CSE-481
Robotics Capstone

Intro to Probabilistic Technigues
Probabilities
Bayes rule
Bayes filters



Probabilistic Robotics

Key idea: Explicit representation of

Uncertainty.
(using the calculus of probability theory)

» Perception = state estimation
» Action = utility optimization
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Axioms of Probability: Theory

Pr(A) denotes probability that proposition Als true.

> O0<Pr(A)<1
» Pr(True) =1 Pr(False) =0

» Pr(AvB)=Pr(A)+Pr(B)—-Pr(Ana B)




A Closer Look at Axiom 3
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Discrete Random Variables

» X denotes a rancdom variable.

» X can take on a countable number of values In
{X1, X5, 0y X}

> P(X=X), or P(x;), IS the probanility that the
random variable Xtakes on value x.

p 2(-)Is called prenaniity, mass URCHeIN.

» £.0.
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Continuous Random Variables

» X takes on values In the continuum.

- (X=X, OF P 1S a pPrekanilin density iUnCHen:

» E.Q. &
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Joint and Conditienal Probability
> P(X=xand Y=y) = P(x.V)

» |fi X and Y are independent then
PIXY) = PX) P()

> P(x [ V) Is the prebability of x given J/
PX [ Y) = PCY) /7 PO)
PXY) = RPX 1Y) PO

» |f X and Y are independent then

PO Y) = P
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Law’ of Total Prebability, Marginals

Discrete case Continuous case
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Bayes Formula

P(ylx) P(x) _ likelihood - prior
P(y) evidence

P(x|y) =




Algorithm:

Normalization
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Conditioning

» [otal probability:
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Conditioning

» [otal probability:

» Bayes rule and backgrounad knewledge:
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Conditional Independence

» Equivalent to

and
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Simple Example of State Estimation

» SUPPOSE a robot ebtains measurement z
» What Is P(aoorOpern|z)?

-

4/9/2006 CSE-481 Robotics Capstone: Prob Intro 14



Causal vs. Diagnoestic Reasoning

» P(open/z) s Glagnostic.
> P(z[open) is<salsal.
» Often causal knowle

» Bayes rule allows us to Use causa
knowledge:
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Example

» P(z|open) = 0.6 P(z|—open) = 0.3
» P(open) = P(—open) = 0.5

Z raises the probability that the door is open.
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Combining Evidence

» SUPPOSE OUr robot obtains anether
observation z,.

» How can we integrate this new information?

» More generally, how can we estimate
P(x| z;...2,,)?
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Recursive Bayesian Updating

Markov assumption: z, is independent of z,,...,z
we know X.

Nn-
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Example: Second Measurement

» P(z,|open) = 0.5 P(z,|—0pen) = 0.6
» P(open|z,)=2/3

Z, lowers the probability that the door is open.
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Bayes Filters: FEramework

» Given:
= Stream of observations zand action data u:

= SENSermedel 2(z/x):

= Action medel Podu,x)!

= Prior probability of the system state P(x).
» \Wanted:

= Estimate of the state X of a dynamical system.
= The posterior of the state Is also called Belief:
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Markev: Assumption

Mo e
oy

» Static world
» Independent noise
» Perfect model, no approximation errors
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Bayes Eilters -

Bel(x,) =

Bayes
Markov

Total prob.

Markov

7 Pz 1%) [ P(x U1, % ) Bel(x, ) dx,
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Bel(x,) =71 P(z, | x,) j P(X, |u_y, X_1) Bel(x._,) dx_,

Algorithny Bayes  filter( Bel(x),d):

=0

Ii" d'Is a perceptual data item z then
For all xdo

1.
2.
3
4,
5.
6
7 For alll xdo
8

)

Else If dIs an action data item « then

10. For all xdo
11.

12,  Returm Bel(x)
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sSummary

» Bayes rule allews us to compute
probabllities that are hard te assess
otherwise.

» Under the Markev assumption, recursive
Bayesian updating can be used to

efficient

» Bayes fi

Y. combine evidence.

ters are a probabilistic teol for

estimating the state of dynamic systems.

4/9/2006
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