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Abstract

Neurules are a kind of hybrid rules that combinsyanbolic (production rules) and a connectionist
(adaline unit) representation. One way that the ks can be produced is from training
examples/patterns, extracted from empirical datawiver, in certain application fields not all ofeth
training examples are available a priori. A numlnéthem become available over time. In those cases,
updating a neurule base is necessary. In this papegthods for updating a hybrid rule base,
consisting of neurules, to reflect the availabilitynew training examples are presented. They @n b
considered as a type of incremental learning medhtdt retain the entire induced hypothesis and all
past training examples. The methods are efficEnte they require the least possible retraininfgnef
and the number of the produced neurules is kephzal as possible. Experimental results that prove
the above argument are presented.

1. Introduction

There have been many efforts at combining (or nairgy) the symbolic and the
connectionist approaches for problem solving anavaichine learningMcGarry,
Wertmer and Macintyre 1999; Wermter and Sun 200Qyih Garcez, Broda and
Gabbay 2002). Especially, there have been a nuofledforts at combining symbolic
rules and neural networks (Fu and Fu 1990; Towadl 8havlik 1994; Hall, Sanou
and Romaniuk 1996). In addition, connectionist expgstems (Gallant 1993; Quah,
Tan, Krishnamurthy and Srinivasan 1996; Ghalwa¥8]1®ave been considered as a
type of integrated systems that represent reldtipasbetween concepts, considered
as nodes of a neural network. All the above apprescgive pre-eminence to
connectionism, that is they incorporate or map <symbrule concepts and/or
processes into a neural network, which constittlies knowledge base. The strong
point of those approaches is that knowledge etioitafrom experts is reduced to a
minimum. A weak point is that their knowledge bdaeks the naturalness and
modularity of symbolic rules; it is incomprehensiblTherefore, often explanations
are provided in the form of if-then rules by rulgtraction methods (Andrews,
Diederich and Tickle 1995, d’ Avila Garcez et aD20Palade et al 2001).

Neurules (Hatzilygeroudis and Prentzas 2000) iategrsymbolic rules and
connectionism too, but in a different way. Theyegpre-eminence to the symbolic
component: neurocomputing is used within the symbiohmework to improve the
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performance of symbolic rules. The constructed Kedge base retains the
modularity of production rules, since it consistsaatonomous units (neurules), and
also retains their naturalness in a great degmeg seurules look much like symbolic
rules. Also, the inference mechanism is a tightkggrated process, which results in
more efficient inferences than those of symboliegsiand explanations in the form of
if-then rules can be produced (Hatzilygeroudis Brehtzas 2001b).

One way that a neurule base, calledtdrget knowledgecan be produced is from
training examples (Hatzilygeroudis and Prentzaslap(called thesource knowledge
However, in certain application fields (e.g. userdaling/profiling, intelligent agents,
intelligent user interfaces and robotics) not alihe training examples are available a
priori. A number of them become available over tiffieis happens either because the
environment changes with time or because the ratevhich examples become
available may be too slow (Giraud-Carrier 2000)., 8us raises the issue of
incremental update of (or learning with) a neuhdse. Therefore, methods should be
developed dealing with this problem. Such methods/ mr may not require re-
examination of all or part of the source knowlediloof and Michalski 2004). On
the other hand, those methods must be effectidarass the retraining effort and the
size of the target knowledge are concerned.

In this paper, we present methods for efficientrteaiance of the target knowledge
of a neurule-based system, due to changes toutrses&nowledge. This paper is an
extension of (Prentzas and Hatzilygeroudis 2002)) aan be considered as
complementary to (Prentzas and Hatzilygeroudis 2005

The paper is organized as follows. Section 2 ptesagurules and the neurule base
construction process. The update algorithms amedoted in Section 3. Section 4
gives some examples and Section 5 presents expeahnesults. Section 6 deals with
related work. Finally, Section 7 concludes the pape

2. Neurules

2.1 Syntax and Semantics

Neurulesare a kind of hybrid rules. The form of a neunslelepicted in Fig.1la. Each
conditionC; is assigned a numbstf;, called itssignificance factar Moreover, each
rule itself is assigned a numbsls, called itsbias factor Internally, each neurule is
considered as an adaline unit (Fig.1b). Timeuts C; (i=1,...n) of the unit are the
conditions of the rule. The weights of the unit #ne significance factors of the
neurule and its bias is the bias factor of the meutEach input takes a value from the
following set of discrete values: [1 (true), -1I¢&), O (unknown)]. TheutputD,
which represents the conclusion (decision) of tile,ris calculated via the standard
formulas (see e.g. (Gallant 1993)):

n
D=f@@, a=sf;+ % sfi
i=1

1 ifazl
fa=

1 otherwise

wherea is theactivation valueandf(x) the activation function which is a threshold
function. Hence, the output can take one of twaiesl(*-1’, ‘1’) representing failure
and success of the rule respectively. The sigmtiedactor of a condition represents
the significance (weight) of the condition in dragithe conclusion.

The general syntax of a conditi@and the conclusioD is:
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<condition>::= <variable> <I-predicate> <value>

<conclusion>::= <variable> <r-predicate> <value>

where <variable> denotesvariable that is a symbol representing a concept in the
domain, e.g. ‘sex’, ‘pain’ etc, in a medical domadhpredicate> denotes a symbolic
or a numeric predicate. The symbolic predicatesiarasnot}, whereas the numeric
predicates are {<, >, =}. <r-predicate> can only deymbolic predicate. <value>
denotes a value. It can be a symbol or a numberex@mple neurule is depicted in
Table 1.

(sfii) if C'1 (=),
Cy (sfy),

Cy (58
then D

)
Figure 1. (a) Form of a neurule (b) a neurule as an adaimie

Table 1. An example neurule

(-20.4)if venous-concentration is slight-incr (8.7),
arterial-concentration is mod-in@r4(),
scan-concentration is normal (8.1),
capillary-concentration is slightin(8.1),
blood-concentration is normal (8.0),
blood-concentration is highly-indr§)
venous-concentration is normal (1.5)

then disease-type is early-inflammation

2.2 Constructing a Neurule-Base
2.2.1 Neurules production algorithm

One way of constructing a neurule base (NRB) isnfempirical data (i.e. training
examples/patterns). What is required is dependency informatio(Dl), concerning
the domain variables (concepts), and a set of erapnlata, which we call theource
set(SS). DI and SS constitute theurce knowledgeDl indicates which variables the
intermediate, if any, and output variables depend Broduction of an NRB is
achieved by applying theeurules production algorithitNPA). Application of NPA
to source knowledge results in the constructiotihefcorrespnding NRB (Fig. 2).

Source knowledge

Target knowledge
@ > | NRrB

Figure 2. Neurule base production
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NPA tries to produce one neurule for each outpuaiée-value pair. However, due
to possible non-linearity of the SS, this is notally feasible. So, more than one
neurule having the same conclusion are produced. bEsic steps of NPA are as
follows:

1. Constructinitial neurules based on the DI.
2. Extract annitial training setfor each initial neurule from the SS.
3. Train each initial neurule individually and produm@e or more neurules.

