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Qualitative and Logical Handling of Uncertainty in a
Relational Model for Operational Fault Diagnosis

Didier Cayrac
Mission Optimization and Operations Assistance Depl,
MATRA MARCONI SPACE, 31, rue des Cosmanautes,
31077 Toulouse Cedex — FRANCE.

Abstract

Relational models for diagnosis are based on a direct
description of the asscciation between disorders and
manifestations. The relational model we propose
includes Reggia’s model as a particular case, and
allows a mare exprossive representation of the
observations, and of the relation betwesn disorders
and manifestations. The model allows the distinction
i) between manifestations which are cerainly absent
and those which are mot (yet 7) observed, and ii)
berween manifesiations which caonot be caused by a
given disorder and manifesiations for which we do
not know if they can or cannot be caused by this
disorder. This model uses a qualitative, non-
probabilistic representation of uncenainty based on
passibility theory and fuzzy sets. We also relaie this
possibilistic relational model to the logical approach
0 diagnosis, and outline an equivalent model using
possibilistic logic. Using this model as a core, we
propose extensions to exploit the knowledge of an
indirect  relation between  disorders  and
manifestations, introducing intermediate entities such
as (non directly observable) events. This approach is .
currently experimented in a satellite fault diagnosis
application. ;

. LINTRODUCTION

Fauit diagnosis is 2 problem that has been addressed by
various kinds of techniques, depending on the type of
failure 10 be detected or isolated, and on the available
imowledge. Some diagnostic methods focus on 2 logical
model of the system and perform abductive inference or

- consistency analysis e.g., (Marquis 1991). In a similar

spirit, another class of approaches exploits causal
information between failures and their symptoms; the
causal knowledge is then represented as a Bayesian
network (Pearl 1988), or more simply in terms of causal
matrices (Peng and Reggia 1990). This paper is concerned
by the latter type of methods, which are usually simple and
require less costly information, having thus more appeal to
operational applications. Its aim is to design a solution
avoiding some of the drawbacks of Reggia's model, both at
the representational and at the computational levels.
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Matra Marconi Space (MMS) has been investigating and
experimenting spacecrall diagnostic support systems for
cight years, (Haziza 1920}, and an operational sysicm was
installed in the Telecom 2 Satelliie Control Center at the
beginning of 1993 (Brenot et al. 1993). A progressive
refinement of the models and of the reasoning paradigms
(for instance 10 include the handling of uncenainty and
time) is now being considered in the definition of a new
generation of knowledge based sysiems, DIAMS-II
(Cayrac ez al. 1994).

Section 2 explains the rationale for the intreduction of
uncertainty handling and for the choice of possibility
theory, on the basis of user’s necds. In Secction 3, we
describe our model, which-can be considered as extended
Fault Mode Effect Anatyses allowing the expression of
uncertainty in the expected effects, and on iis usc in the
diagnostic process along with unceriain obscrvations.
Section 4 relates it to the logical approach to diagnosis. On
this basis, an extension allowing the exploitation of an
indirect relation between disorders and manifestations is
outlined in Section 5.

2. HANDLING UNCERTAINTY AND
INCOMPLETENESS WITH THE
POSSIBILITY THEORY

21. APPLICATION CONTEXT AND NEEDS

The knowledge exploitcd by the diagroslic suppon
system and the information available on the current state of
the saielliie are incomplele and uncertain, due w the
limitation of the knowledge acquisition investment, the
lirnited observability of a satcllite, and somectimes the
complexity of telemetry analyses. Part of this imperfection
can be abstracted by the experts, and expressed in the form
of qualitative uncenainty. The information can be positive
or negative, and possibly disjonctive. This qualitstive
expression of uncenainty led 10 the choice of the possibility
theory, of which a bricf overvicw follows in 2.2

The system is a support Lool for the identification of the
fauli(s). As an operational suppon system, its answers must
be as reliable and as ‘informative as possible given the
available knowledge and observations. These conflicling
requirements led Lo the joint use of consistency-based and
abduciive diagnostic approaches, their respective resulis



being , mc:na a.:n uamnawn 5 _the user ﬁ?& ua_unq

explanations. The system thus provides ordered sets of :

» the disorders that are (more or less) consisient with Em
symptoms observed. As pointed out 3 ﬁoﬁs_n

Torasso, 1991), these are the only “fully safe” solutions

when the knowledge is incomplete.

« the disorders that are (more or less) relevant 10 the
symptoms: disorders for which some predicted’ effects
are indeed observed. Limitation due to incompleteness:
a disorder will be discarded if none of is _..__.on_nﬁn
nmnnﬁﬁu_ﬁﬁ.._. i s T

« the disorders that _“390 or meu Bﬁ... the mmau_b_.__._w
disorders that explain, ie., predict, all the symploms
observed. Limitation due to ‘incompleteness: a disorder
will be discarded if some of its unpredicted effects are
present.

« the disorders which are covers and for which all

predicted effects are indeed observed. Limitation e 10"

incompleteness: a disorder will be discarded if some a
its predicted effects are absent.

