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Introduction

Main idea

» For a piece of information to be useful, it has to be interpreted
with respect to the quality of the source which provides it.
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with respect to the quality of the source which provides it.

» No easy task as
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Introduction

Main idea

» For a piece of information to be useful, it has to be interpreted
with respect to the quality of the source which provides it.

» No easy task as

Problem 1 The quality of the source may come in many guises.
» E.g. Reliable, Biased, Untruthful, ...
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Introduction

Main idea

» For a piece of information to be useful, it has to be interpreted
with respect to the quality of the source which provides it.

» No easy task as
Problem 1 The quality of the source may come in many guises.
» E.g. Reliable, Biased, Untruthful, ...

Problem 2 The quality of the source may only be known with some uncertainty.
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Introduction

Examples of different source qualities

» You want to know the temperature t.

» You take a thermometer T, which gives Celsius Fahrenheit
you a temperature of t = 55°C. 100°C 5129F
90°Cr T192°F
ggg T172°F
60°C+ [Eped
o 132°F
20T H112°F

40°Cr

30°Ct 192°F

20°Ct T72°F

10°Ct 152°F

0°C+ +32°F
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Introduction

Examples of different source qualities

» You want to know the temperature t.

» You take a thermometer T, which gives Celsius Fahrenheit
you a temperature of t = 55°C. 100°C+ 212°F
» Example 1: T is reliable %gzg i?gzg
ol T152°F
00T +132°F
20°CL +112°F
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Introduction

Examples of different source qualities

» You want to know the temperature t.

» You take a thermometer T, which gives Celsius Fahrenheit
you a temperature of t = 55°C. 100°C— 212°F
> Example 1. T is reliable gl ozr
= You can then conclude t = 55°C 70°C+ 1152°F
600C“ o
50°Ct T132°F
20°C+ +112°F
30°C+ T92°F
20°Ct T72°F
10°Ct T52°F
0°C+ +32°F
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you a temperature of t = 55°C. 100°C— 212°F
> Example 1 T is reliable gl T192°F
+172°F
= You can then conclude t = 55°C 70°C+ 1152°F
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Introduction

Examples of different source qualities

» You want to know the temperature t.

» You take a thermometer T, which gives Celsius Fahrenheit
you a temperature of t = 55°C. 100°C~ 5129F
» Example 1: T is reliable 900(:: T192°F
. 80°C T172°F
= You can then conclude t = 55°C 70°C+ 1152°F
» Example 2: T is unreliable ggzg: +132°F
= t € {set of all possible temperatures} 40°C+ T112°F
30°Ct 192°F
20°Ct T72°F
10°Ct T52°F
0°C+ +32°F
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Introduction

Examples of different source qualities

» You want to know the temperature t.

» You take a thermometer T, which gives Celsius Fahrenheit
you a temperature of t = 55°C. 100°C— 212°F
» Example 1: T is reliable QOZC: T192°F
. 80°C 1172°F
= You can then conclude t = 55°C 70°C+ 1152°F
> Example 2: T is unreliable ggzgj 1132°F
= t € {set of all possible temperatures} 40°C+ --1lg°F
» Example 3: T is reliable in the context 30°Cr :%OE
t € {-38°C,...,356°C} (range of mer- %gog: 1500F
cury thermometers) and unreliable for 0°CL L390F

the other temperatures.
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Introduction

Examples of different source qualities

» You want to know the temperature t.

» You take a thermometer T, which gives Celsius Fahrenheit
you a temperature of t = 55°C. 100°C— 212°F
» Example 1: T is reliable QOZC: T192°F
. 80°C 1172°F
= You can then conclude t = 55°C 70°C+ 1152°F
> Example 2: T is unreliable ggigj 1132°F
= t € {set of all possible temperatures} 40°C+ T1 lgoF
» Example 3: T is reliable in the context 30°Cr :%OE
t € {-38°C,...,356°C} (range of mer- %gog: 1500F
cury thermometers) and unreliable for 0°CL L390F

the other temperatures.
= te {55°C}uU{-38°C,...,356°C}

- <

UNIVERSITE D’ARTOIS



http://www.univ-lille-nord-de-france.fr/
http://www.lgi2a.univ-artois.fr/
http://www.univ-artois.fr/

Introduction

Examples of different source qualities

» Example 4. T is partially reliable at
one degree, which means that when it
gives a temperature t, the true one is
between t —1°C and t + 1°C.
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+72°F
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Introduction

Examples of different source qualities

» Example 4. T is partially reliable at
one degree, which means that when it
gives a temperature t, the true one is
between t —1°C and t + 1°C.

= t e {54°C,55°C,56°C}
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Introduction

Examples of different source qualities

» Example 4. T is partially reliable at
one degree, which means that when it
gives a temperature t, the true one is
between t —1°C and t + 1°C.

= t e {54°C,55°C,56°C}
» Example 5: T is biased of one degree

meaning that when it gives a tempera-
ture t, the true one is t + 1°C.
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Introduction

Examples of different source qualities

» Example 4: T is partially reliable at Celsius Fahrenheit
one degree, which means that when it 100°C 212°F
gives a temperature t, the true one is 00°C+ 1192°F
between t —1°C and t + 1°C. 80°C+ 1172°F

= t e {54°C,55°C,56°C} ggzg: +152°F

» Example 5: T is biased of one degree 50°C+ "132:F
meaning that when it gives a tempera- 40°Ct "113 F
ture t, the true one is t + 1°C. 30°Ct 192°F

e 20°C+ T72°F
= t=156°C 10°C+ 152°F
0°C+ -32°F
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» Example 4. T is partially reliable at
one degree, which means that when it
gives a temperature t, the true one is
between t —1°C and t + 1°C.
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» Example 5: T is biased of one degree

meaning that when it gives a tempera-
ture t, the true one is t + 1°C.
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Introduction

The quality of the source may only be known with some uncertainty

» The information on the quality of the

source may also be uncertain and impre- ) i
Celsius Fahrenheit

cise.
100°Ct T212°F
90°Ct +192°F
ggz(ci" T172°F
o 1152°F
00.cl +132°F
4ooc__ “112OF
30°Ct 192°F
20°Ct T72°F
10°C+ 752°F
0°C+ 132°F

- “.

UNIVERSITE D’ARTOIS



http://www.univ-lille-nord-de-france.fr/
http://www.lgi2a.univ-artois.fr/
http://www.univ-artois.fr/

Introduction

The quality of the source may only be known with some uncertainty

» The information on the quality of the
source may also be uncertain and impre-
cise.

