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Abstract 

The paper describes a number of possible characteristic features of Machine Learning (ML) programs. They 
have been willingly chosen to mark the Artificial Intelligence (AI) approach to ML. as illustrated for instance 
in [Michalski et al. 1983. 1986, Kodratoff 1988). It follows that some of the systems that perform learning 
essentially by adjusting coefficients may find it difficult to fit into our schemes. On the contrary, all AI 
oriented programs should fit in. unless we have made mistakes with our description. 
Artificial as it looks, this effort of characterization addresses two deep concerns. The first one is a 
clarification of the terms used, and sometimes abused, in the ML community. The second is to promote 
communication in the sub-field. In most cases, leaming systems do Ieam, but it is neither clear what nor how 
they leam. Setting bench marks for ML is a necessity the community should be more anxious about. 
Some of the systems known as knowledge acquisition systems perform as well some leaming. The last section 
is devoted to this kind of programs. 

1 • INTRODUCTION 

This introduction will give an overall description of the topics in ML research, and a description of what is lhe 
AI approach to ML 

Here is a description of ML that comes from the introduction of the third volume in the series ML: An AI 
Approach [Michalski et at 1983. 1986, Kodratoff and Michalski 1989J. 
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This taxonomy gives a fairly accurate description of the different Ml topics, and of their interrelationships. 
It shows a striking symmetry batwMn deductive and inductive learning. Most of the early research has been 
done about inductive learning. in the USA as well as in Europe. The present symmetry reflects the so-called 
"Explanation-Based learning (EBl) revolution- that took place during the last few years mainly in the USA. 
under the influence of Jerry DeJong and Tom Mitchell. By consulting the tables in which the European systems 
are described, one notices that EBL hu been catching in Europe as well. 

This taxonomy is quite self-explanatory. if the terms used in it are not ambiguous. The glossary found in 
appendix will attempt to make them precise. Nevertheless, there are still discussions about their exact 
meaning. and section 3 will discuss some of the most important choices that have been made in this paper. 

Section 6 will provide some information about a new field known as Knowledge Acquisition (KA), defined in 
the glossary. We felt it necessary to include in this compilation those of the KA systems that use Ml because 
they are actually 80 few of them, and because this tendency is well represented in Europe. 

·1 • INTRODUCTION 

The AI approach to Ml relies on several concepts (induction, abduction, generalization) that are often 
misunderstood. We shall therefore first give a preCise definition of them. 

1.1 • InducUon. deduction 

let us first as briefly as possible recall what induction and deduction are, more details are given In 
[Kodratoff 1 988]. 
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Deduction is the process by which one Inter. whUe pre.ervlng the truth of the data already stored. 
Applying the well·known modus ponens rule is truth·preserving. For instance. suppose that a theorem tells 
us that all green 'eaves are young leaves. While meeting green leaves, I can deduce that they are young. 
Induct Ion is the process by which one Inter. while pre.ervlng the tal.lty of the data already 
known. Michalski generalization rules [Michalski 1984] are falsity preserving. For instance. while meeting 
green leaves I can induce that I am meeting green things (that is. forgetting that they are leaves). or as 
well. I can induce that I am meeting young things. by using the above theorem. Suppose also that an other 
theorem tells us that anything green is not red, then, conversely, I cannot induce that I am meeting red 
things since -green- implies -not· red·, that is. red • FALSE, and I must preserve this falsity during my 
induction. 

1.2 - Knowledge Inten.lve Induction 

Many authors link deductive learning with knowledge intensive approaches (which they actually are in 
existing implementations), and inductive learning with knowledge poor approaches (there exist 
implementations of induction that are knowledge intensive as well, for instance [Michalski 1983, Kodratoff 
et al. 1984. Kodratoff & Ganascia 1986]). It is clear that ·pure induction- is knowledge poor. The point is 
that pure induction would mean induction from raw data, and raw data do not exist in reality since the world 
representation we get in the machine, as raw as it can be. is bound to already bear much interpretation. A 
clear definition of abduction will help us to define induction better, and to show the role of background 
knowledge in the global inductive process. 

1.2.1 • What I. abduction? 

Technically, abduction is the process which -reverses· the implication symbol, i.e. the process by which, 

knowing that A Ii a, one infers A, knowing that a is true. Of course, this is not truth preserving since A fi B 

tells that one can infer a from the knowledge of the truth of A, as classical modus ponens does. In practice, 

this amounts to the process by which we are able to complete a proof that just failed, by doing hypotheses 

that, if they were valid, would indeed lead the proof to a success. 

Let us illustrate abduction by the following example drawn from [DeJong and Mooney 1986]. In this example, 

our aim is learning a definition of the concept of suicide KiII(x,x). Suppose then that we have been learning so 

far that suicide requires a weapon, as expressed by the rule 


KILL(x.x) :. DEPRESSED(x), BUY(x,y). WEAPON(y). 


Suppose now that we know of Mary who commits suicide. Suppose that we have the following knowledge 

about her. 

DEPRESSED(MARY). 

BUY(MARY,OBJ1 ). 

SLEEPING-PILLS(OBJ1 ). 

PRICE(SLEEPING·PILLS, 20). 

BUY(MARY, OBJ2). 

BOOK(OBJ2). 


where OBJ1 and OBJ2 are variables. 

We will be unable to prove KILL(MARY, MARy) because she has no weapon. Cox [Cox 1986] presents an 

algorithm that, in such a situation where WEAPON(y) fails, would automatically look for -weapons· and 

catch the first objects that have been satisfactory so far (here. those that have been satisfying BUY(x,y) ). 

therefore abduct WEAPON(SLEEPING·PILLS) or WEAPON(BOOK) depending on which is met first. In the 

absence of any other kind of knowledge, it is clear that anything that has been bought might be taken as a 

weapon. We [Duval and Kodratoff 1989] support the fact that another abduction is also possible, namely by 

adding new rules in which the objects that have been satisfying BUY(x,y) are added into the clause, WIthout 

hypothesizing that they are ·weapons-. Here, one could abduct as well 


KILL(x,x):. DEPRESSED(x), BUY(x,y), SLEEPING·PILLS(y) 
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or 
KILL(x,x):- OEPRESSEO(x), BUY(x,y), BOOK(y). 

All this shows that even in very constrained environments, many abductions are possible, all of them 
solving the problem of completing the failed proof. Choosing which is the best one depends clearly on the 
background knowledge at hand. This is why we claim that, even though an isolated abduction is knowledge 
poor, the whole abductive process is very much knowledge intensive. . 

1.3 • Generallutlon·partlcularlzatlon/bottom up·top down generallutlon 

Tom MitcheU's version spaces [Mitchell 1982, Genesereth and Nilsson 1985, Kodratoff 1988] maintain the 
generalization state of an operator. They give the exact generalization state in which a descriptor used by an 
operator must be kept in order to optimize the problem solving efficiency. Given a set of positive and 
negative examples, their "Version space- is the set of the consistent formulas. Le. the set of formulas that 
are both complete (they recognize all the positive examples) and coherent (they recognize none of the 
negative examples). 

When building the version space of an operator, positive examples are used "bottom-up", that is to say, by 
finding a formula which is more general than any of the examples, and such that each example is an 
instantiation of this formula (also, none of the negative examples should be an instantiation of it, but this not 
the point here). Conversely, the negative examples are mainly used -top-down", since they are used to 
particularize a formula which covers none of the negative examples (also, all the positive examples should 
be an instantiation of it, but this is not the point here). This should convince people that generalization (from 
positive examples) and particularization (from negative examples) are the two facets of the same process, 
known under the name of -generalization- because earlier works did not recognize enough the importance of 
negative examples, and the symmetry between positive and negative examples [Nicolas 1988]. 

There are other approaches than those inspired by the version spaces. Michalski's [Michalski and Stepp 
1983, Michalski 1984] work is typical of those that progressively generalize from examples (his algorithms 
perform bottom up generalization). These algorithms cluster examples together, and simultaneously find a 
function that recognizes these clustered examples and reject all counter.gxamples. The progressive growth 
of these clusters generates more and more general recognition functions. On the contrary, all the 103 family 
inspired from Quinlan [Quinlan 1983] start from a set that contalns all the examples, and progressively 
applies descriptors that cut It into sub-seta, according to the value of the descriptor. For instance, if we 
start with a set containing persons with all types of eye colors, we shall form as many sub-sets as they are 
colors of the eyes, each containing one color. Therefore, these algorithms progressively particularize, they 
perform top-down generalization. 

Top down or bottom up, generalization is always an inductive process. It is therefore very wrong to confuse 
particularization and deduction. To make this precise, let us describe in a similar way generalization and 
particularization. When generalizing (. bottom up generalization), the problem is inducing the common 
features existing between several examples. These common features characterize the concept they are all 
instance of. When particularizing (. top down generalilation), the problem is inducing the features that make 
the difference between several examples. Each example is characterized by the features that are not shown 
by the others. 

1.4 • What la the AI approach to ML 

We present here five features characterizing AI, that make the AI approach to ML original. When they are 
used in a very strict way, that is to say when all of them are requested to be fulfilled, one defines 
something like the core of AI. A softer definition of AI, that will include all the existing AI systems, will be 
to request that some of the features given below are partly fulfilled. 

First, as opposed to the -intelligent machine- definition [Barr and Feigenbaum 1981], AI refuses to built 
intelligent black boxes. For instance, Roger Schank points out [Schank 1986] that the chess playing machines 
presently available on the market are out of AI (actually, they have been built without using any AI 

23.02.89 

http:23.02.89


YK 

techniques) even though they start being real good players. The reasons why they play so well are available 
to their designers only, not to their users, and therefore they cannot be considered as AI. Anyhow, it would 
be somewhat strange to attribute to AI the success of these chess machines since they result from 
operational research, not from AI. We do not claim here that temporary stoppage of communication is 
impossible in AI, we rather point out that a definitive loss of any communication abilities is contrary to the 
spirit of AI. AI systems are open to their users who must understand them. 

Second, AI tends to avoid using implicit knowledge. A clear illustration of this assertion is the marked 
preference AI shows for declarative knowledge representation, in which knowledge and the way to use it are 
clearly differentiated. AI tends to avoid procedural representations where knowledge and its use are 
merged. For instance, AI favored the birth of rather strongly declarative languages like LISP and PROLOG. 
Another well-known example of ES. An ES is nothing but a kind of decision tree, except that the tree has 
been flattened in a declarative form by writing out each rule that lead to a decision, without telling in 
advance in which order they must be called. This generates the so-called ·conflict resolution- problem, 
which is the price that must be paid to declarativity. In an AI system, knowledge should be stated explicitly, 
preferably in a declarative way. As little as possible procedural knowledge is expressed in a programming 
language. Similarly, fancy ad hoc codings are very much in opposition with the spirit of AI. 

Third, as opposed to what the early workers believed, a system cannot pass the above tests without 
already carrying a huge amount of preliminary knowledge. At least, this knowledge must carry the user's 
understanding of the problem. This is illustrated by the importance given to knowledge bases in AI. 
Knowledge is a kind of data: We do not speak of data bases because our bases have to be declarative and 
understandable by their users. An AI system is supposed to make heavy use of background knowledge, 
provided by the user in a knowledge base. 

Fourth, in accordance with the need for user understandability, an AI system has to speak its user's 
language, instead of speaking a "language of AI-, that, by the way, does not exist. This feature opposes well 
AI to other sciences the first concern of which is the creation of their own jargon, to be imposed on their 
user as part of his/her scientific formation. For instance, statistics does describe interesting natural 
phenomena, and does it in terms of -mean squares distances- etc ... , which is its own language, instead of. 
expressing the knowledge in its user's language, as AI attempts (and still partly fails) to do. 

Fifth, we believe (even if this 18 far from being accepted by all our colleagues) that AI is concerned with 
the definition, analysiS, measurement, and comparison of explanations relative to an automatically executed 
reasoning session, and provided in the user's language. Our main argument follows from the recognition that 
explicability fulfills the needs expressed above since the concern for understandability is perfectly met by a 
system able to provide itself its user with explanations. Moreover, a huge amount of background knowledge 
is necessary to be able to find relevant explanations. 

