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Abstract

Abduction is defined as a reasoning to a best expla-
nation for a set of given data. Generally, finding an ex-
planation for the given data is computationally expen-
sive. Neural network computing is known to be strong
in solving computationally difficult tasks. In this paper, a
neural network abductive model is presented. One fea-
ture of this model is that, a causal network is directly
used as the neural network without any further transfor-
mation. The causal network can capture both conjunc-
tive and disjunctive relations which enable the model to
represent monotonic abductive problems and independent
abductive problems as well. The second feature of this
model is that the manifestation distance is used to guide
the network computing. This may be different from all
the existing abductive models regarding the explanation
judgement. An important issue for abduction is to deal
with abductive problems with dependent hypotheses. For
most existing models, the hypothesis interaction has been
ignored. The present model takes the hypothesis interac-
tions into account. The key idea of solving the abductive
problems with dependent hypotheses is to reduce the im-
pact caused by ignoring the interactions rather than to
calculate the interactions. The experimental results show
that the rate of correct solutions derived by this model is
high.

1 Introduction

It has been widely recognized that there are a lot of
problems that cannot be solved by a “straightforward” de-

ductive manner. The characteristics of such problem in-
clude the task of finding the explanations for a given set
of data. The process of finding the explanations was de-
fined as a logical inference type called Abduction by the
philosopher C. S. Peirce [16]. The explanations are the
solutions to the abductive reasoning. For a given set of ob-
servations, there could be more than one solution that can
explain the observations, and all the explanations are only
potential solutions. The solutions are called “Hypotheses”
due to the nature of potentiality. In general, an explanation
to a set of observations, often called a composite hypoth-
esis, consists of several individual hypotheses. Each indi-
vidual hypothesis in a composite hypothesis can explain
only a portion of the observations. One issue in abduction
is the process of selecting the “best” explanation. How-
ever, finding a composite hypothesis that satisfies some
criteria for a best explanation, such as plausibility, parsi-
mony, explanatory coverage and internal consistency, is
computationally very expensive. One reason for the high
computational complexity is the large size of the possible
combinations of individual hypotheses whose number is
exponentially large. The high computational complexity
makes abductive problem solving computationally diffi-
cult.

Two approaches have been considered in order to cope
with this difficulty. One approach is to develop tradi-
tional AI algorithms that focus abductive reasoning on a
restricted explanation space alone or rule out some expla-
nations with probabilities [5, 22, 24]. Another approach
is to develop neural network models, an approach based
on highly parallel local computations which is known to
be particularly strong in solving computationally difficult
tasks. Neural network techniques are often used for in-
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formation processing, such as signal processing. In recent
years, many efforts have been made to apply neural net-
works to a number of AI tasks including abductive prob-
lem solving [1, 2, 9, 10, 14, 19]. The efficiency prob-
lem mentioned above could be alleviated by means of the
highly parallel local computations of neural networks. In
this paper, we propose a general neural network abduc-
tive model which can solve not only independent but also
monotonic abductive problems. The remainder of this pa-
per is organised as follows. In Section 2, we present a bi-
layer neural network abductive model, in Section 3, some
experimental results are explained and analysized, and fi-
nally, Section 4 summarizes this paper.

2 A Bi-layer Neural Network Abductive
Model

Provided with a set of data (observations, manifesta-
tions, findings or symptoms), the task of abductive rea-
soning is to explain why the given data are present by us-
ing the background knowledge about the related domain.
The explanations are not the logical consequences of the
given data, but they are actually something to be suggested
or hypothesized in order to explain the given data. Many
researchers have done studies on how human beings per-
form abductive reasoning. Based on these studies, it can
be concluded that human abductive reasoning mainly in-
cludes two stages, i.e., “hypothesis updating” and “hy-
pothesis testing”, often known as hypothesize-and-test
cycles [20]. The task of “hypothesis updating” is to gen-
erate new hypotheses or to update the existing hypothe-
ses depending upon the currently available input data (the
manifestations received so far) so that the candidate ex-
planations can be formed. The task of “hypothesis test-
ing” is to clarify the candidate explanations using some
given criteria. The hypothesize-and-test cycles continue
until some of the current candidate hypotheses can meet
the given criteria. These hypotheses can be accepted as
the final explanations for the given abductive problem.

The aim of the model presented in this paper is to per-
form abductive reasoning by simulating the “hypothesize-
and-test” process with neural networks. The hypothesis
updating is implemented by the network activation updat-
ing, and the hypothesis testing is implemented by the equi-
librium checking. The conditions to be met by the equi-
librium are the conditions to be met by a best explanation.
Once the network reaches its equilibrium, the best expla-
nation for the abductive problem is obtained.

2.1 Network Architecture

We defined a causal network called augmented causal
network (ACN) which is used as the network for the neu-
ral network model. The definition of the ACN is given as

follows:

Definition 2.1 ( Bi-layer Augmented Causal Network)
: A bi-layer augmented causal network is a five-
tuple < D,M,L, P, TY PE > which is denoted by
Φ(D,M,L, P, TY PE), where:

• D is a finite set of nodes, D = {d1, . . . , dn}. ∀d ∈
D, causes(d) = {}
(see below for the definition of causes()).

• M is a finite set of nodes, M = {m1, . . . ,mp}.
∀m ∈ M , effects(m) = {}
(see below for the definition of effects()).

• L ⊆ D×M is the set of links. Each element in L is a
pair of nodes like < di,mj > which indicates a link
from di to mj , i.e., di → mj , di ∈ D andmj ∈ M .

• P is a set of probabilities. For each node h ∈
D

�

M , P (h) refers to the prior probability of h.
For each link< di,mj > in L, there is a conditional
probability P (mj/di) accompanying the link which
is called the strength from di to mj , representing how
strongly di causes or implies mj . If there is no link
between di andmj , P (mj/di) is assumed to be zero.

• TY PE is a map from D
�

M to
{OR,AND,NULL}. For each node h ∈ D

�

M ,
TY PE(h) = AND, TY PE(h) = OR, or
TY PE(h) = NULL, which is called the type of h.

The node set of the network is H = D
�

M . Each
node in D is called an individual hypothesis, and each
node in M is called a manifestation or an observation.
Every node is associated with a dynamically changing ac-
tivation. Suppose MO represents the initial values of the
observations which need to be explained. MO triggers
the network computing, the values of the observations are
spread to hypothesis nodes (the activations of hypotheses
are updated once), then spread back to the observation
nodes from the hypothesis nodes (the activations of the
observations are updated once). Thus, one cycle or one it-
eration of the network computing is completed. The node
activations are changed once in one computation cycle.
The computation cycles continue until the equilibrium is
reached. At each time t during the computation cycles (t
refers to the number of the cycles) the activation of a hy-
pothesis di denoted as di(t) represents the possibility of
di being an element of the explanation at time t to explain
the observations. The activation of an observation mj , de-
noted as mj(t), measures the possibility that mj can be
caused by all its causative hypotheses at time t.

