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Abstract

To correct the information, repre-
sented by a belief function, pro-
vided by a source, different tools
can be used such as discounting,
de-discounting, extended discount-
ing. In this paper, the links between
these operations are explored. A
new interpretation of these schemes,
as well as a parameterized family
of transformations encompassing all
previous schemes is introduced and
justified. A postal application illus-
trates the benefits obtained by the
use of one of these new correction
mechanisms.

Keywords: Dempster-Shafer the-
ory, correction mechanisms of belief
functions, discounting.

1 Introduction

Introduced by Dempster and Shafer [11],
belief functions constitute one of the main
frameworks for reasoning with imperfect in-
formation.

When receiving a piece of information repre-
sented by a belief function, an agent can hold
some metaknowledge regarding the reliability
of the source which provides the information.
To correct the information according to this
metaknowledge, different tools can be used:

e the discounting operation, introduced by
Shafer in his seminal book [11], allows
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one to weaken information.

e the de-discounting operation, introduced
by Denceux and Smets [2], allows one to
strengthen information.

e the extended discounting operation, intro-
duced by Zhu and Basir [16], allows one
to weaken, strengthen or contradict in-
formation.

In this paper, the links between these oper-
ations are explored. A new interpretation of
these schemes, as well as a parameterized fam-
ily of transformations encompassing all previ-
ous schemes is introduced and justified. This
family includes all possible transformations,
expressed by a belief function, regarding the
states in which the source can be when the
information is supplied. This paper extends
and reexpresses some results, limited to the
aspects of reinforcement and discounting, in-
troduced by the authors in [9].

Belief functions are used in different models,
for instance, models based on lower and up-
per probabilities, like Dempster’s model [1] or
Hints model [6], the random sets theory [5],
or the transferable belief model (TBM) de-
veloped by Smets [13, 15]. In the TBM, belief
functions are interpretated as weighted opin-
ions of an agent or a sensor. This model is
adopted in this paper.

This paper is organized as follows. Back-
ground material on belief functions is recalled
in Section 2. Correction mechanisms are pre-
sented in Section 3. A new interpretation of
these schemes as well as a parameterized fam-
ily of correction mechanisms is introduced and
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justified in Section 4. An application exam-
ple, which aims at fusing decisions associated
with confidence scores, is described in Section
5. Finally, Section 6 concludes this paper.

2 TBM: basic concepts

Let Q = {w1,...,wk}, called the frame of dis-
cernment, be a finite set of possible answers
to a given question @). Information held by an
agent Ag regarding the answer to question @),
given evidence EC, can be quantified by a ba-
sic belief assignment (bba) mgg[EC'], defined
as a function from 2% to [0, 1], and verifying:

> m [ECY(A) =1. (1)
AcCQ

When there is no ambiguity, the full notation
mﬁg[EC’] will be simplified to mﬁg, m, or

even m.

The quantity m®(A) represents the part of
the unit mass allocated to the hypothesis that
the answer to question () is in the subset A of
Q.

A subset A of  such that m(A) > 0 is called
a focal element of m. A bba m with only one
focal element A is called a categorical belief
function and is denoted m 4, then my(A) = 1.
Total ignorance is represented by the bba mgq,
called the vacuous belief function. A bba m
such that m(Zf) = 0 is said to be normal.

Two bbas m; and msy, induced by distinct and
reliable sources of information, can be com-
bined using the conjunctive rule of combina-
tion (CRC), also called unnormalized Demp-
ster’s rule of combination, defined for all A <
Q by:

mi@ma(A) = > mi(B)ma(C) . (2)

Bn(C=A

Marginalization and vacuous extension
on a product space A bba defined on a
product space €2 x © may be marginalized on
Q, by transferring each mass m®*®(B) for
B < Q) x O to its projection on €:

mﬂx@iQ(A) _ 2

BcQOx0O,
Proj(BlQ)=A

m™9(B), (3)
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for all A € Q where Proj(B | Q) denotes the
projection of B onto 2.

