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Abstract

Application of machine induction techniques in complex
domains promises to push the computational limits of non-~
incremental, search intensive induction methods. Learning
effectiveness in complex domains requires the development
of incremental, cost effective methods. However, discussion
of dimensions for comparing the utllity of differing incre-
mental methods has been lacking. In this paper we intro-
duce 3 dimensions for characterizing incremental concept
induction systems which relate to the cost and guality of
learning. The dimensions are used to compare the respec-
tive merits of 4 incremental variants of Quinlan’s learning
from examples programn, [D3. This comparison indicates
that cost effective induction can be obtained, without sig-
nificantly detracting from the quality of induced knowl-
edge.

I Introduction

Work in machine learning has coucentrated significantly
on the problem of concept induction (e.g., learning from
exanples, conceplual clustering). Thus far, the majority
of concept induction systems are nonincremental, in that
they require all objects over which induction is to occur to
be present from the outsel of system execution, while in-
cremental systems accept objects over a span of time. Mo-
tivations for incremental systems hinge primarily on the
realization that as learning systems are required to deal
with a greater number and diversity of observations, non-
incremental systems may not be computationally usable
(Michalski, 1985). Specifically, the primary motivation for
incremental induction is that a knowledge store may be
rapidly updated as each new instance is encountered, thus
sustaining a continual basis for reacting to new stimutli; this
property is becoming paramount with the development of
simulated world environments (Carbonell & Hood, 1985;
Saminul & Hume, 1985) which promise to push the limits
of current learning systems.
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Along with the cost advantages of incremental systems
come disadvantages which emerge as a result of the con-
straints mandated by performing rapid update. Nonin-
cremental concept induction systems tend to be search
intensive (depth-first with backtracking, breadth-first, or
version-space) which requires maintaining a frontier of hy-
potheses and/or a list of previously observed instances
(Mitchell, 1982) until some stable hypothesis is converged
on. New objects serve to expand the frontier of hypothe-
ses which makes incorporation costly. However, exhaus-
tive techniques generally guarantee that a correct or opti-
mal hypothesis is obtained. Incremental systems seek to
reduce the cost of update, thus precluding the luxury of
keeping past instances or equivalent information (i.e., a
frontier of hypotheses). Incremental systems will generally
require more objects to converge on a stable hypothesis,
and may sacrifice the guarantee of the correctness or opti-
mality of a final hypothesis. A reduction in search control
yields a search process which Simon (1969) has termed sat-
isficing. An environmnent which places constraints on re-
sponse time precludes searching for optimal solutions, and
necessitates a search for satisfactory hypotheses. This does
not preciude the possibilily of obtaining optimal solutions,
but only the explicit search for such solutions. In fact,
a satisficing strategy can allow rapid memory update and
hypotheses which are of high quality.

As interest in incremental learning mounts, it becomes
increasingly important to make explicit the compulational
properties {e.g., cost, concept quality) of incremental in-
duction techniques, and not limit their characterization to
the behavioral property that objects are accepted one at a
time. For instance, any exhaustive search technique (e.g.,
version space) can be implemented so as to accept instances
incrementally, but such an implementation may have lim-
ited utility in an environment demanding incremental com-
putation. In this paper we discuss several dimensions which
differentiate incremental and nonincremental learners, as
well as serving as a basis for evaluating compeling incre-
mental systemns. These dimensions are
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o The number of observations required by a learning sys-
tern to obtain a ‘stable’ set of concept descriptions.

o The cost of updating memory to accommodate an ob-
served object.

These two factors can be combined into a single measure
of cumuliative cost, which reflects the amount of resources
expended during learning. A last dimension for character-
izing incremental induction systems is:

o The quality of concept descriptions derived by a con-
cept induction system.

The remainder of the paper focuses on a case study for
discussing these dimensions. Specifically, the dimensions
are used to compare the behavior of several incremental
variants of Quinlan’s (1983, 1985) ID3 program. FEach sys-
tern is of the learning from examples variety, and each
builds decision trees over observed objects which distin-
guish positive from negative instances. A formal analysis
of these systems is bolstered by an empirical analysis which
indicates that object incorporation can be considerably re-
duced without a significant decrease in the quality of de-
rived decision trees. In general, however, reducing update
cost iinplies an increase in the number of observed objects
required to find an ‘optimal’ tree.

