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Abstract

- In this paper we propose an abstract model of
a learning system that represents a suitable
framework for multistrategy task-adaptive
- learning, a type of learning that integrates
dynamically a whole range of learning
strategies, depending of the features of the
current learning task. The system has an
incomplete and partially incorrect
representation of the external world, in the
knowledge base KB, and receives new input
information from the environment. The
learning goal is to extend, update and/or
improve the KB, so as to consistently integrate
the information contained in the input. This
means that, after learning from an input I, the
KB should be such that a generalization of [ is
inferable from it. The learning method is based
on the idea of "understanding” the input
through an exploration of the KB, and an
employment of different inference types.
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1. Introduction

A major goal of artificial intelligence is that of
creating systems capable of intelligent
behavior. One defining feature of the
intelligent behavior is its gradual improvement,
or learning. From a general point of view, one
may distinguish between two dimensions
along which an intelligent system could
improve itself. These are the competence of the
system in solving some class of problems, and
its performarce 1n problem solving. A system

1s improving its competence if it leamns to solve
a broader class of problems, and to make
fewer mistakes in problem solving. A system
is improving its performance, if it learns to
solve more efficiently (for instance, by using
less time or space resources) the problems
from its area of competence.

A largely accepted model of the learning
systems is the one from Figure 1. The
Knowledge Base (KB) is shared by the
Learning Element (LE) and by the
Performance Element (PE). The PE solves
problems, by using the KB. The LE improves
the KB, by using information supplied by the
external world (the environment, a teacher,
etc.), information from the PE attempts to
solve problems, and information from the KB.

Learning Knowledga erformance
Element Base Element
In?ut
External
World

Figure 1: A model of learning systems.

Research in machine learning has elaborated
and investigated in detail several single-
strategy learning methods like, for instance,
empirical induction, explanation-based
learning, learning by abduction, learning by
analogy, case-based learning, and others
(Michalski, Carbonell and Mitchell, 1983,86;
Kodratoff and Michalski, 1990; Shavlik and
Dietterich, 1990). However, as the field of
machine learning evolves and concentrates
more and more on solving complex real-world
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learning problems, becomes more and more
clear that the single-strategy learning methods
‘provide solutions to overly-simplified
problems. One kind of over-simplification
consists of specific requirements imposed to
the input information and to the content of the
KB. For instance, empirical induction requires
many input examples and a small amount of
background knowledge. Explanation-based
learning requires one input example and a
complete background knowledge. Learning by
analogy and case-based learning require
background knowledge analogous with the
input. Learning by abduction requires causal
background knowledge related to the input.
Another kind of over-simplification consists of
the limited result of the single-strategy learning
process. This is a hypothetical generalization
of several input examples (in the case of
empirical induction), or an operational
generalizadon of an input example (in the case
of explanation-based learning), or new
knowledge about the input (in the case of
leamning by analogy or case-based learning), or
new background knowledge (in the case of
learning by abduction). From the above
characterization, one may notice however the
complementarity of the requirements and of the
results of these strategies. This strongly
suggests that real-world learning problems
may be solved by systems that can apply
different strategies in an integrated fashion,
and explains the increasing interest in building
such systems (e.g., Bergadano and Giordana,
1990; Danyluk, 1987; Flann and Dietterich,
1989; Genest, Matwin and Plante, 1990,
Hirsh, 1989; Lebowitz, 1986; Minton and
Carbonell, 1987; Mooney and QOurston, 1991;
Morik, 1991; Pazzani, 1988; De Raedt and
Bruynooghe, 1991; Shavlik and Towell, 1989;
Tecuci and Kodratoff, 1990; Whitehall, 1990;
Wilkins, 1990). Due to the integration of
different strategies, these systems are able to
solve more complex learning problems.
However, these systems integrate only a small
number of learning strategies (most frequenty
empirical induction, explanation-based
learning, and a simple form of analogy), the
integration is predetermined inside the learning
method, and the result of learning is limited
(usually a concept or a rule). Our goal is to
elaborate a general multistrategy learning
method that includes the capabilities of the
known learning methods. This multistrategy
learning method is neither a switcher between

single-strategy leaming methods, nor even an
elaborated fixed integration of such strategies.
On the contrary, we try to identify the basic
reasoning mechanisms of the single strategy
learning methods (at the level of single
inference steps like deduction, analogy,
abduction, generalization, specialization,
abstraction, concretion, determination, mutual
dependency, etc.) and to define a new leaming
method having all these reasoning capabilities.
This learning method should be able to
integrate dynamically the different types of
elementary reasoning mechanisms, depending
of the features of the current leaming problem.
Consequently, it should allow learning in
situations in which previous (single-strategy or
integrated) learning methods were insufficient.
Moreover, if a particular learning task
corresponds to a single-strategy method, then
the behavior of the system should correspond
to the application of such a method. Such an
adaptive integration of different learning
strategies (that seems also to be a characteristic
of human learning) has been called
multistrategy task-adaptive learning, or MTL
for short (Michalski, 1990, 1991; Tecuci and
Michalski, 1991a,b).

