Belief function correction mechanisms

David Mercier, Thierry Denceux, and Mariegléne Masson

Abstract Different operations can be used in the theory of belief fioms to cor-
rect the information provided by a source, given metakndgdeabout that source.
Examples of such operations are discounting, de-disaogygxtended discounting
and contextual discounting. In this article, the links bedw these operations are ex-
plored. New interpretations of these schemes, as well agamities of belief func-
tion correction mechanisms are introduced and justified.firat family generalizes
previous non-contextual discounting operations, whetteasecond generalizes the
contextual discounting.

Key words: Dempster-Shafer theory, Belief functions, discountingrations, dis-
junctive and conjunctive canonical decompositions.

1 Introduction

Introduced by Dempster [1] and Shafer [13], belief funcsi@onstitute one of the
main frameworks for reasoning with imperfect information.

When receiving a piece of information represented by a bélie€tion, some
metaknowledge regarding the quality or reliability of thmusce that provides the
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information, can be available. To correct the informati@eading to this meta-
knowledge, different tools can be used:

e Thediscounting operatiorintroduced by Shafer in his seminal book [13], allows
one to weaken the information provided by the source;

e The de-discounting operatigrintroduced by Denceux and Smets [2], has the
effect of strengthening the information;

e Theextended discounting operationtroduced by Zhu and Basir [20], makes it
possible to weaken, strengthen or contradict the infolonati

e The contextual discounting operatipm refining of the discounting operation,
introduced by Mercier et al. [10], weakens the informatigntaking into ac-
count more detailed knowledge regarding the reliabilitthef source in different
contexts, i.e., conditionally on different hypothesesarding the answer to the
question of interest.

In this article, the links between these operations arecezdl Belief function
correction mechanisms encompassing these schemes adrirgd and justified.

First, discounting, de-discounting, and extended distogmre shown to be par-
ticular cases of a parameterized family of transformat{®hsThis family includes
all possible transformations, expressed by a belief fon¢tbased on the different
states in which the source can be when the information isli&gpp

Secondly, another family of correction mechanisms basetherconcepts of
negation [4] and canonical decompositions [16, 3, 12] of ebé&unction is ex-
plored. This family is shown to generalize the contextuatdunting operation.

Belief functions are used in different theories of uncemtasuch as, for instance,
models based on lower and upper probabilities including pster's model [1] and
the related Hint model [7], random set theory [6], or the Bfamable Belief Model
developed by Smets [15, 19]. In the latter model, belief fiems are interpreted as
weighted opinions of an agent or a sensor. This model is adaptthis article.

This article is organized as follows. Background materiabelief functions is
recalled in Section 2. All the discounting operations armspnted in Section 3. A
new interpretation of non-contextual discounting as welahgarameterized family
of correction mechanisms are introduced and justified irti®ee. Another fam-
ily of correction mechanisms based on the disjunctive angurwtive canonical
decompositions of a belief function is presented in Sechiolm Section 6, an ex-
ample of a correction mechanism introduced in this artisleested with real data
in a postal address recognition application, in which densassociated with con-
fidence scores are combined. Finally, Section 7 concludeg#per.
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2 Belief functions: basic concepts

2.1 Representing information

Let us consider an ageAgin charge of making a decision regarding the answer to
a given questio of interest.

LetQ ={wy,...,ax}, called theframe of discernmenbe the finite set contain-
ing the possible answers to questi@n

The information held by agemg regarding the answer to questiGhcan be
quantified by abasic belief assignment (BBA) or mass functiofb,miefined as a

function from 22 to [0, 1], and verifying:

Y MgA) =1. 1)

g
ACQ

Functionm‘A7 describes the state of knowledge of agagtregarding the answer
to questionQ belonging toQ. By extension, it also represents an item of evidence
that induces such a state of knowledge. The quamﬁg(A) is interpreted as the
part of the unit mass allocated to the hypothesis: “the answguestiorQ is in the
subsetA of Q".

When there is no ambiguity, the full notationf}; will be simplified tom®, or
evenm.

