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FOREWORD 

The 6th Computer Symposium, organised under the auspices of SAICS, carries on the 
tradition of providing an opportunity for the South African scientific computing 
community to present research material to their peers. 

It was heartening that 31 papers were offered for consideration. As before all these papers 
were refereed. Thereafter a selection committee chose 21 for presentation at the 
Symposium. 

Several new dimensions are present in the 1991 symposium: 

* The Symposium has been arranged for the day immediately after the SACLA 
conference. 

* It is being run over only 1 day in contrast to the 2-3 days of previous symposia. 

* I believe that it is first time that a Symposium has been held outside of the 
Transvaal. 

* Over 85 people will be attending. Nearly all will have attended both events. 

* A Sponsorship package for both SACLA and the Research Symposium was 
obtained. (This led to reduced hotel costs compared to previous symposia) 

A major expense is the production of the Proceedings of the Symposium. To ensure 
financial soundness authors have had to pay the page charge of R20 per page. 

A thought for the future would be consideration of a poster session at the Symposium. 
This could provide an alternative approach to presenting ideas or work. 

I would sincerely hope that the twinning of SACLA and the Research Symposium is 
considered successful enough for this combination survive. As to whether a Research 
Symposium should be run each year after SACLA, or only every second year, is a matter 
of need and taste. 

A challenge for the future is to encourage an even greater number of MSc & PhD 
students to attei:id the Symposium. Unlike this year, I would recommend that they be 
accommodated at the same cost as everyone else. Only if it is financially necessary 
should the sponsored number of students be limited. 

I would like to thank the other members of the organising committee and my colleagues 
at UCT for all the help that they have given me. A special word of thanks goes to Prof. 
Pieter Kritzinger who has provided me with invaluable help and ideas throughout the 
organisation of this 6th Research Symposium. 

MHLinck 
Symposium Chairman 
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Integrating Similarity-Based and Explanation-Based Learning 

G. Deon Oosthuizen Chrisna Avenant 

Department of Computer Science 
University of Pretoria 

0083 Hillcrest, South Africa 
E-mail: rkw0075.upvm2@f4.n494.z5.fidonet.org 

Abstract 

Recently, there have been various attempts to combine the strengths of 
similarity-based learning (SBL) and explanation-based learning (EBL) in a 
single learning system. 

We describe a graph-based learning method called Graph Induction, 
which is based on the graphical representation of a formal lattice and 

· supports both supervised and unsupervised learning. The method integrates 
SBL with a weak form of EBL in such a way that the two mechanisms 
become totally blended. The result is a unified algorithm with both SBL and 
EBL involved in each step. The domain theory is generated and/or extended 
as SBL proceeds and employed jmmediately, through EBL, to guard further 
learning and thus control the size of the lattice which otherwise has the 
potential for increasing exponentially. 

Keywords: Artificial Intelligence, Machine Learning 

1. INTRODUCTION 

Two major Machine Learning paradigms are Empirical and Analytical learning. 
Empirical learning induces rules from a number of examples, referred to as the training 
set. Since many of the methods used are based on the similarities between samples, they 
have become known as Similarity-Based Learning (SBL) methods. Analytical learning 
employs domain theory to induce a class description from one sample only. Since this 
was viewed by many authors as a process of learning by explaining why a sample belongs 
to a given class, it has become known as Explanation-Based Learning (EBL). 
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Recently various attempts have been made to combine the strengths of SBL and EBL 
[Segre 1989]. We describe a representation model which allows the two paradigms to be 
integrated, complementing each other during each learning step. Langley points to the 
fact that the two paradigms are more similar than the literature suggests [Langley 1989]. 
The current paper harbours the same sentiment. 