Building general MTL systems is a long term
goal. In this paper, we propose an initial
approach to this goal. First, in section 2, we
present an architecture of a learning system ata
level of abstraction suitable for MTL. The next
section of the paper contains a general
presentation of a proposed MTL learning
problem and method. Then, in sections 4 and
5, we illustrate the proposed MTL method. We
conclude the paper by analyzing the strength
and the limitations of our approach to MTL,
and by indicating what we consider to be the
most promising directions of future research.

2. Toward a More Concrete
Model of the Learning Systems

The main idea of our approach to building
MTL systems is to define the architecture of a
learning system at a level of abstraction that
would allow a common view on the single-
strategy learning methods, and would
therefore facilitate their dynamic integration.
The starting point will be the architecture in
Figure 1, which will be made more concrete so
as to allow the identification of the roles of
different learning strategies.



First of all, let us notice that the KB may be
regarded as a representation of the real world,
that is, a world model. In general, it will
contain representations of the real world
objects, situations, laws, as well as
representations of the learner's goals,
capabilities and actions in the world. In order
to solve a problem with such a system, the
user has to represent the problem in the
language of the world model. Then, the PE
will look for a solution in its world model. and
will show the solution to the user, who will
interpret it in real world terms.

Real World

World Model

Figure 2: The use of the world model in
solving real world problems.

From Figure 2 it is obvious that the behavior
of the system depends of the model of the
world (environment) in which it operates. The
more adequately this model approximates the
environment, the better is the system's
behavior. Therefore, the goal of the LE is to
continuously improve its world model so as to
better represent the real world. It is interesting
to notice that this general learning goal may be
specialized to different specific goals, each
corresponding to a specific single strategy
learning method. For instance, empirical
induction extends the world model with a
generalization of specific facts. Learning by
analogy extends the description of an entity
with new features transferred from a similar
entity. Learning by abduction adds new
knowledge into the domain model, so as to
explain a given piece of knowledge.
Explanation-based learning improves the
organization of the world model, by learning
more efficient ways of solving problems, in
the form of operational definitions of concepts.

We further consider that the main activity of
the system is that of "understanding” the
external world. Consequently, the abstract
learning and problem solving scenario we are
investigating 1s the following one:

The system has an incomplete and partdally
incorrect representation of the real world, and
receives new input information about it.

The input information may consist of a fact
that is true in the real world. It may consist of
one or several positive (and/or negative)
examples of a concept. It may even consist of
one or several positive (and/or negative)
examples of problem solving episodes, each
episode specifying a problem and its solution.

The goal of the system is to extend, update
and/or improve its KB (world model) so as to
consistently integrate the information contained
in the input. This means that, after learning
from an input I, the KB should be such that a
generalizagon of [ is inferable from the KB.

The general learning strategy is based on
understanding the input in terms of the current
KB. This means that the LE will oy to build a
plausible justification tree that demonstrates
that the input is a plausible consequence of the
current KB. To build such a plausible proof
tree, the system may need to use different
tvpes of inference, like deduction, analogy,
abduction, empirical generalization, etc. Thus,
it will hypothesize new pieces of knowledge
(through analogy, abduction, empirical
generalization and deduction, etc.). The
hypothesized knowledge is supported by the
fact that it is a plausible connection between a
KB that represents parts of the real world, and
a piece of knowledge (the input) that is known
to be true in the real world. Moreover, aiming
to learn as-much as possible from any input it
receives, the LE will try to generalize the
understanding of the current input, as much as
allowed by the knowledge used to build it in
the first place. By this, it will generalize the
hypothesized knowledge, so as the resulting
KB will entail not only the received input, but
also similar ones.

The result of this learning process is the
increase of the problem solving abilities of the
system (both in terms of competence and
performance). Indeed, if the input was a new
fact, then the PE will be able to predict that
certain similar facts are true in the real world.
Or, if the input was a set of examples (and/or
counterexamples) of some concept, then the
PE will be able to predict if a new instance is



(or is not) an example of the learned concept.
If the input was an example of a problem
solving episode, represented by a problem P
and its solution S, then the PE will be able to
solve problems similar to P, by proposing
solutions similar to S.

The next section contains a general
presentation of the multistrategy task-adaptive
learning problem and method.

3. General Presentation of the
MTL Problem and Method

The learning problem we are considering is
presented in Table 1.

Table 1: The multistrategy task-
adaptive learning problem

Given

* Incomplete and partially incorrect KB

The KB may include a variety of knowledge
types (facts, examples, implicative or causal
relationships, hierarchies, etc.).

* A (noise-free) input

The input may consist of one or several
examples, facts, or problem solving episodes.

Determine

*» An extended, updated, and/or improved KB
The KB may be developed by adding new
pieces of knowledge, modifying other pieces
of knowledge, and/or reorganizing parts of the
KB, so as to consistently integrate a
generalization of the input.

As indicated in Table 1, the system may learn
from one or from several examples. Figure 3
and Table 2 describe the learning method in the
case of a single positive example.

Table 2: Multistrategy task-adaptive
learning from one example

» Understand the input

1. Build a plausible justification tree T
demonstrating that the input I is a plausible
consequence of the knowledge from the KB.
The inference steps in the tree T may be the
result of different types of inference:
deduction, analogy, abduction, inductive
generalization, etc.

2. Inroduce into the KB the knowledge pieces
hypothesized (through analogy, abduction,
inductive generalization and deduction, etc.)
during the building of the plausible
justification tree T.

