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Abstract

In this paper, we introduce Artificial Nonmonotonic Neural Networks (ANNNSs), a kind of
hybrid learning systems that are capable of nonmonotonic reasoning. Nonmonotonic reasoning plays
an important role in the development of artificial intelligent systems that try to mimic common
sense reasoning, as exhibited by humans. On the other hand, a hybrid learning system provides
an explanation capability to trained Neural Networks through acquiring symbolic knowledge of a
domain, refining it using a set of classified examples along with Connectionist learning techniques
and, finaly, extracting comprehensible symbolic information. Artificial Nonmonotonic Neural
Networks acquire knowledge represented by a multiple inheritance scheme with exceptions, such
as nonmonotonic inheritance networks, and then can extract the refined knowledge in the same
scheme. The key idea is to use a specia cell operation during training in order to preserve the
symbolic meaning of theinitial inheritance scheme. Methods for knowledge initialization, knowledge
refinement and knowledge extraction are introduced. We, aso, prove that these methods address
perfectly the constraints imposed by nonmonotonicity. Finally, performance of ANNNSs is compared
to other well-known hybrid systems, through extensive empirical tests. 0 2001 Elsevier Science B.V.
All rights reserved.

Keywords: Nonmonotonic reasoning; Neural networks; Hybrid systems; Inheritance networks; Unconstrained
optimization; DNA sequence analysis

* Corresponding author.
E-mail address: vutsinas@ceid.upatras.gr (B. Boutsinas).

0004-3702/01/$ — see front matter [ 2001 Elsevier Science B.V. All rights reserved.
Pll: S0004-3702(01)00126-6



2 B. Boutsinas, M.N. Vrahatis/ Artificial Intelligence 132 (2001) 1-38
1. Introduction
1.1. Motivation and background

Nonmonotonic reasoning plays an important role in the development of systemsthat try
to mimic common sense reasoning, as exhibited by humans. Human beings are constantly
forced to make decisions and reach conclusions in an ambiguous world. The knowledge
that can be acquired by observation is inherently incomplete and may contain conflicting
information as well as exceptions to general rules. Many formalisms are proposed in the
literature that are capable of representing knowledge under a multiple inheritance scheme
with exceptions (e.g., [3,6,9,19,26,48,50,54]). A nonmonotonic reasoner has to face the
two general problems of knowledge-based systems, namely the strong dependency on the
correctness of the domain knowledge and the lack of domain independent and effective
learning algorithms. Due to the latter, the domain knowledge must be altered manually,
whenever necessary. Moreover, a nonmonotonic reasoner, usually, has problemsin dealing
with multiple extensions of a theory. In such situations, extensions are treated as cases of
ambiguity. The way they are treated depends on whether a credulous or a skeptical view
is adopted [55]. Besides, no attempt is made to resolve possible conflicts (except for afew
cases, asin [52]).

On the other hand, example-based systems, such as Artificial Neural Networks (ANNS),
need a large set of training examples and they have a strong dependency on the features
used to describe those examples. They aso lack an explanation capability for the generated
outputs and, consequently, for the decisions reached. Moreover, a longstanding problem
in connectionist modelling is the representation of structured objects. Although some
attempts have been made to address this problem (e.g., [47]), the proposed systems are not
efficient [27]. On the contrary, an explanation capability and representation of structured
objects can be easily provided by a knowledge-based system.

Recently, significant attention has been paid to the development of hybrid systems that
are based on a neural-symbolic integration, aiming at exploring the advantages of each
constituent paradigm. Therewere promising early attempts[11] toward the combination of
the explanation capabilities and the powerful declarative knowledge representation of the
symbolic approach with the massive parallelism and the generalization capabilities of the
connectionist approach. Neural-symbolic hybrid systems use an Artificial Neural Network
as an exampl e-based | earning system and a symbolic knowledge representation scheme for
the domain knowledge. The most important contributions to this interesting field can be
foundin[1,8,10,12,18,22,29,30,42,56].

Following McCarthy’s observation [37], most of the hybrid systems using neural net-
worksfor inferential processing, are based on logic-based propositional knowledge repre-
sentation schemes. Such logic-based formalisms may lack several important properties of
nonmonotonic reasoning [6], such as the very important property of stability (also called
cumulativity). Thisis generally true even for well known nonmonotonic formalisms such
as Reiter’s Default Logic [6]. Specia extensions of Default Logic have beenintroduced in
order to tackle the stability problem, such as Cumulative Default Logic [4,34]. Moreover,
it has been shown that many decision problems are intractable or even undecidable when
stated within the context of formal logic-based systems.
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On the other hand, symbolic-connectionist systems in a nonmonotonic domain are
of great importance to both theory and practice. Path-based such formalisms are
representation schemes based on semantic networks. They introduce an aternative
approach to nonmonotonic reasoning. They try to tackle algorithmic intractability and the
correct treatment of incomplete or contradictory knowledge. Although there exists alot of
criticism about the semantics of semantic networks [64], it is accepted that they can be
effectively used as a representation and inference scheme in a nonmonotonic domain [54].
Inheritance networksis such apath-based formalism with widespread use in nonmonotonic
reasoning systems [55].

Hybrid systems are usually based on logic-based knowledge representation schemes
as far as the domain knowledge is concerned. The proposed, in this paper, Artificial
Nonmonotonic Neural Networks (ANNNs) are hybrid systems that use inheritance
networks, as a nonmonotonic multiple inheritance knowledge representation scheme for
the domain knowledge, and Artificial Neural Networks as a learning mechanism. The
latter are supported by a proper training method, which suits perfectly our approach and
is applied by changing selected weights at each epoch. ANNNS are not based on energy
minimization, but on the spreading activation metaphor. Theinput cells of the connectionist
part are externally activated, based on known facts in the domain knowledge, and the
spreading of this activation forces some output cells to be either activated or deactivated. It
isthe activation of output cells that guides the reasoning process.

1.2. Related work

In [23] alogic-based method is presented for inserting any propositional general logic
program P into athree-layer feedforward Artificial Neural Network with binary threshold
neurons. It is proved that if the network is transformed into a recurrent network, by
connecting output units to corresponding input units, it always falls into a unique stable
state that corresponds to the unique stable model, namely the semantics, of P. The
potential impact of this result is that a new massively parallel computational model for
logic programming is derived.

The system presented in [56] (Knowledge-Based Artificial Neural Network) is capable
of inserting “if-then” rulesinto a neural network, refining these rules using a backpropaga-
tion based learning algorithm and extracting rulesfrom the neural network. It isempirically
shown that the system can not only revise the domain knowledge but also can efficiently
learn new rules from examples using the domain knowledge.

Following the key idea in [23], the system in [12] (Connectionist Inductive Learning
and Logic Programming System) integrates inductive learning from examples and
domain knowledge with deductive learning from Logic Programming. Propositional logic
programs can be inserted into a feedforward Artificial Neural Network with bipolar semi-
linear threshold neurons. The network is trained using the standard backpropagation
learning algorithm and the revised logic program can be extracted.

Moreover, it is shown [40-42] that the satisfiability problem in propositional logic can
be reduced to the problem of finding aglobal minima of an energy function of asymmetric
network. The consequence of this very important result is that symmetric neural networks
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can be applied in solving a lot of hard problems, such as optimization problems and
constraint satisfaction problems[16].

There are aso efforts in the direction of hybrid systems that use knowledge represen-
tation schemes based on first-order logic. Unfortunately, such systems are still proposi-
tional [24,25]. In [21], an automated reasoning system for first-order Horn clausesis pre-
sented (Connectionist Horn Clause Logic), which is implemented in a feedforward neural
network. In [24] an extension of the method in [23] is presented for inserting first-order
logic programsinto three-layer recurrent Artificial Neural Networks that correspond to an
approximation of the semantics of programs. Finaly, in [43] an analogousresult to [42] is
shown, according to which afirst-order resolution proof (although of afixed predetermined
length) can be also reduced to a global minimum of the energy function of a symmetric
network.

The first result toward a hybrid symbolic-connectionist system in a nonmonotonic
domain is due to Pinkas. In [44], it is shown that the minimization problem of an energy
function of a symmetric network can also be applied to propositional nonmonotonic
reasoning (in fact, exceeding it [45]). As shown in [46], initial domain knowledge can
be represented by alogic-based scheme, the Penalty Logic. To every propositional formula
representing domain knowledge (the assumption), a positive real number is assigned (the
penalty), in order to form a penalty logic well formed formula. This penalty hasto be paid
by any assignment that does not satisfy the assumption. An assignment is preferred over
any other that paysahigher penalty. Assignmentsthat pay the minimum penalty (preferred
models) are preferred over any other. Pinkas showed that the minimization problem of an
energy function of asymmetric network can be reduced to the problem of finding preferred
modelsfor agiven set of assumptions representing initial domain knowledge.

