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Historically, inductive machine learning has focused on non-
incremental learning tasks, i.e., where the training set can be
constructed a priori and learning stops once this set has been
duly processed. There are, however, a number of areas, such
as agents, where learning tasks are incremental. This paper
defines the notion of incrementality for learning tasks and
algorithms. It then provides some motivation for incremental
learning and argues in favour of the design of incremental
learning algorithms for solving incremental learning tasks. A
number of issues raised by such systems are outlined and the
incremental learner ILA is used for illustration.
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1. Introduction

Machine learning is concerned with the design of al-
gorithms which, rather than encoding explicit instruc-
tions or programs for the solution of specific prob-
lems, encode inductive mechanisms whereby solutions
to broad classes of problems may be derived from ex-
amples. This learning approach is clearly more flexi-
ble than the programming approach and significantly
widens the range of interesting problems that comput-
ers may help to solve.

The traditional formulation of the machine learn-
ing problem has been as a classification problem (e.qg.,
see [22,23]). Informally, one is given some domain
of individuals for which a general classification is re-
quired. The classification is given by a function from
this domain to some small finite set corresponding to
the classes. Examples are available as a training set
which provides the class of some typical individuals.
In addition, some background knowledge relevant to
the inductive task at hand may be available. From this
the general classification of the individuals must be in-
duced.

Although not explicit in this formulation, there has
often been an implicit assumption that the training
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set is available a priori and that learning ceases once
this set has been duly processed. Henceforth, the in-
duced classification is used exclusively to make pre-
dictions about new instances. Despite its applicability
to a wide range of problems (e.g., mine-rock discrimi-
nation, loan underwriting, medical diagnosis), this ap-
proach to learning is clearly not all-encompassing.
There are a number of interesting situations where
learning must take place over time, in a kind of contin-
uous fashion rather than as a one-shot experience.

At the heart of the distinction between these forms
of learning is the notion of incrementality. For histori-
cal reasons, incremental learning has been largely for-
gotten in machine learning research [18]. This paper
is an attempt at re-instating incrementality, by show-
ing its utility in widening the scope of applicability of
machine learning, especially in areas of emerging tech-
nologies, such as agents. The distinction between in-
cremental learning tasks and incremental learning al-
gorithms is clarified. It is argued that incrementality is
rather ubiquitous in learning and that the most natural
and flexible way to tackle incremental learning tasks
is with incremental learning algorithms. A number of
key design issues for incremental algorithms are also
discussed along with the description of an illustrative
incremental learning system.

2. Definitions

The term incremental has been applied both to learn-
ing tasks and to learning algorithms, thus leading to
some confusion. This section attempts to elucidate this
confusion by providing formal definitions and exam-
ples of incrementality for tasks and for algorithms.

2.1. Incremental Learning Tasks
The following characterises the notion of incremen-

tality as it applies to learning tasks.

Definition 1 Alearning task is incremental if the train-
ing examples used to solve it become available over
time, usually one at a time.
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Note that, if one is prepared to wait long enough, any belled sonar readings) are standard examples of non-
incremental learning task can, in principle, become a incremental tasks since all training data is usually

non-incremental on&Hence, for incremental learning

tasks, there is an implicit assumption that waiting is un-
desirable and/or impractical. In particular, the nature of
the application may render unfeasible the timely gen-
eration of a sufficiently large number of representative

examples, either because the environment changes in

time (and thus learning becomes situated or context-

sensitive) or because the rate at which examples be-

come available may be too slow.

The following are examples of incremental learning
tasks. In the first three, incrementality is due to changes
in the target over time. In the last one, the target does
not change, but the acquisition of data is untimely.

— User modelling/profiling With humans, today’s
behaviour is not necessarily a good indication of
tomorrow’s. Experts argue that users’ behaviour
and interests vary radically within as little as six
months. Hence, the useful task of learning user
profiles requires on-line monitoring of individual
users.

RoboaticsIn all but the simplest of cases, a robot’s
environment is changing and often unpredictable.
Hence, in order to survive (e.g., by negotiating
collision-free navigation) and to carry out its tasks
successfully, a robot must be able to react and
adapt incrementally to environmental cues.
Intelligent agents Agents are software imple-
ments characterised by both reactiveness and
proactiveness. Hence, as with robots, incremen-
tality is inherent in agent learning. Traditional
agent applications where learning is useful in-
clude network management (e.g., load balancing,
routing) and intelligent user interfaces.