» Generalize the understanding

3. Build an explanation structure ES, by
replacing each inference step from T with the
most general plausible generalization of it. The
generalization of each inference step will
depend of the type of inference, and of the
knowledge used to derive it. It will correspond
to the generalizadon of all the similar inference
steps that the system would consider plausible.
4. Introduce into the KB the generalizations
hypothesized during the building of the
explanation swucture ES.

5. Determine the most general unification of
the general inference steps from ES. The
obtained tree T, is the most general plausible
generalization of T. It shows how a
generalization of the input is a plausible
consequence of the extended KB of the
system.

6. Extract different knowledge pieces from the
wree T, as, for instance, operational definitions
of the concept illustrated by the input, abstract
definitions of the concept illustrated by the
input, or abstractions of the input.

Input
Information

Input
nderstanding

Plausible
Justification
of the Input |

Figure 3: Learning from one positive example.
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As will be shown in section 4.2.4, the
learning method from Table 2 generalizes
explanation-based learning, learning by
abducton, and learning by analogv

If the learning system receives additional
examples illustrating a same concept, then
learning continues as described in Figure 4
and in Table 3.

Table 3: Multistrategy task-adaptive
learning from several examples

For each new example repeat steps | through 7
1. Let Ty be the generalized plausible
justification tree of the previous positive
examples that does not cover any justification
of the previous negative examples. Determine
the instance T; of Ty corresponding to the
current input ;. If I; is a positive example then
go to step 2. Otherwise, if it is a negative
example, go to step 5.

2. Analyze Tj. If all the inference steps in T
are plausible then Ty, already covers a plausible
justification tree of I;. This ends the processing
of the current example. Otherwise, i1f some of
the inferences from T; are not valid, then make
minimum modifications to T; so as to become
a plausible justification of the current positive
example.

3. Inroduce into the KB the knowiedge pieces
hypothesized (through analogy, abduction,
inductive generalization and deduction, etc.)
during the correction of the plausible
|justification tree Ti.

4. Generalizes Ty, so as to cover the corrected
justification tree T;. This ends the processing
of the current example.

5. Analyze T;. If at least one inference steps in
T; is wrong, then Ty does not covers a
plausible justification tree of I;. This ends the
processing of the current example. Otherwise,
if all the inferences from T are plausible, then
go to step 6.

6. T; is a wrong justification tree that is
covered by Ty. Indeed, T; "proves” that the
current input is a positive example, although 1t
is known that it is a negative example.
Hypothesize that R is the wrong inference
step in Tj, and correct the KB so as no longer
to entail Ryj. The identfication of Ry is based
on the following assumptons:

- there is only one wrong inference step in Tj;

- the inference step is wrong because it does
not specify a necessary left hand side
predicate;

- the hypothesis that Rg; is the wrong
inference step requires minimum corrections to
the KB.

7. Correct Ty so as no longer to cover Tj, and
KB so as no longer to entail Rg;. This ends the
processing of the current example.

8. All the input examples have been
processed. Extract different knowledge pieces
from T, like, for instance, operational
definitions of the concept illustrated by the
input, abstract definitions of the concept
illustrated by the input, or abstractions of
different input examples.

Generalized
Plausible Justfication
of Previous Examples

Plausible
Justification
of the Input

Updated Generalized
Plausible Justification
of Previous Examples

New Positive " Input
(or Negative) Understanding
Example

eneralization
(Specialization)

ka?perlfe;t Irlnprovec} KB Generalized
owledge ntegraung Specialized
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Figure 4: Learning from several positive and negative examples




As will be shown in section 4.3.4, the learning
method from Table 3 generalizes empirical
induction, constructive induction, and mEBG.

The next sections illustrate the above learning
methods, by using an intuitive example from
the area of geography.

4. An Illustration of the Multi-
strategy Task-adaptive Learning

4.1 An exemplary problem

In order to illustrate the multistrategy task-
adaptive learning method, we shall consider
the case of a learning system in the area of
geography. The purpose of the system is that
of acquiring geographical data and rules in
order to answer questions about geography.
We suppose that the system disposes of an
incomplete and partially incorrect KB,
consisting of facts, examples, determinations
(Davies and Russell, 1987), and deductive
rules, as shown in Figure 5.

In the next section will shall illustrate
multistrategy task-adaptive learning from a
single positive example. Then, we shall show
how learning proceeds when the system
receives new positive and negative examples.

4.2 Multistrategy task-adaptive
learning from a positive example

Let us suppose that the system receives the
following positive example of the relationship
"grows(x, y)":

Positive Example 1:

rainfall(Vietnam, heavy) &
climate(Vietnam, subtropical) &
soil(Vietnam, red-soil) &
terrain(Vietnam, flat) &
location(Vietnam, SE-Asia)

.+ > grows(Vietnam, rice)

Figure 6. A sample input for MTL.