It is usually not possible to retrieve the origi-
nal bba m*® from its marginal m®**® on
Q. However, the least committed, or least in-
formative bba [12] such that its projection on
Q is m®*®12 may be computed. This defines
the vacuous extension of m® in the product
space 0 x © [12], noted m?1?*® and given
by:

mA(A)if B=Ax0O,
AcQ (4)
0 otherwise.

mQTQX@(B) _

Conditioning and ballooning extension
on a product space Conditional beliefs
represent knowledge which is valid provided
that an hypothesis is satisfied. Let m be a
bba and B < () an hypothesis; the conditional
belief function m|B] is given by:

m[B] = m@msz. (5)

If m$%© is defined on the product space Qx O,
and 0 is a subset of ©, the conditional bba

mQLQ] is defined by combining m*® with

mg) QX@, and marginalizing the result on €

m[0] = (mﬂxe@m?TQx@)lQ (©)

Assume now that m®[f] represents the
agent’s beliefs on €2 conditionally on 6, which
means in a context where 6 holds. There are
usually many bbas on 2 x ©, whose condi-
tioning on @ yields m®[f]. Among these, the
least committed one is defined for all A <
by:

me[O]T*O (A x 0 U Q x 0) = mP[A](A4). (7)

This operation is referred to as the decondi-
tioning or ballooning extension [12] of m*[6]
on ) x 6.

3 Correction mechanisms

3.1 Discounting

When receiving a piece of information, repre-
sented by a bba m, agent Ag can have some
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doubt regarding the reliability of the source
which has provided this bba. Such a meta-
knowledge can be taken into account by us-
ing the discounting operation introduced by
Shafer [11, page 252], and defined by:

“m=(1—-a)m+amqg, (8)

where a € [0, 1].

A discount rate « equal to 1, means that the
source is not reliable and the piece of infor-
mation it provides cannot be taken into ac-
count, so Ag’s knowledge remains vacuous:
m% = 'm = mgq. On the contrary, a null
discount rate indicates that the source is fully
reliable and the piece of information it pro-
vides is entirely accepted: mﬁg = % = m.
In practice however, agent Ag does not know
for sure whether the source is reliable or not,

but he has some degree of belief expressed by:

mE (R = 1-o
{mﬁgm) _— ©)

where R = {R,NR}, R standing for “the
source is reliable”, and N R standing for “the
source s not reliable”. This formalization
yields to the expression (8), as demonstrated
by Smets in [12].

3.2 De-Discounting

In this process, agent Ag receives a bba *m
from a source S, different from mgq and dis-
counted with a discount rate o < 1. If Ag
knows «, then it can recompute m by revers-
ing the discounting operation (8):

“m — o mq

Mag =m = (10)

l-«
This procedure is called de-discounting by
Denceux and Smets in [2].

If the agent receives a bba m discounted
with an unknown discount rate «, agent Ag
can imagine all possible values in the range
[0,m(2)]. Indeed, as shown in [2], m(Q)
is the largest value for « such that the de-
discounting operation (10) leads to a bba.
De-discounting m with this maximal value
is called maximal de-discounting. The result

is the totally reinforced belief function, noted
" and defined as follows:

mid) - yAcQ,

in(A) = { =m(«) (11)

0 otherwise.

The bba m is obtained from m by redis-
tributing the mass m(f2) totally and uni-
formly on focal elements of m.

3.3 Extended Discounting Scheme

In [16], Zhu and Basir have proposed to
extend the discounting process, in order to
strengthen, discount or contradict belief func-
tions.

The extended discounting scheme is composed
of two transformations.