2 • EXPLANATION-BASED lEARNING (EBl) IN STRONG THEORY DOMAINS 

The most rigorous EBl learns generalizations only. this is why it has been called Explanation-Based 
Generalization (EBG). 

2.1 - EBO: An Intuitive pr•••nt.tlon 

EBG is given a complete theory of the domain in which the learning takes place and a training instance of the 
concept to be learned. Since the system knows the complete theory. it knows a definition of the concept to be 
learned. The goal of the learning process is to learn a new -better- definition of this concept. To achieve Ihis 
goal, EBG works as follows. Using its knowledge of the domain theory, it proves that the training instance is 
actually an instance of the concept learned. The proof trace is then pruned by using an operationality 
criterion that tells which descriptors must be left out. This amounts to telling which part of the proof is 
considered as being of interest. Notice the importance of this criterion on which relies aU the efficiency of 
the process. The pruned proof trace is then generalized into an explanation structure, which contains the 
parts of the original clauses tha~ have been used. As noticed in [DeJong and Mooney 1986], this amounts 10 
keeping a part of the unifications needed to achieve the proof. A variablized version of the training instance 
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is then regressed [Waldinger 19n] through the explanation structure. The result of this regression is new, 

more operational definition of the concept. 


In order to illustrate EBG, we shall use here a PROLOG version of the ·SAFE-TO-ST ACK- example, taken 

from [Mitchell and al. 19861. Several versions of EBG have been implemented as for instance in [Kedar· 

Cabelli and McCarty 1987, Puget 1987, Siqueira and Puget 1988]. The 'SAFE·TO·STACK example shows 

how to learn a mare efficient rule to stack given - a definition a theory of stacking • and an example of a 

particular box 'SOX1' stacked an a par1icular table 'ENDTABLE1', In this very par1icular example it happens 

that one needs to know the default value of the type 'TABLE', 

The first kind of information is the one relative to the specific box, 'BOX1', and the specific table 

'ENDTABLE1', 


Cl ON(BOX1, ENDTABLE1). 

C2 COLOR(BOX1, RED). 

C3 COLOR(ENDTABLE1, BLUE). 

C4 VOLUME(BOX1, 10). 

C5 DENSITY(BOX1, 1). 

C6 FRAGILE(ENDTABLE1). 

C7 OWNER(ENDTABlEl. CLYOE). 

C8 OWNER(BOX1, BONNIE). 

C9 ISA(ENDTABLE1. TABLE). 

The second kind of information ia the one relative to the background knowledge about stacking things, also 

called the domain theory. 


C10 SAFE-TO-ST ACK(x, y) - NOT FRAGILE(y) 

Cl1 SAFE-TO-STACK(x, y) - LlGHTER(x, y) 

C12 WEIGHT(x, w) - VOLUME(x, v), DENSITY(x. d), w is v*d 

C13 WEIGHT(TABLE. SO) 

C14 LlGHTER(x, y) - WEIGHT(x. w1). WEIGHT(y. w2). LESS(w1, w2) 

C15 LESS(x. y) - x<y 


The third kind of information is the one expressing that one can safely stack 'BOX1' on 'ENDTABLE1'. Since 

we want to prove that by a PROLOG refutation procedure, this knowledge will be given as question to the 

PROLOG interpreter. It reads 


C16 SAFE-TO-STACK(BOX1, ENDTABLE1) 


The proof proceeds as shawn by the fallowing trace. This trace is provided by most PROLOG interpreters, 

though in less readable farm. 


I I 
..... lOHTc.oM •• 'W. ) Wl:ICIHT(IINDT.......:t, W2) 

I 
'A'EIGHTQIOM1, VI tlC1) I 

'A'E1I»tT(IINDT"""':', SO)I ' I 
VOLUMC~., VI) DCN8~t#OI) 

..... (llNDT.......'. T A8I..a)
_-+------4-1----_ 
I 

~!..II"C(.aMt, to) DCNII!TV(.aM1, ')__~ 

Figure 1. r,.. of the proof that -box1" can be stacked on "endtablel". 
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In this trace the descriptors we have chosen to call non-operational have been circled. By pruning the non­
operational descriptors and generalizing, we obtain the following explanation structure . ........-.,.o-•.,._Cw, .,,) 


I 
LIQIoI"'•• C", .,,) , 	 I 

..... IOIHT(. w • ...,,) ""CIOHTC ." , ....2) LC••-THAH(.... t, ""2) 
I 

"". IOK;I"C ,.. Y' 1>0, ) 	 I , ...,.:IOHT(.. • SO)
I 	 I 

YOLUMl:C ... V,) CCNe''I''V( •• 01 ) I 

Figure 2. Pruned tree of the proot Non-operational descriptors have been removed. 

EBG then regresses a general goal through the explanation structure. and propagates the obtained 
instantiations through the whole set of regressed sUb-goals. The final set of sub-goals becomes the new 
conditions for the achievement of the general goal. The figure below shows the explanation structure for 
SAFE-TO-STACK. . 

~~..". 0-..' 
a-':-To-aTAClCC .. , II) 

I /Ir-a.v",,~
[ L~C .. ,\/) 

L'lllK'7'lll:RC..,t. O~) 

L~C"",O~)

L 
 L~(",\I) 


~IOHT( ..~I-'''''--')-----------------''''-.~---(-\I-!r~~------------------~-~--T-H-~~....' .....2) 

IoIIB'IoCUC'l"CC,.,. .....u ~CIIIIII&o ..... , 	 ~~C"'1. WII) 

Figure 3. Goal regression through the pruned tree of the prool 

Around each pan of the explanation structure are the goals and their regressions indicated in Venice font. At 
each level of regression, the substitutions are transmitted in all the sub-goals. The last line of sub-goals is 
the regression of 'SAFE-TO-STACK(OBJ1, OBJ2)' through the explanation structure. The rule learned is 
therefore 

SAFE-T0-8TACK(OBJ1, OBJ2):· 	 VOLUME(OBJ1, v1), DENSITY(OBJ1, dl). LESS-THAN(vl • dl, 50), 
ISA(OBJ2, TABLE) 

where v1. d 1 are variables, and where the -SO- comes from C13. 

2.2 - EBL and the refinement 	of strong theorle. 

For the management of incomplete theories, the central idea is to complete the failure proofs by an abduction 
mechanism [Duval and Kodratoff 1989J. This abduction process is guided by analogical reasoning about 
explanations and enables to discover new rules that refine the domain theory. 
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Remember section 1.1.1 in which we considered that some training instances led us to learn 

KILL(x,x) :. DEPRESSED(x), BUY(x,y), WEAPON(y). 

Recall also the story of Mary's suicide, which comes with the information 

DEPRESSED(MARY). 

BUY(MARY,OBJ1 ). 

SLEEPING-PILLS(OBJ1 ). 

PRICE(SLEEPING-PILLS, 20). 

BUY{MARY, OBJ2). 

BOOK(OBJ2). 

We then proposed to explain Mary's suicide by adding 

KILL{x.x): ­ DEPRESSED(x), BUY(x,y), SLEEPfNG·PfLLS(y) 

or 
KILL{x,x): ­ DEPRESSED(x), BUY(x,y), SOOK(y) 
to the knowledge base. These two rules have been built because, when applied to this story. they lead to a 
resolution tree which is analogous to the one obtained to explain the earlier stories. In that way, the theory 
is completed since we are now able to prove Mary's suicide as well. 
We are still left with the choice between the two possible clauses. One way to choose is considering theories 
of different granularities that support each other. By granularity of a theory. we mean to describe the level 
of detail it copes with. For instance. a sociology of suicide does not need usually to take into account the 
details about the chemical reactions that result in the death process. Even though social details can be of 
much subtlety, we say that, in this context. molecular chemistry is of finer grain, and will be discarded in a 
first step. Suppose that our theory (theory1) has been so far of granularity 1. and that we have also a 
theory (theory2) of granularity 2 in which the -deeper" properties of thedeacriptors of theory1 are given. 
Theory2 will contain knowledge about the use of sleeping pills, books, and other objects that Mary may have 
been buying. Theory2 will have also more detailed knowledge about the way killing is performed, for 
example about the potential danger of all weapons. Thus, one should be able to prove that the potential danger 
of a book is of pure psychological nature, while the potential danger of an excess of sleeping pills is also 
physical. One could then come back to theoryl with an explanation of why the sleeping pills, provided they 
are used in excess, are suitable tools for suicide. Notice however that all this reasoning is done with 
uncertain arguments. For instance, eating books in excess will certainly also cause death, it is simply less 
probable that one ingests books in a physical manner. Supposing this kind of difficulties taken care of, 
theory2 can help revising theory1 by adding 
KILL{x,x):· DEPRESSEO(x), BUY(x,y), SLEEPING·PILLS(y), EXCESS-INGEST(x,y) 
If one is concerned only by chOOsing among the possible abductions, then one could also put aside all the 
stories uncounted for by 
KJLL(x.x) :- OEPRESSEO(x). BUY(x.y). WEAPON(y) 
and, after many of them are found, cluster those that present common features. If the stories are varied 
enough then ·sleeping pills- should be the only common feature among several examples. 

2.3 • Storing chunk. of knowledge 

After a problem solving sesaion the trace of the solution obtained, or part of it, can be kept. Since such 
solutions are then stored in the knowledge base, it can be used to obtain immediate solution in further 
applications. At this ltage, the problem consists of keeping only the most interesting chunks. 
In practice, many other problems are met when the chunks are simply piles together, and that the system 
starts crumbling under its own weight One then has to recognize when two chunks are equivalent or can be 
generalized into a more efficient one, and to organize the chunks into "chunks of chunks" which amounts to 
use meta-knowledge to sort them. 
The system SOAR [Laird et aI. 1986, 1987] which implements some of these ideas is currently under test in 
the industrial environment and one should soon leam about its achievements. 

3 • EXPLANATION-BASED LEARNING IN SOFT THEORY DOMAINS 
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Three different approaches have extracted explanations from soft deep theories (by soft. we mean : 

incomplete andlor incoherent and/or intractable). 

One is illustrated by the system PROTOS [Bareiss, Porter, and Wier 1989), the other one by the system 

DISCIPLE [Kodratoff and Tecuci 1987a, 1987bJ, and the third one by Shank's theory of XPs [Schank 1987). 


3.1 - Definition of an explanation for PROTOS 

In PROTOS, the production rules are associated to elementary explanations. that describe what kind of 
relation takes place between the antecedent and the consequent of each production rule. There are six such 
elementary explanations. Among them, one finds the classical ISA (generality relationship), and PART·OF 
(part to whole mappings), but also ENABLES telling that a feature enable the function of an object (e.g .. 
wings enable flight). 
An explanation is a combination of such elementary explanations as given by a path in the relationship frame 
among objects. 

For example, one can say that the relation between engine and car is PART -OF. But a better explanation can 
be provided by considering a less direct path : the engine ENABLES the movement which is the FUNCTION of 
vehicles and car ISA vehicle. This knowledge is part of the training provided by the teacher to underline the 
explanations that are significant 
In the above example, suppose that the system is taught that the second path provides a good explanation. 
and not the first path. Then, in the future, when trying to detect if some unknown x is an engine, it will not 
try to prove that x is a part of an engine but it will try to see if x can enable the movement of some vehicle. 

In PROTOS a good explanation is a path in the frame of the relationships among objects, the path provided by 
the user. 

3.2 • Definition of an explanation for DISCIPLE 

DISCIPLE is an interactive Learning Apprentice System for weak theory fields. In DISCIPLE, the learning 
process starts with an example of a problem solving step as, for instance. the following rule for the 
construction of loudspeakers. 