The initial neurules are constructed, based on the DI. One initial uleuis
constructed for each conclusion corresponding tinsarmediate or output variable.
The conditions of each initial neurule include tlaiables that contribute in drawing
the corresponding conclusion. Then, for each initeurule its correspondingitial
training setis extracted from the SS. #aining example/patterimas the formvj v

. Vp d], where d is the desired value of a variable eglato a partial or final
conclusion andy, i= 1, ...n are the values of the variables it depends onedal
component valuedVe distinguish betweesuccess examplesdfailure examplesn
a training set. Success examples are those hal/iras their d value, whereas failure
examples those having a *-1’. Furthermore, thesenesdetween two examples is
defined as the number of their common componenteglSo, deast closeness pair
(LCP) consists of two success examples that hawdetist closeness between them
(for more details see Hatzilygeroudis and Pren2fdH a).

Each initial neurule is individually trained viaethLeast Mean Square (LMS)
algorithm using its own training set. Training st mlways successful, that is a set of
significance and bias factors cannot always be dahat correctly classify all of the
training examples. Training is not successful isecthat the training examples of the
initial training set are inseparable. When the athm succeeds, that is values for the
bias and significance factors are calculated thassdy all training examples, a
neurule is produced. When it fails, due to inselpiitp of the training examples, a
splitting process is followed. More specificalliagtinitial training set of the neurule is
split into two subsets and two copies of the ihii@urule are trained, each using one
of the training subsets. Splitting a training sebased on a LCP. That is, each subset
comprises one of the members of a LCP, the sueessples closer to it and all the
failure examples of the initial training set. Thiems from the intuition that existence
of quite different examples causes non-separakjditynon-linearity). If training of
either neurule copy fails, its subset is furthditspto two other subsets and so on,
until there is no failure. In this way, more thameaneurule are produced, having the
same conditions with different bias and significafi@ctors and the same conclusion,
calledsibling neurules

So, step 3 of NPA is analysed (for each initialmé) as follows:

3.1Train the initial neurule using the specified ialttraining set. If training is
successful, produce corresponding neurule.

3.21f training fails, find an LCP and produce two setssof the initial training set,
each including as initial element one of the LCRBregles respectively. In each
subset also include the success examples clos#retaorresponding LCP
example and all failure examples of the initialrinag set.

3.3For each subset apply step 3.1 recursively, urdihing is successful and
produce corresponding neurule.

2.2.2 The splitting tree
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For reasons that will become clear in the followpagts of the paper, we present here
the notion of asplitting tree For each initial training set, its splitting pess (if there

IS one) is stored as a tree, which is called itgtisyy tree. The root of the tree
corresponds to the initial training set. The intediate nodes and leaves correspond
to the subsequent subsets into which the initiaining set was split in. An
intermediate node denotes a subset from a sphttaltraining failure, whereas a leaf
denotes a subset that was successfully trainegrntiiced a neurule. The members
of the LCP that guided each split are attachedéocbrresponding branches of the
tree. It can be easily seen that the training @tlf the root or an intermediate node
is a superset of the training subsets relatedstdascendant nodes. Furthermore, the
nearer one gets to the leaves, the greater the wleaaness between the training
examples of the corresponding training subsetse nf®rmation is assigned to each
initial training set that had to split.

2.2.3 An example

To demonstrate application of NPA, we use as ameplathe training set presented
in Table 2. As it is clear, the majority of the exales in the training set are failure
examples, whereas success examples, which are shownold, are a minority.
Actually Table 2, for simplicity reasons, showsyoalsubset of the failure examples;
the real training set includes 448 examples in.tota

The training set has been extracted from empirtzth concerning five input
(domain) variables (arterial-concentration, blo@aentration, scan-concentration,
capillary-concentration, venous-concentration) andoutput variable (disease) that
depends on the five domain variables. Given thah eaput variable can take more
than one discrete value, each initial neurule Hageten conditions (C1-C13),
presented in Table 3. D corresponds to the cormiusi

Table 2. An example training set

C4 C5 C6 C7 C§ C9 Cl0 Ci1 QC12 ({13 D
-1 -1 1 1 1 -1 1 -1 -1 -1 -]

-1 1 -1 1 -1 1 -1 -1 -1 1
-1 -1 -1 -1 -1 -1 -1 -1 1 -]
-1 -1 -1 -1 -1 1 -1 -1 -1 -]
-1 -1 -1 -1 1 -1 -1 -1 -1 -]
1 -1 -1 -1 -1 -1 -1 -1 -1 1

C3

1
-1 -1 1 -1 -1 1 1 1 1 -1 -1 -1 -1 1
-1 -1 1 1 -1 1 -1 -1 -1 -1 -1 -1 -1 -]
-1 -1 1 1 -1 1 -1 -1 -1 -1 -1 -1 1 -]
-1 -1 1 1 -1 1 -1 -1 -1 -1 -1 1 -1 -]
-1 -1 1 1 -1 1 -1 -1 -1 -1 -1 1 1 1
-1 -1 1 1 -1 1 -1 -1 -1 1 -1 -1 -1 -]
-1 -1 1 1 -1 1 -1 -1 -1 1 -1 1 -1 -]
-1 -1 1 1 -1 1 -1 -1 1 -1 -1 1 -1 -]
-1 -1 1 1 -1 1 -1 -1 1 -1 1 -1 -1 1
-1 1 -1 -1 -1 -1 1 -1 -1 -1 -1 1 -]
-1 1 -1 -1 1 -1 1 -1 -1 -1 -1 -1 -]
-1 1 -1 -1 1 -1 1 -1 -1 -1 -1 1 -]

1

1

1

1

1

1
Plrk|k|-
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For presentation reasons, names (P1-P5) are adsignethe five success
examples/patterns (of Table 2), as presented iteTalAlso, let F be the set of failure
examples in the training set.

Table 3. Example conditions and conclusion

Symbol Description

C1l arterial-concentration is slight

Cc2 blood-concentration is normal

C3 scan-concentration is normal

C4 capillary-concentration is moderate
C5 venous-concentration is high

C6 arterial-concentration is moderate
Cc7 blood-concentration is high

C8 capillary-concentration is slight
C9 venous-concentration is slight
C10 venous-concentration is normal
Cl1 blood-concentration is moderate
C12 blood-concentration is slight

C13 venous-concentration is moderate
D disease is early-inflammation

Table 4. Success examples

Symbol | Description
P1 [1,-1,1,-1,-1,1,1,1,1,-1,-1,-1,1],
P2 [1,-1,1,1,-1,1,-1,-1, -1, -1, -1, 1]],
P3 [1,-1,1,1,-1,1,-1,-1,1,-1,1,-1,1],
P4 [1,1,1,-1,-1,1,-1,1,-1,1,-1,-1,1],
P5 [1,1,2,2,1,-1,-1,-1,-1,-1,-1, -1,11,
{P1,P2,P3,P4,P5}U F
P1/\P5
— ~
{P1,P3,P4}U F {P2,P5}U F
P3/\P4 P2/\P5
{P3}U F {P1,P4}UF {PJUF {PS}U F

Figure 3. The splitting tree for the training set of Table 1

From the above training set (the complete onegr application of the NPA, four
neurules are finally produced (two of them are diepi in Table 5). Figure 3
illustrates the corresponding splitting tree, whiepresents the splits that have taken
place during the process.