In the rest of the paper, we first describe ANNNSs. Then, we present a knowledge
initialization, a knowledge refinement and a knowledge extraction method for ANNNS.
Conseguently, we test the performance of ANNNs against other well-known hybrid
systems and, finally, we discuss some critical issues.

2. Artificial Nonmonotonic Neural Networks

Artificial Nonmonotonic Neural Networks are neural-symbolic hybrid systems. They
possess a domain knowledge that is used for the initialization of an Artificial Neura
Network. The latter is used as an example-based |earning mechanism for the refinement of
theinitial knowledge through processing a set of classified examples. After the refinement,
the acquired knowledge is extracted substituting the initial domain knowledge. At this
state, a new cycle of knowledge initialization-refinement-extraction can start, whenever a
new set of examples need to be considered (see Fig. 1).

Domain knowledge is represented by a nonmonotonic multiple inheritance scheme
alowing exceptions. More specifically, we use Nonmonotonic Inheritance Networks
(NINs) that are based on semantic networks. There is a clash of intuitions [55] in
nonmonotonicinheritance networks concerning the treatment of nonmonotonicity (on-path
versus off-path preemption), the treatment of competing extensions (forms of skepticism
versusformsof credulity) and the direction in which the represented inheritanceisfollowed
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Fig. 1. The cycle of knowledge initialization, refinement and extraction.

(upward versus downward view of reasoning). Their performance is closely related to
these intuitions [51]. The reasoning process was proved to be NP-hard for on-path/off-
path credulous downward reasoners as well as for on-path upward credulous reasoners.
However, it is proved to have polynomial time complexity for skeptical reasoners.

In NINs, knowledgeis represented by attaching, to each node of adirected acyclic graph,
alabel that denotes an object, a class of objects or a property possessed by objects of the
domain of discourse and by establishing the desired relationships through the insertion
of the proper directed edges. When we insert an edge that emanates from a node and
is incident to another, we mean that the class of objects represented by the former node
inherits some or al of the defining properties of the class represented by the latter. If an
inheritance exception exists, thisis indicated by an exception link. For example, the NIN
shown in the left part of Fig. 2 representsthe facts that al Es are Ds (or are kinds of Ds,
or are like Ds[3]), all Ds are Csand so on. Moreover, a reasoning system can conclude
that all Es are Cs because they are Ds. Finally, the exception link (indicated by a dotted
line) representsthat Ds are not Bs, athough they are Cs.

There are two main operations associated with NINs. The first operation consists in
answering whether an object possesses a particular property. The second consistsin finding
al the objects satisfying a particular set of properties. Developing efficient algorithms
for these two operations is of great importance to many Al applications. Both of these
operations can be reduced to computing the transitive relationships between the objectsin
the nonmonotonic inheritance network.

The objective of the knowledge initiaization phase is to construct an Artificial Neural
Network that providesthe same answers asthe nonmonotonicinheritance network, asfar as
the above operations are concerned. The knowledgeinitialization methodol ogy we employ
is presented in the next section. After the knowledge initialization phase, the constructed
Artificial Neural Network is trained using a set of classified examples, in order to refine
theinitial knowledge. The refinement is achieved through changing theinitial weights. The
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way we construct the Artificial Neural Network during the initialization phase imposes
some constraints on the training method we can use. We propose a hew training method,
which suits perfectly our approach, satisfying the requirements. The method is presented in
Section 4. Findly, the refined knowledge is extracted from the Artificial Neural Network
and it is represented by a nonmonotonic inheritance network, which replaces the initial
one. The proposed knowledge extraction method is presented in Section 5.

3. The knowledgeinitialization method

The representation in the nonmonotonic inheritance network that corresponds to the
domain knowledge can be based on either directed acyclic graphs or on set descriptions.
The knowledge initialization phaseis formally defined as follows:

Given: A directed acyclic graph G = (V, E = R U POSU NEG) where V is the set
of nodes that represent objects of the domain of discourse and E is the set of
edges that represent relations between those objects. Set R consists of the edges
that represent ordinary relations, set POS consists of the edges that represent
exceptional positive relations and set NEG consists of the edges that represent
exceptional negativerelations. Finally, it is assumed that R N POSN NEG = .

or: (i) asetof rdations R = {r | r = (g, s)}, with some type of semantics (e.g., of
the“isa’, “ako” or “id” [3] type), and
(ii) asetof exceptionsX = {(q, {n1,...,nt},{p1,..., pi})},whereq,n1, ..., ng,
p1, ..., p represent objects of the domain of discourse and any »; isin
exceptional negative relation with ¢ and any p; is in exceptional positive
relation with g.

initialize an Artificial Neural Network, with:

e asetof ke NcdlsU ={us,...,ur}, each one of which receives a network
binary input and givesanetwork binary output. Moreover, each cell u; performs
an operation S (to be described later) on itsinputs;

o aset of integer weights W = {wy; ; | i, j <k},

e aproper activation function o applied to the network outputs:

( ) {l, i|x>l); ()
oX)= 1
—1, ||X<0

Cell input and activation are assumed to be discrete (see Section 4 for ajustification).

In the following, we use interchangeably the notion of alink in the inheritance network
and the notion of a weighted connection in the neural network. We first present the
knowledge initialization method with respect to the main characteristics of common sense
reasoning, namely nonmonotonicity, redundancy and ambiguity.
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Fig. 2. An ANN initialized using aNIN.

3.1. Inserting symbolic knowledge with exceptions

Exceptions in the inheritance of properties, from more general classes to more specific
ones, introduce nonmonotonicity in reasoning about the represented knowledge. The
existence of more specific knowledge about an object of discourse may change previously
valid conclusions.

Consider, for example, the nonmonotonic inheritance network shown in the left part of
Fig. 2. An interpretation of the symbols could be the following: A stands for HOVER,
B stands for FLY, C stands for BIRD, D stands for PENGUIN and E stands for MALE
PENGUIN. The fact that an object of discourseisabird leadsto the conclusion that it flies.
But the more specific fact that it is a penguin forcesthe conclusion that it does not fly.

Theinitial nonmonotonicinheritance network can be transformedto an Artificial Neural
Network, as shown in the right part of Fig. 2. The equivalence between the ANN and
the initial NIN, as far as its intended meaning is concerned, requires simulation of the
inheritance cancelling (exceptions) represented by the negativelinks. This can be achieved
by attaching a negative weight to the connection of the Artificial Neural Network that
correspondsto the negative link of the symbolic domain knowledge, as shown in the right
part of Fig. 2. In this way, the activation of cell u4 or us (corresponding to the fact that
an object of discourseis a penguin or a male penguin) will prevent cells up and 1y from
getting activated (corresponding to the conclusion that an object of discourse flies and
hovers). The above are considered under a standard activation function and cell operation.

3.2. Inserting symbolic knowledge with redundancies
Since our aim is to simulate common sense reasoning as closely as possible, it is

important for a nonmonotonic reasoner to handle redundant information in a consistent
manner. Of course, aslong asthe reasoner’sknowledge about the world remains unchanged
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Fig. 3. A NIN supplemented with aredundant atomic statement.

in time, this kind of information could be recognized and, subsequently, removed during
a preprocessing phase of the reasoner’s life cycle. However, if the reasoner’s knowledge
is continuously subjected to revisions, as it is often the case, it is always possible that
redundant, or even contradictory, information is introduced as a side effect of a revision
process. Redundant information is closely related to the stability (cumulativity) of the
reasoner.

Suppose that the reasoner, whose knowledge is represented by a nonmonotonic
inheritance network, supports the conclusion isa(X, Y). We say that the reasoner is stable
if, after inserting into its knowledge base the (redundant) information that isa(X, Y), it
continues to support all the conclusions it supported before the insertion of this piece of
information.

Consider, for example, the nonmonotonic inheritance network shown in the left part
of Fig. 3, with the same interpretation of symbols as that of the previous example.
Clearly, the redundant fact that a male penguin is a bird should not change any previous
conclusion made without taking this redundant fact into consideration. Thisis satisfied by
the activation of the cellsin theright part of Fig. 3.

This kind of stability, is called atomic stability. It is obvious that an Artificial Neural
Network initialized with the proposed methodology supports atomic stability. Atomic
stability is viewed [26] as an acceptability criterion for an inheritance reasoner.

However, the other kind of stability, called generic stability, is not viewed as such
a criterion. In our opinion, both atomic and generic stability should be viewed as
acceptability criteriafor an inheritance reasoner [2,3].

Consider, for example, the nonmonotonic inheritance network shown in the left part of
Fig. 4, with the same interpretation of symbols as that of the previous example. Clearly,
the redundant fact that a bird hovers should not change any previous conclusion that was
made without taking this redundant fact into consideration. This is however not satisfied
by the activation of the cellsin theright part of Fig. 4. Without the connection from cell u3
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Fig. 4. A NIN supplemented with aredundant generic statement.

to cell u1, activation of cell u4 or us preventsactivation of cellsu, and u1. However, thisis
no longer true in the presence of that connection. Therefore, an Artificial Neural Network
initialized with the methodol ogy proposed so far does not support generic stability.