Definition 1. The following definitions are considered.

e A subsetA of Q such tham(A) > 0 is called &ocal elemenbf m.

e A BBA mwith only one focal elemer s said to becategorical and is denoted
ma; we thus havena(A) = 1.

e Totalignorance is represented by the BB, called thevacuous belief function

e A BBA mis said to be:

— dogmaticif m(Q) =0;

— non-dogmatiéf m(Q) > 0;

— normalif m(0) = 0;

— subnormaif m(0) > 0;

— simpleif mhas no more than two focal sef3,being included.

Finally, mdenotes th@egationof m[4], defined bym(A) = m(A), forall AC Q.

2.2 Combining pieces of information

Two BBAs my andnmy, induced by distinct and reliable sources of information can
be combined using theonjunctive rule of combination (CRCjlso referred to as
theunnormalized Dempster’s rule of combinatiatefined for allA C Q by:
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mOnMp(A) = Z My (B)m(C) . 2)
BAC=A

Alternatively, if we only know that at least one of the sowtereliable, BBAsMm
andm, can be combined using thsjunctive rule of combination (DRCllefined
forall AC Q by:

mOM(A) = Z my (B)my(C) . (3)
BUC=A

2.3 Marginalization and vacuous extension

A mass function defined on a product sp&e © may bemarginalizedon Q by
transferring each mass?*© (B) for B C Q x O to its projection onQ:

mreEw=_ 3 mOE), @)

Proj(B|Q)=A

for all AC Q where ProfB | Q) denotes the projection & onto Q.

Conversely, it is usually not possible to retrieve the oraiBBA m?*€ from its
marginalm?*@'2 on Q. However, thdeast committedor least informative BBA
[14] such that its projection of2 is m?*®12 may be computed. This defines the
vacuous extensioof m? in the product spac€ x @ [14], notedm®@'2*® and
given by:

(5)

mR12x0 () — m?(A)if B=Ax0,AC Q,
0 otherwise

2.4 Conditioning and ballooning extension

Conditional beliefs represent knowledge that is valid pied that an hypothesis is
satisfied. Letm be a mass function ari8lC Q an hypothesis; theonditional belief
function mB] is given by:

m[B] = mOme. (6)
If m?*® is defined on the product spaex @, and® is a subset 0®, the condi-
tional BBAm?2[6] is defined by combining?®*® with m5'?*®, and marginalizing
the result om2:

mQ[e] _ (mﬂxe@mgTQXO)l'Q ) (7)

Assume now tham® 6] represents the agent’s beliefs @nconditionally oné,
i.e., in a context wher@ holds. There are usually many BBAs 6hx O, whose
conditioning ond yields m?[8]. Among these, the least committed one is defined
forall AC Q by:
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m2[0]T 2O (Ax 0UQ x B) = m?[0](A). (8)

This operation is referred to as theconditioningor ballooning extensioffiLl4] of
m?2[8] onQ x O.

3 Correction mechanisms

3.1 Discounting

When receiving a piece of information represented by a masstibn m, agent
Ag may have some doubts regarding the reliability of the sotlraeprovided this
information. Such metaknowledge can be taken into accosinguthe discounting
operation introduced by Shafer [13, page 252], and defined by

“m=(1-a)m+amg, )

wherea € [0,1].

A discount ratexr equal to 1, means that the source is not reliable and the piece
of information it provides cannot be taken into accountAgs knowledge remains
vacuous:m,‘fg =1m=mg. On the contrary, a null discount rate indicates that the

source is fully reliable and the piece of information is el acceptedrnffg =

9m=m. In practice, however, ageAg usually does not know for sure whether the
source is reliable or not, but has some degree of belief expteby:

mi((R) =1-a
\mfin (10

whereZ = {R,NR}, R andNR standing, respectively, féthe source is reliable”
and“the source is not reliable’ This formalization yields expression (9), as demon-
strated by Smets in [14, Section 5.7].