Facts:
terrain(Philippine, flat),
rainfall(Philippine, heavy),
water-in-soil(Philippine, high),
climate(Nepal, subtropical),
temperature(Nepal, warm),
terrain(Nepal, abrupt),
soil(Greece, red-soil),
s0il(Greece, fertile-soil),
terrain(Greece, abrupt),
water-in-soil(Egypt, high)

Examples:
soil(Greece, red-soil)
: > soil(Greece, fertile-soil)
terrain(Egypt, flat) & soil(Egypt, red-soil)
: 1 > soil(Egypt, fertile-soil)

Determination:
rainfall(x, y) >- water-in-soil(x, z)

Deductive rules:
Y X, soil(x, loamy) — soil(x, fertile-soil)
¥ x, climate(x, subtropical)
- temperature(x, warm)
V X, water-in-soil(x, high) &
temperature(x, warm) & soil(x, fertile-soil)
— grows(x, rice)

Figure 5. A sample of an
incomplete and partially incorrect KB.

4.2.1 Understanding the input

As shown in Figure 3 and Table 2, the system
tries to "understand” the input by building a
Justification tree which demonstrates that the
input is a plausible consequence of the KB. If
the system cannot build such a tree, then the
input represents entirely new knowledge that is
stored explicitly into the KB.

The justification tree for the Example 1 in
Figure 6 is shown in Figure 7. It demonstrates
that the input is indeed an example of the
relationship "grows(x, v)". One may notice
that the individual inference steps are a result
of different inference types. For example, two
inference steps in Figure 7 are the results of
deduction, as shown in Figures 8 and 9.

Another inference step is the result of the
simple analogy illustrated in Figure 10. This
form of analogy is based on the determination
rule: "rainfall(x, y) >- water-in-soil(x, z)".

According to this rule, the type of rainfall
determines the quantity of water in soil. That
is, if two entities x1 and x2 are characterized
by the same type of rainfall y0, then it is very
likely that they are also characterized by the
same quantity z0 of water in soil. As can be
seen in Figure 10, Philippine and Vietnam are
similar from the point of view of "rainfall” (in
both cases this is heavy). Therefore, one may




grows(Vietnam, rice)

dedudgtion
water-in-soil(Vietnam, high) temperature(Vietnam, warmn)  soil(Viemam, fertile-soil)
AN
anao dedugri abdugtion
& “raen generalization and deducrion
rainfall(Vietnam, heavy) climate(Vietnam, subtropical) soil{Vietnam, red-soil)

Figure 7. A plausible justification of Example 1.

hypothesize that these two countries are also
similar from the point of view of "water-in-
soil”. Thus, the system concluded that
"water-in-soil(Vietmam, high)" from the fact
"water-in-soil(Philippine, high)". This form of
analogy is described in (Davies and Russell,
1987). In general, the MTL method is intended

Deduction 1:
V x, water-in-soil(x, high) &
temperature(x, warm) &
soil(x, fertile-soil) -

— grows(x, rice)
water-in-soil(Vietnam, high) &
temperature(Vietnam, warm) &
sou(Vietnam, fertile-soil)

- " ] 01 O

grows(Vietnam, rice)

Figure 8: Proving that rice grows in Vietmam.

Deduction 2:

¥ x, climate(x, subtropical)
- temperature(x, warm)

climate(Vietnam, subtropical)

-------

temperature(Vietnam, warm)

Figure 9: Proving that temperature
of Viemam is warm.

to incorporate different forms of analogy,
based on different kinds of similarities. such -
as similarities among causes, relations, and
meta-relations (Carbonell, 1986; Gentner.|9583;
Kedar-Cabelli, 1985; Kodratoff, 1990; Porter,
Bareiss and Holte,1990; Winston, 1986).

Another type of plausible reasoning is
induction, which includes abduction, empirical
generalization, and constructive induction
(Michalski, 1990). Abduction consists in
hypothesizing a fact or an inference step so as
to build a plausible proof of the input. For
instance, in order to demonstrate
"grows(Vietnam, rice)", the system needed to
prove that "soil(Vietnam, fertile-soil)".
However, no deductive or analogical
knowledge exists to infer this fact. Therefore,
the system made the hypotheses that
"soil(Vietnam, fertile-soil)" is a direct
consequence of the input fact "soil(Vietnam,
red-soil)", and abduced the inference step
shown in Figure 11.

The inference step from Figure 11 resulted
also from a combination of empirical
generalization and deduction. Indeed, the
system looked into the KB for examples in
which the predicate "soil" is true. Then it
inductively generalized them to a rule that was
used (deductively) to produce the same
inference step as abduction (see Figure 12).

Analogy:
rainfall(Philippine, heavy) - similar » rainfall(Vietnam, heavy)
determines determines ?
similar

water-in-soil(Philippine, high) <&

Figure 10: Hypothesizing Viemam's water-in-soil through analogy.

- water-in-soil( Vietnam, high)




This is because, when the system cannot
justify a given predicate by deduction, it will
try to justify it by several plausible reasoning
methods that are supporting each other.

Abduction:

soil(Vietnam, red-soil)
- soil(Vietnam, fertile-soil)

Figure | L: Abducing an inference step.

Examples:

soil{Greece, red-soil)
: . > soil(Greece, fertle-soil)

terrain-type(Egypt, flat) &
soil{Egypt, red-soil)
: 1 > soil(Egypt, fertile-soil)

Inductive generalization:
vx, soil(x, red-soil) — soil(x, fertile-soil)
Deduced inference:
sotl(Vietnam, red-soil)
— soil(Vietnam, fertile-soil)

Figure 12: Making an inference through
inductive generalization and deduction.

