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Abstract

This paper attempts to assess the practical utility of nonmonotonic logic in diagnostic problem
solving. We begin with a brief review of the main assumptions which motivate work in this area, and
discuss two logic-based approaches which involve nonmonotonic arguments. Then we consider two
recent proposals for the application of default logic to diagnosis, as well as a proposal based on
counterfactual logic. In conclusion, we briefly compare these methods with other diagnostic
reasoning paradigms found in the Artificial Intelligence literature.

1 Introduction

Classical logics, such as the propositional and predicate calculi, are monotonic, in the sense that if a
given set of sentences S sanctions a set of inferences Th(S), then if T 2 S then Th(7) 2 Th(S). In
plain English, if T extends S in some way, by containing more information, then the inferences we
can draw from T contain the inferences we can draw from S. In classical logic, we never have to
reexamine the consequence (or theorems) of a theory when we extend it; we just accumulate more
theorems.

The term nonmonotonic is used to describe reasoning systems in which the set of theorems does
not always increase with theory extension. This characteristic arises because some of the premises
that we employ in our reasoning are assumptions which may turn out to be false. Such assumptions
are not the solid premises of classical arguments, which are either axioms (true by definition) or
deductive consequences of the axioms; we are led to hold them by the absence of information to the
contrary, rather than by the presence of information which establishes them as true. Hence the
notion of consistency is as important in nonmonotonic reasoning as the notion of logical
consequence, and where assumptions lead to inconsistency they must be retracted.

There are a number of reviews and critiques of the theoretical literature on nonmonotonic logic
which can be recommended to the reader (e.g., Reiter, 1987a; papers in Ginsberg, 1987; McDermott,
1987 and commentaries). In this paper, we focus upon proposals for the practical application of
nonmonotonic logic to the domain of diagnosis. The main emphasis will be upon reasoning systems
which have some formal basis in either default logic or counterfactual logic.

The plan of the paper is as follows. Section 2 briefly reviews Reiter's (1980) default logic, and
shows how defaults may figure in diagnostic reasoning. Sections 3 and 4 compare Reiter's (1987b)
work on diagnosis from first principles with Poole's (1988a,b) work on constructing explanations.
Each of these proposals can be given a formal basis in default logic; their use of defaults is compared
and contrasted. Section 5 considers an account of diagnosis based upon counterfactual logic
(Ginsberg, 1986); its relationship to Reiter's work is explained. Finally, section 6 attempts a critical
evaluation of these nonmonotonic methods in the context of other diagnostic reasoning paradigms
found in the Artificial Intelligence literature.

The rest of this introduction contains: (i) an analysis of the main assumptions underlying the
application of nonmonotonic reasoning to diagnosis, and (ii) a review of earlier logic-based
approaches involving nonmonotonic arguments.

* This work was supported by the McDonnell Douglas Independent Research and Development program.
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1.2 Basic assumptions of the approach

Many extant expert systems perform diagnosis by the method of heuristic classification, as described
by Clancey (1985). In this method, diagnostic knowledge is represented mainly in terms of heuristic
rules, which perform a mapping between data abstractions (typical symptoms) and solution
abstractions (typical disorders). Such a representation of knowledge is sometimes called "shallow"
because it does not contain much information about the causal mechanisms underlying the
relationship between symptoms and disorders. The rules typically reflect empirical associations
derived from experience, rather than a theory of how the device under diagnosis actually works. The
latter is sometimes called "deep" knowledge, because it involves understanding the structure of the
device and the way its components function.

It is not that deep knowledge is entirely absent from rule-based expert systems. It is rather that
such knowledge is either compiled into the rules in a manner that renders it difficult to differentiate
from the shallower stuff, or else hidden in other data structures which serve to control rule-based
inference. In any event, it is the shallow knowledge that determines the underlying search space,
since it is this knowledge that characterizes the mapping between data and solutions. Empirical
knowledge of this sort is largely device-dependent, and tends to reside in someone's head, as opposed
to being written down or (even less likely) formalized. The only way to gain such knowledge is via
the repeated experience of attempting to perform diagnosis on the device in question and then
determining the correctness or otherwise of one's hypothesis, or via an extended knowledge
elicitation exercise.

Applications of nonmonotonic reasoning to diagnosis tend to approach the problem from
another angle. Rather than assume the existence of an expert experienced in diagnosing the device in
question, these applications assume the existence of either:

1 a complete structural description of the device, detailing its components and their connections; or
2 a causal model of the device, identifying the consequences of component (or connection) failure.

Approaches associated with assumption 1 reason "from first principles" in the sense that they use
little or no experiential knowledge in generating hypotheses which account for data. The device
description provides all the information that is required for the conjecture of component faults
which would produce the observed symptoms. The apparent advantages of first principles over
expert systems approaches are as follows:

• Given a device description, the program designer is able to short-cut the laborious process of
eliciting empirical associations from a human expert.

• The reasoning method employed is device-independent, so it is not necessary to tailor the
inference machinery for different applications.

• Since only knowledge of correct device behaviour is required, the method ought to be able to
diagnose faults which have never occurred before.

Approaches associated with assumption 2 use a representation of knowledge that maps disorders
to symptoms, rather than vice versa (as in heuristic classification). The advantage over expert system
approaches is that eliciting the necessary information from a human expert is much easier than
uncovering the inverse mapping from symptoms to disorders; such information can also be obtained
(or verified) by simulation techniques. The advantage over reasoning from first principles is that a
complete description may not be available for the device in question, in which case a causal model
will have to do.

We shall outline additional assumptions relevant to the application of particular approaches as
we describe and discuss the corresponding systems. But first we consider two systems which,
although they are not based on any particular nonmonotonic logic, use nonmonotonic arguments
in generating hypotheses to account for symptoms. We describe them here because the proposals of
Reiter and Ginsberg can be seen as an attempt to "rationally reconstruct" such systems in a
nonmonotonic logic.
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l.b Some background: DART and GDE

The DART program (Genesereth, 1984) was a prototype for a diagnostic system in the domain of
digital circuits. A distinguishing feature of this system was that both the representation language and
the inference mechanism were more or less device independent. Genesereth used the predicate
calculus to encode design descriptions of devices under diagnosis, and a form of theorem proving
called resolution residue to generate both sets of suspect components and tests to confirm or
disconfirm fault hypotheses.

Although DART's inference method was not based on a particular nonmonotonic logic, it
incorporated a form of nonmonotonic reasoning within a monotonic logistic system. A hypothetical
fault was represented by a proposition which was the negation of a proposition in the design
description. Such hypotheses were only allowed to stand as long as they were consistent with the
current state of knowledge; thus further information might lead to their retraction.