Each link connecting the nodes di and mj is associated
with the corresponding conditional probability cij in P .
These conditional probabilities represent the link weights.
These link weights are fixed and unchangeable once the
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network has been established. During the network com-
putation, these link weights are used to update the node
activations.

The relationships represented by the links in the ACNs
are not limited to causal relationship, even though the
network is called a “causal network”. For convenience,
we define two specific sets called the cause set and the
effect set. ∀h ∈ H , the cause set of h is defined as
causes(h) = {hi |< hi, h >∈ L}, and the effect set is
defined as effects(h) = {hi |< h, hi >∈ L}. ∀h ∈ H ,
if causes(h) �= {}, among the nodes in causes(h), there
are two logical relationships, i.e., disjunctive relationship
and conjunctive relationship, which describe how these
nodes are combined logically to cause or imply other
nodes. Both the disjunctive relationship and the conjunc-
tive relationship are considered in the ACNs. In order to
distinguish the two different relationships, we use TY PE
to denote the type of each node. ∀hi ∈ H , suppose
causes(hi) = {hi1, . . . , hir}. TY PE(hi) = OR in-
dicates that the relation among the nodes in causes(hi)
is disjunctive, i.e., hi1 ∨ . . . ∨ hir −→ hi and r ≥ 1.
TY PE(hi) = AND indicates that the relation among
the nodes in causes(hi) is conjunctive, i.e., hi1 ∧ . . . ∧
hir −→ hi and r ≥ 1. TY PE(hi) = NULL iff r = 0.
Suppose d ∈ D is an individual hypothesis and e({d}) is
the data explained by d. e({d}) is often called the explana-
tory capability of d [9]. The explanatory capability of an
individual hypothesis can be influenced by other hypothe-
ses. Such influences are caused by the interactions among
individual hypotheses. There are four possible types of
interactions among individual hypotheses, i.e., indepen-
dence, additivity, incompatiblility, and cancellation[4, 9].
In fact, the conjunctive relationship in ACNs represents
the additivity interaction, and the disjunctive relationship
represents the independence interaction. The disjunctive
relationship has received much attention and is considered
by most causal networks such as the causal network used
by Peng & Reggia [20]. Those causal networks can only
represent independent abductive problems. But the ACNs
can represent both the independent and monotonic abduc-
tive problems.

Let MO = {mo1, . . . ,mop} be the set of observations.
For an abductive problem, MO is the input data. Gener-
ally, if a manifestation mj is observed as being present,
moj , the initial value of mj is marked as being 1, oth-
erwise it is marked as being 0. But for the real world
abductive problems, the presentation of some manifesta-
tions may not be clear enough to be recognised, e.g., some
manifestations might be present very clearly or strongly,
but others might be present weakly. In order to represent
the real case, in our model, the initial value of a mani-
festation will no longer be exactly equal to 1 or 0, but it
will be a value between 1 and 0. That is, 0 ≤ moj ≤ 1,
which can be interpreted as a certainty degree of the ob-
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Figure 2.1. A bi-layer network

servation and demonstrates how strongly the manifesta-
tion is present. A simple neural network is illustrated in
Figure 2.1, which characterizes a simple abductive prob-
lem with D = {d1, d2, d3}, M = {m1,m2,m3,m4},
c11 = 0.5, c12 = 0.6, c22 = 0.8, c23 = 0.8, c33 = 0.3,
and c34 = 0.7.

Now the questions remain as to what the equilibrium
of the neural network is, and what should be the activation
rules for updating the node activations so that the network
can reach its equilibrium after a number of computation
cycles. In the following subsections, we will discuss these
issues.

2.2 Probability Calculus

There are the following three assumptions underlying
the ACN:

(1). Acyclicity assumption
Φ(D,M,L, P, TY PE) is a directed acyclic graph.

(2). Causation assumption
The occurrence of hj indicates that at least one of
its causes is present if TY PE(hj) = OR or all its
causes are present if TY PE(hj) = AND. That is,

hj ←→ hj
�

hi∈causes(hj)

hi TY PE(hj) = AND

(2.1)

hj ←→ hj
�

(
�

hi∈causes(hj)

hi) TY PE(hj) = OR

(2.2)

(3). Knowledge assumption
∀di ∈ D, P (di) is given and 0 < P (di) ≤ 1. For
each causation event < hi, hj >∈ L, P (hj/hi) is
given and 0 < P (hj/hi) ≤ 1. The notations pi and
cij are frequently used as abbreviations for P (hi)
and P (hj/hi), respectively.

Assumption (2) is essentially the same as the Assump-
tion 3 in Peng & Reggia’s model [20]. This assumption
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actually states that any node cannot be present until
and unless it is caused by some of its causative nodes
(in case of OR type) or by all of its causative nodes
(in case of AND type). Assumption (3) is similar to
the Knowledge Assumption in Peng & Reggia’s model
[18, 20]. It indicates that the conditional probabilities
of the causation events are required rather than the joint
conditional probabilities. For the latter, the number of
the conditional probabilities can be extremely large, say,
2|H| × |H |, while the number of the causation events
is only |L|, at most, D × M . This assumption also
indicates that the prior probabilities of hypothesis nodes
are required. However, there are no requirements for
the prior probabilities of manifestation nodes which can
be calculated from the probabilities of hypotheses. The
computational model is presented below.

Gaines and Blockley [8] have studied the relationship
between the theories of probability and fuzzy logic.
By using a voting model to interpret the degrees of
probability in fuzzy logic, Gaines [8] and later Blockley
[3] proposed some methods to calculate the values of
P (A∧B) or P (A∨B) from the knowledge of P (A) and
P (B). Their methods can be described by the following
definition and theorems [13].

Definition 2.2 (Degree of Dependence) : The degree of
dependence between the propositionA andB, denoted by
D, is given by

D =
P (A

�

B)

min{P (A), P (B)}

Theorem 2.1 (Independence) If D =
max{P (A), P (B) }, then

P (A ∧B) = P (A)P (B)

P (A ∨B) = P (A) + P (B) − P (A)P (B)

Theorem 2.2 (Mutual dependence) IfD = 1, then

P (A ∧B) = min{P (A), P (B)}

P (A ∨B) = max{P (A), P (B)}

The two theorems indicate how to calculate the prob-
ability of a conjunction or a disjunction of propositions.
Theorem 2.1 gives the formulae for calculating the prob-
ability of independent propositions. Theorem 2.2 gives
the formulae for calculating the probability of dependent
propositions.

