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Abstract

The computation of effect-to-cause (called also
deductive) diagnoses is rather straighforward
whatever the considered framework- logical,
neural, etc. This paper focuses on the compu-
tation of cause-to-effect (called also abductive)
diagnoses. Ultimately, we show how mechanize
the abduction within a neural framework and
illustrate our mechanization by illustrative ex-
amples. Finally, we present instructive lessons
learnt from our experimentation with NdL (a
Neural Diagnosis Laboratory) and point out
the innovative features of this work as well as
the important issues deserving further investi-
gations.

1 Prologue

Many research activities are devoted to diagnosis where
different methods have been explored. Among these
methods, let us mention default trees [Breuer and
Friedman, 1976}, model-based diagnosis [de Kleer and
Williams, 1987; Reiter, 1987; Raiman and de Kleer,
1992; Ayeb et al., 1993], empirical-based diagnosis [Peng.
and Reggia, 1987; Ayeb, 1994] associative neural net-
works [Appolloni et al., 1990; Jakubowicz and Raman-
nujam, 1990; Gaudill, 1990]. From an abstract point
of view, diagnostic methods can be characterized by the
framework and the nature of knowledge used. The frame-
work delimits the adopted approach and the starting
background such as logical, neural, data analysis, etc.
The nature of knowledge specifies whether we make use
of fault trees, statistical data, behavior models, empirical
associations, etc.

In this paper we consider two kinds of framework, log-
ical and neural, and make use of one nature of knowl-
edge i.e., empirical associations. Therefore, like in [Peng.
and Reggia, 1987] we define a diagnostic problem
(DP for short) as a three-tuple DP = (C,€,R), where
C = {c1,-+,¢cn}, is a finite set representing the possi-
ble causes; £ = {e1,---,em}, is a finite set representing
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the possible effects; R = {(ci,ej)/ci ECAej € £},isa
subset of the Cartesian product C x £ representing the
relationships between causes and effects.

Let DP = (C,£,R) be a given diagnostic problem,
then an observation for DP is defined as a subset
E = {ej,, --,¢ej,} of £ representing observed effects.
Now considering a couple (DP, E), we define the concept
of a solution (or a diagnosis). Intuitively, a diagnosis is
a subset of causes ezplaining the observed effects. The
meaning of ezplain depends on our intuitive interpreta-
tion of the diagnostic knowledge embedded in R and its
representation types. In fact, there are two ways to in-
terpret the given diagnostic knowledge and ultimately
two definitions of what is a diagnosis.

The first way consists in interpreting this knowledge
embedded in R as a set of empirical associations relat-
ing effects to causes. Within a logical framework, R will
be represented as a set of formulas Ky of the following
form: e;, A---Ae;, = cj. Within a neural framework
R will be mapped into a neural network having effect
cells as its inputs and cause cells as its outputs. Here,
we call a diagnosis for a given couple (DP, E) as being
an effect-to-cause diagnosis. Clearly, the computa-
tion of effect-to-cause diagnoses is straightforward both
in neural and logical frameworks. Typically, within a
logical framework an effect-to-cause diagnosis A4 can be
obtained by direct deduction from the set K4 U E -ie.,
Ag4 is a subset of C such that KU E = A4, Within
a neural framework, the diagnostic problems are further
reduced to mere classification problems. Hence, a Per-
ceptron like neural networks can be very effective to gen-
erate the effect-to-cause diagnoses. That is why most
of diagnostic neural proposals [Appolloni et al., 1990;
Gaudill, 1990; Jakubowicz and Ramannujam, 1990), fall
into this category.