The system builds a plausible proof tree from
top-down, by using the following strategy to
control the different types of inference it can
perform. First, it tries to justify a given
predicate (for instance, "grows(Vietnam, rice)"
in Figure 7) by deduction. If this attempt
succeeds, then the justification of the given
predicate is reduced to the justification of other
predicates ("water-in-soil(Vietnam, high)",
“temperature(Vietnam, warm)" and
"soil(Vietnam, fertile-soil)"). However, if this
attempt fails, then the system tries to justify
the given predicate by using as many plausible
reasoning methods as possible. It will try these
methods in the following order: analogy,
abduction, and inductive generalization
followed by deduction. If one of them
produces a plausible inference step, then the
system tries to use the remaining ones in order
to confirm or contradict it. If no contradiction
is found, the inference step is accepted.

4.2.2 Generalization of the plausible
justification tree

Once a justification tree was successfully

created, the system analyzes the individual

_inference steps to determine if they could be

locally generalized within the constraints of the
KB that were used to make these steps. After
the inference steps are generalized locally, the
system unifies them globally, and builds a
generalized justification tree. This technique is
an extension of the one elaborated by (Mooney
and Bennet, 1986). The extension concerns

the way individual inference steps are

(deductively or inductively) generalized, by
using the knowledge from which they were
derived. The idea is to replace each inference
step S with the generalization of all the similar
inference steps that could be derived from the
knowledge that produced S (Tecuci and
Michalski, 1991b).

The deductive steps are replaced by the
deductive rules that generated them.

The analogy steps are generalized by

considering the knowledge used to derive

them. In our example, the inference step
rainfall(Vietnam, heavy)

— water-in-soil(Vietnam, high)
was obtained by analogy with
“rainfall(Philippine, heavy)" and "water-in-
soil(Philippine, high)", based on the
determination

rainfall(x, y) >- water-in-soil(x, z).
Because the system would infer "water-in-
soil(x, high)" for any x such that "rainfall(x,
heavy)". the analogical inference is generalized
to: rainfall(x, heavy) — water-in-soii(x. high)

The generalization of the inductive steps
depends on the type of induction performed.
In the case of the abduction step illustrated in
Figure 11, there is no domain knowledge that
could be used to generalize it. Therefore, if
this step would have been obtained only
through this type of abduction, it would not be
generalized (abductions based on tracing
backward causal relationships can be
generalized (Tecuci and Michalski, 1991b)).
However, this inference step was also a result
of applying a rule generalized from examples
(see Figure 12), and is therefore replaced with
this rule. In general, when an inference step is
a result of different types of inference, all the
involved knowledge is used to generalize it.

The generalization of the inference steps from
Figure 7 form the explanation structure shown
in Figure 13. The most general unification of



water-in-soil(x 1, high)
i
water-in-soil(x3, high)

rainfall(x3, heavy)

temperature(x !, warm)
il i
temperature(x2, warm)

climate(x2, subtropical)

grows(x 1, rice}

soil(x1, fertile-soil)
soil(x4, fe‘ile«soil)

soil(x4, red-soil)

Figure 13: Explanation structure.

water-in-soil(x, high)

rainfall(x, heavy)

Zrows(;

temperature(x, warm)

climate(x, subtropical)

rice)
soil(x, tertile-soil)

soil(x, red-soil)

Figure 14: A generalization of the plausible justfication mee from Figure 7.

the connection patterns in Figure 13 is shown
in Figure 14, and represents a generalizatdon of
the plausible justfication from Figure 7.

4.2.3 The learned knowledge

As indicated in Figure 3, the system may
improve the KB by leamning different types of
knowledge. For instance, during the
understanding-of the input, the system learned
a new fact (water-in-soil( Vietnam,high)) and a
rule (¥x,soil(x,red-soil) — soil(x,fertile-soil)).
Also, it learned different pieces of knowledge
from the generalized justfication tree in Figure
14 (Michalski, 1990). For instance, it stored
the leaves of this tree as an operational
definition of the relationship "grows(x, rice)":
rainfall(x, heavy) &
climate(x, subtropical) & soil(x, red-soil)
: 1 > grows(x, rice)
It also stored the upper part of the generalized
tree as the abstract definition of the
relationship "grows(x, rice)":
water-in-soil(x, high) &
temperature(x, warm) & soil(x, fertile-soii)
: 1> grows(x, rice)
Since this rule was already known, the new
knowledge is just that it represents an abstract
definition of the relationship "grows(x, rice)".
The system has also learned an abstraction of
Example 1:
water-in-soil(Vietmam, high) &
temperature(Vietnam, warm) &
soil(Vietnam, fertile-soil)
: + > grows(Vietnam, rice)

4.2.4 Basic cases

The presented MTL method is a generalization
of explanation-based learning, learning by
abduction, and leaning by analogy. Indeed, it
behaves as such a method whenever the
relationship between the input and the KB
satisfies the applicability conditions of it, and
the general learning goal of MTL is specialized
to the goal of the single-strategy method, as
illustrated in the following secdons.