II A case study: ID3

Quinlan’s (1983, 1985) ID3 constructs a discrimination
tree that distinguishes between examples and nonexam-
ples of a particular concept. The algorithm starts out with
an empty decision tree and a collection of examples and
nonexaruples of a concept. Each object is described by a
number of attributes {e.g., size, shape, color) and a value
for each of those attributes (e.g., size is red). A measure
is applied to each of the attributes to determine how well
they discriminate between positive and negative examples.
The most informative attribute is used to form the root of
the decision tree with a branch for each of its values. The
instances are then Jivided into groups according to their
value for this attribute, and the process is recursively ap-
plied for each group, thus building subtrees. The process
continues until all of the examples in a subtree are either
posilive or negative. At this point, the decision tree com-
pletely discriminates between examples and nonexamples

of the concepl to be acquired.

The choice of a measure for selecting discrimination tree
rools is critical if good decision trees are to be obtained.
ID3 uses an information Lheoretic measure to determine
which attribute values best divide an object {sub)set at
cach subtree. ID3 has also been designed to accommodate

occasional errors (or noise) in the concept instances. In a
noisy situation, 13 will attempt to discriminate between
every positive and negative instance, resulting in a deci-
sion tree which may be unnecessarily large. To limit this
growth, a x* (chi-squared) statistical test is used to insure
(with a high degree of confidence) that the sampling of in-
stances is not due to chance. A more detailed account of
ID3 and its measures can be found in Quinlan (1985).

I1D3 is a nonincremental algorithm where a large num-
ber of instances are available for processing at one time.
One *brute force’ method of applying ID3 in an incremen-
tal manner would be to allow objects to be presented one
at a time, and simply rerun 1D3 as each object is observed.
However, the ID3 framework is amenable Lo modification
so that instances may be processed one at a time in an
efficient, computationally incremental manner. The heart
of these modifications lies in a series of tables located at
each potential decision tree root. [Each table consists of
entries for the values of all untested attributes and sum-
marizes the number of positive and negative instances with
each value. As a new instance is processed, the positive
or negative count for each of its attribute-values is incre-
mented according Lo whether this instance was an example
or nonexample. Classilication then proceeds down the the
appropriate subtree. If a subtree is encountered which does
not yet have a root test attribute, and there are both pos-
itive and negative counts for classified instances, then the
information measure is used to compute the most informa-
tive of the previously unused attributes. This attribute is
then evaluated using the x? test; if it is unlikely to have
arisen by chance, then it is chosen as the root attribute.
Otherwise, this root is left empty. The process continues
until either all instances at a subtree are ol one type (pos-
itive or negative) or a new root cannot be reliably chosen.
Table 1 depicts the steps followed in the modified version
of ID3. This modification is termed [D4.

ID4 also allows changing a poorly chosen root (step
3d). Changing the root of a subtree discards information
gleaned over previous instances and requires examining a
number of subsequent instances before deeper subtree roots
can be rechosen. This process occurs infrequently, to the
credit of the information measure heuristic. As learning
progresses, the important roots (higher in the tree) become
more stable, and changes in subtree root choices have less
of an effect. [n the following analyses, ID4 was able to dis-
card previous subtree attribute choices, and converge on
the same decision tree as 1)3.

II1 Analysis

{n this section, a brute force incremental application of
1D3 (henceforth, simply 1D3) and [D4 are compared with
respect to the dimensions discussed earlier. The formal
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Inputs: A decision tree, One instance.
Output: A decision tree.

1. If Lhis instance is positive, increment the total number of
positive instances. Otherwise increment the number of neg-
atllve instances.

2. If all of the instances are positive or negative then return
the decision tree.
3. Else
(a) Compute the expected information score.

(b) For each attribute, for each value present in the in-
stance, increment either the number of positive or

negatlive instances.
(¢) Cormpute the information scores for all attributes.

(d) M there is no root or the maximal attribute is not the
root, then build a new tree.
i. If the maximal attribute is x? dependent then
make it the root of this tree.
ii. Make a test link from the root for every value of

the root attribute.

(e¢) Go to step I with the subtree found by following the
link for the root attribute’s value in this instance.

Table 1: Pseudo code for incremental TD4.

analysis is augmented with an empirical analysis, during
which two additional incremental variants are introduced
(1’63 and [f)\4). The introduction of these latter methods
serves Lo refine the space of incremental techniques, and
empirical analysis indicates that the cost of incorporating
an instance can be significantly reduced without signifi-
cantly effecting the quality of learning.

