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Abstract 

This paper presents a novel approach to diagnosis 
which addresses the two problems - computational 
complexity of abduction and device models - that have 
prevented model-based diagnostic techniques from be- 
ing widely used. The Experience-Aided Diagnosis 
(EAD) model is defined that combines deduction to 
rule out hypotheses, abduction to generate hypotheses 
and induction to recall past experiences and account 
for potential errors in the device models. A detailed 
analysis of the relationship between case-based reason- 
ing and induction is also provided. The EAD model 
yields a practical method for solving hard diagnostic 
problems and provides a theoretical basis for overcom- 
ing the problem of partially incorrect device models. 

Introduction 
The diagnostic process, either human or computa- 
tional, is partly one of abduction. Abduction is a form 
of inference where from the logical implication P -+ Q, 
and the conclusion &, one abduclively infers the an- 
tecedent P. Abduction is also described as the process 
of making conjectures about observable facts that “ex- 
plain” the facts in a certain way (Peirce 1955). 

Diagnostic reasoning also involves deduction. De- 
duction is used to rule-out some components as poten- 
tial diagnoses. For example, if the failure of component 
X always causes symptom Y, and if Y is not present in 
the set of symptoms (and not hidden by other symp- 
toms), it can be deduced that, X is not the cause of the 
current problem. Bylander eZ al. called for this type of 
reasoning to reduce the complexity of abduction prob- 
lems (Bylander ei al. 1991). 

In this paper, we argue that diagnostic reasoning can 
also benefit from induction by using past experience to 
derive diagnoses and explanations that are overlooked 
by the abductive process or incorrectly dismissed by 
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the deductive process mentioned above. Induction is 
broadly defined as the ability to generalize from exam- 
ples. In the diagnostic domain, induction is the process 
by which a past session’s symptoms are judged similar 
enough to those of the current situation to allow the 
diagnoser to use a past session’s diagnosis to reach a 
diagnosis for the current situation. 

We first describe the background of this research in 
model-based diagnosis (MBD) and case-based reason- 
ing (CBR). The Experience-Aided Diagnosis (EAD) 
model is then introduced and used to characterize di- 
agnostic errors that can occur from errors present in 
the device models. The paper concludes by summa- 
rizing the contributions of this paper to the fields of 
MBD and CBR. 

Background 
MBD has emerged as a relevant research topic from 
the problems found in traditional ruled-based diagnos- 
tic expert systems. These earlier systems were unable 
to handle unpredicted faults, had poor explanation fa- 
cilities and did not take advantage of existing design 
specifications. MBD addresses these problems by us- 
ing device models containing “deep” and first-principle 
knowledge which describe the correct, expected behav- 
ior of the device. The search for components in an 
abnormal state is guided by the discrepancies between 
what is predicted by the model and what is observed in 
the device. A diagnostic session is triggered when ini- 
tial symptoms do not match with the predictions of the 
model. Some models are fault models; they only de- 
scribe conditions under which a component or a group 
of components is or might be faulty. 

The main task of diagnosis is to find explanations for 
a set of given symptoms. In the context of diagnosis, 
explanations are conjectures that must either be con- 
sistent with the symptoms and the model of the device 
or entail the symptoms. Console et al. define a model 
for diagnosis that encompasses explanations that sat- 
isfy both of these criteria (Console, Theseider Dupre, 
& Torasso 1989). This model subsumes Reiter’s (Re- 
iter 1987) and De Kleer’s (de Kleer & Williams 1987) 
seminal work. Reiter describes an algorithm that com- 
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putes the minimal conflict sets and derives the minimal 
diagnoses from them. This algorithm is NP-hard in 
the general case, in agreement with Bylander et d’s 
results (Bylander et al. 1991). Reiter’s characteri- 
zation of diagnoses also corresponds to deKleer and 
Williams’ definition of diagnosis (de Kleer & Williams 
1987). Like Reiter, they use the notion of minimal 
conflict set, computed with TMSs to derive minimal 
diagnoses. 