Let us consider a BBA defined by

B ifA=0
mg(A)={a fA=Q (11)
0 otherwise,

with o € [0,1] andf3 = 1— a. The discounting operation (9) of a BBAis equiva-
lent to the disjunctive combination (3) of with nﬁ Indeed:

mOMg (A) = m(A)NG (0) = Bm(A) = “m(A), VAC Q ,

and
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3.2 De-Discounting

In this process, agertg receives a piece of informatidtm from a sources, differ-
ent frommg and discounted with a discount rate< 1.

If Ag knows the discount rate, then it can recomputs by reversing the dis-
counting operation (9):

S “m—a mg
9= 1—a

This procedure is callede-discountindy Denceux and Smets in [2].

If the agent receives a mass functiomliscounted with an unknown discount rate
a, it can imagine all possible values in the ra@en(Q)]. Indeed, as shown in [2],
m(Q) is the largest value fom such that the de-discounting operation (12) yields a
BBA. De-discountingm with this maximal value is callechaximal de-discounting
The result is theotally reinforced belief functiomotedm and defined as follows:

m(A)
m(a) = { Tm@) "AC L2 (13)
0 otherwise.

(12)

The mass functioH mis thus obtained fronm by redistributing the mass(Q)
among the strict subsets o.

3.3 Extended Discounting Scheme

In [20], Zhu and Basir proposed to extend the discountingcgss in order to
strengthen, discount or contradigelief functions. The extended discounting scheme
is composed of two transformations.

The first transformation, allowing us to strengthen or weakeource of infor-
mation, is introduced by retaining the discounting equeaf®), while allowing the

discount ratex to be in the rang% 11";5((29)) , 1} .

e If o €[0,1], this transformation is the discounting operation.
o Ifac [%,0}, this transformation is equivalent to the de-discountipgra-

tion (12) with the reparameterizatian= l‘_—og, with a’ € [0,m(Q)]. Indeed,

—a’ —a’ m—a’mg
me (1 e =T 4
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The second transformation, allowing us to contradict a vexruous and normal
belief functionm, is defined by the following equation:

“mA) = (a—1)m(A) if AC Q, (15)

"m(Q) = (a —1)m(Q) +2— a otherwise,

wherea ¢ [1 1+ 1 m

o fa=1,M=mg. o

o fa=1+ ﬁ(m om = T'm, wherem denotes the negation aofi [4], defined
by M(A) = m(A), YA C Q. In other words, after being totally reinforced, each
basic belief massi(A) is transferred to its complement. The BBais then fully
contradicted.

This scheme has been successfully applied in medical igdg0]. However, it
suffers from a lack of formal justification. Indeed, the nianfll— a) can no longer
be interpreted as a degree of belief as it can take valuetegtban 1 and smaller
than 0.

3.4 Contextual Discounting based on a coarsening

Contextual discounting was introduced in [10]. It makesasgible to take into
account the fact that the reliability of the source of infatian can be expected to
depend on the true answer of the question of interest.

For instance, in medical diagnosis, depending on his/regialty, experience or
training, a physician may be more or less competent to degsome types of dis-
eases. Likewise, in target recognition, a sensor may be oapable of recognizing
some types of targets while being less effective for othpesy

Let © = {64,...,6.} be a coarsening [13, chapter 6] &f, in other words
64,..., 6. form a partition ofQ.

Unlike (10), in the contextual model, agehg is assumed to hold beliefs on the
reliability of the source of information conditionally omeh6y, £ € {1,...,L}:

(IR~ 10 =A a5

MaglO)(Z) = au.

Forall¢ e {1,...,L}, B+ a, =1, andf3, represents the degree of belief that the
source is reliable knowing that the true answer of the goesdf interest belongs to
6.

In the same way as in the discounting operation (9), aggrtonsiders that the
source can be in two states: reliable or not reliable [14; 10]

e If the source is reliable (stat), the informationm‘s2 it provides becomeAg's
knowledge. Formallymg [{R}] = mg
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o If the source is not reliable (stat¢R), the informationmg it provides is dis-
carded, and\g remains in a state of ignorancmﬁg[{NR}] =mq.