Example1 

ATTACH sectors ON chassis-membrane-assembly I ­
APPLY mowicoll ON sectors 
PRESS sectors ON chassis-membrane-assembly 

where A I- B means: "in order to achieve action A. perform actions ea, and where "mowicoll" is a kind of 
glue, and "sectors" and ·chassis-membrane-assembly· are parts of a loudspeaker. This is interpreted as an 
example of a general rule indicating a way of performing the ATTACH action: 

General Rule1 

ATTACH xONy I-
APPLYzON x 
PRESS xON y 

Being completely instantiated, example1 implicitly contains the proof of its validity in the supposedly known 
properties of sectors, chassis-membrane-assembly, and mowicoll.· On the contrary, since we have no 
knowledge of the possible properties of the variables found into General Rule1, it does not contain any 
implicit explanation. 
Nevertheless, it is essential to obtain this knowledge, because it tells us when it is valid to perform an 
ATTACH operation as a sequence of APPLY and PRESS. In order to achieve this goal, the system over­
generalizes the examples (by transforming Example1 in General Rule1, for instance) and applies this over­
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generalization to the data basis of the user in order to find instances of the over-generalization. These 
instances are proposed to the user as tentative rules. When the user validates such a system-produced rule. 
we say that the system is provided with a positive example of its over·generalization. When the user 
rejects such a rule, we speak of a negative example. This set of positive and negative examples is used by a 
classical generalizer such as AGAPE [Kodratoff and aI. 1984] to produce a more refined generalization. 
Finall'f, from these interactions with the user. DISCIPLE may find what Is the correct generalization of the 
proofs of the examples. This gives a correct set of conditions for the application of the generalized rule. 
therefore a good explanation. 

For instance. the final rule DISCIPLE will learn. from Example1 and further interactions with the user. is the 
following. 

General Rule2 

IF 
z ISA adhesive 
z TYPE pure 
zGLUESx 
zGLUESy 

nEN 
ATTACH x ON y 

APPLY zON x 
PRESSxONy 

Since the structure of the rule is precisely the structure of the example, what is to be learned is just the 
explanation of the rule. 

An explanation in DISCIPLE is a set of conditions that authorizes the application of a general rule. For 
instance. the conditions of General Rule2 are an explanation of General Rule1. It is always obtained as the 
generalization of the particular proofs of the example rules provided to the system. 

The definition of an explanation is therefore very similar to the one of section 2. the difference is in the 
generalization process that is used. DISCIPLE is just in the middle between strong-theory·EBL and PROTOS. 
In strong-theory-EBL the explanations are provided by the system to the user. in PROTOS they are provided 
by the user to the system, in DISCIPLE they are obtained as the final result of a consultation of the user with 
the system. 

3.3 • Pre-.tored explanation. : Shank'. XP. 

Roger Schank has recently proposed his own vision of Machine Learning and AI, of which creativity is the 
central theme [Schank 1987]. Neverthelesl. in this theory, the essential creative information is constituted 
by a set of Explanation Pattern. (XPs). These XPs are pre-stored explanations that can be applied in a 
variety of situation.. Scripta [Schank and Abelson 19771 are classical in AI, they contain pre-stored 
information about standard situations. Let us define an XP as being a script for an explanation. 
An XP is made of four partS 

- an index that allows to get at the XP, 
- a set of statea of the world under which the XP can expect to be activated, 
- a scenario which Is a causal chain of states and events, 
- the resultant state following from the scenario application. 

For instance. in the case of the unexpected death of a promising racehorse named Swale. Schank [Schank 
1986) proposes several XPs containing the following scenarios : 

-Early death comea from being malnourished as a youth­
-High living brings early death­
"An inactive mind can cause the body to suffer­
-High pressure jobs cause heart attacks­
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The first scenario leads to ask wether Swale underwent bad treatments during its youth, etc ... 

In the case of PROTOS and DISCIPLE. the problem could be viewed as the obtainment of new XPs. In this case, 

the explanations are pre-recorded and the problems are 


· the retrieval of the relevant ones from a certainly huge amount of them, 
• the application through some analogical instantiation process to the particular case under consideration 
• their modifications to fit into unexpected situations (tweaking them, as Schank puts it). 

In practice, one can guess some kind of XPs will have to be given beforehand to the system, but also that no 
system will be able to run a real life problem without a mechanism allowing it to generate its own 
explanations. 

4 • ANALOGICAL REASONING 

First, let us briefly. recall what analogical reasoning is. For more details, see for instance [Chouraqui 19851. 
[Davies 1987] or [Kodratoff 1988]. Let us suppose that we dispose of a piece of information, called the 
source S (which can be viewed as a knowledge base) and that this information can be put into the form of a 
doublet (A, B) in which B depends (often causally) on A. Let us suppose now that another piece of 
information, called the target T, can be put into the same form (A', B') with the requirement that there 
exists some resemblance between A and A'. . 

acol\c. a '1'_0.2 '1'
reeemb1.4nce/di~~erence rel.atione 

SIMILAiUTYA ~.~______________________________~. A' 

dependance
11' 

rel.,at:l.ona 

CAUSALITY 

S ~.~______________________________~a' .. S' 

Figure 4. The general sclHrHne ot analogy. 

This scheme can be used in different ways to define analogical reasoning. In most cases, we consider that we 
know more or less precisely A, B, A', a and ~ and that we try to invent B' or to justify its plausibility. 
Let us illustrate a different use of analogy (Winston 1982] in which the result of the analogy is finding the 
causality relation 8 allowing an analogy to be drawn. Consider the following text. 

Let 'A - Earth "". an atmospMre of 1013 milJi·bars (""8) containing oxygen', '8 • Earth is inhabited by 
humans', :A' - Mars has an atmosphs,s 01 5 M8 containing oxygsn~ 'a .. both Earth and Mars have an 
atmosphsre containing oxygtHI. but tIIs atmospheric pressure is 1013 on Earth, and 5 on Mars'. 

The analogy problem is to complete the diagram in Figure 5, in which pand p' are missing 
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r- ----_-pert..!.el metchlng 

DASE --TARGET+...4-------..;;,;;.--------... " 

( Eerth. oM",,,en. 1 0 1;S MD ) ( Me,... oM",,,en. :5 MIS ) 

«OM",,,.n) I (IE.rth <- Ma,... 1013 Me <- !5 Me]» 

p' 
(unknown) (unknown) 

1 
cr.' 

IS .. • D' 
(E!lrth. Inhabit., humen.) (M.,... Inheblt•• el"e.) 

Figure 5. An application of the genBral scheme to a specific analogy. 

In that case, we need, to be realistic, a knowledge base from which A can be extracted. Let us therefore 
suppose that we have access to a huge knowledge base KB about earth-life, in which the A above is contained 
together with a lot of information about life conditions on Earth. 
Suppose that we know for sure that A' • The atmosphere of Mars contains oxygen and its atmospheric 
pressure is 5MB. Suppose also that we are asking the question: Is there any reason for us to believe that 
some algae live on Mars? Therefore, B' is assumed to be algae live on Mats. Now, the process of analogy 
will consist of finding some information within KB that is relevant to A'. In this simple example, we can 
easily find that A • Earth atmosphere contains oxygen and its pressure is 1013MB, which obviously a very 
good match for A'. In a more realistic example one can imagine that finding A within KB is a tedious process. 
Now that A has been found, we try to determine B by finding in KB ·somethlng· that lives on Earth and has a 
causality relationship with oxygen and atmospheric pressure. Suppose. for example, that there is a 
causality relationship between oxygen. atmospheric pressure, and the presence of humans on Earth. Thus B 
is discovered to be humans need oxygen and a 1013MB atmospheric pressure to live, and B is discovered as 
humans live on Earth. Now, sinee we are assuming that B • B', we can also claim that algae live on Mars 
because they need oxygen (as humans do on Earth), and they need a 5MB atmospheric pressure (unlike the 
humans that need a 1013MB pressure). 

Notice that there exists several other approaches to analogy· that we did not study here. The interested 
reader should refer to [Michalski et al. 1983, 1986, Priedetis 1988, Kodratoff 1988] 

... INDUCnVE LEARNINO: 103. INDUCE. STRUCTURAL MATCHING 

Let us present here th.... induction methods ordered by the amount of background knowledge they rely on. 
103 is typically knowledge poor. Nevertheless, all the work done on 103 from the Original version [Quinlan 
1963] to its recent improvements (see for instance [Sratko and Lavrac 1987]) are centered on 
understandability rather than on efficiency, which. by the way, give. to these works their deep originality 
as wen as their belonging to AI. Surprisingly enough, it seems that most improvements in understandability 
have been followed by effICiency increase as well [Bratko 1988). 

4.1 • ID3 

4.1.1 • Stating the problem 
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The aim of this method is as follows. Given a set of descriptors, of examples and of concepts the examples 

belong to, find the most efficient way to classify all the examples under the concept they belong to, i.e. find 

the most efficient way to ·recognize- the examples. The method relies on information theory, it measures 

the amount of information associated with each descriptor, and chooses the most informative one. By 

applying descriptors in succession, a decision tree is built that will recognize the examples. N opposed to 

similar numerical techniques, 103 preserves the understandability of its results by avoiding introducing 

linear combinations of descriptors. 


Example. Suppose that we start with 2 concepts (A and B) described by 3 descriptors (size, nationality, 

family) that can take the values (small, large) for the descriptor size, (French, German, Italian) for 

nationality, and (married, single) for family. 

Suppose that the concepts are illustrated by the examples in table 1. 


Table 1. 

I 
I 

CONCEPT A CONCEPTB 
size nationality family size nationality family 

small 
large 
large 

German 
French 
German 

single 
single 
Single 

small 
large 
large 
large 
small 

Italian 
German 
Italian 
Italian 
German 

single 
married 
single 
married 
married 

103 will find an optimized decision tree to recognize concept A from concept B. 

4.1.2 • Numerical optimization 

For each descriptor that has not yet been used, the disorder left after applying a descriptor in the decision 
tree is computed. The one that leaves the less disorder is chosen as next node of the tree. The process stops 
when each leaf of the tree. contains examples of one concept only. The disorder is computed after the 
classical entropy formula 

E = - Iis 10'2 Is 
where fs is the relative frequency of class s. 

In our example the initial disorder is given by 
EO • ·(318 1092 318 + 518 1092 5/8) • 0.954 

Let us now compute the information gain of applying each descriptor. 
For instance, the information value of nationality is obtained by analyzing the result of classifying the 
examples by nationality and computing the disorder after applying nationality. One has 

NATIONALITY---------- ,,-~------
ITALIAN FRENCH GERMAN 

I 

sman 6ennan single 
large 6.nnan married :8 

sman italian single : B harge French sIngle: AI 
larg. Ital1an atngl. : B 

large Serman alngle :A
large Italian married: aman 6ennan married ;8 

Figure 7. Result 01 the application 01 deSCriptor WATIONALITr. 
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The disorder in the cluster italian is: -(313 1092 3/3) • 0, in the cluster French, it is -(1/1 l092 1/1) = 0, 

and in the cluster German: -(214 1092 214 + 214 1092 214) • 1. Therefore, the disorder left after applying 

nationality is 
E1 .. (318 .. 0) + (1/8 .. 0) + (418 .. 1) • 0.5. 

The gain in information is Eo - E1 .. 0.454. 
The same computation is done for. say, family. Applying family, we get 

FAHILY 

HARRIEDSINGLE 

sman ItaHan s1ngla :8 
larqa ltal1an slnqla :8 
larga Franch s1ngla : A 
sman Gannan s1ngla :A 
.arga Gennan slngla :A 

large Italian married: 8 
larga Gannan marriad :8 
sma.. Gannan married :8 

Figure 8. Result of the application of descriptor "FAUlL Y". 