The first transformation, allowing one to
strengthen or weaken a source of information,
is introduced by retaining the discounting
equation (8), and allowing the discount rate
« to be in the range [—m(Q)/(1 — m(2)), 1].

o If a € [0,1], this transformation is the
discounting operation.

o If « € [-m(Q)/(1 — m(2)),0], this
transformation is equivalent to the de-
discounting equation (10) with the repa-
rameterization a = f_—oé:, with o €

[0,m(2)]. Indeed:

“m = (1-£%)m+ £%ma
. mfa’%lga 1o (12)
- 1—o/

The second transformation, allowing one to
contradict a non-vacuous and normal belief
function m, is defined by the following equa-
tion:

*m(A) = (a — 1)m(A) if AcQ,
{am(Q) =(a—1)m(Q) +2 — o otherwise,
(13)

where v € [1,1 + #(Q)]

e I[fa=1,%m =mq.

oIfa=1+—1 *m = 'm, where m

1-m(Q)?
denotes the negation of m [3], defined by
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m(A) = m(A), VA € Q. In other words,
after being totally reinforced, each ba-
sic belief mass m(A) is transferred to its
complementary. The bba m is then fully
contradicted.

This scheme has been successfully applied in
medical imaging [16]. However, it suffers from
a lack of formal justification. Indeed, the
number (1—«) can no longer be interpreted as
a degree of belief as it can take values greater
than 1 and lesser than 0.

In the following section, a new parameter-
ized family of transformations encompassing
all the schemes presented in this section, is
introduced and justified.

4 A parameterized family of
correction mechanisms

In the discounting operation (8), agent Ag
considers that the source can be in two states:
reliable or not reliable. These states can be
interpreted as follows:

e if the source is reliable (state R), the
information m it provides becomes Ag’s
knowledge. Formally, ma4[{R}| = m ,

e if the source is not reliable (state NR),
the information m it provides is dis-

carded, and Ag’s knowledge is vacuous:
mag[{NR}] = mgq .

In this section, these hypotheses are extended
in the following way. We assume that the
source can be in N states R;, ¢ € [1, N], whose
interpretations are given by transformations
m; of m: if the source is in the state R; then
m, [{Ri}] = mi.

Let R = {R1,...,Rn}, and let us supposed
that mﬁg({Ri}) v;, Vi € [1,N], with
Sitivi=1.

The knowledge held by agent Ag, when receiv-
ing an information mg of a source S and pos-
sessing a metaknowledge mfg regarding the
different states in which the source can be,

can then be computed by:

Proceedings of IPMU'08

e deconditioning the mS s[{fLi}] on the
product space Q x R using (7);

e extending vacuously mﬁg on the same
product space © x R using (4);

e combining them using the CRC (2);

e marginalizing the result on ) using (3).

Formally:
Q Q R
Mag [mSa mAg] =

(OF m%, RN REmH> ™)™ (1)

Proposition 1 The bba m%g, resulting from
equation (14), only depends on m; and v;, i €
[1,N]. The result is noted ¥m, v denoting
the vector of v;, and verifies:

N
m%g =Ym = 2 Vi mj . (15)
i=1

Proof 1 Vie [1, N] and VA < Q:
m PR Q< {R}) = v (16)

and

m [R]M R (A x {Ri} v Q x {Ry})
=m;(A4) . (17)

Moreover, Vi€ [1,N] and VA; € Q:

mf\il (A; x {R;} U Q x {R;})
= Ui A x {Ri}, (18)
and, Vj e [1,N]:

(Uit Ai x {Ri}) 0 Q x {R;}
— A < (R} . (19)

Therefore, the conjunctive combination of
mB (R R, i e [LN], with mi &,
noted @mZ;R, has N focal elements such
that:

OmiR(A; x {Rj}) =
Vj mj(Aj)H 2 mz(A)a V] € [D?Nﬂ ’

i#j ACQ
[ —
=1

(20)
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or, equivalently, VA < Q and Vi € [1, N]:

OmMR(A x {Ri}) = v mi(4). (21
Then, after projection onto §2:

'mAg Z v; mi(A) YAcC Q. (22)

Correction mechanisms described in Section 3
are particular cases of correction mechanisms
expressed by (15).