The knowledge held by ageAp, based on the informatiovmng from a sources
as well as metaknowledga,?g concerning the reliability of the source can then be
computed by:

e Deconditioning the. BBAs mfg[eg] on the product spac® x Z using (8);

. Deconditioning’rﬁg[{R}] on the same product spafex # using (8) as well;
e Combining them using the CRC (2);

e Marginalizing the result o using (4).

Formally:

y (17)

m8.m) = (G4m0 OmE (R

As shown in [10], the resulting BBmfg , only depends oms and on the vector
a = (ay,...,a.) of discount rates. It is then denoted &wn.

Proposition 1 ([10, Proposition 8]).The contextual discountirgm on a coarsen-
ing © of a BBA m is equal to the disjunctive combination of m with AB such

that:
m§ =mPOmZ Q...0om¢ , (18)
where each f, ¢ € {1,...,L}, is defined by:

B, ifA=0
m?(A)={a, ifA=6, (19)
0 otherwise.

Remark 1.Two special cases of this discounting operation can be deresil.

e If © ={Q} denotes the trivial partition a® in one class, combining with my
defined by (11) is equivalent to combinimgwith mg defined by (18), so this
contextual discounting operation is identical to the dtadsdiscounting opera-
tion.

o If @ = Q, the finest partition of2, this discounting is simply called contextual
discounting and denotetim. It is defined by the disjunctive combination wf

with the BBAMZQmE©...OmZ, where eacmZ, k € {1,...,K} is defined
by m¢ (0) = B« andm ({ax}) = ak.

In the following section, a new parameterized family of sfmnmations encom-
passing all the non-contextual schemes presented in ttti®seis introduced and
justified.
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4 A parameterized family of correction mechanisms

In this section, the hypotheses concerning the states inhwdigentAg considers
that the source can be, are extended in the following way.

Let us assume that the source can bBlistatesR, i € {1,...,N}, whose inter-
pretations are given by transformatiomsof m: if the source is in the statg then

mag =M.
mag[{R}=m, Vie{l.. N} (20)
LetZ = {R,...,Rn}, and let us suppose that, for al {1,...,N}:

mMi({R}) = vi, with 'i‘/i =1. (21)

The knowledge held by ageAy, based on the informatimng from a sourcesand
on metaknowledgaarrzfg regarding the different states in which the source can be,
can then be computed by:

e Deconditioning theN BBAs nﬁg[{Ri}] on the product spac® x % using (8);

e Vacuously extendinmf{ on the same product spafex Z using (5);
e Combining all BBAs using the CRC (2);
e Marginalizing the result oi® using (4).

Formally:
M€ miy) = (O (R omg ) T @)

Proposition 2. The BBA rﬁg defined by (22) only depends on and v, i €
{1,...,N}. The result is noteim, v denoting the vector af;, and verifies:

N
nﬁfg:"m:;vi m . (23)

Proof. Foralli € {1,...,N} andA C Q:

e from (5) and (21), the vacuous extensior‘ml,ﬁfgJ is given by:
Mg O A (Q x {R}) =i ; (24)

e from (8) and (20), the deconditioning mf{g[{a}] verifies:

MR (Ax {R}UQ x {R}) =m(A) . (25)
HoweverVi € {1,...,N} andvVA C Q:

N (A x {RIUQ x {R}) = UL, A x {R}, (26)
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and,vj e {1,...,N}:
(UL A X {RD)NQ x{Rj} =Aj x {Rj} . (27)

Therefore, the conjunctive combination o} [{R}"2*#, i € {1,...,N}, with
m,{@m%, denoted@mffgx'%, hasN focal elements such that:

OME (A x {Ri) =vi m(AN[T S MA), Vie{l...,N}, (28
|¢JA§Qil

or, equivalentlyyA C Q andvi € {1,...,N}:
OMEG 7 (Ax {R}) = vi m(A). (29)
Then, after projecting ont@:

Mag(A) = ivi m(A) VACQ, (30)

which completes the proof. O

Proposition 3. Discounting, de-discounting and extended discountingaifmas
are particular cases of correction mechanisms expressd@)y

e Discounting corresponds to the case of two stateaml R such that m = mg
and my = m (as already exposed in Section 3.1).