In order to overcome this serious problem, a more negative weight, say —2, could be
attached to al the connections that correspond to the negative links. But, this technique
does not always offer a solution, since this negative weight could be absorbed in the
activation function of a standard type, if it isafunction of the weighted sum of the inputs
toacell.

To addressthis problem, we defineacell operation S asthe computation of the maximum
absolute value of the inputs of the cell. Thus,

Yui, S;(ing, ...,iNy) :=imWinp W-.-win,, 2

where W isabinary operator defined as:

Ixl=lyl+lx[+y] ¢ x=ety .
—EEEEEE e <O
XUy =1 DI 2 0 A x,y> 0 ©)
+1, otherwise.
in,...,in, aretheinputs of cell u; and Yu ; that is connected to u;, in; is derived by the
function
0, ifo(S;)=-1;
in; = { o @
wj;WS;, IfU(Sj)Zl.

Intuitively, the cell operation S guarantees that the output of a cell isidentical to its input
with the maximum absolute value. In the case that there are more than one input of equal
absolute value, the output is identical to the negative one. This is achieved by subtracting
a very small positive number ¢ from some of the inputs determining the resolution of
distinguishing x and y.
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Therefore, (see Fig. 4) if wa2 = —2 the output of cell up is —2, if uga is activated.
Eventually, the output of the cell u> becomes the output of cell u1. Considering only
the positive outputs as activating a cell, the Artificial Neural Network in Fig. 4 behaves
correctly satisfying the very important property of stability.

3.3. Satisfying “inferential distance ordering”

It is often the case that a negative link should be preempted by a more specific positive
one (or vice versa). Therefore, there is aso an ordering of the exception links, either
negative or positive, according to how specific is the class they refer to. The more specific
the referring class the higher the priority of the exception link. This ordering is referred
to, in the literature, as the “inferential distance ordering” [54] and it is viewed as an
acceptability criterion for nonmonotonic reasoning. It ensuresthat if there are any conflicts
among the exception links, they are resolved in favor of the exceptions that have a higher
priority, according to “inferential distance ordering”; that is, in favor of the exceptions
concerning more specific classes.

In order to properly initialize the Artificial Neural Network we have to preserve the
“inferential distance ordering”. But, if all negative links were represented by the same
negative weight and all positive links by the same positive weight, we could not resolve
the conflict in favor of the more specific one. We overcome this problem by assigning to
anegative or a positive weight a negative or a positive link respectively, with a magnitude
relative to atopological ordering of the cells.

According to atopological ordering, thereisafunction f : U — N that assignsan integer
to each cell such that, if cell u; is an ancestor of cell u; (in the sense that there exists a
connection path fromu; to u ), then f(u;) > f(u;). We assign aweight to each exception
link, starting from the links having tail nodeswith the lowest topological order. If there are
links having tail nodeswith the same topological ordering, we start from anegativelink(s).
To each negative link, a negative weight, equal to the topological order of itstail node, is
assigned. To each positive link, a positive weight, equal to the topological order of the tail
node of the last examined negativelink in the same path, is assigned. Exceptionally, to each
positive link, in the case that its head node has a topological order lower than or equal to
the head node of the last examined negative link (or of all the last examined negative links
with the same tail node), a positive weight equal to the topological order of itstail nodeis
assigned.

The above methodol ogy, which is applied to the example of Fig. 5, isformally presented
by thelnitialization Algorithmin Section 3.5. Intuitively, this methodol ogy guaranteesthat,
along a path, every combination of positive and negative exception links satisfies stability
and inferential distance ordering (see Section 5.4 for a proof).

3.4. Inserting symbolic knowledge with conflicts

Nonmonotonic multiple inheritance frequently introduces multiple extensions of a
theory. We quote from [9]:

“...an extension is a set of beliefs which are in some sense justified or reasonable
in light of what is known about aworld”.
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Fig. 5. Assigning negative or positive weights according to a topological ordering.

These multiple extensions are due to conflicts in the represented knowledge. Usually, all
cases of multiple inheritance are treated as cases of ambiguity, e.g., in [54], and thereisno
effort to resolve the conflicts (an exception is [52]). The way in which multiple extensions
are treated depends on whether a credulous or a skeptical view is adopted [26].

The proposed methodology, by definition, can not recognize multiple extensions and
supports a preference over the conclusions represented by paths containing connections
with weights of maximum absolute value. Consider, for example, the nonmonotonic
inheritance network shown in the left part of Fig. 6. An interpretation of the symbols
could be the following: A stands for PACIFIST, B stands for QUAKER, C stands for
REPUBLICAN and D stands for NIXON. The activation of the cells in the right network
of Fig. 6, supportsthe conclusionthat, definitely, Dsarenot As, sincethey are Cs, although
the opposite conclusion is also supported, since As are Bs. This conclusion is due to the
activation of cell uz, that prevents u; from activation. Generally, any path that contains a
connection with a maximum absolute value, due to the transfer of this value, is prevalent
over any other. Therefore, if the weight is negative(positive) then a negative(positive)
conclusionis derived.

One of the main advantages of the Artificial Nonmonotonic Neural Networks is that,
during the knowledge refinement phase, explained in a later section, the conflicts can be
resolved in favor of the most probable ones, with respect to the training set.



12 B. Boutsinas, M.N. Vrahatis/ Artificial Intelligence 132 (2001) 1-38

Fig. 6. Conflicted extensions.

3.4.1. Inserting symbolic coupled knowledge

In nonmonotonic reasoning, usually, objects are coupled with their immediate succes-
sors. This means that an object is not allowed to possess a property that is not possessed
by any of its immediate successors, since this object possesses a property strictly because
it belongs to a particular class. Of course, in some kind of nonmonotonic reasoning, the
skeptical reasoning for instance, an object can not be coupled with its immediate succes-
sors.

In the proposed methodology, neither coupling nor decoupling can be assured. This
is because the conclusion is relied on the maximum absolute value of the connections.
Consider, for example, the nonmonotonic inheritance network shown in the left part of
Fig. 7. Clearly, neither Ds nor Es are As, due to the negative weights wz 2 and ws 3.
A skeptical reasoner, on the contrary, supportsthe conclusionsthat Es are Asand that Ds
arenot As, thus allowing the decoupling of Esfrom Ds.

Of course, during the knowledge refinement phase, coupling or decoupling is preferred
in favor of the most probable, with respect to the training set.

3.5. Theinitialization algorithm

According to the methodology presented in the above sections, the initialization
algorithmis asfollows:
Given: adirect acyclic graph: G(V, E = R U POSU NEG),

or: aset of relations: R ={r | r = (g, s)}
aong with a set of exceptions: X = {{(g, {n1, ..., nt}, {p1, ..., p})},

initialize an Artificial Neural Network with:

o asetof clsU = {u1,...,ur},
e asetof weights W = {w; j | i, j <k},
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Fig. 7. Another example of conflicted extensions.

executing the following algorithm:

Theinitialization algorithm

1
2.

3.

foreach v; € V (or for each distinct ¢ that isreferredtoin R), defineacell u; € U,
foreache = (i, j) € E (or for eachr = (i, j) € R) define aconnection from u; to
uj with w; =1,

for each n = (i, j) € NEG (or for each (i, (j,...),(...) € X), in ascending
topological order of i, define a connection from u; to u; with w; ; = —(d x i)
(where d is a positive integer that is used in order not to allow contiguous
weights),

for each p = (i, j) € POS (or for each (i,(...), (j,...)) € X), in ascending
topological order of i, define a connection from u; to u; with w; ; = +(d x i)
(where d is as above), if for the most closed, in the same path, edgen = (x, y) €
NEG of p, f(j) = f(y). Otherwise, define a connection from u; to u; with
wi j = +(d x x).

4. A knowledge refinement method

Knowledge refinement is based on the training of the corresponding Artificial Neural
Network. At the same time, knowledge refinement aims to an effective knowledge extrac-
tion. To this end, we need a training method that preserves the symbolic meaning of the
initialized Artificial Neural Network. In our case, this is accomplished both by restricting
the weights to be set to selected ones and by using a fixed architecture. Notice that most
training algorithms are specialized to train a particular type of network architecture.
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In our case, the network is considered as a network of neuronswith discrete states. Thus,
consider a Discrete Multilayer Neural Network (DMNN) consisting of L layers, in which
the first layer denotes the input, the last one (L) is the output and the intermediate layers
are the hidden layers. It is assumed that the (I — 1)th layer has N;_1 units. These units
operate according to the following equations:

Ni—1

-1, -1
e = Sl el )=o) ®
i=1

where netjl. isthe net input to the jth unit at the ith layer, wfj_l'l is the connection weight

from the ith unit at the (I — 1)th layer to the jth unit at the /th layer, yf denotes the output
of the ith unit belonging to the /th layer, 65. denotes the threshold of the jth unit at the

[th layer, and o is the activation function. We consider units where a(netﬁ) is a discrete
activation function. We especialy focus on units with two output states, usualy called
binary or hard-limiting units[38], i.e.:

“true”, if netj. >0;

H(nett) =
o (net;) “false’, if net! <0.