» Example 6: One may believe to some
degree that T is reliable.
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+192°F
+172°F
+152°F
+132°F
T112°F
+92°F
+72°F
152°F
132°F

-

UNIVERSITE D’ARTOIS


http://www.univ-lille-nord-de-france.fr/
http://www.lgi2a.univ-artois.fr/
http://www.univ-artois.fr/

Introduction

The quality of the source may only be known with some uncertainty

» The information on the quality of the

source may also be uncertain and impre- ) i
Celsius Fahrenheit

cise.

» Example 6: One may believe to some 100°C—+ T212°F

degree that T is reliable. 902(:“ T192°F
» Use of the belief function theory ggog__ :ggzg

1. To model the information provided by 60°C+ 1132°F
the source. 50°Ct 1112°F

2. To model the information on the qual- 4OZC" 1go°F
ity of the source. ggo(c:: 1790F

3. To infer the correction/adjustment of 10°C+ 152°F
the information provided by the 0°C+ 132°F
source according to the information
on its quality.
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Introduction

Correction with belief functions (BF): an illustration

Let x be a variable taking its
values in a finite set X.
You want to know its value x.
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Introduction

Correction with belief functions (BF): an illustration

A source S provides you a piece of
information on the actual value of || ¢t x be a variable taking its

x values in a finite set X
Senie 8 ’ You want to know its value x.
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Introduction

Correction with belief functions (BF): an illustration

A source S provides you a piece of
information on the actual value of || ¢t x be 3 variable taking its
X values in a finite set X.

Source S You want to know its value x.
A - =~ S T x\\\
Information on the v / X \
quality of S: mg {x} [, ‘
- Reliable?
- Truthful? mt \\ /
- Biased? ~_
‘ Metaknowledge

. ‘H set of possible states
e of s ut-

nce .pslaé\ ol
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Introduction

Correction with belief functions (BF): an illustration

A source S provides you a piece of
information on the actual value of || ¢t x be 3 variable taking its
X values in a finite set X.

Source S You want to know its value x.
A - ~__
Information on the y / X N\
quality of S: ms{x} N
- Reliable? /
- Truthful? mH 4
- Biased? ~_
Correction
‘ Metaknowledge How to correct mg {x} in accor- ’

dance with m*?

. ‘H set of possible states
o of s Ul

Lo t
6/75 UNIVERSITE D’ARTOIS

Universite Lille N



http://www.univ-lille-nord-de-france.fr/
http://www.lgi2a.univ-artois.fr/
http://www.univ-artois.fr/

Introduction

Main objectives of the lecture

1. Give an overview of correction models with their justifications

/ derivations.
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Introduction

Main objectives of the lecture

1. Give an overview of correction models with their justifications
/ derivations.

2. Show how to automatically learn some of them from labelled
data (which can also help to build belief functions).
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Introduction

Main objectives of the lecture

1. Give an overview of correction models with their justifications
/ derivations.

2. Show how to automatically learn some of them from labelled
data (which can also help to build belief functions).

3. Give examples/illustrations of the flexibility and expressivity
power of the belief function theory.
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Discounting
Contextual discounting based on a coarsening

Behaviour Based Correction (BBC)

Contextual discounting (CD), reinforcement (CR) and negating
(CN)

Learning CD, CR and CN from labelled data
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Outline

Discounting
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Discounting

A simple correction example (Shafer, 1976).

Discounting of a mass function (MF) m is defined by
(Shafer,1976):

{ *m(A) = (1-—a)m(A), VACX,
*m(X) = (1-a)m(X)+a,

where a € [0, 1] is the discount rate.

e b Ul
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Discounting

A simple correction example (Shafer, 1976).

Discounting of a mass function (MF) m is defined by
(Shafer,1976):

*m(A) = (1-—a)m(A), VACX,
‘mX) = (1-a)ym(X)+a,
where a € [0, 1] is the discount rate.

Example:
> X = {x1,%,x3}
> m({Xl}) == -2, m({x2}) = .4 and m({X]_,Xz}) =4
» With discount rate oo = .2:

*m({x1}) = 8x.2 = .16
“m({xn)) = 8x.4 - 32
am({Xl,Xg}) = 8x .4 = .32
*m(X) = 8x.0+.2 = .20

s, 14/
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Discounting

Results in terms of masses transfers

For each focal element B of mgs:

(1-a)- mS(B)/ —
o
o - ms(B)

» A part (1 —«) - ms(B) remains on B.
» A part o+ ms(B) is transferred to X.

e b Ul

Universite Lille N o
1 UNIVERSITE D’ARTOIS



http://www.univ-lille-nord-de-france.fr/
http://www.lgi2a.univ-artois.fr/
http://www.univ-artois.fr/

Discounting

Matrix representation (Smets, 2002)

Discounting ®*m is a generalization of m (*m Js m):

*m(A)= Y “G(A B)m(B) ,

BCX
with “G a generalisation matrix defined by:

l-a fA=B#AX,

o )« if A= X and B C A,
G(A,B) = 1 fA=B=X
0 otherwise.

11—« 0 0 0

0 1—a 0 0

“G= 0 0 0 0

0 0 l1—-a O

« « « 1
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Discounting

Matrix representation: example

With a = .2, =1—a=.8and X = {x1,x,x3}:

“m = “G(A, B) m
000: 0 .0 B .0
001 : {x} 16 3 2
010 : {x} .32 B 4
011 : {x1,x2} 320 B 4
100 : {x3} .0 N g .0
101 : {xq,x3} .0 B .0
110 : {x2, x3} .0 B .0
111 : {x1,x2,x3} \.20 a a o aa a ol .0
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Discounting

Derivation (Smets, 1993)

The source is re- ‘ Source ’ x a variable taking its values
liable (r) or not A in a finite sej: /’\f
(—r). H = {r,—r}. _— —
m¥[{=r}] = mx. m¥{x} / \
{ m:({r}) =1 — O, \\ /\
mt(H) = o. /
(#) ‘ Metaknowledge \\\ //

b “.
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Discounting

Derivation (Smets, 1993)

The source is re. ‘ Seuliaa ’ x a variable taking its values
. in a finite set X.
liable (r) or not X o
(=r). H = {r,—r}. ~_
m¥r] = mé. v S x O\
m¥[{-r}] = mx. mg {x} |
{ mt({r}) = 1-aqa, )
mt(H = . \ /
() ‘ Metaknowledge \ e
Discounting
“m is then obtained from m’ and mgf: “m =
(mX[{_\r}]ﬂé‘c‘x?{@m)([{r}]ﬁXXH@m"HTXx’H)iX .
37/’ A
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Marginalisation in the case of a product space  (recalls)

» MF m™*% can be marginalised on X; by transferring each mass
m¥1>X%(B), B C A} x X>, to the projection of B on Aj :

m A2t (4) = > mA*%(B) \VAC Ay .
{BCX1 XX, | proj(BlX1)=A}

» lllustration

mX]_XXz mXIXXZLXl

X

Marginalisation

P Ly,
X1

@)% g l /
QG
;i ~
Université Lille Nord de France SI2A
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Vacuous extension in the case of a product space (recalls)

» Vacuous extension of MF m™ on X; x X> is defined by (s-least
committed solution, cf Lecture 2 of T. Denceux):

leTX1XX2(B) — { g’f((A) iftf = A XXy, ACX;
otnerwise.