The basic flowchart for the DART program is reproduced in Figure 1 from Genesereth's paper.
Although we need not be concerned with the details of DART's implementation, the top-level
algorithm is typical of many other diagnostic programs. Suspected faults are generated by theorem
proving, and then tests are generated to narrow the space of alternatives. Tests embody knowledge
of how components work, e.g., functions which compute the outputs of a component given its inputs.
More recent proposals for logic-based diagnosis differ in that they are more firmly based in the
context of a particular nonmonotonic logic.

DART's problem solving method relied on a number of simplifying assumptions:

(1) The connections in the device are assumed to be working properly, so we seek faulty components
to account for symptom data.

(2) Faults are non-intermittent, i.e., components behave consistently for the duration of the
diagnosis.

(3) There is only a single fault in the device.

Compute suspects

-M Done 1

Generate test

Execute test and
Draw conclusions

Figure 1 Flowchart for the DART program
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Singh (1987) has since extended DART, by improving the test generation procedure and making
the resolution theorem prover more efficient, but has retained the original assumptions.

GDE1 (de Kleer and Williams, 1987) is a system which retains assumptions (1) and (2) but
concentrates upon relaxing (3). The trouble is that the hypothesis space now grows exponentially
with the number of faults, since we now have to consider sets of hypothetical faults. It is therefore
important to generate hypotheses in rough order of "goodness" and then generate tests that will
differentiate between competing hypothesis sets in a minimum number of measurements. The
inherent complexity of the problem is addressed by a combination of assumption based truth
maintenance (ATMS) and probabilistic inference.

Briefly, ATMS (de Kleer, 1986) is a method of maintaining a lattice of environments: alternative
states of the world which are consistent with some theory but in which different assumptions hold. In
diagnostic applications, this (implicit) theory is the device description, and the alternative states of
the world are characterized by the 2" different ways in which n components can fail. The environ-
ments are arranged in a lattice by set inclusion: the least element is the empty set of faulty com-
ponents, while the greatest element is the set of all components. Each such environment is called a
candidate: a hypothesis about the way in which a faulty device actually deviates from its desciption.
The environment lattice is called the candidate space.

If the device is working perfectly, then the least element (representing no faulty components)
"explains" the observation of the correct outputs. Otherwise, faulty outputs are seen as evidence for
some component failure in the candidate space. Since the size of this space is exponential in the
number of components, we need some way of focusing the search for candidates.

The key notion is that a conflict set: a set of components that cannot all be functioning
correctly, given the symptom data. The conflict sets are just those assumption sets in the ATMS
which generate environments inconsistent with the data. They can be determined by forming the
deductive closure of an environment with the data, and then looking for a contradiction. (This is
obviously a form of constraint propagation.) The main goal of the truth maintenance system is to
identify the complete set of minimal conflicts, i.e., to detect those conflict sets which subsume all
others by set inclusion. From these, one can compute the minimal sets of faulty components that
account for all the symptoms.

As a simple example, let Cl, C2 and C3 be system components, and let 5 be an observation that is
a symptom of system failure (see Figure 2). Suppose we know that if s occurs then Cl and C2 cannot
be working, and neither can Cl and C3. Thus we can rule out the environments labelled "0" , "C2"
and "C3" (shaded in Figure 2), because each has some forbidden conjunction of components
working. All other environments are candidate diagnoses. However, the minimal candidates are
obviously {Cl} and {C2, C3}, shown in heavy outline.

The ATMS uses a number of strategies to control the complexity of the candidate space, e.g.,

• exploiting a preference for minimal explanations by beginning the search for solutions from the
smallest conflict sets;

• recording inferences (such as predictions of device behaviour based on assumption sets) in the
ATMS, so that they are never drawn twice.

GDE uses an information-theoretic measure of uncertainty to determine the best next
measurement to make. The best measurement is that which minimizes entropy, i.e., which causes the
greatest diversity among the probabilities of the candidates. They assume that the prior probability
of failure is known for each component and that components fail independently. These probabilities
are also used to guide the generation of candidates. The search of the environment lattice is
conducted best-first on the joint probabilities of multiple faults.

Both DART and GDE are implemented systems that have exerted an influence over more recent
proposals. However, each of these programs relies on a particular inference method for the
generation of diagnoses: resolution residue for DART and a kind of constraint propagation in GDE.

1 GDE stands for General Diagnostic Engine.
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CI.C2

C1.C2
C3

CI.C3 C2.C3

XX
Cl C2

0

C3

Figure 2 An environment lattice of candidates (see text)

It is arguable that later treatments (such as Reiter's) are more general in that they require nothing
more than a general-purpose theorem prover, at least as far as the formulation of the method is
concerned. Implementation is typically another story; the useful notion of a minimal conflict
reappears in the work of both Reiter and Ginsberg. The next section considers the question of
minimality in more detail, and illustrates the connection between diagnosis and default logic.

2 Default logic and minimizing abnormality

Commonsense reasoning often proceeds by making assumptions. Many of these assumptions are
"conservative", in the sense that they reflect the belief that "normal" conditions prevail. There are
various ways in which one can give a technical account of this kind of reasoning (see papers in
Ginsberg, 1987). Here we shall concentrate on Reiters (1980) default logic, which can be employed to
construct theories which minimize abnormality. In other words, given a set of propostions which we
deem to be true, we can use default logic to extend this set in "likely" ways for problem solving
purposes.

Reiter defines a default theory to be a pair (D, W). D is a set of default inference rules of the form

where a, /? 1 ; . . . , /?m, y are well-formed formulas of the predicate calculus which may contain free
variables2, and W is a set of closed formulas of the predicate calculus which can be thought of as
incompletely specifying the state of the world.

a is called the prerequisite of the default: it consists of a set of monotonic antecedents that must be
satisfied by the theory before the default is considered to be applicable to a given case. /?l5 ...,/?„ are
nonmonotonic antecedents that must be consistent with the current theory, y is the consequent which
is detached so long as the monotonic antecedents are satisfied and the nonmonotonic antecedents
are consistent. We shall write defaults on a single line as [a: /? 1 ; . . . , /?m/y].