The representation model described forms the basis of an incremental inductive learning 
method, called Graph Induction, implemented in a system called GRAND (GRAph 
iNDuction) [Oosthuizen 1987] . Conceptual clustering forms the basis of generalization 
in GRAND. Thus, it is primarily a concept formation method [Oosthuizen & Avenant 
199 1 ] , extending the ideas embodied in the UNIMEM (Lebowitz 1986a] and COBWEB 
[Fisher 1987] systems. However, GRAND also supports concept learning as a special 
case of conceptual clustering by regarding the class of a sample - i.e. the concept to be 
learnt - as just another feature. This places GRAND among systems like AQ15 
[Michalski et al 1986] and IDS [Utgoff 1988] . GRAND is also closely related to the 
CHARADE system [Ganascia 1987] . 

In this paper, we focus on the interplay between similarity-based and explanation-based 
learning taking place in GRAND. In this regard, GRAND has much in common with 
work done by others [Lebowitz 1986b], [Pazzani 1988] and [Vilain et al 1990]. 

We first describe the representation model and then explain how SBL and EBL are 
supported and integrated. We conclude by comparing GRAND with related systems. 

2. GRAPH INDUCTION 

Graph Induction derives its name from the fact that it is based on the explicit graphical 
representation of a formal lattice. We now explain how the lattice is constructed and how 
it supports inductive learning. 

2.1 Construction of the lattice 
I 

A lattice is an acyclic directed graph in which every pair of nodes has a least common 
superior (the join) and a greatest common subordinate (the meet) which are necessarily 
unique. A lattice is constructed by first creating a node for each value of each attribute 
to be recorded in the system. These nodes can be considered as the upper layer of a 
network to be expanded below them. Training samples are read in the form of arrays of 
features - normally attribute-value pairs. For the first sample (array) read, a single new 
node is created below the initial layer of features and connected to each of the attribute 
values (in the initial layer) constituting the sample (see fig. la}. Thus, the sample is 
represented by a node linked to each of the attribute values composing the sample. 
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The same is done for the second sample read, with the difference that if the second 
sample has any features in common with the first sample, the graph is transformed such 
that the lattice properties - mentioned above - are preserved.  Le. each subset of attribute 
nodes would have a unique meet (if it does have a meet)  and each group of samples 
would have a unique join (if i t  does have a join) . In the process intermediate nodes are 
created between the attribute-nodes at the top and the sample-nodes at the bottom. The 
intermediate nodes are referred to as concepts. The nodes above a given  node are said 
to be spanned by the node and the ones below are covered by it. For each set of samples 
there exists a unique corresponding lattice 1 . (Since the focus in  this paper is on the 
application of lattices to learning, the ideas are discussed with reference to informal 
examples only. A comprehensive description of the transformation algorithm can be 
found in [Oosthuizen 199 1 ] and another applica�ion is described in (Oosthuizen 1990) . )  

Let u s  consider the following example .  A number of elephants (see Table 1 )  are 
classified on the basis of 4 features each. The attributes are ear s ize, colour, 
temperament and love for candy. Fig. 1 shows the concept nodes ( indicated by ' * ' -nodes) 
created during transformation. Notice that this is only a partial graph. Some arcs have 
been deliberately omitted for the sake of s implicity. 

ears 
[small big) 

·a 

S4 

loves 
colour temperament candy 

[pink grey black) (fierce friendly) [yes no) 

S9 S5 S3 S7 S6 S2 

Fig. 1 .  

class 
[indian african] 

· 1  

S1  

1To construct a proper lattice, the attribute nodes have to be connected to a single comm�n 
superior, and the sample nodes to a common subordinate. We omit them since they have no role to play m 
the conceptual modelling exercise. 
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Sample no. 

Sl  
S2 
S3 
S4 
S5 
S6 
S7 
S8 
S9 

Ear size . -
small 
big 
big 
small 
big 
big 
big 
small 
big 

Colour 

pink 
pink 
grey 
black 
black 
pink 
black 
pink 
pink 

2.2 Similarity-Based Leaming 

Temperament Loves_ Candy Class 

fierce yes African 
friendly no Indian 
fierce yes African 
fierce no Indian 
fierce yes Indian 
fierce yes African 
friendly no Indian 
friendly no Indian 
friendly yes Indian 

Table 1 .  