(6)
Although units with discrete activation function have been superseded to a large extent by
the computationally more powerful units with analog activation function, DMNNs are still
important in that they can handle many of the inherently binary tasks that neural networks
are used for. Their internal representation is clearly interpretable, they are computationally
simpler to understand than networks with sigmoid units and provide a starting point for
the study of the neural network properties. Furthermore, when using hard-limiting units
we can understand better the relationship between the size of the network and the training
complexity [17]. In[13], it has been demonstrated that DMNNswith only one hidden layer
can create any decision region that can be expressed as a finite union of polyhedral sets
whenthereisoneunitintheinput layer. Moreover, artificially created exampleswere given,
where these networks create non convex and digoint decision regions. Finaly, discrete
activation functions facilitate neural network implementationsin digital hardware and are
much less costly to fabricate.

The most common feed forward neural network (FNN) training algorithm, back-
propagation (BP) [49], which makes use of the gradient descent, cannot be directly applied
to networks of units with discrete output states, since discrete activation functions (such
as hardlimiters) are non-differentiable. This also holds for various modifications of the
BP method (see, e.g., [31,32]). However, various modifications of the gradient descent
approach have been presented in the literature [14,53,63]. In [15] an approximation to
gradient descent, the so-called pseudo-gradient training method, is proposed. This method
uses the gradient of a sigmoid as a heuristic hint instead of the true gradient. Experimental
results validated the effectiveness of this approach.

We derive and apply a new training method for DMNNSs that makes use of the
gradient approximation introduced in [15]. Our method exploits the imprecise information
regarding the error function and the approximated gradient, like the pseudo-gradient
method does, but it has an improved convergence speed and has the potential to train
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DMNNSs in situations where, according to our experiments, the pseudo-gradient method
failsto converge. For some comparative results of this method with BP see [33].

4.1. Problem formulation and proposed solution

We consider units with two discrete output states and use the convention f (or — f) for
“false” and ¢ (or +¢) for “true”, instead of the classical 0 and 1 (or —1, and +1). f, r are
real positive numbersand f < . Real positive values prevent units from saturating, give
to thelogic “false” some power of influence over the next layer of the DMNN and help the
justification of the approximated gradient value, which we employ.

First, let us define the error for a discrete unit as follows:

ej(t)=d;()—yr(), forj=12... N, (7)

where d;(¢) is the desired response at the jth neuron of the output layer at the input
patternz, ij(t) isthe output at the kth neuron of the output layer L. Noticethat N refersto
the number of output cellsthat are semantically related to the input cells. More specificaly,
these output cells are only those that eventually can be activated by the input cells. Thus,
we consider a subgraph of the initial inheritance network. For a fixed, finite set of input—
output cases, the square error over the training set, which contains 7' representative cases,
is:

T T N
E=ZE(t)=Z Ze?(z). (8)
=1 =1 j=1

The idea of the pseudo-gradient was first introduced in training discrete recurrent neural

networks [65,66] and was extended to DMNNSs [15]. The method approximates the true

gradient V E (w) of the error function E (w) with respect to the weights w, by introducing

an analog set of values for the outputs of the hidden layer units and the output layer units.
Thus, it is assumed that y§ in Eq. (5) can be written as:

vy =3 (s(net}), ©)
where, if S(-) isdefinedin [0, 1] then:

5 (x) = {“true", if x >0.5; (10)
“false”, if x < 0.5,
otherwiseif S(-) isdefinedin [—1, 1] then
5 (x) = {“true", if x >0; (11)
“false”, ifx <O.
Using the chain rule, the pseudo-gradient is computed by:
% =8y (12)

ij
where the back-propagating error signal § for the output layer is:
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and for the hidden layers (I € [2, L — 1]) is:

o = s'(net!) 3 whi g2, (14)
n

In these expressions s’ (net ,l') isthe derivative of the analog activation function.

By using real positive values for “true” and “false” we ensure that the pseudo-gradient
will not reduceto zero when the output is“false”. Notice also that we do not use o/, which
is zero everywhere and nonexistent at zero. Instead, we use s’, which is always positive, so

(S; gives an indication of the direction and magnitude of a step up or down as afunction of

netj. in the error surface E.

However, as pointed out in [15], the value of the pseudo-gradient is not accurate enough,
so gradient descent based training in DMNNSs is considerably slow when compared to BP
training in FNNs.

In order to aleviate this problem, we propose an aternative to the pseudo-gradient
training method procedure. The proposed training method is applied by changing selected
weights at each epoch, which is very useful in our approach. It is based on recently
proposed unconstrained optimization methods [59-61].

Next, we present the proposed training method. For simplicity, we index the se-
lected weights in sequence: w', i = 1,2,...,n. Thus, in order to find a point w* =
(w], w3, ..., wy), which minimizes the given error function:

E:DCR'—> R, (15)

in a specific bounded domain D, we try to obtain a sequence of points {w*}, k=0,1,...,
which converges to w*. So, using an arbitrary chosen starting vector of weights w® =
w?, wl, ..., wd) e D, we subminimize E along the w1 direction. Now, if &1 is such a
subminimizer, then, of course, point (w1, wg, el w,?) possesses a smaller function value
than point w®. Then, we set w} = 1. We repeat the above process to find a subminimizer
i, aong wy direction with as starting vector of weights (wi, w9, ..., w?). Thus, we
computethe point w% and in the same way we compute the point w% with as starting vector
of weights (wl, wl, ..., w®) and so on until point w! = (wi, wi, ..., w}l) isformed. Now,
after replacing the starting point w® by w?, we can repeat the above process to compute
w? and so on until the final estimated point w* is computed according to a predetermined
accuracy. Notice that we use only one-dimensional subminimization techniques to
minimize the error function. For more details on such techniques see [7,36,39,57,58].
With the above discussion in mind we provide below a high level description of our
agorithm, where E indicates the error function, w® = (w?, ..., w?) the starting weights,
h = (h1,...,h,) the starting stepsizes in each coordinate direction, MEP the maximum

number of epochs required and &, ¢ the predetermined desired accuracy.

The training algorithm

1. Input {E; w% h; MEP; §; ¢}.
2. Setk=-1.
3. Seti=0.
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4. If k < MEP, replace k by k + 1 and go to the next step;
otherwise, go to Step 12.
5. Replacei by i 4+ 1 and continue.
6. Computeasubminimizer w;, within an accuracy §, along the i th direction by applying
any one-dimensional subminimization iterative scheme.
7. If @; isasubminimizer of E along the ith direction set wf ! = w;;
otherwise set wf ! = wk.
If i <n,goto Step 5.
9. If E(w**1) < E(w¥), goto Step 3;
otherwise set y? = w* and continue.
10. Apply one step of a pseudo-gradient training method utilizing the starting value y°
and take its output value ySUB,
11. If Ewktl) > E(y9VB), then set w1 = y3UB and return to Step 3.
12. Output {wk; E(wk)}.

®©

Our experience is that in many cases, as well as for all the problems studied in [33,
60,61], the application of the subprocedure at Step 10 is not necessary. We have placed
it in our algorithm for the sake of completeness. For a proof of the convergence of this
algorithm and related ones, see [59-61].

5. The knowledge extraction method

One of the main advantagesof ahybrid system comesfrom the fact that the symbolic part
is used to access the refined knowledge. Therefore, the knowledge extraction phase, where
the refinement knowledge provided by the trained Artificial Neural Network is extracted
in a comprehensible symbolic scheme, is of great importance to the reliability of a hybrid
system.

The proposed knowledge extraction method of Artificial Nonmonotonic Neural Net-
works heavily relies on reversing the initiaization phase. The cells of the Artificial Neural
Network are, simply, transformed into nodes of the Nonmonotonic Inheritance Network.
But the refinement of the initialized knowledge is actually represented by the changesin
the weights of the connections of the Artificial Neural Network. These changesactually re-
alizetherefinement of theinitialized knowledge, resolving conflicts. Theinitial knowledge
of theinheritance network is changed due to insertions and deletions of exception links.

As it is well known, there is not a unique trained set of weights w* that verifies the
corresponding error function. To ensure that the changes in the weights do not concern
connections that do not contribute in the knowledge refinement, we apply the training
algorithm to selected weights, as described in Section 5.3.

5.1. Resolving conflicts
In resolving conflicts, a technique based on the identification of the extension that is

supported by the set of classified examples used during the refinement phase is employed.
Extensions are actually represented by paths of the inheritance network, and, hence,
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of the connectionist network. The identification of the prevalent extensions, after the
refinement phase, is achieved by the identification of changes in the weights attached to
the connections.