These concepts, formalized in: Section 3; can co

mnm_mw_mcnsﬁ&v. extended to multiple faults. In this case,
the set of relevant disorders provides the building blocks
for the covers: The diagnostic. process is ilerative, and
proper focusing must minimize the number of 1ests.
2.2. OVERVIEW OF POSSIBILITY THEORY
The basic idea of possibility theory, introdiited -by:
(Zadeh 1979) is to use fuzzy sets no Jonger Lo just represent
the gradual aspect of vague concepts such ds “large”, but
also 1o represent incomplete knowledge, tainted with
imprecision and uncertainty. In this theory, uncenainty is
described using dual vcwmh!ra._ and necessity measures
defined as follows :

A possibility measure [T a«ﬁ ned on a Eouom_:oap_ 2

language and valued on [0,1] (or more generally on a
totally ordered scale) satisfies the following akioms :

@) TI(L)=0; TI(T)=1
(@ii) ¥p, YqN(pva)=max(M(p), 1))

where | and T denoie meﬁoceﬁg En nqﬂ.ﬁ_mo
proposition Anonﬂun_nﬁc& and the ever-rue _gauom_con
(taitology). It should be ‘emphasised thal we only have"
zeémaﬁﬁeyngu in the general case, since we may
know that paq is rather impossible (e.g., if g=—p, paq s L,
which is impossible) while p-as well as q may remain

somewhal possible when we are in-a state of incomplete

information. More generally, T1(pAq) is not a function of
T(p) and T1{g) only. This completely departs from fully
truth functional multiple valued calculi like fuzzy logic,
where degrees of truth of vague propositions are ?E
compositional with’ respect o all logical connectives. '

>§nﬁ.€5§ﬁnﬁ wmmcmsﬁn E a.ﬁ&. s.::u
possibility measure by: | i

¥p, N(p) = 1-T1(~p) ; it means that p is all the:more’

certain that —p is impossible.

4B

(i) is then eguivalent to ¥p, Vg, iTN(pag=-:i.t

min(N(p),N(q)), this means that for being certain of pag,
sdmmo.En be both certain of pand certain of q, and that the
* level of cenainty of"paq is the mn._p__nm— level of the ones
EsnznaSuBn_an i

We have :N{p=0 = _.HT.E& =y :@u.__ :since
max(T(p)TIE=p)=T{pv—p)=T1(T)=1;
respect to -1, .we only have ZGc.&vEmiz@. @
Indeed, we. may-be somewhat cerain of the imprecise

mB_nansrﬂc_a s&__.g_._p.oﬁum at all nﬁﬁs Em— pis true or i
nrﬁ q is true. s

éwmn_oﬂﬁnmc__gssmnouco_.__._anw__._ vo“.m_c_ra. ESQ
(see-Figure 1): - i

z ?mommmat Qmm____‘m&

o, __anoﬁ_mE:Q H_.._ .1): centainty

consistent
| “

(0,0)]impossibility
] moré possible

d more certain

111 (possibility degree)

:fully consistent information

Figure 1. Conventions af Possibility Theory

» N(p) =1 means that, given th¢ available knowledge, pis
cenainly ue; conversely, il p is ﬁ_anFBn_ 10 be true we
can consider it as ceriain.

1>N(p)>0 means thal p is somewhal certain and —p not
cerain at all (since the axioms imply that ¥p,
EEAZQH ZT.anc ‘N(p)=0=rcpresents - a  tenuative

acceplance of p, to adegree N(p); the laisi B_....___G.Bo._?

that one cannol accept both p and —p. L
Tlip} = TI{=p) = 1 (eqoivilent 1o N(p) = N{=p)} = 0)
corresponds 10 the case of total ignorance; il cxpresses -

that, from the available knowledge, nothing cnables us o -

say if p'is rather truc or rather falsc.
cnigﬂ (equivilent 10 _VZT_EVC means that p is
somewhat impossible, i.e. thit' —p is'somewhat certain
and-p not certain at all. Again, it represents again the
acceptance of —p.

* TI(p)=0 means that p is certainly false.”

This constrasts with'the probabilistic- framework, which

does not u..__oi. the distincuon beiween possibility (T1(A))
and certainty (N(A)), nor between the cértainty that A is
false (N(A)=1 & IM(A)=0) and the'absence of cerainty that
A is true (N(A)=0 = NE)=0). In probibility theory,
P(AE)=1-P(A), and therefore P(A)=1=P(A)=(), whilc here
N(A)=0 does not enuil N(A)=1. In our context, this
distinction between the notions of possibility and certainty
is crucial. A disorder is “possible™ as long as we cannol get
evidence against it. It is certain when no other disorder (or

by duality - 35. i

T

setof disorders if multiple faulis:are considered) is possible
(this case never occurs if the wﬁoi_nn_mn is F_..S_.uu_nﬁv

A possibility EnumEn.: is mo:na._:.. mumon_m_hn_ with a

possibility distribution 7. This possibility distribution; also -

valued on [0,1, is defined on the set of interpretations Q of
the propositional language (for instance, if the language
contains only the two propositions p, q, there are four
interpretations : p true and q true, p false and q true...). This
possibility distribution is supposed 10 encode the fuzzy set

of the more or less plausible interpretations which agree:

with the available Imowledge. We have Tl(p)=
MAX e o)t{@) where mo(p) is the set of interpretations
which make p true, i.e., the models of p. In possibility
theory, ignorance is a%_.nmo_,._.& by a uniform possibility
distribution of 1's, independently of the number of siates.
See (Dubois&Prade 1993a) for a more detailed discussion
of the differences between probabilistic ‘and possibilistic
approaches.

