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Bayesian programming and ProB'T
Robotics applications

« How to learn reactive behaviors
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e Hierarchies of models

e Coherence variables
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PROBABILITY AS AN
EXTENSION OF LOGIC




Probability for incomplete problem?

Incompleteness
Preliminary Knowledge
+
Bayesian Learning Experimental Data

Probabilistic Representation

Uncertainty

P(a)+ P(—a)=1
P(anb)=P(a)P(bla)=P(b)P(alb)

Bayesian Inference

Decision
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Probability as an extension of logic

PROBABILISTIC INFERENCE AND LEARNING THEORY, CONSIDERED AS A
MODEL OF REASONING, IS AN ALTERNATIVE TO LOGIC TO EXPLAIN AND UNDERSTAND
PERCEPTION, INFERENCE, DECISION, LEARNING AND ACTION.

3 Uncertainty is not in things but in our head: uncertainty is a lack of knowledge
- JAcoB BERNouUILLI, Ars Conjectandi (Bernouili, 1713)

LA THEORIE DES PROBABILITES N'EST RIEN D'AUTRE QUE LE SENS COMMUN FAIT CALCUL.

MARQUIS PIERRE-SIMON DE LAPLACE, THEORIE ANALYTIQUE DES PROBAILITES (LAPLACE 1812)

THE ACTUAL SCIENCE OF LOGIC IS CONVERSANT AT PRESENT ONLY WITH THINGS EITHER CERTAIN, IMPOSSIBLE, OR
ENTIRELY DOUBTFUL, NONE OF WHICH (FORTUNATELY) WE HAVE TO REASON ON. THEREFORE THE TRUE LOGIC FOR
THIS WORLD IS THE CALCULUS OF PROBABILITIES, WHICH TAKES ACCOUNT OF THE MAGNITUDE OF THE PROBABILITY
WHICH IS, OR OUGHT TO BE, IN A REASONABLE MAN'S MIND .

JAMES CLERK MAXWELL (1850)

RANDOMNESS IS JUST THE MEASURE OF OUR IGNORANCE.

TO UNDERTAKE ANY PROBABILITY CALCULATION, AND EVEN FOR THIS CALCULATION TO HAVE A MEANING, WE HAVE TO
ADMIT, AS A STARTING POINT, AN HYPOTHESIS OR A CONVENTION, THAT ALWAYS COMPRISES A CERTAIN AMOUNT OF
ARBITRARINESS. IN THE CHOICE OF THIS CONVENTION, WE CAN BE GUIDED ONLY BY THE PRINCIPLE OF SUFFICIENT
REASON. FROM THIS POINT OF VIEW, EVERY SCIENCES WOULD JUST BE UNCONSCIOUS APPLICATIONS OF THE
CALCULUS OF PROBABILITIES. CONDEMNING THIS CALCULUS WOULD BE CONDEMNING THE WHOLE SCIENCE.

HENRI POINCARE, LA SCIENCE ET L’HYPOTHESE (POINCARE, 1902)

BY INFERENCE WE MEAN SIMPLY: DEDUCTIVE REASONING WHENEVER ENOUGH INFORMATION IS AT HAND TO PERMIT
IT; INDUCTIVE OR PROBABILISTIC REASONING WHEN - AS IS ALMOST INVARIABLY THE CASE IN REAL PROBLEMS - ALL
THE NECESSARY INFORMATION IS NOT AVAILABLE. THUS THE TOPIC OF « PROBABILITY AS LOGIC » IS THE OPTIMAL

PROCESSING OF UNCERTAIN AND INCOMPLETE KNOWLEDGE .
Ui m C p.

)AA{ SORBONNE ““"

. JAYNES, PROBABILITY THEORY THEORY: THE LOGIC OF SCIENCE (JAYNES, 20Q




What rules ?

P(A,B)= P(A)P(B|A)= P(B)P(A| B)

10




Modus Ponens
an [a — b] b
Modus Tollens

—.b/\[a:>b]H—|a

bala= bl 277

—|a/\[a=>b]H???

Syllogisms ?

Pbla)=1

P(—lal—lb)zl

rap (“I)JIZ 1(9]; 2 5.

P(bl—a) < P(b)

11

a: X 18 divisible by 9
b: X 1s divisible by 3
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BAYESIAN PROGRAMMING




BAYESIAN PROGRAM

\

Bayesian Programming

N
PROGRAMMING

P,

[SPECIFICATION
+VARIABLES
sY 80 Lo
% + DECOMPOSITION
e P(S°h o nS A0 A a0 = P8 x PO | 57) x [TrP(s | sSThxpo' | s
E i=2
@
B.I + PARAMETRIC FORMS P[Sﬂ} _ G{S[{ L, U}
P(5 |8 =G 405" 0)
P(O'|S)=G(O, H*S" R)
IDENTIFICATION
\ +LEARNING FROM INSTANCES
QUESTION P(s" | 0" n.on O
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BAYESIAN PROGRAM
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DESCRIPTION
HEA

\

QUESTION

IDENTILFIC,

main ()

{
SPECIFIeATION

//Par

+ DEGON
plProbV:

;F{Sﬂ

//Const:
plProbV:
+ PAR AN

//Const
plKerne.
plvalue:
t_and i¢
Pt_id.p
t _and i¢

+ LEARN
// P(tir
plJointl

p ==
jd.ask(Pid t,id,time);

PROBAYES.com

//Read a time from t
cout<<"P (id, time)= "
CouEISIIE e Ens st
cin>>read time;

Bayesian Programming

ST xp(o' ] 8N

BAYESIAN~-PROGRAMMING.ORG
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Bayesian Programming

More general

Bayesian
Programs

Bayesian " Bayesian
Networks Maps

More specific

Equivalent to probabilistic factor graphs

- ®




Why 1s 1t called ,,programming*?