We now explain how the lattice supports generalization and clustering. 

Each intermediate node in the lattice is associated with a cluster of features at the top 
and a cluster of samples at the bottom. Thus, each intermediate node denotes a concept 
characterized by the attribute values spanned by the node (its intension). Below each 
intermediate node is a cluster of samples exemplifying the' concept (its extension). 

The lattice captures all similarities between samples in a series of tangled hierarchies. 
Stepping bottom-up, each concept covers a larger set of samples. Thus the hierarchies 
form sequences of concepts of increasing generality (upward). If a specified set of 
samples has a mutual join, then this join is unique and constitutes a least generalization 
(maximally specific concept) of the set. 

2.2.1 Concept Descriptions 

Each node can be regarded as an �dentity (label) for a class - the set of samples below 
it. The characteristic description of the class is the set of features spanned by the node. 
In that sense, the concept'nodes represent induced class descriptions or 'rules'. Although 
the features spanned by a node can be read as a list, the specific tree structure involved 
reflects dependencies between features. Consequently, each node denotes a rule 
[Oosthuizen & McGregor 1988] : if the (unique) meet of a number of features spans any 
additional features, apart from the given features themselves, then such features are 
inferred. For example, in fig. 1 the meet of PINK, FIERCE and CANDY_ LOVER2 is 
* 10, and * 10 spans AFRICAN in addition to the named features, therefore : 

PINK and FIERCE and CANDY LOVER - > AFRICAN 
Thus, the lattice itself can be used as basis for inference, i.e. as knowledge base. This has 

2For the sake of brevity we write PINK, instead of COWUR = PINK, etc. 
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the additional effect that training and prediction are integrated, i.e. the system learns 
incrementally while it operates and there is no distinction between training and test 
instances. Each instance confirms certain patterns and contradicts other patterns 
associated with nodes stored in the lattice. 

· A large number of generalizations are kept in the lattice and evaluated in parallel, 
treated as embryonic concepts with the potential to be confirmed, or to be contradicted 
and eliminated (see next section) . The lattice structure changes continuously and forms 
the basis of SBL. 

As we mentioned above, GRAND provides maximally specific generalizations. When a 
positive instance of the concept is seen but the cur.rent concept definition would classify 

. . 

it as a negative instance, the concept definition is redefined to be the intersection of the 
current concept definition and the instance [Sarrett and Pazzani 1989] .  This corresponds 
to the Wholist strategy [Bruner, Goodnow & Austin 1956], also called the One-Sided 
Algorithm for Pure Conjunctive Concepts [Hausler 1987] . As in Bruner's work, the initial 
hypothesis is a conjunction of all features in the first positive example. Sarret & Pazzani, 
however, initialize the hypothesis to be the conjunction of all features in the example 
description language. 

As already intimated, the intermediate nodes represent concepts with assocjated features. 
The coincidence of features associated with a concept gives rise to dependencies between 
the features. The coincidences and dependencies between features in turn give rise to 
predictability, which forms,. the basis of inference, and in the case of 'strong' concepts (see 
next section), to inference rules. Because of this ambiguity in the nature of the 
intermediate nodes, we will sometimes-refer to them as concepts and sometimes as rules, 
depending on their role in the particular context. 

2.2.2 Confidence Factors 

Incidental similarities between samples give rise to the creation of a multitude 
intermediate nodes representing insignificant clusters. To keep the size of the lattice 
within reasonable limits, ·a pruning strategy is applied [Oosthuizen 1991 ]  whereby 
insignificant nodes (nodes denoting patterns of features which are not confirmed) are 
removed on a regular basis. However, if the number of features per sample is large 
( 15 + ) pruning alone becomes inadequate to curb the lattice. The lattice size is much 
better contained if the SBL is directed by EBL (see next section). Pruning is based on 
a confidence factor ( CF) associated with every node. The CF of a node is an integer 
value equal to the number of samples read containing the pattern of attribute values 
spanned by the node, i.e. the number of sample nodes below it; we refer to it as the 
strength of the node. 