Possibility theory offers a common framework for the
modeling of uncertainty and imprecision in reasoning
systems. The use of max and min operations, along with the
complement 1o 1, is in agreement with the requirement of
computational simplicity and with the rather rough and
qualitative nature of the uncerainty that can be expressed
in many real world applications. Tt should be noted that in
possibility -theory,:the modelling of uncenainty remains
qualitative. __._amon we could use a finite noaﬁ_n_na_.
ordered chain of levels of certainty ranging between 0 and
1, ie. 4 = 0 < &3 <... < A, = 1 instead of:[0,1],-with
min(A;,Ay) = A; and Bﬁﬁf.}‘v =k ifickandl-k=
Apeij- Multiple valued implications such as Godel
implication still make sense in-a qualitative setting, since:

Ao R = TIEA S o B =Ry i > hye

3.A gmm_.,wurum.ﬂn wm-.:».ﬁ.uo.z.}r
MODEL FOR DIAGNOSIS ..

In industry, knowledge of a direct relation between
identified disorders and manifestations is often compiled at
design time and known as “FMECA", Fault Mode Elfects
and Criticity Analyses. In Section 5, we will show how
other kinds of -knowledge, of a broader scope, can be
nuu_c:nn using the core diagnotic model E.ouaann H._na

3.1. REPRESENTATION OF -Znogmrm._.m.
UNCERTAIN FAULT MODE EFFECTS

Incompleteness is inherent 1o FMECA. Our goal is 10
propose a flexible représentation of the effects of fault
modes that facilitates the expression of knowledge, down
to the relevant levei of detail, and that does not make any
assumplion about what is not said explicitly.

Let 2 be the set of possible Fault Modes, or disorders
{dpys- Gyt }, and M a set of observable effects, or
manifesiations ' [my,...,mj...m,} relaed 10 these . fault
modes. In our model, disorders and manifesiations are
either present or absenL.
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For a given' disorder d..we-express it (morg: of loss).

cerainmanifestations; gathered in the fuzzy selM@)*  dnd=

those which are (more or less) impossible, gathéréd in the
fuzzy e M(d)". - Thus, the set M(d)* contains

mahifestations which are (more or less) mE.q_ JE;R_ 2 ;

if we prefer caused, produced, by the presen; 3he.

In terms of membership functions, jty+y{m)=1 means that =

m is always present when d alonc is present. Converscly,

the set M(d)" contains EmE.,nm_mnoE which {more or less) .

surely cannot be caused by d alone. E. g F.E&AEI

~ means that m is never present when d alone is present
- Complete ignorance regarding the relation between a
- disorder and a mapifestation (we don’t-know whether m

can.be a consequence of d) is expressed:by Muap+{m)=

Bygeay<m)=0. Intermediale membership degirees iathowiai=

gradation of the uncertainty. This model contrasts with
early fuzzy set based approaches o faull diagnosis where
the fuzzy relation describing causal knowledge represcnts
the intensity of presence of sympioms (that are not binary)
caused by disorders. Here, symploms arc binary and
membership degrees represenl unceriainty, Moic that the
fuzzy sets M(d)" and M(d)~ are not possibility distributions
because manifesiations are clearly not mutually exclusive.

We require that ¥de 2, M{d)"nM(d)” = @ (where the
intersection is defined by the min operation), ie. no
manifestation can be a somewhat cenain and somewhat
impossible consequence of a disorder. In general,
M) UM~ = M., as knowledge about En om.Q.ﬁ is
incomplete.

By complementation (defined by pr = 1-pp:), we oblain
the luzzy set M{d)~ of manifcstations which arc more or
less possibly present when d is present. ‘Qﬁnc:amﬁo:& 10
the usual duality between whal is (more of 1253) certain , i.c.
nécessarily true (i.c., for an évent A, N(A)>0), and what is
(more or less) possibly wruc ([1(A)>0). Now that
M(d)*'cMd} in the sensc of fuxzy. sel. inclusion
(inequality between the Bn_._._wna:_u functions). An even
swonger inclusion holds. Since M(d)"mM(d)™=®, the
support of M(d)* (sct of manifestations m; such that

gyt (m;)>0) is included in the core of ﬂﬂmu (set. of £

manifestations m such that .F.amala )=1);.5c0 _u_mE,n 2.
This is in uono_.n_uana with the fact that for.crisp events A,

we have N(A)>0 = [T(A)<1 = [1(A)=1 sincc one o[ A ar. -

A, at least, should be completely possible.
t -

1
M(d)~ /A aaﬂ\ F(d)*
0

Figure 2. the iwofold fuzzy h._. (M(d)* ammm H
describes manifesiations

more or less possibly present | ,E,au.d‘.. E_:m:....n is present # *

maore or less certainly present (M(A)") when d is present| -



_ Aupair of fuzzg sets (F.GFduch that F n G ='@ti.e:,FcG)
is called a pwofeld fuzzy set. Twofold fuzzy sets (F,Ghave

been introduced for modelling incompletely known: sess, -

ie. sets which characteristic function is illsknown..F
represénts the efements which more or less belong 1o this.”
ill-kngi¥n se1and G represents the elements which more or
less possibly belong to it. But Fu G might not cover the
whole referential. Here, the pair (M(d)*, M{d)") defines a
twofold fuzzy relation on ._@wm—&.\..‘A rmxw&iE nvpu thus be
considered as the degree of necessity that d causes m, and
Wypay={(m) as the degree of possibility that d causes m.