The main idea behind default logic is that we want to be able to characterize precisely what it
means to extend an incomplete theory of the world, like W, under the guidance of a set of defaults.
The best way to think of theory extension is in terms of successive approximations to a stable state
(or states). Roughly speaking, we let our initial theory Wbe. the first approximation £0 , and then
compute further approximations in a way that renders the resultant stable state(s) both consistent
and deductively closed, while making as many assumptions as the defaults allow. That is more or
less all the general reader needs to understand by the following fixed point equation.

E0=W

and, for i' ^ 0,

£( + 1 = Th(£,)u {y| [«:/?„ ...,/Wy] eD, a e E, and -if t , . . . , -i0M* £}.

£ is then an extention for (D, W) if and only if £ = u£,- from i = 1 to i = oo.
2 Free variables are variables not bound by a quantifer. Formulas containing no free variables are called closed formulas.
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Defaults relate to abnormality in the following way: they allow us to assume the truth of certain
propositions so long as we have no information to the contrary. If the contrary information is
designated "abnormal", then we can use defaults of the form

<x:-\AB(Xi)...~iAB(Xn)

to establish a conclusion y in the absence of positive proof. AB is the abnormality predicate, such that
AB(X) denotes that X is abnormal. Such a rule allows us to conclude y, so long as certain
background conditions, a, hold and we have no evidence of any abnormality cited in the
nonmonotonic antecedents. Thus the default [CAR(X): -\AB(X)/START(X)] represents the belief
that a car will start so long as it is not abnormal.

Another use for defaults in diagnostic reasoning is to represent hypotheses which, if true, would
account for symptom data. We might wish to assume such hypotheses, for the sake of argument, if
we cannot already rule them out. Thus defaults of the form

st A ... A sn:y

are hypothesis schemas which allow us to assume hypothesis y in the presence of a set of symptoms
{si,... sn}, as long as it is consistent to do so.

It is easy to see the default theories can have more than one extension. Consider the following
example.

Example 1. Suppose that we have a set of defaults

D = {-*START(X):OUT-OF-GAS(X)/OUT-OF-GAS(X),

-\START(X):CARB-FLOODED(X)/CARB-FLOODED(X)}

and a theory

W= {(VX)(CARB-FLOODED(X) r> -tOUT-OF-GAS(X)), iSTART(c)},

where c is a particular car. Then (S, W) has the two extensions

1\I{WKJ {CARB-FLOODED(C), -IOUT-OF-GAS(C)})

and

{~iCARB-FLOODED(c), OUT-OF-GAS(c)}).

Thus there is an extension in which we assume that the car is out of gas, and an extension in which
we assume that it has a flooded carburettor. These two assumptions are contradictory and therefore
cannot coexit in the same extension.

The literature contains two main proposals for the application of default reasoning to diagnostic
tasks. One approach uses defaults to minimize abnormality in a device with respect to a system
description; the other uses defaults as hypothesis schemas in reasoning about a causal model. We
shall see that each approach has its strengths and weaknesses, but that the former seems to be closer
to the original notion of a default.

3 Diagnosis from first principles

Reiter's (1987a,b) theory of diagnosis from first principles involves working from a system description
(SD) featuring a finite set of system components, and a set of observations (OBS). Both SD and OBS
are finite sets of first-order sentences.
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3.a Computing all diagnoses
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A diagnosis for (SD, COMPONENTS, OBS) is a minimal set A £ COMPONENTS such that

SD u OBS u {~\AB(c) | c e COMPONENTS - A}

is consistent, where AB is the abnormality predicate, as before. The idea is that a diagnosis keeps the
set of faulty components as small as possible. We deem a component to be in the set only if its
presence is required by a symptom in OBS.

Of course, there may be more than one way of constructing A, leading to multiple diagnoses.
Although one could compute these sets by a simple generate and test algorithm, it is more efficient to
use de Kleer and Williams' notion of a conflict set: a set of components {c] , . . . , cn} such that

SD u OBS u {-\AB(ci), • • •, ~^AB(cn)}

is inconsistent. Given a theorem prover that will generate conflict sets for (SD, COMPONENTS,
OBS), Reiter shows how to compute all diagnoses of (SD, COMPONENTS, OBS). The key idea is
that of a hitting set: a set formed from the collection of conflict sets C by taking at least one element
from each member of C. Minimal hitting sets3 correspond exactly to diagnoses as defined above.
Reiter provides an algorithm for computing minimal hitting sets using a data structure called a
hitting set tree (HS-tree). Heuristics are provided for pruning this tree, which are intended to reduce
the cost of obtaining the minimal hitting sets.

These ideas are best illustrated with an example. We shall follow the literature by taking as our
device the full adder: a one-bit adder with carry in and carry out. A logic diagram of the device is
shown in Figure 3.

Figure 3 Diagram of a full added. XI and X2 are exclusive-or-gates, Al and A2 are and-gates,
and 01 is an or-gate

This adder can be represented by the set

COMPONENTS = {Al, A2, Ol , XI, X2}

plus a system description that describes the components in terms of their connectivity and their
behaviour. We will not reproduce the system description here, but it contains Boolean equations,
such as

X0RG(X) A -iAB(X) => 0UT(X) = xor(INl(X), IN2(X))

which states that a normal exclusive-or-gate's output is the usual Boolean function of its two inputs,
together with formulas describing circuit components and their connectivities.

3 For a set H to be a minimal hitting set of a collection of sets C, we require that

1 tfs(JSeCS;
2 H n S # 0 for each SeC; and
3 there is no H' a H for which both 1 and 2 hold.
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Figure 4 Correct outputs for inputs X = 1, Y = 0, Z = 1

Example 2. Given the inputs X = 1, Y = 0 and Z = 1, we would expect the outputs
S = 0 and C = 1, as shown in Figure 4.

Suppose instead that the sum turns out to be 1 and the carry is 0 for the same inputs. One possible
cause of these observations is that XI is faulty. If XI outputs 0 instead of 1, then this would produce
the wrong behaviour, as shown in Figure 5.

Given that SD contains

X0RG(X) A ~\AB(X) => 0UT(X) = xor(INl(X), IN2(X))

and OBS contains

OUT {XT) = 1

it is easy to see that

SD u OBS u {-MB(X1), ~iAB(X2)}

is inconsistent, given the inputs. Either XI passed on the correct outputs to X2, in which case X2 is
abnormal, because

0UT(X2) ± xor(INl(X2), IN2(X2)\

or XI computed the wrong outputs and is therefore abnormal, because

0UT(X\) ¥= xor(INl(X\), IN2(X\)).