One problem with MBD is its inherent computa- 
tional complexity. Abduction in MBD is, in gen- 
eral, NP-hard, making diagnosis untractable for even 
medium-sized devices. Many researchers have tried to 
focus the search for (minimal) diagnoses in MBD (Con- 
sole, Portinale, & Theseider Dupre 1991; de Kleer 1989; 
1990; 1992) or to reduce the complexity of MBD meth- 
ods (e.g. (Mozetic 1990; Friedrich 1992)). Console 
et al. use compiled knowledge to focus the abductive 
search with necessary conditions. This is equivalent 
to reducing the size of the search space for minimal 
conflicts by compiling some deep knowledge. De Kleer 
has tried to focus the truth maintenance systems ei- 
ther with statistical information (de Kleer 1990), or 
failure modes (de Kleer 1989) or more refined look- 
ahead search strategies (de Kleer 1992). Friedrich 
(Friedrich 1992) uses hierarchy decompositions of the 
device to improve the efficiency of his diagnostic al- 
gorithm (Friedrich 1992). Mozetic defines abstraction 
operators on the device models, which lead to hierar- 
chical diagnosis as well (Mozetic 1990). 

Another problem with MBD is the difficulty of rep- 
resenting complex device models where possible inter- 
actions among components are sometimes overlooked. 
This problem does not arise with logical circuits be- 
cause the components of such devices are well de- 
scribed, and their connections and interactions are 
well-understood. Models for complex devices, how- 
ever, are not used for diagnosis in the real-world. Mod- 
els are also complex in themselves and need validation 
and verification. Validating and verifying knowledge 
bases is difficult and little success has been achieved in 
this area. It is therefore likely that any MBD system 
will use an incomplete or incorrect device model. The 
current literature does not account for this extraneous 
difficulty and is therefore unrealistic. 

We next analyze the relationship between CBR and 
induction and formalize the notion of abductive induc- 
tion as a means for addressing some of the outstanding 
problems in MBD. 

CBR and Induction 
We propose to apply case-based reasoning (CBR) as 
a means for incorporating experience in the diagnostic 
process. The philosophy behind CBR is that “raw”, 
unabstracted experiences can be used as a source of 
knowledge for problem-solving (Riesbeck & Schank 
1989). A CBR system stores past experiences in the 
form of cases. When a new problem arises, the system 

retrieves the cases most similar to the current problem, 
then combines and adapts them to derive and criticize 
a solution. If the solution is not satisfactory, new cases 
are retrieved to further adapt it to new constraints, ex- 
pressed from the non-satisfactory parts of the proposed 
solution. The process is iterated until the proposed so- 
lution is judged acceptable. This process is modeled in 
(F&et 1993). 

Induction provides the ability to generalize from ex- 
amples. When past cases are judged similar enough 
to the current situation, an implicit generalization is 
formed as a set containing the case representing the 
current situation and the past cases used to solve the 
current problem. These cases are assumed to yield sim- 
ilar solutions. They all belong to an implicit set: the 
set of cases that are relevant to the current situation. 
The relationship between CBR and induction is there- 
fore that they are both concerned with generalization 
from examples, and that the generalizations are built 
under uncertainty. 

There are differences between CBR and induction. 
First, the generalizations produced by induction are 
explicit and defined intentionally. There must be a lan- 
guage in which the generalization is expressed, which 
might differ from the language in which the data or 
the background theory are expressed. This need for 
a generalization language, and the existence of many 
possible generalizations, lead to biases in the produced 
generalizations. CBR generalizes implicitly. A gener- 
alization is expressed by the cases that are judged sim- 
ilar enough to the current situation. There is no need 
for a representation language, no arbitrary bias and no 
added computational cost associated with generating 
the description of the generalization. Second, an in- 
ductive conclusion 4 must entail the data A whereas 
CBR generalizations do not necessarily relate logically 
to the cases. There is no logical foundation to CBR sys- 
tems, and some guess work is usually involved in the 
similarity measures. CBR corresponds more to abduc- 
tive induction (Peirce 1955), where some uncertainty 
is involved in the building of the inductive general- 
izations. Third, induction assumes the existence of a 
background theory I. Most CBR system do not rely 
on such a formal background. By incorporating CBR 
into MBD, the CBR component of the system gains the 
background theory that the device model provides. 

