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PROBABILITY
AS ALTERNATIVE TO LOGIC

UNCERTAINTY IS NOT IN THINGS BUT IN OUR HEAD: UNCERTAINTY IS A
LACK OF KNOWLEDGE.
JACOB BERNOUILLI, ARS CONJECTANDI (BERNOUILI, 1713)

PROBABILITY THEORY IS NOTHING ELSE THAN COMMON SENSE MADE
CALCULUS.

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



PROBABILITY
AS ALTERNATIVE TO LOGIC

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, EVERYTHING IN SCIENCE 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.

E.T. JAYNES, PROBABILITY THEORY THEORY: THE LOGIC OF SCIENCE (JAYNES,
2003)
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INCOMPLETENESS

PRELIMINARY KNOWLEDGE
+ LEARNING
EXPERIMENTAL DATA
= ENTROPY PRINCIPLES
PROBABILISTIC REPRESENTATION

UNCERTAINTY
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PROBABILITY Swes
AS AN ALTERNATIVE TO LOGIC

INCOMPLETENESS

PRELIMINARY KNOWLEDGE
+ LEARNING
EXPERIMENTAL DATA
= ENTROPY PRINCIPLES
PROBABILISTIC REPRESENTATION

UNCERTAINTY
P(a)+P(-a)=1
BAYESIAN INFERENCE P(a/\b)= P(a)x P(bla)
= P(b)x P(alb)
DECISION
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main ()

{

//Variables

plFloat read time;

plIntegerType id type(0,1);
plifleat times(dl] = {i1,2,38,9,10}7
plSparseType time type (5, times) ;
plSymbol id("id",id type);
plSymbol time("time",time type);

//Parametrical forms
//Construction of P(id)

plPrelbValite. decl chiisc|2l] = {(0.75,0:25} 3
plProbTable P id(id,id dist);

//Construction of P(time | id = john)
plProbvalue t john dist[5] = {20,30,10,5,2};
plProbTable P t john(time,t john dist);

//Cengtrtictlieon @f P(tilue | iel = Jolilil)
plProbValue t bill dist[5] = {2,6,10,40,20};
plRrelslelole 2 © lonll (Eilme, e loilll chige)) g

//Construction de P(time | id)
plKernelTable Pt id(time,id);
plvalues t and id(time”id);
it eamel ddficll] = O
Pr_ilel.puga (P € jelamn, e el iel) g
t_eamel delfiel] = g

P el puga (P € lodll,ic amel iel) s

//Decomposition
/) 2(einas del) = B(dc) 12(Elma || e
pldelmicbilgiErillsticilen Jel (iElma e, 2 del~i2E aich) 7

P | 0" r.n O
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main ()

{

//Variables

plFloat read time;

plIntegerType id type(0,1);
plifleat times(dl] = {i1,2,38,9,10}7
plSparseType time type (5, times) ;
plSymbol id("id",id type);
plSymbol time("time",time type);

//Parametrical forms
//Construction of P(id)

plPrelbValite. decl chiisc|2l] = {(0.75,0:25} 3
plProbTable P id(id,id dist);

//Construction of P(time | id = john)
plProbvalue t john dist[5] = {20,30,10,5,2};
plProbTable P t john(time,t john dist);

//Cengtrtictlieon @f P(tilue | iel = Jolilil)
plProbValue t bill dist[5] = {2,6,10,40,20};
plRrelslelole 2 © lonll (Eilme, e loilll chige)) g

//Construction de P(time | id)
plKernelTable Pt id(time,id);
plvalues t and id(time”id);
it eamel ddficll] = O
Pr_ilel.puga (P € jelamn, e el iel) g
t_eamel delfiel] = g

P el puga (P € lodll,ic amel iel) s

//Decomposition
/) 2(einas del) = B(dc) 12(Elma || e
pldelmicbilgiErillsticilen Jel (iElma e, 2 del~i2E aich) 7

//Question

//Getting the question P(id | time)
plCndKernel Pid t;
Jjelasglk (Piel i, iel, tilmz) ¢

//Read a time from the key board
cout<<HEl(Hd,Eime) = <SP dE E<H\D;
couEtsVrilne? § W

cin>>read time;

//Getting P(id | time = read time)
plKernel Pid readTime;
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BAYESIAN PROGRAMMING
RELATED FORMALISMS

More general

More specific

Bayesian
Programs

Bayesian
Networks
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- Bayesian
Maps




L'l COLLEG
" DE FRANCE

—1530—

OVERVIEW

REASON lNZG_‘A‘— A M2 “ROS ~__-_'j;‘:fi;'i.4.;.IC""];‘E VEL?

C BIOLOGICAL PLAUSIBILITY OF BAYESIAN

REASONING AT A MICROSCOPIC LEVEL?