Iteration: Filters

Calling subroutines: Hierarchies

Conditional statements

Variable equality, assignation and matching:

Coherence variables

UPMC (&
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APPLICATIONS
IN
ROBOTICS




Robotics

PhD Olivier Lebeltel (1999) PhD Kamel Mekhnacha (1999)
Advanced Robotics (2004) Advanced Robotics (2001)

Trajectory Learning

Homing in a Redlistic Environment

=

PhD Christophe Coué (2003) PhD Cédric Pradalier (2004)

IJRR (2006) Robotics and Autonomous systems (2005) PhD Carla Koike (2005)
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BalCHARD e REMOTE EBOT DEATHMATCH
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ELAPSED TIME: 00:02:4S

PhD Ronan Le Hy (2007)
Robotics and Autonomous systems (2004) IEEE Tr. Computational Intelligence and Al in Games (201




LEARNING REACTIVE
BEHAVIORS




L.earning reactive behaviors

=1
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Lebeltel, O., Bessiére, P., Diard, J. & Mazer,
E. (2004) Bayesian Robot Programming;
Autonomous Robots, Vol. 16, p. 49-79

Lebeltel, O. (1999) Programmation
bayésienne des robots; Thése INPG
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Photo Alain Herzog
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* Avoiding Obstacle
e Contour Following
e Piano mover

* Phototaxy

* etc.




Program

Description i

@uestion

S
=
N
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Pushing objects

/ Specification

e Variables

L
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Pushing objects

Program

Description i

@uestion

/ Specification
e Variables

Dir ,Prox,Vrot

»  Decomposition

P(Dir ,Prox,Vrot) = P(Dir)P(Prox)P(Vrot | Dir ,Prox)
- Parametrical Forms

P (Dir,Pr ox) = Uniform

P(Vrot | Dir ,Prox) = Gaussians

L

Identification

.

Utilization

P(Vrot || Dir =d|[Prox = p))

* Joystick Remote Control = Experimental Data 81




Pushing objects
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Pushing objects

0.4: Dir=0, Prox=15
] \
] \
0.3 -
e . f l\
g 1 Dir=—10, Prox=13 / \
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Contour following

Program

Description i

@uestion

/ Specification
e Variables

Dir ,Prox,Vrot

»  Decomposition

P(Dir ,Prox,Vrot) = P(Dir)P(Prox)P(Vrot | Dir ,Prox)
- Parametrical Forms

P (Dir,Pr ox) = Uniform

P(Vrot | Dir ,Prox) = Gaussians

L

Identification

.

Utilization

P(Vrot || Dir =d|[Prox = p))

* Joystick Remote Control = Experimental Data 62
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Figure 4.5: P(Rot | [Dir = 0] A [Prox = 15])
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Mobile Robot Navigation

PhD C. Pradalier (2004)
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Trajectory Learning

Homing in a Realistic Environment

INSTITUT NATIONAL DE RECHERCHE EN INFORMATIQUE ET EN AUTOMATIQUE

INRIAGKE S
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e /
[PRA)QA;L}ERO4] 29
[PRADALIEROS]



BAYESIAN FILTERS




Specification

(v, {S‘,Vte 0,...,T]: ' € Ds

“lOtvter,... . T): 0" € Do
(P(S°AOY,...S*AO"...ST AOT) =

De: ¢ te[1...T)

Ds{ Sp ¢ (P(s°) II p(st|s")P(0°]S"))

(P (S°) = Initial condition

Fo:{ P(S"|S* ') = Transition Model

P (Ot | S") = Sensor Model

Pr 4

\ Id:
| Qu : P(ST | o! ...oT)

31
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Bayesian Occupency Filter (BOF
for ADAS

Coué¢, C., Pradalier, C., Laugier, C., Fraichard, T. & Bessiere, P. (2006)
Bayesian Programming multi-target tracking: an automotive application;

1IRR (International Journal of Robotic Research); Vol. 25, N° 1, pp. 19-30

Coué, C. (2003) Fusion d’information capteur pour l'aide
a la conduite automobile; PhDF thesis, INPG
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Temporal filter
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Real time ADAS
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HIERARCHIES OF MODELS
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Calling subroutines

/ Specification
e Variables
Xl >X2 e XN

- Decomposition
P(X,, -, Xylr)=PX |n)PX, | X,,m)P(X; | % ,X,, )~
* Parametrical Forms
P(X1 I 71'1) = Uniform
P(X, | X,,7,)= Gaussians
P(X | X #mp="HisTograms ~ P(X,|X,,m)=P(X,|X,,7,)

Identification

.