The second way consists in interpreting this knowledge
embedded in R as a set of empirical associations relating
causes to effects. In this case, we call a diagnosis for a
given couple (DP, E) as being a cause-to-effect diag-
nosis. Specifically, within a logical framework, R will
be represented as a set of formulas K, of the following
form: ¢; = €;, A--- Ae;,. A cause-to-effect diagnosis
for (DP, E) is a subset A, such that A, U K, | E, and
A, C C is minimal w.r.t set inclusion or cardinality set.
Clearly many difficulties arise both in neural and logi-
cal frameworks. In particular, a more complex reasoning




process is required to generate cause-to-effect diagnoses.
Typically, within a logical framework, we must require
an abductive (called also hypothetical) reasoning since
mere deduction is not sufficient. Similarly, within a neu-
ral framework, cause-to-effect diagnoses cannot be ob-
tained by a simple association mechanism since diagnos-
tic problems cannot be reduced to a mere classification.
That is why very few proposals have been suggested to
address cause-to-effect diagnoses computation.

In fact, the intuition of effect-to-cause and cause-to-
effect diagnoses can be outlined as follows. The set of
causes in an effect-to-cause diagnosis can be viewed as
an evidence ezplaining the presence of the observed ef-
fects, while the set of causes in a cause-to-effect diag-
nosis can be viewed as a (minimal) conjecture ezplain-
ing the presence of the observed effects. Of course, the
interpretation of cause-to-effect diagnoses is more natu-
ral since the effect-to-cause diagnoses tend to loose the
“structure” of knowledge [Poole, 1988]. Despite the dif-
ferent meanings conveyed by effect-to-cause and cause-
to-effect diagnoses, both have been used in many di-
agnostic applications. Within a logical framework, let
us mention the diagnostic expert system MYCIN (effect-
to-cause diagnoses) and the abduction based diagnoses
[Cox and Pietrzykowski, 1987; Ayeb et al., 1993] (cause-
to-effect diagnoses). Within a neural framework, most
of proposals such as [Appolloni et al., 1990; Jakubow-
icz and Ramannujam, 1990; Jakubowicz and Ramannu-
jam, 1990] generate effect-to-cause diagnoses. Nowadays
there are few proposals, namely [Peng. and Reggia, 1989;
Goel et al., 1988], aiming at the generation of cause-
to-effect diagnoses within a connectionist/neural frame-
work. There is no accident since the mechanization of
abduction raises many difficulties and challenges regard-
less the adopted framework, neural or logical.

The purpose of this paper is three-fold. First, bridge
the gap between the neural framework and the conven-
tional one. Second, propose an effective neural model
mechanizing the abductive reasoning. Third, present in-
structive lessons learnt from our experimentation with
NdL'. The rest of this paper is organized as follows. Sec-
tion 2 points out the background and principles of this
work. Section 3 presents our neural model to mechanize
abductive reasoning. Section 4 shows the computation of
abductive diagnoses of some illustrative examples within
NdL. Section 5 briefly analyses our model and points out
the important issues deserving further investigation.

2 NdL: A Brief Background

According to its definition, a cause-to-effect diagno-
sis (called also hypothetical or abductive [Cox and
Pietrzykowski, 1987; Ayeb et al., 1993] diagnosis) is a
conjecture of causes explaining all the observed effects.
Clearly, a pair (DP, E) may admit several abductive di-
agnoses, hereafter called diagnostic candidates. An im-

!NdL (Neural Diagnosis Laboratory) is a component of
*dL which is written in C++ with an interface to Rochester
system tool [N. H. Goddard and K. J. Lynne and T. Mintz,
1988]. Since the computation of effect-to-cause diagnoses is
straightforward, in this paper NdL focuses only on the com-
putation of cause-to-effect or abductive diagnoses.

portant issue is then to define some criteria pointing
out the best diagnosis among the diagnostic candidates.
Two criteria are usually adopted in literature: parsimony
covering and mazimal plausibility. Parsimony covering
states that the best diagnosis must include a minimal set
of causes. Such a minimality can be considered w.r.t set
inclusion or cardinality set. Maximal plausibility states
that the best diagnosis must have the most likelihood
w.r.t a given belief function. Depending on each case,
the belief function can be attached individually to causes
or to causal relationships. In fact, there is a potential
conflict between these criteria since the parsimony cov-
ering (resp. maximal plausibility) represents a global
(resp. local) optimization. Fortunately, such a con-
flict can be resolved by adopting a precedence relation
between them. Unfortunately, the soundness of these
criteria is case-dependent and is based on several, how-
ever conventional, assumptions—-see [Console et al., 1989;
Goel et al., 1988; Peng. and Reggia, 1987] for more
details. In this work, we adopt these conventional as-
sumptions and characterize the best diagnosis in terms
of minimal cardinality and maximal plausibility.