» lllustration

le mX]_TX;[XXz Xz

A Vacuous B— Ax i
Extension

Xl Xl

@)% g l /
QG
;i ~
Université Lille Nord de France 124
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Conditioning in the case of a product space (recalls)

» With D C X, the conditioning of a MF m™*2 is noted m™[D] and
defined by:

m®[D] = (m)(lxXQ@mngXsz)m '

» lllustration

m1 x4z X m™*[D] D
Conditioning
B —_— A
z}fl (}?1

b “

I
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v UNIVERSITE D’ARTOIS

[EE e 17 /75


http://www.univ-lille-nord-de-france.fr/
http://www.lgi2a.univ-artois.fr/
http://www.univ-artois.fr/

Deconditioning in the case of a product space  (recalls)

» Deconditioning of a MF m*[D] on Xy x X is defined by (s-least
committed solution):

mM D] 52 (A x DU X, x D) = m*[D](A), VACAX; .

» lllustration

(D] 1)

Deconditioning
A — B

Xl Xl

i

I N
Universite Lille Nord de France e(; I2A e .
| SERE 18/75 UNIVERSITE D’ARTOIS


http://www.univ-lille-nord-de-france.fr/
http://www.lgi2a.univ-artois.fr/
http://www.univ-artois.fr/

Discounting

Derivation (Smets, 1993)

The source is re- ‘ Source ’ ) o “
liable (r) or not - In a finite seic v
(_‘r)- H = {r,—\r}_ ////
mi = i e
m¥[{-r)] = my. m¥ {x} |
{ mH({r}) - 1-04,

mH H — . \

() ¢ ‘ Metaknowledge \\

Discounting

“m is then obtained from m’* and m&: ®m =
(mX[{ﬁr}]ﬂXx?{@mX[{r}]ﬁXxH@mHTXX’H)iX .

'Q%

- 19/75
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Discounting

Derivation (Smets, 1993)

The source is re. ‘ Selee ’ x a variable taking its values
liable (r) or not 5 in a finite sejcj\;
(=r). H = {r,~r}. \\\
m¥(r)] = m s S x O\
mX[{_'r}] = Mx. Mg {X} \
{ mi({r})) = 1-a, 1 J
mM(H = «a. \ /
() ‘ Metaknowledge \ e

Discounting

“m is then obtained from m’* and m&: ®m =
X
(mX[{ﬁr}]ﬂXx?{@mX[{r}]ﬁXxH@mHTXX’H) .

Exercise: Do the computation (Solution in Smets 1993 Section 5.7
%or Mercier et al. 2008 Section 2.5) l ll/’

France 'Q% il
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Discounting

Simpler expression

» Discounting of a MF m can be expressed, with « € [0,1], by:

{O‘m(A) = (1-a)m(A), VACAX,
*m(X) = (1-a)m(X)+a,

» or, using categorical (or logical) MF my (mx(X) =1):

“m=(1-a)m+amy .

b “.
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Simple MF and negative simple MF (recalls)

» A MF m defined by m(X) = w and m(A) = 1 — w, with
w € [0,1] and A C X, can be conveniently noted A". It is
called a simple MF.

i
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Simple MF and negative simple MF (recalls)

» A MF m defined by m(X) = w and m(A) = 1 — w, with
w € [0,1] and A C X, can be conveniently noted A". It is
called a simple MF.

» A MF msuch that m(0)) = v and m(A) = 1—v, with v € [0, 1],
A C X, A +# (), can be conveniently noted A,. It is called a
negative simple MF.

.
U l /
Q)
! ~
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Negation of a MF

» The negation m of a MF m is defined by m(A) = m(A) for all
ACX.

» we have:

—W_X|—>W B
A_{AH].—W_{

>l x|
I
=
117
= =
[l
Y
<
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Discounting

Expressions

» Discounting of a MF m can be expressed, with a € [0,1], 5 =1 — q,
by:
*m(A) = pm(A), VACX,
“m(X) = Bm(X)+a,
» or, using categorical (or logical) MF my (my(X) =1):
“m=pFm+amy ,
> or, using negative simple MF:
“mM=mOXz=m D = f=1-a
=mOLBEMO ¥ o 4.

- “.
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Outline

Contextual discounting based on a coarsening

e .@m 14/
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Contextual discounting based on a coarsening

Main idea (Mercier et al. 2005, 2008)

» The reliability of a source may depend on the true value of the variable
of interest x.

e Lo -
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Contextual discounting based on a coarsening

Main idea (Mercier et al. 2005, 2008)

» The reliability of a source may depend on the true value of the variable
of interest x.

» Example 1: A mercury thermometer reliable if the temperature is in
the range {—38°C,...,356°C}
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Contextual discounting based on a coarsening

Main idea (Mercier et al. 2005, 2008)

» The reliability of a source may depend on the true value of the variable
of interest x.

» Example 1: A mercury thermometer reliable if the temperature is in
the range {—38°C,...,356°C}

» Example 2: A cardiologist may be more reliable to diagnose cardiac
disease than other kinds of disease.

-
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Contextual discounting based on a coarsening

Model

> Let A be a partition of X" representing different contexts

» Example 1 (mercury thermometer): A = {Ay, A2} with
A = {-38°C,...,356°C} and A, = A;.

e .Qm 14/
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Contextual discounting based on a coarsening

Model

> Let A be a partition of X" representing different contexts
» Example 1 (mercury thermometer): A = {A;, Ay} with
Ay = {—38°C,...,356°C} and A, = A;.

» The source can be in two states: reliable (r) or not (—r), H = {r,—r},
m*[{r}] = mg, m*[{~r}] = mx.

e .@% lll/

Université Lille Not France P
12 26/75 UNIVERSITE D’ARTOIS



http://www.univ-lille-nord-de-france.fr/
http://www.lgi2a.univ-artois.fr/
http://www.univ-artois.fr/

Contextual discounting based on a coarsening

Model

> Let A be a partition of X" representing different contexts

» Example 1 (mercury thermometer): A = {A;, Ay} with
Ay = {-38°C,....356°C} and A, = A;.

» The source can be in two states: reliable (r) or not (—r), H = {r,—r},
m*[{r}] = mg, m*[{~r}] = mx.

> For all contexts A, € A: m™[AL]({r}) = Ba, and m"[A](H) = aa,.