By specifying a certain threshold value, nodes can be divided into a set denoting . 
established rules and a set representing weaker dependencies between features which 
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may or may not become rules depending on whether they are confirmed or not. (Nodes 
which are not confirmed, are removed .eventually.)  This is similar to Lebowitz' idea of 
freezing a feature in conceptual clustering [Lebowitz 1986a] . Lebowitz distinguishes 
between the confirmation of a feature and of a generalization. The CF of a feature is 
used to determine whether the feature forms part of a generalization description. The 
strength of a generalization is used as a measure of interest ( or "relevance") to decide 
when EBL must be applied to a generalization. In other words, the number of instances 
a generalization represents is an indication of its relevance or "interestingness" ( after 
Lebowitz) . Both these notions of confirmation of features and of generalizations are 
incorporated in the CFs in GRAND. E.g. * 15 represents a generalization identified by 

BLACK, INDIAN 
covering instances S4, S5 and S7. Although *5  represents the generalization 

FIERCE, BLACK, INDIAN 
the CF of * 5 really indicates the number of times BLUE occurred in conjunction with 
BLACK and INDIAN. If this happens often enough, *5  would be frozen, thus identifying 

FIERCE, BLACK, INDIAN 
as a useful or permanent generalization with 

BLACK, INDIAN 
as a more general generalization. Otherwise, * 5 would be deleted, leaving the latter . 
generalization only. The same would happen 1n UNIMEM by changing the CF of the 
feature FIERCE. 

2.3 Explanation-Based Leaming 

In Section 2.2 we explained how SBL is supported by the lattice. We now consider EBL, 
which is manifested as follows. Confirmed rules are regarded as forming part of the 
domain theory which has evolved. Most of these rules express dependencies between 
features. In other words, they are not part of the description of the concept to be learnt. 
E.g. in fig. 1, the node *9  denotes the rule 

BIG and FIERCE - >  CANDY LOVER 
which does not form part of the descriptions for the classes INDIAN or AFRICAN. 
Since there are many nodes in the lattice denoting such rules, it implies that the lattice 
contains a rich theory of the domain. (Notice that because of the existence of *24 and 
* 6, the following inferences are inhibited: 

FIERCE and CANDY LOVER - >  BIG 
BIG and CANDY_ LOVER - >  FIERCE) 

The intermediate nodes can also be viewed in a slightly different way. An intermediate 
node which spans a pattern which occurred many times, can be viewed as an eminent 
concept, identified by the system, but which is not listed among the recorded features. 
The detection of such concepts has been studied under the heading off eature constro.ction 
[Matheus 1990] . If questioned, a domain expert ( or oracle [Muggleton, 1987]) might be 
able to associate a lexical term with it. In graph terms: such a node may be viewed as 
being linked to an additional feature, not present among the given features. E.g. let us 



again consider *9 in fig. 1 .  Considering the fact that these elephants are fierce, big-ear, 
candy loving elephants, *9 could easily be linked to a new feature SPOILT ELEPHANT. 
*9 would thus denote the rule 

-

BIG and FIERCE and CANDY LOVER - >  SPOILT ELEPHANT. - -

This interpretation of the graph differs from the one above in the sense that here *9  
suggests the existence of  an autonomous concept, defined by the features spanned by the 
node *9. In other words, the node *9  denotes a concept which constitutes the right-hand 
side of a ( domain theory) rule which has as its left-hand side the features spanned by the 
node itself. This is the reason why the intermediate nodes were referred to as concepts 
in the first place (see section 2. 1 ) .  Thus, each (confirmed) concept node can be visualized 
as having an arc to a corresponding lexical label {feature) at the top. 

If a subset of features of a sample is spanned by a particular concept, then it means that 
the sample satisfies the rule describing the concept.  And if this concept in tum implies 
the target concept (i.e. the concept being learnt - INDIAN in this case), then these rules 
explain why the sample is an instance of the target concept. Thus, when a new sample 
is read, it is first determined whether it contains one or more subpatterns of features 
(which may overlap) which are spanned by eminent concepts in the lattice3 . This 
constitutes the first step of explanation-based learning, i .e .  explaining why the sample is 
an instance of the concept being learnt. 