4.2.4.1 Explanation-based learning

Let us suppose that, in addition to the rules in
Figure 5, the KB also contains the following
deductve rules:

vx, rainfall(x, heavy) — water-in-soil(x, high)
vx, soil(x, red-soil) — soil(x, fertile-soil)

In such a case, the justfication trees in Figures
7 and 14 become logical proofs, and the result
of the learning process is an operational
definition of the relationship "grows(x, rice)".
Thus, the MTL method reduces to explanaaon-
based learning (DeJong and Mooney, 1986:
Mitchell, Keller and Kedar-Cabelli, 1986).

4.2.4.2 Learning by abduction

Let us now suppose that the relationship
between "rainfall” and "water-in-soil” is not a
determination, but an implication

vx, rainfall(x,heavy) — water-in-soil(x,high)
and the KB does not contain examples of the
predicate “soil". In this case, in order to build
the justificaton tree of the input, the system




water-in-soil(Vietnam, high)

rainfall(Vietnam, heavy)

climate(Vietnam, subtropical)

g°wsg3?“”°”\
temperature(Vietnam, warm) soﬂ(\*’iemam\. fertile-soil)

N abduction
soil(Vietnan), red-soil)

Figure 15: Using abduction to build a justification tree of the input.

needs only to create the explanatory hypothesis
soil(Vietnam, red-soil)
— soil(Vietnam, fertile-soil)
as shown in Figure 15. Therefore, the result of
learning is the created explanatory hypothesis,
and the MTL method reduces to abductive
learning.

4.2.4.3 Learning by analogy

Let us fina\ily suppose that the only
background knowledge that is related to
Example 1 is:

Facts:
rainfall(Philippine, heavy),
water-in-soil(Philippine, high)
Determination:
rainfall(x, y) >- water-in-soil(x, z)

In this case, the system can only infer that
"water-in-soil(Vietnam, high)", by analogy
with "water-in-soil(Philippine, high)", as
shown in Figure 10. Thus, the MTL method
reduces to analogical learning.

4.3 Multistrategy task-adaptive
learning from several examples

The basic idea of learning from several
examples is to generalize and/or specialize the
plausible justification tree in Figure 14, so as
to cover explanations of the new positive
examples, and not to cover explanations of the
negative examples. In the same time, the MTL
system will generalize and/or specialize some
knowledge pieces from the KB.

4.3.1 Learning from new positive
examples

Let us first suppose that the system receives a
new positive example of the relationship
"grows(x, y)" (see Figure 16).

First of all, the system tries to understand the
current example, by using the understanding

of the previous examples. To this purpose, it
determines the instance of the general wee in
Figure 14, corresponding to the example in
Figure 16 (see Figure 17).

Then the system analyzes the inference steps
from this proof tree. If all the inference steps
are plausible, then the tree in Figure 17 is a
plausible justification of the new positive
example that is already covered by the general
justification tree in Figure 14. This ends the
processing of the current example.

(Positive Example 2:

rainfall(Madagascar, heavy) & .
soil(Madagascar, loamy) &
climate(Madagascar, subtropical) &
terrain(Madagascar, flat) &
in(Madagascar, Pacific-Ocean)

: : > grows(Madagascar, rice)

Figure 16: A new positive example of the

relationship "grows(x, v)".

However, the tree in Figure 17 is not a correct
justification of Example 2 because the leaf
predicate "soil(Madagascar, red-soil)” is not
true. Therefore, the system uses the deductive
rule "vx, soil(x,loamy) — soil(x,fertile-soil)",
from Figure 5, and builds the plausible
justification tree in Figure 18.

Next, the system builds the explanation
structure in Figure 19 that has three general
components to be unified: the part of the tree in
Figures 14 that covers part of the tree in Figure
18, the part that is specific to the ree in Figure
14, and the generalization of the part of the wee
in Figure 18 that is specific to it (this
generalization being done according to the
procedures described in section 4.2.2).

As the result of the unification of the
connection patterns in Figure 19, one obtains
the general justification tree in Figure 20 that
covers the justificadon trees of both Example 1




grows(Madagascar, rice)

water-in-soil(Madagascar, high) temperature(Madagascar, warm) soil(Madagascar, fertle-soil)

rainfall(Madagascar, heavy)

Figure 17: Instance of the general justfication tree corresponding to Example 2.

climate(Madagascar, subtropical)

soil(Madagascar, red-soil)

grows( Madagascar, rice)

water-in-soil(Madagascar, high) temperature( Ma%agascar, warm) ﬁoil(biadaga‘.s?:f:, fertile-soil) )

rainfall(Madagascar, heavy)

Figure 18: Plausible justification of Example 2 in Figure 16.

climate(Madagascar, subtropical) \_soil(Madagascar, loamy)

deduction

grows(xl, nce)

water-in—sMx 1, warm) soil(x1, erﬁle-ﬁoil)
] !

rainfall(x1, heavy)

Figure 19: Explanation structure covering the plausible justification in Figure 18.

climate(x1, subtropical)

soil(x2, fertile-soil) = soil(x3, fertile-soil)

soil(x1, red-soil) soil(x3, loamy)

grows(x, rice)

water-in-soil(x, high)

rainfall(x, heavy)

Figure 20: General justification tree covering the justifications of Example 1 and Example 2.

temperature(x, warm)

climate(x, subtropical)

soil(x, fertile-soil)
or
soil(x, red-soil) soil(x, loamy)

and Example 2. This is an AND/OR tree.
Indeed, "grows(x, rice)" is an AND node and
"soil(x, fertile-soil)" is an OR node.