The disorder after applying family, in the cluster single: -(215 l092 215 + 315 1092 3/5) • 0.971 J and in 

the cluster married: -(3/3 1092 313) • O. The disorder left after applying family is therefore 

E'1 • 518 • 0.971 + 3/8 • 0 - 0.607 
and the associated gain in information is EO - E'1 • 0.347. The gain is less than when applying nationality, 
which should therefore preferred to family. 
In order to complete our example and show a decision tree, let us now compute the information value of 
nationality followed by family. 
Applying them in order leads to 

IN'l'tll''III'tl'V7------g,,.,,,,.,,""'lX"h II 
a7AC'~P"'" ""''''(/1/ 

"1/1II1II' ",.!.lX"h.,t.'11 .,;",,~ ~,.,.,..... 
I I 

a7AC'~P" III a7AC'~P" 8 

Figure 9. Result 01 the application 01 descriptors "NA TlONALITY" followed by "FAUlL r. 

in which all leaves contain example of a single concept This is therefore a complete decision tree allowing us 
to decide wether an example belongs to concept A or to concept B. 

From the initial examples, wa knew that applying the three descriptors in any order was indeed a decision 
procedure. we have now learned that applying nationality and family is enough, and that we optimize the 
search speed by applying them in that order. 

4.1.3 • Improvements on 103 
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All improvement performed are relative to a better understandability of the results. For instance. in some 
cases it seemed that preferring binary trees branching on their right only would improve understandability 
[Arbab and Michie 1985J. Other notable improvements are 

- pruning the tree (see [Bratko and Lavrac 1987]) • 
• transforming the tree into decision rules [Corlett 1983J 

. using background knowledge [Kodratoff et al. 1987. Nunez 1988J 


4.2 • INDUCE 

4.2.1 • Methodology 

INDUCE builds a function A that recognizes positive examples and rejects negative ones. i.e. a complete and 
coherent function. In order to achieve this goal, it starts by building the most general recognition function Ri 
which recognizes the example ej and rejects the set of examples {ej}. Details on how to built such function 
will be given later. 

Let POS be the set of positive examples. and NEG be the set of negative examples. let ei be the current 
member of POS. The algorithm to compute A is as follows 
First. as we said. suppose that we have been abfe to compute Rj, the recognition function that recognizes ej 
(and some others of POS), and rejects all instances of NEG. If it happens that Ai recognizes all of POSt we 
have obtained a complete and consistent recognition function, R • Ai. If not, choose an other example ej. and 
compute RJ. Then, Ai v A j (where v is the logical disjunction) will improve on ek. it is consistent by 
construction. Go on as long Ai v ... v Rn is not complete. 
Example. Suppose that we have ten examples described by means of four descriptors and their values. as 
shown in table 2. 

Tabfe 2. 

Xl X2 X3 X4 

light boy baby91 red 
light girl baby92 blond 
light boye3 child chestnut 

e4 medium teenagerwoman chestnut 
boye5 medium child red 

heavy girl96 child blond 
heavye7 man teenager red 
heavye8 woman teenaaer chestnut 
heavye9 adult blondman 
heavy910 woman adult chestnut 

The background knowledge is expressed by the proper1ies of the descriptors. They can be linear like Xl, 

linear descriptor describing the values of weight. This will be expressed by the formula {light < medium­

weight < heavy}. 

Some descriptors can also be structured like X2 and X3. 

The background knowledge relative to X2 may be given by the follOwing taxonomies of generality. 
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humen 

men bO,,", ...,.,omen g1 ,...1 

humen 

,""oung p.,....on _________ 

cht fCi t. ••neQ."" edult. 

bO,,", --- --- men/~====---==~~ ,gt,...l ...,.,omen 

Figure 10. 7axonomies· of generality between the descriptors. 

It can also happen that no particular knowledge is available for a descriptor, like X4 which is a nominal 
descriptor. This knowledge is expressed by describing the set of values as an unstructured set: {blond, red, 
chestnut}. 

4.2.2 - Building RI 

Definition 1. 

Let us define a recognition function R as being described by 
R • (Xi • Vi) & ..• & (Xk • Vk) 

where the Xj's are descriptors and the Vj's are the values of these descriptors or disjunctions of possible 
values. 

For example, follow four different recognition functions: 
• X2 • man, 
• X2. man v woman v boy. 
• X3 • [baby.. teenager). 
• (X2 • man) & (X3 • [baby ". teenager]). 

Definition 2: Subset recognized by a recognition function. 

This is the subset of examples the descriptor of which show the same value as the recognition function. 

For instance, the recognition function R1: X2 • man v woman v boy recognizes the subset {e1, e3, 94, e5, 

e7. e8. e9, e10}. The function R2: (X1 • heavyv light) & (X4. red v chestnut) recognizes {e1, 83, e7. e8, 

e10}. 


Creation of· a [lSogonio" functjon that recognizes eLand rejects tj,. Gleil'\l. 

In the beginning, G(ejlej} is empty. Then, if the descriptor Xi has same value in ei and in ej, then Xi does not 

occur in G(ejlej). If the descriptor Xi is different in ei and ej. let Vj be the value of Xi in ej. then add the 

disjunct v (Xi"/:. Vj) to G(ejlej}. 

Example. e1 and e2 differ by X2 and X4. In e2: X2 • girl and X4 • blond. It follows that G(e1/e2) ,. (X2 t: 


girl) v (X4 "/:. blond). Similarly. one sees that G(e1/e4) • (X1 "/:. medium) v (X2 "/:. woman) v (X3 "/:. teenager) v 


(X4 "/:. Chestnut). 


Comparison of an example and a set 

We are now able to compute the most general recognition function which recognizes the example el and 
rejects the set of examples {ej}. Let us note it by G(ei/{ej})' This is what we have been calling Ri above. 
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For each ek in {ej}, calculate G(ejlek). 
The conjunction of all the G obtained is G(ej/{ej}): 

Ri. G(ej/{ej}} ,. &ek G(ei/ek), ek e {ej} 

Example. 
G{e1/{e2. e4}) "" G(e1/e2) & G(e1/e4) • «X2 '# girl) v (X4 '# blond» & «X1 '# medium) v (X2 '# woman) v 

(X3 '# teenager) v (X4 '# chestnut» which is then put in normal form. 

4.2.3 - Improving the recognition functions 

These improvements are performed by using numerical information and also background knowledge. A typical 
symbolic improvements minimize the number of disjuncts, improve the simplicity of the description. 
replacement of disjunctions by interval when the descriptors are linear. 

4.3 • Structurel Mstchlng 

4.3.1 • Definition of Structural Metchlng (SM) 

Two formulas structurally match if they are identical except for the constants and the variables that 
instantiate their predicates. 

More formally: Let E1 and E2 be two formulae, E1 structurally matches E2 iff there exists a formula C and 
two substitutions S1, s2 such that: 

1-S1 0C"" E1 and S20C • E2. 
2-S1 and s2 never substitute a variable by a formula or a function. 

where 00 denotes the application of a substitution to a formula. 
It must be understood that SM may be difficult up to undecidable. Nevenheless: in most cases, one can use 
the information coming from the other examples, in order to know how to orientate the proofs necessary to 
the application of this definition (for details, see [Vrain 1987]). Even if SM fails (which may often occur). 
the effects of the attempt to put into SM may still be interesting. We say that two formulae have been 
SMatched when every possible propeny has been used in order to put them into SM. If the SM is a success, 
then SMatching is identical to putting into SM. Otherwise, SMatching keeps the best possible result in the 
direction of matching formulae. 

4.3.2 - A .'mple example of succe..ful SM 

Let us consider the following two examplea. E1 represents A piled on B, and 'E2 represents C and D. as shown 
in figure 11. 

B 

Figure 11. Et is the left part of the figure, E2 is its right part 

The examples can be described by the following formulas 
E1 = SQUARE(A) & SMAU(A) & UPON (A. B) & CIRCLE(B) & BIG(B) & UNDER(B, A) 
E2 = TRIANGLE(C) & SMALL(C) & LEFT_SIDE(C. D) & SQUARE(D) & SMALL(D) & 
RIGHT_SIOE(D, C) 
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Let us suppose that the following hierarchies are provided to the system 
1"OUCH 

SIDE ~SIDE_BY ---------­LE~HT-SIOE u~ ~N 


Figure 12. Taxonomies of generality relationships among tM descriptors. 

These taxonomies represent our semantical knowledge about the micro-world in which learning is taking 

place. The SM of El and E2 proceeds by transforming them into equivalent formulas E'l and E'2, such that 

E'l is equivalent to El, and E'2 is equivalent to E2 in this micro-world ( Le., taking into account its 

semantics ). When the process is completed, E'1 and E'2 are made of two parts. 

- one is a variablized version of El and E2, called the body of the SMatched formulae. When SM succeeds, 

the bodies of E" and E'2 are identical. 

- the other part, called the bindings (of the variables), gives all the conditions necessary for the body of 

each Ei' to be identical to the corresponding Ei. 

The process starts as follows. Suppose that we know that the descriptors of the taxonomy 'FORM' are "more 

interesting" than those of the taxonomy 'TOUCH'. We will therefore start attempting to match the 'SQUARE' 

and 'CIRCLE' of E, with the 'SQUARE' and 'TRIANGLE' of E2. We replace 'A' in El and '0' in E2 by the pseudo· 

variable 'x', and keep memory of this value in the bindings. This gives (note that the list of bindings are 

between brackets): 


E', • SQUARE(x) & SMALL(x) & UPON (x, B) & CIRCLE(B) & BIG(B) & UNDER(B,x) & [(x.A)] 

E'2 .. SQUARE(x) & SMALL(x) & RIGHT _SIDE(x, C) & TRIANGLE(C) & SMALL(C) & 

LEFT _SIDE(C, x) & [(x-D)) 


The next step uses the taxonomies by matching the 'CIRCLE' of E, to the 'TRIANGLE' of E2. One obtains 
E"l .. SQUARE(x) & SMALL(x) & UPON (x, y) & CONVEX(y) & BIG(y) & UNDER(y,x) & [(x=A) 
& (y=B)) 
E"2 .. SQUARE(x) & SMALL(x) & RIGHT_SIDE(x, y) & CONVEX(y) & SMALL(y) & 
LEFT_SIDE(y, x) & [(x.D) & (y.C» 

This example shows well that. once this SM step has been performed, the generalization step itself becomes 
trivial: we keep in the generalization all the bindinge common to the SMatched formulas and drop all those 
not in common. In other words, this SM technique allows to reduce the well·known generalization rules 
[Michalski '983, '984) just to the -dropping condition rule- which becomes legal on SMatched formulas. All 
the induction power is in the dropping condition rule, all other rules are purely deductive. We must confess 
that formal proof of the above statement is still under research. 

Since 'BIG' and 'SMALL' do not belong to a common taxonomy in our example, they will be dropped, and since 
'x' and 'y' have always different values this will be noted in the final generalization which is 

Eg .. SQUARE(x) & SMALL(x) & TOUCH(x, y) & CONVEX(y) & TOUCH(y,x) & [(x-vl 

In this example, one feels that one could use theorems of the like 'f/x,y [TOUCH{x,y)<=> TOUCH(y,x)] in order 
to improve the generalization. 

4.3.3 . Using theorema to Improve generalization 
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It can be easily guessed that using theorems can lead to many difficulties, since one enters the realm of 
Theorem Proving, which is well-known for being a good source of yet unsolved problems. In the case of SM, 
one is driven by the need to put the examples into a similar form, and the usual difficulties of Theorem 
Proving are somewhat eased. We cannot formally prove this point, but the following example, taken from 
[Vrain 1987] can at least illustrate our claim. 

Starting from two examples that have no common predicates, we show that they nevertheless have a 
common generalization, found by using theorems that link the predicates. 

Let the examples be 
E1 • MAMMALIAN(A) & BRED_ANIMAL(A) 
E2. TAME(B) & VIVIPAROUS(B) 

to which the following theorems are joined 

R1: "Ix [MAMMALlAN(x) & BRED_ANIMAL(x) ~ TAME(x)] 

R2: "Ix [TAME(x) & VIVIPAROUS(x) ~ MAMMALlAN(x)] 

R3: "Ix [TAME(x) => HARMLESS(x)] 

where V is the universal quantification, & the logical conjunction, and => the logical implication. 