In order to model a diagnostic process generating such
best diagnoses, the neural network should support com-
plex patterns of interaction between effects and causes,
among causes and possibly among effects. This pro-
cess should allow those cells representing most plausible
causes to be activated and those which are not to be in-
hibited. The role of competition has long been endorsed
[Peng. and Reggia, 1989]. The main issue is how to
model it. A simple form of competition is to sum up in-
puts to each cell and take the most “excited” cell or cells
as the results of the competition without any transient
adaptation. The precision of this form depends heav-
ily on the connection weights (prewired knowledge) and
does not allow the network to sufficiently "relax”. Es-
sential causes may be kicked out if their initial activation
strengths are not high. Equilibrium based competition
provides better chance for network relaxation. However,
as being pointed out in [Peng. and Reggia, 1989), it is
very difficult, if not impossible, to model, through simple
inhibitory connections with static weights, complex rela-
tionships such as competition between two causes when a
common effect shows up and cooperation between them
otherwise. It is also very difficult to model the “essential-
ness and/or plausibility” of a cause. Thus, the network
should involve a dynamical activation mechanism that
takes into account varieties of factors to model a desired
phenomena of winners-take-others.

Our proposal is based on fundamental neural activa-
tion principles, discussed in [Grossberg, 1988], and a gen-
eralized synaptic adaptation rule of Hebb. Cells in our
neural model are based on a shunting equation. Inter-
actions among cause cells and between cause cells and
effect cells are emulated. All the cause cells which have
one of the observed effects are activated at the begin-
ning by the active effect cells. Activities of cause cells
reflect the network’s belief on the plausibilities of the
causes. Temporal adaptation and normalization of the
weights between cause and effect cells are modeled to
reflect the changes in the distribution of cells’ activities,
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while adaptation of the weights between cause cells reg-
ulates inhibition strengths. Both together act in favor of
those cells having the strongest support from observed
effects or being indispensable to explain certain effects
and allow to eliminate those causes that are not essential.

In the proposed neural architecture, cells in the net-
work are grouped into two main layers £ representing
all the possible effects, and C representing all the possi-
ble causes. Ultimately, we use the following conventions:
the activity value z; will denote the degree to which a
cause or an effect holds. We shall use w;; to represent
the weight of the (excitatory) connection between effect
cell e; and cause cell ¢;- i.e., w;; stand for the fuzzy or
uncertain (including probablistic) relationship between
ej / ci. Cause cells ¢; and c; will be connected if they
have at least one common effect— i.e. iff there exists j
such that w;; wi;j # 0. The inhibitory strength between
cause ¢; and ¢; explaining their common effects will be
quantified by ;.

3 NdL: The Underlying Mechanics

The activity z; of a given effect cell e; is set to a given
constant ; if the effect e; is in the given observation £
—Otherwise z; is set to zero. Moreover, their activities
will stay unchanged through out the reasoning process.
In its turn z; the activity of the cell ¢; is governed by the
shunting competmve equation [Grossberg, 1988]: Si=
—Az; — z; Ti Lix f(zi) + Zjw;j zj, where A is a small
positive real number (i.e., 0.1) representing the decay
rate of the cell ¢;. Let us rewrite the above equation
as follows: "—’t* = —Az; — z; IH; + EX;, where IH; =
Zi Iix f(z:) and EX; = & w;; z;.