4.3.2 Learning from negative examples

Let us now consider that the MTL system
receives the negative example from Figure 21.
Again the system builds the instance of the
general justification tree in Figure 20,
corresponding to this new example (see Figure
22). This tree would lead to the wrong
conclusion that the current input is a positive
example of the relationship "grows(x, y)".

Negative Example 3:

rainfall(Nepal, heavy) &
climate(Nepal, subtropical) &
soil(Nepal, loamy) &
Location(Nepal, Central-Asia) &
terrain(Nepal, abrupt)

.1 > — grows(Nepal, rice)

Figure 21: A negative example of grows(x, v).

Therefore, the tree must contain some wrong
inferences. These wrong inferences have to be
detected, and both the general justification ee
and the KB should be specialized, so as no




longer to contain them. This is an instance of
the well known credit assignment problem
(Minski, 1963). In the current version of
MTL, the solution to this problem is based on
the following simplifying assumptions:

- there is only one wrong inference step in
the tree from Figure 22; '

- the inference step is wrong because it does
not specify a necessary left hand side predicate
that has to be true in order for the right hand
side predicate to be true.

If the system finds more than one inference
step that could be wrong, it selects one of them
by using, in order, the following criteria:

- select the weakest inferences (first
abduction, then analogy, and lastly deduction);

- among the remaining ones select those for
which the correction of the KB and of the
general justification tree causes the minimum
loss of coverage of previous examples;

- among the remaining ones, select those for
which the corrections produce a minimum
increase in the complexity of the modified
knowledge pieces;

- choose arbitrarily one of the remaining
hypotheses.

Let us illustrate the solution to the credit
assignment problem for the current negative
example. First, the MTL system will analyze
all the previous examples, looking for a feature
distinguishing between the positive examples
and the negative ones. Such a feature is
"terrain(x, flat)" that is true for the two
positive examples seen, and false for the
negative exampie.

Secondly, the system makes the hypothesis
that "terrain(x, flat)” is an additional condition
for inferring one of the non-leaf predicates
from the proof tree in Figure 20: "water-in-
soil(x, high)", "temperature(x, warm)",
"soil(x, fertile-soil)", and "grows(x, rice)”.

Thirdly, it tests each of these hypotheses
against the facts from the KB. Let us consider,
for instance, the predicate "temperature(x,
warm)”. The system will hypothesize that
“terrain(x, flat)” is a necessary condition for
inferring it only if the warm temperature is
always associated with flat terrain, when the
climate is subtropical (the other condition for
warm temperature). However, because it is
known that "temperature(Nepal, warm)",
“terrain(Nepal, abrupt)”, and "climate(Nepal,
subtropical)” (see Figure 5) the system rejects
this hypothesis. Similarly, the system rejects
the hypothesis that "terrain(x, flat)" is a
necessary condition for inferring "soil(x,
fertile-soil)". Because "water-in-soil(x, high)"
and "grows(x, rice)" are never associated with
"terrain(x, non-flat)" these are the remaining
hypotheses. "water-in-soil(x, high)" was the
result of an analogical inference, and
"grows(x, rice)" was the result of a deduction.
Therefore, the system hypothesizes that the
wrong inference step 1S

rainfall(x, heavy) — water-in-soil(x, high)
and corrects it to

rainfall(x, heavy) & terrain(x, flat)

— water-in-soil(x, high)

Thus, the general justification tree in Figure 20
is specialized as indicated in Figure 23.

water-in-soil(Nepal, high)

rainfall(Nepal, heavy)

grows(Nepal, rice)

temperature(Nepal, warm)

climate(Nepal, subtropical)

soil(Nepal, fertile-soil)

soil(Nepal, loamy)

Figure 22: The instance of the justification tree in Figure 20 which is a wrong proof tree.

grows(x, rice)

water-in-soil(x, high)

rainfall(x, heavy) terrain(x, flat)

temperature(x, warm)

climate(x, subtropical)

Figure 23: Specialization of the general justfication tree.

soil(x, fertile-soil)
or
soil(x, red-soil) soil(x, loamy)




After correcting the wrong inference step from
the general justification tree, the system
attempts 1o correct also the piece of knowledge
from the KB that entailed this wrong inference
step. The wrong inference step

rainfall(x, heavy) — water-in-soil(x, high)
was generated from the determination

rainfall(x, y) >- water-in-soil(x, z)
Consequently, the system applies the same
corrective specialization to this determination
that becomes:

rainfall(x, y) & terrain(x, flat)

>-water-in-sou(x, z)

4.3.3 The learned knowledge

As in the case of learning from one example,
the system learned different kinds of
knowledge that extend, correct and/or improve
the KB. For instance, it improved the
determination

rainfall(x, y) >- water-in-soil(x, z)
by adding a necessary left hand side predicate:

rainfall(x, y) & terrain(x, flat)

>- water-in-soil(x, z)

Also, it improved the operational definition of
"grows(x, y)", by both specializing and

generalizing it:

rainfall(x, heavy) & terrain(x, flat) &

climate(x, subwopical) &

(soil(x, red-soil) or soil(x, loamy))

11> grows(x, rice)

This illustrates the way the imperfections of
the knowledge pieces are interpreted by the
presented method: an imperfect knowledge
piece is one having parts that are too general
and/or parts that are too specific. In (Tecucl.
1988) it is shown that this is a general way of
approaching the imperfect theory problem
{(Mirchell, Keller and Kedar-Cabelli, 19586;
Rajamoney and DeJong, 1987).