E.g. let us say the following sample is added to the lattice in fig. 1 
S lO: BIG, GREY, FRIENDLY, NON-CANDY_LOVER, INDIAN 

Let us say * 13 denotes the concept GOOD_ ELEPHANT, described by the features4 
. 

BIG, FRIENDLY, NON-CANDY_ LOVER. 
The fact that * 13 is below (i.e. a subset of) INDIAN, implies that all 
GOOD_ ELEPHANTS are INDIAN elephants. Consequently, the fact that S 10 satisfies 
the conditions for GOOD ELEPHANT explains its being an instance of INDIAN. 
Although, in one sense, * 13 denotes one rule incorporating all the features above it, in 
another sense * 13 and the nodes above it - *7, *26, *3,  *21  and * 18 - all denote 
interrelated rules. If a sample satisfies some of these rules, these rules are chained 

· together to explain why the sample is an instance of the target concept. 

The second step involves using the domain rules to identify important and irrelevant 
features of the sample with the aim of generalizing it. If there are any of the sample's 
features that are not spanned by eminent concepts, they are likely to be irrelevant -
especially if we are talking of lattices containing several hundreds of concepts. Thus the 
sample is not connected to such features, which effectively removes a part of the sample 
description and thereby makes it more general (see Section 2.5 .2). In other words, we 

3This happens implicitly as part of the transformation algorithm. 

4INDIAN is omitted from this list since in the example it is the concept being learnt. 
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accomplished explanation-based generalization. 

Since GREY, in the above example, is not spanned by eminent concepts, it is dropped, 
and the sample is generalized by connecting it to * 13 only. 

Thus, while SBL is in progress, the domain theory evolves - in the form of implicit rules 
in the lattice. As soon as these are confirmed adequately, they begin to play a role in 
EBL. The benefit of this type of learning is that knowledge necessary to perform EBL 
can be acquired by the learning system and the learner gets better at learning [Pazzani 
1988] .  

2.4 External Rules 

In the previous section we considered a domain theory that was developed internally 
from scratch. Domain theory can be added to the lattice in the form of rules supplied 
by an external source. Rules are treated just like samples - ignoring the separation 
between antecedent and consequent parts but associating extraordinary high confidence 
factors with the rule nodes. Such rules are � then automatically incorporated in the 
learning process, just as the internally generated ones are. Thus: 

samples read are generalized by means of both SBL. and EBL [Pazzani 1988], but 
simultaneously 
the domain theory is generalized or specialized through SBL, and 
new domain theory is developed through SBL. 

Pazzani ( 1 988] refers to specially selected examples inserted with the specific aim of 
establishing the domain theory as "foundational examples". 

2.5 Discussion 

2.5.1 Effect of EBL on the lattice size 

SBL has the effect of genyrating intermediate nodes and EBL has the effect of removing 
them (referred to as operationalization) [Wogulis & Langley 1989] . Although the above 
weak form of EBL does not remove nodes from the graph, it does prevent nodes from 
being created and thus enables us to contain the lattice. E.g. let us say a concept * 1 
represents an adequately confirmed pattern <A,B, C,D > (see fig. 2a) and a pattern 
<A,B,D,F > is read as part of a sample Sn, where C and F are different values of the 
same attribute. If normal transformation takes place, a new node *4 is created to 
represent the new pattern of features (see fig. 2b ) .  However, if EBL takes place, * 1 is 
identified as the meet of <A,B,D > .  Since * 1 denotes a strong rule, we accept that 

A and B and D - > C. 
Thus, C is inferred and F ignored and no new nodes are created (see fig. 2a). 
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2.5.2 Comparing Similarity-based and Explanation-based Generalization 