10



OLIVIER LEBELTEL’S PH.D

11



CARLA KOIKE’S PH.D

- 5

. .
N 1.‘:_ i: - ]
il i :
‘ "’ . | '
‘ b N N
| |
- —

PR

’\
=
7

12



KAMEL MEKHNACHA’S PH.D




RUBEN GARCIA’S PH.D

14



RONAN LE HY’S PH.D

ROGER MOHR “DWTH ]
TRAICHARD FU

FHE ENEOECER “REMOTE EOT DEATHMATCH

FLAVER FRAGC LIMIT:FPRGS DEATHS

10
10
i1

-

ol o

-
1
=
=
=

sKILCED REMDTE B0T 'DEATAMATCH™ IN-STALWART
ELAPSED TIME: QO:02:4S




% #, COLLEGE
o f; DE FRANCE

@ BAYESIAN OCCUPANCY FILTER (BOF)
FOR AVANCED DRIVER ASSIST. SYST.

- Take uncertainty info account explicitly

- No ‘data association problem”

- Robustness to object occlusions/disappearances
- Can be implemented on dedicated hardware (GPU
or even DSP)

T —

PHD THESIS OF
CHRISTOPHE COUE

Coue, C., Pradalier, C., Laugier, C., Fraichard, T. &
Bessiere, P. (2006) Bayesian Programming multi-target

tracking: an automotive application; IJRR (International
Journal of Robotic Research),; Vol. 25, N° 1, pp. 19-30

Coug, C. (2003) Fusion d’information capteur pour [’aide a
la conduite automobile; PhD thesis, INPG

16



i COLLEGE
"JUN#' DE FRANCE

1 SENSOR - 1 OBJECT

A
T 15m
m
50°
‘\
&
10 m
, ='
u"l
Nty
A /M
A ANl
P
147/ ]



U 4y COLLEGE
J l)llR\\(l

“)mﬁn

1 SENSOR - 1 OBJECT

15 m
10 m

2= 2. 0.0)

L7




Loy COLLEGE
¥ DE FRANCE
; 1§30 —

1
h )
0.8
o 0.6
- 15m
m
1 04
)
0.2
.\5?°
0
‘ \
10 m G i i . ;

P([E.=1]1zc)
,Z==(:5,:2,CL()) C = LY,)C(Q,CH

7%



Abelly COLLEGE
¥ DE FRANCE
g 1§30 —

1 SENSOR - 1 OBJECT

-4 -2 0 2 4

BCIE L] zc)
c=|x,y,0,0]

18



1 SENSOR - 1 OBJECT
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e Occupied space
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e Occupied space

* Free space
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2 SENSOR - 3 TARGETS

Z11 = (55, -4, O, O) 212 = (55, 1, 0,0)
= (11,-1,0,0) z,,=(54,1.1,00)
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4 2 0 2 4
2,,=(55,-4,0,0) z;,=(55,1,0,0) P([E.=1]12;;217212C)
Z2’1=(11,-1,0,0) Z2,2=(5.4,1.1,0,0) C = [X, y, 0, 0]
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WITHOUT VS WITH FILTERING
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BAYESIAN ACTION PERCEPTION:

HANDWRITING EXPERIMENTS

PH.D ESTELLE GILET

Gilet E, Diard J, Bessiere P, 2011 Bayesian Action—Perception Computational Model: Interaction of
Production and Recognition of Cursive Letters.PLoS ONE 6(6): €20387. doi:10.1371/journal .pone.0020387
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SIMULATION OF ACTION DURING "«
PERCEPTION?
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READING
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»[Meulenbroek96]
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* Human models
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FROM MOTOR PERCEPTION THEORY
TO BAYESIAN ACTION PERCEPTION
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FROM MOTOR PERCEPTION THEORY
TO BAYESIAN ACTION PERCEPTION

Motor perception theory

Perception for action control theory
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A COMMON SPACE FOR MOTOR AND PERCEPTION™

INTERNAL REPRESENTATION
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COMMON FEATURES FOR BOTH REPRESENTATIONS
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LEARNING SUCCESSION OF CONTROL POINTS
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LEARNING SUCCESSION OF CONTROL POINTS
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LEARNING SUCCESSION OF CONTROL POINTS

P(Clc | Cix [L= 1] [W = Julienne]) (2)
Indice 3 %0 Y 2
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LEARNING SUCCESSION OF CONTROL POINTS

P(Clc | Cix [L= 1] [W = Julienne]) (2)

20 30 40
X=15 Indice 2

{Inr=pl [E1] S0 = (0-07%] 1T %d
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LEARNING SUCCESSION OF CONTROL POINTS

P(Clc | Cix [L= 1] [W = Julienne]) (2)
Indice 3 “ 035 Y 5
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2 3
20 - /
Xza-a ) /
10
VS 0 . 4 >
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LETTER RECOGNITION
KNOWING THE SCRIPTER

P(L | [VEM = M) [VEM = \2M] [W = w] Ay =1])

( P([CLV. = VM M LIw=w]) )
Pucw, = F(vEM VM) | L (W =w))
P([Cvx = FVOM, VOM) | L (W = w))
\ P([cw, = fveM VM) LIW=w]) )