The discounting operation corresponds to the
case of two states R; and Ry such that my =
mgq and my = m.

The de-discounting operation corresponds to
the case of two states such that m; = m and
mae = m, which means a first state where
the information provided by the source is ac-
cepted, and a second state where this infor-
mation is totally reinforced. With these hy-
potheses, ¥m = vym + 15"m is a reparame-
terization of the de-discounting operation (10)

with vy = %, a € [0,m(Q)]. Indeed:

¥m(A)

= (17753)7(0;2) m(A) + (1 - (17(3)”2&)%”1&?&)

_ m(Q)—a (1—a)m(Q)—m(Q)+a m(A)

_ (17(08) & A ( (k(g%n( )(A) e
m — a(l-m m

= Toamy ™A + Taym@) T

=™ yAcQ, and

¥m(2)

The first transformation of the extended dis-
counting operation, equation (8) with « €
[-m(2)/(1 — m(2)),1], concerning the dis-
counting or reinforcement of the source, is a
reparameterization of (15) in the particular

case of two states such that m; = mq and
tr

me = "m with 1 = (1 — a)m(Q) + a. In-
deed:
m(A) = < — (1= a)m(9) — ) {2
= —a)m(A) VAcQ,

(1 —a)m(QQ) + a.

At last, the second transformation of the ex-
tended discounting operation (13), allowing
one to contradict a source, is also a reparam-
eterization of (15) by considering two states
such that m; = try and mo = mgq, and
setting 1 = (o — 1)(1 — m(QQ)) with « €
[L1+ ey

(@) = (a— 1)1 - m() 24
= (a — 1) m(A) VAc Q>
3 Yim(Q) 1 (o~ 1)(1—m(Q))
= l-a+am(Q)+1-m(Q)
(= 1)m(2) +2 — o

The source can be in two states: a first one
where the source is considered as lying (so
the contrary is correct) [14], and a second one
where the information provided by the source
is rejected.

All these results are recapitulated in Table 1.

Table 1: Models yielding to the correction
mechanisms presented in Section 3.

Interpretations Operation
mi=mqg Mo =m discounting
mi=m  ma="m de-discounting
my=mq mgo="m extended disc. (1)

mi1 =1tm mg =mq extended disc. (2)

Remark 1 The first transformation of the
extended discounting operation is then a dis-
counting of "m, while the second transforma-
tion is a discounting of 'm.

Remark 2 The de-discounting operation is a
particular case of reinforcement process. A
more informative reinforcement than *m can
be chosen, for instance, the “pignistic bba” de-
fined, Yw € Q, by:

m(A)

"tm({w}) = .
{AgQZLeA} (1- m(®))|A|
(23)

Thus, an other reinforcement process is given
by: Ym =vim + vobetm,

Proposition 2 By choosing mﬁg of the fol-
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lowing manner:

mi ({Ri}) = v Vie [1,N],
mEg(R) = 1= sz\il Vi
(24)

with Zf\il v; < 1, one more degree of freedom
can be added:

N N
"mzZVimi—l—(l—ZVi)mQ. (25)
i=1 i=1

5 An application example

In this section, an application example in the
domain of postal address recognition illus-
trates the possible benefits obtained by using
a correction mechanism.

In the present application, three postal ad-
dress readers (PARs) are available, each one
providing pieces of information regarding the
address lying on the image of a mail. These
pieces of knowledge are represented by belief
functions on a frame of discernment gathering
the whole postal addresses. Belief functions
can then be combined in order to make a de-
cision. This fusion scheme is represented in
Figure 1. The details of this application can
be found in [8], and the construction of the
mass assignments is explained in [7].

PAR 1
PAR 2 '| m, '| —[Combination:
PAR 3

Figure 1: Fusion scheme with three PARs in
the belief function framework.

An extension is exposed by considering the
fact that PAR 1 and PAR 2 output an ad-
dress and a confidence score regarding the
town part of the address.