Software project estimatiorEstimating the cost,
effort and duration of software projects is largely
a matter of experience. Due to the rather long
timescales of such projects however, useful data
becomes available in a piecemeal way, over time.
It has been argued that the construction of an ade-
guate baseline for estimation may take up to three
years. Yet, even limited experience is better than
no experience at all in improving the accuracy of
estimates.

In contrast, classification problems (e.g., discriminat-
ing between rocks and mines from a sample of la-

IThere is one notable exception. If examples are drawn from a
dynamically changing environment, one may have to wait forever
before learning could start!

available a priori.
The main characteristics of an incremental learning
task are:

— Examples are not available a priori but become
available over time, usually one at a time.
— Learning may need to go on (almost) indefinitely.

2.2. Incremental Learning Algorithms

The following characterises the notion of incremen-
tality as it applies to learning algorithms.

Definition 2 A learning algorithm is incremental if,
for any given training sampley, . .., e,, it produces a
sequence of hypotheskg, h1, .. ., h,, such thath; 1
depends only oh; and the current examplg.

Incremental learning algorithms are also called mem-
oryless on-line algorithms (e.g., see [1]). For consis-
tency with learning tasks, the term incremental is pre-
ferred here.

The following is a small sample of incremental
learning algorithms.

— CANDIDATE-ELIMINATION [23,24]. This al-
gorithm induces binary classifications. Given rep-
resentation languages for examples and generali-
sations, both the sé&&t of maximally specific gen-
eralisations and the sét of maximally general
generalisations consistent with the training data
are storedd is initialised to the most general con-
cept in the space anfl to the first positive train-
ing instance.S keeps generalising to cover new
positive training instances artd keeps specialis-
ing to avoid covering negative training instances.
Changes ta5 andG are effected as training in-
stances are presented one at a time.

COBWERB [11]. This algorithm induces taxonomies
or categorisations. The number of clusters, depth
of the hierarchy and category memberships are
determined by a global probabilistic metric, called
category utility. Any time a new training instance
is presented, the algorithm considers the overall
quality of either placing it in an existing category
or modifying the current hierarchy to accommo-
date it (e.g., create a new category, merge cate-
gories). Only probabilities are stored and updated.
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— ID5[32]. This algorithm induces decision trees. It  ing are highlighted, which show that incrementality is
is an incremental version of ID3 [27]. Instead of ubiquitous in general learning. Then, a short discus-
building a tree from a batch of training examples, sion of applicability versus utility provides the motiva-
it incrementally updates a tree after each training tion for the development of incremental learning algo-
instance is presented. All transformations are per- rithms.
formed by simply maintaining appropriate coun-

ters at each node. 3.1. The Ubiquity of Incremental Tasks
— ILA [16]. This algorithm induces classifications.
Itis described in some detail in section 5. It has long been argued that self-adaptation is a pre-

Note that, if one relaxes slightly the above definition equisite for generalintelligence [25] and that learning,
to allow the next hypothesis to depend on the previous N Particular, involves the ability to improve perfor-
one and a small subset of new training examples (rather Mance over time [29]. Clearly, humans acquire knowl-
than a single one), then an iterative implementation of €dge over time, i.e., incrementally, since all of the in-
the bayesian framework, where the previous iteration’s formation necessary to learn many concepts is rarely
posterior is the current iteration’s prior, would also be available a priori. Rather, new pieces of information
suited to incremental learning. become available over time, and knowledge is con-
In contrast with the above, most well-known learn-  Stantly revised (i.e., evolves) based on newly acquired
ing algorithms, such as ID3 [27], CN2 [5] and back- information. Most of the applications described in sec-
propagation [28], are not incremental. Essentially, they tion 2, such as those involving intelligent agents and
assume that the training set can be constructed a priori, Fobots, require self-adaptation.
that examples may be processed more than once and Although inductive mechanisms play a crucial role
that learning stops once the training set has been duly in human learning, they are by no means exclusive. It

processed. is quite clear that commonsense, built-in mechanisms
The main characteristics of an incremental learning (€.9., pain) and engagement in complex social interac-
algorithm are: tions (e.g., families, schools, work places) also provide

means of knowledge acquisition/exchange through
rote learning [30]. Hence, humans need not always “re-
invent the wheel”, but may learn from both rules given

by a “teacher” (i.e., rote learning) and rules obtained
from examples (i.e., inductive learning). Consider the
following illustrative examples.

— No re-processing of previous examples is neces-
sary.

— Since eachh; can be viewed as a best approxi-
mation so far of the target application, the learner
can, at any time, produce an answer to a query and
the quality of its answers improves over tifhe.