e De-discounting corresponds to the case of two states sathih=m and m =
'm, which means a first state where the information providethbysource is
accepted, and a second one where this information is totailhforced.

e The first transformation of the extended discounting openatliscounting equa-
tion (9) witha € [-m(Q)/(1—m(Q)),1], is obtained in the particular case of
two states such thatm=mgp and m =tm.

e The second transformation of the extended discountingatiper (15) is re-
trieved by considering two states: a first one where the soigdully contra-
dicted (m = 'm) [18], and a second one where the information provided ley th
source is rejected (= mq).

Proof. By considering two states such tmat = mandm, ="m, Ym= vym+v,!'m
is a reparameterization of the de-discounting operati@ (ith v; = %
a € [0,m(Q)]. Indeed:
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v . omQ)—a m(Q)—a m(A)
m(A) = A= o)mo) m(A) +  1— (1—a)m(Q)> T—m(3)
_ mQ)-a (1-—a)mQ)—m(Q)+a m(A)
~Tmom@ "W d—ame)  I-ma)
. mQ)—-a a(1-m(Q)) m(A)
= Amam) "W T gme) Ioma)
= A VAC Q
1-a ’
and @) )
v m(Q)—a mQ)-a
m(Q) = A—a)ma) m(Q) = 4

The first transformation of the extended discounting opemaEquation (9) with
a e [—-m(Q)/(1—m(Q)),1], concerning the discounting or reinforcement of the
source, is a reparameterization of (23) in the particulaea# two states such that
my = Mg andmp = "mwith v = (1— a)m(Q) + a. Indeed:

m(A)

Vm(A) — (1_(1_a)m(_(2)—a)m

=(1-a)mA), VACQ,
m(Q) = (1—a)m(Q) +a.

Finally, the second transformation of the extended distingroperation (15),
allowing one to contradict a source, is also a reparamet#wiz of (23) by consider-
ing two states such that; = "mandm, = mg, and setting; = (a — 1)(1—m(Q))

H 1 .
with a € [1,1+ W(_Q)}

m(A)
1-m(Q)
'mQ)=1-(a-1)(1-m(Q))=1-a+amQ)+1-m(Q)

=(a—-1m(Q)+2—a.

m(A) = (a —-1)(1-m(Q)) =(a—1)m(A), VACQ,

O

Models of correction mechanisms corresponding to diséogntie-discounting
and extended discount operations are summarized in Table 1.

Table 1 Models corresponding to the correction mechanisms presentegtiios 3.

Interpretations  Operation
m =mqg mp =m discounting
my=m np="m de-discounting
m; = mg My =m extended disc. (1)
m; =Tm np = mg extended disc. (2)
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Remark 2The first transformation of the extended discounting openat a dis-
counting of'm, while the second transformation is a discounting wt

Remark 3De-discounting operation is a particular reinforcementcpss. A more
informative reinforcement thahm can be chosen, for instance, the “pignistic BBA”
definedyvw € Q, by:

m(A
betm({w}) - o 7(1 — ns(@))) A (31)
Thus, another reinforcement process is given by:
Ym=vim+ (1—v;)*®m. (32)
Remark 4By choosingnffg as follows:
{ﬂggé{g;i})i:i_ - Vie{1,...,N}, (33)
Ag =1-2iaVv
with s, v < 1, Equation (22) leads to:
) N N
m:i;vier(lfi;vi)mQ , (34)

which is similar to (23) if one considers a state such that mg.