We define abductively inductive hypotheses as fol- 
lows: Given a background theory I? and a set of data 
A, such that I’ y A, a sentence 4 is an abductively 
inductive hypothesis if and only if there exist A+ and 
Ah- such that: 

.A = A+UA-, A+nA- = (}, 
e INA- y 14, i.e. 4 is consistent with the background 

theory and some of the data A-, 
e ru (4) t-pi A+, i.e. there is some confidence pl that 

4 is the cause of part of the data A+ (denoted by 
t-d 
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Note that the difference between an abductively in- 
ductive hypothesis and an inductive diagnostic expla- 
nation lies in the difference in modeling causality. An 
abductively inductive hypothesis is only believed, with 
some level of confidence pl, to be the cause of the symp- 
toms in A+, while an inductive diagnostic explanation 
entails the symptoms in A+. 

The partial fault model given in Figure 1 and ex- 
tracted from (Console, Portinale, & Theseider Dupre 
1991) provides examples of the use of inductive diag- 
noses. Suppose that the diagnoser using this model 
has already been through Session 1 and that the cur- 
rent diagnostic session is Session 2. The difference be- 
tween the two Sessions is that Session 2 has less evi- 
dence available: ncceZeration(irreguZnr) is a symptom 
present in Session 1 but absent in Session 2. By anal- 
ogy with Session 1, we could reasonably guess that 
Ez = El = (oil-cup-holed). B ecause this reasoning is 
by analogy, A+ cannot be entailed by F U { 4} as in tra- 
ditional induction, and as in Console et uZ.‘s definition 
of abductive diagnoses. This entailment relationship is 
instead replaced by a belief that I u {q5} explains 1(,+. 

We next present the EAD model for diagnosis that 
addresses the problems of computational complexity 
and of imperfect device models. 

The EAD Model 
The practical and theoretical limits of MBD systems 
was previously discussed. This section presents the 
EAD model for diagnosis which explicitly combines 
deduction, abduction and induction to overcome the 
problems mentioned above. In this model, the role of 
deduction is made explicit in trying to reduce the size 
of the search space for explanatory hypotheses. Ab- 
ductive induction, implemented with a CBR system 
uses experience to correct diagnostic errors due to er- 
rors present in the device models. We illustrate the 
EAD model using examples based on the device model 
of Figure 1. 

In EAD, a diagnostic problem is characterized by: 

MODEL, a device description, a finite set 
of first-order logic sentences, and a finite set 
COMPONENTS of constants denoting compo- 
nents. 
CXT, a set of ground context terms denoting a set 
of contextual data, 
OBS, a set of ground observation terms, denoting 
the set of observations to be explained, e.g. m(s) 
where m is a predicate ancl 2 is an instantiated vari- 
able, 
++ c_ OBS, 
ti- = { lm(x)/m(y) E 0 BS, for each admissible 
instance m(x) of m other than m(y)} 
rok, a map from OBS to COMPONENTS, denot- 
ing the rule-out knowledge, 

e A, a case base containing past failure diagnostic ses- 
sions, 

o cbr, a map from OBS x CXT x A to subsets of 
COMPONENTS, denoting CBR retrieval, 

* pl, a plausibility measure for cases produced by cbr. 
Definition 1: 
A set A of abducible terms is an ubductive explanation 
or an ubductive diagnosis for OBS given MODEL in 
the context CXT if and only if: 

1. An rok(OBS) = {}, 
2. MODELUCXTUA~-~,~~~~~~~E$J+, 
3. MODEL U CXT U A U $J- is consistent. 
A is a minimal ubductive explanation or a minimal ub- 
ductive diagnosis if and only if there exists no proper 
subset of A that is an abductive explanation. 
This definition of abductive explanation corresponds 
to the one of Console et d’s model except for the use 
of the rule-out knowledge. The additional constraint 
(1) enforces tl ia no component given as a potential t 
diagnosis has been ruled-out by rok. 