This can be straightforwardly extended to multiple faults
by working on subsets of 2 rather than with a disorder d
supposed 10 be aléné. ‘Ifi ‘case several disorders can' bé-
jointly-present (here we do not consider situations where
disorder d; followed by d; has not the same effects in terms
of manifestations as d; followed by d;), we have 10 define
the set of manifestations produced by the presence of a pair
ow disorders (d; d;) alone, and more generally by a tuple of
disorders. Under the hypothesis tha effects can be added
and do not interfere, we have in the crisp case

M({di.dj))* = M(d)* U M(d)* and

M({did))"™= M(d) "M(d)™ i
In the fuzzy case : i} :

MM(digii*t = MaXUyphiv)and -~

H (e~ = MINEgaiy—gca=) - S

If this hypothesis is not accepuable, a subset M(D) of
enuailed manifestations should be prescribed for each
subset Do Dof disorders which can be jointly present, In
oMn_. Lwo_.%. we then work on a relation defined on
2% x¢ " rather than on 2x M. If some disorders can never
be .Jointly  present, 22 should be replaced by, the
appropriate set A of associations, of disorders which
indeed make sense. NS e ,..,‘_4..

3.2. DIAGNOSTIC TECHNIQUES

A manifestation m is determined as being present.or
absent by the computation and qualification of the
corresponding observable. M* and M- are fuzzy sets of
manifestations which are’ respectively (more or less-
certainly) present, and (more or less certainly) absent’
_._ZA_.._._T_ means thal m is cenainly present; Jp-(m)=1
means that m is cenainly absent; complete ignorance with"
Tespect o m (¢.g., observable not yet tested) is represented
.3‘ Wpg+{m)= Km-(m)=0. We impose M*'~M=@. (MY W)
is thus a twofold fuzzy set containing manifestations more
or less ceriainly present (M*), and manifestations maore or
less possibly present (M7).. .

‘From a discrimination point of view, introducing
anE__a_, Jin the uncerainty- of fault effects and-in the
characterisation of the observables allows.a ranking of the

solutions given by the system..
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3.2.1. Consistency-based diggnosis: . = ~unoelb T

Given the sets ZJ., B”__.n ,Z| al nmn_wuowﬂ of the a.Bumom.:m .
process, the problem is to find the set of disorders D that
are’ consistent with these-symptoms. Especially if D js..
empty, we may be interested in the set 9D of subsets of
disorders that are consistent with the symptoms (multiple
fault case).

In the crisp case, a disorder is possible if it is consistent
with the symptoms, ie., if none of its expected. ;

g is , and none of ils fmpussible i

consequences is present: o
Daigp=l0e D, M(d)' "M ™=@ and My "M"=B)  (3)

The extension of (3) to luzzy sets of disorders can be
done using the max-min consistency of two (uzzy sets. The
consisiency of F and G evaluaics o what cxient their
inlersection is not empty, i.c., the degree 1o which FrG=@.
(Zadeh, 1979). It is defined by :

cons(F,G) = max, (min(kg(u) 1g(u)) )
The degree 10 which M(d}Y'nM™=0 is 1-cons(M(d)",M™).
D can thus be defined by:¥Vde 2,
1p(d)= min(l-cons(M(d)",M™);1-cons(M(d) % M™))'+
= I-max{cons(M(d)" M), cons(M(d)"M™))  (5)
o= bmaxe p(min(a)Hms) y-(m;)),
s min(Hagea—(M;), KyeHm;)}} 16)

L

(6} clearly expresses that,a disorder d is all the less.a
possible explanation as the fuzzy set of its more or less
ceriain effects overlaps the fuzzy set of manifesiations more
or less certainly absent, or as the fuzzy set of its more or
less impossible ~ effects overiaps ‘thé fuzzy set of
manifestations which are more or less certainly present:
Inconsisiency(my d)=max(min(kygy+Hm, ) iy~(my ),

min{pygay—{m i Hmg))) (7)
represent the degree of inconsistency of the finding m with

d. We have :
Hb(d)=1-max;-; nInconsistency(m;,d) e (8]

Clearly, (5} straightforwardly exiend 1o subscts D of
disorders which  altogether m_xﬁ._.&u both M* and M-,

substituting D 10 the singleion {d]. e
VDe _ﬁnuw.m.r.u.,oﬁcunaacagﬁz@ﬁzru. :

l-cons(MD)" M) (9

Following the parsimony criterion, when D =, we have

to leok for two-element subsets D, and il none is found, for

three-element  subsets, and so on. unil a - possible
explanation is found.

3.22. :Abductive diagnosis . ..

T L A B 1P

The set D (respectively D) of possible cavses of the””

symptoms observed contains all the disorders that are’
(more or less) consistent with the symptoms. _f._..wmoan“aa
noted that irrelevant disorders, i.e., disorders which cannot
be relatéd tw' the available observations (e.g:, @ disorder/

which! ¢onsequences are completely “unknown)! remain -

perfect candidates for a consistency based approach. 1t is.

therefore interesting to compute subsets_of D“(resp: Bb) '

containing disbrdeérs that are directly relévant 1o the current - =*

observations, or that cover the observations.
In' the crisp ‘Case.a disorder is relevant if some of il

certain consequences are present manifestarions or if 7"

some of its impossible consequences are. absen
manifestations (the second part of this definition may of
course be dropped if appropriate): S iy

D= ip=lde Do M) NM* = @ or M(dy M2 B)(10)