In fact, IH; is the total inhibitory input to the cell
¢; from all the other cells in the layer C. Its action on
the activity of the cell ¢; is modulated by the activation
level of the cell ¢; itself. This guarantees smooth evo-
lution of cell activity and long transient period during
which the network is devoted to the reasoning process.
Conversely, EX; is the total excitatory input to the cell
¢; from layer £. Observe that EX; is not modulated by
z; since EX; is a supporting evidence of the cause c;.
Note also that in absence of the excitatory inputs (i.e.,
EX; = 0), the activity z; will converge to zero due to
the decay parameter A.

The reasoning process is modeled by iterative updat-
ing of cells’ activity. It can be summarized in two major
stages. Steps 1 and 2 form the first stage for initializ-
ing all possible causes. Steps 3 to 6 form the second
stage engaging the network into a competitive reasoning
process. Here the different steps:

oStep 1.0e z; — ¢;,Ve; € E

This first step consists of initializing the activity of
effect cells ¢; by the input data. We should suppose
that values 1; be positive and normalized (i.e. bounded
above).

oStep 2.0e z; — E—f‘,\'/z;

This second step gives a formula to initialize cause
cells ¢;. It is obtained assuming that when the effects
turn on, the network converges immediately to a stable
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state before the competition process begins. This means
d’ = 0 while IH; = 0 for all 1.
oStep 3.00 z; — ﬁ%—i,Vz.-

This third step consists of resolving the system of non-
linear differential equations in its stable state =0)
assuming that the states of the cells vary smooth y from
one iteration to another and the output of each cell f(z)
is approximately constant within a short time interval.

An important property is that z; increases with EX;

(depending on the connection of all weights w;;) and de-
creases with IH; (depending on a great extent on the
connection weights I;z). Further more, when EX; > 0,
we have z; > 0.

oStep 4.10 w;; — w;j + a zj z;,Vw;; > 0

oStep 4.20 w;; — “%f:}I[Vw.'j > 0;

ostep 4.30 I;; — I;x—p 63.» 62:gyVI|'k/wijo Wkjo # 0
This fourth step updates the connection weights to

reflect the current variations of the network’s belief on

the plausibilities of the causes. The formula w;; «~
wij + a zj z; together with the normalization w;; «
wi;/||w. ;|| consists of a redistribution of belief strengths
w;; that e; is caused by c¢;. Clearly, causes gaining

greater belief are normally those that resist better the

competition. On the other hand, the normalization for-
mula ensures that an exclusive cause is always gaining
the maximal belief, which is 1, no matter how strong the
other competitive cells are.

The formula L; ; — Ly — B 6z, 6, aims at alter-
nating inhibitory connections. Keeping in mind that a
connection I;; exists if and only if both ¢; and ¢; havea
common effect. The formula is applied only to a I;; con-
necting two causes that have a common effect appeared
in the observation. If the activity z; and z; of such two

causes vary in the opposite direction, then one of the
causes seems to get more evidence and the inhibition

weight is increased to locally accommodate the changes.
On the other hand, if z; and z; both decrease or in-

crease, which is likely to happen at the beginning of the -

reasoning process, the network is still in the search of a
right direction— especially when they both increase. This

step is crucial since it implements a form of competition -

between cells without using the simplist winner-take-all

approach. It allows to eliminate causes which don’t re-

ceive enough support and which are not essential. In
our experiments, o and f are chosen to 0.1 and stay
unchanged during the reasoning process.

oStep 5.0e w;; — 0,Vw;; < ¢,

This fifth step is simply for pruning and eliminates
those causal relations no more significant for the subse-
quent reasoning.

oStep 6.1e when (z; > 0 A ezclusive(c;),Ve;)

return({¢;/z; > 0})
oStep 6.2e go to eStep 3.0e

ZNote that 6., (resp. 6z, ) is the variation of z; (resp. z)
between two succeeding iterations.
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The sixth step includes the termination test. The rea-
soning process is terminated when each of the remaining
causes is exclusive. It is worth noting that a cause ¢; is
temporarily exclusive if there is an effect e; such that c;
is the only remained cause that has e; as an effect. Ex-
clusiveness is thus related to the temporal belief of the
network. The goal of the network updating is to elimi-
nate those causes which are not considered to be essen-
tial and make every remaining cause exclusive w.r.t. at
least one observed effect. Formally, ezclusive(c;) holds
iff Jej, € E/wij, > 0 A wij, =0,V k #d.