» Example 1 (mercury thermometer): Ba, = 1, 84,=0.

e .Qm lll/
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Contextual discounting based on a coarsening

Model

v

Let A be a partition of X representing different contexts

» Example 1 (mercury thermometer): A = {A;, Ay} with
Ay = {-38°C,....356°C} and A, = A;.

The source can be in two states: reliable (r) or not (—r), H = {r,—r},
m*[{r}] = mg, m*[{~r}] = mx.

For all contexts Ay € A: m™[A]({r}) = Ba, and m*[A](H) = aa,.

v

v

» Example 1 (mercury thermometer): Ba, = 1, 84,=0.

v

If A= {X} we retrieve the discounting model:

> m*X]({r}) = m*({r}) = B
» mX|(H) = m*(H) = a.

- “.
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Contextual discounting based on a coarsening

Derivation

» Available evidence can be synthesized by:

(mX[{r}]ﬂXxH®AkeAmH [Ak]wzxﬂ)ix

Lo ko =
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Contextual discounting based on a coarsening

Derivation

» Available evidence can be synthesized by:

(mX[{r}]ﬂXxH@)AkEAmH [Ak]ﬂXx?-L)iX

» Result is given by:

ms@ac4As4
» Discounting is retrieved when A = {X'} (A contains one con-
text X):
ms@Xﬁ

e .@% lll/
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Contextual discounting based on a coarsening

Results in terms of masses transfers
For each focal element B of mg, for each context A € A:

Ba - ms(B)

(1—Ba) - ms(B)

» A portion 84 - ms(B) remains on B.

» A portion (1 — 4) - ms(B) is transferred to B U A.

-
L,
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Contextual discounting based on a coarsening

Example

With X = {x1,x2,x3}, A= {{x1}.{x2},{x3}}, generalisation matrix
associated with m@ {xi }3, O{x2}3,O{x3}p, is given by:

B158233 0
a182083  B233 {xa}
PronB3 B153 {x}
ajanfls a3 a1z B3 {x1, %}
p1B203 B152 {x3}
a0z Paaz a1 B {x1,x3}
Brazas Bras Braz b1 {x2,x3}
o100z o3 o3 (3 i . ap 1 {x1,x2,x3}

b “.
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Behaviour Based Correction (BBC)

o b Ul
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Behaviour Based Correction (BBC)

Model (Pichon et al., 2012)

» A source provides a MF m?,

¥,
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Behaviour Based Correction (BBC)

Model (Pichon et al., 2012)

» A source provides a MF m?,

> The state (or configuration) h in which stands the source, is described by a
MF m™,

e koo =
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Behaviour Based Correction (BBC)

Model (Pichon et al., 2012)

» A source provides a MF m?,

> The state (or configuration) h in which stands the source, is described by a
MF m™,

> For all A C ) a function 4 defined from H to 2% (Ta is a multi-valued

mapping) indicates how to interpret the piece of information y € A C ) for
each state h € H.

A

-
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Behaviour Based Correction (BBC)

Examples

» Consider a thermometer that can be:

» reliable: what it outputs is correct.
» approx. (approximately reliable): if it Celsius Fahrenheit
provides a temperature t, the true one

isin {t—1,t¢+1}. 18802__ %EOE
» unreliable: what it outputs is 80°C+ 1172°F
incorrect. 70°C+ 1152°F
> Model: ggzgj 1132°F
» ) = X the set of temperatures, 40°C+ +112°F
» H = {reliable, approx, unreliable}, 30°C+ T92°F
» and [4 is defined for all A C X by: 20°Ct T72°F
10°Ct T52°F
Ca(reliable) = A, 0°C~ +32°F
I a(approx) = AUea{t—1,t+1},
[a(unreliable) = X .

o b Ul
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Behaviour Based Correction (BBC)

Derivation

1. A source provides a MF m”Y,

2. The state (or configuration) h in which stands the source, is described by a
MF m™,

3. For all A C ) a function 4 defined from H to 2% (Ta is a multi-valued

mapping) indicates how to interpret the piece of information y € A C ) for
each state h € H.

-
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Behaviour Based Correction (BBC)

Derivation

1. A source provides a MF m”Y,

2. The state (or configuration) h in which stands the source, is described by a
MF m™,

3. For all A C Y a function 4 defined from H to 2% (Ta is a multi-valued
mapping) indicates how to interpret the piece of information y € A C ) for
each state h € H.

» The 3rd piece of evidence defines a relation between H, Z = 2Y and X,
which can be represented by the following logical MF:

miEX Y (Unen zaez{h} x 2a x Tz () = 1

with T, (h) = Ta(h) forall he H and AC V.
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Behaviour Based Correction (BBC)

Derivation

1. A source provides a MF m”Y,

2. The state (or configuration) h in which stands the source, is described by a
MF m™,

3. For all A C Y a function 4 defined from H to 2% (Ta is a multi-valued
mapping) indicates how to interpret the piece of information y € A C ) for
each state h € H.

» The 3rd piece of evidence defines a relation between H, Z = 2Y and X,
which can be represented by the following logical MF:

miEX Y (Unen zaez{h} x 2a x Tz () = 1

with T, (h) = Ta(h) forall he H and AC V.

» The 1st piece of evidence is a Bayesian MF s.t. m®({za}) = mY(A) for all
AC).
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Behaviour Based Correction (BBC)

Derivation (continued) and Expression

» To have the information on X, pieces of information m#, m’ {I,,, A C V}

= m?, m", m**#*¥ are combined as follows

HxX X
((mZTHXZXX@)m?LxZXX)i X @mHTHxX)

Lo ko =

Universite Lille N o
UNIVERSITE D’ARTOIS


http://www.univ-lille-nord-de-france.fr/
http://www.lgi2a.univ-artois.fr/
http://www.univ-artois.fr/

Behaviour Based Correction (BBC)

Derivation (continued) and Expression

» To have the information on X, pieces of information m#, m’ {I,,, A C V}

= m?, m", m**#*¥ are combined as follows

HxX X
((mZTHXZXX@m?LxZXX)i X @mHTHxX)

» Result, called BBC and denoted by f,,+(m?Y), is given by

fue(M)(B) = Y m*(H) > mY(A),

HCH AT A(H)=B

for all B C X, with FA(H) = UheHFA(h) .

-
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Behaviour Based Correction (BBC)

Derivation (continued) and Expression

» To have the information on X, pieces of information m#, m’ {I,,, A C V}

= m?, m", m**#*¥ are combined as follows

HxX X
((mZTHXZXX@m?LxZXX)i X @mHTHxX)

» Result, called BBC and denoted by f,,+(m?Y), is given by

fe (mY)(B) = Y m™(H) Y mY(A),
HCH AT A(H)=B

for all B C X, with FA(H) = UheHFA(h) .