A. Number of observations to an effective char-
acterization

An important computational measure is the number
of instances required to construct an optimal tree. [D3
chooses an attribute to form the test for the root based on
the information that attribute contains over the observed
instances. A sample of objects (from the environment) of
sutlicient size, ng, must be seen for [D3 to choose the root
attribute whose values best discriminate objects of the en-
vironment as a whole. This is true in the creation of all
subtree roots as well, where the required number of objects
is n,, for the subtree rooted at node jy of level ¢. For an
entire level, 7, of the decision tree, n, (= 32, n,;) represents
the number of objects required for all nodes at that level
to attain a stable discriminating attribute. A level cannot
stabilize until previous levels have achieved stability, and
thus 7, > n;.;. Since 1D3 retains all instances seen, the
number of objects to construct a decision tree of depth d
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d-1
maxr, = fig_
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Again, assuming a representative object sample, ID4
muast examine the same ngy instances in order to choose
the root attribute in an optimal manner. However, be-
cause 1D4 does not store all instances encountered, at the
next level it must examine another n; instances because
the first ny instauces are not available for inspection. Con-
sequently, the number of instances required to construct
the tree is the sium of all of the root choice points, or

d-1

-1
>

1=0

B. Cost of updating memory

In ID3, to update a tree is to build a new tree from
scratch. Constructling each node of the tree requires that
instances be examined to determine their values for previ-
ously unused attributes. The cost of constructing an entire

tree is
|A|-d

> ax|fl =0 x A"

a={A|
where |/| is the number of instances, |4] is the number of
attributes, and d is the depth of the tree (which cannot
exceed |A|).

If a tree is built after every instance, then the above
expense is incurred over a single object, over two objects,
..y Jor a total of

1
Yoix |l =01 x4
i=]

Asymptotically, the most important term is |/|* since the
number of instances is presumably much greater than the
number of attributes.”

In 1D4, building a decision tree is proportional only to
the number of objects times the square of the number of
attributes, as shown below

L. .
D147 = ol x 14
1—1

C. Cost to performance

A third measure combines the previous two: what is the
overall expense of constructing an effective characterization
if it is done in a incremental manner? For 1D3, the number

“*Quintan (1983) also presents a ‘windowing’ method which builds
a decision tree based on a subset of the given instances. All of the re-
naining instances are then used to test this tree. If it fails to correctly
classify each, the window is enjarged and the process repeated. This
algorithm, however, is also asymptotically bounded by |/2| since the
dominant cost is testing each of the instances.



of objects to an efficient characterization is ny.;. When
this is substituted into the cost equation for 1D3 we have

-y

Y ix|AF=0

izl

[nd.1 x 14)?]

For 1D4, the number of instances to an optimal decision
tree is larger: Ef;o‘ n;. Substituting this into the expres-
sion for object incorporation yields

~d—

L,;.l. n, d--1
2 4P =03 (n) x 141
=1 =0

Comparing total expense hinges on the number of in-
stances required to select each subtree root attribute. If
ni > Y& ln; then ID3 is more expensive than ID4. This
is very likely the case, since the number of instances re-
quired to construct the tree is probably greater than the

depth of the decision tree, or ny.; > d.

Our analysis has assumed a ‘representative’ sample of
objects - lacking a rigorous discussion of regularity and
distribution of objects in an environment, we now perform
an empirical analysis.

IV  Empirical performance

Consider the task of classifying chess endgames. Given
a board position, a classifier attempts to identify the situ-
ation as a win or loss. Following Quinlan (1979), we define
a concept attainment task as determining whether a black
king and knight versus a white king and rook results in the
safety or loss of the black knight or king in two moves with
black to move. Figure 1 depicts a sample board configura-

tion.

@ A

Figure 1: Example of a safe, pinned black knight.

Boards were randomly generated and described in terms
of the distance (in squares) between each pair of pieces
(6 attributes of this type), board relationship between
every pair of pieces (i.e., whether they lie on the same

rank or file, diagonal, or otherwise) (6 attributes), and
the square type where each piece resides (i.e., corner,
edge, or otherwise) (4 attributes). There are a total of six-
teen attributes, each with three values. Although there are
6% x 6% x 4% — 2,985,084 objects possible, an exhaustive
enumeration of the actual 95,480 distinct knight pins indi-
cates that there are only 3,259 actual objects in terms of
these attributes.

Four behaviorally incremental variants of the ID3 algo-
rithm are tested. The first is a brute force version of ID3
which constructs a new decision tree from scratch after
each new instance is received. A smarter version, [D3,
only reconstructs the decision tree when an instance has
been misclassified. The third variant is ID4; the counts of
positive and negative instances are updated for each new
instance. Finally, the fourth variant I”I’)\il, only updates at-
tribute counts when an error in classification is made (sim-
itar to [D3). The same randomly generated boards (= 69%
of the instances were positive) were presented to these four
variants. The decision tree formed by all of the variations
tested is depicted in figure 2.""

[dist-bk-knight |
one >two two
|dist-wk-knight |

[dist-uk-knight |

Figure 2: Decision tree for a safe knight pin.