4 NdL: A Few Experiments

For the sake of illustration, let us consider the following
mechanical diagnostic problem adapted from [Console et
al., 1989] where we suppose that the mechanical knowl-
edge is expressed as a set of relationships between causes
and effects instead of a causal network as in [Console et
al., 1989). '

4 MustCeanie 3

oil_engine_cause ——— ab_smoke_engine
MustCeause

oil_engine_cause ——— ab_acceleration_engine
CenCeause

oil_engine_cause ——— ab_vapour_engine
MustCause

otl_engine_cause

ab_hight_temperature
CenCeause
oil_engine_cause ———— ab_dirty_oiled_engine
CenCeause
spark_plugs.cause ————— ab_smoke_engine
MustCause
spark_plugs_.cause ——— ab_starting._engine
MustCeuse
spark_plugs_cause ——— ab_acceleration_engine
K34 CenCeause . - . ’
spark_plugs_cause ———— ab_ignition_engine
CenCause
spark_plugs.cause ———— ab_noise_engine
CenCeuse
carburettor.cause ——— ab_gasoline_smell

MustCause
carburettor.cause ——— abnoise_engine
MustCause
carburettor_cause ——— ab_acceleration_engine
MustCavuse
H20level.cause —— ab.ligths_status
MustCavuse
H20Jevel.cause —— ab_weak_battery
MustCause
H20.level.cause ——— ab.alternator
CenCause
\ H20Jdevel_.cause ———— ab_ignition_engine J

To build the neural network (see Fig. 4.1 (b)) for our il-
lustrative example, NdL requires a formal specification
given in Fig. 4.1 (a)- note that a complete specifica-
tion within NdL consists of six sections devoted to the
syntactic level (e.g., network topology) as well as the
semantic level (e.g., relationships interpretation, incom-
patibility of pairs of causes). However, only a snapshot
of the specification is given to save space in this paper.

3We have distinguished two types of relationships (i.e.,
MustCause and CanCause) to qualify the causal relation-
ships. For instance, the 1st. (resp. 3rd.) sentence of K
tells us that an abnormal smoke (resp. abnormal vapour)
from engine must (resp. should) be observed if the initial
cause consists in an oil engine. Clearly, this interpretation is
for the sake of illustration since one could introduce several
qualifications (e.g., Leads_To or MayManifest) expressing a
variety of relationships. Such a discussion on the modeling
issue is left for a subsequent long paper on NdL/xdL.

LINKING SECTION
link Cl El "

BINDING SECTION
bind oil_engine Cj;;

o

link C4 Eg;;

ind carburettor Cy;;

bind ab_smoke_engine E; ;;
bind ab.ignition.engine Ej2;;

CAUSALITY SECTION

Fig. 4.1 (a): A Partial Network Specification Within NdL.

Fig. 4.1 (b): The Build Network.

From a theoretical viewpoint, excitatory and in-
hibitory connection weights (i.e., w;; and I;;) can be
initialized to any values. However, NdL does not initial-
ize these weights neither randomly nor in a brute force
way but by first asking the user to select a initialization
directive. NdL provides a variety of directives which
help the network to quickly converge. Succinctly, a di-
rective is a mapping that quantifies the causal relation
between causes and effects (excitatory connections) and
those between causes (inhibitory connections). For our
illustrative example, we select the following simple direc-
tive assigning 1 (resp. -%) for an excitatory connection
w;;j between a cause c; and an effect e; depending on
whether e; must (resp. might) be observed. The ratio-
nale behind this directive stems from the following fact:
the excitatory connections must reflect our belief of the
causal relation between causes and effects.