Example 1: 

El = { oil-cup-holed } in Figure 1 is an abductive 
diagnosis for both Session 1 and Session 2. 
Definition 2: 

A set I E cbr(0 BS, CXT, A) of abducible terms, is an 
inductive exphution for OBS given MODEL in the 
context CXT if and only if there exists sets of ground 
terms 6: and SZT such that: 

1. 6: c II,+ and 6, C $-, 
2. MODEL U CXT U I kp, m, for all m E S+, 

3. MODEL U CXT U I U 67 is consistent. 
Inductive explanations depend on the current diagnos- 
tic situation (represented by OBS and CXT) and on 
the cases already in the case base A. An inductive ex- 
planation is weaker than an abductive explanation: it 
is only believed to entail some part of the observations 
6: E 1/,+ C OBS that abductive explanation must en- 
tail, and % required to be consistent with less of the 
data in 1/,- than abductive explanations (6i C_ $-). 

The sets $+ ancl II,- depend on a specific applica- 
tion, while the sets S+ and Si depend on each case 
in A. Depending on the content of the case base, two 
cases can be exhibited with different sets 6’ and Si. 
We leave the plausibility measure unspecified for now. 
This measure should depend, to some degree, on the 
size of the sets 6: and ai, since the more a hypoth- 
esis can explain, the more it is likely to be useful for 
the final diagnosis. Note that the definition of induc- 
tive explanations makes the inductive process of EAD 
weaker than the abductive phase. This corresponds to 
the intuitive notion that nothing guarantees the rele- 
vance of a past case to the current situation, whereas 
the device model and a sound abductive process pro- 
cluce sound explanations for the symptoms at hand. 
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oil~below~car 

@resent) 

Session 1: 
QBS = { vapour(present),acceleration(irregular), 

stacksmoke(normal), gasoline-smell(normal), 
light-status } 

$+ = { vapour(present), acceleration(irregular) } 
$- = { -vapour(absent), -acceleration(regular), 

lstacksmoke(black), -gasoline,smell(intense), 
-light-status(off) } 

Session 2: 
OBS = { vapour(present), stack,smoke(normal), 

gasoline-smell(normal), light-status } 

qb+ = { vapour(present)} 
?)- = (1vapour(absent), xtack-smoke(black), 

lgasoline-smell(intense),Aight,status(off) } 

Figure 1: Console et al.‘s moclel and two diagnostic sessions 

Definition 3: 

An inductive explanation I is an inductive diagnosis if 
the plausibility measure for I is greater than or equal 
to a prescribed threshold P. 

Definition 4: 

A case base A is defined as a set of past diagnostic 
cases: A = {Ai = (OSS,, Ai, Id, Q)}, where OS,!& is a 
set of observations, A; is the set of abductive diagnoses 
for OS.!?,, Ii is the set of inductive diagnoses for OS&, 
and Q is the correct diagnosis for OS&, such that 
cci e Ai. 

Because the correct diagnosis ci is not produced by 
the abductive part of the system (pi e Ai), A only con- 
tains cases for which the abductive explanation process 
failed, i.e. failure cases. 
Example 2: 

If both Sessions 1 and 2 failed, the case base A would 
contain two cases, representing both sets of observa- 
tions, the sets of abductive and the inductive diag- 
noses produced for th 
for both cases’. F 

m, and the correct diagnosis Er 

The model for EAD covers both consistency-based 
and abduction-based explanations, and is complex to 
use. For the sake of simplicity, we will use a simpler 

l We are only concerned with diagnostic failures here. 
Successful cases could also be used effectively especially to 
improve the ranking on the potential diagnoses produced 
by the abductive part of the diagnoser. 

functional notation: Model(A) denotes the deductive 
closure of the conjunct MODEL n CXT n A, and 
Model-‘(OBS) 1 re Iresents the set of abductive diag- 
noses found for a set of observations OBS. Similarly, 
M denotes the perfect device model that is always con- 
sistent and complete with respect to reality. If A is a 
set of ground terms denoting some facts, M(A) is the 
deductive closure of A through M, i.e. all true facts 
that can be correctly deduced from A using M. dpos 
denotes the set of individual hypotheses that can truly 
explain the observations OBS. For all possible OBS, 
the following relationship holds: OBS 2 M(dpas), as- 
serting that, given the correct diagnoses, M correctly 
explains at least the observations OBS. 