Thus {XI, X2} is a conflict set for (SD, COMPONENTS, OBS). The other conflict set is
{XI, A2, 01}, because one of XI, A2, Ol must be abnormal to explain the wrong carry, 0UT(O\)
= 0. In other words,

SD \J OBS u {-i AB(Xl),

Figure 5 A possible diagnosis for the faulty outputs
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is inconsistent. The minimal hitting sets of the set of conflict sets

C = {{X1,X2},{X1,A2,O1}}

are {XI}, {X2, A2} and {X2,O1}.

Figure 6 shows a hitting set tree for this example. The minimal conflicts form the nodes (shown in
bold), while a labelled branch B below a given node N corresponds to the selection of component B
from the set at node N. The hitting sets are just paths through the tree, and the minimal hitting sets
are paths that are not subsumed by any other path. Thus the path XI subsumes the path X1-X2, so
X1-X2 is not minimal. Clearly the minimal paths are XI, X2-A2 and X2-O1.

The reader can easily verify that the minimal hitting sets derived in Figure 6 are those sets S with
the following properties: (i) the failure of components contained in S would explain the wrong
outputs, and (ii) there is no subset of S that satisfies (i). Such sets therefore correspond to the
diagnosis of (SD, COMPONENTS, OBS), as defined by Reiter's theory.

(XI, X2}

XI / ^ V X2

01

Figure 6 A hitting set tree for Example 2

Once we have generated alternative diagnoses, we are interested in ruling some of them out.
Different diagnoses make different predictions concerning what additional observations we might
expect. If we fail to observe phenomena predicted by a diagnosis, then we may eliminate that
hypothesis from consideration. A diagnosis A predicts some first-order sentence P iff

SD u OBS u {-\AB(c) | c e COMPONENTS - A} f= P.

In other words, P follows as a logical consequence from the facts of the case, SD and OBS, and the
assumption that all components not in the diagnosis are working properly.

The connection with default logic is as follows. Reiter notes that we can use default rules to
minimize abnormality in the device in such a way that diagnoses correspond to extensions for a
default theory. Notably, E is an extension for the default theory

{{:-iAB(c)/-\AB(c e COMPONENTS}, SD u OBS)

iff there is some diagnosis A for (SD, COMPONENTS, OBS) such that

E = {P | A predicts P}
= Th(SD u OBS u {-\AB(c) \ c e COMPONENTS - A}).

Roughly speaking, the extension corresponding to a diagnosis A completely describes the way we
would expect the world to be, given that all and only the faults hypothesized by A actually occurred.
In other words, extension contains all propositions derivable from both the facts of the case and the
assumption that all other components are functioning correctly.

These equivalences are not too surprising (in retrospect). As Reiter points out, diagnostic
reasoning is clearly nonmonotonic, in the sense that none of our current hypotheses may survive a
new observation. Thus the correspondence between diagnoses and extensions captures perfectly the
tentative nature of diagnostic hypotheses.

Finally, it is worth noting that the first principles approach does not rule out the use of device-
specific information about how faults may manifest themselves. If such information is available, then
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it can be included in the system description, using the abnormality predicate:

COMPONENTS) A AB(X) => St(X) v ... v Sn(X)

where COMPONENT(X) denotes that A" is a particular type of component, and the S,(A) exhaust
the possible symptoms of X's abnormality.

3.b Applicability of Reiter's approach

Reiter's approach appears to be both elegant and formally correct, but it places three important
constraints upon the formulation of the diagnostic problem.

• In practice, we can only deal with faulty components. If we try to extend the theory to deal with
the connections between components, then the number of possible diagnoses becomes much too
large. (For nontrivial circuits, the component-based diagnoses are quite numerous enough, and
the computational cost of generating them is high.)

• We need a complete system description; not a trivial requirement for an arbitrary system.
Determining the completeness and consistency of the system description need not be straightfor-
ward, yet if these properties do not hold then the method will not be sound or complete. Such
descriptions are seldom available for complex devices, although it is possible that they could be
generated as a by-product of computer-aided design.

• The method assumes the availability of a complete theorem prover for the underlying logic. Again,
this is no problem for the full adder example, because the theory of Boolean equations is
decidable. But reasoning about consistency is impossible in the general first-order case in terms of
which the theory of diagnosis is formulated. Furthermore, the extension membership problem is
not even semi-decidable (Reiter, 1980, Theorem 4.9). Thus any automatic diagnostic system using
defaults in the full first-order case must have recourse to heuristics that sacrifice completeness, and
may even lead to erroneous diagnoses.

Of course, in many domains, we are interested in doing more than merely identifying faulty
components. "There is something wrong with the patient's heart" is not very illuminating as a
medical diagnosis. Therapy and prognosis ultimately depend upon having more precise hypotheses.
However, in many electronic devices, where components are relatively cheap and easy to replace,
identifying sets of components that may be faulty is all we need to effect repair. Often, systematic
"board swapping" replaces the taking of additional measurements; sometimes it replaces the
diagnostic process altogether.

3.c Comparison with GDE

To lend concreteness to the discussion, let us redo the diagnosis of the adder in Example 2, using
GDE's approach. Figure 7 shows the lower levels of an ATMS environment lattice for this problem.
Each node other than 0 denotes a fault state, e.g., the node labelled "Al, A2" represents the state of
affairs where only the and-gates are faulty.

As before, the minimal conflicts are {XI, X2} and {XI, A2,01}. Given the observations, we can
say that one of XI and X2 must be faulty, and that components XI, A2 and Ol cannot all be working
correctly. The conflicts allow us to rule out certain nodes, which are shaded in Figure 7. Thus, we can
rule out the node labelled "Al", since both XI and X2 are deemed to be functioning correctly at this
node. The nodes that are left in the lattice fragment are all candidate explanations of the data.

All that remains is to read off the minimal candidates {XI}, {X2, A2}, {X2, Ol}: these are clearly
the minimal sets of components whose failure is consistent with the observations. Candidates such as
{A2, XI} are certainly consistent with the data, but they are subsumed by other candidates, in this
case {XI}. The upper levels of the lattice contain no minimal candidates, and are therefore not
included in Figure 7.
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AI.A2 AI.XI AI.X2 AI.OI A2.XI IA2.X3 AJ.OI XI.X2 XI.OI 1X2.0

Figure 7 GDE's candidate space for Example 2

It is relatively easy to see that the diagnoses of the two approaches coincide: Reiter's minimal
hitting sets are just GDE's minimal candidates (compare Figures 6 and 7). Both methods rely on an
inference engine to compute the conflict sets; Reiter assumes that a general purpose theorem prover
is available for this. GDE uses the ATMS to calculate the consequences of OBS in each environment,
starting with the empty one, and looks for an inconsistency signalling that the environment is a
conflict. Needless to say, the general problem of determining these sets is intractable* for large
numbers of components. However, the search space is normally much sparser than the full lattice,
because many joins will contain no consequences not found in their subsets.