4.3.4 Basic cases

4.3.4.1 Empirical and constructive
induction

Let us assume that the KB does not contain the
determination and the deductive rules shown in
Figure 5. In this case, each input is new,
neither confirming nor contradicting the KB.
Therefore, each example is interpreted as
representing a single inference step, as shown
in top part of Figure 24.

Positive Example:

grows(Vietn

, Tice)

rainfall(Vietmam, heavy)
climate(Vietnam, subtropical)

Positive Example:

rainfall(Madagascar, heavy)
climate(Madagascar, subtropical)

Negative Example:

rainfall(Nepal, heavy)
climate(Nepal, subtropical)

Generalization:

rainfall(x, heavy)

terrain(Vietnam, flat)

grows(Madagascar, rice)

terrain(Madagascar, flat)

— grows(Nepal, rice)

terrain(Nepal, abrupt)

grows(x, rice)

climate(Nepal, subtropical)

Figure 24. Empirical or constructive induction from examples.

location(Vietnam, SE-Asia)
soil{Vietnam, red-soil)

- in(Madagascar, Pacific-Ocean)
soil(Madagascar, loamy)

location(Nepal, Central-Asia)
soil(Nepal, red-soil)

\ soil(x, red-sotl or loamy)
terrain(x, flat)




The MTL method will compute a
generalization of the trees corresponding to the
positive examples, generalizadon that does not
cover the trees corresponding to the negative
examples (see the bottom of Figure 24). The
result of learning is therefore a definition of the
relationship "grows(x, rice)", that represents
the common properties of the positive
examples that are not properties of the negatve
examples. Thus, in this case, the MTL method
behaves as empirical induction or as
constructive induction (depending on the
generalization process).

4.3.4.2 Multiple-example explanation-
based generalization

[f the input of the system consists only of
positive examples, that are deductively entailed
by the KB, then the presented MTL method
behaves as the multiple example explanation-
based generalization, or mEBG, that was
developed, among others, by (Hirsh, 1989;
Kedar-Cabelli, 1985; Pazzani, 1988).

5§ Discussion and Conclusion

In this paper we have proposed an abstract
model of a learning system that is improving
its representation of the real world, so as to
consistently integrate new input information
(that represents true facts about the real world,
or appropriate actions to be taken in the real
world). This model allowed the elaboration of
a general multistrategy task-adaptive learning
method, that integrates dynamically a whole
range of learning strategies, depending of the
features of the current learning situation. The
method is based on the idea of understanding
the input through an exploration of the KB,
and an employment of different inference
types. One of the major advantages of this
method is that it enables the system to learn in
situations in which single-strategy learning
methods, or even previous integrated learning
methods were insufficient. Therefore, the
proposed approach has a great potential to
make machine leaming programs applicable to
a wider range of problems. Another important
aspect of the method is that it behaves as a
single-strategy method, whenever the
applicability conditions for such a method are
satisfied. In this respect, the proposed MTL
method may be regarded as a generalization of
the single-strategy methods.

Obviously, humans learn through a kind of
multistrategy method. Although we do not
claim that the presented method is a model of
human learning, we would like 1o mention,
however, that some of the aspects of the
method, do model human learning. For
instance, research in experimental psvchology
(Wisniewski and Medin, 1991) provides
evidence that humans build explanations of
new examples by using the explanations of the
previous examples (as it is also done in the
presented MTL method). Also, the method for
controlling the application of different
inference types (during the understanding of.
the input), although quite simple in the current
version (and definitely a necessary topic of
future research) is related to that employed by
humans (Collins and Michalski, 1989).
Indeed, Collins and Michalski argue that
people solve problems by pursuing different
“lines of reasoning”. They estimate the
"strength” of each line of reasoning, and make
their conclusion on the basis of this evaluation.
If the lines lead to the same conclusion, they
have a strong belief in the result. If the lines
lead to different conciusions, and the
associated "strengths" are roughly similar,
people restrain from making any decisive
conclusion.

There are also many ways in which the
presented MTL method may be improved. One
is to integrate additional learning strategies
(like, for instance, conceptual clustering and
reinforcement learning), and to develop the
included learning strategies (especially learning
by analogy and learning by abduction, which

.are quite simple in the current version). This

will also require further elaboration of the
generalization techniques specific to each
involved strategy. The method may also be
extended with respect to the input. One
extension is to learn also from other types of
input (like general pieces of knowledge, or
input already known). Another extension is to
accept incomplete or even noisy input. If the
input may contain errors, then the system has
to decide if the cause of a contradiction
between the input and the KB is the
incorrectness of the input, or that of the KB,
or both, and to take appropriate corrective
actions. This, of course, complicates
significantly the learning process. Another
important research direction regards the
extension and the application of the MTL



method to the problem of knowledge
~ acquisition from a human expert. In this case,
the method would be extended with an
important interactive component, that would
allow the system to ask different questions to
the human expert, in order to decide on the
best learning actions to take (Tecuci, 1991a,b).
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