» Exercise: Build the equivalent VBS (cf previous Lecture 9 of P. Shenoy) to
derive the BBC.
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Behaviour Based Correction (BBC)

Example 1: Discounting is retrieved

» Model:

-Y=X,m= mgc
- H = {reliable, unreliable}, s.t. T4 is defined VA C X by:

I a(reliable) = A,
la(unreliable) = X .
- m™ defined, with o € [0, 1], by:
m* ({reliable}) = f=1—-a,
m*({unreliable}) = a.

> Gives: fu(md) =pBmd +amy .

e b Ul
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Behaviour Based Correction (BBC)

Example 2: Reinforcement of the mass of an element x; of X’

» Model:

-y=xm=mf=m
- H = {reliable, reinf. of x;}, s.t. T4 is defined VA C X by:

I a(reliable) = A,
Fa(reinf. of x;)) = x; .
- m™ defined, with o € [0, 1], by:
m*({reliable}) = pf=1-q«a,

m*({reinf. of x;}) a.

> Gives: fn(m) = Bm+ amy, with my,(x;) = 1.

e b Ul
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Behaviour Based Correction (BBC)

Example 2 applied to VANETSs (Bou Farah et al. 2016)

> Vehicles exchange messages about

events happening on the road.
Intelligent,
. . dynamic and
» Information about each event e is heterogene

environment

represented in each message by a
MF m? with X = {3, 3} and

» o meaning "event e exists”,
» 7 meaning "event e does not
exist” .

- <
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Behaviour Based Correction (BBC)

Example 2 applied to VANETSs (Bou Farah et al. 2016)

Two strategies for modelling messages ageings about accidents on the road:

Lo ko -
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Behaviour Based Correction (BBC)

Example 2 applied to VANETSs (Bou Farah et al. 2016)

Two strategies for modelling messages ageings about accidents on the road:

1. Either discount MFs m*: (1 — a)m* + amy, with a € [0,1] (over time, we
do not know if the event is present or not).

e .Qm 14/
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Behaviour Based Correction (BBC)

Example 2 applied to VANETSs (Bou Farah et al. 2016)

Two strategies for modelling messages ageings about accidents on the road:

1. Either discount MFs m*: (1 — a)m* + amy, with a € [0,1] (over time, we
do not know if the event is present or not).

2. Or use the following mechanisms (1 — a)m™ + amz;, with a € [0, 1] (over
time we think the event is going to disappear).
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Behaviour Based Correction (BBC)

Example 2 applied to VANETSs (Bou Farah et al. 2016)

Two strategies for modelling messages ageings about accidents on the road:

1. Either discount MFs m*: (1 — a)m* + amy, with a € [0,1] (over time, we
do not know if the event is present or not).

2. Or use the following mechanisms (1 — a)m™ + amz;, with a € [0, 1] (over
time we think the event is going to disappear).

= Experiments made show that the second strategy yields a better adequacy to

asthe reality.
o
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Contextual discounting (CD), reinforcement (CR) and negating
(CN)

e .@m 14/
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CD, CR and CN

Relevance and truthfulness: refinements of the notion of reliability (Pichon et al. 2012)

» Reliability is not limited to relevance.

Lo ko -
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CD, CR and CN

Relevance and truthfulness: refinements of the notion of reliability (Pichon et al. 2012)

» Reliability is not limited to relevance.
» Truthfulness: another dimension.

» If a source is truthful, it gives the information it has.
» If a source is not truthful (intentionally or not), it declares the
contrary of what it knows. (crudest form)

e .@% lll/
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CD, CR and CN

Example of a model with 2 dimensions

» H={(R, T),(R,~T), (=R, T),(=R,—~T)} with R meaning relevant and T
truthful.

o b Ul
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Example of a model with 2 dimensions

» H={(R, T),(R,~T), (=R, T),(=R,—~T)} with R meaning relevant and T
truthful.

» Multi-valued mapping I 4 interpreted states in ‘H defined VA C X by:

Fra(R, 7) = A,
Fa(R,-T) = A,
Fa(=R, T) = Ta(=R,-T) = X.

e b Ul
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Example of a model with 2 dimensions

» H={(R, T),(R,—~T),(=R, T),(=R,—T)} with R meaning relevant and T
truthful.

» Multi-valued mapping I 4 interpreted states in ‘H defined VA C X by:

rA(R’ T) = A,
FA(R,ﬁT) = Z,
FA(ﬁR, T) = rA(ﬁR,—\T) = X.

» m™ defined, with o € [0,1], Prob(R) = p and Prob(T) = gq, by:

m*({R,T}) = pqg
m*({R,~T}) = p(l1-q)
m"({-R,T}) = (1-p)

m*({-R,=T}) = (1-p)(1-q)

e .Qm lll/
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Example of a model with 2 dimensions

» H={(R, T),(R.~T),(=R, T),(=R,—T)} with R meaning relevant and T
truthful.

» Multi-valued mapping I 4 interpreted states in ‘H defined VA C X by:

rA(R’ T) = A,
FA(R,ﬁT) = Z,
FA(ﬁR, T) = rA(ﬁR,—\T) = X.

» m™ defined, with o € [0,1], Prob(R) = p and Prob(T) = gq, by:

m"({R,T}) = pg
m*({R,=T}) = p(1-q)
m*({-=R,T}) = (1-p)q
m*({=R,=T}) = (1-p)(1-q)

» BBC gives f,x(md) = pgmg + p(1 — q)ms + (1 — p) my

Lz .ﬁm | 14/
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A first truthfulness refinement

» — T corresponds to the assumption that the source is non truth-
ful for all values x; of X.

Lo ko =
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A first truthfulness refinement

» — T corresponds to the assumption that the source is non truth-
ful for all values x; of X.
» More subtle form of lack of truthfulness:

» The source is non truthful for some values x; of X and truthful
for the other values of X' (kind of contextual lack of
truthfulness).

e .Qm 14/
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A first truthfulness refinement

» — T corresponds to the assumption that the source is non truth-
ful for all values x; of X.
» More subtle form of lack of truthfulness:

» The source is non truthful for some values x; of X' and truthful
for the other values of X' (kind of contextual lack of
truthfulness).

> Let us denote by t4 with A C X the state s.t.

» Source is truthful for the values in A B
» Source is untruthful for the values in A

-
Universite Lille N .@M
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A first truthfulness refinement

v

=T corresponds to the assumption that the source is non truth-
ful for all values x; of X.

v

More subtle form of lack of truthfulness:

» The source is non truthful for some values x; of X' and truthful
for the other values of X' (kind of contextual lack of
truthfulness).

Let us denote by t4 with A C X the state s.t.