The first step of SM is here trivial: we replace the constants by a variable x, and obtain the equivalent 
examples: 

E'1 • MAMMALIAN(x) & BRED_ANIMAL(x) & [(Xa A)] 
E'2 a TAME(x) & VIVIPAROUS(x) [(Xa B» 

Since the predicates have no common occurrence, we consider the first ( this ordering is not significant, and 
just follows the one in which' the examples are given) predicate of E'l: MAMMALIAN. We see that we can 
deduce this predicate from E2, using the rule R2. We get: 

EN1 a MAMMALIAN"(x) & BRED_ANIMAL(x) & [(xa A» 

E"2 a TAME(x) & VIVIPAROUS(x) & MAMMALlAN""(x) & [(Xa B)) 


The MAMMALIAN of E'l has been treated, this why it is marked by an " in EN1. The one of E"2 is derived 
from the use of theorems, this is why it is marked by·". 
Using again the order in which the examples are given. the next non·marked predicate is BRED_ANIMAL. 

o No rule can be applied to E"2 to make explicit the presence of BRED_ANIMAL in it. 
o Nevertheless. we remark that applying the rule R1 to E"1 use. the predicate concerned: 

BRED_ANIMAL Checking the effect of this application, we see that it generates the atomic formula TAME(x) 
and that there is an occurrence of x in E"2 which matches this occurrence. Therefore, we conclude that we 
must apply R1 to E"1. 
One obtains 

E..··1 a MAMMALIAN"(x) & BRED_ANIMAL·(x) & TAME"(x) & [(Xa A)] 
E'''·2 a TAME"(x) & VIVIPAROUS(x) & MAMMALIAN""(x) & [(Xa B» 

Now, the only unmatched predicate ia VIVIPARoUS in E"2. 
o No rules can be applied to E'"1 to make ita presence explicit 
• The only rule which can be applied in E"'2, relative to VIVIPAROUS is R1. But, it would introduce 

the atomic formula MAMMALIAN(x). which is already matched since its instances are starred. 
No other rule can be applied. we star the predicate VIVIPAROUS to remember that it has already been dealt 
with, obtaining: 

E....1 a MAMMALIAN"(x) & BRED_ANIMAL "(x) & TAME""(x) & [(xaA» 

E....2 a TAME"(x) & VIVIPAROUS"(x) & MAMMALIAN""(x) & [(Xa B)] 


All possible occurrences have been dealt with, a complete SM is not possible, therefore the SMatching 
operation stops here. 
Now, the generalization step is trivial: one drops the non-common occurrences, obtaining the generalization 

G • TAME(x) & MAMMALlAN(x) 
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This example shows well how potential infinite proof loops can be easily avoided. simply because they do not 
improve the SMalching state of the examples. More generally. one can use theorem proving techniques in 
order to improve the degree of similarity detected among the examples. Such a system is under development 
in our group [Vrain 1987]. II is not the concatenation of a classical theorem prover and of generalization 
algorithms, but instead is rigorously adapted to the kind of proofs required by Machine Learning. As an 
instance of its peculiarity (and of its incompleteness). it will not allow to use twice the same theorem during 
a gillen derivation. 

5 • THE QUESTIONNAIRE 

Answer NR when you think that the question is Not Relevant to your system. When you do not answer a 
question. NA (No Answer) will be automatically added. Concepts used in this questionnaire are defined in the 
glossary found in appendix. 

3.1 • Background knowledge 

Knowledge intensivelknowledge poor 

Representation of background knowledge 


3.2 • Meta-knowledge 

Halle you ways to express meta-knowledge? yeslno 

If yes describe 


3.3 • Inputs 

Representation of inputs (make precise their logic (Oth, 1 st order, ... ), their semantic (what do their 

represent: Rules. conditions, ...?), the language you use (give an example if necessary) 


3.4 • Outputs 

Representation of output (make precise their logic (Oth, 1 st order, ... ), their semantic (what do their 

represent: Rules, conditions, ...?), the language you use (give an example if necessary) 


3.5 • Examples 

You gille positive only/negative only/positive + negative examples? 

Is the system able to generate itself new examples? yes/no 


3.6 • Incrementallty 

Describe how incrementality is achieved, if yeslno 


3.7 • Oracle 

Do you use an oracle. a professor, or any other human interaction? yeslno 

If yes, describe the interaction 

If yes, how the oracle gives information to the system? 


3.8 • Learning engine 

Learning engine: inductionldeductionlevaluation/merging of ... 


3.9 • Algorithm 

Gille a shon description (4 lines max) of the algorithm that does the learning (answer "NR" if you cannot do it 

in less than 4 lines). These descriptions will be given aside of the tables below. 


3.10 - What's 'earned? 

What is given to, learned by the system? 


3.11 • Pre-clustering 
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Examples ordered prior to learning/system accept unordered examples 
System creat.s clusters of examples? yeSino 

3.12 • Quality orlterlon 

What are your own criteria to judge if your program. has been behaving "well- or "bad"? 


3.13 - Stability 

Is your program stable under leaming twice the same data (in a different order, for instance)? yeslno 

If no describe 


3.14 • 81a. 

Do you have an idea of the way you introduce preference bias? yeSino 

If yes describe 


3.15 • Theoretloalmodel 

Do you have a theoretical model relative to which you can validate your learning? yes/no 

If yes describe 


3.16 • Complexity 

Can you evaluate the complexity of your algorithm as a function of the number n of examples. and their size 

s1 

3.17 - Construotlve 
Is 	your system constructive in the meanings 11213 that follow? 

1 • it uses its own learned knowledge to improve its performance. 
2 • it combines induction and deduction 
3 • it uses explanations to validate the newly acquired knowledge, and using it again. 
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6 • ANSWERS 

NAME OF SYS'TEM INS'lTIUI1ON CONTAcr PERSON(S) 
T. NiblettTURING INSTITUTE GlasszowIDJ·TI 
P. Clark. T. Niblett 

CIGOL 
TURING INSTITUTE GlasszowCNl 
TURING INSTITUTE, Glaslow S. Muuletoa 

ASSISTANT B. Cestnlk, I. KODoDeDko,Jo..f Stefan last., LJublJaaa 
I. Bratko 

GINESYS M. Gam. 
LOIlArt 

Josef Stefa. last•• LJublJa.a 
Josef Stet.. 10It.. LJ ubljaaa B. Cestnlk 

NINA Nixdorf, Paderbora A. I...udPrtI, R Reppenhllllen 
DUCE TURING INSTITUTE. Glasszow S. Muuleton 
ALEXIS Tetronlca Invest. Madrid M. Nunez 
SICLA E. Dlda, 
MAKEY 

INRIA. Paris 
Unlv. Paris , J. Lebb. R. Vliaes 

CONNECTIONISM (version of) EIHE, Paris F. FOlelman 
(CONNEC) 
INSTIL ESPRIT consortium. Europe M. ManallO 
INDUCE (versloa of) BRITISH AEROSPACE, D. Hutber 

Bristol 
ML·SMART D. Informatica Unlv. Torino A. Glordana 
ORLON D. Intormatlca Unlv. Torino S. Bruno 
RIGEL D. Illtol'matica Unlv, Torino R. GemeUo 
OGUST LRI. Onay C. Vrala 
DISCIPLE LRI, Orsay G. Tecuel 
BLIP TUB. BerU. K. Morik 
EBG MANY VERSIONS RE·IMPLEMENTED 
EBGF LRI. Onay J. P. PUIl.t 
LIFE LRI. Onay J. P. PUlet 
EBG (extended) AI dept., Edtabura" R. De.lmo•• 
ALEX INSERM. Pari. B. Serou.sl 
MACHIN LIFIA. Grenobl. C. d. Salat. Marie 
ALLY IRISA, Renne. J. Nicola. 
CHARADE LlFIA. Paris J. G. Gallasela 
CALM CRIM. MootDelller J. QulaquetoD, J. Sallantln 
PLAGE CalM, MootD.III.r O. Gascuel 
REFINER DCS. Aberdee. D. SI.emao, S. Sbarma 
INFER DCS, Aberdee. D. Sleema., I. Ellery 
MORE U.lv. Colmbra PortuRaI E. Costa 
CLINT DCS, Kat. Uolv. Leu",a L. de Raedt 
INDE U.lv. Amsterdam P. Tenstra 
CONCLAVE AI-Lab VUB Brussels W. Vaa de Weide 
KBLA lor To... Millie Res. In.. lor AI, Vleana G. Widmer 
AR4. BR3 DeDt. Elee.. Klall's Col. Londoll S. Kolabas 
FM DCS, City Ualv. Londo. L. McCluske, 
ZENO 1.1 Brat.war. Gmblt J. St.nder 
MAVERICK BruneI Unlv. A. MacDonald 
BG Klol's Col. Londo. A. Hutelatasoa 
SEA Ecol. PolY1lCbDlcpe ,........ France M. Seba.. M.Scboenauer 
THUMBRULE CADEPS. VUB Brussels H. d. Garl. 
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.1'.L 

know. poor no meta-know Othorde:r Othorder positive+negative 
classes of attrib. decision trees dont generate 

or rules 
Oth order ordered list of positive+negative 

CN2 know. poor no classes of attrib. Oth order 
IF-nIEN rules 

dont generate 

Know. intensive rules for know. 
CIooL 1st order Hom clauses with transformation rules in pure rules in pure positive+negative 
i function symbo}, PROLOO PROLOO Illenerate 

Oth order, clu. Oth order 
ASSIS- know. poor no &: attr., can be decision tree. positiv e+negativ e 
TANI' continuous dont generate 

Oth order 
GINESYS know. poor no clusea and Oth order rules positiv e+negativ e 

attribute. dont generate 
I yes, rules about Oth order 
iLogAn know. poor the pllticular 

domain 
classes and 
attributes 

Oth order rules 
with r -L .... 

positiv e+negativ e 

Oth order Oth order rules 
'NINA know. poor • planned to no classes and exten.ions positive+negative 

become intensive attributes toward lst order dont generate 
no meta-Ienow Oth order decision trees positiyo+ncgativc 

DUCE know. poor classes or rules dont generate 
New conceptS 

ALEXIS Taxonomies. costs, no attributes decision tree positive+negative 
demons 
know. poor no meta-know Oth order. nume­ decision trees p/nJp+n 

SICLA rical or qualita­ or rules dont generate 
tive attr., cl8SICS clusters 

know. poor, uses pre-order Oth order, conjun­ Oth order rules example. are 
!MAKEY relations between deser. rules of dependance cuana of multi­ decision crapha coneepts 

liCiven by elll*1 between -, -Ie. valued 
CONNEC explicit Ienow. poor. no meta-Ienow Oth order Boolean matrix positive only 

Architecture of the net Boolean matrix dont generate. 
explicit know. intensive lstorder lstorder 

INSTR. taxonomies, theorelDl, object inheritanee examples + decision trees, p/nJp+n 
default values. belief coef. clu.e. rules dont generate 

O/lst order positive+negative 
INDUCE lteneralitY taxonomies no coni. of deser. conceots dont ltCDerate 

Oth order, attr. 
IML­ knowledge intensive: yes. control rules of components graph of rules positive+negative 
SMART frames. rules of examtlle. 

Oth order 
ORillN know. poor yes, control rules Description of taxonomy of positive only 

examples conctpts 
lstorder 

RIGEL now. poor yes. control rules .Deseription of lit order rules positive+negative 
example. 

