)

o e ~N(0,Z2)
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Kalman Filter

e Linear Transition and Observation Models
o X =AX  te , 0. =BX +¢

e Additive Gaussian Noise
o e ~N(0,X), € ~N(0,2)

P(X.|X_)=P_(AX_ -X)=Normal(AX_ -X;0,Z)

PO |X)=P_ (0 -BX)=Normal(O-BX;O0,2X)
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Kalman Filter

e Linear Transition and Observation Models
e Xt:AXt—l-I_EX’ Ot=BXt+€O

e Additive Gaussian Noise
o & ~N(0,%), £ ~N(0,Z)

P(X.|X_)=P_(AX_ - X)=Normal(AX_ - X;0,Z)

P(0,|X)=P_(O,-BX)=Normal(0_-BX;0,Z)

pred(X ) and corr(X ) remain Gaussian.
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Kalman Filter

e Linear Transition and Observation Models
e Xt:AXt—l-I_EX’ Ot=BXt+£O

e Additive Gaussian Noise
o & ~N(0,%), £ ~N(0,Z)

P(X.|X_)=P_(AX_ - X)=Normal(AX_ - X;0,Z)

t

PO _|X)=P_(0O,-BX)=Normal(O -BX;0,ZXZ)

t

Recursive Bayesian Filter — Kalman Filter
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Remember: Gaussian Distribution

p(x) can be represented with p, o
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Remember' Multivariate Gaussian

p(x) can be represented with y, ¥
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Kalman Filters




