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Abstract.
bilistic method for model-based diagnosis, inspired byststency-
based diagnosis, that uses a measure of data conflict, tadietiag-
nostic conflict measure, to rank diagnoses. In this papiermbthod
is refined using an abductive method that reuses part of thputa-
tion of the diagnostic conflict measure.

1 INTRODUCTION

Conflict-based diagnosis is a recently proposed prob#bitisethod
for model-based diagnosis that is inspired by consistdérased diag-
nosis, and uses a measure of data conflict, called the diaégoos-
flict measure, to rank diagnoses. The probabilistic infaromathat
is required to compute the diagnostic conflict measure iesgnted
by means of a Bayesian network. This Bayesian network ammtai
sufficient information to compute abductive diagnoses dk we

In this paper, conflict-based diagnosis is augmented widbanc-
tive method, similar in spirit to the probabilistic methaugloyed by
GDE [2]. The method reuses part of the computation of therdiag
tic conflict measure. In essence, abductive diagnosis i taseank
conflict-based diagnoses with equal conflict-based rasking

2 PRELIMINARIES
2.1 Model-based Diagnosis

In model-based diagnosis, the structure and behaviour ystars is
represented by bogical diagnostic systen¥;, = (SD, COMPS),
where () SD denotes thaystem descriptignwhich is a finite set
of logical formulae, specifying structure and behaviourd &ji)
COMPS is afinite set of constants, corresponding t@tmeponents
of the system; these components can be faulty. The systecnigles
tion consists obehaviour descriptionspecifyingnormalandabnor-
mal (faulty) functionalities of the components, andaoinections of
inputs and outputs of components

A logical diagnostic problemis defined as a paifPr,
(SL,0BS), whereSy, is a logical diagnostic system and OBS is a
finite set of logical formulae, representinfservations

Two types of model-based diagnosis are distinguisheyl: (
consistency-based diagnosis [2, 6], ai)ldbductive diagnosis [1].

Let A¢ consist of the assignment of abnormal behaviour to the se

of components” C COMPS and normal behaviour to the remain-
ing componentsCOMPS — C, then, adopting the definition from
[3], Ac¢ is aconsistency-based diagnosié the logical diagnostic

Conflict-based diagnosis is a recently proposed proba-
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Figure 1. The graphical representation of a Bayesian diagnostiesyst
corresponding to the full-adder in [6].

In the abductive approach, the behavioural assumptibasare
called anabductive diagnosiff the system description SD and the
behavioural assumptionsc imply the set of observations OBS; for-
mally: SD U A¢ F OBS.

2.2 Bayesian Diagnostic Problems

Let P(X) be a joint probability distributions of the set of discrete
binary random variableX, where for a singletox andx denote
the values ‘true’ and ‘false’, respectively. Bayesian network3

is then defined as a paB = (G, P), where the acyclic directed
graphG = (V, E) represents the relations between the random vari-
ables defined iP(X'), where each random variable corresponds to
a unique vertex.

A Bayesian diagnostic systamdenoted bySg = (G, P), where
Pis ajoint probability distribution of the vertices 6f, interpreted as
random variables, an@ is obtained by mapping a logical diagnostic
systemSy, to a Bayesian diagnostic system as folloviscémponent
cis represented by iisput 1. andoutputO., where each arc points
from input to the output,i) to each component there belongs an
?bnormality verteXAb.. An example is given in Figure 1.

Let the set of values of the abnormality variables., with ¢ €
COMPS, be denoted by

§c = {ab. | c € C} U {ab. | c € COMPS — C},

problem?P;y, iff the observations are consistent with both the system

description and the diagnosis; formalfD U Ac UOBS ¥ L.
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which establishes a link td ¢ in logical diagnostic systems.

In this paper, the set of observed input and output variabtes
referred to ad., andO.,, whereas the unobserved input and output
variables will be referred to ak, andO,, respectively. Let,, denote
the values of the observed inputs, andthe observed output values.



The set of observations is then denotedvas= i., U o.,. The fol-
lowing assumptions are used in the remainder of this papethe
probabilistic behaviour of a component that is faulty isdpendent
of its inputs, andi{) normal components behave deterministically.
These are realistic assumptions, as it is unlikely thatiléetdunc-
tional behaviour is known for a component that is faulty, veaes
when the component is not faulty, it is certain it behavesisnided.

A Bayesian diagnostic problem, denoted®y = (Sg,w), con-
sists of () a Bayesian diagnostic system aiidl & set of observations
w [5, 4].