Suppose mj is a manifestation node, causes(mj) =
{di1, . . . , dir}, and di1, . . . , dir are not assumed to be in-
dependent of each other. Based on Theorem 2.2, we de-
velop a method to compute the value of P (mj) as follows:

• TY PE(mj) = AND
By Equation 2.1, we have P (mj) = {P (mj ∧
di1), . . . , P (mj ∧ dir)}
By the theorem 2.2, we have:
P (mj) = min{P (mj ∧ di1), . . . , P (mj ∧ dir)}
= min{P (mj/di1)P (di1), . . . , P (mj/dir)P (dir)}

• TY PE(hi) = OR
Similarly, we have
P (mj) = max{P (mj ∧ di1), . . . , P (mj ∧ dir)}
= max{P (mj/di1)P (di1), . . . , P (mj/dir)P (dir)}

Therefore, we get

• TY PE(mj) = AND

P (mj) = min{P (di1)ci1j , . . . , P (dir)cirj} (2.3)

• TY PE(mj) = OR

P (mj) = max{P (di1)ci1j , . . . , P (dir)cirj} (2.4)

2.3 Explanation Likelihoods

For the given observation MO = {mo1, . . . ,mop},
suppose that a hypothesis subset DI of D is derived
by an abductive system to explain the observation. For
each individual hypothesis di in DI , the probability
PDI

(di) represents the possibility that di is present.
For a hypothesis dj which is not in DI , PDI

(dj) = 0.
With the probability calculi presented in Section 2.2
, the probability PDI

(mj) of each mj in M can be
computed from the probability PDI

(di), i = 1, . . . , n.
Let causes(mj) = {di1, . . . , dir}, F (mj) = 1 if
TY PE(mj) = AND and F (mj) = 0 otherwise.
PDI

(mj) can be computed with the following formula:
PDI

(mj) = F (mj)
r

min
k=1

{PDI
(dik)cikj} + (1 −

F (mj))
r

max
k=1

{PDI
(dik)cikj}

PDI
(M) = {PDI

(m1), . . . , PDI
(mp)} represents the

probabilities of the manifestations under the hypotheses in
DI .

For real world abductive reasoning, people always try
to find the best cause under which the observedmanifesta-
tions are most likely. That is, the effects of the cause found
by the abductive reasoning should be the same as or very
close to the observed manifestations. In other words, a
small distance between PDI

(M) and MO is expected, be-
cause the small distance indicates that the effects of DI are
close to the observed manifestations. We use the follow-
ing equation to measure the distance between PDI

(M)
and MO:
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E(DI ,MO) = (

p
�

j=1

|moj − PDI
(mj)|)/p (2.5)

The smaller E(DI ,MO) is, the closer PDI
(M) gets

to MO. A small distance between PDI
(M) and MO

indicates that the presence of DI would cause that what
have been observed. In other words, the presence of
DI would explain the presence of MO. Therefore, it is
intuitively reasonable to use E(DI ,MO) to judge the
correctness of DI being an explanation to explain MO.

Explanation ranking is an important issue in abductive
reasoning. The explanations are ranked according to some
criteria so that the best explanation can be selected. There
is no consensus among AI researchers about the criteria
to rank explanations [11, 12]. Certainty and simplicity
are two factors often used to judge the quality of an
explanation in existing abductive systems. Both factors
exploit some numerical characteristics of the hypotheses.
The certainty of a hypothesis refers to the plausibility
of a hypothesis being present. Probability theory is the
most well-known and popularly used theory to deal with
the certainty measurement. The maximal probability of
an explanation is used for choosing the best explanation
[12, 15, 20]. The simplicity of an explanation often
refers to the number of hypotheses which are included
in an explanation. The explanation with the minimum
number of hypotheses is preferable to other explanations
[11, 17, 21]. Our method for judging the quality of expla-
nations is quite different from the methods used by all the
existing abductive systems. The manifestation distance is
used here as the factor for choosing the best explanation.
As far as our knowledge is concerned, the manifestation
distance is used for the first time as a factor to judge the
quality of explanations. Even though the manifestation
distance is a numerical characteristic of manifestations,
it still strongly reflects the quality of hypotheses. This is
because the manifestation probabilities, which are used
to compute the manifestation distance, are computed di-
rectly from the hypothesis probabilities. The direct causal
relationships between hypotheses and manifestations
make the manifestation distance directly related to or
depend on the hypothesis probabilities. The experimental
results, which are presented in Section 3, show that using
the manifestation distance as the factor to judge the
quality of explanations is quite effective. Equation (2.6)
below presents the formula to compute the manifestation
distance, here causes(mj) = {di1, . . . , diLj

}.

E(DI , MO) = (
p

�

j=1

| moj − (F (mj)
Lj

min
k=1

{PDI (dik)cikj} +

(1 − F (mj))
Lj

max
k=1

{PDI (dik)cikj}) |)/p

(2.6)

By Equation (2.6), the manifestation distance under the
hypotheses DI is obtained. Thus, among all DI ⊆ D,
the one with the minimal distance can be chosen as the
best explanation to explain MO. The likelihood of DI

explaining MO is defined as an exponential function of
the distance E(DI ,MO) as below:

Definition 2.3 (Likelihood of Explanation) : Let DI ⊆
D be a subset of hypotheses, andMO be the initial obser-
vation. Then the likelihood ofDI explainingMO, denoted
as LH C(DI ,MO), is defined as

LH C(DI ,MO) =
1

eωE(DI ,MO)
(2.7)

where ω is a positive number.

In Equation (2.7), ω represents the slope parameter of
the function, which determines the steepness of the func-
tion curve. The slope parameter can be adjusted so that the
function can be appropriate for a given problem. LH C
is a strictly decreasing function with E(DI ,MO). The
range of LH C is scaled from 1 to 1

eω (ω > 0), where
E(DI ,MO) varies from 0 to 1. It means that the expla-
nation with a smaller manifestation distance will have a
higher likelihood than those which have a greater mani-
festation distance.

2.4 Equilibrium

A key idea for measuring the likelihood of an expla-
nation here is to use the distance between the manifesta-
tion probabilities and the initial observations. The smaller
the distance is, the higher the likelihood of the explana-
tion is. As we have mentioned above, in case of the neu-
ral network model, the probabilities of both di and mj

are no longer static probabilities. They are updated dy-
namically during the network computing. So, at any time
during the network computing, the probability PDI

(di) of
di is actually the current activation di(t) of di. There-
fore, the equation (2.6) is a function of all the hypothe-
sis activations. The equation (2.6) becomes the follow-
ing equation, where D(t) = (d1(t), . . . , dn(t)) is the vec-
tor of the current activations of all the hypotheses, and
causes(mj) = {di1, . . . , diLj

}.