» Source is truthful for the values in A B
» Source is untruthful for the values in A

v

v

Examples:

» State T corresponds to state ty.
» State - T corresponds to state tj.
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A first truthfulness refinement

» Suppose

» Source indicates x € BC X
» Source is in state ta (truthful for the values in A, untruthful
for the values in A)

» What can we conclude for x 7

e b Ul
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A first truthfulness refinement

» Suppose

» Source indicates x € BC X
» Source is in state ta (truthful for the values in A, untruthful
for the values in A)

» What can we conclude for x 7

B

e .Qm lll/
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A first truthfulness refinement

» Suppose

» Source indicates x € BC X
» Source is in state ta (truthful for the values in A, untruthful
for the values in A)

» What can we conclude for x 7

B

e | .Qm lll/
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A first truthfulness refinement

» Suppose

» Source indicates x € BC X
» Source is in state ta (truthful for the values in A, untruthful
for the values in A)

» What can we conclude for x 7

B

e .Qm lll/
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A first truthfulness refinement

» Suppose

» Source indicates x € BC X
» Source is in state ta (truthful for the values in A, untruthful
for the values in A)

» What can we conclude for x 7

B A

e .@% lll/

Université Lille Nor o
| UNIVERSITE D’ARTOIS



http://www.univ-lille-nord-de-france.fr/
http://www.lgi2a.univ-artois.fr/
http://www.univ-artois.fr/
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A first truthfulness refinement

» Suppose
» Source indicates x € BC X
» Source is in state tu (truthful for the values in A, untruthful
for the values in A)

» What can we conclude for x ? x € (BN A)U(BNA) = BNA

B A

e b Ul
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Contextual Negating: derivation from a composition of indep. BBCs (Pichon et al. 2016)

» With:
» H = {ta]A C X} s.t. VB C X Tg(ta) = BDA (in particular
Me(tx) = B)
» A set A of contexts s.t. VA€ A, MF mz\fg is defined by:

mxg({tx}) = Ba (The sourceis truthful with a degree Ba)
m¥~({ta}) = aa (and untruthful in A with a degree 1 — 3)

where ap €[0,1], Ba=1—a .
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Contextual Negating: derivation from a composition of indep. BBCs (Pichon et al. 2016)

» With:
» H = {ta]A C X} s.t. VB C X Tg(ta) = BDA (in particular
Me(tx) = B)
» A set A of contexts s.t. YA € A, MF m%@ is defined by:

min({tx}) = Ba (The source is truthful with a degree 34)
m¥~({ta}) = aa (and untruthful in A with a degree 1 — 3)

where ap € [0,1], Ba=1—aa .
» We obtain (CN definition):

(caca fmjf,g)(mgc) = mT@acsA™

X — Ba
= mg(@AeA{A —1—fa
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Contextual Negating: particular case of the negation of a MF

» With:
- A= {0} (one context), denoted ay simply by «, we have:
myn({sx}) = B
miin({s}) = o

where I'g(ty) = B (state ty = truthful source) and I'g(ty) = B
(state ty = non truthful source).

» We have:

e (m5) = Bmg +amg

e b Ul
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2nd truthfulness refinement by considering positive and negative clauses 1/2

» Example of positive clause: x; is a possible value for x.
» Example of negative clause: x; is not a possible value for x.

Lo ko =
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CD, CR and CN

2nd truthfulness refinement by considering positive and negative clauses 1/2

» Example of positive clause: x; is a possible value for x.

» Example of negative clause: x; is not a possible value for x.

» We can make a distinction with respect to the polarity of the
assertion of the source:

» A source is said to be positively truthful (resp. untruthful) for a
value x; of X' if it declares that x; is a possible value for x and
knows it is (resp. it is not).

> A source is said to be negatively truthful (resp. untruthful) for
a value x; of X if it declares that x; is not a possible value for
x and knows it is not (resp. it is).
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2nd truthfulness refinement by considering positive and negative clauses 1/2

» Example of positive clause: x; is a possible value for x.

» Example of negative clause: x; is not a possible value for x.

» We can make a distinction with respect to the polarity of the
assertion of the source:

» A source is said to be positively truthful (resp. untruthful) for a
value x; of X' if it declares that x; is a possible value for x and
knows it is (resp. it is not).

> A source is said to be negatively truthful (resp. untruthful) for
a value x; of X if it declares that x; is not a possible value for
x and knows it is not (resp. it is).

» =T corresponds to assuming that a source is positively and
negatively non truthful for all values x; of X.
» It means two strong assumptions:

1. The context (set of values) concerned by the lack of truthfulness
is the entire frame X.

2. Both polarities are concerned by the lack of truthfulness l/l

(a?,
8%, [y —
I
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2nd truthfulness refinement by considering positive and negative clauses 2/2

» This means we can consider states corresponding to weaker
assumptions on the lack of truthfulness

e b Ul
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2nd truthfulness refinement by considering positive and negative clauses 2/2

» This means we can consider states corresponding to weaker
assumptions on the lack of truthfulness

» Two are of particular interest:
1. State pa: Source truthful in A, negatively truthful and

positively non truthful in A.
2. State na: Source is positively truthful and negatively non

truthful in A, truthful in A.

-
e - Ul
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State pa

» Suppose

» Source indicates x € BC X
» Source is in state pay (trut_hful in A, negatively truthful and
positively non truthful in A)

» What can we conclude for x 7

B

e | .Qm lll/
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State pa

» Suppose

» Source indicates x € BC X
» Source is in state py (trut_hful in A, negatively truthful and
positively non truthful in A)

» What can we conclude for x 7

B

.
e,
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CD, CR and CN

State pa

» Suppose

» Source indicates x € BC X
» Source is in state pa (truthful in A, negatively truthful and
positively non truthful in A)

» What can we conclude for x 7

B

.
e,
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State pa

» Suppose

» Source indicates x € BC X
» Source is in state pa (truthful in A, negatively truthful and
positively non truthful in A)

» What can we conclude for x 7

B

e | .Qm lll/
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State pa

» Suppose

» Source indicates x € BC X
» Source is in state py (trut_hful in A, negatively truthful and
positively non truthful in A)

» What can we conclude for x ? x€ BN A

B A

e .Qm lll/

Universite Lille N o
UNIVERSITE D’ARTOIS


http://www.univ-lille-nord-de-france.fr/
http://www.lgi2a.univ-artois.fr/
http://www.univ-artois.fr/
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Contextual Reinforcement: derivation from a composition of indep. BBCs (Pichon et al.
2016)

» With:
» H={pa]AC X} st. VBC X Ig(pa) = BNA((in particular
ls(px) = B, state px=truthful source)
» A set A of contexts s.t. VA€ A, MF mﬁfm is defined by:

mi({px}) = PBa (The source is truthful with a degree f4)
m¥~({pa}) = a@a (and positively untruthful in A with
a degree 1 — 34)

where ayq € [0, 1], ﬂA =1l—au.
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Contextual Reinforcement: derivation from a composition of indep. BBCs (Pichon et al.
2016)