Utilization

P(X,, X, | x,x,,%,,,7,)

I

* Leraning
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BAMBI

intention

partial
information

more
constraints

direct
knowledge

Startiralt

Strategy (tech tree,
army composition)

@

Tactics (army
positions)

e

Micro-management

39

3 min
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Strategy

Tactics

Action

Startiralt

Strategic
decision

40




Startiralt

Strategic
decision
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Startiralt

Incomplete
Data

buildings, technologies units

s N e

- —>I Opponent Tactics |¢ - - 1 Opponent Positions |

opening, tech tree attacks: where, how

g o ICTTN

k objectives, formations

Opponent Strategy

| Our Strategy

buildings, tech . how, / \
* units, tech order where f

BayesianUnit BayesianUnit

Production planner Our Style BayesianUnit BayesianUnit
and managers (+ meta) BayesianUnit BayesianUnit
BayesianUnit BayesianUnit
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Incomplete
Data

buildings, technologies units

I Opponent Strategy I» --- ,,I Opponent Tactics I4 --- <I Opponent Positions I

opening, tech tree attacks: where, how
-——->I Our Tactics |—§—> Unit Groups
w

| Our Strategy

7
objectives, formations
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Incomplete
Data

buildings, technologies units

,,I Opponent Tactics I4

0
attacks: where, how

,{ Opponent Positions I

| Unit Groups |I

7
objectives, formations

I Opponent Strategy I» --

| Our Strategy -

->I Our Tactics

wanteci: units,
buildings, tech how,

where

units, tech order

BayesianUnit BayesianUnit

Production planner Our Style BayesianUnit BayesianUnit

and managers (+ meta) BayesianUnit BayesianUnit

BayesianUnit BayesianUnit
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Incomplete
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buildings, technologies units
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->I Our Tactics |—§ Unit Groups
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COHERENCE VARIABLES
TO DEAL WITH
MULTI- INFERENCE PATHS
AND
SOFT EVIDENCE
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Mult1 inference paths

Robot Actuator

Range Sensor




Robot Actuator

Range Sensor

World

Mult1 inference paths

P
r
Robot Location

L

Object Location

vPr

Po

( ¢ (

Va:
P..R P, C,FP,,L,FP..A
De :
[ P(P.A...AAlR)
= P(Px)x P(R|w) x P(FP,|PrARAT)
< xP(C|w) x P(P|P, ANC AT)
X P (L|w) x P(Pe|Pa AL AT)
Ds | Sp(=){ | XP(A|P, APe A7)
Fo:
Pr ([ P(P,|P-ARA®) = Normal(Pr, ¢)
P(C|x) =Uniform
P(P,|Pr ANC A7) = Normal(py + ¢, €)
| P(L|x) = Normal(Lg,€r)
P(Pe|Pa ALAT) =8p.=p.+1
|\ P(A|PoAPe Am) = bocp.—p.<e.
(Id
Qu:
P(ClrAAAT)

48

P(PlrAcAAAT)
P(LlrAcAAAT)
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Mult1 inference paths

Inverse kinematic :

Robot Actuator

Range Sensor

< Y [P(R)P(P1B.)P(C)P(E1P,C)P(L)P([P. = B]IP, L)]

Localization :
(P Ee l)

) « 3 [P(R)P(R,1P.1)P(B,1P.c)P(L)P([P.=B]IP,.L)]

P.P.L

@ @ @ Calibration :

(LIrC/l)
e ° — 2 [ P(P1P,r)P (PaIR,C)P(L)P([P(;:PO]IPWL)]

PP, P,

Pr Po

@ 4’9 \ I ,:",ful‘ v’




Inverse kinematic

50



L.ocalization

51
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Reasoning with sott evidence

T

P(XAY 15 Ay ATy A22) —— P(XAY IS AP A1)

P(XAY 19 A0,)

| @ : o




Reasoning with soft evidence

P(®,)P(P1®,)P(®,)P(P,I®,)P(A1P,P,)P(A,IP,P,)P(P,P,P)

P(P|¢1’¢2a/lll EI: PP P ([ ]|¢1) ([ =P2]|(P2):|




TOWARD DEDICATED
HARDWARE




Boolean gates with 2 entries

AL
=

—— DD
e G G QR (D)




Bayesian gates with 2 entries




Bayesian gates with 2 entries

pP(®,,®,.F F,,F,F,,S,A,A)
=P(®,)P(®,)P(F',|®,)P(F',1®,)P(F,F,,S)P(A | E.F'\)P(A | F,,F',)

P([S 1]19,.0,.4,,,)
P(S 0]14,.9,.4,.4,)

P(001)+P(011)¢, + P(101)¢, + P(111)¢,0,
P(000)+ P(010)¢, + P(100)¢, + P(110)p,0,

18R SORBONNE
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Take home messages

- * A generic formalism

: e A programming language

I * An inference engine: ProB'T
- » Numerous robotics examples

- » Toward dedicated hardware

59

More general

More specific
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