The inverse M- ’ of M represents the ultimate ab- 
ductive diagnoser, the one that the implemented sys- 
tem attempts to approximate. The complete diag- 
nostic truth, i.e. all possible correct diagnoses for a 
observations OBS, is represented by M-‘(OBS). If 
pi represents the final correct diagnosis for a set of 
observations OSSi, then the following relation holds: 
ci c M-l(OBS) = &,s. 

We are interested in studying how the CBR system 
improves the overall performance of the diagnostic sys- 
tem. Thus, it is necessary to characterize diagnostic 
errors first and study how the CBR system can ac- 
count for these errors. We next introduce additional 
definitions concerning the abductive part of the model 
for EAD. 

Definition 5: 

32 The Arts 



rok is coverinq if Characterizing Diagnostic Errors 
A,,; s (COMPONENTS - rok(OBS)). 

rok is covering if it does not forget hypotheses, i.e. if 
nothing that can explain the set of observations OBS 
is pruned away by rok. 

Example 3: 
A set of rules containing the rule: 

explanations are correct, i.e.: 

- - 
Given the model for diagnosis defined above, and the 
definitions in the previous section, an error-free diag- 
noser is one such that all possible explanations for the 
observations OBS are produced, and that all produced 

IF engine-noise(irregular) THEN -(irregular-battery 
would not be covering, since it would discard the pos- 
sibility that the battery might be faulty, prematurely 
concentra$ing the abductive process on the carburator. 

VOBS, VA E Model-l(OBS), 
Model(A) C M(A). 

Model is faithful if, for all abductive diagnoses A for 
OBS, all data entailed by Model(A) is correct with 

Definition 6: 
Model is faithful if, 

Type B: the system explains the data but in an in- 
correct wav: 
Model(rok$OB ‘S)) ii MbWBS)), 

OBS & M&4,,,) C Model(rok(OBS)) C M(rok(qGS)) 

Type C: possibl explanations 

This implies three types of possible diagnostic errors: 

M&o,) e M( rdel(rok(OBS)). 
are 

Type A: the system fails to explain the data OB,S: 

overlooked: 

OBS e Model(rok(OBS)) 

respect to M. Theorem 1: 

Example 4: 

This example assumes the model in Figure 1 except 
that the two nodes oil-burn and oil-loss are switched 
along with their associated symptoms oil-below-car 
and stackanoke(bluck). It also assumes that this 
model is correct i.e. corresponds to M. Given the 
observations from Session 1, the diagnoser would out- 
put piston-rings-used as the only possible abductive 
diagnosis. In turn, we have 
Model(piston,rings-used) g M(piston-rings-used), 

showing that Model is not faithful. 
Definition 7: 
Model is complete if, 

VOBS, VA E Model-l(OBS), M(A) E Model(A). 
Model is complete if it explains all the data in OBS 
that is explainable (with respect to M). 

Example 5: 

Example 4 above is an example where Model is not 
complete since 

piston-rings-used E M-l (OBS) and, 
M(piston,rings-used) sf Model(piston-rings-used). 

Different ways of using inductive diagnoses can be 
designed depending on the characteristics of each ap- 
plication. For example, a rough estimate of the quality 
of the model could be used to determine the degree 
with which to use and trust the inductive diagnostic 
process. The more the device model can be trusted, 
the less the past cases are needed for the current diag- 
nostic situation. Another consideration is the similar- 
ity measure used to compare the current situation with 
retrieved past cases. A statistical analysis of this mea- 
sure could greatly help determine the uncertainty of 
its results. Any procedure for merging abductive and 
inductive diagnoses would be somewhat device depen- 
dent and does not belong to a general model for diag- 
nosis combining abduction and induction. 

If Model is monotonic, rok is covering, Model is com- 
plete, and Model is faithful then there will be no di- 
agnostic errors. 

Equation 1 imposes that for all possible OBS, the 
data in OBS be explained according to the defini- 
tion of diagnosis given in the previous section, that 
all explanations be correct, and that all possible ex- 
planations be produced. Model might have to ex- 
plain more data than there is in OBS. These “ex- 
traneous” explanations, which do not explain OBS di- 
rectly, still have to be correct for diagnostic errors to 
be avoided. Equation 1 constrains the restriction of 
Model to all possible rok(OBS), which might be dif- 
ferent from COMPONENTS. This is important in 
the case of cancellation effects between hypotheses, or 
when two pieces of data cannot be present separately. 