— Computer programming is largely learned by be-
ing taught and further enhanced through experi-
ence.

— Foreign languages are acquired through a com-
bination of teaching and learning. For example,
grammar rules are often taught explicitly (e.g., in
English, the plural of a noun is usually formed

Clearly, non-incremental learning algorithms can be
used to solve incremental learning tasks. For example,
the ID3 and backpropagation algorithms can learn by
processing one example at a time. However, all pre-
viously encountered examples must remain available
explicitly to enable learning — in ID3 to compute en-
tropies and in backpropagation to compute mean sum- k ;
squared errors. In other words, learning incremental by tagging ars onto the end of the singular form
tasks with non-incremental algorithms requires com- of that noun) whilst exceptions are discovered
plete re-training after each example. This issue is re- through experience/mistake (e.g., geese instead of
visited in section 3.2. gooses, mice instead of mouses).

— Children, through a built-in pain mechanism and
precepts taught by others (e.g.,"it will burn you”),
3. Motivation learn (almost instantaneously) not to put their
hand in the fire or on a hot stove.
This section outlines some of the motivation for

incremental learning. First, aspects of human learn- 1 N€ combination of rote and inductive leaming has

been recognised as critical in the design of practical

2This property is also characteristic of anytime algorithms [9], ex- empeddEd (aUtonlomOUS) agents [17'2'3]- In particu-
cept in learning the input determines the process. lar, it allows the direct exchange of theories between
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Learner
Incr.  Non-incr.
Incr. Yes Yes
Task
Non-incr. Yes Yes
Fig. 1. Applicability Matrix
Learner
Incr.  Non-incr.
Incr. High Low
Task
Non-incr. || Low High

Fig. 2. Utility Matrix

agents in multi-agent learning systems. Furthermore,

learners are myopic. They induce knowledge from lo-
cal information only (i.e., current hypothesis and ex-
ample) when global information (i.e., all training data)
is actually available.

The low utility of non-incremental learners for in-
cremental tasks derives from the additional computa-
tional complexity, both in terms of memory require-
ment and time, caused by the storage of past ex-
amples and the need for re-training. Clearly, some
incremental learning algorithms can also have high
complexity. For example, the sefs and G, stored
by the CANDIDATE-ELIMINATION algorithm [24],
may have exponential size, thus requiring exponential
storage and computation. However, for a fixed class of
learning algorithms (e.g., decision tree learners), some
general observations can be made as follows.

LetS = (ey,...,e;) be a sequence of training ex-

empirical evidence suggests that the ability to use rules amples for some incremental tagk Let A7°" and
and examples increases learning speed by pruning andh;™¢ be the hypotheses obtained frgfrby some non-

constraining the search for generalisations in the in-

incremental (resp., incremental) procesg@%"™ and

put space, reduces memory requirements and improvesPin<. In addition to storing:?°", P"°™ must also store

overall predictive accuracy (e.g., see [14]). Although

S sinceT is an incremental task and further train-

in some cases, such as theory revision/refinement (€.9.,jng examples may become available. Hence, the stor-

see [13,26,31]), all of the “teachable” knowledge may
be available a priori, most learning tasks using both
rote learning and induction are inherently incremental.

Finally, empirical evidence suggests that in some

cases, learning is only possible when data is presented

incrementally. For example, in the context of learning
grammar with a recurrent network, it has been shown
that the “network fails to learn the task when the entire

age requirement oP™" is | A™ | + | S |. On

the other hand, the storage requirement R5r° is

| hine |. Because of the myopic effect mentioned above
and the inherent expectation that new examples may
be encountered later (see also section 4PF¥¢ of-

ten incurs some storage overhead, so that in general,
| hi"e |>| hZ°™ |.3 On the other hand, it is also rea-

data set is presented all at once, but succeeds when thesonable to expect that the size of the overhead (i.e.,
data are presented incrementally [with an easy to hard | 7{" | — | h7°" |) is less than that of, espe-

ordering]” [10].
3.2. The Utility of Incremental Learners

From the definitions of section 2, it is clear that, in
principle, the matrix of applicability of learning algo-
rithms to learning tasks, from the perspective of in-
crementality, is full (see Fig. 1). On the other hand, it
seems also rather clear that, in practice, the matrix of
utility has high values in the main diagonal only (see
Fig. 2).