Considering the inhibitory connections I;; between
two causes (say ¢; and ci), one common directive sug-
gested by NdL is to “normalize” the number of common
effects between both causes. This directive is motivated
by the following observation: since the connection weight
between two causes reflect mutual inhibition strength it
should be proportional to the number of the common
effects. Nonetheless, NdL normalizes these numbers to
yield small connection weights— otherwise the effect of
inhibition will be so strong that the cause will not be
sufficiently activated to sustain the competition process.
Of course, if two causes do not share common effects
then I;; does not exist— see Fig. 4.1b. Consider our
illustrative example, Ioil-engine.cauu.H2O_level.zaule and
Icarburettor_cau‘e,HQO_leuel_cau.le dO not eXiSt, Whel'eas the
other in-
hlbltory connections are: Ioil-engine_cauae,apark_plugl_cauu

= Iapark.plugs-cauu,oil-engine-coun = 2/5 = 0'4;

Ioil-engine_cauu,carbureﬂor-caule

Icarburcttor-cnuae,oil_:ngine_cmue = 1/5 = 02,
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Iapark.plug-_cauoe,carburettor_cauue
Icarbureuor-cauoe.lyark_y(ug-_cauoe = 2/5
Ilpnrk.plugs-cauoe,HQOJevel.cau‘e
IH2O_l¢vel_cauu.lpark_pluga_cauu = 1/5 =0.2;.

Assume that we jobserve an abnormal status of
lights and an abnormal acceleration, and notice a
likely abnormal noise of engine. By starting NdL,
a short dialog* leads to the specification of E, =
{ab_lights_status,ab_acceleration_engine,ab.noise_engine} as the
set of observed effects and Vo = {WYab_iights_status =
Kbab.accelcration-cnyine =1, 'l’ab-noiu.engine = 0-5} as the
initial activity of the cells corresponding to observed
effects— step 1 of the reasoning.

Now, NdL enters the network in the competition pro-
cess summarized in Fig. 4.2.

1.0 9

08 ~

0.6 ~
OIL_ENGINE

SPARK_PLUGS
CARBURETTOR
H20_LEVEL

e

04

Activities

4
0.2 -

0 4

30 40

S0 60 70 80

90 100

Iterations

Fig. 4.2 (a): Activities Evolution.

1.0 =
.4

0.8 =

0.6 =

Weights
=

04 o

02~

o PR

00

Iterations

Fig. 4.2 (b): Weights Evolution.

The initial activities of cause cells are 0.79 for carbu-
rettor, 0.52 for H20level, 0.37 for spark_plugs and 0.32
for oil_engine. Due to the mutual inhibition, oil_engine
and spark_plugs causes are quickly eliminated as de-
picted in the evolution of the activities (Fig. 4.2 (a))
and the evolution of the excitation weights (Fig. 4.2
(b)). Conversely, carburettor and H20 level causes are
the winners of the competition process. From the Fig.
4.2 (b), one can see that for a surviving cause there is one
weight that gradually converges to 1. This means that
cause becomes exclusive- here carburettor is exclusive to
gasoline_smell. At the end of this competition, NdL col-
lects the winners causes {carburettor, H20_level}, that is
the final diagnosis.

Now let us consider two additional observations to
point out an interesting behavior of NdL. Let E; and E,

#Unfortunately, we cannot report here sample snapshots
of dialogs which are space consuming.

1336 Neural Networks

be two observations together with their initial ¥; and ¥,
specified as follows: E; = E; = {ab_acceleration_engine,
ab_ignition_engine, ab_noise_engine,
ab_gasoline_smell}, whereas ¥; = {Yab_ignition_engine = 0.5,

d’ab_accelcraﬁon_zngine = 'ﬁab-nm’u.cngine = '/’ab-gaooline-cmd& A
=, 1}, and v, = {'l’ab_igniﬁon-engine = i
'/’ab.accelerahon.eng-ne = 'bab_noue_cnyme = d’ob.gtuolule-anuu

= 0.5}. As before, NdL engages the network in a com-
petition process summa.nzed in Fig. 4.3.