For the three more efficient algorithms, the number of
observations required to form this decision tree ranges from
the least for ID3 to the greatest for [D4. Figure 3 depicts
the average depth of the decision tree in figure 2 (averaged
over 50 executions) built by each variant as a function of
the number of instances. Depth gives a rough and sim-
ple picture of learning speed, but should not be equated
with correctness. D3 raptdly builds a complete tree, while
ID4 requires substantially more instances. D4 requires the
largest, converging consistently on the complete tree after
approximately 20,000 instances.

Though there is a substantial range in the time each
variant constructs its decision tree, each of the variants
quickly forms an effective classification for the instances.
Classification performance of the three more efficient vari-
ants (averaged over 50 executions) was measured over 1000
instances. lior ID3 and ID4, a 90% effective classification
" %*The 7 in the lower right leaf correspouds to a situation where no

instances have been observed. lu fact, the knight cannot be in a corner
and also be pinned by the rook and the black king.
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Figure 3: Average decision tree depth.

is formed after as few as 100 instances. The classification
performance of [D4 takes somewhat longer to level off; it
reaches 75% correct classification after 275 instances, and
90Y¢ correct classification after 750 instances. Thus, al-
though it may take considerable time for these incremen-
tal algorithms to achieve perfect classification performance,
good (= 90%) classification was achieved relatively quickly.
The apparent speed with which these algorithms form an
effective classification is due to the order of the decision
tree’s construction; important, decisive attributes are cho-
sen lirst, leaving tests of lesser value until deeper in the

Lree.

The cost of updating concept descriptions is measured by
counting the number of cornparisons made to incorporate
cach new instance. I'igures 4 and 5 depict the number of
cornparisons per instance for a typical execution (among 50
executions performed) for each variant. TD3 reconstructs
a new decision tree alter each new instance and exhibits
a steep curve, 1D3” O{|I} x |A|*) behavior arises from re-
exatnination of the complete set of saved instances as each
new instance is processed. Iﬁ:‘i, which tests an instance
before rebuilding the decision tree is less expensive than
1D3, but it exhibits occasional peaks as the decision tree
proves inadequate. Though the overall average expense
incurred per instance is low, and it apparently asymptotes
to a small value, the upper bound is still O(|/] x |A]*).

The expense of processing an instance in 1D4 is nearly
constant when compared to 1D3 and D3 (note that the
vertical scale for ID4 has been magnified 400 times). The
O(14]*) bound of 1D4 is greater than the usually low cost
of D3, but it is always considerably less than the latter’s
peaks. The fourth variant, IT)\zl, displays the least expense
of the three. It asymplotes to a value as small as D3
while remaining within the bounded expense per instance
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COST PER INSTANCE
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Figure 4; 1D3 and D3 cost per instance.

established by ID4. The price of this efficiency is that D4
learns slowly.

In figure 6 the cumulative performance of each of the
four variants over a typical sequence of 1000 instances is
depicted. The vertical axis reflects the cumulative number
of comparisons made by each algorithm as a function of
the number of instances. The brute force version of 1D3
displays the most expensive approach of the four. The
geometrically accelerating curve reflects the O(|/]* x |A}?)
asymptotic bound. The step function nature of the D3
curve reveals the low, intermediate expense of classifying
instances and the high, intermittent expense of rebuilding
the decision tree from scratch when an incorrectly classi-
fied instance is encountered. ID4 performs O(]A]?) work
for each instance processed, and this is clearly reflected in
its nearly linear curve. The least expensive curve results
from D4 which updates attribute counts only if the test
classification is incorrect.

V Conclusion

As machine learning methods are applied in more
complicated domains, the deficiencies of nonincremental,
search intensive methods have become evident. This has
increased interest in incremental concept induction meth-
ods which process observations as they are observed. An
important point though, is that any nonincremental al-
gorithm can be made to behave in an incremental fash-
ion (i.e., process observations one at a time). In general,
however, incremental behavior does not insure the compu-
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Figure 5: ID4 and D4 cost per instance.

tational efficacy of such an algorithm. Three dimensions
for evaluating incremental concept induction methods have
been outlined. These dimensions are:

e ‘T'he cost of updating memory to accommodate a new
object.

e The number of objects necessary to obtain a siable
concept description.

e T'he quality of derived concept descriptions.

I'hese dimensions have been used to compare the behav-
jor of 4 incremental variants of Quinlan’s [D3 program. A
case study in the domain of chess endgames has served as
a promising indication that incremental induction meth-
ods can meet the computational constraints of complex
environments, while meeting high standards of quality and
correctness.
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