The main differences between the two methods are as follows. Firstly, Reiter's algorithm
interleaves the generation of conflict sets with the generation of minimal hitting sets, while GDE
generates all the minimal conflict sets before computing minimal candidates. Moreover, the
algorithm is incremental, in the sense that it generates diagnoses in order of increasing cardinality.
Secondly, GDE exploits useful properties of the ATMS, e.g., the ability to record the drawing of
inferences while computing conflicts, as well as using probabilities to guide the search for minimal
candidates and cost functions to inform the selection of measurements. Although Reiter proves a
number of results about measurements, he provides no guidelines for selecting the next measurement
to make.

4 Explanations and scenarios

Poole (1988a) has a rather different proposal for using defaults in diagnosis. Given a set of facts F
and a set of defaults D, a scenario of (D, F) is defined to be a set D* u F, where D* is a set of ground
instances of elements of D such that D* u F is consistent. The facts are closed first-order formulas,
while the defaults are intended to represent "possible hypotheses", i.e., hypothesis schemas which
associates faults with their symptoms, and can be used to construct scenarios in which symptoms
are explained, and can be used to construct scenarios in which symptoms are explained. An
explanation of P from (D, F) is a scenario of (D, F) which logically implies P. The deductive closure
of a maximal scenario of (D, F) corresponds to an extension of (D, F) in Reiter's logic.

4.a Diagnosis in Theorist

Diagnostic reasoning from a causal model is really a kind of abduction. As a first approximation,
abduction can be viewed as the inverse of deduction. In deduction, we are interested in the
consequences C of a set of premises B in the context of some theory or set of axioms A. We can
represent this as the familiar pattern of inference: A, BY C, where "h" denotes derivability. In
abduction, we begin with the consequences C, and we are most interested in what premises B we have
to add to our axioms A such that A, B Y C. Normally, we want B to be parsimonious, i.e., to contain
no propositions that are not needed to derive C, and normally there is more than one set of premises
that will satisfy these requirements.

4 For GDE, the problem is NP-complete (i.e., the time complexity of the computation on a serial processor is exponential
in the number of components), since it is isomorphic to propositional satisfiability.
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The application of Poole's framework to diagnosis is briefly illustrated in Poole et al. (1987),
which describes the Theorist program. As the simplest possible example, let

F = {(VX)(FLAT-BATTERY(X) => -iSTART(X))};

D = {: FLAT-BATTERY{X)IFLAT-BATTERY(X)}.

Then

S = F u {: FLA T-BATTER Y(c) / FLAT-BA TTER Y(c)}

is a scenario which explains ~\START(c), for some car c. It explains ~\START(c) because the
nonmonotonic antecedent FLAT-BATTERY{c) is consistent with F and can therefore be added to
S. Once this has been done, —\START(c) follows from S as an ordinary tautological consequence. S
is a maximal scenario, because it contains all instances of all applicable defaults (assuming that c is
the only object in the universe). In fact, its deductive closure is the sole extension of (£>, F).

Here we do not have a complete system description of an automobile, which would require a
substantial knowledge base representing many man-years of knowledge engineering effort. Instead,
F contains an incomplete causal theory, detailing the consequences of known faults. Next, we look at
the way in which Poole's theory applies to multiple faults and multiple symptoms, using a slightly
more complicated example.

Example 3. Suppose that

F = {(VX)(FLAT-BATTERY(X) => -iSTART(X)),
(VX)(FLAT-BATTERY(X) => DEAD(RAD10-0F(X))),
(VX){DISCONNECTED(RADIO-OF(X)) => DEAD(RADI0-0F(X))),
(VX)(OUT-OF-GAS(X) = -\START(X))};

D = {: FLA T-BA TTER Y(X) / FLA T-BA TTER Y(X)
: OUT-OF-GAS(X) / OOUT-OF-GAS{X),
: DISCONNECTED(RADIO-OF{X)) / DISCONNECTED(RADIO-OF(X))}.

Let us seek an explanation of the set of symptoms

S = {-\START(c), DEAD(RADIO-OF(c))}.

There are now eight scenarios of (D, F) according to Poole's definition, five of which explain the
symptoms. However, only two of these explanations are really interesting:

F u {: FLA T-BA TTER Y(c) / FLA T-BA TTER Y(c)}

Fu{: OUT-OF-GAS(c)/OUT-OF-GAS(c),
:DISCONNECTED(RADIO-OF(c))/DISCONNECTED(RADIO-OF(c))}.

The other three are redundant, as they account for data several times over. Although Poole writes
that "a commitment to the Theorist framework is not a commitment to any particular control
structure", it is clear that one would like to generate explanations in an order that reflects minimality
(as in GDE) or cardinality (as in Reiter's algorithm). Console et al. (in press) have provided an
account of diagnosis from incomplete causal models that incorporates parsimony criteria in a
natural way.

In a recent paper, Bylander et al. (1989) show that abduction problems are only tractable if they
satisfy a rather restricted set of conditions:

• Independence. An explanation that is a composite hypothesis accounts for a datum if and only if
some hypothesis in the set accounts for it. Thus, we cannot allow the presence of one hypothesis
in the set to "disable" or "cancel" the explanatory power of another hypothesis. However, hypo-
theses in a composite are allowed to interact additively, i.e., we allow the conjunction of two or
more hypotheses to explain more data than the union of the data they individually explain.
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• Compatibility. The pool of hypotheses from which we draw to form composites must be
consistent, i.e. no combination of hypotheses must rule any other hypothesis out.

The authors show that there can be no tractable (i.e., polynomial time) algorithm for finding an
explanation for problems which allow cancellation. For problems which allow incompatible
hypotheses, finding a minimal explanation is tractable, but finding a "best" explanation (e.g., based
on some plausibility function defined over hypotheses) is not. These results are not surprising, but
they demonstrate that the causal approach is in no better shape than the first principles approach
with respect to computational complexity, and so control issues are crucial.

4.b Comparison with diagnosis from first principles

Reiter's use of defaults to minimize abnormality seems intuitively right for diagnosis. We assume
that components of a device are working unless we have evidence to the contrary, and in the event of
a fault we prefer parsinomious explanations of the symptoms. Poole's use of defaults, on the other
hand, seems too permissive; it tends to maximize abnormality, and we are supplied with no means of
preferring minimal explanations or preventing redundant explanations from being generated.