Due to inseparability, the initial training set {F22, P3, P4, P5} F is split in two
subsets: {P1, P3, P4} F and {P2, P5}u F with as LCP: (P1, P5). Subset {P1, P3,
P4} U F is subsequently split into subsets {R3F and {P1, P4}u F. Subset {P3}

F produces a neurule (NR1, Table 5). Subset {P1, P# produces another neurule
(NR2, Table 5). Similarly, from subset {P2, P5}F two other neurules are produced
(corresponding to its two leaves).
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Table5. Two of the neurules produced from the exampleaingi set

NR1 NR2

(-13.5)if venous-conc is slight (12.4), (-14.6)if blood-conc is normal (14.0),
blood-conc is moderate (11.6), venous-conc is slight (13.5),
arterial-conc is moderate (8.8), arterial-conc is moderate (10.6),
scan-conc is normal (8.4), capillary-conc is slight (10.4),
capillary-conc is moderate (8.4), scan-conc is normal (10.1),
blood-conc is slight (8.3), venous-conc is normal (9.9),
venous-conc is moderate (8.2), blood-conc is high (9.9),
venous-conc is normal (8.0), venous-conc is moderate (6.5),
arterial-conc is slight (-5.7), blood-conc is moderate (6.3),
capillary-conc is slight (4.5), blood-conc is slight (3.2),
blood-conc is normal (4.4), venous-conc is high (-1.0),
blood-conc is high (1.6), capillary-conc is moderate (-0.5),
venous-conc is high (1.2) arterial-conc is slight (-0.4)

then disease is early-inflammation then disease is early-inflammation

3. Incremental Update
3.1 Architecture and Requirements

The existence of application domains in which a berof training examples become
available over time imposed the necessity to dgvaladate methods for neurules. It
should be mentioned that the update methods famute=mudescribed here require the
storage of all past examples. However, dependintherupdate method, as will be
analysed in the following parts of the section, atit past examples need to be
processed in (re)training.

In Figure 4, the architecture of the maintenancstesy of a neurule-base is
illustrated. IUM is thencremental update mechanismhich implements the update
methods/algorithms, introduced in the next subsesti NPM is theneurule
production mechanispwhich basically implements NPA. Finally, P is attprn,
which represents a new empirical example.

NRB

Figure 4. Architecture of a neurule-base incremental updgstem

Availability of new empirical data in the SS meansertion of a new example
(either success or failure) into all the initiaditring sets that are affected. Given the
modularity of a neurule-base, when a new exampéaslable and is not satisfied by
the existing neurules, it does not affect the whoalse, but one or more sets of sibling
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rules. So, the basic problem is how to update eaoksibling neurules, due to the
availability of an extra training example/pattewhich should be taken into account
alongside their initial training set. The basicpstavhen a new example/pattern P
becomes available are the following:

1. Check if the existing sibling neurules satisfy P.
2. If Pis satisfied, store it along with the existiexpmples.
3. Otherwise, perform the update process.

The updating process, in order to be efficient,usthchave the following two
features:

(a) results in (re)training the least possible subgebaesponding sibling neurules
and
(b) keep the number of corresponding sibling neurutesnaall as possible.

The first feature guarantees that the computatioast of the updates will be as low
as possible. The second one assures that theeafficiof the inferences will not

significantly decrease. The number of neuruleshim NRB affects the number of
computations required for the evaluation of thes rebnditions (Hatzilygeroudis and
Prentzas 2000). Furthermore, it is desirable tqppkbe number of neurules with the
same conclusion as small as possible, so that ilee o the conflict set during

inference will be as small as possible too.

3.2 Update methods

At the insertion of a new example in an initialitiag set, two cases can be
distinguished: (a) there is no splitting tree assted with the training set, (b) there is
a splitting tree. Case (a) is a simple one. Thetfeat there is no splitting tree means
that the initial training set was not split, herao@dy one neurule was produced. To
handle this case, the existing neurule is removet the NRB and (re)training with
the updated initial training set is performed. d&ining is successful, one new
(updated) neurule is produced. If training failsptnew neurules are produced. Case
(@) is handled in the same way for both, the insemf a success and the insertion of
a failure example.

Case (b) is a difficult one. The existence of attsp tree means that there was at
least one splitting of the initial training set atwio or more sibling neurules were
produced. There can be various approaches to htmnslease, which are presented in
the next subsections.

3.2.1 Insertion of a Success Example

At inserting a success example/pattern P not sadigfy the existing neurules in an
initial training set, there can be three approatbémndle case (b).

(i) Leave all corresponding sibling neurules intaetl insert into the NRB an extra
(sibling) neurule produced from a training set eomihg the new example and the
failure examples of the initial training set. Thiethod, called theimple(SI) method
is the computationally most efficient, but defitjtéencreases the number of neurules
in the NRB, negatively affecting the inference mss S| method does not take into
account the information stored in the splittingetre

(i) Corresponding sibling neurules are removedfitbhe NRB, the new example is
inserted into the initial training set and retrampiis performed to produce the new
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(sibling) neurules. This approach is actually basedetraining the whole set of the
sibling neurules, therefore it is called tigal retraining (TR) method TR method is
inefficient, especially when more than two neuruégs produced from the initial
training set. The reason is that it discards tliermation stored in the splitting tree,
thus performing extra training and splitting.

(i) The third approach, call theplitting tree(ST) method exploits the information
stored in the splitting tree. It focuses on thentrey subset containing the success
examples that are closer to P. To this end, th#isgltree is traversed starting from
the root and ending at a leaf or an intermediat@éendraversing is based on the
closeness between the new success example P aledsheloseness pairs attached to
the edges of the splitting tree. More formally, tb@responding algorithm is as
follows:

1. Set the root of the splitting tree as the curmresde.

2.If the current node is not a leaf, check whetherttlaining (sub)set corresponding
to the node contains an example P' whose closeieBsis less than the least
closeness of the (sub)set.