1.0 5
4w e
08 -
"
v -
- ———
& 06 = oIL_ENGINE
> 4 =@ SPARK_PLUGS
P —@— CARBURETTOR
0 04 =0 H20_LEVEL
< 10 :
02 -
4 - .
00 - A Q Q Q o © o Q

Iterations

Fig. 4.3 (a): Activities Evolution w.r.t (Ey, ¥;).

1.0 1
= -
0.8

0.6 -

= OIL_ENGINE
=9 SPARK_PLUGS
—@— carsufizTTOR
—

Activities

04 -

02

00 =

50 60 70 80

Iterations

0 10 20 30 40

Fig. 4.3 (b): Activities Evolution w.r.t (E,, ¥3).

This time NdL proposes {carburettor, spark_plugs}
(resp. {carburettor, H20_level}) as the final diagnosis for
E; (resp. E3). From the formal viewpoint, both diag- =
noses are pretty good. However if we take the interpre-
tation viewpoint we would prefer that both observations
yield the same diagnosis {carburettor, spark_plugs}. The
reason leading NdL to propose different diagnoses stems -
from the following: our exclusivness criterion does not
take the initial activities of effet cells (i.e., ¥) into ac- |
count. A slight adaptation of our neural model is under
development. 3

5 Epilogue :
Many challenges are raised by the mechanization of ab-
ductive reasoning regardless of the considered frame
work, conventional or neural. For example, the com-
putatlonal challenges within a conventional framework
have been pointed out by many authors [Baylander ef
al., 1991; Goel et al., 1988; Console et al., 1989; Ayeb el
al., 1993; Ayeb, 1992]. Considering a neural framework
such a mechanization is difficult because it involves mul- -
tiple and bidirectional inferences. Several causes may
have a common observed effect, which one of them is the -
actual cause? Neither Perceptron-like associative neural
networks nor more flexible models like ART [Carpenter




and Grossberg, 1987], bidirectional associative networks
[Kosko, 1988] can easily be used to produce the desired
winners-take-others phenomena.

A common approach to model symbolic processing
(e.g., abduction-based diagnosis) by neural networks,
consists in mapping the original problem into the search-
ing for an ideal stable state of a dynamic neural system.
This stable state usually correspond to the minimum en-
ergies of the system. This has been the basic principle
used in [Hopfield and Tank, 1985] to resolve the Traveler
Salesman Problem. The proposals suggested by Peng
and Reggia [Peng. and Reggia, 1989] and by Goel et al.
in [Goel et al., 1988] are also based on this principle. Our
proposal can also be analyzed in terms of minimization
of an energy function. In fact, the main advantage of
using an energy function is to model straightforwardly
the process aiming at the construction of the best diag-
noses w.r.t minimal cardinality and maximal plausibil-
ity. Within NdLa diagnosis is generated from the diag-
nostic candidates through competition and cooperation
between causes. The plausibility of the best diagnosis
results from the competition that strongly favors those
causes either with a high strength or exclusive. Minimal
cardinality also results from this competition process in
that as long as there is a non-exclusive cause the com-
petition will continue.