In SBL, there are several ways to generalize a concept [Michalski 1983] .  Because of the 
graphical nature of Graph Induction, the disjunction of concepts is represented by joins. 
E.g. the arcs from *27 and *9 to *24 in fig. 1 implies that * 24 denotes the concept 
description 

BIG and CANDY_ LOVER and (INDIAN or FIERCE) 
(the set of elephants denoted by *24 are BIG and FIERCE, and either INDIAN or 
FIERCE or both) which 'is the disjunction of the concepts denoted by *27 and * 9. 
Consequently, all generalization involving range extension or merging reduces to 
"climbing the generalization' tree" [Michalski 1983] . Within this restricted representation 
framework, the similarity between SBL and EBL becomes more apparent. 

SBL involves generalization using a rule of the kind 
A - > B 

meaning: generalize a concept description by replacing a concept A by a more general 
concept (descriptor) B. In the lattice, B would be a parent node of A. 

EBL involves generalization using a rule of the kind 
A and B and C - > D 

meaning generalize a concept description 
A and B and C 

by replacing the expression by a more general concept · (descriptor) D. The fact that the 
concept representing < A,B,C > is an explicit node in the lattice, and . the node denoting 
concept D is a parent node of it, just as B is a parent node of A, illustrates the similarity 
between the basic generalization mechanisms of EBL and SBL. 
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3. RELATED WORK 

Although various related systems have been referenced already, we now focus on some 
of them specifically. 

3.1 UNIMEM 

As we mentioned before, GRAND extends the ideas implemented in UNIMEM 
[Lebowitz 1986a] - the main difference being that UNIMEM uses a hierarchy where 
GRAND uses a lattice as framework for knowledge representation. Lebowitz [Lebowitz 
1986b] explains how external rules can be used to apply EBL to concepts, in particular 
to establish causal relationships between features. To apply EBL methods to UNIMEM, 
rules have to be supplied that capture the initial understanding of the domain. In 
UNIMEM this is done with implications that capture hypothesized low-level causal 
connections among features. Rules ( external from the hierarchy and hand coded) can be 
used to explain the presence of one feature from the presence of another feature. With 
the initial rules UNIMEM can engage in EBL with the purpose of analyzing a 
generalization done by SBL. The relevance of a generalization determine whether EBL 
will be applied to it (Lebowitz 1986b]) .  , 

In GRAND, such low-level rules can be added to the concept-base (lattice) itself and the 
explanations can be derived in a similar way. However, the kind of low-level 
dependencies added by Lebowitz as domain theory, are normally the first kind of 
dependencies which quickly evolve in the lattice. In other words, most of them would be 
there already. Like OCCAM [Pazzani 1988], (but unlike UNIMEM) GRAND can thus 
be regarded as a "closed-loop" .learning system where the same memory is used for SBL 
and EBL. 

Secondly, UNIMEM stores features as 'flat' lists associated with generalizations. In 
GRAND, each feature is involved in a complex graph structure reflecting its dependence 
on other features or groups of features, as well as features with which it jointly 
determines other features. In other. words, whereas UNIMEM has to apply an algorithm 
to derive explanations, in GRAND they can be read from the graph. Since the lattice 

. , 
stores all the low level dependencies between predictive and predictable features, the 
explanation can be derived by a straightforward interpretation of the graph structure. 

In summary, UNIMEM requires a separate EBL procedure to identify causal 
relationships from features contained in generalizations, while in GRAND the EBL takes 
place implicitly and the causal relationships are there to be read. UNIMEM uses the 
confidence factor of a generalization as a measure of its interestingness and uses this to 
determine which generalizations to explain. In GRAND every generalization can be 
explained. 
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3.2 OCCAM 

OCCAM [Pazzani 1988] also integrates SBL · and EBL in one system. The mam 
differences between GRAND and OCCAM are 

Pazzani's emphasis on knowledge-intensive strategies, 
the knowledge representation used, and 
the differentiation between Theory-Driven Learning and Explanation-Based 
Learning - a result of his use of Conceptual Dependency Theory. 