2.1 If there is no such example, insert P intottéing (sub)set of the node and

execute this step recursively for the child of twegle at the end of the branch

labeled by the member of the LCP, which is closé?.t

2.2 If there is such an example P', do the follgwin
2.2.1 Remove from the splitting tree all the modescending from the current
node and from the NRB all (sibling) neurules copesding to the leaves
descending from current node. Store thet removeatesi@and neurules into a
temporary buffer.
2.2.2Insert P into the corresponding trainingl§¥set and split it in two subsets
with as LCP: (P, P").
2.2.3Perform (re)training based on the two trag subsets, produce the
corresponding neurules (reusing parts of the inhitgplitting tree to avoid
unnecessary training or splitting), insert the puoed neurules into the NRB
and update the splitting tree. Moreover, clear th@porary buffer.

3.If the current node is a leaf, remove the corregiyog neurule, insert P into its
training set and perform (re)training.

3.1 If (re)training fails, split the training seproduce the corresponding neurules
(reusing parts of the initial splitting tree to adounnecessary training or
splitting), insert them into the NRB and updategpkiting tree.

3.2 If training is successful do:

3.2.1 If the sibling node of the leaf is also afland introduction of P into their
parent’s training (sub)set increases the mean clese between its
examples, and the parent’s new training (sub)set ba successfully
classified do:

3.2.1.1 Remove the neurule correspondingaaibling node from the
NRB.

3.2.1.2 Insert the neurule produced from theeptis node new training
(sub)set into the NRB.

3.2.1.3 Update the splitting tree.

3.2.2 Else do:

3.2.2.1 Insert the neurule produced from tfad'$enew training (sub)set

into the NRB.
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2.2.2.2 Update the splitting tree.

The ST method results in changes to the leastlpessibset of the corresponding
sibling neurules set and therefore requires legsr@ining effort than the TR method.
Furthermore, the ST method produces less siblingutes than SI. The SI method
inserts a neurule into the NRB when a new succemsigle is inserted into the initial
training set. On the contrary, if the insertion @fsuccess example is handled
according to the ST method, the number of the preduneurules may not increase.
More specifically, if traversing reaches a leaf araining of the subsequent subset is
successful, the number of produced neurules renthéisame or may even decrease
(step 3.2). It should be mentioned that in step B mean closeness of the parent
training (sub)set is checked because, if it is a@ased, it is likely that the
corresponding new training (sub)set can be suadéssfained.

As can be easily seen from the description of SThotk most of the changes are
required when traversing stops at an intermediatienin that case, the new training
(sub)set corresponding to the new intermediate madeto be split again, due to the
fact that the least closeness has been decreasgzhied to the training (sub)set prior
to the introduction of the new example. Splittisgoased on the new least closeness.

If TR or SI method is used to perform the updaties,insertion of newly available
success examples that are satisfied by the existengules (and for which no
retraining is required) is handled more convenijen8uch examples are merely
retained alongside the existing examples. If then$Xhod is used to perform the
updates, the traversal of the splitting tree arel gtorage of such examples in the
corresponding nodes is required.

(iv) The ST method can be modified to deal bettigh wituations of simultaneous
multiple pattern insertions in the same initialiinag set. Such a method, called the
simultaneous splitting treéSST) method is advantageous, compared to single ST
method, in cases in which multiple inserted pattend up at the same nodes after
splitting tree traversal. Because training is thmmputationally most expensive
process, it would be wiser, in such cases, to ttencorresponding subsets only once
(after inserting all corresponding new patternsytead of multiple times. It is
presumed that the number of patterns simultanedasirted into the same initial
training set should be remarkably smaller than ribenber of past examples. The
basic ideas underlying the SST method for multgpiecess pattern insertions are:

(a) New success examples should traverse the splitiegone by one.
(b) (Re)training based on subsets should be perforrited the traversal of the
splitting tree by all the new examples.

So, postponing (re)training till all (simultaneopdrrived) training examples have
traversed the splitting tree is the basic charatierof the SST method. More
specifically, the SST algorithm is as follows:

1.For each new success example (one by one) travbsesplitting tree. If
traversing of an example reaches a leaf, do nofgper (re)training but instead
mark the corresponding node. If traversing of anaremle stops at an
intermediate node, merely mark the node withounglainything else. Traversing
of a new example stops at an intermediate nodén#s been already marked.

2. After all new examples have traversed the splittineg, check all marked nodes.
To check which nodes have been marked, the predrdeersal of the tree
starting from the root is employed (this type afvérsal traverses recursively the
tree nodes in the order parent-node, left-chilghttchild). For the marked nodes
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(either leaf or intermediate nodes) found, actismailar to the single ST method

are performed:

2.1.1f a marked leaf node is found during checking érgal, the corresponding
neurule is removed from the NRB and the new trgisubset is processed. If
training fails, act as in step 3.1 of the single 8iEthod. If training is
successful, act as in step 3.2 of the single Shad€if step 3.2.1 is executed,
the mean closeness of parent node’s training sulmetr and after the
insertion of all its new patterns, is checked)ti# end, marking of the node
IS removed.

2.2.1f a marked intermediate node is found during ciregkexecute step 2.2 of
the single ST method, split the node’s subset basethe new LCP and
execute step 2.4 of the single ST method. At tthienearking of the node is
removed.

3.2.2 Insertion of a Failure Example

The insertion of a failure example not satisfiedtiy existing neurules into an initial
training set affects all the sibling neurules progtll from this set. At inserting a
failure example/pattern in an initial training sere can be two approaches to handle
case (b).

(i) Corresponding sibling neurules are removed ftomNRB, the new example is
inserted into the initial training set and retrampiis performed to produce the new
neurules. Again, this approach is actually basededraining the whole set of the
sibling neurules, is inefficient and is called tio¢al retraining (TR) method This is
due to the fact that it discards the informatiooredl in the splitting tree, thus
performing extra training and splitting.

(i) The second approach, called tlselitting tree (ST) method exploits the
information contained in the splitting tree. It rewmes corresponding sibling neurules
from the NRB and inserts the example into the ingirsubsets of all nodes of the
splitting tree. It performs training of the subsewresponding to leaves of the
splitting tree whose corresponding neurules misdiashe new failure example. The
corresponding existing neurules are removed from MRB, whereas the newly
created ones are inserted. It is obvious that thearoach usually requires more
training effort than the corresponding ST approaelated to the insertion of success
examples. However, this ST approach requires tagsrg effort than that.

If the TR approach is used to perform the updates,newly available failure
examples that are satisfied by existing neurules raerely retained alongside the
existing examples. ST approach requires their geonmaall nodes of the splitting tree.

4. Some Examples

Consider the initial training set presented in isecl.2. Suppose that the success
example P6 =[-1,1,1,1,-1,1, -1, -1, 1, -1,-4, -1, 1] is to be inserted into the
initial training set. Given that more than one isiplneurule were produced from the
initial training set, it is a (b) case.

Following the ST approach, traversing ends at #af torresponding to subset
{P3} U F (see Figs 3 and 5). Training based on the nawitg subset {P3, P6}Y F
is successful. The sibling node is also a leaftaednsertion of P6 into their parent’s
training subset increases its mean closeness.ifiganf subset {P1, P3, P4, P&} F
is tried, which is unsuccessful, and the proceggsstThe splitting tree takes the form
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in Fig. 6. So, the total number of neurules in NieB, after the insertion of P6,
remains four (corresponding to the leaves of thigtisig tree in Fig. 6).