The low utility of incremental learners for non-
incremental tasks derives from the fact that incremen-
tal learners can only make use of information present
in the current hypothesis and example. If all the exam-
ples are available a priori, then useful information may

cially asi gets larger. Henceé?™™¢ requires less storage
space thaP™°™, Similarly, it can be expected that the
computational cost of constructigf?] by re-training
P™™ on S U {e;+1} is larger than the cost of con-
structing {75 using Pi"c. For example, it has been
shown that, gived training instances and attributes,
the total number of attributes that ID5 must examine
is O(I.A?) against O[2.A42) for ID3 with re-training
after each instance [32].

It follows from the above that, although all learning
algorithms are applicable to all learning tasks, the most
natural and flexible way to handle incremental learning
tasks is with incremental learners.

3Since P™°™ assumes tha§ is “complete”, such overhead is un-

be unnecessarily ignored. In such cases, incrementalnecessary.
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4. Design Issues

This section highlights some of the main issues
raised in the design of incremental learners. A number
of these are also found in [8].

4.1. Ordering Effects

Chronology, or the order in which knowledge is ac-
quired, is an inherent aspect of incrementality. Thus,
it is possible to integrate time implicitly as a factor
and another source of bias in learning. For example,
the system could choose to give precedence to newly
acquired knowledge, recognising the possibility that
early guesses may be incorrect (e.g., see [21]). Alter-
natively, a learning system'’s experience with the world
could be appropriately ordered (e.g., general rules be-
fore exceptions) so as to increase its efficiency (see sec-
tion 2.1).

Although chronology may be used as a bias, it pre-
supposes that the ordering of the data carries some
meaning that should be implicitly captured by the
learning system. Such is not always the case. Tech-
nigues have been proposed to deal with ordering ef-
fects in incremental systems (e.g., [6,7,12,20]), but
the question of whether order independence can be
achieved (if desired) remains largely open. One can ar-
gue that for large (and rich) enough training sets, the
effects of ordering become more limited, as the current
representation of the system eventually matches real-
ity. In other words, global statistical patterns ultimately
override errors or misrepresentation due to local pat-
terns of noise, lack of information, or plain errors. In-
deed, incremental learning presupposes redundancy in
the data, as is true in human learning. Similar situations
have a tendency to reproduce themselves so that gen-
eral rules (or analogies) can ultimately be drawn from
them.

4.2. Learning Curve

An incremental system may start from scratch and
gain knowledge from examples given one at a time
over time. As a result, the system experiences a sort
of learning curve, where the quality of its predictions
improves (possibly slowly) over time. Inherent in this
is the fact that the system is not very trustworthy early
on. Hence, although the system can make predictions
at any time, one must be cautious with how much
value is placed on them. Furthermore, it is difficult to
determine the point at which the system has learned
“enough” to be trusted.

ncremental Learning
4.3. Open-world Assumption

Informally, non-incremental learning assumes that
the world is closed. That is, the system essentially
works under the premise that its experience of the
world, i.e., its training setjs the world. Although
this can be theoretically convenient, it certainly does
not hold in everyday life, where information, however
much of it is available, is generally uncertain and in-
complete.

Consider, for example, the complementary situa-
tions of having to accommodate exceptions and recov-
ering from them, as illustrated in the case of learning
whether birds fly.

— Accommodating ExceptiorSuppose that the train-
ing sample is made out of common European
birds. Then, birds will be predicted to fly and, if
the world is assumed closed, this will apply to all
birds, even the penguins and ostriches the system
may later encounter.

Recovering from Exception$Suppose that the
training sample is rather atypical, consisting of
birds from Australia and the South Pole (i.e.,
mostly ostriches and penguins). Then, birds will
be predicted not to fly and, if the world is assumed
closed, this will apply again to all birds.

In both situations, further experience must be allowed
to alter the the truth of previously accepted facts, if a
solution consistent with theeal world is to be found.
Humans use commonsense reasoning to deal with their
partial representation of the open world (e.g., see [4,
19)).

The need for an open-world assumption is clearly a
consequence of incrementality. If all the data relevant
to the problem at hand is indeed available a priori, then
the world may be assumed closed. Otherwise, there is
a need for special learning mechanisms that invalidate
portions of knowledge, while not affecting the rest of
it.

In order to deal with ordering effects and the open-
world assumption incremental learners often need to
store more information than their non-incremental
counterparts, as alluded to in section 3.2.