In the initialized connectionist network prevalent extensions are those represented by
a path containing connections with weights of maximum absolute value. Since negative
wel ghts support negations, a decrease of aweight gives afurther precedenceto a prevalent
extension supporting negations. On the other hand, an increase in a weight, contributes
toward the cancelling of a negative weight and therefore gives precedence to a prevalent
extension supporting apositiveresult. Anincrease or adecreasein aweight, w; ;, isdefined
with regard to its value before the refinement phase, w? i When a prevalent extension is
identified by a change in a weight, the extracted inheritance network is modified in order
to support this extension. This is achieved by adding to the inheritance network a proper
exception link, positive or negative, depending on the result supported by the identified
extension. The added exception link concernsthe extension as awhole and, clearly, it does
not concern the exception link whose corresponding connection has changed. Therefore,
the added exception link is attached to the path that represents the extension.

Consider, for example, the trained Artificial Neural Network of Fig. 8. Suppose that
there is a decrease in the weight w3 2 = —6, (wg2 = —3), which identifies the extension
F — D — C — A as prevalent. Then, a negative exception link (F, A) is added that
supports this prevalent extension. Notice that the added link does not affect the existed
negative exception link (C, A), which has to remain. The added link, of course, has a
priority over the existing one, according to the “inferential distance measure”.

In order to add exception links properly, we need to identify the path that represents
a certain extension. Since a prevalent extension is identified by a change in a weight of
a connection that represents an existing exception link, we assume that an extension is

Fig. 8. Adding exception links.
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represented by a path containing the tail and the head nodes of this exception link. Such a
pathisthe F — D — C — A inFig. 8, containing the tail node F and the head node A of
the existing exception link (C, A).

In general, if there exists a path from a node representing an input cell under
consideration to a node representing an output node under consideration and this path
contains the changed weight, we add an exception link between these two nodes. The
exceptionlink is positive (negative) if thereisan increase (decrease) to anegative (positive)
weight or a decrease (increase) to a positive (negative) weight.

5.2. Preemption of exception links

It may also be the case that an existing exception link should be preempted, becauseit is
not supported by the set of training examples. Such exception edges can be aso identified
by changes in weights of the corresponding connections.

Consider, for example, thetrained Artificial Neural Network of Fig. 9 that wasinitialized
as shown in Fig. 5. Suppose that weight we 4 iS decreased. Therefore a positive exception
link (F, D) is added. Notice that the added link introduces a conflict. This conflict is
resolved in the implementation level, where the existing exception link (F, D) is deleted
(see the extraction algorithm in the next subsection).

Fig. 9. Preempted exception links.
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5.3. The extraction algorithm

To attack all the above cases, during the refinement phase, the training method is applied
on selected weights. Mainly, these weights are the ones that correspond to exception
links. Therefore, any change to a weight guarantees the prevalence or the validation of
an exception link. Meanwhile, when resolving conflicts, if there are extensions represented
by paths without exceptions, then identification of the prevalent extension is not possible,
because only the weights that correspond to exception links are considered. Actualy, in
such acase the initialized connectionist network can not be trained.

We handlethis problem by allowing the addition of weightsto the set of selected weights
that correspond to ordinary links. These are the weights of the connectionsthat are adjacent
to those output cells that represent nodes without incoming exception links.

Consider, for example, the trained Artificial Neural Network of Fig. 11. The training
algorithm allows the addition of the weight wse3 561 t0 the set of selected ones, apart from
wse0,559 aNd wsey, 560-

The extraction algorithm, at first, transforms cells and connections to nodes and edges.
Then, the algorithm adds proper negative or positive exception links, if a prevalent
extension isidentified. The extraction algorithm is presented below:

Given: the trained connectionist network with:
asetof cellsU = {u1, ..., ur}, aset of weights W = {w; ; | i, j < k} along with
theinitial set of weights W0 = {ng |i, j < k} before the refinement phase,

Revisethe Inheritance Network with:

aset of nodes V;

aset of edgesthat represent ordinary relations R;

a set of edgesthat represent exceptional positive relations POS;
aset of edgesthat represent exceptional negative relations NEG.

Executing the following algorithm:
The extraction algorithm

1. for each cell u; € U:
construct anodev; € V
2. for each connection from u; to u;:
if w;j=1 then
construct anedgee = (i, j) € R
if w; j < Othen
construct an edge e = (i, j) € NEG
if w; ;>0 then
congtruct an edge e = (i, j) € POS
3. for each connection from u; to u ;
where [w | # lwi ;|-
if apath 7, t containing (i, j) exists,
where & is the node representing input under consideration
and ¢ isthe node representing output under consideration
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then
if ng < wj,j then
add (if it does not already exist)
the exception link e = (h, t) € POS,
delete any existing exception link e = (h, t) € NEG.
elseif w?, > w; ; then
add (if it does not already exist)
the exception link e = (h, t) € NEG.
delete any existing exception link e = (h, t) € POS

5.4. Soundness and compl eteness

The proposed methodology is sound and complete, as it is proved in the following. In
general, we consider that:

asystem issound if every output isvalid,
asystem is complete if every valid output can be produced.

The proof of soundness and completeness of ANNNSs s actually reduced to the proof of
soundness and completeness of initialization, revision and extraction phase separately.

The completeness of the initialization phase is obvious and comes straightforward from
the initialization algorithm in Section 3.5. Every inheritance network can be transformed
to aneural network of the type described throughout Section 3. Thisis so, becausethereis
a one to one correspondence between the sets of nodes V and edges E of the inheritance
network and the sets of cells U and connections W of the neural network respectively.
Obvioudly, there is always a topological ordering of nodes in the inheritance network,
thereforeit is always possible to assign weights to the connections of the neural network.

The soundness of the initialization phase guarantees the equivalence between the
neural network and the intended meaning of the background knowledge. We consider
that equivalence is guaranteed if the neural network satisfies inheritance, stability and
inferential distance ordering (described in detail in Section 3). We prove the soundness
of the initialization phase by cases. Lemmas 1 and 2 guarantee the satisfaction of
the inheritance property. Satisfaction of the inferential distance metric and the stability
property is guaranteed by Theorems 3 and 6. Notice that the conflict resolution property is
guaranteed after the refinement phase, therefore all the following proofsrefer to an intra-
extension (intra-path) domain.

Lemma 1. In a neural network constructed from an inheritance network without any
exceptions or only positive ones, using the algorithm in Section 3.5, a cell o € U is
activated iff at least onecell jk € U connectedto o via a path of connections p = {w o1,
Wj1,j2, ..., Wjn,o}, Where jO,..., jn e U and wjo j1,w; 1,j2,..., Wjn,o € W, IS also
activated.

Proof. Supposethat cell jk, where 1 < k < n, isactivated. Thus, from Eq. (2) we obtain
Sik1(.yinjg,..) =---Wing W... and, since jk is activated, from Eq. (4) we obtain
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o(Sjr) =1and inj = wj jk+1 W Sjk. Given that there exist only positive exceptions,
Wik, jk+1 = 1, Sjkr1 = 1 and o (Sjk41) = 1. Similarly, o (Sji42) = 1 and so on, until,
findly,o(S,)=1. O

Lemma 2. In a neural network constructed from an inheritance network with at most
one negative exception in each of its paths and no positive ones, using the algorithm in
Section 3.5, the activation of cell # € U, which the exception link starts from, prevents from
activation any other cell connected to the head i € U of the exception link via a path of
connections p = {wy, j1, wj1,j2, ...}, where j1, j2,...e U and wy_j1, wj1 j2,... € W.

Proof. Sincecell r isactivated and there existsonly one negativeexception, wy , S (- - -) >
1 and o(S;) = 1. Thus, from Eqg. (2) we obtain S,(...,in,,...) = ---Win, W ... and
by means of Eq. (4) we have in, = w; , W S;. Because there exists only one negative
exception, w; , < —1, since f(r) < f(h) and f(h) < 1. Thus, in, < —1, hence S, < —1
and o (S,) = —1. Similarly, by Lemma, for any jk includedin p, o (Sjx) =—-1. O

Theorem 3. In a neural network constructed from an inheritance network with at most
two exceptions w s, r1, wer,sn iN €aCh Of its paths p = {wjo, j1, wj1,j2, ..., Wjn,o}, Where
jO,...,jneU and wjo j1, w1 j2, ... € W, the inferential distance metric and stability
property are satisfied. The following cases exist:
(1) Both of them are negative or positive. In this case the following sub cases are
distinguished:
(@) exclusion: f(f1) < f(fh) < f(st) < f(sh);
(b) inclusion: f(f1) < f(st) < f(sh) < f(fh);
(c) intersection: f(ft1) < f(st) < f(fh) < f(sh).
(2) Thefirst is positive and the other is negative. In this case the following sub cases are
distinguished:
(@) exclusion: f(f1) < f(fh) < f(st) < f(sh);
(b) inclusion: f(f1) < f(st) < f(sh) < f(fh);
(c) intersection: f(ft) < f(st) < f(fh) < f(sh). Thissubcase, actually, introduces
atomic stability.
(3) Thefirst is negative and the other is positive. In this case the following sub cases are
distinguished:
(@) exclusion: f(f1) < f(fh) < f(st) < f(sh);
(b) inclusion: f(f1) < f(st) < f(sh) < f(fh);
(c) intersection: f(ft) < f(st) < f(fh) < f(sh). Thissubcase, actually, introduces
generic stability.