([ PICTvx = Flve ™, vy ™) | lczv: = fve M vy ™ML W =w]) )
® | PUChy, = FOEM, MY | [CFy, = FvEM, 3“)1 LW = w])
1 P([Clvx = F(VOM, °”n | [c = f(v’ ™, veMI LW = w])

\ PUCEy, = F(vOM, M) [cw, — M OM) LW = W)
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SCRIPTER RECOGNITION
KNOWING THE LETTER

P(W | [vx" =" W =™ [L=1 v =1])

Estelle Julienne Jean-Louis Christophe
Estelle D.76 0.0 D.0 '
Julienne 0.0 0.80 0.0 )
Jean-Louis ' ' '
Christophe D.1C D.14 ) D.6
79,5%
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MOTOR CONTROL

POYT 03T | [L=1[W=w] [Ap =1])
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MOTOR EQUIVALENCE

W = Estelle W = Christophe @~ W = Julienne
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COPY

PO T 9T | yOM OM 1\ =1 A, =1 Ap = e . :
(6" 6377 | V™ V™ [Av =1] [A =1] [Ap =1]) P@EXT 62T | VOM VOM [, _ 3] [rp = 1] [W = w))

Trace copy
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LETTER RECOGNITION L
WITH MOTOR SIMULATION

»

PIL| VM =vIM [VeM =M (W =wl Ay =1] AL = 1] Pp = 1] [As = 1])

1 Perceptive internal ' Motor inter Simulated internal

L representation representation J
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T~ Perceptive internal Simulated internal -

k representation representation )
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W ) Simulated -
5 Read
trajectory | 9"; 'j',";o"qd,
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RESULTS

With motor 0 0 0 0 0 0 0 0 0 1 0
simulation

Without motor O 09 O 0 0 0 0 0 0 01 O
simulation

Extracts of the probability distributions over letters, computed as solutions to
the reading task with (top row) and without (bottom row) motor simulation,
when presented with the truncated g shown Fig. 23.
doi:10.1371/journal.pone.0020387.t003
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® BIOLOGICAL PLAUSIBILITY OF BAYESIAN
REASONING AT A MICROSCOPIC LEVEL?
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How IS IT PERFORMING PROBABILISTIC INFERENCE?
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AMOEBA

How IS IT PERFORMING PROBABILISTIC INFERENCE?

CELL SIGNALING
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2 MESSENGERS
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2 MESSENGERS

1
P([QI=O]A[QI=O]A[Q)=O]) - 5

“ I kooo_, )(!n.2
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Koo — 010 XK 10 op X Iy
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- xk X m
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K000 s 001 T K000 s 100 X K99 _s 101 XM
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BAYESIAN GATE

' idb'

q)

1][A2 =1))

0]1g1g2[ Al =1] A2 =1])
)+ P(011)¢2 + P(101)p1 + P(111)¢1¢2

1] 1 p12[ A1

P(s
P(s
_P(f1=0]r2-0]s=1

> =

P(000) + P(010)¢2 + P(100)¢1 + P(110)¢1¢2
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BAYESIAN GATE

K000 s 001 T K000 5 100 X K gg _s 101 XM

- T K000 25010 X K0 s 011 X ™2 T Kp00 5 010 X K10 s 110 X K110 = 111 X My XMy
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1]1g1g2] a1 =1][ 22 =1])

0]1¢g192[ A1 =1][A2 = 1])
)+ P(011)¢2 + P(101)p1 + P(111)¢1¢2

P(s
P(s

2:

_P(f1=0]f2-0fs-1

P(000) + P(010)¢2 + P(100)¢1 + P(110)¢1¢2
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% BAYESIAN BIOCHEMISTRY:: S
BASIC IDEAS

@ BAYESIAN VALUES -> OF MESSENGERS,
&

¢ BAYESIAN GATES -> BETWEEN ALLOSTERIC
MACROMOLECULES & MESSENGERS

¢ BAYESIAN INFERENCE ->

@THE INTERPLAY BETWEEN

MECHANISMS AND PROPAGATION IN
NEURONS IS THE KEY LEVEL TO UNDERSTAND BRAIN
COMPUTATION

B o
RE A
I\

R e
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% BAYESIAN BIOCHEMISTRY:: ke
OPEN QUESTIONS

¢ HOW IS AT THE DIFFERENT
SCALES (MOLECULAR, INTRA-CELLULAR, CELLULAR,
INTER-CELLULAR, POPULATION, SYSTEM)?

@ HOw IS AT THESE DIFFERENT
SCALES?

¢ HOw IS AT THESE DIFFERENT
SCALES?

¢ WHAT IS MEANT BY AND AT THESE

DIFFERENT SCALES?

Q DO SENSORY-MOTOR SYSTEMS PERCEIVE VALUES OR
PROBABILITIES OF VALUES?

¢ How DO THEY MAKE ON THE ACTIONS TO
PERFORM? L
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