{P1, P?, P3, P4, P5,P6}U F
L N

i P1 P5
y _— ~
{P1,P3,P4,P6}U F {P2,P5}U F
o T e pr” s
v ~ N
{P3,P6}UF {P1,P4}UF {P2}JUF {PS}U F

Figure5. Traversal of the splitting tree for the insertmfrexample P6

{P1, P2, P3, P4, P5, P6} U F
N

P1 P5

/ \
{P1,P3,P4,P6}U F {P2,P5}U F
PS/\P4 P2/\P5
e ~N pyd .
{P3,P6}UF ({P1,P4JUF {P2}JUF {P5}U F

Figure 6. The splitting tree after insertion of example P6

Notice that, the ST approach finally ends at sufp& o F (Fig. 3), which
includes the success example closest to P6. Spooel of the corresponding sibling
neurules requires (re)training. The rest of themnai@ intact. The TR approach
produces the same number of neurules, requiringgthainnecessary training and
splitting. The Sl approach inserts the neurule pced from subset {P6} F into the
NRB. So, the SI method produces more neurules$famethod.

{P1, P2, P3, P4, P5, P6, PT} U F
L N

,° P1 P5
| 4 / \
{P1,P3,P4,P6,P7}U F {P2,P5}U F
P3/\P4 . PZ/\PS
/ \ v /
{P3,P6}U F {P1,P4,PT}U F {P2}JU F {P5}U F

Figure 7. Traversal of the splitting tree for the insertmfrexample P7

Suppose that (after the insertion of P6) the siscerample P7 =[-1, 1, 1, -1, -1, 1,
-1,1,1,-1,-1, -1, -1, 1] is to be inserted ittie training set {P1, P2, P3, P4, P5, P6}
v F. Following the ST approach, traversing endfat¢af related to subset {P1, P4}
U F (see Figs 6 and 7). Training based on the nawitg subset {P1, P4, PY} F is
successful. The sibling node is also a leaf andrtkertion of P7 into their father’s
training subset increases its mean closeness.ifigani subset {P1, P3, P4, P6, P7}
v F is tried which is unsuccessful and the procéssss The splitting tree takes the
form shown in Fig. 8. The total number of neurutethe neurule-base, after inserting
P7, remains again four (corresponding to the leafabe splitting tree in Fig. 8).
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Once again only one of the sibling neurules regu{re)training. The rest remain
intact.

{P1, P2, P3, P4, P5, P6, PT} U F
N

P1 P5

/ \
{P1,P3,P4,P6,P7}U F {P2,P5}U F
Py pa pr” ps
~ N 7~ \\
{P3,P6}U F {P1,P4,PT}UF {P2}UF {P5}U F

Figure 8. The splitting tree after insertion of example P7

The TR approach produces the same neurules, neguihough unnecessary
training and splitting. The ST approach insertsrtberule produced from subset {P7}
v F into the NRB. So, the Sl approach, in orderpdaie the NRB, due to insertion
of both P6 and P7, increases the number of neuftdes four to six, whereas ST
method results in no change to that number; theaane four.

5. Experiments and Discussion
5.1 Introductory I ssues

The fact that our methods refer to neurules, aiapbegbrid rule structure with no

similar counterparts, make them experimentally comparable to other existing
methods. Therefore, our experiments refer to ptessilbernative update methods for
neurule bases, as presented in previous sections.

So, in this section, we present experimental resattimparing the different
approaches for handling case (b), which is the nmistesting case of an example
insertion. For this purpose, we used seven dataseiars produced from a medical
domain (Hatzilygeroudis, Vassilakos and Tsakalidi®97): the arthritis dataset,
containing 144 examples/patterns of 9 componentegal theprimary _malignant
dataset, containing 120 examples/patterns of 10poaent values, theearly-
inflammationdataset containing 540 examples/patterns of 13 oaemt values, the
soft-tissue-inflammatiowlataset containing 480 examples/patterns of 14pooemt
values, the soft-tissue-early-bone-inflammation dataset containing 576
examples/patterns of 13 component values stifetissue-bone-inflammatiahataset
containing 144 examples/patterns of 9 componeniegalnd thesarly-soft-tissue-
inflammationdataset containing 360 examples/patterns of 1300enmt values.

Table 6 shows the conclusions related to each elabhshe medical domain. Table
7 contains the general characteristics of theaihitiaining sets. For each initial
training set, it shows the total number of thenirag patterns, the number of
conditions of the produced neurules (correspondinthe component values of the
patterns) and the number of neurules produced fhaminitial training set. It should
be noted that all the neurules produced from thrersdatasets form a NRB producing
inferences in the specific medical domain. Secbdh presents experimental results
for comparing the update methods dealing with tieeition of a success example,
whereas section 5.3 presents experimental resultsoimparing the update methods
dealing with the insertion of a failure example.
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Table 6. Datasets and corresponding conclusions

Dataset Conclusion
D1 disease-type is arthritis
D2 disease-type is primary-malignant
D3 disease-type is early-inflammation
D4 disease-type is soft-tissue-inflammation
D5 disease-type is soft-tissue-early-bone-inflanomat
D6 disease-type is soft-tissue-bone-inflammation
D7 disease-type is early-soft-tissue-inflammation

Table 7. General characteristics of the initial trainingsse

Dataset Total Patterns Number of Number of
Conditions Produced Neurules
D1 144 9 3
D2 120 10 2
D3 540 13 5
D4 480 14 6
D5 576 13 3
D6 144 9 2
D7 360 13 4

The comparison between the update methods is loasedo measures, which stem
from the requirements set in Section 3. The fissthe total number of produced
neurules (directly stemming from the first requisst). The second is the number of
training (sub)sets that had to be (re)trained, beeaof the new empirical source
knowledge, (stemming from the second requiremémtleed, the number of required
(re)trainings is a measure of the required neuaproduction effort, because in the
algorithms presented in section 3, training anahiteurule is the far computationally
more expensive process, thus has the most sigmificgoact on the required runtime.
Although the number of required trainings is anca@g¢e measure, to increase the
certainty of our conclusions, we also made runtm@asurements in our experiments.
It is a fact that not all trainings are equally erpive, because they depend on the size
of the training (sub)sets. Training (sub)sets highein the splitting tree are bigger in
size than those lower down, hence training basetherformer is more expensive
than that based on the latter. This cannot be oeghtioy using as a measure only the
number of trainings.

Furthermore, our experiments correspond to a nurobpossible scenarios when
updating empirical source knowledge:

SC1. Single Pattern Insertion.

SC2. Multiple Pattern Insertions-Single Splittinge@.

SC3. Multiple Pattern Insertions-Multiple Splittifgees.