Furthermore, it is arguable that Poole's use of defaults is contrary to our understanding of what a
default is. A default of the form (: P/ P)is usually taken to mean that, all other things being equal, "P
is preferred to its negation" or "P is normally the case". But this is not what Poole's defaults mean.
The informal reading of (: P / P ) in a scenario seems to be "if it is consistent to suppose that the fault
P is present, then it is present". But it is presumably not intended to mean "we prefer the presence of
P to its absence" or "the fault P is normally present".

A related problem arises because Poole is content with a conventional (Tarskian) semantics for
his logic, which does not assign any meaning at all to defaults. He argues that it is scenarios (not
defaults) which have a semantic link to the world; defaults are just assumptions made in building
scenarios. Yet, in the course of diagnostic reasoning, we routinely hypothesize entities that may turn
out not to exist, such as a tumour in a patient's lung. As Reiter (1980, p. 91) points out, different
extensions of a default theory can support different ontologies, e.g., via defaults of the form
(a:(3X)F(X)I{3X)F(X)). Tarskian semantics cannot accommodate varying domains in any
straightforward manner, and so the denotation of "possible individuals" is left completely
unaccounted for.

Reiter's theory was unimplemented at the time of its publication, although it has since been
implemented by Smith (1988) using Overbeek and Lusk's (1984) Interactive Theorem Prover. Smith
has shown that Reiter's algorithm for generating a pruned hitting set tree is in fact incomplete,
because the pruning rule interacts with other rules. In the corrected algorithm, it turns out that
pruning does not always result in fewer calls to the theorem prover.

In the implementation of Theorist, it appears that explanatory theories are generated by depth-
first search and then tested by asking further questions of the user. No details are supplied about the
order in which explanations will be generated, and the only basis put forward for preferring one
explanation to another is specificity. Thus we prefer the diagnosis "bronchial pneumonia" to the
diagnosis "respiratory disorder". However, there may be multiple theories at the same level of
specificity which are consistent with the data.

In Poole (1988b), rather large claims are made for the generality and utility of Theorist as a
framework for comparing different approaches to diagnosis. An attempt to compare a number of
logic-based diagnostic systems on semantic grounds can also be found in Jackson (1989). At the
present time, it seems to be an open question as to what constitutes a good or useful framework for
such comparisons.

5 Counterfactuals and diagnosis

In addition to the work of Reiter and Poole, there is another approach to diagnosis which uses
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nonmonotonic reasoning, namely that advocated by Ginsberg (1986), which employs counter/actual
reasoning rather than reasoning by default.

Counterfactuals are conditional statements in which the antecedent is deemed to be false, e.g., "If
Waldo were rich, he'd live in Las Vegas". Considered as material conditionals, all such statements
are trivially true; thus "If Waldo were rich, he'd live in Milwaukee" would also be a true statement, if
Waldo were not rich. Yet the intention seems to be something like: "If things were more or less as
they are, except that Waldo were rich, he'd be living in Las Vegas", which rules out living in
Milwaukee. It is customary to write a counterfactual conditional of the form "if P then Q" as
"P > g" rather than "P => Q", in order to preserve this distinction.

Counterfactuals are not truth functional, because they can only be evaluated relative to: (i) some
theory of what the world is like, and (ii) some notions about what the world might be like if certain
things were to change. Informally, we want P > Q to be true if and only if Q is true in all those
plausible worlds where P holds which are most similar to the real world. From a formal point of
view, the problem is to specify what we mean by "plausible" and "similar". Counterfactual logic is
nonmonotonic, because it is possible that P counterfactually implies Q but that P A R does not. (For
example, R might be iQ.)

5.a Ginsberg's construction

As counterfactual statements are not truth-functional, we require some kind of construction,
consisting of possible worlds other than the current world, which we can inspect in order to decide
whether or not a counterfactual holds in the current world. Ginsberg's construction for
counterfactuals has the following components:

• an initial set S of sentences;
• a predicate B on 2s, the power set of S;
• a partial order < on 2s which extends set inclusion and respects B.

S is a theory of the world, B is a "bad world" predicate which declares some worlds to be
implausible, and < is a comparator of possible worlds along the plausible dimension.

Ginsberg's definition of plausible, similar worlds is as follows. A possible world for P in S is any
subset T of S such that

TV -\P;

and T is maximal with respect to < , given these restrictions.

The set of such worlds, W{P, S), is given by

{T<=S\TY iP&~iB(T)&{U^S\T< U & U V -iP & -\B(U)} = 0}.

A counterfactual P > Q is now true with respect to S iff

Tu{P}VQ for all TeW(P,S).

The "worlds" in W{P, S) are partial; they are really theories that can be taken as representing sets
of worlds. The basic idea is that if Te W{P, S) then T represents a minimum revision to S such that
f u {P} is consistent, T is not implausible, and no other revision of S is more plausible than T.

5.b Bad worlds and preferences

Ginsberg's definition is best understood with the aid of an example, adapted from his paper.

Example 4. Let b denote "I have a boat", o "I have oars", and r "I can row across the river", and let
S = {b, ~io, ~\r, b A o => r}. We want to show that o > r, i.e., that if I had some oars I could row
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across the river. To demonstrate this, we must show that r holds in all possible worlds most similar
to S in which o holds.

Let us begin by assuming that B, the bad world predicate, is empty, and that the world
comparator < is just set inclusion. Then W(p, S) is the set of all subsets T of S that do not entail ~i o
and which are maximal with respect to <:

W(p, S) = {{-ir, b A o => r}, {b, -ir}, {b, b A O => r}}.

Note that it is not the case that 7"u {o} hrforallTe W{p, S), so if Bis empty and < is set inclusion,
it is not the case that o > r. The problem is that the three elements of W(o, S) weaken S in different
ways to admit the addition of o. The first removes b, the second removes the conditional b A O => r,
while the third removes ~ir. Only the latter renders r derivable if o is added.

Ginsberg's solution to this problem has two parts. Firstly, the retraction of the conditional is
prevented by means of the statement

B(S-{b AO=> r}).

We say that the conditional is protected, because there are no circumstances under which we are
prepared to retract it. Secondly, the retraction of b is prevented by means of the preference

W-{b) < W-{-\r},

which states that losing the boat is less plausible than being able to row across the river.
This machinery has the desired effect.5 The revised W{o, S) only contains {b, b A O > r). r follows

from the addition of o to this set, and so o > r.