This set eliminates the disorders that are not ruled out by
the sympioms, but that are not suggested by Ew.q:
either. This can be easily extended to the fuzzy case using
the consistency index. Mamely,

to.ETEEEDRVHmAnngE%‘?ﬂ ).
: s cons(M{d): MT)j oo (1)
A more mﬁnm\mn& view of these properties could be
expressed through the use fuzzy cardinality ratios instead
of consistency indexes; i.c., the extent 10 Which PG is
st e S : b
maximial.Gan be deflined a5 m(E.IoD For instance;
M@ M i)
min (M (d)"],IM])

is another relevance measure (evaluating, to what extent.d
is agoodpartial cover of the more.or.less cerzinly present
manifestations). S RE N

(11) and (12) express in different waysthat a disorder d
is all the more relevant as the fuzzy set of its more or less
certain effects overlaps the fuzzy set of manifestations more
or less ceriainly present, (or as the fuzzy set of its more or
less impossible . effects  overlaps the  furzy set. ‘of
marifestations which are more or less ceriginly absent).

up~(@ = (12)

Tt is possible to refine further the set D*, for instance
into the set D** of covers. In the crisp case, a disorder is
a cover if all present manifestations belong o its certain
consequences, and (if .appropriate), if the absen!
manifestations belong 1o its impossible consequences, i.e.
ta demand that the certain effects of d cover the present
manifestations, and (if :appropriate) that the impossible
effects cover the absent manifestations. g

D** iep = [de D, MTEM(@)" and M~cM(d)']
<Itcan be au_nam& to'the fuzzy case by:
BB (d)= min(u 5(d).inc(M* M(d)*),inc(M", M{d)") (14)-

(13)

51

‘unceriainty,
i

where inc(F,G) is 2 weak inclusion index requiring that

inc(F,G) u_m.r,_._.wum H& Tér expressing the coverage:

propenty. It fﬁw 0 take inc(F,G) = m_.__.ﬁ _._...H_A._..__.d.v,....... tn_cs_._ﬁ =

-with a—h =1 if a<b and a—yb = b if &>b. The reason for this ..

choice will be explicited in Section 4.
en Al T T L

Fagea b 5 ¥
Here again, D* and D**'can & casily génetalised Lo '
sets DD% and DD**, 1o ake multiplé faults into account,

mw_ a similar way as described in the previous scction, .

It should be noted that D** is non-empty only’#hen a -
rather complete knowledge of the effects of a"given
disorder ‘is available,"Tt-shduld also be-noied ihat as the:
information given to the systém is in¢bmplete, only D is -
completely “safe”, ie., an identified" faull cannot be
discarded from D because ‘o missing infdrmation. %na,..

-such as D* and D** should be used as additional focusing

wols that help sorting the comsisient disorders. A
comparison, with Peng and Reggia's approach (Peng and
Reggia 1990), (Reggia et al. 1985) can be [ound in (Dubaois *
and Prade 1993b). The main difference between the two
approaches lies in the type of causal information that they
capture. Our approach is more general becuusé Peng and
Reggia use only cne type of causal information that
corresponds to our M(d)~, and.only positive observations,
namely M*, Maredver, they use a probabilistic reatmentof:

3.3. SIMRLE EXAMPLE (part 1) :
This simplified example is provided as an illustration of

the techniques proposed. A realistic example (rom

DIAMS-III can be found in ﬁ.mnvén eLal. 1994), i

Figure 3. A simple relation

Let ' D=(dy dydy ), M={mj,myms] ; By gl my)=
Paean(mal=l0, | g (my=03, iy (gn(m; j={1:7, J
Pagriasp(m3)=0.7, all the othcr membership degrees arc -
equal 1o 0.0. Figure 3 gives a. graphical representation ol
this, knowledge, using. a simple qualittive scale. for the .
membership degrees.. We-thus express-lor instance that my,
is a cerain 'consequence of ‘dy, while ms is an almost
impossible consequence of d,. The lact thut Tor instance
Mara1y{Ma)= Mg-(@ny(m3)=0.0"(no link on the graphical -
represeniation) does not mean that d, is independent from
m. [t only reflects our ignorance: my may or may not be a
consequence of dy: In a similar way; ‘e do not know the
relationship between between dg and my, nor betieen d, or

7



29 Possibility | Relevance | Cover
siep]  Observations ™ ['G; | WS(d) | Lp*(dy) (D> (d;)
m, present, |d; o s 1.0
O | rather certain: [d;| 1.0 | 03 1.0
poge(my}=07 [dy 1 1.0 7| GO~ 0.0
mg present; |[dy| 1.0 0.3 0.0
2} certain: dy| 10 1.0 1.0
Cgema)=10 [di] - 10 - 0.7 0.0
.mgpresent, |d;| 1.0 03 | 00
® | almost certain: |dy 03 0.3. 03. -
Ppg+(mp)=0.7 [dy 1.0 0T | 00
oMy mU.wn—.—P e &u_. G.._....... ¥ Ob" | 0.0
O cerin:  [dy| 03 03 0.3
L-(my =10 |dy 1.0 . 1.0 1.0

Table 1. Partial trace of a sample Bnmaﬁnn session

Let us consider a sample diagnostic session, of which
Table 1 summarises the results. Initially, we consider that:

all disorders are completely possible (we don’t express any

prior preference), After the first symptom, (mj pressnt,
rather certain) is input, all three disorders remain
nnﬂﬂ_n_.n_m possible. d; and dy, being equally relevant and
full covers, are the best candidate Sﬁ_muu:o_._m If the

additonal criteria “all predicted effects present” was added, .