If M is not monotonic, i.e. if 3A, 3A’, A’ C A 
and M(A’) e M(A) more hypotheses can potentially 
explain less symptoms or observations. Intuitively, 
this situation is more difficult than if M is monotonic 
since it implies that consequences of errors in the de- 
vice model either create erroneous explanations (as if 
Model was monotonic) or forget explanations and di- 
agnoses (for example if there is an erroneous cancel- 
lation effect). A non-monotonic abduction problem 
makes the search for minimal hitting sets for minimal 
conflicts NP-hard (Bylander et ul. 1991). 

We have showed the conditions that guarantee the 
absence of diagnostic errors. Figure 2 shows what kind 
of errors are produced if these condit,ions are not met. 
It describes eight situations combining the three types 
of errors described above. Errors of type B can occur 
if Model is not faithful, i.e. incorrect explanations can 
only be produced by an incorrect model. If the whole 
device model is considered, i.e. if rok is covering, then 
errors of type A and C can occur if Model is not com- 
plete (Situations 3 and 4). Proofs of these results can 
be found in (F&et 1993). These results show that, 
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rok [ Model 1 no 1 error 
types 

faithful 1 
complete not faithful 2 B 

covering n& faithful 3 AC 

not 

complete 
c 

not fathful 4 A B C 
faithful 5 A C 

comDlete not faithful 6 A B C 

I 

1 I 
covering not faithful 7 AC 

comr>lete not faithful 8 ABC 

Figure 2: Summary of diagnostic error situations 

in general, it is hard to discriminate between poten- 
tial causes of diagnostic errors, directly from the types 
of errors that are produced. However, specific condi- 
tions might render performance improvement easier. 
For example, if we assume that rok is covering, then 
the problem seems simpler: if an error of type B oc- 
curs, then Model is not faithful, and if an error of type 
A or C occurs, Model is at least not complete. This 
gives a strategy to try to improve the device model. 

The results above show that there is little hope for 
a general abductive method for trouble-shooting diag- 
nostic systems. This is a strong argument in favor of 
alternative methods which aim at improving the per- 
formance of MBD systems. This retrospectively justi- 
fies the EAD approach. 

Discussion 
The definitions given in the paper were inspired by the 
work on the complexity of abduction done by Bylander 
et al. (Bylander ei al. 1991) and relate to the focused 
abductive diagnosis of Console et al. (Console, Porti- 
nale, & Theseider Dupre 1991) and to Reiter’s theory 
of diagnosis from first principles (Reiter 1987). 

The mapping from the EAD model to Console et 
al.% model is as follows: 

OBS = D, 
rok(OBS) = CC COMPONENTS, 
cbr(OBS, CXT, A) = { ), 

Similar to EAD, their model does not make assump- 
tions about the device models it uses. The EAD model 
is also interesting because it uses compiled knowledge 
to rule-out possible hypotheses (explanations). This 
compiled knowledge takes the form of necessary con- 
ditions (for parts of the model to be considered) and 
are compiled a priorifrom the behavioral model of the 
device. The EAD approach also addresses the control 
problem of choosing between abductively generating 
more hypotheses and deductively eliminating others 
that is present in Console et ul.‘s model. The rule-out 
knowledge is applied first and the remaining hypothe- 
ses are worth investigating and represent a lesser waste 
of effort should they be found impossible. The EAD 

approach is therefore conceptually simpler. The im- 
portance of rule-out knowledge is illustrated by con- 
sidering its role in pruning away individual hypothe- 
ses. A linear decrease in the number n of possible 
individual hypotheses corresponds to an exponential 
decrease of the size 2” of the superset of the set of 
possible individual hypotheses, i.e. the size of the 
search space. The example in Figure 1 illustrates the 
potential usefulness of the rule-out knowledge: if the 
fact engine,noise(regular) is known, then the follow- 
ing can be logically inferred: 1) the battery is fine, 2) 
the carburator is not dirty, 3) the ignition is regular, 
and 4) if there is a power decrease, it can only be be- 
cause the engine is too hot. This is effective rule-out 
knowledge since one fact rules out a whole branch of 
the search space, therefore significantly reducing the 
cost of the abductive phase of EAD. 