2.3 Conflict-based Diagnosis

The theory of conflict-based diagnosis uses the diagnostidlict
measure to solve Bayesian diagnostic problems [4], whetereeric
value is assigned to each diagnosis to order them. Defigei,, U
0., as the observations, then tiagnostic conflict measu@®CM),
denoted byonfs, (w), is defined as

P(iv | 6¢)P(ow | 6¢)
Plin, 00 | 60)

Using the independence properties from Bayesian diagnpsb-
lems we obtain:

confs,, (w) = log

@

2 P@)22,, I P(O. | 7(O:))
32, Plin) 2, Tl P(Oc | 7(Oe))

Intuitively, if the probability of the individual occurree of the ob-
servations is smaller than that of the joint occurrencen@fiumera-
tor is smaller than the denominator), then the observatiton'tike’

or support each other. Thus, a smaller value of the DCM itdica
a better fit between observations and component behavibhese-
fore, the DCM imposes an ordering on diagnoses, where therlow
the DCM for a diagnosis is, the better the diagnosis fits thgrbs-
tic problem. A diagnosis is eonflict-based diagnosis#f its DCM is
non-positive, and it is also calledinimal if it has the least DCM
value in comparison to the other conflict-based diagnoses.

confs, (w) = log

@)

3 ABDUCTIVE CONFLICT-BASED DIAGNOSIS
In the ranking obtained by conflict-based diagnosis therg bea

cases, where the diagnoses have the same DCM. This has tedtiva

us to develop a method which offers a way to distinguish suaf-d
noses. This method makes use of abductive computationshich
parts of the computation of the DCM are reused.

3.1 The Relation between Abductive and
Consistency-based Reasoning

In our probabilistic setting, the consistency conditioguiees that
the probability of the occurrence of the observations givendiag-
nosis is non-zero. Formally, in consistency-based reagpmie are
searching for diagnose®: with P(i.,o0. | dc) > 0. Note that the
set of abnormality assumptiodsg: is given knowledge.

In abductive reasoning, on the other hand, the observatians
to be implied by the system descriptions and the abnormabty

sumptionsic. This means that we are looking for abnormality as-
sumptiondc that can be explained by the observations; formally:

P(d¢ | iw,0s). Using Bayes’ rule the following relationship be-

tween consistency-based and abductive reasoning cardidisstd:

P(iw, 00 | 6c)P(6c)
P(iw,0u) ’

P(d¢ | iw,0.) = ®)

where 1/P(i.,0.,) is a normalisation constant. The maximum
a-posteriori assignment (MAP) diagnosis, defined &s
argmaxs_ P(dc | iw,0.), is the natural probabilistic analogue to
the concept of subset-minimal abductive diagnosis [7].

According to Equation (3), computation of abductive diagg®
requires the computation of consistency-based diagnoses.

3.2 Abductive Probabilistic Computations

Next, a formula to compute abductive diagnoses of Bayesig d
nostic problems is derived, which is used to distinguishwiken
equally ranked conflict-based diagnoses.

Note that the numeratd? (i, 0., | d¢) in Equation (3) is also the
denominator of the DCM in equations (1) and (2); accordingt{o

P(iuMOw | 60) = P(ZW)ZP(ZLL)ZHP(OC | ﬂ-(oc))

In contrast to Equation (2), the fact®(i., ) is not divided out.
The denominator of the abductive formulas is computed as:

Pliv,00) = P(iu) Y P(8) D Plin) Y ] Ploc| 7(Oc))-
¢ Tu oy €

Itis now possible to derive the abductive computationaifor
P(iw,00 | 0c)P(6c)
Piw,0u) o
_ PG 3, PGu) 3, 1T Ploc | 7(0:)) P(Sc)
Piw) 225, P(0e) 325, Plin) 22, T1e Ploc | 7(0c))
_ PO X, Pw) 3, T1e Ploe [ 7(O:)) @
225, P(8e) 225, Plin) 32, I Ploc [ w(Oc))
At first sight, it seems computationally infeasible to cornepu
P(dc | iw,0s) in this manner. However, the computation can be
simplified asP(d¢ | w) is only used to rank diagnoses and thus the
denominator need not be used as it is the same for all diagrmdg
the numerator has to be computed. The computation of the raime
tor is easy, since the second tefrj)lu P(iv) - - - is already computed
as part of the denominator of the DCM (see Equation (2)). Gy

probability P(d.) needs to be computed, which is a product of the in-
dividual probabilities for (ab)normal behaviours of themqmnents.

P(bc | tw,0u)

4 CONCLUSIONS

In this paper a method was described to augment conflicdbdise
agnosis with probabilistic abductive diagnosis. The refiest of
conflict-based diagnosis by abduction has the virtue thatiges part
of the computation required for finding conflict-based dizggs.
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