OCCAM starts with an initial hierarchy of schemata which represents the conceptual 
dependency actions, goal and states; as OCCAM learns,, the hierarchy is extended by 
creating specializations of the existing schemata. Thus, OCCAM incrementally forms a 
concept hierarchy that explains and organizes previous experiences [Pazzani 1988] . 

Pazzani puts much emphasis on the fact that the more knowledge-intensive strategies 
have stronger justifications and should receive priority in learning. (Empirical techniques 
justify the inclusion of a feature in a schema on the simple basis that it has appeared in 
previous e�ents .) Since EBL is more knowledge-based whereas SBL is more statistics
based, there is merit in the argument that EBL should be given priority. However, 
although the argument about the superiority of knowledge intensive learning is a valid 
one, it has to be remembered that, ultimately, knowledge has to come from somewhere -
this role of extracting knowledge from data is fulfilled by SBL. 

3.3 Analytical and Similarity-based Classification 

Vilain et al [ 1990] present an exposition on the role of classification (both analytical and 
similarity-based) in Knowledge Representation and Machine Learning. They contend that 
pre-inserted domain knowledge is essential "in providing an inductive bias to the learning 
procedure, thereby shortening the required training phase, and reducing the brittleness 
of induced generalizations". Since KL-ONE, the knowledge representation scheme used 
by them, is also lattice based, it is no surprise that there is a high degree of 
correspondence with GRAND. Vilain et al divide features characterizing generalizations 
('generalization frames') into definitions, and nonns which are interpreted as defaults. 
There is a direct correspondence between their definitions and the features spanned by 
a node in GRAND. Similarly, their norms correspond to the features spanned by nodes 
immediately below a given node in, GRAND. E.g. the definition of * 15 (see fig. 1) would 
be 

GREY and NEGATIVE 
and its norms would be the nodes spanned by *5  and * 12 not spanned by * 15, namely 

BLUE and TALL. 
In GRAND the norms are either inferred probabilistically or treated as proper defaults 
as in other knowledge representation paradigms. Depending on which interpretation is 
adopted, additional features spanned by S4, S5 and S7 (which are not immediate children 
of * 15) might also be regarded as norms. 
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Since concepts in GRAND are (implicitly) not subject to the canonical form imposed on 
the analytical language of Vilain et al, GRAND is more expressive. GRAND also utilizes 
a different classification method. But for the rest there is a remarkable correspondence 
in functionality between the two approaches. 

3.4 Incremental Version Space Merging 

Hirsch [ 1989] uses the version space paradigm [Mitchell 1985 ] to combine empirical and 
analytical learning. The central idea is to apply explanation-based generalization to 
training data, and then to do empirical learning on the generalized data. Thus, rather 
than updating the version space ( doing empirical learning) with single instances, each 
instance has the effect of multiple instances. Since the version space is also incorporated 
in the lattice, Incremental Version Space Merging and GRAND exhibits similar 
behaviour along a spectrum from knowledge-poor to knowledge-rich learning. 

4. CONCLUSION 

"A central activity of science is the search for unifying· principles that account for 
apparently diverse phenomena within a single framework" [Langley 1989] . The lattice 
model goes some way toward achieving that goal. It has been shown elsewhere 
[Oosthuizen & Avenant 1991 ]  that the lattice supports supervised and unsupervised 
learning, rule-based and case-based, incremental and non-incremental learning. In this 
paper we showed that both SBL and a weak form of EBL are supported. 

We explained that Graph Induction does not involve separate SBL and EBL procedures. 
SBL and EBL are integrated as follows: intermediate SBL results - tentative domain 
theory - are used as part of an EBL process which is in turn used to guide SBL. 
Furthermore, SBL and EBL continuously re-validate and extends the already constructed 
theory. Instead of separate SBL aµd EBL phases the two processes operate in parallel 
and in complete synergism. The result is that each kind of learning gains the maximal 
effect from the intermediate results of the other. Also EBL help control the size of the 
lattice, expanded as a result of SBL. 
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