SC4. Simultaneous Multiple Pattern Insertions-Sarfgplitting Tree.
SC5. Simultaneous Multiple Pattern Insertions-MuétiSplitting Trees.

In SC1, a single pattern/example is inserted irgo I8 this case only one splitting
tree (or initial training set) is affected. In SG2number of patterns corresponding to
the same conclusion are inserted in the source ledge® one by one. One by one
means that each update (due to the pattern inseta&es place at a different time.
Again, only one splitting tree is affected (becatisepatterns correspond to the same
conclusion). In SC3, a number of patterns that dball correspond to the same
conclusion are inserted into SS, one by one. I& shenario, more than one splitting
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tree is affected (due to the different conclusioi®}4 is the same as SC2, but all
pattern insertions are simultaneously made (i.theasame time). The same holds for
SC5 and SCa3. It should be noted that scenario SGthiunlikely one. The usual
scenario, also taken into consideration in otheremental approaches (e.g. Utgoff
1989), is to have single pattern insertions. Howewe will consider all scenarios in
order to record the behavior of the update metlfadd especially ST method) in all
cases. One can suppose though that the numberttefrgasimultaneously inserted
into the same initial training set should be gsitealler than that of past examples.

To do our experiments, we implemented our algorghm ANSI C using MS
Visual Studio 6.0. The experiments were run onrdal IPentium 4 (3.0 GHz) CPU
PC with 512 MB RAM.

5.2 Resultsfor Success Example lnsertion

Tables 8 and 9 present experimental results foruijpdate methods dealing with
insertion of success examples into the initialnireg sets of Table 7. To produce the
results, some success examples were removed frage Hets and inserted afterwards
one by one.

Table 8. Experimental results-Example insertions (SC1, S&®harios)

Dataset Initial Initial Training | Simple Total Retraining Splitting Tree
Examples | Neurules | Subsets (sh) (TR) (ST)
M ethod M ethod Method
Neurules| Neuruleg Trained Neurules| Trained
Subsets Subsets
D1 143 (1) 3 5 4 3 5 3 2
D2 119 (1) 2 3 3 2 3 2 1
D3 539 (1) 6 10 7 6 11 6 1
D4 479 (1) 10 19 11 10 19 10 1
D5 575 (1) 2 3 3 3 5 3 1
D6 143 (1) 2 3 3 2 3 2 1
D7 359 (1) 4 9 5 4 7 4 2
All 2357 (7) 29 52 36 30 53 30 9

Table 9. Experimental results-Example insertions (SC2, L34, SC5 scenarios)

Dataset Initial Initial Training | Simple Total Retraining Splitting Tree
Examples | Neurules | Subsets (sh) (TR) (ST)
M ethod M ethod M ethod
Neurules| Neuruleg Trained Neurules| Trained
Subsets Subsets

D1 142 (2) 3 5 5 3 10/5 3 3/2
D2 117 (3) 2 3 5 2 9/3 2 4/2
D3 537 (3) 5 9 8 6 31/11 6 5/4
D4 475 (5) 7 13 12 10 85/19 10 11/85
D5 573 (3) 2 3 5 3 11/5 3 5/3
D6 142 (2) 1 1 3 2 6/3 2 3/3
D7 357 (3) 3 5 6 4 2117 4 6/4
All 2343 (21) 23 39 44 30 173 /53 30 37123

In Tables 8 and 9, column “Initial Examples” contathe number of the examples
of the initial training sets and (in parenthes&g) number of the examples that were
inserted. For instance, entry “479(1)” at this coiu(in Table 8) means that the initial
training set contains 479 examples and one suec&ssple was inserted over those.
Column “Initial Neurules” contains the number ofungles produced from the initial
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training sets. Column “Training Subsets” contaihe number of training subsets
produced from the initial training sets (includitige initial training sets themselves).
“Neurules” represents the number of final neurupgsduced via the three insertion
methods. “Trained Subsets” represents the numbgeaiming subsets that had to be
trained due to the insertion of the success exanple

Table 8 concerns SC1 scenario; each row, excepashene, corresponds to a SC1
case. The collective view of all rows, represeritgdhe last row, corresponds to a
SC3 scenario.

From the results in Table 8, it is obvious thatn&thod increases the number of
neurules in NRB compared to the other two methddee increase may not be
considered as significant, if we view each insertly itself (scenario SC1), but
totally, considering all example insertions intce tBource knowledge (last row,
scenario SC3), SI method produces 20% more neutbbes ST method. This is
graphically illustrated in Fig. 9. This increasetli®e number of neurules increases the
inferences runtime by an average of 4%.

"ST Method" vs. "SI Method"
(Success Example Insertions)
70 -
60 -
[%]
L 50 -
= 36
3 401 30
Z 30 -
©
5 20 |
|_
10
0
"ST Method" "SI Method"
Figure 9. Number of neurules for the cases of Table 8.
Table 10. Runtime results for the cases of Table 8
Dataset ST method (sec) TR method (sec)
D1 0.032 0.067
D2 0.001 0.0304
D3 0.004 0.825
D4 0.004 1.44
D5 0.001 0.34
D6 0.001 0.034
D7 0.1 0.45
All 0.143 3.1864

On the other hand, TR method requires more traitang splitting) effort than ST
method, especially when the initial training sespdit in several subsets. For instance,
for datasets D3 and D4, TR method requires traimh@l and 19 training subsets
respectively, whereas ST method requires trainingndy 1 subset in both cases. In
the initial training sets that are split in a fe&ining subsets, the difference between
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the two methods, in terms of the number of subtbetishad to be processed, does not
seem to be much enough. However, in those casetsmeudifference between the
two methods is significant (see e.g. cases D2, @b @6 in Table 10, further on).
Considering all example insertions (last row, scen&C3), TR method requires
training of approximately 480% more subsets thatf&thod (see Fig. 10).

"ST Method" vs. "TR Method"
(Success Example Insertions)
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Figurel0. Number of trainings for the cases of Table 8.

Table 9 includes SC2 and SC4 cases; each row, etteefast one, corresponds to
either an SC2 or an SC4 scenario case. The collegiew of all rows, represented by
the last row, corresponds to either an SC3 or ah &e@nario. In Table 9, column
“Trained Subsets” represents the number of traisirgsets that had to be trained due
to the insertion of the success examples for begharios SC2 and SC4. For instance,
entry “9/3” at this column (in Table 9) means ttis number of training subsets that
had to be trained due to the insertion of the ssxegxamples were 9 in scenario SC2
and 3 in scenario SC4. The SST method is used #s8énarios.

From the results in Table 9, it is obvious thateragain S| method increases the
number of neurules in NRB compared to the other tmethods. As before, the
increase may not be considered as significant,eéfwew each initial training set
separately (scenario SC2). However, consideringxadimple insertions into the SS,
S| method produces approximately 46% more neuthkes ST method, as illustrated
in Fig. 11. Furthermore, this increase in the numbg neurules increases the
inferences runtime by an average of 9%.