d;"would be preferred.” Afier (m4 present, certain) is  input,
d; is the only cover, and is thus prefered, followed by dy
and’ n_. which are both partially relevant; (all disorders are

still cortipletaly possible). Ttien, as the observation ‘(in,°

present, almost cettainyis inconsistent with-the presence of

dy, this disorder is now almost impossible ; dj is preferred,

as it is- the-most relevant of the fully vomm&_n hypotheses.
However, it cannet explain the presence’ of my, and
therefore is not a cover. This absence of perfect explanation
can have two causes : either the knowledge is Enosu_n_h
(e.g., missing causal relation between dg and _._:H.Q‘ my is
actually absent: (the user was unsire of its presence
anyway). If additional testing leads io the revision of the
belief of presence of my, e.g., (my absent, certain), ds
becomes a perfect explanation, followed by d,, which is
partially inconsistent with the observations. The presence
of dy, being completely inconsistent 55 __ﬁ absence Q.
my, is now ruled oot = '

3.4. FOCUSING THE DIAGNOSTIC PROCESS
As the diagnostic process we corisider s ilerative, it is
uszful 10 have advice with respect to the selection of the
next observables to be tested. For this purpose, we propose
measures of the utilily of iesting a given manifesiation, in

order 10 maximize the Lest impact on the evolution of the
solutions.

From, (7) and (8), we can define the (negative) E..EE of
the test of manifestation my on the vomw_a___a. of the
disorder d : ’
HBBQAB_"E.. HOE)-up™™ (d)

= BE?UETES:&&Q._QABFE 1, c: 15)
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taking into account (7). The impact of the test of m on the
plausibility of d is all the greater as d was considered as
highly plausible and the resull of the igst is incompatible
with the presence of d.

We define the fuzzy sets Inp" Imp— of disorders,
representing the maximal impact of the “presénce,
respectively the absence of m, on the disorders of a subset
D'of 9; obiained respectively when té&.eﬂTH and
Haay-(m)= 1. From'(15) and (7) :

Yy, p*(d) = max(uH(d)H+yygy-C(m)-1.0) (i6)
Pim,p~(0) = Max(UB(dipay(m)-1.0) <7

A measure of the discrimination power of the testof m

with tespect o the set D, which evaluates the exient 10

which the test will have a large impact on the possibility of
the disorders in D, can then be defined from the fuzzy

cardinalities IL;; p* and Il p~I (defined as the sum over the
membership degrees): - )
MinImpact (m,D) = _._._..p.=m=3..0+r==_..u...c (18)
In a set of manifestations having the same discrimination
power, the maximal cumulaied impact is a good selection

nu._.nnu.annn.m—noaﬁznwssngm_gﬁogoﬁﬁn
est. h ;

MaxImpact(m,D) = max(l o Wy o) (19)

4. LINK WITH THE LOGICAL
APPROACH TO DIAGNOSIS

In propositional logic, a so-called abductive explanation
of a formula M (representing the oﬁoE:Q& with respect
to a theory % (e.g., in the simplest case, a collection of
clauses — d; v m;, or being slightly more general, d; can be
replaced by a noa‘__._anzc_._ of literals dy}, is usually defined
as a conjunction D of litcrals, such that T, D= M, where
D is.also supposed 1o be consistent with <T. In tie general
case, the literals do not necessarily correspond  to
manifestations or to disorders only ("intermediary entities”
are allowed, see next seclion), there is no restriction on the
formulas in G, nor on M, and the litcrals are not soried. See
for- instance. (Marquis 1991). for an exicnsion of this
definition to - first order- logic. The problem -is then 10
compute (a) conjunction(s) D which isfare minimal (in the
sense of subsumption) and non-Lrivial (i.e. not such that
Mi=D). Apart from this abduclive vicw, we may also look
for the disorders d which arc-ruled out by the positive or
negative observations (M~ and M}, which are such that T,
M*, M~ + —d. This  corresponds Lo the disorders which are

not in D in the HE:QE_ ‘approach and ilso relates 1o
consistency-based %vak.wnm since it comes. down 0

check the inconsistency of { T, M™, M™,d}. Mcthods based
on the research of prime implicates or prime implicants
have been proposed in the model based diagnosis literature,
for instance by (Reiter 1987), (Reiter and de Kleer 1987),
(Jackson 1991a). (see (Hamscher et al. 1992) for a
collection of papers on the model-based approach).

More recently, (Jackson 1991b) has propdséd to extend
his prime- implicate-based approach-to possibilistic logic.
In possibilistic logic (Dubois, Lang and Prade 1994),
classical logic formulas.are weighted by lower bounds of
the necessity degree with which the formula is held for
centainly true. Basically, d is then an abductive explanation
of N(m) 2 & if N(m) 2 & can be derived from T, now made

of weighted clauses, logether the weighted clause encoding -
N(d) = 1 (provided these clauses are consistent) using the

extended - resolution principle of possibilistic logic: here
written for clauses:

N(-pvq) 2 Npvr2BiNqvr)2min(af) 20

We can translate te relational technique previously
described into the mo_Ho;.__:m paitern of inference expressed
in terms of a necessity measure N-(using the possibilistic
logic resolution rule): N(d;) 2 ¥ and N(=d; v m) = a;
entails N(m;) 2 H_.___._Q.P_V This can be applied ¥i, _naaEm
1o the following lower bound for the necessity of my:

Ze._._uu 2 max;-; u._._.__=§.n.% (21)
Let us now consider the following knowledge base made

of uncertain :._._ucnm:oam d—m En:_._nn_ as —d; v E._u“
berween causes and effects, and of uncerain ovmnﬁmco_._m

E._l_.w

N(—d;vmy) 2oy, islmij=1n; Nm)zp;, j=Lk

It corresponds to the case where' M~ = @, ¥d M(d)—=@;
and {lyn—(m;)=0y;, which leads 0 D = 2. Clearly,
1 fyaa(d;) = min; (B; —» o)) (which justifies the particular
implication involved in formula (14)) can be used as a
plausibility weight for d;, since it estimates to what extent
d; alone explains all the more or less certainly present
manifestations. Indeed, y=min; (B; — o) is the largest
solution to the set of inequalilites derived from (21):
B2max;_; ;min(¥;,0;;), =1k Note that ufy ==(d;) = I as
500N as P S0y, V), Le. when N(m)) = w_...m =lkisasetof

valid deductions from the weighted clauses N(—d; vm) 2 -

ajjand N(d) = 1.

If Wi, ppyes(d;) = 0, we can consider to whal exient a
combination of causes d;j...., d;; can cause all the more or
less certain observations, by the following expression
BOe({dip, oo die)) = minjlB; = max(oyj.... ol
starting with r = 2, i.e. looking for the possibility _._.E. the
conjunction of two causes explains M*. This comesponds
1o compute, using an ATMS language, the environments of
the set of weighted formulas N(m;) 2 By, j = 1k, with r
assumplions. Indeed, in the possibilistic Assumption-based
Truth-Maintenance Systems (ATMS) introduced by
(Dubois, Lang and Prade 1991) labels (which are weakly
consistent, sound, complete and minimal) can be computed
for a proposition m; such a label is made of a collection of
weighted sets of assumptions. See (Benferhat et al. 1994)
for applications to diagnosis problems. :

23

To march the' relationel' model previoulsy 'déscribed,

where it is possible that M™#@ and M(d)"2@, we should -
add negative information N(—d; . =m;) 2 A; and zT,Ehv
V

zp; N :

N(d) > ¥ and N(—~d; v —m;) 2 &y entails 4?3 5
EE?.»__V ‘We can deduice : i

N(m;) 2 maxis nmin(y; o) maxi_ ymin(y, o) (22)

We then get, applymg (he tesolution principle (20) 10

.ZTP(E»V a._h_.zﬁl__...cv _ut ZTn_<.._=.: f_
.z:uuuw? forallj: g

N(=d;) 2 pr?._mx._ EEQ{ _w_v max; ::io.__ P: (23

We recognize upy(d;) 2 1 - N(—d;), where ey is given by
(6) (with PageaiyHm;) = @ Pivgaiy~(my) = Mg, Mgy = B0
Hai~(mj) = P;)- Thus, D indeed gathers the disorders which
are somewhat possible, i.e. which are net more or less
certainly ruled oul by the positive or negative observations.
We also find (14) again 2 up««(d;) = min(min; ,ﬁ_ —h ),
min; (p; — &), which estimales to what extent'd;-alone:
nuEE_._m all the more or less certainly present and all the
more:or less certainly absent manifestations, using ‘the
same line of reasoning as in the previous case.

Obviously,.in the general casc we should work with a
possibilistic theory T allowing for weighied justifications
of the form N(=dj v...v = diggy v M) 2 gy, if the
disorders interact in the manifestations they cause. .

This brief discussion is an indication of the agrcement.
between the Rﬁzona approach AE the _u_._noau_a_n ;
information case " with gradéd uncertainty) and the
possibilistic logic approach. We usc this comparison as a
basis of an extension of the model in the next section.

5. EXPLOITING AN INDIRECT
RELATION BETWEEN
MANIFESTATIONS AND UHmCNUMNm

5.1. EXTENDED MODEL

Let us now consider an exiension of the model, in which
we allow the represcniation of indircct links between
disorders and manifestations. In addition w0 disorders.and
manilestations, we consider intermediate entities “called
events, that are not dircctly observable. Let
S=le w-=s8ji---€p) be the set of all the events used.

The knowledge is now expressed . as . theory. O
consisting of a collection of clauses in which disorders can
only appear as causes. All clauses are weighited by a lower
bound of a necessity degree (equal w 1 if the implication is
certain). As previously, the (positve and negative)
observations m or —m can also be weighied by a lower.
bound of a necessily degree.



5.2. COMPILATION OF THE DIRECT RELATION
From these definitions, it is possible to derive the direct

relation between the disorders and the manifestations,

characterised by Mpgiy+(my) and puyeg—~my). in the

mo:o&:m way :

Let o;; be maximal such that N(m;) > a; can be derived

from 7 and the weighted clause N(d;) = 1 (24)

Let — denote the entailment in possibilistic logic (based
on extended resolution). We will now show that :
TuNd=) N(mjzay; *

& Vpp, [ TNEm2p-N-d) 2 _._..__.z&h_b (25)

It means that if we are at least centain to the degree p; that
m; is absent, we can deduce that n is only possible 1o the
namudn 14 _._.__Eﬁ:.n._b

Any possibilistic formula (p,@) has a wuth value
H._mxcoa.ﬂ.&.. where 1(p) is the classical truth value of p
(i.e. 0'or 1). The truth value of a-possibilistic knowledge
base T={(p;zy)i=1,...) is U Ty=min;_;  max(u(p;).1-0;)).
The degree of possibility. that -an interpretation of the
language describes the actual world is equated 10 the truth
value (T} compuied. for this inlerpretation. Hence any
formula (p,at), and any set of possibilistic formulas T is

Eninnmmu_uomzv___a_ amn:_uc:o: 32558553 an
the. _w_._m_._mmu ?