OGUST 
explicit know. intensive 
taxonomies, theorema 

no lstorder 
coni. of deser. 

concepts positive+negative 
dont generate 

DISCI 
PLE 

semantic net + ruleI. ill­
complete theory no rules Oth order rules lst order 

yes, based on 
example liCCDer. 

explicit know. intensive meta &: meta·meta 1st order rules lst order + 
BLIP Hom clauses rules facts conctpts NR 

Complete theory supposed expl: operational. lstorde:r positive only 
EBG known criterion. impl: Example + rules ht order cant work with 

proving strategy validitY proof negative examples 
Complete theory given u expl: operational. Example NOT negative only 

£BOP Hom clauses with criterion, impl: implied by failure 
functional terms I proving stratelY theory condition 
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know. intensive invuiant negative only 
LIFE STRIPS·like axiom yea. detenninism failures of plans given as examples generated 

of some medicates conjunctions by problem solving 
know. intensive proofs in intui· proofs plans in' 

EBG rules of inferenc:c proof plans tionist type 1st order sorted positive only 
I< ext.) Existing proof tactics theory JOllic 

taxonomies of generality implicit sttategies ttaces of heuristiQ for positive only 
·ALEX +­ descriptors complexity solutions using operators generate exam". 

knowledge poor. Can poss­ couples (situa. conditional 
MACHIN ibly use taxonomies of certitude coef. tion. operator) rules positive +­ neg. 

ltenerality to be completed certitude coef. + "certitudes" 
Complete theory as clauses implicit: resolution lstorder lstordcr 

AlLY without functional terms strateties exam'Plel conce'Pts 'P/nJ'P+n 
know. intensive. Properties of the Oth order Approximate 

CHA- Hom clauses without func. system. of rules. examples as rules with pln/p+n 
RADE Typed descri'Ptors conjunctions eertain~ fact. not ,-enerate 

Implicit. selection of formula Oth order Odl ordc'. 
CAlM Descriptors properties by information examples as estimate of fit positive+negative 

driven criteria conjunctions eonC:C'Ptiformula 
know. poor, some know. nO Oth order classes Odl order deci­ positive+neg. 

REFlNER as semantic net attribute-value sion criteril/ dont generate 
I'Pairs rules 

Know. poor state transformation Oth order problemJ i new(MAL).. Not relevant 
INFER rules answers l)&irs rules 

know. intensive 
MORE Incomplete theory as Hom no Hom clauses Hom clauses positive only 

clauses 
know. intensive positive+negative 

CUNT subsets of Hom clause yes. form of lan· facts = 1st order Hom clauses generates examples 
logic Rue uound instances 
know. intensive type of erron 

lNDE subset of PROLOG clauses type of arithmetic set of PROLOG PROLOG positive+negative 
operator facti outpUt dont generate 

CONC· contains hieruchies and no problems + classifications positive+negative 
LAVE causal model solutions + rules dont generate 
KBLA 
Tonal know. intensive: rules heurial:k:a for indue examples of rules positive+negative 
Music tion musical 'Pieces Jtenerate exanu:lles 

know. intensive 
AR4. Descriptive + procedural pacudo-2nd om. examples of particle positive only 
BR3 as PROLOO clauses particle reactions reactiorul generate ex. 

facts and rules 
FM sttips-like opetatoD COIdrol rules initial .t goal solutions + NIl. Uses planning 

states control rules ttaee as +/. exam. 
ZEl'«) know. poor no Oth order classes Oth order ruleI positive+negative 
1.1 of attributes generates ex. 

representation sttcatn of 
MAVE- know. poor no indepen.denl predictions in positive ex. only 
RICK lang. ubitruy input lang\lage dont generate 

context free gra­ contcllt free 
BG know. poor no mmu, sequence grammIII' positive only 

of characters dont lenerate 
set of (attribute, 

SPA know. poor no discrete values).. Odl order rula positive+negative 
class dont generate 
conjuncu of disjuncll of 

TIlUMB­ know. poor no attrlval pairs conjunetl of positive+negative 
RUlE attrlval 'Pairs dont generate 
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[~eg arrw. £u.mitI6 tIIf{/N ~ it fttI.mttI, 'Pre. Ccmstnu:Ut1Il? 
dusurtng 

ID3·TI no no Enrropy optim. in each given: classes -> no 
class. particularization. decision tree for the 
l>Ost-prunina classes 
general-to-speciflC 

CN2 no no BEAM resean:h liJu of rules for the classes no no 

yes, incremental yes tellJ if given: description of situa­
'CIooL generalization of sw. are ok incbx:tion & ev aluation tiOnl learned: relatiOt1l yet yes, 1.2,3 

new example gives name between objects 
yes, force given examples .> 

ASSIS· no attribute induction decision tree for the cl .... yes yes, 1 
TANT selection 

given: classes .> 
GINESYS no no induction rules for the cl..... yes yes. 1 

yes, by reject- given examples .> selected 
iLogArt ing no longer. no induction rule.: 213 attributes, credibi­ yet yes, 1 

valid rules lity 
&rropy optim. in each 

NINA no no clas., puticularization rules no no 

DUCE NA yes generalization given classes yes 
. > conc:eJ)ts 

trade off cost/entropy given classes -> 
ALEXIS no no optimization decision Ilee for the cl.... yes 
'SICLA depends of cho­ no distance minimization un-clustered examples no no 

sen algorithms in an -> clustered 
MAKEY no no Deduction. conceptS descripciOt1l .> no no 

Evaluation concept idendf. metbods 
yes. Based on no bllCkpropagation of Connections weiahta 

CONNEC mcrementality arldient, coefficient giving desired owput yes 
optimization for given im:JIn 
&tropy optim. in each decision tree for the 

INSTIL no no clau + generalization ct.... + concepti yes 
at node of dec.. tree 

agaregalion of samples rules discriminUin, 
INDUCE no no algorithm posmel examples Ives 

merging inducdon IDd 
ML- no no deduction concept discriminant yes yes, 2 
SMART descriptionl 

ORLON no no inducIion new concepta no NA 

IRIGEL no no induction concept discriminant no NA 
descriptions 

I no pollible generalization given: clustered examples. 
OGUST lye. get: intentional descrilnions yes 

yes. based EDL + SBL + analogy + problem solvin. 
DISCI yes on onele retrieving from semantic: rules from example no 

PLE nel solutions 
deduction + induction new rules from fadl no yes, 1 + 2 

BLIP yes no from facts new concepts from create 
contradictions clusL 

EBG yes no theorem proving more efficient rule no 

mersina of deduction & recognition of dead ends 
EBGF yes no partial evaluation. some desc:ribed as generalizationJ NR yes. 2 

induction of counter-eumoles 3 is NR 
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I 
(1U'.rmum~ Orru:t. LumirIfJ "'IJiItII 'JMIi.u i.I """"", 'Pre. COIIStrw:tiwr 

dusUriIfH 
yes, after each 

LIFE backtrack of no deduction invariant patterns yes yes 1 
the vb solver 3 is NR 

EBG NR no precondition analysis in: eXlmple proofs NR yes. 1&3 
I(extd) out: nroof plans (potentially) 

recopition of sequences in: solutions, 
AI...EX: yes no of operators. out: heuristics no NA 

Generalization for using operators 
yes, bued on over-aenealization fol­ learna heuristics for 

MACHIN mcrementality no lowed by refmement usina opecaron + builds no yes, 1 & 3 
evaluation of belief coef. net of aper'ator dependencies 

Jiven: clustered examples. yes 
AlLY [yes no theorem proving get: intentional descriptions 

no no top-down obtains rula valid on !he no NA 
CHARADE indcution whole set of exarnola 

one step of no induction. evaluation gets rules in favor of. no yes, 2 
CAlM incrementality statistics and against a conceot 

yes. correc induction learns. distinauishinl no 
REFINER [yes of errors featura of ves I & 3 
INFER no Iyes induction new (MAL)-ruleI yes yes, 1 

iMORE 
yes, com­ set of beliefs clesc:ribinl 

yes pletes resolution !he copitive model of an yes NA 
theory aaent 
classifies 

CllNT yes, bued on gencated induction + deduction concepC descriptionl no yes. 1&2 
examples 

INDE yes, incremental yes merging 01 EBL, AQlS. refmed rules. new rula no NA 
i version of AQ error propagation 

yes, user's 
CONC· yes observa­ induction, evaluation of classifications + rules yes yes, 1 & 2 
lAVE tions classification rules 
KBLAfor 
.Tonal yes, new rules yes deduction + induction + rules for completina counter- yes yes, I & 2 
Music added to KB teache maloD point pieces &3 

fmel valid particle reactions, 
AR4, yes. belief of little induction + deduction composion of elementary no yes, I & 2 
BR3 revision use particles, QUantum principles &3 

yes 
FM yes supplies induction + deduction control rula NR. yes. 1&2 

tasks 

I~ no no induction rules for classes no no 

sequence of event clesc:ription 

I~VE. yes. bued on no SBL + generalization + -> tree of predictive rules no no. 1 is 
RICK statistics ~ of~tions i planned 
BG yes no induction + statistical new descriptorl no yes, 1 

clusterina 
SEA no no induction rula no NR (=no) 

THUMB- no no induction class rula no no 
RUU 
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~~ SU1l1ilUg 'BiM 'IIiMnI," """'" Cornp~ 

comparison with el.... yes. checked by yes, user-supplied Information n. s 
ID3-TI sica! ES, and hwnm partitioning eXL pnming parameter theory, statistics 

perf., Tree simplicity 
comparison of rul. user selects desired p--nb attrib/ex. 

CN2 accuracy & simpl yes statistical signifi­ statistics O(n. p) 
with other syStems cance of rules 
performance against yes. statistical tests Resolution theorem 

CIGOL pre-compuled sOluL yes hued on complexiry provinS. md informa­ em be computed 
Human evaluation in time IllS space tion theorY 

ASSIS· check on teaMS set yes no Information theory O(n*s) 
TANT 

check on testing set yes. "impuriry", Information theory. 
GINESYS comparison with yes "error-estimate". Bay.' formula. O(n), O(sX), 01 

statistical methods 1)Ifameters. etc ..• statistics 
Bay. formula without 

LogAn check on teaMS ~t yes no auribute independence 0(n*,2) 
assuntotion 

comparison with cl.... 
NINA siea! ES and human yes

!performance 
not explicit Information theory O(n*s) 

DUCE NA (see CIGOL) NA NA NA NA 
comparison with 

Al.EXJS dassical ES and hum. yes NA Information theory NA 
i performance 
yes, evaluated by choice in measure Statistic. 

SIClA missing axes of yes of distance n S complex. 
inenia Sn4 

MAKEY form of the graphs yes auribute pre-order no evaluation: 
quality criterion n 2 * log n * s 
values of coefficients 

CONNEC check on examples yes before learning + net connectionism NA 
architecture 

expert + user Costs. reliabiliry. beliefs on impor- Information theory + linear in n. 
INSTil. tree depth, branchinl explanatiol1J pref. lAInee &: reliabiliry object oriented ,2 

factor !by exoert of descriotors lanauaaes 
expert yes simp1iciry measur. no NA 

INDUCE ehoice of seed 
performance on new 

ML- examples. fit in thea­ yes explicit control rules no not checked 
SMART - Iry and comolCtness 

increasing coherence 
ORlDN inside clusters yes explicit control rules cateaorization theorY not checked 
RIGEL completeness and yes explicit control rules no not checked 

consistency 
obtain most panicular orderinS of descrip­ structural matchinS not checked 

OOUST generalization not checked tors by imponance 
explicit in knowL no not checked 

DISCIPLE expert not stable bue 
better structuration of not stable., dep­ rneta-knowledse theorem provinS line.. with nb of 

BLIP domain theory ends on meetins of facts 
nea. examole 

choice of stratelY same as thea. 
EBG fit in theory should of proofs theorem Dl'ovina oroving 

simplicity choice of strateIY s=nb of proofs· 
EBGF yes of proofs. operatic­ nelation as failure size of proofs 

nalitv criterion linear in s 
large changes in mathematical induction s=nb of proofs· 

LIFE problem solving yes no applied to constnK:tive· size of proofs 
efficiency domail1J 5*log(s) 
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empirical succeu choice of primitive 
EBG in guiding future NR tactics delennine theorem proving not checked 
(extended proofs possible proof plans 

analysis of success or measure of reaembl­ no not checked 
Al.£X failure on new not checked ance between two 

expressions 
large decrease in error choice of initially 

MACHIN rale = nb of baciarck/ no given legal OperllOrs no, under research little info 
nb of stePs in solutio 

!ries to avoid biasin& theorem proving NA 
AlLY fit in theory lves 

properties of the 
CHA· compactness of result looked for structural mak:hing n, but dep. most 
RADE Ex-pert's advice Iyes set of rules boolean lattices on s (nb descrip) 