Again, TR method requires more training (and gpbi effort than ST method,
especially when the initial training set is spiitd several subsets. For instance, for
datasets D3 and D4, TR method requires training8o&nd 85 subsets, respectively,
whereas ST method requires training of only 5 afdslibsets, respectively. As
before, in the initial training sets that are splia few training subsets, the difference
between the two methods does not seem to be signifibut the runtime difference
between the two methods is significant (see e.ge<®5 and D6 in Table 11, later
on). Finally, considering all example insertiontithe source knowledge (scenarios
SC3 and SC5), TR method requires training of apprately 360% and 130% more
subsets than ST and SST method respectively (ged®i. Also ST method (scenario
SC3) requires training of approximately 60% moress&ts than SST (scenario SC5).
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Table 10 presents runtime results for ST and ThRhaus for the example insertions
of Table 8 (SC1 cases). It is very clear, from €ab0, that in all cases the runtime
required for ST method is less (in the majoritytledm much less) than the runtime
required for TR method. This is due, first, to fhet that ST method requires training
of less subsets. Furthermore, ST method avoidspsirg of training subsets that are
higher in the splitting tree, for which trainingdasplitting effort is more expensive
than that for subsets lower in the splitting tras éxplained in the introduction of
section 5). As expected, runtime differences betwdee two methods are not
proportional to their differences in the numbepuodcessed subsets.

"ST Method" vs. "SI Method"
(Success Example Insertions)
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Figure 11. Number of neurules for the cases of Table 9.

Table 11. Runtime results for the cases of Table 9

Dataset | ST method (SC1, SC2, SST method TR method (SC1, TR method
SC3) (se¢) (SC4, SC5) (sec) SC2, SC3) (sec) (SC4, SC5) (sec)

D1 0.0335 0.0335 0.13 0.067
D2 0.032 0.002 0.09 0.0304
D3 0.305 0.157 2.11 0.825
D4 0.434 0.289 6.10 1.44
D5 0.31 0.155 0.67 0.34
D6 0.034 0.034 0.064 0.034
D7 0.2475 0.147 1.215 0.45
All 1.396 0.8175 10.379 3.1864

Table 11 presents runtime results for ST, SST aRdnlethods for the cases of
Table 9. Table 11 includes runtime results forsa#narios. Each value of the second
and fourth column corresponds to an SC1 or SC2astenase, except the last one
that corresponds to an SC3 scenario case. Eack wélthe third and fifth column
corresponds to an SC4 scenario, except the lasttimatecorresponds to an SC5
scenario case. ST method performs much better Timmethod in all cases in
scenarios SC1, SC2, SC3. ST method (SC2) perfoettartihan TR method (SC4) in
all cases but dataset D2. Furthermore the differdsetween ST method (SC2) and
TR method (SC4) in cases of datasets D5 and Déris small. An explanation that
can be given for the results regarding datasetsl@32and D6 is that the number of
training subsets produced from the initial trainisgts is small and the successive
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insertion of each success example affects a laogop of the splitting tree. TR
method (SC4) seems to be an alternative to ST dgtBG2) in such cases. This is
confirmed by the runtime results for datasets D@ BA. So, ST method (SC2, SC3)
performed quite well compared to TR method (SC45)S%ven though the odds were
against it (i.e., consecutive vs. simultaneousriisss).

"ST/SST Methods" vs. "TR Method"
(Success Example Insertions)
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SC3)" SC5)" SC3)" SC5)"

Figure 12. Number of trainings for the insertions shown irblEeO.

Furthermore, as expected, SST method (SC4) performsh better than ST
method (SC2, SC3) and obviously TR method (SC2,)Si@3addition, SST method
(SC4, SC5) performs much better than TR method (SC4&). Therefore, taking into
account the equivalent scenarios, that is ST met8@®, SC3) vs. TR method (SC1,
SC2, SC3) and SST method (SC4, SC5) vs. TR method,(SC5), ST/SST methods
perform much better than TR method.

5.3 Resultsfor Failure Example Insertion

Table 12 presents experimental results related gdate methods dealing with
insertions of failure examples. To produce the ltesgsome failure examples were
removed one by one from the initial training sets.

Column “Initial Examples” contains the number ofexles of the initial training
sets and (in parentheses) the number of exampitsatre inserted. For instance,
entry “142(2)” of this column means that the iditi@ining set contains 142 examples
and two failure examples were inserted over thaSelumn “Initial Neurules”
contains the number of neurules produced from thial training sets. Column
“Training Subsets” contains the number of traingulpsets produced from the initial
training sets (including the initial training sék®@mselves). “Neurules” represents the
number of final neurules produced via the two updaethods. “Trained Subsets”
represents the number of subsets that had to Jieained due to the insertion of the
failure examples. Table 12 includes SC1, SC2 and S&enario cases; each row,
except the last one, corresponds to an SC1, SCa@no%C4 scenario case. The
collective view of all rows, represented by the lasv, corresponds to either an SC3
or an SC5 scenario. For SC4 scenarios, the SSTonhetlused.
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Table 12. Experimental results-Failure example insertions
(SC1, SC2, SC3, SC4, SC5 scenarios)

Dataset Initial Initial Training Total Retraining Splitting Tree
Examples | Neurules | Subsets (TR) (ST/SST)
M ethod M ethod
Neurules| Trained| Neurules| Trained
Subsets Subsets
D1 142 (2) 3 5 3 10/5 3 6/3
D2 117 (2) 2 3 2 6/3 2 4/2
D3 538 (2) 6 11 6 22/11 6 12/6
D4 475 (5) 10 19 10 95/19 10 50/10
D5 574 (2) 3 5 3 10/5 3 6/3
D6 143 (1) 2 3 2 3/3 2 2/2
D7 357 (3) 4 7 4 21/7 4 12 /4
All 2346 (17) 30 53 30 167 / 53 30 92/30

"ST/SST Methods" vs. "TR Method"
(Failure Example Insertions)
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Figure 13. Number of trainings for the cases of Table 12.

Table 13. Runtime results for the cases of Table 12

Dataset| ST method (SC1, SC2, SST method (SC4, | TR method (SC1, TR method (SC4,

SC3) (sec) SC5) (sec) SC2, SC3) (sec) SC5) (sec)

D1 0.006 0.003 0.128 0.067

D2 0.004 0.002 0.06 0.0304

D3 0.032 0.010 1.65 0.825

D4 0.1 0.032 7.3 1.44

D5 0.013 0.004 0.71 0.34

D6 0.002 0.0006 0.034 0.034

D7 0.012 0.004 1.25 0.45

All 0.169 0.0556 11.132 3.1864

According to the results in Table 12, TR methodinasuccess example insertions,
requires more training (and splitting) effort th&m method (see Fig. 13), especially
when the initial training set is split in severalbsets. Considering all example
insertions into the source knowledge (scenarios &@BSC5), TR method requires
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training of approximately 81% and 76% more subgkty ST and SST method
respectively (see Fig. 13). Also ST method (scen&C3) requires training of
approximately 206% more subsets than SST (sceS&%).