E(D(t)) = (
p

�

j=1

| moj − (F (mj)
Lj

min
k=1

{dik(t)cikj} + (1 −

F (mj))
Lj

max
k=1

{dik(t)cikj}) |)/p

(2.8)

At each moment, E(D(t)) is the manifestation dis-
tance between the current manifestation activations and
the initial observations. If the distance gets smaller with
time, the hypotheses should be approaching the correct so-
lution. Therefore, to find an explanation for a given MO
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it is sufficient to derive a set of hypotheses whose activa-
tions minimise Equation (2.8).

Let | D |= n. If any subset DI of D is represented by
a n-dimensional vector X = (x1, . . . , xn) where xi = 1
if di ∈ DI and xi = 0 otherwise, then DI can be consid-
ered as one of the 2n corners of the n-dimensional hyper-
cube [0, 1]n. Thus, an abductive problem can be viewed
as a discrete optimisation problem, namely, to find one
of the corners of the hypercube [0, 1]n which minimises
Equation (2.8). If X is allowed to move continuously
through the interior of the hypercube, i.e., 0 ≤ xi ≤ 1
rather than xi ∈ {0, 1}, then the abductive problem of
finding DI with the minimum value of Equation (2.8) is
transformed into a continuous optimisation problem. The
equation (2.8) is called the energy function, against which
the minimum value is desired.

For our neural network model, the optimisation prob-
lem is performed by repeatedly updating di(t) and mj(t)
using certain activation rules until E(D(t)) reaches a min-
imum value which is the equilibrium of the neural net-
work. In order to reach the minimum value of the en-
ergy function, di(t) is updated based on the current dis-
tance E(D(t)). The updated di(t) will let the distance get
smaller and smaller. Initially, di(0) = pi. When the net-
work reaches its equilibrium at time te, if the distance is
close to zero, then all the hypotheses di with di(te) > ρ,
for instance ρ = 0.8, form a subset of the hypotheses
DI = {di | di(te) > ρ}, and DI is considered to be a
solution for the given observations. Otherwise, no solu-
tion is found for the abductive problem.

2.5 Activation Rules for Updating Man-
ifestation Activations

In Section 2.2, we have developed the computational
model including Equation (2.3) and Equation (2.4) to
calculate the probability of a manifestation node. As
we have just mentioned, P (di) or P (mj) is the current
activation di(t) of di at time t, or the current activation
mj(t) of mj at time t, respectively. So, the two equations
can be expressed as the following equation:

mj(t) = F (mj)
r

min
k=1

{dik(t)cikj}+(1−F (mj))
r

max
k=1

{dik(t)cikj}

(2.9)
The equation (2.9) is the activation rule used to cal-

culate the manifestation activations. If TY PE(mj) =
AND, mj is present only when all the nodes in
causes(mj) are present. In this case, mj(t) is determined
by the node in causes(mj) which has the minimal value
among the nodes in causes(mj). If TY PE(mj) = OR,
mj is present as long as one of the nodes in causes(mj)
is present. In this case, mj(t) is determined by the node
in causes(mj) which has the maximal value among the
nodes in causes(mj). Generally, there may be more than

one maximum or minimum for mj(t) at time t. That
is, there is {di1 , . . . , diq} ⊆ causes(mj), 1 ≤ q ≤|
causes(mj) |, mj(t) = di1 (t)ci1j = . . . . . . = diq (t)ciqj ,
where di1 , . . . , diq are called the activation sources of
mj at time t, denoted by a sourse(mj , t)={di1 , . . . , diq},
and mj is called an activation end of dik , k = 1, . . . , q.
a end(di, t) is defined as the activation end set of di. Ob-
viously, not all the cause nodes of mj make contributions
to mj(t), only the activation sources of mj contribute
their activations to calculate mj(t). In other words, only
the activation sources of mj can affect the value of mj(t),
the cause nodes, which are not the activation sources, con-
tribute nothing towards calculating mj(t).

If the hypotheses are dependent on each other, then
there should be some functional relationship between
them, and the values of hypotheses should meet that func-
tional relationship. However, this relationship is difficult
to be established mathematically. In fact hypothesis in-
teraction is ignored in existing abductive models. If, for
an application domain, the hypotheses are independent,
then no effect is caused by ignoring hypothesis interac-
tion. However, if the hypotheses are dependent, then do-
ing so would generate errors. If the manifestation acti-
vations strongly depend upon all the hypotheses, the er-
rors of the manifestation activations could be serious be-
cause all the hypotheses contribute their errors to the cal-
culation of manifestation activations. From this point of
view, the errors of manifestation activations caused by us-
ing equation (2.9) should be smaller than that caused by
using any other equation that takes all hypotheses into ac-
count, because equation (2.9) calculates the manifestation
activations only from the hypotheses with maximum or
minimum values rather than from all the hypotheses. Re-
ducing the impact of ignoring the hypothesis interaction
rather than calculating the hypothesis interaction, which
is usually impossible, could be a way to increase the accu-
racy of abductive reasoning for abductive problems with
dependent hypotheses.

2.6 Activation Rules for Updating Hy-
pothesis Activations

A general activation rule for updating the hypothe-
sis activation di(t) could be expressed as di(t + 1) =
di(t) + ∆di(t)α, where 0 ≤ α ≤ 1 is an arbitrarily cho-
sen constant, ∆di(t)α refers to the change from di(t) to
di(t + 1). Further, ∆di(t)α can be expressed as τ∆iα
giving the following equation:

di(t + 1) = di(t) + τ∆iα (2.10)

where ∆i ≥ 0, ∆iα is the absolute amount by
which di(t) changes, and τ is a triple-value parameter,
τ ∈ {−1, 0, 1}, indicating the direction to which di(t)
changes, i.e., decreasing, untouched, or increasing. There-
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fore, the updated hypothesis activation di(t + 1) is deter-
mined by the change amount ∆iα and the change direc-
tion τ . We embody the equation (2.10) by working out the
change amount ∆i and the change direction τ .

di

mj

causes(mj)

effects(di)

…………………...

……………………..dk

Figure 2.2. Causation relationship be-
tween di and mj

2.6.1 Change amount

(1). Manifestation distance
As depicted in Figure 2.2, suppose di(t) is the hy-
pothesis activation to be updated, mj ∈ effects(di)
is one of its effect manifestations, and di ∈
causes(mj) is one cause of mj . As we have dis-
cussed before, mj(t) is computed from its causative
hypotheses in causes(mj) including di. Therefore,
di can have impact on mj(t) and further on the ac-
tivation distance between mj(t) and moj . Note that
the key purpose of the activation updating is to get
a minimal distance between the manifestation acti-
vations and the observations. So, it is reasonable to
use the distance between mj(t) and moj to update
the hypothesis activation di(t) so that the updated hy-
pothesis activation can have impact on mj(t) and can
let the distance between mj(t) and moj get smaller
in next computation cycle. Under this consideration,
∀mj ∈ effects(di), the manifestation distance of
mj should be used to update the hypothesis activa-
tion di(t). We define δij to represent the manifesta-
tion distance of mj which is related to di as follows.