To visualize the real information provided by
these confidence scores, scores of correct and
incorrect towns output by PAR 1 for a set of
postal addresses are represented in Figure 2.
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Figure 2: Confidence scores and addresses
provided by PAR 1 regarding images of a
learning set. A dark rhomb corresponds to
an address whose town is incorrect. A clear
square is associated with an address whose
town is correct.

It can be observed that the greater the score
is, the more important is the proportion of
addresses with a correct town. Hence, this
score carries useful information regarding the
reliability of the town information in the out-
put address. Similar observations were made
with PAR 2. Therefore, bbas m1 and msy rep-
resenting the information provided by PAR 1
and PAR 2, should be corrected according to
these scores. An idea consists in reinforcing
the information provided by a PAR when the
score is high, and, conversely, discounting it
when the score is too low. For that purpose,
we defined four thresholds 17, T5, T3, and Ty
illustrated in Figure 2, such that information
provided by the PAR is:

e totally discounted, if the score is lower
than 77;

e discounted according to the score, if the
score belongs to [T, Tz];

e kept unchanged, if the score belongs to
[T, T5];

e reinforced according to the score, if the
score belongs to [T5,Ty];

e at last, totally reinforced, if the score is
greater than Tj.

Formally, this adjustment can be realized, for
both PARs 1 and 2 (Figure 3), by using the
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correction mechanism defined by:

Ym=uvimq+ram+uvsm, (26)

where parameters v; are set as illustrated in
Figure 4.

m,
PAR 1
score,
m,
PAR 2 Combination
score,
PAR 3 m; I|

Figure 3: An extended model adjusting bbas
provided by PAR 1 and PAR 2 according to
supplied scores.

DISCOUNTING REINFORCEMENT

Vi

Score

Figure 4: Correction parameters as function
of the scores (1] + vy +v3 = 1).

Performances of this combination, on a test
set of mails, are represented in Figure 5.
To preserve the confidentiality of PARs per-
formances, reference values have been used
when representing performance rates. Cor-
rect recognition rates, represented on the x-
axis, are expressed relatively to a reference
correct recognition rate, denoted R. FError
rates, represented on the y-axis, are expressed
relatively to a reference error rate, denoted E.
The rate R has a value greater than 80%. The
rate F has a value smaller than 0.1%.

In this application, different PARs being
available, a combination leading to the great-
est possible recognition rates, while being as-
sociated with an acceptable error rate, is ex-
pected. In this paper, the maximal tolerated

+0.8% ‘ ‘
Extended scheme
5 PAR 277‘ Initial scheme
E +0.6% ¥ PA‘R 1 ‘
< [PaR 3 o
o . el
E.fu
©
ﬁ ; Objective
+0.2% \
E
R R+2% R +4% R+6% R +8% R+10%
CORRECT RECOGNITION RATE
Figure 5: PARs and combination perfor-

mances regarding towns written on mails.

error rate is chosen equal to the least PARs
error rates.

This extended model allows us to obtain a
combination point denoted C., which is as-
sociated with an acceptable error rate and
a greater recognition rate than the previ-
ous combination point C, obtained with the
model illustrated in Figure 1. Then, PARs
individual performances are improved once
more using the extended model based on a
correction mechanism.

6 Conclusion

In this paper, links between the discount-
ing, the de-discounting, and the extended dis-
counting have been clarified. It has been
shown that these schemes are particular cases
of a general correction mechanism process.
Different transformations, expressed by belief
functions, can be associated to different states
in which the source can be: reliable, not reli-
able, too cautious, lying, ...

An application example illustrates the practi-
cal interest of this family. It introduces a way
to combine scores with decisions to improve
the performances of the recognition.

Future works consist in contextualizing this
family in the same manner as it has been done
with the discounting [10]. Likewise, it would
be interesting to automatically learn the coef-
ficients v; from data, as it has been proposed
for the classical or the contextual discounting
[4, 10].
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