Proof. It is straightforward from Egs. (2), (3) and (4) that for each of the above
subcases, considering arbitrary input and output cells, the output cells are properly
activated/deactivated so that the inferential distance metric and stability property are
satisfied. In the following, we prove this claim for one of the above subcases. The proofs
for the rest subcases are similar. Consider the case ((ii)(a)) above. Suppose that cell fr is
activated. Then, from Lemma 1, for every node fi for which f(ft) < f(fi) < f(sh),
o(Syi) = 1isimplied. It is clear, from the fourth step of the initialization agorithm in
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Section 3.5, that |w s, rn| = |wsr snl, wer, fr > 0, wy s < 0. Therefore, for the output
cel sh, S¢;(iNgy, ing;) = iNng, Wing, where sm is the immediate ancestor of sh. Then,
iNg, = Wem. sh W Ssm = Wt fh- Also, ing, = Wyr.sh W Sgt = Wy sh dueto ¢ in Eq. (3)
Therefore, Sgn = wy sn, alS0 dueto ¢ in Eq. (3). Finally, o (S;n) =—1. O

Definition 4. If m = (mt, mh), n = (nt, nh) are exception links, we define the dominant
exception link as the link that has priority over the other, according to the inferential
distance metric and the stability property with respect to Theorem 3. Formally, m is
dominant on n, denoted asm > n, if

{ SIgN(Spn) = Sign(wm), if sign(wy,) # sign(wy);

fmt) = f(nt), f(mh) > f(nh), ifsign(w,) =sign(w,). (16)

Lemma 5. The dominant operator, >, defines a relation D on the set of connections W.
Relation D isreflexive and antisymmetric.

Proof. Obviously, Vin = (mt,mh) € W,m > m, since f(mt) = f(mt). Therefore D is
reflexive. Obviously, Vim = (mt, mh),n = (nt,nh) € W, for which m > n,n > m, then
m = n isimplied. Therefore D isantisymmetric. O

Theorem 6. The general case of a neural network constructed from any inheritance
network is reduced to the case of Theorem 3, where at most two exceptionsin each of its
paths are allowed. This is accomplished by successively replacing the pairs of exceptions
(m, n) by the dominant exception of them, starting from the pair with the lower topol ogical
order for thetail of m. Under this constraint, we prove that D is also transitive and hence
permits successive substitutions.

Proof. We prove that VI = (it,lh), m = (mt,mh),n = (nt,nh) € W, for which f(t) >
fn), f(mt) > f(mh), f(nt) > f(nh), fdt) > f(mt) = fh) = f(mh), f(mt) >
f(nt)y = f@mh) = f@mh), if | = m,m = n then [ > n is implied. Hence, D is
transitive. If sign(w;) = sign(w,,) (both negative or positive), from Definition 4, f(lt) >
f@mt), f(lh) > f(mh). If, aAso, sign(w,) = sign(w,) then sign(w;) = sign(wy,) =
sign(w,) and from Definition 4 f(mt) > f(nt), f(mh) > f(nh). So, f(t) > f(nt),
f(Uh) = f(nh) and, from the second case of Definition 4, [ > n. Else, if sign(w,,) #
sign(w,) then, aso, sign(w;) # sign(w,) and, since m > n, SIgN(S,n) = SIgN(wy,).
Therefore, sign(S,,,) = sign(w;) and, hence, from the first case of Definition 4, [ > n.
Consider, now, the case where sign(w;) # sign(w,). If, aso, sign(w;,) # sign(w,) then
sign(w;) = sign(wy,). Since, by constraint, f((t) > f(nt), f(lh) > f(nh) then, from the
second case of Definition 4, [ = n. Findly, if sign(w,,) = sign(w,) then sign(w;) #
sign(w,). Sincel > m then sign(S,,;,) = sign(w;). Moreover, sign(S,,) is determined by
sign(w,,) and sign(S;,,;,). But, since sign(S,,»,) = sign(wy) then sign(S,,;,) is determined by
the dominant of / and m, which is . Therefore, sign(S,,) = sign(w;), and, from the first
case of Definition4,l >~n. 0O

Completeness and soundness of the refinement phase is reduced to convergence of the
training algorithm. For a proof of convergence of this algorithm as well as for some other
related results see [59-61].
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Completeness of the extraction phase is obvious and comes straightforward from
the extraction agorithm in Section 5.3. The extraction algorithm guarantees that every
output cell o € U can be reached by an input cell i € U by at least one path
p= {w,-,jl, Wjil,j2s - wjn,o}, where jl, .. .,jl’l e U and Wi jl, -+ Wjn,o € W, which
includes a weight w,, , that belongs to the set of the selected weights. Therefore, every
change to a weight that belongs to the set of the selected weights, during the refinement
phase, can be transformed to an addition of an exception link between the head and the tail
of the path(s) which the changed weight is assigned to.

Soundness of the extraction phase is, aso, obvious. An increase in a negative weight
or adecrease in a positive weight actually decreases the absolute value of the weight and
hence gives precedence to any other conflicted path with a positive or negative weight
respectively. Similarly, a decrease in a negative weight or an increase in a positive weight
gives precedence to the path that containsit.

6. Experimental results

In order to test the effectiveness and efficiency of ANNNS, asalearning system, we need
to refine some initial knowledge of a pure nonmonotonic domain. Instead of choosing
such a scarcely mentioned in the literature domain, which would not be appropriate for
comparativeresults, wetested ANNNSsin aproblem that can be considered as being defined
in anonmonotonic domain, although in the literature, it is not treated as such. The problem
is the extraction of classification rules from a dataset that can be considered, in the scope
of this work, as being reduced to the extraction of general patterns and their exceptions.
Classification problem, in amonotonic domain, has been attacked using both symbolic and
connectionist techniques. There are also hybrid systems, as most of those mentioned in the
introduction, that have been evaluated using it.

The key idea behind using ANNNSs in the classification problem, under a pseudo
nonmonotonic domain, is to consider some initial, arbitrarily chosen, classification rules
that introduce conflicts and then to refine them by resolving these conflicts. Therefore,
exceptions in the initial knowledge are, actually, artificially defined. The reader should
bear in mind that ANNNS are capable of refining initial knowledge of a honmonotonic
domain. To our knowledge, there exists no hybrid system, apart from Pinkas's symmetric
networks based on a trandation of Penalty Logic, (which however heavily relies on user
defined penalties, which in turn require akind of preprocessing of the conflicts), that can be
used in classifying examplesthat belong to a nonmonotonic domain. Of course, arelation
can be established between Logic Programming and nonmonotonic reasoning through
default and autoepistemic logics, which is based on treating negation [35]. Thus, hybrid
systemslikethosein[23] and [12] can be, aso, used in a nonmonotonic domain. However,
for practical problems, one should take into consideration that, in establishing a relation
between Logic Programming and nonmonotonic reasoning, the default interpretation of
negation is an NP-complete task. Therefore, heuristics as “negation as failure to prove”
has to be adopted. Moreover, one should also take into consideration hurdles imposed by
logic-based formalisms, in general, such as the lack of the stability property, mentioned in
the introduction.
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In order to evaluate ANNNS, by obtaining comparative results with other hybrid
systems, we transform a monotonic domain to an artificial nonmonotonic. It is actually
this transformation that prevents ANNNs from outperforming aternative systems in
classification in a monotonic domain. The main problem is that ANNNS, inherently, treat
noise as exceptions and thus tend to overspecialize. Therefore, ANNNS are not so accurate
in unseen examples, when applied to a monotonic domain. But, the obtained experimental
results, as presented in what follows, are comparable to other hybrid systems and superior
to various well-known pure symbolic or connectionist systems.

In the next subsection, we compare ANNNSs with pure symbolic and connectionist
systems against the problem of classifying both real-world datasets and test datasets. More
specifically, we evaluate ANNNSs using a real-world dataset representing the customer
base of a big telecommunications company and two real-world datasets from the domain
of Molecular Biology, especialy that of DNA sequence analysis, namely the “promoter
recognition” and the “splice-junction determination” problems [62]. Notice that DNA
sequence analysis problems are used as benchmarks for comparing the performance of
learning systems.

6.1. Extracting customer profiles

Classification rules can be extracted using supervised learning methods and can be used
to classify datainto predefined classes, described by a set of concepts (attributes). In most
of the cases, independently of the adopted representation scheme, a set of classification
rules describes a class through defining a general pattern with exceptions. A subset of
these rules defines the genera pattern (e.g., “young loan applicants are of a high risk”),
while the rest define the exceptions (e.g., “young loan applicants with high income are of
low risk™).