δij =

�

(moj −mj(t))cij mj ∈ effects(di)
0 otherwise

(2.11)
Now, the question arises that how much of the mani-
festation distance δij should be taken to update di(t).
In fact, all the hypotheses in causes(mj) compete

with each other to cause mj . Therefore, the com-
peting capability of di to cause mj should be taken
into account to determine the amount of δij which is
actually used to update di(t).

(2). Competition
Many neural networks use the idea of competition
among the nodes to enhance the contrast of activa-
tions. Inhibitory links (links with negative weights)
between competing nodes are often used to represent
mutual inhibitory connections [1, 2, 7, 19, 20, 23]. In
contrast, in our model, instead of using the explicit
inhibitory links between the competing hypotheses,
the inhibition between competing nodes is fulfiled
by calculating a competing capability measurement
for each node in the competing group. The com-
peting capability determines the winners of the com-
petition. We use the difference between di(t) and
the activations of other hypotheses in causes(mj)
to measure the competing capability of di. Suppose
di, dl ∈ causes(mj). For an OR node mj , i.e.,
F (mj) = 0, if di(t)cij - dl(t)clj > 0, then di is more
competent than dl to increase mj(t). In reverse, di
should have more opportunities than dl to increase its
activation based on the change of mj(t), otherwise dl
is more competent than di. While for an AND node
mj , i.e.,F (mj) = 1, if di(t)cij - dl(t)clj > 0, then
dl is more competent than di to increase mj(t). Un-
der this consideration, we design the following func-
tion to measure the competing capability of di im-
pacting on mj :

χij =
1

1 + e−σSij(1−2F (mj))
(2.12)

where Sij =
�

dk∈causes(mj)

(di(t)cij − dk(t)ckj),

which is the sum of the differences between di(t)
and other hypotheses in causes(mj). Figure 2.3 il-
lustrates the function, where σ > 0 is an arbitrarily
chosen constant.
If TY PE(mj) = OR, the competing capability of
di increases with the increase in the difference Sij . If
TY PE(mj) = AND, the competing capability of
di decreases with the increase in the difference Sij .

Synthesizing the two considerations above, we define
the following equation to calculate the change amount∆i:

∆i = |
�

mj∈effects(di)

δijχij | (2.13)

We have already defined that, δij is the manifestation
distance of mj related to di, which can be used to update
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Figure 2.3. Sigmoid function χij (σ = 2)

di(t), and χij is the competing capability of di impact-
ing on mj , which can be used to determine the amount of
δij used actually to update di(t). Equation (2.13) shows
that ∆i is the total amount of the manifestation distance
over effects(di) that is used to update di(t). The greater
the value of χij , the greater is the amount of δij taken to
update di(t).

2.6.2 Change direction

Equation (2.8) is a function of all di(t), i = 1, . . . , n, and
so E(D(t)) is said to be a global energy function since it
depends on all the hypotheses. If, for some i, 1 ≤ i ≤ n,
di(t) is the only argument, and all other dk(t), 1 ≤ k ≤ n,
k �= i, are considered as constants with their current ac-
tivations, then the global energy function becomes a lo-
cal energy function, denoted by Ei(di(t)), which depends
only on di(t). At any time t, there are three possible
change directions that di(t) could take, namely, increas-
ing, decreasing or keeping unchanged. Let dt

i
denote the

value of di(t) at time t. According to the three possi-
ble change directions, di(t + 1) = 1 (di(t) increases),
di(t + 1) = 0 (di(t) decreases), or di(t + 1) = dt

i
(di(t)

keeps unchanged) are the three possible assignments to
di(t+1), and Ei(1), Ei(0), and Ei(d

t

i
) are the functional

values of Ei(di(t + 1)) corresponding to di(t + 1) = 1,
di(t + 1) = 0, and di(t + 1) = dt

i
. Obviously, the

smallest value amongst Ei(1), Ei(0), and Ei(d
t

i
) indi-

cates the most promising direction to update di(t) to let
the local energy function get smaller. If Ei(1) is the small-
est value, di(t) should increase, if Ei(0) is the small-
est value, di(t) should decrease, otherwise, di(t) should
remain unchanged. Therefore, the comparison amongst
Ei(1), Ei(0), and Ei(d

t

i
) can give us useful clues to de-

termine the most promising direction for updating di(t).
At time t + 1, prior to updating di(t), three values,

Ei(1), Ei(0), and Ei(d
t

i
), are calculated with di(t) be-

ing constrained to 1, 0 and dt

i
, respectively. We define a

quantity qi(t) as follows:

qi(t) =











1 −
min(Ei(1),Ei(d

t

i
))

min(Ei(0),Ei(dt

i
))

Ei(0) �= 0 and Ei(d
t

i ) �= 0

−1 Ei(0) = 0 and Ei(d
t

i ) �= 0

0 Ei(d
t

i ) = 0

(2.14)
qi(t) can be used to determine the smallest value

among Ei(1), Ei(0) and Ei(di(t)). Ei(1) is the small-
est value if qi(t) > 0, Ei(0) is the smallest value if
qi(t) < 0, and Ei(di(t)) is the smallest value if qi(t) = 0.
Therefore, di(t) should increase if qi(t) > 0, decrease if
qi(t) < 0, and remain unchanged if qi(t) = 0.

Let τ = qi(t), then from Equation (2.10) we get the
following equation:

di(t + 1) = di(t) + qi(t)∆iα (2.15)

By the equation (2.15), the activation of di is updated.
To ensure that 1 ≥ di(t+1) ≥ 0, we set it to 0 if di(t+1)
is less than 0 and to 1 if di(t + 1) is larger than 1.