Exponential explosion is often the main issue of abduc-
tive reasoning to find the best diagnosis w.r.t the adopted
criteria. In fact, there are two methods to construct a
neural (connectionist) system mechanizing the abduc-
tive reasoning. The conventional method consists of two
steps: (1) propose a target/energy function modeling the
adopted criteria; (2) design the architecture of the net-
work to optimize (maximize or minimize) the proposed
function. Both proposals discussed earlier have adopted
such a conventional method. The second less conven-
tional method also consists of two steps: (1) design the
architecture of the network w.r.t the diagnostic problem
at hand; (2) analyze the network dynamics and the prop-
erties of the generated diagnosis. Our proposal adopts
the second method. The main advantage of the con-
ventional method is to make available the target/energy
function in a earlier stage. Unfortunately, such an ear-
lier availability imposes several constraints on the net-
work design and optimization mechanisms to be used.
On the other hand, the second method offers the ad-
vantage of imposing serious constraints on the network
architecture, allowing to take into account the charac-
teristics of the diagnostic problems. Nevertheless, such
an advantage depends on the availability of means (e.g.
an energy function) to analyze the network dynamics.
That is why we suggest the following energy function for
the proposed network. Consider the following function:

a) 23 +B 3 ; (T, wij —\/2; wh)?, where a and 3 are
two given constants. Clearly, if the weights issued from

each effect are normalized with the Euclidean norm (i.e.,
¥ w}; = 1), then we can rewrite the above function as:

ay . z? + B3 (3 wij — 1)2. Observe that both terms
in the energy function are related to cardinality crite-
rion since each active cell of a diagnostic candidate con-

tributes to each of them. The second term corresponds
to the concept of exclusiveness since (3, wij —1)? = 0 iff
Jig such that w;,; = 1 Aw;; =0,V i # ig. Consequently,
the exclusivity can be guaranteed provided that 3 is suf-
ficiently large w.r.t a. Yet, one could argue that the
energy function does not explicitly take into account the
plausibility criterion. However, this criterion is a built-
in part in the competition process. Indeed, the second
phase of the proposed procedure ensures that only those
cells with high sustained inputs, namely highly plausible
causes, or cells which are/become exclusive, namely the
only plausible causes for some effects, can survive the
competition.

Before closing this paper, let us point out the distinc-
tive features of this work w.r.t related workS. The first
distinctive feature of our proposal w.r.t those of [Peng.
and Reggia, 1989] and [Goel et al., 1988] stems from
the additive updating rule while still having an energy
function taking minimal cardinality and maximal plau-
sibility into account. This results in an effective neural
network architecture. Note that the proposals of [Peng.
and Reggia, 1989] and [Goel et al., 1988] are rather
connectionist network architecture (or high order neu-
ral network architecture). In fact, this results from their
multiplicative function to take minimal cardinality and
maximal plausibility into account. The second feature of
our proposal consists of the temporal adaptation of con-
nection weights. The connection weights are adapted
to reflect the network’s temporary belief on the plausi-
bility of causes. Thus, the competition between causes
is modeled through two mechanisms, updating activities
of units and updating weights. Clearly, this adaptation
speeds up the convergence to generate the appropriate
diagnosis. It also determines the termination condition
without using arbitrary thresholds.

This work can be extended in several directions re-
lated to methodological, theoretical and developmental
aspects. For example considering the methodological as-
pect, it seems important to study the different classes of
diagnostic problems and define the appropriate criteria
characterizing the best diagnosis of each class. In the
same vein, addressing the mechanization issue of diag-
nosis is worthwhile. Of course, our goal does not aim at
decreasing the exponential complexity of the diagnosis
procedure in general. Rather, we should design an ef-
ficient and adequate mechanization taking into account
the requirements of a given class of diagnostic problems
Finally, let us mention another direction aiming at a
distributed diagnostic problem solving where a complex
problem is broken down into small pieces that can be
solved either by a conventional diagnosis or by a neural
one [Wang and Ayeb, 1992]. Such a direction is the long-
term goal of the ongoing project xdL where we combine
in a skillful way both conventional and neural diagnosis.

Acknowledgment We are grateful to E. Jobidon who
implemented the graphic interface of NdL.

SAn experimental analysis w.r.t [Wald. et al, 1989;
Tagamets and Reggia, 1989], and an extension of NdL
to include non-monotonic abduction features [Josephson et
al., 1987; Thagard, 1989; Baylander et al., 1991] are under
investigation.
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