5.c Counter/actuals and minimizing abnormality

Given a diagnostic problem (SD, COMPONENTS, OBS), as in section 3, Ginsberg's approach is to
view a diagnosis as a counterfactual consequence of the observations. As in Reiter's approach, the
basic idea is that we compute those deviations from normality which are forced upon us by the
behaviour of the device. We perform this computation by retracting assumptions to the effect that
components are not abnormal.

Put another way, we start from the "perfect" world in which the device is functioning correctly,
represented by

SD* = SD u {-iAB(c) | c e COMPONENTS}.

Then we are made aware of observations which suggest that the device is not working properly. We
are interested in discovering those worlds most similar to the perfect world in which the malfunction
can be explained. Here, most "similar" means departing minimally from the perfect world, but
nonetheless explaining all the data. Clearly, there is a possible world in which every component has
failed, but this world will normally overexplain the data, and will therefore be more "dissimilar" than
it needs to be.

Let us refer back to the full adder of Example 2. Given SD* as defined above and OBS as in the
example, W(OBS, SSD*) contains the following worlds:

SD* - \-iAB(X2), -i/4B(A2)}
SD* - {-i/4B(X2), -iAB(Ol)},

so long as we protect all the formulas in SD. Note that these retractions corresponds to Reiter's
diagnoses of (SD, COMPONENTS, OBS): {XI}, {X2, A2}, and {X2, Ol}.

Furthermore, it is easy to see that the observations counterfactually imply —\AB(Al), because

5 A critique of Ginsberg's construction can be found in Winslett (1988).
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—\AB(A1) holds in each of the worlds listed above. Nonmonotonicity enters at this point, because it
is clear that —\AB(Al) may need to be retracted in the light of further information.

In summary, if the system description is complete, then the observations logically imply
alternative faults in the device, as in Reiter's approach. Furthermore, the normality of the other
components follows as a counterfactual consequence of the observations. Thus the notion of a
minimal fault, which we encountered in the work of Reiter, also falls naturally out of the
counterfactual construction.

The limitations of this approach are similar to the approach of Reiter, and therefore do not need
to be considered in detail. We must have a complete and consistent system description and we will
normally need additional device assumptions, e.g., to assure us that the wiring is not faulty.
Presently, it is not clear whether one of these approaches offers significant advantages over the other,
although Reiter's proposal is the more fully worked out.

6 Comparison with other approaches

In the introduction, we contrasted logic-based approaches to diagnosis using system descriptions
with approaches more commonly associated with expert systems technology, such as heuristic
classification. In this, the concluding section, we shall dig a little further into the AI literature to
effect a slightly deeper (but just as brief) comparison between the utility of nonmonotonic approaches
to diagnosis and the utility of approaches based on other kinds of causal reasoning. In particular, we
shall concentrate upon: (i) rule-based systems which also use an explicit representation of causal
knowledge, and (ii) probabilistic models of causal reasoning.

6.a Rules generated from domain models

A number of recent approaches to expert system construction rely upon the construction of a domain
model: some declarative representation of objects in the domain and the (primarily causal)
relationships between them. This model is then used as a basis for a further knowledge engineering
effort, usually the generation of heuristic rules. These rules are sometimes generated automatically
from the model, or else the model is used to supply a knowledge acquisition program with interview
strategies for the elicitation of rules from an expert.

The following systems are prominent examples of this approach: XPLAIN (Swartout, 1983),
MORE (Kahn, 1988) and MOLE (Eshelman, 1988). They are worth mentioning here because they
attempt to combine deeper causal knowledge with the shallower experiential knowledge we
associate with the rule-based approach. In particular, we need to consider whether or not this use of
domain models takes some of the force out of the arguments for logic-based approaches to diagnosis.

To give concreteness to the discussion, let us concentrate on a particular system, MORE. A
domain model for MORE contains symptoms, attributes that serve to further discriminate
symptoms, and events that are possible causes of symptoms and therefore serve as hypotheses. There
are also background conditions which make symptoms more or less likely given the occurrence of a
hypothetical cause, conditions which make hypotheses more or less likely, tests that can be used to
determine the presence or absence of any such background conditions, and test conditions that have
a bearing upon the accuracy of the tests.

This representation is used to generate three kinds of production rule:

(1) diagnostic rules which perform the heuristic mapping between symptoms and hypotheses;
(2) symptom confidence rules which qualify the data abstraction implicit in the symptom space with

estimates of test reliability under different background conditions;
(3) hypothesis expectancy rules which qualify the solution abstraction implicit in the hypothesis

space with estimates of the prior probability of hypotheses under different background
conditions.



Applications of nonmonotonic logic to diagnosis 113

Here a causal model is used not as a replacement for heuristic rules, but as an intermediate stage
of representation from which such rules can be derived. Having such an underlying model is
intended to make the process of building and debugging rule sets easier. In some systems, such as
XPLAIN, it is also used to produce explanations which go beyond rule tracing. (No work appears to
have been done so far on the explanation of diagnoses derived from first principles.)

Although systems like MORE are still in their infancy, they demonstrate that the two approaches
of: (i) causal reasoning from faults to symptoms and (ii) heuristic mapping from symptoms to faults
can be mutually supportive rather than mutually exclusive strategies. This hybrid approach to
diagnosis appears to be more flexible than approaches based solely on a device description, because
one does not require a complete domain model in order to generate useful rules. Neither does one
need as many simplifying assumptions as seem to be required by logic-based approaches. As Clancey
(1985) has pointed out, in the deep models required by the latter are hard to construct, even for
relatively simple electronic devices. Even Genesereth (1984) acknowledges that "not all design
descriptions are tuned for the task of diagnosis"—although part of the motivation for using design
descriptions is surely that (unlike rule sets) they are not supposed to need tuning!

6.b The role of uncertainty in diagnosis

In contrast with approaches from nonmonotonic logic, diagnosis by expert system typically involves
some form of inexact reasoning. This is partly because, as we noted in the introduction, one is
reasoning from symptoms to faults, rather than from faults to symptoms. (It is only rarely the case
that a set of symptoms uniquely identifies a disorder; physicians call such symptom sets
pathognomic.)

However, we have seen that nonmonotonic approaches still need some mechanism for comparing
the large numbers of explanations that they generate. Thus there may be a place here for quantitative
methods, such as certainty factors or Bayesian belief updating. The lack of such mechanisms appears
as a major weakness of some of the systems reviewed herein.