2.7 Network Computing Procedure

The computing process is modeled by iterative node
activation updating, which consists of a series of network
computation iterations. One activation computation
refers to computing one manifestation activation or one
hypothesis activation. One iteration includes calculating
all the manifestation activations and all the hypothesis
activations once. After one iteration, if the network does
not reach its equilibrium, the computing moves to the
next iteration. After a number of iterations, the network
will settle down to a solution. Initially, di(0) = pi,
mj(0) = 0, i = 1, . . . , n, j = 1, . . . , p. Based on the
observation data MO, the activations mj(t) and di(t)
are updated with the equations (2.9) and (2.15). The
computing keeps on going repeatedly until the energy
function reaches its equilibrium. Here t refers to the times
of iteration. The computing procedure for finding the
explanation for a set of manifestations is described by the
following algorithm:

ALGORITHM NNAM-procedure

1. Hypotheses : D = {d1, . . . , dn}
Manifestations : M = {m1, . . . ,mp}

2. begin

3. E(0) := 0, t := 0

4. do

5. t := t + 1
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6. for each manifestation mj do

7. update mj(t) with the equation (2.9)

8. endfor

9. for each hypothesis di do

10. calculate ∆i with the equations (2.11),
(2.12), and (2.13)

11. calculate qi(t) with the equation (2.14)

12. update di(t) with the equation (2.15)

13. endfor

14. calculate E(t) with the equation (2.8)

15. while | E(t) − E(t − 1) |> ζ

16. end.

In the algorithm above, ζ is a very small integer
(i.e., ζ ≈ 0). In line 15 of the above algorithm,
| E(t) − E(t − 1) |≈ 0 is used to determine the network
equilibrium instead of E(t) ≈ 0. This is because for some
given observation set, E(t) might not be close to 0 if the
observations cannot be derived by any subset of D. In this
case, | E(t)−E(t−1) | is still likely to be equal to 0 when
E(t) reaches a stable value. So | E(t) − E(t − 1) |≈ 0
can stop the network computing. When E(t) reaches
its equilibrium, there are two possible cases, E(t) ≈ 0
or E(t) > ǫ, where ǫ is a constant. E(t) > ǫ could
happen when the observations contain noise. In this case,
the effects of current hypotheses may be far from the
observations, which means that the observations cannot
be derived by any subset of D. Therefore, in this case,
no solution can be found for the given observations by
using this algorithm. If E(t) ≈ 0, the effects of current
hypotheses are close to the observations. From the current
hypotheses, a solution can be formed. All the hypotheses
di with di(t) > ρ, for instance, ρ = 0.8, form a subset of
hypotheses DI = {di | di(t) > ρ}. DI is considered to
be a solution for the given observations.

In Algorithm NNAM-procedure, within one compu-
tational iteration, the activations of all the hypotheses are
updated no matter whether or not they have contributed
to the calculation of manifestation activations, and for
each hypothesis, its activation is updated according to
all its effect nodes no matter whether or not these effect
nodes have received a contribution from the hypothesis
node. This strategy, we call it the equal opportunity
strategy (or strategy-1 for convenience), supplies equal
opportunities to all the hypothesis nodes to update their
activations. However, in Equation (2.9), not all but only
the hypotheses which hold the maximum or minimum
values are used to calculate manifestation activations.

The contributions of different hypotheses might be
different. It sounds more reasonable if the hypothesis
contributions for calculating manifestation activations can
be considered while updating the hypothesis activations.

In Section 2.5, we have defined two
special sets, a source and a end.
a source(mj , t) contains the hypotheses which have
made contributions to calculate the manifestation ac-
tivation mj(t) at time t. a end(di, t) contains the
manifestation nodes which have received a contribution
from di. By modifying the equations (2.11) and (2.13),
we get equations (2.16) and (2.17) respectively, which
take the hypothesis’s contributions into account. Com-
pared to the equations (2.11) and (2.13), the equations
(2.16) and (2.17) update the activation di(t) by only using
the manifestations in a end(di, t) and ignoring other
manifestations. This strategy, we call it the emphasis
strategy (or strategy-2), emphasizes the contributions
of hypotheses and supplies more opportunities to the
hypotheses that have been used to calculate manifestation
activations.

δij =

�

(moj −mj(t))cij mj ∈ a end(di, t)
0 otherwise

(2.16)

∆i =|
�

mj∈a end(di,t)

δijχij | (2.17)

We updated the algorithm NNAM-procedure by com-
bining the two strategies. At the beginning of the network
computing, normally, the average manifestation distance
is large, while the hypothesis activations are low. So, at
the early stage of network computing, strategy-1 is chosen
in order to calculate the hypothesis activations so that all
the hypotheses have the same opportunities to develop
their activations. After several computation iterations, the
average manifestation distance gets smaller, and some
hypotheses get higher activations while others do not. At
this stage, strategy-2 is used instead of strategy-1 so that
the promising hypotheses can be developed. The average
manifestation distance is used to switch from strategy-1 to
strategy-2. At the beginning, the first strategy is selected.
When the average manifestation distance, denoted by
ame(t), reaches a small constant such as η = 0.6, the
second strategy is selected. The updated computing
procedure algorithm NNAM-procedure∗ is described as
follows:

ALGORITHM NNAM-procedure∗

1. Hypotheses : D = {d1, . . . , dn}
Manifestations : M = {m1, . . . ,mp}
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2. begin

3. E(0) := 0, t := 0

4. do

5. t := t + 1

6. for each manifestation mj do

7. update mj(t) with the equation (2.9)

8. endfor

9. calculate ame(t)

10. if ame(t) > η then

11. for each hypothesis di do

12. calculate ∆i with the equations (2.11),
(2.12), and (2.13)

13. calculate qi(t) with the equation (2.14)

14. update di(t) with the equation (2.15)

15. endfor

16. else

17. for each hypothesis di do

18. calculate ∆i with the equations (2.16),
(2.12), and (2.17)

19. calculate qi(t) with the equation (2.14)

20. update di(t) with the equation (2.15)

21. endfor

22. calculate E(t) with the equation (2.8)

23. while | E(t) − E(t − 1) |> ζ

24. end.

In the experiments which will be described in Section
3, the parameter α in the equation (2.15) is an incremental
parameter. Initially, α was set to 0.2. After each iteration,
it was incremented by 0.005 if it was less than 1. Then
α remained at 1 until the equilibrium was reached. The
other parameters were set to the following values, ρ = 0.8,
ǫ = 0.1, ζ = 0.002, and η = 0.6.

3 Experiments

We have conducted a number of experiments to test
the neural network abductive model. All the experi-
ments are made on a neural network simulator called
SNNS(Stuttgart Neural Network Simulator) [6] which
provides an efficient and flexible simulation environment
for neural network research. The activation rules and the
computing procedure proposed in this paper are imple-
mented with C program functions which are inserted into
SNNS. In this section, we describe the basic experimental
methods and report some experimental results.

3.1 Experimental Methods

The neural network model itself represents the domain
knowledge. Two possible kind of reasoning can be pro-
vided by the model: abduction (abducing hypotheses for
the given observations) and prediction (deducing effects
for the given hypotheses). The abduction process consists
of a series of network computation iterations with the ob-
servations being the input and the hypotheses being the
output. The prediction process includes only one compu-
tation iteration with the hypotheses being the input and the
observations (effects of the hypotheses) being the output.