Expert's advice and explicit: adjustable Inference in 

CAlM a1)1)reciation Iyes, in averlle l1)8lameters maiority lodcs o<s*n3) 
REFINER expert's advice yes favors frequently obs. no does not depends 

features and conjuncts onnanss 
INFER expert's advice yes favors simpler no large but unknown 

combinations 
MORE performance with new NR partition of the no not checked 

exam1)ies theory 
no, if 2 defmiL choosing the identification not checked 

Cl1NT user's advice are consislent lanluqe limit proven 
performance on test + by inlroducing over-

INDE correction of theory yes general rules. rather no not checked 
than over·specjfic 

yes: pb solving + 
CON· practical correctness yes type of abslraction definition of learning not checked 
ClAVE simplicity loal • Quality 
KBLAfor improve inleraction expl: heuristics 
Tonal less stupid questions. yes impl: language + theory of counterpoint not yet checked 
Music Compare to theory model ofDb solvina 
AR4. compare with human yes no no NA 
BR3 -oerformance 

no, qualitity of simple tasks must be 
FM performance improv. control rules dep. p-esented first EBL not checked 

of tasks 
performance on 

ZENO test data and expert's yes simplicity depends on algorithnu not checked 
1.1 advice 

performance on concepll given in Information theory possible to 
MAYB- test data. rate of con· yes knowledge bue Automata theory compute not 
RICK vergence, info. gain MarItovtbeory done 

plrUDetefS in algo. 
BG simplicity yes statistical confidence hill climbing in space not checked 

levels of arunmars 
yes, only order of input and 

SEA performance on miDor changca attribules no 0(s-n3) 
test data due to 

nc=nb obj. p. class 
THUMB· simplicity not sure form of inpull and no Nr=av. nb. partial 
RULE outputs rule~ class 

0(2 1 
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I D 3· T I. 	 1. Grow decision tree (traditional 103 algorithm) 
2. 	REPEAT Prune tree leaves 


UNTil Pruning termination criteria met 

CN2. 	 Procedure CN2. REPEAT: find a good rule UNTil no more can be found. 

Procedure FIND·A·RULE: 
1. Start with the general rule 'everything is <class>' 
2. Perform general· to-specific beam search for better specializations 
3. 	Return the most accurate, statistically significant rule found 

CIGOL. REPEAT UNTil terminated by user 
READ EXAt.IFLE 
GENERALlZElAOO NEW PREDICATES 
TEST AGAINST ORACLE 

ASSISTANT. Modified 103 with the following additional mechanisms. Forward pruning and post-pruning to 

fight noise; binarisation of attributes: selection of good leaming instances (optional). 

GINESYS. Similar to CN2, AQ1S. Basic modifications are that it constructs redundant rules. combines with 

Bayes rules approximation; enables parameter specifications. 

Log Art. Generate all the rules with up to 2/3 attributes. Eject bad rules. Sort the remaining rules according 

to their credibility. 

NINA. 103 + continuous attributes, -don't care- values, optional binarisation, attribute/attribute 

comparisons, post-pruning. 

DUCE. See Cigol. 

ALEXIS. The method contains two algorithms FM and GS. FM searches through a frame-based structure of 

the examples and send a selected frame in form of a table to GS. GS builds a decision tree, according to an 

economy criterion. FM joins the decision trees and builds a macro-tree. 

SIClA. Clustering looks for a set of concepts the most linked with the original descriptors. Statistical 

criteria are used, they are based on inertia or chi-aquare criteria. The process is iterative and starts from 

initial stars. Discriminant methods generate step by step a decision tree. They work top-to-bottom and choose 

the most discriminant descriptor at each step. 

MAKEY. Creation of decision graphs top-to-bottom. At each step the most discriminant descriptor is chosen. 

guided by background and meta-knowledge. The consequences of each node built are evaluated. 

CONNEC. NR. 

INSTil. 103 algorithm written in an object oriented language so as to use background knowledge during the 

building of the decision tree and being able to evaluate the consequence of chosing a particular node. 

INQUCE. Based on Michalski's INDUCE. with extras 


1. Handling of noisy data. 
2. Dynamic type taxonomies created 

.3. Different search heuristice used. 
ML-SMART. Top-down search guided by declarative heuristics and domain theory. 
ORLON. Top-down clustering. 
RIGEL Specialization and generalization steps interleaved. 
OGUST. First order generalization algorithm using background knowledge to increase the degree of matChing 
of the examples. Goal oriented theorem proving is used to discover relevant properties. 
KBG. First order g"eneralizatlon algorithm using background knowledge to increase the degree of matChing of 
the examples. Forward chaining, i.e. propagation of properties is used to discover relevant properties. 
DISCIPLE. The system receives examples of problem solving from its user. It over-generalizes the 
examples and applies this over-generalization to the data basis in order to find instances of the over­
generalization. These instances are proposed to the user as tentative rules. When the user validate them, we 
say that they are positive examples, when slhe rejects them. we speak of a negative one. This set of positive 
and negative examples is used by a classical generalizer to produce a more refined generalization. 
APT. Same as DISCIPLE. 
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BLIP. Learns by hypothesis generation, then hypothesis testing; a hypothesis is a rul.schema instantiated 

by predicates. Test pattems attached to each rule-schema (characteristic situations) are used to find positive 

and negative examples in the facts, including derived facts. 

A threshold and ratio is used to decide wether to reject or to accept the hypothesis as a new rule. 

EBG. Prove relevance of training example to concept. Prune proof trace by ·operationality criterion", 

Generalize pruned proof trace. 

EBGF. 1. Try each possible proof of the goal using the negative example 


2. For each proof, collect all the leaves (as in EBG) 
3. reduce the number of literals 
4. remove negations by using determinism (inductive step) 

liFE. Construction and analysis of a dependency graph describing the effects of an action on th.e given 
situation. 
EBG (extended). Match object level steps against meta-level tactics. Use back-propagation to fit meta­
level tactics together into proof plan. 
ALEX. NR. 
MACHIN. As long as there is a problem to solve or that knowledge needs evaluation 

Use knowledge to choose a solving step 
Evaluate result uling knowledge (subjective) and, if possible, feedback on 
previous experience (objective). • 

IF subjective evaluation is negative, or impossible, or different from objective 
evaluation 
THEN create rule (that will need evaluation) 

AllY. NA. 

CHARADE. Example and description spaces are viewed as a boolean lattice. Regularities are extracted using 

correspondence between these two spaces. A set of rules is built by exploration of the description space, 

computing regularities for each description and using rule system properties (i.e meta-knowledge) in order to 

constrain the exploration. 

CALM. Three mechanisma build logical formulas. Expansion is the generation of candidate formulas. Selection 

is selection of good formulas. Compression is clustering equivalent formulas. 

PlAGE. Close to branch-and-bound algOrithms. Breadth first and top-down search of version space. 

REFINER. Identifies distinguishing features of each concepts (in differential diagnosis), and generalizes them. 

INFER. Infers mal-rules to cover gaps in input student traces. 

MORE. NR. 

CLINT. Receive positive examples from user. 


WHILE possible DO 
Ask for classifICation of examples generated by system 
IF an example ia said to be positive T.HEN generalize 

INDE. Nil.. 
CONCLAVE. Maximally generalize on purpose, specialize when forced to. 
KBlA (Tonal Muale). Integration of deductive and inductive learning under the paradigm of "learning as 
compilation of explanations-. The system builds explanations of situations and generalizes the explanation 
structure. Explanation ltepa can be deductive (as In EBG), by analogy (vs. determinations) or weaker forms of 
similarity. This provides a flexible integration of deductive and inductive effects. 
AR4, BR3. N R 
FM. From weakest precondition WP.WP(01, 02, ... , ON, S, G) of the sequence {01, ... , On} where G is the 
goal. Generalize WP. Form wpo .. {WP & On's precondition}. Specialize Wpo until it discriminates against 
alternative instantiations of On in original proof trace. 
ZENO 1.1. Based on AO, ACLS, CN2. Significant modifications follow. in AClS there is a different handling of 
numerical attribute •• In CN2 there are different strategies for handling noise. 
MAVERICK. Sequences of descriptions at appropriate level of generality collected in a tree. Selection of 
predictions based on accuracy/evidential trade-off. 
BG. REPEAT 

SCAN TEXT (repeatedly PARSE) 

ANALYSE PARSES OF TEXT 
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AUGMENT GRAMMAR, on basis of statistical properties of parses plus other properties. 
SEA. For each example, all discriminant generalization of maximal generality are investigated. Rules are 
selected according to an exception threshold to optimize performance on a test-set. 
THUMBRUlE. Similar to Diday's -CABRO·, optimized to generate class rules (disjuncts of conjuncts of 
attrNal pairs) with minimum length (Le. total number of pairs). 

7 • A BRIEF DISCUSSION OF THE TABLES 

We intend to prepare an extensive discussion of these tables with the help of the participation of the 
authors of systems. Since this work is not yet completed, we shall present here a simple sketch of it, to help 
the reader in his/her interpretation work. 

Obviously, many of these programs are inspired by approaches stemming from statistics, numeric data 
analysis, or information compreSSion. Such are the numerous improvements to 103 and AQ. The improvements 
which European researchers seem to be very keen on are concerned mainly with the understandability of the 
results, and the use of background knowledge. This is in accordance with part of the US efforts (for example 
Michalski's school), but also at right angles with the more technical improvements looked for in the US. For 
instance, windowing or incremental use of 103 are quite popular in the US, while they draw little attention in 
Europe. Conversely, we know of no US knowledge based 103, while INSTIL and NINA are two European 
approaches to this problem. Similarly, there are no US equivalent to the large efforts devoted by the Turing 
Institute and the ljubljlana school to the understandability of the resulta. 
An other typical feature of the European school is ita tendency to develop new generalization algorithms, like 
AllY, BLIP, CHARADE, CLINT, CONCLAVE, OGUST while the US school seems to be more satisfied with the 
algorithms it has been already developing. 
When coming to multi-strategy learning, the US school seems too concentrate on merging Expianation·Based 
learning and empirical learning, while the European school is more versatile as shown by ALEX, using analogy 
and generalization, BLIP using induction in a deductive environment, and DISCIPLE merging EBl, empirical 
learning and analogy. 
An other important difference between the US and the European approach lies in the relatively low influence in 
Europe of the -EBl revolution-, Except the pioneering works of the Edinburgh school led by Bundy, EBl caught 
quite late, and little work has been done to improve EBl except by LAl's EBGF and Edinburgh's EBG. 
Finally, we have the feeling that the classifier approach, together with the genetic algorithms which have 
been mainly developed in the US, have been scarcely catching in Europe. MACHIN and CALM can be seen (even 
though their authors may strongly contest our opinion) as representative of the classifier approach in that 
sense that they rely very much on performance evaluation to perform their learning. Their essential 
difference and originality lies in the amount of work done to fit with the domain representation, instead of 
complying to the classical strings of bit representations. 
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8 • DESCRIPTION OF SOME LEARNING KNOWLEDGE ACQUISITION (KA) SYSTEMS 


This information comes from the proceedings of EKAW'88 [Boose, Gaines & Linster 19881. It shows the 
importance given in Europe to coupling KA and ML Most of the US works depend on friendly interfaces rather 
than on ML 

6.1 • Model change. 
The KA uses a model of the problem in order to ask questions to its user. This model can be improved 
automatically or, alternatively, through interactions with the user. 

6.2 • Reliability 
In KA systems, the reliability of the system becomes even more stringent than in other ML systems since 
the user is supposed to control the acquisition phase. 

6.3 • Domain 

This item tells the domain of application of the KA system. 


6.4 • Method 

What methodology is used or integrated in the system? 


6.5 - Cooperation 
This describes how the user and the system interact when they meet a problem. For instance, an inductive 
system can perform itself easy induction steps and rely on its user when it fails. 

6.6 - Source 

What is the source of the knowledge, how do you ·spy· your user? 