Consider, for example the sample of rules shown in Fig. 10. These rules are constructed
by the CN2 algorithm [5] and describe the behavior of the customer base of a big
telecommunications company. The conditions of the rules are certain attributes of the
customer base and the predefined classes denote a profit related behavior. It is obviousthat
thelast three rules define genera patterns, while the first oneis an exception to the last two
rules.

Therefore, if werepresent general patternsasan initial knowledge using anonmonotonic
inheritance scheme, we can find their exceptionsrefining theinitial knowledge with respect
to database records astraining examples. Initial knowledgeis, usually, provided by experts.
In the tests we performed for ANNNSs evaluation, it is chosen randomly. If we consider the
three general patternsshownin Fig. 10 asinitial knowledge, theinitial inheritance network
shownin Fig. 11 is constructed.

Consider the following interpretation? of the symbols:

e A standsfor BAD;

e B standsfor COMMON;

e Cstandsfor GOOD;

1 For confi dentiality reasons, the classes in the rules are not the same as the actual ones.
2 For confi dentiality reasons, attribute values are not the same as the actua ones.
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Young people, employees of government companies, residents of
Aegean Islands are common customers

Entropy = 1.36

Significance = 10

Residents of Aegean Islands are common customers
Entropy = 2.09
Significance = 40

Young people are good customers
Entropy = 1.53
Significance = 20

Employees of government companies are bad customers
Entropy = 1.45
Significance = 60

Fig. 10. A sample of adecision list.

Ws6s,564=1 Wses,563=1

Fig. 11. An example.

D standsfor EMPLOY EES OF GOVERNMENT COMPANIES;

E stands for RESIDENTS OF AEGEAN ISLANDS;

F stands for YOUNG PEOPLE;

G stands from YOUNG PEOPLE, EMPLOYEES OF GOVERNMENT COMPA-
NIES, RESIDENTS OF AEGEAN ISLANDS.

The above inheritance network, in turn, is used to initialize a connectionist network as
shown in the same figure. The latter is trained, using relational data as training examples.
Findly, refined rules are extracted in the form of a new inheritance network, as shown
in Fig. 12. This refined inheritance network can now be used to infer that “Employees
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Fig. 12. Resolving conflicts.

of government companies and residents of Aegean Islands are common customers’. This
holds because of the added positive exception link (G, B) and the negative exception link
(G, C). Thefirst supportsthefact that Gsare Bs, whilethe previously conflicted extension
(that Gsarenot Bs because they are Cs) isremoved due to the second.

Notice that every such query, which is actually a combination of attribute values, should
be considered as exceptional and refined during training. Hence, combinations of attribute
valuesare considered as potential exceptions, determining a pseudo nonmonotonic domain.

Theinitia weights of the previous example are shown in Fig. 11. During the refinement
phase some of the initial weights are changed while trying to minimize the error function.
The error function, given that there are three output cells and one input cell, takes the
following form:

3
E = [0(NOUT;) — (2D0UT; — 1%, (17)
i=1
Thus:
E = [((wse0,559 ¥ S560) ¥ (w564,550 ¥ Ss64) — (2DOUTs59 — 1))2
2
+ ((wse1,560 W S561) W (wse2,560 W Ss62) — (2DOUTs60 — 1))
2
+ ((ws63,561 ¥ Ss61) — (2DOUTs63 — 1))°].

A table with 30000 recordsis used as atraining set. Thistable is the same as the one used
by the CN2 algorithm when the rules of Fig. 10 are extracted. 31 records of thistable are
of theform:

“young_people, empl_gov_co, res Aegean_ld, bad”
which are encoded as:

insgs =1, DOUT561 =0, DOUTsg0 =0, DOUTs50 = 1,
129 records of them are encoded as:

insegs =1, DOUTse1 =0, DOUTs69 =1, DOUTs59 = 0, and
108 records of them are encoded as:

insgs =1, DOUTs561 =1, DOUTs60 = 0, DOUTs559 = 0.
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Table 1
Instances of the trace of execution
0 0 0
W563,561 W561,560 W560,559 E
1 —561 —560 1280
1 —561 566 2104
1 —561 —566 1280
566 —561 —560 2144
-1 —561 —560 1072
-1 —566 —560 1072
-1 2 —-560 1112

Some epochsof the refinement processare exhibited in Table 1. Theoretically, theweight
wse0,559 IS changed properly intheinterval [—¢, ¢, where ¢ isa“big” positiveinteger. We
consider ¢ asthe number assigned to the last cell in topological ordering plusone. Actualy,
weight wseo 559 iS changed taking valuesfrom the set {—566, . . ., +-566}. Sincethereis not
any minimization of the error function, the algorithm proceeds to changing other weights.

Eventually, weight wse3 561 iS changed. A decrease minimizes the error function.
Meanwhile, in this case, as possibly in the general case, al outputs are deactivated and
there is no conflict resolution at all. In such a case, we ignore the decrement of the error
function and we proceed while keeping the change in the weight. This is aso the case,
when more than one outputs are activated. According to our experience, and in view of al
the tests that we have made, the latter case has not been encountered.

Then, weight wse1 560 IS changed. Anincreasein theweight minimizestheerror function
with respect to itsinitial value. More changes do not further minimize the error function,
therefore the refinement phase finishes. The revised inheritance network is shown in
Fig. 12. Therewas anincreasein weight wse1 seo that identifiesthe extensionG — £ — B
asprevalent. Thereforeapositiveexceptionlink (G, B) isadded that supportsthis prevalent
extension. Notice that the added link does not affect the existed negative exception link
(B, A), which should be retained. Moreover, there was a decrease in weight wse3 561.
Therefore, a negative exception link (G, C) is also added.

Notice that in the revised inheritance network a negative exception link (G, A) is not
added, in order to directly exclude the extension (G — D — A). Meanwhile, the positive
exception link (G, B) can be used to resolve the conflict, indirectly, through adopting a
skeptical view [26]. Alternatively, such conflicts can be resolved at the implementation
level. Thus, if a positive exception link is added by the extraction a gorithm then negative
exception links are also added to the rest of the output nodes.

Initial knowledge, represented in the inheritance network shown in Fig. 11, consists
of general rules that refer to values of different attributes characterizing the training set
(nodes D, E, F), while the input node G represents a potential exception that refers to
a combination of attribute values. If we consider all possible general rules, each for a
different attribute value, that arbitrarily classify examples to al three classes (A, B and
C), we can use ANNNS to refine this initial knowledge, thus resolving these artificial
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Fig. 13. Test-set performance.

conflicts. Obviously, we can then consider exceptions of these rules, each of them formed
by a combination of values, taken from a pair of attributes, and we can try to resolve any
conflicts. We can repeatedly consider further exceptions (exceptions of larger depth), each
of them formed by a combination of values taken from atriple of attributes (asin Fig. 11)
and so on. Thus, at the end, the obtained inheritance network represents classification rules,
with resolved conflicts, and can be used in a classification process.

We have compared ANNNS, in extraction of customer profiles, to symbolic and
connectionist techniques. We have chosen CN2, awell-known symbolic algorithm, and two
genuine connectionist learning techniques, namely the Self-Organized Map algorithm [28]
and the Radial Basis Function networks. The overall classification accuracy of tested
techniquesis shown in Fig. 13, using a set of 30000 patterns, chosen out of a set of 60000
patterns. In each case we formed a training set choosing, randomly, 80% of the initial set
and atest set from the remaining 20%.

Using SOM, the best results was obtained when the number of neuronswas in the range
50 to 150. Within that range the classification performance was not strongly dependent
on the number of neurons. The training set size should be large. For instance, for 10000
training patterns, taken from the training set, the obtained performancewas 36%. However,
for 30000 training patterns and more (up to 50000 patterns that we tried) the classification
performancewas not varied significantly and it was about 46%. When the classinformation
is appended as input to the training patterns, the classification performance is improved
by about 2—4% (it becomes about 48% to 50%). The LVQ phase, with the supervised
refinement of the class boundaries, further improves the classification results to 56-58%.

Radial Basis Function (RBF) networks were also used, taking as centers the weight
vectors of the neurons obtained after the SOM or LV Q. Then the RBF network training
algorithm learns locally the classification function, by accounting mostly the patterns that
fal near each training center [20]. However, practically, the numerical solution of the
formulated equations for the RBF training becomes problematic, due to the large size of
the problem. The currently achieved performancewith the RBF networksis only 37%. The
poor performance can be attributed to the large size of the training set that involves large
matrices, which are mostly sparse.
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Asfar as the symbolic agorithm CN2 is concerned, it overcomesthe low classification
performance problem of connectionist techniques. Actually, the construction of rules is
related to a predefined measure of classification performance (entropy). However, it suffers
from avery bad time and space complexity.