This section concentrates upon the main problems involved in trying to incorporate quantitative
methods into nonmonotonic diagnostic systems. The review will have to be cursory, with an
emphasis on trying to ask the right questions rather than providing any answers. Although no
pretence is made at completeness (or originality), it is claimed that any proposal must address at
least the issues raised here.

• Independence assumptions continue to cause problems for those who would incorporate Bayesian
belief updating into diagnostic systems. Although the algorithms for propagating degrees of belief
through causal trees have nice computational properties, and do not require the specification of
too many probabilities, the problem is greatly complicated once we are dealing with general
networks. Pearl (1988) has proposed some imaginative solutions to this problem, but it still
remains to be seen whether Bayesian methods will have practical utility in the diagnosis of
complex devices.

• Plausibility is not the only factor we need to to take into account when scheduling hypotheses for
further processing. Two factors of equal importance are risk and cost. Risk complicates matters
because a hypothetical fault with low plausibility may nonetheless be critical for health and safety,
and therefore takes precedence over more plausible hypotheses. Cost complicates matters because
there is considerable merit in performing quick or cheap tests first, regardless of the relative
plausibility of hypotheses. Such considerations have figured in many expert systems, e.g.,
INTERNIST (Pople, 1977).

• It is not obvious that quantitative methods are the only appropriate way of scheduling hypothe-
ses or preferring one explanation to another. Given that we are mostly interested in ordering
hypotheses, and given that the grounds for ordering hypotheses involve domain-specific
knowledge that can be reasoned about, there is at least a case for exploring non-numerical
methods, e.g., reasoning with statements of the form "under conditions C, I prefer explanation E
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to explanation F". The apparent precision of quantitative methods may be illusory in cases where
we are assessing probabilities of failure in novel devices where there is very little experiential
basis for subjective judgements.

The research literature on the application of nonmonotonic reasoning to diagnosis has some way
to go towards dealing with these difficult problems. As noted in section 1.2, de Kleer and Williams
(1986) determine the next measurement to make using a cost function based on entropy, and use
probabilities to search for candidates. Their simplifying assumption that components fail
independently is more reasonable in some domains than in others, but relaxing it requires the expert
to supply large numbers of additional probabilities.

Other researchers have augmented ATMS with the Dempster-Shafer theory of evidence (e.g.
Provan, 1988; Laskey and Lehner, 1988). However, computing the Dempster-Shafer mass function
is intractable6 in the worst case. As in basic ATMS, efficiency depends upon being able to ignore
whole areas of the search space due to limited interactions between components. Also worth noting
is Peng and Reggia's (1986) account of hypothesis plausibility in terms of Bayesian decision theory.
They suggest using relative likelihood as a heuristic function to guide a best-first search for
irredundant diagnoses.

As mentioned earlier, Smith (1988) has implemented Reiter's theory of diagnosis, and her thesis
contains a number of suggestions concerning ways in which a first principles program might "home
in" on the correct diagnosis.

• Collect more than one set of observations, e.g., using different inputs. This makes more
information available about the behaviour of the device. Smith presents an algorithm for creating
a composite diagnosis from the individual diagnoses derived from different observation sets.

• Use probabilities of component failures (if available) to guide the construction of minimal hitting
sets, rather as de Kleer and Williams used them to guide the generation of candidates.

• Smith suggests a heuristic for generating tests based on the notion of functional dependency
between components. Briefly, component Cl is functionally dependent on component C2 if and
only if the value of the output of C2 must be known to determine the value of the output of Cl; C2
is therefore in the dependency set of Cl. Each suspect component is assigned a weight based on the
size of its dependency set and the number of minimal conflict sets in which it appears, and the
component with the largest weight is selected for measurement.

Although lacking an information-theoretic basis, it is clear that testing components with large
weights will tend to reduce the number of competing diagnoses, since such measurements introduce
powerful constraints upon the states of other components. An advantage of Smith's heuristic is that
it does not require any information which is not already included in the system description (SD) or
the observation set (OBS). It is possible to identify the dependency set of a component using
simultation techniques, such as constraint propogation.

6.c Summary and conclusions

Proposals for the application of nonmonotonic logic to diagnosis are intrinsically interesting for a
number of reasons:

• Proposals based on device descriptions give us an entirely different perspective on the knowledge
engineering problem by shifting some of the responsibility for supplying knowledge from the
troubleshooter to the designer. This may facilitate the knowledge acquisition process, if the
requisite information is readily available in a form that lends itself to declarative representation in
some logical language.

• Proposals based on causal models also facilitate knowledge acquisition in domains where the link

6 Computing the mass function can be represented as a Network Reliability problem and shown to be NP-hard.
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between cause and effect is relatively well understood. Expert system architects are also

discovering the advantages of having an intermediate causal representation, as we have seen.
• There is little evidence that human experts engage in reasoning that is strictly probabilistic.

Experts often agonize over the attachment of numerical weights to rules, and their main concern is
often to create a partial order of rule strengths (see Buchanan and Shortliffe, 1984, p. 155). Some
non-numerical features of nonmonotonic reasoning, e.g., consistency among assumptions, and
similarity among possible worlds, appear to provide alternative mechanisms for diagnostic
inference.

There are a number of problems with the present versions of these proposals which suggest that
we should not expect results too soon.

• If design descriptions need to be tuned for diagnosis, then we need some methodology for
performing this task (and maybe ideas for automating it).

• We need to understand causal reasoning far better than we do at present. It is not clear that
present approaches are adequate for complex tasks, or even convincing from a formal point of
view. For example, few AI models of causation incorporate temporal considerations (although see
Shoham, 1988).

• The preference machinery provided by existing nonmonotonic approaches is not sufficient for the
task of ordering hypotheses, and the tractable methods proposed by Bayesians embody quite
restrictive assumptions.

It is possible that diagnosis from first principles, in its purest form, will always be confined to
certain domains, namely those which are governed by a finite (and preferably small) set of laws that
are capable of being precisely stated. Thus it is no coincidence that the examples are almost
invariably drawn from the domain of electronic circuits.7 Certainly more research will be required to
justify some of the claims to generality that have been made in the literature. Nevertheless, the link
that such work is forging between design and diagnosis is an extremely valuable one. Similarly, the
link between causal reasoning and simulation is one that is worth exploring, even though our
current models of causation are rather rudimentary. The safest prediction that one can make is that
insights from nonmonotonic logic may be successfully incorporated into hybrid systems which use
deep knowledge in combination with heuristic rules.
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