6.7 • Author. 
"Esfahanl": L. Esfahenl, F.N. Teskey, Brighton Polytechnics 
"Hoppe" : H. U. Hoppe, GMD IPSI, Darmstedt 
"Some,en": P.P. Terpstra, M. W. yen Someren, Unlv. Am.terdem 
"Molle,": J.U. Moller. Unlv. Hemburg 
"Boy": G.A. Boy, N. Nus., ONERA Toulouse 
"Sebag": M. Sebag, M. Schoeneuer, Ecole Polytachnlque Psr•• 
nTecucl": Y. Kodretoft, G. Tecucl, LRI Or..y • George Ma.on Unlv. 
"Witten": D.L. Meul.by, I.H. Witten Unlv. Celgery 

."._.,"". I 
Esfahani 

'MoUI. c/i4neu 
Intermediate concepti 
Consistency checkitls + 
relevant restrucllU'ation 

User's 
advice 

~ 

Engineering 
Planning 
Design 

'M6UuHi 

Rule 
checking 

c~""" 
Exp. gives rules. 
geU rules 

$OIU'U 

Form mling 
Graphical notes 
from eXl)erts 

Hoppe New rules 
User's 
advice 

UNIX 
me hand­
lin, 

cons tanU 
->variables 
Rocog. task 
patterns 

monitorin& the 
user Dialog 

protocol. 

Someren 
Deep rules ... shallow ones 
user's + Model 
refined .It co~Iet.ed 

yes + 
solving 
advice 

Problem 
EBL+SBL 

trivial stat. 
error propa­
gation 

Exp. gives exam· 
pIes. geu rules + 
ibeep model impnt. 

Seu of examples 

Moller Add koow1edge 
Knowldp 
enaineer 
advice 

Independent 
of 

Matching 
context 
descriptions 

K. eng. selects 
proposals. gets Texu 

domain models 

Boy Problem reformulation 
Uscr',adv 
+ expert+ 
Questions 

Intelli,ent 
Tutorina 
SYStem, 

Chuntin, 
Based on coop. 
System must guesa 
user', intentions 

Tutori.na 
session. 

Sebag No model 
measured. 
by 
system 

Failure 
detection 
Maintenance 

SBL 
no cooperation 
system gets exam-
IpIes. _gives rules 

Incomplete mays 
of parameters 

Tecuci 
Completion of 
user's model 

User', 
advice 

Problem 
solving 

Integration 
EBL+SBL 
+ malott 

Based on coop. 
0d1 Older rules .> 
1st ord« ones 

Solutions of 
problems + 
QUCStions to user 

Witten New programs Unknown Graphics generali· 
zation 

Based on coop. 
Strong metaphor 
of telChin..I 

Execution traces 
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APPENDIX 

Abduction. Process of completing a failure reasoning. See more details in section 3. 
Algorithm. Most authors provided'a short description of their algorithms. They are given in section 

5, after the tables. 
Analogy. A way of reasoning or of learning by comparing similarities and differences between two 

examples, situations, or solutions. Should be based on a base (A, B), a target (A', B'). A and A' are similar, B 
depends causally from A. The analogy process attempts to see how much the similarities between A and A' 
entail similarities between either B and B' or the way B' depends causally from At. 

Axiomatic/scheme-based learning. In both cases, the learning makes use of background 
knowledge. They differ by the degree of rigor in this knowledge. Axiomatic learning takes place from very 
rigorous (Le. coherent and complete) knowledge, while scheme-based learning can use somewhat incoherent 
knowledge, and certainly does use incomplete knowledge. 

Background knowledge. Knowledge about the field in which the learning is taking place. The 
difference knowledge intensivelknowledge poor refers to the amount of available explicjt background 
knowledge. There exists almost no real learning systems that does not use specific knowledge about the 
domain in which the learning is proceeding. Nevertheless, most systems encode this knowledge in the 
representation used, andlor in the the way the computations are performed. In these cases, we say that the 
knowledge is implicit. that is these systems are knowledge poor. 
Section 3 claims that the use of background knowledge does not make the difference between inductive and 
deductive learning. as opposed to a belief we have often met (in our opinion, the learning engine (see this 
word) does this difference). 

Bias. Biasing amounts to make choices that are not easily tracked. As a consequence, as in the case of 
background knowledge, implicit biasing is a current practise in ML. The first example of explicit biasing 
happened as choices of nodes in a taxonomy of generality. For instance, deciding if (sine OR cosine) is a valid 
descendant of the node -trigonometric-, that is, deciding if (sine OR cosine) is a relevant concept, is such an 
explicit biasing of the learning process. 

Bottom-up/top-down generalization. Bottom generalization performs -real- generalizations, 
(see this word) while top-down generalization actually performs a particularization. See more details in 
section 3. 

Complexity. Some authors refused to evaluate the complexity of their algorithm as a function of the 
number n of examples, and of their size s. They asked for other definitions of the complexity, as reflected in 
the tables. 

Constructive learning. R. S. Michalski first defined constructive learning as combining induction 
and deduction (meaning 2 in the tables). We proposed other the two other definitions in order to test wether 
they were entailed by each other in practise since, from an intuitive point of view, ·constructive· may also 
mean that the system uses its own learned knowledge to improve its performance. We suggest a third 
possible definition relying on that it usee explanations to validate the newly acquired knowledge, and using it 
again. 

Cooperation. Describes the cooperation between a system and its human user or teacher. For 
instance. an inductive system can perform itself easy induction steps and rely on its user when it fails. 

Domain. Describes the domain of application of the system. 
Explanatlon-Ba.ed Generalization (EBQ): given complete knowledge of a domain and one 

example of correct behavior, EBG will prove the example correctness, analyze the trace of this proof. and 
generalize it just enough to respect its sufficiency. The analYSis is done in terms of a so-called criterion of 
operationality describing on which operators one has to focus one's attention. Notice that EBG does not 
perform second order generalization, Le. it does not generalizes the operators themselves but only the 
expressions to which they apply. 

Explanatlon-Ba.ed l ..rnlng (EBl): This approach to ML analyses one positive instance and keeps 
its significant features. It uses formal knowledge to prove the instance validity as in Explanation-Based 
Generalization but also uses informal knowledge, given as schemes of a semantic net, in order to determine 
the level of generality at which the operators themselves should be used. 
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Explanation-Baaed G.n.rallZ8tlon by Fallur. (EBGF): an EBG in which a complete theory of 
the possible failures has been included. When a failure is detected, the theory about it is used to recover from 
it. 

Empirical L••rnlng from Exampl.a: often called -Similarity-Based Learning- because its goal is 
the detection of similaritiea between sets of poSitive examples (in order to find their complete Description) 
and between sets of negative examples (the negation of these last similarities constitute Coherent 
Descriptions of the poSitive examples). Keep in mind that inductive hypothaees thus drawn should be as much 
reasonable as possible. This reasonableness follows from background knowledge added to the examples. It 
follows that, contrary to a too much spread belief, the difference between Analytical Learning and Empirical 
Learning does not stem out of the quantity of background knowledge they use but from the way they use it. 
Analytical Learning uses it for the detection of intra-example properties while Empirical Learning uses it for 
the detection of inter-example properties. 

Emplrlc.1 L.arnlng from Oba.rvatlon: similar to Empirical Learning from Examples except that 
the examples are provicled by the system itself. It may happen that a strong example generator may then 
compensate for a weakef system of Empirical Laarning. For instance, it is often the case that background 
knowledge is left impliCit in the examples generator, and the empirical 'earning proceeds without it. 

Empirical I.arnlng. Inductive learning performed without using background knowledge. A typical 
example of it follows. You see Bill drinking gin and water, he gets drunk. You see Peter drinking scotch and 
water. he gets drunk. You conclud. that when -x· drinks water (the common pre-condition in both stories) 
then ·x· gets drunk, forgetting about the knowledge dependant relation between gin and scotch, i.e. that they 
are alcoholic beverages. 
With all its imperfections, empirical 'earning can be very useful as a quick first -glance- at possible 
relationships. 

ExampI... Systems learn often from examples. When these examples illustrate a bahavior described 
as correct by the professor, they are called positive examples. When they illustrate a bahavior described as 
incorrect by the professor, they are called negative examples. 
When the system is able to generate itself new examples, they can be either positive and negative. 
Experimentation and/or expert interrogation will classify them. 

G.n.rallzatlon: Extending the scope of a concept description to include more instances (the opposite 
of specialization). This term is sornetimaa used as a noun, synonymous with concept description. Provides an 
intentional description of a concept, as opposed to conceptual clustering that provides an extensional 
description of a concept. 

Increm.ntallty. Induction systema often learn from one given set of examples. Adding a new 
example asks for starting over again from scratch. Incrementality is achieved when the system is able to 
evolve smoothly when new examples are added. 

Inductlv. learning of declalon tr•••. Known as -103- from its first implementation in the ML 
SUb-field. Builds a decision tree on criteria that optimize both the entropy and some understandability of the 
tree itself. 

Input•• The inputs of aML program may take many different forms. like attributes pairs. example 
descriptions etc ... and can represent many different kinds of knowledge, like rulee, conditions, etc .. ~ 

Knowledg. acqulaltlon (KA). Body of techniques intending to help an expert to express his/her 
knowledge under a form usable by a system expert. It goes from a simple window management to elaborated 
interrogation forms. Moat KA systems do not use machine learning at all since their goal is collecting 
information from a human expert. but not asking the machine itself to acquire knowledge. In other words, one 
can say the KA systems are intended to perform clever rote learning. Neverthel ..., it is clear that if some 
learning is performed by the system itself then it can avoid asking tedious questions to the user, andlor it 
can ask real clever questiona. Therefore, ML is becoming a strong component of KA. without being merged in 
It. 

Knowledg. Int.nalve Induction. Induction making explicit usa of background knowledge, see more 
explanations in section 3. 

Knowl.dg. Int.n.lve/knowledg. poor. See Background knowledge. 
Learning engine. Inductive learning make. use of induction as its main learning engine. while 

deductive learning <and explanation)-basad learning also) make use of deduction. In section 3, we explain that 
in many cases, evaluation of the program performances is a learning engine as well. 
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Leernlng from example./ob.ervatlon•. Since observations can always be seen as kind of 
examples, the only real difference between these two kinds of learning lie in the way examples are 
presented. If they are already clustered. and the concept to learn is already described (i.e. one learns a new 
description) then one speaks of learning from examples. One speaks of 'earning from observations in all other 
cases. In the last case, the system must be able to create its own clusters of examples. 

Meta-knowledg•• Meta-knowledge contains rules that state properties of the knowledge itself. For 
instance, if knowledge is made of rules, then meta-rules state relations among the rules, or strategies for 
using the rules. 

Model chang.. The KA uses a model of the problem in order to ask questions to its user. This model 
can be improved automatically or, alternatively, through interactions with the user. 

Oracl•• An oracle is a the answer of a human interacting with the system by answering selected 
questions asked by the system. The most human dependant systems are called interactive systems. One 
usually speaks of oracles when the interaction is minimal in some sense. 

Pre-clu.t.rlng. Examples can be ordered prior to learning. or, alternately, the system may accept 
unordered examples. In the tables, a ·yes· means that the relevant system needs pre-clustering, while a 
-no· means that the system is able to accept unordered examplea. 

Qu.llty crlt.rlon. They are the criteria to judge if a program has been behaving ·we"· or ·badly·. 
Such criteria, or some of them, can be internal to the system that will decide itself of the quality of its 
results. For instance. the depth of a decision tree can be such an intemal criterion. It also often happens that 
external criteria are needed. ranging from an evaluation of an expert to a testing against new data. 

Stability. It is not always the case that a program stable under learning twice the same data. in a 
different order. for instance. A learning program may well be very reliable even though it is not perfectly 
stable. Knowing its range and type of instability is part of the characterization of a ML program. 

What I. learned? One could believe that knowing the input and the output of a ML program is enough 
to know what is given to, and then learned by the system. This belief is wrong since a learning program can 
perfectly well have the same kind of inputs and outputs. and nevertheless perform learning by improving the 
inputs in some sense. 
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