5 Correction mechanisms based on decompositions

The preceding section has introduced a general form of cawremechanisms en-

compassing, in particular, the discounting, de-discagrdind extended discounting
operations. As mentioned in Remark 1 in Section 3.4, theodisting operation can

also be seen as a particular case of the contextual disoguhtowever, the contex-

tual discounting does not belong to the family of correctisechanisms presented
in the previous section. In this section, contextual distimg is shown to be a par-

ticular member of another family of correction mechanis@asdal on the disjunctive

decomposition of a subnormal BBA introduced by Denceux in [3]

5.1 Canonical conjunctive and digunctive decompositions

In [16], extending the notion of separable BBA introducedShafer [13, chapter
4], Smets shows that each non-dogmatic BB&an be uniquely decomposed into a
conjunctive combination ajeneralized simple BBAs (GSBBAdNnoted\"») with
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AC Q, and defined from2 to R by:

AYA Q- w(A)
A — 1-w(A) (35)
B — 0,VBe2?\{AQ},

with w(A) € [0, ).
Every non-dogmatic BBAn can then be canonically decomposed into a conjunc-
tive combination of GSBBAS:

M= @acoA"™W . (36)

In [3], Denceux introduces another decomposition: the ciaabdisjunctive de-
composition of a subnormal BBA inteegative GSBBAs (NGSBBAdgnotedh, )

with A D 0, and defined from2 to R by:

AV(A) 10— V(A)
A= 1-Vv(A) (37)
B 0,VBec2?\{0,A},

with v(A) € [0, ).
Every subnormal BBAn can be canonically decomposed into a disjunctive com-
bination of NGSBBAs:

m= @AD(DA\I(A) . (38)

Indeed, as remarked in [3], the negatiomotan also be conjunctively decom-
posed as soon asis subnormal (in this cas®&) is non-dogmatic). Then:

M= @acoA™™ = M= @poA"™ = QpcoA"™ = O poohum - (39)

The relation between functionsandw is thenv(A) = w(A) for all A > 0.

5.2 A correction mechanism based on the digunctive
decomposition

According to the previous definitions (35) and (37), BBivg ¢ € {1,...,L}, de-
fined in (19) bymy(0) = 3, andmy(6;) = ay, can be denotee% or g, in a simple
way.

From (18) and (38), the contextual discounting on a coansg®i= {61,...,6.}
of Q of a subnormal BBAmis thus defined by:

gm = m@eﬁl@ e @9&_ = @A)(Z)AV(A)©9[31© . ©6[3L
In particular, ag\,; (a) @Ay, a) = Ay, (a) for all non empty sube of Q:
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e The classical discounting of a subnormal BBA= @A)OAV(A) is defined by:

m= Qpya)Da-a0Ava) ; (40)

e The contextual discounting (Remark 1) of a subnormal BBA @AD(DAV(A) is
defined by:

m=0yecolpuiar) Daca a=1Ava) - (41)

These contextual discounting operations are then paaticalses of a more gen-
eral correction mechanism defined by:

“m=Qns0Aav(a) (42)

wheref3a € [0,1] for all AD 0 anda is the vectof aa}a-e.

In [10], the interpretation of eacBa has been given only in the case where the
union of the subset& forms a partition ofQ2, 4 being interpreted as the degree of
belief held by the agent regarding the fact that the sourcelisble, knowing that
the value searched belongsAo

Instead of considering (16), let us now suppose that aggiitolds beliefs re-
garding the reliability of the source, conditionally on batibsef of Q:

M2 AI{RY) = 1— an = fa
{m?;w ) — an, 43)

whereaa € [0,1].

In the same way as in Section 3.4, the knowledge held by a§grivased on
the informationmg from a source and on metaknowledgé’g (43) regarding the
reliability of this source, can be computed as follows:

17 17 7 G LQ
rngg[rnga mA}g] = (@AQQ m{g[A}ﬂQX/?@mgg[{R}]ﬂQ Xj?) . (44)
Proposition 4. The BBA rﬁg resulting from (44) only depends orgnand the vector
o ={aa}taco- The resultis denotef, m and is equal to the disjunctive combination

of m¢ with a BBA n§ defined by:

mg (C) = U aa [] Bs, ¥CCQ. (45)
UA=C  UB=C
Proof. For eachA C Q, the deconditioning cxfrf{/’g[A] on Q x Z is given by:
MAGIAIM % (Ax (R} UAX 2) = Pa, (46)
M AIM 7 (Q x %) = a. 47)

With A # B:

(Ax {R}UAX Z)N (Bx {R}UBx %) = (AUB) x {R} U(AUB) x % .
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Then:

OncoMigAT 7 (Cx {RIUCx %) = oo D Be. YCCQ, (48)

or, by exchanging the roles GfandC:

OacoMag[AM*#(C x {RIUC x Z) = DCaD [l Pe. vCCQ. (49)
Ub= UE=C

It remains to combine conjunctivelyiy[{R}]T2*# and@ac o Mz [AI ¥ which

have focal sets of the for8x {R} UQ x {NR} andC x {R} UC x Z, respectively,
with B,C C Q. The intersection of two such focal sets is:

Cx{RIUCxZ)N(Bx {R}UQ x {NR}) =B x {R}UC x {NR}

and it can be obtained only for a particular choic8athdC. Then:

E=C

OacoMig[A 7 OME{RY]T*# (Bx {R}UC X {NR}) = [ DCOID I BE] mg (B).

Finally, the marginalization of this BBA of? is given by:

am(A):BUZ:A LDC M BEl m¢(B), VACQ, (50)

UE=

U
Let us note that the above proof has many similarities withofs presented in
[10, Sections A.1 and A.3].

As in the case of contextual discounting operations consilie Section 3.4, the
BBA mg defined in Proposition 4 admits a simple decomposition desgrin the
following proposition.

Proposition 5. The BBA rff defined in Proposition 4 can be rewritten as:

Mg = OnsoPs - (51)
Proof. Directly from (45) and the definition of the DRC (3). O

From (51), the contextual discounti@gm of a subnormal BBAN= @) a5¢A(A)
is defined by:

sam= @A)(I)AV(A) @AD@ABA = @A;@AﬁAv(A) ="m. (52)

This contextual discounting is thus equivalent to the adio® mechanism intro-
duced in this section. Each coefficigBy of this correction mechanism can then be
interpreted as the degree of belief held by the agentegarding the fact that the
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source is reliable knowing that the true answer to the quie§iof interest belongs
to A

5.3 A correction mechanism based on the conjunctive
decomposition

In a similar way, a correction mechanism for a non-dogmaB&Bn can be defined,
from the conjunctive decomposition of, by:

MM = @ pc o AP (53)

whereVA C Q,Ba € [0,1], anda is the vecto{aa}aco-
Correction mechanisnf§'m (42) and®“m (53) are related in the following way.
Let us consider a subnormal BBA mis then non-dogmatic:

aNm — @ACQAﬁAW(A) . (54)

Then:

— One oy POA
= @ ACO ABAW(A)
= Ua-0PsmA)
= AD(DABAV(A)

_ aUpy

Q
B
3

(55)

These two correction mechanisms can thus be seen as bajaiogangeneral
family of correction mechanisms.

6 Application example

In this section, an application example in the domain of gleatidress recognition
illustrates the potential benefits of using a particularection mechanism of the
form (23).

In this application, three postal address readers (PARspaailable, each one
providing pieces of information regarding the addressgyan the image of a mail.
These pieces of knowledge are represented by belief furctio a frame of dis-
cernment gathering all postal addresses. Belief functiamsthen be combined in
order to make a decision. This fusion scheme is represemféid . 1. Details of this
application can be found in [11].

An extension of this scheme is obtained by considering tbetfeat PAR 1 and
PAR 2 each output an address and a confidence score regarditugvn part of the
address.
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— PAR 1 m,
image PAR 2 m, Combination
Fy ‘
Decision
—| PAR 3 m;

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

To visualize the real information provided by these confidescores, scores of
correct and incorrect towns output by PAR 1 for a set of paaidresses are shown
in Fig. 2.

2500

Adresses whose town is correct ?
+Adresses whose town is incorrect 5
F - pa—— p——— . y— o — H ——— ]
2000 D
=
o
o
8}1500—.—————7—7————7—— ————— L = T4 §
s | A T2
[E) 1 < & . . * e *
*
) omee Lt Lo . R 0" . B
* - * * < +
- A . » y ot . g
i + * . . X J i 4 T2 n
*,

By AT R e de e L TR e ey 8
PR . . - . s + T1 c
* 3
=
g - =
Images ©

Fig. 2 Confidence scores and addresses provided by PAR 1 regardingsiofegéearning set. A
dark rhomb corresponds to an address whose town is incorreceah sfjuare is associated with
an address whose town is correct.