5. Implementation: An Example
To illustrate how the aforementioned issues may be

addressed in a learning system, this section briefly de-
scribes ILA [16].
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ILA implements its knowledge base in the nodes of a

Broadcasty)

network that is a balanced binary tree. Training data are Gather(D(z,y), MIN), (num.asserted, MAX),

presented incrementally and the system adapts by dy-

namically adding nodes to the network. The final net-
work is thus the result of a sequence of self-organising
transformations. All computations require only simple

broadcast and gather mechanisms. Hence, ILA makes

use of inherent parallelism in execution, and exhibits
low-order polynomial complexity. The choice of a hi-
nary tree architecture is historical and only useful for
the efficient identification of best matches (see below).
ILA's representation language is an instance of the
attribute-value language (AVL). In ILA, attributes may
range over nominal domains and bounded linear do-
mains, including closed intervals of continuous nu-
meric values. The basic elements of knowledge in AVL
are vectors defined over the cross-product of the do-
mains of the attributes. The components of a vector
specify a value for each attribute. Since ILA induces

classifications, one attribute is designated as the target

or class attribute. The following simple extension is
made to AVL. If A is an attribute, other than the target
one, andD is the domain of4, then A takes on values
from DU {%, 7}. The special symbolsand ? stand for
don’t-care and don’t-know respectively. The seman-
tics associated witk and ? are different. An attribute
whose value is is one that is known (or assumed) to
be irrelevant in the current context, while an attribute
whose value is ? may be relevant but its actual value is
currently unknown. Hence, thesymbol allows the en-
coding of rules, while the ? symbol accounts for miss-
ing attribute values in real-world observations.

Let z andy be two vectors. The following defini-
tions are necessary to describe ILAs learning algo-
rithm.

— z is arule if it contains attributes whose values
are x, otherwisex is anexample. Rules can be
given explicitly by a teacher or induced from ex-
amples by dropping conditions [22].

— z andy areconcordant if and only if they have
the same class value.

— z andy arenear_match if and only if they differ
in the value of exactly one noxattribute (class
excluded).

— zis asubset of y if and only if all non« attributes
of = have identical values ir andy (class ex-
cluded)?

4Linear values are deemed identical if they are close to each other
(see [16] for details).

(priority, MAX), (num_covers, MAX))

Fig. 4. Execution Phase

— x covers y if and only if z andy are concordant,
andy is a subset of.

— num-asserted(x) is the number of nor-values
in .

Each node stores a vector, together with the vec-
tor's priority value (pty), counters for each class
value (counters), and a counter for vectors covered
(num.covers). A node’s priority is a static value with
default 0. These static priorities are useful for dealing
intensionally with conflicting rules. A node’s counters
are used for noise handling. Exactly one counter value
is incremented each time an incoming training vector
is equal to the node’s stored vector. The value incre-
mented corresponds to the training vector’s class. The
counter value that is highest represents the “most prob-
able” class for the node’s stored vector, and can thus
be used as the node’s output in execution. A node’s
num.covers value corresponds to the number of train-
ing vectors (examples and rules) that the node covers.
It can be regarded as a kind of dynamic priority value
for dealing extensionally with conflicting rules, and is a
measure of the level of confidence in the node’s stored
vector.

A node’s activation is the “distance” of its stored
vector,z, to the vectory, it is presented. The distance
is computed frome to y as shown in Fig. 3D is an
extension of the heterogeneous distance measure pro-
posed in [15]. AlthoughD does not define a metric
over the input space, it accounts naturally for the pres-
ence of don’t-cares and missing values.

ILAs learning consists of two phases: execution and
adaptation. In the execution phase, the training vector
is presented to the network and a winning node is iden-
tified as shown in Fig. 4. The training vector is denoted
by y and the pairs stored in nodes by The details
of the Gather() function are given in [16]. Essentially,
it consists of having each node compute its activation,
and as values are passed up the tree to the parent, iden-
tifying a local winner by first minimising the activation
(i.e., node whose stored vector is closest, or most sim-
ilar wins), then resolving ties by giving priority to the
more specific node (i.e., larger value of niasserted),
then to the node with higher static priority, and finally
to the node that has been matched most often so far
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r; #yi 0 (
lzi — i
Z range(t) it (
i#target 0.5 |f (.’L’i :?) V [(.’L’z ;é *)
0 otherwise

D(z,y) =

T, yi # *,7) A (attributei is nominal)
xi,yi 7 *,7) A (attributes is linear)
A((yi =#)V (¥

=7)]

num-_asserted(x)

whererange(i) is the range of values of attribute

Fig. 3. ILA's Distance Measure

(i.e., larger value of nungovers). Each node is tagged
as SELF, RIGHT or LEFT, based on which node wins
the local competition (i.e., itself or one of its children).
An overall winning node is then easily identified. Giv-
ing priority to more specific nodes helps in handling
exceptions (see section 4.3). Giving priority to nodes
with higher static priority values accounts for certain
conflicting rules given a priori. Finally, giving priority
to nodes whose nurovers value is greater increases
the chances of selecting a “most likely to be correct”
winner.