The exampleof the previoussection, shownin Fig. 11, concernsaparticular combination
of attribute values determining a potential exception that must be probably resolved. This
example is actually a subset of a complete solution provided by the other mentioned
approaches. The overal time complexity is dominated by the number of different
combinations of the values of a subset of input attributes to be examined. Thisis

st
Z=Z[Z[|Ak1| XX |Ak,-|]}, (18)

i=2L j=1

where S is the number of attributes and | Ay, | is the number of different values that
can be assigned to an attribute (a field). Therefore, the time complexity of the particular
application of ANNNS to a classification problem is directly proportional to the number of
different attributes and to the number of the different values of these attributes. On the other
hand, the number of attributes participating in acombination, that is the depth of exception,
has an impact on the classification accuracy. Large depths tend to overspecialize.

6.2. Analyzing DNA sequence

We, also, evaluate ANNNSs using the promoter recognition and the splice-junction
determination problem. Initial knowledge of each problem is the rule sets used in [12,
56]. The initial knowledge for the promoter recognition problem is represented by the
NIN shown in Fig. 14, where every sequence location is arbitrarily connected both
to a “promoter” output node and to a “no promoter” one. These output nodes are
connected viaan exception link. The same approachis, also, adopted for the splice-junction
determination problem.

We used cross-validation as the testing methodology. More specifically, for promoter
recognition we used leaving-one-out cross-validation in which the set of 106 examplesis
permuted and divided into 106 sets with only one example in each set. In each evaluation
phase, one set, which has never been seen during learning, is used for testing, while

No Promoter Promoter

[ J 0000000000 .. 0000000000000
-50 +7

Fig. 14. Theinitia NIN for promoter recognition problem.
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Fig. 15. Test-set performance in promoter recognition.
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Fig. 16. Test-set performance in splice-junction determination.

the examples of the remaining 105 sets are used for training. Hence, evaluation process
requires 106 training phases. Test-set performance in promoter recognition for ANNNs is
shown in Fig. 15, where the number of not recognized positive and negative examplesis
depicted.

Test-set performance in splice-junction determination, using 10-fold cross-validation in
1000 examples, chosen randomly out of the standard set of 3190 examples, isillustrated
in Fig. 16. Test-set performance for ANNNSs is compared to other empirical learning
algorithms and two methods (Stormo, O’ Neill [56]) suggested by biologists. Notice that
we replicate tests for these algorithms performed in [56].

The overall classification accuracy of ANNNS, in promoter recognition and splice-
junction determination, compared to other systems that learn strictly from examples, as
well as from examples and background knowledge, is shown in Fig. 17 and Fig. 18,
respectively. Notice that we replicate tests for these algorithms performed also in [12].

Performance of ANNNS, in promoter recognition, is tested using, apart from leaving-
one-out, both 10-fold and 20-fold cross validation. Fig. 17 shows that the 10-fold
methodology exhibits the best results, while the 20-fold the worst. One hypothesis to
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Fig. 17. Classification accuracy in promoter recognition.
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Fig. 18. Classification accuracy in splice-junction determination.

explain this result is that there is a trade off between the decrease of accuracy, due to
insufficient training examples (20-fold) or overspecialization (leaving-one-out), and the
increase of accuracy, due to an optimum training set (10-fold).

We, also, evaluate the generalization ability of ANNNSs in learning from small sets of
examples. The testing methodology consists in splitting the initial set of 106 examples
of the promoter recognition problem into two subsets, one containing approximately 25%
of the examples (26) and the other the remaining examples (80). The latter set is further
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Fig. 20. Classification accuracy as afunction of depth of exceptions.

partitioned into sets of increasing size, with the smaller sets being subsets of the larger ones.
In each evaluation phase, one of those subsets is used for training, while the set of the 26
examplesis always used for testing. The classification accuracy of ANNNS, in each phase,
isdepicted in Fig. 19 compared to other hybrid systems and backpropagation. Notice that
we replicate tests performed in [12]. The same result holds, also, for the splice-junction
determination problem.

Depth of exceptions has a straightforward impact on the classification accuracy of
ANNNSs (in the particular context of the pseudo nonmonotonic domain). On the other hand,
depth of exceptions has a straightforward impact on the time complexity. Note that large
depths of exceptions are not desirable in such a pseudo nonmonotonic domain, since they
introduce overspecialization. On the contrary, they are desirable in a pure nonmonotonic
domain, in order to capture exceptions.

Also, noticethat all the tests presented so far have been performed with depth equalsto
2 (combinations of two attributes). Of course, in a honmonotonic domain, the larger the
depth the better the classification accuracy and the worse the time complexity. In Fig. 20,
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classification accuracy, for the promoter recognition problem, is depicted as a function of
depth of exceptions, where approximately 25% of the examples (26) were used for testing
and the remaining examplesfor training.

7. Discussion, conclusion and further research

Hybrid systems are typically used for refinement of the domain knowledge. After the
refinement phase, the trained Artificial Neural Network, as part of the hybrid system, can
be used, as a reasoning system, in order to access the refined knowledge.

In general, an Artificial Neural Network, by construction, supports access operations
of the ISA type queries, that is it infers about whether an object possesses a particular
property or not. Notice that the complexity of |SA queriesin an Artificial Neural Network
is comparable to the complexity of ISA queriesin path-based networks, when using very
effective compression techniques (see, for example, [2]). Of course, this is true if we
consider the enumeration of the activation function of unit cost. Moreover, an Artificial
Neural Network can support access operations concerning the recognition problem, that is
it can find all the objects satisfying a particular set of properties. However, in that case such
operations are not effective enough.

The main advantages of hybrid systems come from using the symbolic part to access
the refined knowledge. Apart from more effective access operations, the symbolic part
has also an explanation capability about the generated outputs. In such a utilization of
hybrid systems, the refined knowledge has to be extracted in order to feed back the
domain knowledge. Therefore, reliability of the extraction phase is a critical factor to the
effectiveness of hybrid systems.

We have tried to use a proper initialization method, a proper training method and
a proper extraction algorithm for ANNNSs. We proved that they preserve the symbolic
meaning of the Initial Inheritance Network, so that we can effectively transform the trained
Artificial Neural Network into a comprehensible nonmonotonic inheritance network.
Moreover, we evaluated ANNNSs by applying them to the classification problem for a
pseudo nonmonotonic domain, where exceptions in the initial knowledge are artificially
defined. We have followed this eval uating procedurein order to obtain comparative results,
because, to our knowledge, there are no available benchmarks for pure nonmonotonic
domains. On the other hand, for a monotonic domain there are well known and widely
used benchmarks (e.g., see [56]). We empirically proved that, despite ANNNS being
capable of refining initial knowledge of a nonmonotonic domain, their performance in
the classification problem is comparableto other hybrid monotone systems and better than
various well-known monotone pure symbolic or connectionist systems. Of course, none of
the monotone systems, that ANNNswere compared to, can be used in classifying examples
that belong to a nonmonotonic domain. The main problem, observed during experiments,
isthat ANNNS, inherently, treat noise as exceptions and thus tend to overspecialize.

We are currently applying ANNNSs to different data sets that can constitute a pure
nonmonotonic domain (incomplete data, data with drifting or evolving concepts, data
arriving over time, etc.). We, also, try to improvethe performance of ANNNsin monotonic
domainsthat are reduced to pseudo nonmonotonic domains, as those used in the presented
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experimental tests. To this end, we try to identify any malfunctions in cases that biased
and noisy data exists, where ANNNS, in pseudo nonmonotonic domains, usually exhibit a
lower performance compared to other systems.

In general, ANNNS, treating noise as exceptions, are very sensitive to noise in both the
training and the domain knowledge, especially when ANNNSs are applied to a monotonic
domain. Thisresult is, aso, obvious from the presented experiments. We propose to attack
this problem by properly selecting the training set, to be able to define as much desired
outputs as possible. That is, training is forced to contain not only examples for resolving
extensions or deleting exceptions, but also examples that support the already represented
knowledge. Moreover, athough a continuous analogous refinement process may be more
powerful for tackling noise, however it does not satisfy the prerequisites imposed by the
proposed approach. To this end, we intent to modify our approach so that continuous
analogous refinement processes could be applied instead.

In conclusion, ANNNSs are defined to be capable of refining initial knowledge of a
nonmonotonic domain. We applied ANNNSs to amonotonic domain, reducingit to a pseudo
nonmonotonic domain, namely the extraction of classification rules from large relational
databases. Notice that, since common monotonic knowledge representation schemes,
such as production rules of traditional Expert Systems, are weaker than nhonmonotonic
inheritance networks, the domain knowledge of a hybrid system can be the domain
knowledge of a traditional Expert System. In that case, the initialization-refinement-
extraction cycle can be considered as a knowledge acquisition and inferring methodol ogy
for traditional Expert Systems, capable of justifying the produced conclusions.

Finaly, we are interested in examining the behavior of training methods that do not
preserve the symbolic meaning of the initialized Artificial Neural Network, such as
those that are not restricted to changing the weights, but can also add hidden layers and
connections. The semantics of NINs that are extracted from such trained Artificial Neural
Network is under research.
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