Table 13 presents runtime results for ST, SST aRdnlethods for the cases of
Table 12. Table 13 includes runtime results foise#narios. Each value of the second
and third column corresponds to an SC1 or SC2 sicetase, except the last one that
corresponds to an SC3 scenario case. Each valubeothird and fifth column
corresponds to an SC4 scenario, except the lasttlmatecorresponds to an SC5
scenario case. ST and SST methods perform bettefR method in all cases.

6. Related Work

Our work is related to incremental update of a kieolge-base. Because our
knowledge bases consist of hybrid rules, this makesunique issue. We are not
aware of other similar attempts, i.e. attemptscrementally updating a hybrid rule
base, based on empirical patterns. However, gihan neurules can be actually
considered as adaline units, which are construcied empirical example cases, our
methods can be considered as incremental learngtgads. So, in this section we
present works related to incremental learning dadepour methods in that context.

The usual assumption that is made with regardedoconstruction of knowledge
bases for classifiers obtaining their knowledgenfrempirical data is that all training
examples are available a priori. However, thisasalways the case in all application
fields. In certain application fields such as us®wdeling, robotics and intelligent
agents not all training examples are availablei@imince a number of them become
available over time (Giraud-Carrier 2000). This /wamps either because the
environment changes with time or because the ratevhéch examples become
available may be too slow. To deal with this proble€orresponding update methods
should be developed for the various types of di@ssi More specifically, classifiers
should be able to learn over time without forgeftinvhat has already been learnt.
Broadly used algorithms such as ID3 and back prai@y that respectively induce
decision trees and train neural networks cannotlleaefficiently this situation. In
fact, they perform re-learning from scratch for thening set consisting of the new
example(s) and old examples. Such an approachnpadmlly inefficient since
previous learning efforts are wasted.

In the literature, the term ‘on-line learning’ isad to describe situations in which
learning must take place over time (Maloof and Miski 2004). Such learning
systems may be classified into categories basddorriteria: (a) the portion of the
induced hypothesis stored and (b) the percentagasiftraining examples stored. As
far as the induced hypothesis is concerned, thedeanay retain all, a part or even
none of it. The corresponding categories are redeto as ‘full concept memory’,
‘partial concept memory’ and ‘no concept memorymitarly, the learner may retain
all, some or none of the past training examplesthadcorresponding categories are
‘full instance memory’, ‘partial instance memorynd ‘no instance memory’.
Learning systems retaining the entire induced Hyss are distinguished to
‘temporal batch learners’ and ‘incremental learnéremporal batch learners replace
the induced hypothesis with a new one resultingiftbe new example(s) and the past
training examples stored (if any). Temporal batdrmers thus perform a re-learning
task from scratch discarding the previously indubggdothesis. Incremental learning
systems on the other hand, use the new example(®) with possibly retained past
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training examples to modify or adjust the inducgddthesis. Incremental learners are
therefore more efficient in dealing with new exaeglas far as the required
processing time is concerned.

It should be mentioned that there have been diifemeews about what can be
considered as incremental learning. In (Maloof afidhalski 2004) three types of
incremental learners are distinguished, accordingttether all, some or none of the
past training examples are retained. However, abeurof researchers consider that
incremental learning should not process, retairhave access to past examples but
should take as inputs only the induced hypotheststhe new example(s) (Giraud-
Carrier 2000; Fu 1996). More specifically, in surdses, learning is usually carried
out on an example-by-example basis. Based on thig pf view, only one of the
three subcategories of incremental learners spécifi (Maloof and Michalski 2004)
can be regarded as incremental. Such a view foenmental learning results in both
spatial and temporal efficiency but is not alwagasdible for all types of classifiers.
Such a view, in the context of the neuro-symbobmdin, is presented in (Fu 1996).
That approach does not require storage of or adcepsst training examples, but
updates &nowledge based connectionist neural netW(&RCNN) based only on the
new example. A representative approach in the gbraé decision trees is D4
(Schlimmer and Fisher 1986), an incremental versiolD3. In (Polikar et al. 2001)
even more strict criteria for an incremental altjoni are defined, but the presented
incremental approach differs from other approachdsat it retains an ensemble of
classifiers instead of a single one.

On the other hand, despite the space overheadhingtgast examples may yield
advantages compared to the situation in which rei pgamples are retained. For
instance, such cases have been demonstrated oomiext of decision trees. ID5R
(Utgoff 1989) and ITI (Utgoff, Berkman and Clous@9Y) are incremental versions of
ID3 retaining all the training examples in the demn tree and this results in
advantages compared to ID4. Retaining past exandples not mean that all of them
will have to be reprocessed during updates, tormooadate introduction of a new
example. Also, in (Lange and Zeugmann 1996), tinéoretically shown that retaining
some of the past examples results in improved ilegrpower compared to the
situation in which no past examples are retained.

The update methods developed for neurules retanrettire induced hypothesis
and all past training examples. In this way, thelaip methods for neurules differ
from the aforementioned approaches such as (GiGawder 2000; Fu 1996;
Schlimmer and Fisher 1986; Polikar et al. 2001)hiat they take as inputs only the
induced hypothesis and the new example. Accordinyis point of view the update
methods developed for neurules cannot be regasigti@emental learning.

Following the categorization in (Maloof and Michal2004), the neurule-based
update methods (presented in Section 3) can bsifetakinto different subcategories
of the category of learners retaining the entiduged hypothesis (i.e., ‘full concept
memory’). More specifically, the SI and ST/SST noeth can be classified into the
subcategory of incremental learners that retairpa#it examples (i.e., ‘full instance
memory’). Those methods use for training a portbithe past examples along with
the new example(s), affecting the correspondingiquorof the neurule base and
leaving the rest intact. On the other hand, TR wouktpberforms temporal batch
learning with ‘full instance memory’.

7. Conclusions
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In this paper, we present methods for efficienthgating a hybrid rule base (target
knowledge) due to changes to its empirical sourcasedge. The hybrid rule base
consists of neurules, a type of hybrid rules irdégg symbolic rules with
neurocomputing. Its empirical source knowledge Iyaioonsists of training
examples/patterns. Updates refer to insertion of tmaining examples and could be
considered as a type of incremental learning.

The introduced methods are quite efficient. Thabidy the necessary part of the
target knowledge has to be retrained and the nuwité¥e neurules remains as small
as possible. This is achieved by exploiting theambf closeness, used to handle
inseparability in the construction of the targeptwtedge, and a structure called the
splitting tree, which stores information regardthg construction process of the target
knowledge.

In this paper, we assume that the existing (pastingles are retained and also a
portion of them needs to be reprocessed. An intiagegesearch direction would be to
investigate possible development of update methiodseurule bases that do not
require (re)processing of existing examples, bufope updates based only on the
newly available examples and the existing neurules.
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