The output of the winning node is the system’s out-

put and its current best guess at predicting the outcome

of the incoming vector. Hence, the system thus pro-
duces an answer at any time (see section 2). Clearly,
predictions in the early stages of learning may not be

very accurate. However, since the execution phase is
followed by an adaptation phase, as more examples are
presented, the system’s predictions improve (see sec-

tion 4.2).

Following the execution phase, the network under-
goes adaptation. The knowledge base/network is up-
dated based on the relationship between the training
vector and its best match. If the network is empty, then
there is no winning node and a new node is automat-
ically added for the training vector. In all other cases,
the algorithm in Fig. 5 is executed. The winning node
is denoted by¥, the vector stored ifi’ by z and the
training vector byy. As nodes are added to the net-
work, the binary tree structure is kept balanced. Gener-
alisation consists in setting the value on which the two
vectors disagree te. The various conditions on when
to generalise have the following purposes. The concor-
dant condition is self-evident. The neayatch condi-

tion guarantees that vectors that produce a generalisa-

tion are, in some sense, close to each other in the in-
put space. The condition on the relative number of as-
serted inputs (variable diff) controls the level (or spar-
sity) of generalisation. The larger the value the bigger
the inductive leap. The value of 1 is supported by em-

diff «+ |num.assertedf) - num.asserted))|

if (z is identical toy) then
incrementz.countersj.class]
if (y.pty > x.pty) then
z.pty < y.pty
incrementz.countersy.class]
else if @.pty > y.pty) then
incrementz.counters.class]

else if (e andy are concordant) and
(y is a subset of)) then
incrementz.num.covers

else if (e andy are concordant) and
(z andy are neaimatch) and
(diff < 1)) then
if ((num_assertedf) < numasserted()) and
(numassertedf) > 1)) then
generalise:
else if (numassertedyf) > 1) then
generalise
create a node fay
deletelV/

else if (@ andy are concordant) and
(z is a subset ofy)) then
incrementy.num.covers
create a node fay
deletel?V’

else
create a node fay

Fig. 5. Adaptation Phase

pirical evidence. Finally, the condition on the relative

values of numasserted increases the amount of gen-

eralisation, and the condition on the absolute value of
numasserted guarantees that no rule is created that has
only x values and thus covers the entire input space.



8 Giraud-Carrier / Utility of Incremental Learning

The inherent symmetry within the “identical” case
and across the two “subset” cases is a reflection of
ILA's attempt at reducing the effect of ordering on
learning (see section 4.1).

Evaluating ILA for predictive accuracy on a test set

[3] P. Brazdil, M. Gams, S. Sian, L. Torgo and W. van de Velde,
Learning in distributed systems and multi-agent environments,
In Proceedings of the Second Workshop on Algorithmic Learn-
ing Theory (1991), pp. 15-29.

[4] G. Brewka,Nonmonotonic Reasoning: Logical Foundations of
Commonsens€ambridge University Press, 1991.

consists of presenting every vector in the test set and 5] p, clark and T. Niblett, The CN2 induction algorithiachine

only running the execution phase. A number of ex-
periments with ILA are reported in [16]. The results

on standard classification problems are comparable to

those obtained by non-incremental learners. Although
a number of useful mechanisms are in place, further
experiments are needed to evaluate ILA on genuinely
incremental learning tasks.

6. Conclusion

This paper revisits the issue of incrementality in
machine learning. It provides formal definitions and
a number of examples of both incremental learning
tasks and incremental learning algorithms. The paper
also argues that incrementality is ubiquitous in learn-
ing and that the most natural way of tackling incremen-
tal learning task is with incremental learners. Several

issues raised by the design of such learners are exam-

ined and a system, called ILA, is presented to illustrate
how these can be addressed in an implementation.

As computers become an ever-increasing part of
people’s lives and their use extends to new and chal-

lenging areas, it seems reasonable to expect the need;s;

for flexible learning algorithms to increase. If such is
the case, incrementality must be taken seriously and
embedded in the design of artificial learning systems.
Incrementality only adds flexibility and broadens ap-
plicability.
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