Let @ be the uomz.w:ws. distribution associated to .
Then the semantic entailment of (p,a) from T is defined as
Tr=(p,a) & n<max(t(p),1-a). Due to the soundness and
completeness of. possibilistic logic (Dubois, Lang and
Prade, 1994), (25) comes down to proving the equivalence
between inequalities linking functions defined on the set of
interpretations:
min(r,u(d) < amu:|n.:._ﬁ98 = 43. H:._ﬁnb._nxcl
t(my),1-p;)) < max(1- d),1- 555.92 ; (26)°

We note that this equivalence is wivial when _Ebuo Let
us consider the case when ,d}=1.

As Hc.umm {0.1} (the gradual uncertainty on m; ,rq.
expressed in p;), let us consider both cases:
a/ _.:._._ =0 (26) reduces 10: £ Taa = ¥, B__._o" s 1-
_._._55.9% which is obvious
b/ 1(m;)=1 (26) reduces w: n < 1 ﬂdﬁ EEQZ P sl
min(p;,0s;). :
As £ 1 is'always true, we must have : ,q_nu. 35? 1- Pu
s 1- min(p;0y), which can be shown easily since Vpj,

min(m,1:p;) ms._mxﬁ_la__ 1- P”_ L]
Let &;; be maximal such that N{—m;) 2 »_h can be derived
from % and the weighted clause N{d;) = 1 (27)
Identically, we can deduce : 55 S

L0 (N B)-N(-d) > min(B,A;) s

We find again formula (21): N(—d;) 2 max[max; min(Ay;,
Bj), max; min(cy;, pyl, equivalent o the definition of uf,

and we can therefore use Rpgi+(m;) = Ojs Mygiy=(m;) = =
- Ajj W define the relation cxploited “by the diagnostic-

Process.

5.3. RATIONALE FOR A COMPILED RELATION

The compilation of the direct relation between disorders. -
and manifestations can be done either during the -

knowledge acquisition process, i.c. when the application is
developed, or ai runtime, for each diagnostic session. On
the one hand, the off-line compilation of the refation allows

" the respect of real-time constraints, as the response Lime

when a new symplom is added is almost constanL. On the

other hand, dynamic compilation is ofien necessary, since

many causal links, or their strenght, depend on dynamic
aspects such as satellite configuration. Even in this case,
compilation of the direct relation is useful, since it allows
the use ‘af focusing twols for an efficient itcrative
discrimination, and explanation tools o justify the resulls
proposed. It also allows a beuer reactivity of the sysiem
when new symptoms are inpul. lts drawback is of course
the limitation of the explanations immediaicly available,
which do not include the intermediate” cvents. This is
however acceptabic in our application, since most apn,&:_
events are observable.

5.4. SIMPLE EXAMPLE (part 2)

In addition o the sets 2 and M. defined in Section 3.3,
HB & = |e;.e3.83.84) be the set of intermediate events, and

= [dj—>e; (N,1.0), dy—e; (NO.3), dr—ey (N, _S_

nulx.s MN,0.7), e—my (N,1.0), eg—ey (N.O.T), ep—mg -

N,1.0), eg—my (N.0.7), e5——m> nz 1.0}], set of clauses
weighted by a lower bound of a necessity degree, be the

available diagnostic knowledge. Figure 3 illustrate this™
knowledge E_um the same va:.EH aEﬂﬁuEg: as

viously.

n__ n_u ne .ﬂm.

cerlain

my

Figure 4. Example of a more complex diay, knowledye

Let us illustate the process described in the-previous
section, From {d; (N,1.0)} and T, and using the extended
resolution principle of possibilistic logic, we can derive
{my (N,1.0); we cantherefore set iyt j=1.0. From

ldy (N,1.0)} and T, we can derive {my (N,0.3), —my.
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(NOT), my MNLOL we set Myry(mp=03,
p-azy{m2)=0.7 and Bap+an(ma=1.0, Le, my is a rather
certain consequence of d;, m, an almost impossible:
consequence, and msa cerlain consequence. from (dj
(N,10)) and T, we can derive (mg (N.O.7); we set
Hp#(an(m3)=0.7. All other membership degrees are set to_
0.0. The compilation of the knowledge € illustrated on
Figure 3 thus gives the direct relation described in the
example of Section 3.3.

6. CONCLUSION

A possibilistic_relational model was _Uauo.a.& for a
greater expressivity of the knowledge and the observations,
Consistency- -based and abductive diagnosis algorithiiis
using uncenain observations Have been introduced, that
allow a ranking of the disorders respectively in terms of
their possibility and in terms of Lheir relevance or coverage..
The approach was related to the logical: approach 1o
diagnosis, and on this basis, a new extension of the model
has been proposed to handle an indirect relation between a
disorder and manifestations, using possibilistic logic.
Undergoing  experiments should prove that these
techniques are ripe for inmoduction in real world
knowledge based sysiems. It would also be particularly
interesting 1o exploit lemporal aspects in the chronologies
of events, and 1o exténd the model proposed to-handle the
functional models.
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