It can be observed that the greater the score is, the moretampds the propor-
tion of addresses with a correct town. Hence, this scoréesamseful information
regarding the reliability of the town information in the put address. Similar ob-
servations were made with PAR 2. Therefore, BBAs and nmp representing the
information provided by PAR 1 and PAR 2, should be correctambeding to these
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scores. An idea consists in reinforcing the informationviied by a PAR when
the score is high, and, conversely, discounting it when tloeesis too low. For that
purpose, we defined four thresholtis T, T3, andTy illustrated in Fig. 2, such that
information provided by the PAR is:

totally discounted, if the score is lower than

discounted according to the score, if the score belon{F 1@>];
kept unchanged, if the score belong$Ta T3];

reinforced according to the score, if the score belond3stdy);
at last, totally reinforced, if the score is greater tian

Formally, this adjustment can be realized, for both PARs d arfFig. 3), by
using the correction mechanism defined by:
Ym= V1Mo +vom+ V3trm, (56)

where parameteng are set as illustrated in Fig. 4.

m,

~|PAR 1

scorey

Combination
Fy *
Decision

| image I PAR 2

— PAR 3 my

Fig. 3 An extended model adjusting BBAs provided BfR1 andPAR2 according to supplied
scores.

Performances of this combination, on a test set of mailstegrerted in Fig. 5.
To preserve the confidentiality of PARs performances, esfeg values were used
when representing performance rates. Correct recogniit@s, represented on the
x-axis, are expressed relatively to a reference correogration rate, denoted by.
Error rates, represented on the y-axis, are expressed/edlab a reference error
rate, denoted bi. The rateR has a value greater than 80%. The fatkeas a value
smaller than %.

As different PARs are available in this application, we capezt the combina-
tion to yield the greatest possible recognition rates wkdeping error rate at an
acceptable level. In this article, the maximal toleratadrerate is chosen equal to
the least PARSs error rates.

This extended model allows us to obtain a combination poémoted byC, ,
which is associated with an acceptable error rate and ahigbegnition rate than
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DISCOUNTING REINFORCEMENT

Vi

Score

Fig. 4 Correction parameters as function of the scovgs{v, + vz = 1).

E
+0.8% ‘
Extended scheme
E PAR 2 Initial scheme
E +0.6% ¥ XPAR 1 ‘
< PR3
o ¢ :
* C
z +
g +0.4%
(14
5 |Objective
E
+0.2% \
E
R R +2% R +4% R +6% R +8% R +10%

CORRECT RECOGNITION RATE

Fig. 5 PARs and combination performances regarding towns writtemaifs.

the previous combination poiftt, obtained with the model illustrated in Fig. 1. The
individual performances of PARs are further improved udimg extended model
based on a correction mechanism.

In [8], another example of improvement in the same appbeatan be found
using contextual discounting.
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7 Conclusion

In this article, two families of belief function correctianechanisms have been
introduced and justified.

The first family of correction mechanisms highlights thekéirbetween the dis-
counting, the de-discounting, and the extended discognéind generalizes these
three operations. Different transformations, expressetdief functions, can be
associated to different states in which the source can bable not reliable, too
cautious, lying, etc.

The second family, based on the concepts of negation of a BiAd&sjunctive
and conjunctive decompositions of a BBA, generalizes thecdual discounting
operation.

An application example has illustrated a practical inteodéghe first family. It
introduces a way to combine scores with decisions to imptiogeecognition per-
formances.

Future works will aim at exploring more deeply the secondiliaiof correction
mechanisms and testing it on real data.

It would also be interesting to automatically learn the fioefnts of the correc-
tion mechanisms from data, as done in the “expert tuninghoefor the classical
or the contextual discounting operations [5, 10].
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