» With:
» H={pa]AC X} st. VBC X Ig(pa) = BNA((in particular
ls(px) = B, state px=truthful source)
» A set A of contexts s.t. VA€ A, MF m;’\fn is defined by:

mi ({px}) = PBa (The source is truthful with a degree (4)
m¥~({pa}) = a@a (and positively untruthful in A with
a degree 1 — (4)
where ayq € [0, 1], ﬂA =1l—au.
» We obtain (CR definition):

(onca fmpe NmS) = m5 @pcaA™

XH,BA
= mg@AeA{A —1— a4

e b Ul

Université Lille Nor France P
& 49/75 UNIVERSITE D'ARTOIS



http://www.univ-lille-nord-de-france.fr/
http://www.lgi2a.univ-artois.fr/
http://www.univ-artois.fr/

CD, CR and CN

Contextual Reinforcement: results in terms of masses transfers

» For each focal element B of mg, for each context A € A:

Ba - ms(B) I

A part Sa - ms(B) re-
mains on B.

A part ap - ms(B) is
transferred to BN A.

/

ap - Ms B)
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Contextual Reinforcement: an example

With X = {x1,x2,x3}, A = {{x1}}, specialisation matrix associated with

me {x1}* = m@ { {::} : o is given by:

1 a1 a1 (651}

1 o1 oq o1
b1
p1
B1
B1

B1

B

”
0%,

Universite Lille Not

France

’gu

0
{x}
{x}

{x1, %2}
{x3}
{x1,x3}
{x2,x3}
{x1,x2, x3}
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State na

» Suppose

» Source indicates x € BC X
» Source is in state ng (pos_itively truthful and negatively non
truthful in A, truthful in A)

» What can we conclude for x 7

B

e | .Qm lll/
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State na

» Suppose

» Source indicates x € BC X
» Source is in state ny (pos_itively truthful and negatively non
truthful in A, truthful in A)

» What can we conclude for x 7

B

e | .Qm lll/
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State na

» Suppose

» Source indicates x € BC X
» Source is in state ny (pos_itively truthful and negatively non
truthful in A, truthful in A)

» What can we conclude for x 7

B

e | .Qm lll/
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State na

» Suppose

» Source indicates x € BC X
» Source is in state na (positively truthful and negatively non
truthful in A, truthful in A)

» What can we conclude for x 7

.
e,
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State na

» Suppose

» Source indicates x € BC X
> Source is in state na (positively truthful and negatively non
truthful in A, truthful in A)

» What can we conclude for x ? x€ BUA

.
e,
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Contextual Discounting: derivation from a composition of indep. BBCs (Pichon et al.
2016)

> With:
» H={na|AC X} st. VBC X: I'g(na) = BUA (in particular
ls(ng) = B, state ny = truthful source)
» A set A of contexts s.t. VA € A, MF mﬁfu is defined by:

mi ({ng}) = Ba (The source is truthful with a degree (34)
m}j{u({nA}) = aa (and negatively untruthful in A with
a degree 1 — 5a)

where ap € [0,1], Ba=1—aa .

Lo ko =
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Contextual Discounting: derivation from a composition of indep. BBCs (Pichon et al.
2016)

» With:

» H={na|AC X} st. VBC X: I'g(na) = BUA (in particular
ls(ng) = B, state ny = truthful source)
» A set A of contexts s.t. VA € A, MF m;’\fu is defined by:

mi ({ng}) = Ba (The source is truthful with a degree (34)
m}f{u({nA}) = aa (and negatively untruthful in A with
a degree 1 — 5a)

where ay € [0, 1], Ba=1—anp.
» We obtain(définition de CD) :

(0nea fpe NmF) = mEDpcas,

0
= mg@AeA{A:fA_BA

-
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Contextual Discounting: an example

With X = {x1,x2,x3}, A = {{x1}}, generalization matrix associated with

mO {xi}z = mQ { {)?1} : o is given by:
B1 0
a1 1 {Xl}
B1 {2}
a1 1 {)(1, )QZ}
B1 {xs}
o 1 {x1,x3}
B {x2, x3}
(6%} 1 {)(1,)(2,)(3}

’gu
- 54/75
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Learning CD, CR and CN from labelled data

o b Ul
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Learning CD, CR and CN from labelled data

Method

Labelled data:
1. nobjects o;, i € {1,..., n} whose ground truth is known (classes
belongs to X' = {x1,...,xx}),
2. and the MF ms{o;} output by S regarding the class of each object o;,

Example with 4 objects (01, 02, 03 and 04) and X = {x1, x2, x3}:

{1} {x} {xs} {x1,%} {x1,x} {x,x3} X Truth
ms{o1} 0 0 05 0 0 03 02 a
ms{o} 0 05 02 0 0 0 03 h
ms{os} 0 04 0 0 0.6 0 0 a
ms{os} 0 0 0 0 0.6 0.4 0 r

Universite Lille Nord de France o
. UNIVERSITE D’ARTOIS



http://www.univ-lille-nord-de-france.fr/
http://www.lgi2a.univ-artois.fr/
http://www.univ-artois.fr/

Learning CD, CR and CN from labelled data

Method

Labelled data:
1. nobjects o;, i € {1,..., n} whose ground truth is known (classes
belongs to X' = {x1,...,xx}),
2. and the MF ms{o;} output by S regarding the class of each object o;,

Example with 4 objects (01, 02, 03 and 04) and X = {x1, x2, x3}:

{1} {x} {xs} {x1,%} {x1,x} {x,x3} X Truth
ms{o1} 0 0 05 0 0 03 02 a
ms{o} 0 05 02 0 0 0 03 h
ms{os} 0 04 0 0 0.6 0 0 a
mg{os} 0 0 O 0 0.6 04 0 r

With the same idea as Zouhal and Denceux 1998, Elouedi et al. 2004,
we can obtain the corrections (CD, CR and CN) of mg by minimising
a measure of discrepancy between the beliefs and ground truth.
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Learning CD, CR and CN from labelled data

Chosen measure of discrepancy

» Chosen measure of discrepancy (between the corrected source output
and the ground truth):

Epi(B) = ZZ(p/{OI}({Xk} 0ik)?

i=1 k=1

- where pl{o;} : plausibility function obtained from a contextual correc-
tion of ms (CD, CR ou CN) with a parameter 3 € [0, 1]4!.
- and 6; x = 1 if the class of o; is xk, ; x = O otherwise.
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Learning CD, CR and CN from labelled data

Chosen measure of discrepancy

» Chosen measure of discrepancy (between the corrected source output
and the ground truth):