For a causal network with n hypothesis nodes, there
are 2n potential subsets of hypotheses, i.e., there are 2n

potential composite hypotheses. Each composite hypoth-
esis can cause its effects – a set of manifestations. If a pair
of a composite hypothesis and its corresponding manifes-
tation set is called an abductive case, then there are 2n

possible cases for a network with n hypothesis nodes. In
our experiments, we construct all the 2n abductive cases
for each network used in the experiments.

By means of the prediction process of the neural net-
work model proposed here, firstly, we generate 2n man-
ifestation sets from 2n composite hypotheses; then, the
2n manifestation sets are used as the input observation
sets to derive 2n explanations by using the abduction
process; finally, the correctness of the 2n explanations
are judged by comparing each of the 2n explanations
with its corresponding composite hypothesis. Therefore,
our experiments include three steps: observation gener-
ation, explanation generation and correctness judge-
ment. Among the three steps, the explanation generation
performs abductive reasoning.

(1) Observation generation
In the observation generation step, the observations
of all the 2n cases are generated by the neural net-
work model through the use of the 2n composite hy-
potheses to instantiate the hypothesis nodes. The ob-
servations are the effects of the composite hypothe-
ses. Let M OBS represent the set of the observa-
tions.
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℘(D) D HY P M OBS M HY P E LH C

d1 d2 d3 d1 d2 d3 m1 m2 m3 m4 m1 m2 m3 m4

0 0 1 0 0 1 0.0 0.0 0.3 0.7 0.0 0.0 0.3 0.7 0.0 1.0
0 1 0 0 1 0 0.0 0.8 0.8 0.0 0.0 0.8 0.8 0.0 0.0 1.0
0 1 1 0 1 1 0.0 0.8 0.8 0.7 0.0 0.8 0.8 0.7 0.0 1.0
1 0 0 1 0 0 0.5 0.6 0.0 0.0 0.5 0.6 0.0 0.0 0.0 1.0
1 0 1 1 0 1 0.5 0.6 0.3 0.7 0.5 0.6 0.3 0.7 0.0 1.0
1 1 0 1 1 0 0.5 0.8 0.8 0.0 0.5 0.8 0.8 0.0 0.0 1.0
1 1 1 1 0 1 0.5 0.8 0.8 0.7 0.5 0.6 0.3 0.7 0.175 0.84

Table 3.1. The experimental result of the
network in Figure 2.1

(2). Explanation generation
In the explanation generation step, the observations
in M OBS are used as the input observations, and
the explanations are derived by the model through
the network computing. Suppose D HY P is the set
of the explanations. ∀D hypi ∈ D HY P is the ex-
planation of its corresponding observation M obsii
in M OBS.

(3). Correctness judgement
In order to judge whether or not the explanations
are correct solutions, in the third step, the manifes-
tation caused by each explanation is compared to
the corresponding observation to find out whether or
not the manifestation is close to the observation. If
they are close, which means that the observation can
be caused by the explanation, then the explanation
is a correct solution for explaining the observation.
Note that we have already defined the energy func-
tion E(D(t)) to measure the distance between the
observation and the manifestation activation at time
t. When the network computing stops at time te,
the E(D(te)) (or E for short) is used to judge the
correctness of hypotheses in the judgement step. If
E < ǫ, then the composite hypothesis is considered
to be a sound solution.

The causal network illustrated in Figure 2.1 was used
to test the model. Table 3.1 gives the test result for
this simple causal nework. From Table 3.1, we can find
that, except for the last case, the composite hypotheses in
D HY P are exactly the same as the corresponding hy-
pothesis subsets in ℘(D) which cause the observations in
M OBS, and thus the manifestations in M HY P caused
by the composite hypotheses in D HY P are exactly the
same as the observations in M OBS. The composite hy-
pothesis of the last case is different from its corresponding
hypothesis subset in ℘(D), which represents a minor dis-
crepancy between the observation and the manifestation
caused by the composite hypothesis.

Figure 3.1 is an exclusive NOR gate, which is also
used as an example in our experiments. I1 and I2 are
the input signals, and O is the output signal. The state

of the circuit is described by [(I1, I2), (O)]. There are
four different inputs to this circuit, they are (0, 0), (0, 1),
(1, 0), and (1, 1). The correct states for the four inputs
are [(0, 0), (1)], [(0, 1), (0)], [(1, 0), (0)], and [(1, 1), (1)]
respectively. If the circuit is faulty, then the circuit states
will not be correct for all the inputs. There are four incor-
rect states, they are m1 = [(0, 0), (0)], m2 = [(1, 0), (1)],
,m3 = [(0, 1), (1)], and m4 = [(1, 1), (0)]. The four
states are considered to be the manifestations for the ex-
ample. There are 9 lines in the simple circuit, denoted
as P1, P2, P3, P4, P5, P6, P7, P8, and P9. Two com-
mon faults might occur in each line, which are stuck-at-0
and stuck-at-1 faults. Let S0(P ) represent that line P has
a stuck-at-0 fault, and S1(P ) represent that line P has a
stuck-at-1 fault. We choose the following seven faults as
the disorders for this diagnosis example: d1 = S1(P5),
d2 = S1(P3), d3 = S1(P4), d4 = S0(P6) ∧ S0(P7),
d5 = S1(P6) ∧ S1(P7), d6 = S0(P6) ∧ S1(P7), and
d7 = S1(P8) ∧ S0(P9). Two causal networks are de-
signed, which represent partially the causal relations be-
tween some of the hypotheses (disorders) and the mani-
festations. The two networks are illustrated in Figure 3.2
and Figure 3.3 respectively. The disorders in Figure 3.2
are independent of each other, and the disorders in Figure
3.3 are not completely independent since d4, d5 and d6

are exclusive of each other. For simplicity, the network
in Figure 3.2 is called network-1 and the other is called
network-2.