The EAD model does not make assumptions on how 
the rule-out knowledge (rok) is brought into the sys- 
tem. It can be compiled from the a deep mQde1 (as 
in (Console, Portinale, & Theseider Dupre 1991)) or 
simply hand coded by human experts (as in (Milne 
1987)). One difference between our model and that of 
Console et al. is that we use rule-out knowledge be- 
fore the abductive process. Koton’s CASEY also uses 
CBR before a more traditional diagnostic approach to 
achieve speed-up learning - a simpler learning than the 
one achieved by the EAD model (Koton 1988). Our ap- 
proach improves efficiency by using rule-out knowledge 
as soon as possible. We believe that this is effective for 
many real-world devices, because it is easy to formu- 
late knowledge about independence (as mentioned in 
(Pearl 1986)) and about inconsistencies between symp- 
toms and potential causes for those symptoms. 

Reiter’s model is subsumed by Console ul.‘s but pro- 
vides insights relative to the search for minimal con- 
flicts and minimal hitting sets. The mapping from our 
model to Reiter’s is as follows: 

OBS = D, 
rok(OBS) = D, 
cb,,Ts, CXT, A) = { 1, 
++ . 

For Reiter, a solution to the diagnosis problem is to 
find a diagnosis for 0 BS which satisfies the consistency 
requirement. There is no equivalent of the plausibility 
function in Reiter’s model, i.e. no way of ranking di- 
agnoses. 

In the EAD model, the rule-out knowledge rok can 
be seen as a way to restrict the search for minimal 
conflicts. If knowledge about impossibilities of some 
components to be faulty, or of some combinations of 
components to be faulty simultaneously is available, 
then the search for minimal conflicts (minimal sets of 
components that cannot be simultaneously in a nor- 
mal state together, given the observations OBS) will 
be reduced. However, the search for minimal hitting 
sets for the minimal conflicts might actually be made 
more complex by cancellation knowledge as defined by 
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Bylander e2 al., making this search NP-hard. The de- 
ductive, rule-out phase of the EAD model addresses 
this problem by forcing the system to discard as many 
impossible faults as possible before considering com- 
binations of possible ones. This phase could typically 
use compiled knowledge to reduce the expensive use of 
deep knowledge. 

Abductive induction, implemented by a CBR sys- 
tem, is used to recall past errors and to avoid these 
errors in similar situations. Assuming that each fail- 
ure case is stored in A, and that the information de- 
rived from the abductive diagnostic process serves as 
indices for the cases, inductive diagnoses can be re- 
trieved, when the current situation is similar enough 
to cases stored in A, to correct errors made in pre- 
vious situations. The indices used by the CBR sys- 
tem are paths (or portions of paths) followed by the 
abductive process through the device model to derive 
diagnoses. This insures the relevance to the current 
situation of cases stored under these paths. The build- 
ing of the case base A can be seen as an a fortiori 
knowledge compilation process. Because this process 
takes place when the system is in place, it produces 
more focused and more useful compiled knowledge 
than knowledge compiled a priori (Console, Portinale, 
& Theseider Dupre 1991). (F&et & Glasgow 1993; 
F&et 1993) presented experimental results that sup- 
port the effectiveness of the EAD model, especially of 
its inductive phase. 

The EAD model has been implemented as part of the 
Automated Data Management System (ADMS) and 
has been applied to two real-worlql devices: a robotic 
system called the Fairing Servicing Subsystem, and a 
Reactor Building Ventilation System (F&et & Glasgow 
1991). 

This paper makes explicit the relation between CBR. 
and induction by formally defining the notion of ab- 
ductive induction in the context of automated diagno- 
sis. It presented the EAD model which addresses the 
problems of computational complexity and of incor- 
rect device models. The EAD model is a practical and 
general answer to problems encountered while trying 
to apply MBD to real-world situations. The research 
presented in this paper also contributes to the field of 
CBR by providing a formal model of a hybrid CBR sys- 
tem which characterizes the interactions of CBR with 
another problem-solving paradigm. 
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