Epi(B) = ZZ(p/{OI}({Xk}) i)

i=1 k=1

- where pl{o;} : plausibility function obtained from a contextual correc-
tion of ms (CD, CR ou CN) with a parameter 3 € [0, 1]4!.
- and 6; x = 1 if the class of o; is xk, ; x = O otherwise.
» Advantages of E, measure
1. It yields to a least square optimization procedure (easy and quick to
solve).
2. It allows us to have an easy understanding of CD, CR and CN impacts

on the measure.
-

3. It is at least as justified as other measures.
UNIVERSITE D’ARTOIS
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Learning CD, CR and CN from labelled data

CD results (Pichon et al. 2016)

CD:
> Minimum of Ey is reached with 8 = (B3, k € {1,...,K}), which
means with A composed of K contexts {x}, k € {1,...,K}.
» With this set of contexts A, the plausibility on singletons after CD
correction is defined for all x € X', with 3, € [0, 1], by:

pl({x}) =1 — (1 = pls({x}))Bx -

» With (3, varying in [0, 1] one has for all x € X' (CD correction abilities):

pl({x}) € [pls({x}),1] -

e .Qm 14/
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Learning CD, CR and CN from labelled data

CR results (Pichon et al. 2016)

CR:
» Minimum of Ep is reached with 8 = (ﬂm,k € {1,...,K}), which

means with A composed of K contexts {xc}, k € {1,...,K}.
» With this set of contexts A, the plausibility on singletons after CR
correction is defined for all x € X, with ﬁm €[0,1], by:

pI({x}) = pls({x})Brs -

» With ﬂm varying in [0, 1] one has for all x € X (CR correction abilities):

pI({x}) € [0, pls({x})] -

e .Qm 14/
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Learning CD, CR and CN from labelled data

CN results (Pichon et al. 2016)

» Minimum of Ep is reached with 8 = (ﬂm,k € {1,...,K}), which

means with A composed of K contexts {x.}, k € {1,..., K}).
» With this set of contexts A, the plausibility on singletons after CN
correction is defined for all x € X, with ﬁm €[0,1], by:

pl({x}) = 0.5+ (pls({x}) — 0.5)(267 — 1) -
> With ﬂ@ varying in [0, 1] one has for all x € X (CN correction abilities):

pI({x}) € [min(pls({x}),1 = pls({x})), max(pls({x}), 1 = pls({x}))] -
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Learning CD, CR and CN from labelled data

An experiment in classification: Description 1/2

» Goal: we want to correct the information output by an eviden-
tial classifier using CD, CR and CN.

» The evidential k-nearest neighbour classifier (ev-knn) introduced
by Denceux (1995) is chosen with k = 3.

» 5-class classification problem with data generated from 5 bi-
variate normal distributions with respective means p,, = (0, 0),

tx, = (2,0), piss = (0,2), py, = (2,2), px, = (1,1) and com-

mon variance matrix
1 09
= [0.9 1 ] )

» 1000 instances of each class are generated
» Total amount of data = 5000 instances.
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Learning CD, CR and CN from labelled data

An experiment in classification: lllustration of the 5000 instances
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Learning CD, CR and CN from labelled data

An experiment in classification: Description 2/2

The 5000 instances are divided into 3 parts:
» 1/3: Learning set for ev-knn.
» 1/3: Learning set for CD, CR and CN.
» 1/3: Test set.
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Learning CD, CR and CN from labelled data

An experiment in classification: Results for Class 1 ROC Curve

True positive rate

L 1 L
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
False positive rate
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Learning CD, CR and CN from labelled data

An experiment in classification: Results for Class 2 ROC Curve

. ROC Curve
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Learning CD, CR and CN from labelled data

An experiment in classification: Results for Class 3 ROC Curve

.
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Learning CD, CR and CN from labelled data

An experiment in classification: Results for Class 4 ROC Curve

: ROC Curve
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Learning CD, CR and CN from labelled data

An experiment in classification: Results for Class 5 ROC Curve

ROC Curve
1 . T T . = — T T T
e .
- al u
09} AN ) i
r o
4 -
08l e ev—knn| |
i ---CD
07} o " CR |
- - CN
Q ol
T 06f » J
o
2 -~
'g; 0.5 ,/ o
Q Z
2 :
S 04 B
=
03f E
02 e
i
b
o1f g
0 L 1 1 L 1 L 1 1 L
0 0.1 0.2 0.3 0.4 05 06 07 0.8 0.9 1

False positive rate

Lo b Ul

Universite Lille Nord de France o
UNIVERSITE D’ARTOIS



http://www.univ-lille-nord-de-france.fr/
http://www.lgi2a.univ-artois.fr/
http://www.univ-artois.fr/

Learning CD, CR and CN from labelled data

Concluding remarks on the interest of the approach

> An unknown classifier is available (black box) with maybe low or intermediate
performances.
- Example: a company buying sensors/classifiers from competitors
(Mercier et al. 2009).
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Learning CD, CR and CN from labelled data

Concluding remarks on the interest of the approach

> An unknown classifier is available (black box) with maybe low or intermediate
performances.
- Example: a company buying sensors/classifiers from competitors
(Mercier et al. 2009).

» With these learning methods from labelled data, you can:

1. improve the performances of this classifier;
2. learn automatically its characteristics (Learnt parameters from the cor-
. rection have an interpretation).
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» Discounting is not the unique mechanism to adjust/correct a
source of information.
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» Discounting is not the unique mechanism to adjust/correct a
source of information.
» Numerous corrections can be built from the BBC

» Interpretations of the states of quality of the source are given
using a multi-valued mapping I'.
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» Discounting is not the unique mechanism to adjust/correct a
source of information.

» Numerous corrections can be built from the BBC

» Interpretations of the states of quality of the source are given
using a multi-valued mapping I'.

» Contextual corrections can be built in particular. They takes
into account different possible behaviours of a source according
to its outputs.

» They can be automatically learnt from labelled data.
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» Discounting is not the unique mechanism to adjust/correct a
source of information.
» Numerous corrections can be built from the BBC
» Interpretations of the states of quality of the source are given
using a multi-valued mapping I'.

» Contextual corrections can be built in particular. They takes
into account different possible behaviours of a source according
to its outputs.

» They can be automatically learnt from labelled data.

» Examples of applications with benefits from these corrections
have been given.
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What has not been presented

» The correction/adjustment of a group of sources.
» See Pichon et al. 2012 for consideration of joint state assump-
tions on sources.
» See Mercier et al. 2008 for a learning from labelled data.
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What has not been presented

» The correction/adjustment of a group of sources.

» See Pichon et al. 2012 for consideration of joint state assump-
tions on sources.

» See Mercier et al. 2008 for a learning from labelled data.

» Calibration of a source of information which provides a con-
fidence score in addition to its output. See Xu et al. 2016,
Minary et al. 2017
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Thank you for your attention.
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