1 P
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P
P

P
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Figure 3.1. Exclusive NOR gate
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Figure 3.2. The causal network with inde-
pendent disorders
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Figure 3.3. The causal network with de-
pendent disorders

℘(D) D HY P M OBS

d1 d2 d3 d4 d7 d1 d2 d3 d4 d7 m1 m2 m3 m4

0 0 0 0 1 1.00 0.00 0.00 0.00 0.00 0.00 0.80 0.85 0.00
0 0 0 1 0 0.00 0.00 0.00 1.00 0.00 0.00 0.85 0.00 0.85
0 0 0 1 1 1.00 0.00 0.00 1.00 0.00 0.00 0.85 0.85 0.85
0 0 1 0 0 0.00 1.00 1.00 0.00 0.00 0.95 0.00 0.00 0.95
0 0 1 0 1 1.00 1.00 1.00 0.00 0.00 0.95 0.80 0.85 0.95
0 0 1 1 0 0.00 1.00 1.00 1.00 0.00 0.95 0.85 0.00 0.95
0 0 1 1 1 1.00 1.00 1.00 0.00 0.00 0.95 0.85 0.85 0.95
1 0 0 0 0 1.00 0.00 0.00 0.00 0.00 0.00 1.00 1.00 0.00
1 0 0 1 0 1.00 0.00 0.00 1.00 0.00 0.00 1.00 1.00 0.85
1 0 1 0 0 1.00 1.00 1.00 0.00 0.00 0.95 1.00 1.00 0.95

Table 3.2. The experimental result for the
network 1

There are thirty two potential disorder subsets for each
of the two networks. But for network-2, only 16 subsets
are reasonable disorder subsets because d4, d5 and d6 are
exclusive of each other and cannot occur simultaneously.
For different disorder subsets, the manifestations caused
by them could be the same. After eliminating the disorder
subsets whose manifestations are the same, there are 10
disorder subsets left for the two networks. Table 3.2 and
Table 3.3 present the experimental results of network-1,
and Table 3.4 and Table 3.5 present the experimental re-
sults of network-2. From the results in Tables 3.2 to 3.5
, we can find that the average distance E is very small for
both of the two networks. For the 10 different input ob-
servations, six different solutions for network-1 are found
and nine solutions for network-2 are found.

For the network-2 in this example, the disorders are
not completely independent, and the interaction between
the disorders is known (i.e., some disorders are mutually
exclusive). This example provides us with an opportunity
to judge the correctness by checking whether or not the
solutions satisfy the interaction. The results in Table 3.3
show that 9 out of the 10 solutions generated by the ab-
ductive model are obviously correct since each of them is
exactly the same as its corresponding composite hypothe-
sis subset, and all the 10 solutions are valid since none of
them contains exclusive hypotheses.

℘(D) M HY P E LH C E LH C

d1 d2 d3 d4 d7 m1 m2 m3 m4

0 0 0 0 1 0.00 1.00 1.00 0.00 0.087 0.92
0 0 0 1 0 0.00 0.85 0.00 0.85 0.00 1.00
0 0 0 1 1 0.00 1.00 1.00 0.85 0.075 0.95
0 0 1 0 0 0.95 0.00 0.00 0.95 0.00 1.00
0 0 1 0 1 0.95 1.00 1.00 0.95 0.087 0.92 0.032 0.97
0 0 1 1 0 0.95 0.85 0.00 0.95 0.00 1.00
0 0 1 1 1 0.95 1.00 1.00 0.95 0.075 0.95
1 0 0 0 0 0.00 1.00 1.00 0.00 0.00 1.00
1 0 0 1 0 0.00 1.00 1.00 0.85 0.00 1.00
1 0 1 0 0 0.95 1.00 1.00 0.95 0.00 1.00

Table 3.3. The experimental result for the
network 1 (continue)

℘(D) D HY P M OBS

d1 d2 d4 d5 d6 d1 d2 d4 d5 d6 m1 m2 m3 m4

0 0 0 0 1 1.00 0.00 0.00 0.00 0.00 0.00 0.95 0.95 0.00
0 0 0 1 0 0.00 0.00 0.00 1.00 0.00 0.85 0.00 0.85 0.00
0 0 1 0 0 0.00 0.00 1.00 0.00 0.00 0.00 0.85 0.00 0.85
0 1 0 0 0 0.00 1.00 0.00 0.00 0.00 0.95 0.00 0.00 0.95
0 1 0 1 0 0.00 1.00 0.00 1.00 0.00 0.95 0.00 0.85 0.95
0 1 1 0 0 0.00 1.00 1.00 0.00 0.00 0.95 0.85 0.00 0.95
1 0 0 0 0 1.00 0.00 0.00 0.00 0.00 0.00 1.00 1.00 0.00
1 0 0 1 0 1.00 0.00 0.00 1.00 0.00 0.85 1.00 1.00 0.00
1 0 1 0 0 1.00 0.00 1.00 0.00 0.00 0.00 1.00 1.00 0.85
1 1 0 0 0 1.00 1.00 0.00 0.00 0.00 0.95 1.00 1.00 0.95

Table 3.4. The experimental result for the
network 2

℘(D) M HY P E LH C E LH C

d1 d2 d4 d5 d6 m1 m2 m3 m4

0 0 0 0 1 0.00 1.00 1.00 0.00 0.025 0.99
0 0 0 1 0 0.85 0.00 0.85 0.00 0.00 1.00
0 0 1 0 0 0.00 0.85 0.00 0.85 0.00 1.00
0 1 0 0 0 0.95 0.00 0.00 0.95 0.00 1.00
0 1 0 1 0 0.95 0.00 0.85 0.95 0.00 1.00 0.0025 0.99
0 1 1 0 0 0.95 0.85 0.00 0.95 0.00 1.00
1 0 0 0 0 0.00 1.00 1.00 0.00 0.00 1.00
1 0 0 1 0 0.85 1.00 1.00 0.00 0.00 1.00
1 0 1 0 0 0.00 1.00 1.00 0.85 0.00 1.00
1 1 0 0 0 0.95 1.00 1.00 0.95 0.00 1.00

Table 3.5. The experimental result for the
network 2 (continue)
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4 Conclusion

A neural network abductive model has been presented
in this paper. One feature of the model is that, unlike
many other optimisation neural network models, the
causal network is directly used as the neural network
without any further transformation. For the models which
use some existing neural networks, such as the Hopfield
model, the abductive problem has to be converted to
Hopfield formulations which may require significant
effort. With the model presented here, the efforts required
for such a transformation can be avoided. To the authors’
knowledge, the only other neural network abductive
model which also uses a causal network directly as the
neural network is the model proposed by Peng and Reggia
[19, 20]. But the causal network used by their model is
a noisy-OR network, i.e., only independent interactions
are involved in the network, and the independence
assumption is necessary. This kind of network can only
represent independent abductive problems. Compared to
the model of Peng and Reggia, our model can represent
the monotonic abductive problem which is more general
than the independent abductive problem. The second
feature is that the manifestation distance is used to guide
the network computing. This may be different from all
the existing abductive models regarding the explanation
judgement. The experimental results show that the rate of
correct solutions derived by this model is very high. To
the authors’s knowledge, till now, the hypothesis interac-
tion has not been considered by most existing abductive
reasoning models, i.e., the hypothesis interaction has
been ignored so far. The third feature of this mode is that,
this model takes the hypothesis interactions into account.
The key idea of solving the abductive problems with
dependent hypotheses here is to reduce the impact caused
by ignoring the interactions rather than to calculate the
interactions which is generally very difficult to describe.
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