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1. INTRODUCTION

One of the goals of machine learning research is to give machines the ability to acquire useful
knowledge in ways that people do. Instead of hand crafting the detailed rules needed for a knowledge
based ayutex# to perform with a high level of expertise, we would like to have a system which can develop
these rules from examples. This is desirable because often experts are unable to articulate the rules they

use in making decisions, and in some areas there are no experts.

In the real world of measurements and decisions, very little can be known with 100% conﬁden;e.
Often, it is not possible to gather all relevant information before we must make a decision. The informa-
tion we gather is likely to contain errors and may contain inconsistencies. We work in a resource limited
environment, exhibiting a form of satisficing behaviorr[Simon, 1960]. That is, we ofte;: stop when we find
a solution which is “good enough” even though the solution is not optimal. When we make a decision, the
rules we use tend to work well for the most frequently encountered problems, but unusual circumstances
may require further consideration. For example, in disease diagnosis it is usual to check for a common
disease associated with certain symptoms before doing expensive tests for rare diseases with similar symp-
toms. This thesis sddresses the problems of learning approximate decision rules from imperfect data and

applying these rules in a resource limited environment.

L1. Background

This work has evolved from work on the A? algorithm [Michalski, 1969; Michalski, 1977], and recent
eXtensions [Michalski and Larson, 1983; Becker, 1983]. The AY algorithm s a quasi-optimal solution to
the genera) covering problem, originally developed for and applied to logic circuit minimisation by Michal-
ki 11969]- It’hu been used for sutomatic acquisition of decision rules for expert systems, and conceptual
data 8nalysis. The current work. extends these eforts in the directions of greater ﬂéxibiﬁty, better rule

uality, and greater efficiency.

The problem of learning from noisy data has been investigated by Quinlan using a version of the ID3

d”mhm modified to allow the generation of approximate decision tree; [Quinlan, 1983b]. ID3 is a des-

}
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cendent of the CLS inductive learning system [Hunt, Marin, and Stone, 1986]. Quinlan reports a numt

of findings which are in part replicated in this thesis, with some interesting differences.

Another approach to inductive learning of approximate (also called prodabilistic) decision rules
described in [Rendell, 1983]. Rendell's Penetrance Learning System (PLS) is closely related to CLS a
ID3. PLS produces weighted rules which can be used to determine how likely a particular event is to me

a particular condition.

The idea of the unless condition as a useful extension to production rules was originally introduce
by Winston [Winston, 1983, and elaborated by bot!: Winston and Michalski [Michalski and Winsto!
1985]. Winston’s original implementation of these concepts was in a system for understanding and lear:
ing from stories. The cu?rent work embodies the unless condition concept in the area of learning discrin
inant descriptions from examples, and in the application of rules with unless conditions under constrain!
on decision certainty and applied effort. Winston worked with a semantic network repra;:ntation; th

implementation described here uses the variable-valued logic system VL, [Michalski, 1974].

1.2. Overview

The task of interest here is learning of concept descriptions from examplea [Michalski, 1983]. Il; thi
paradigm, a set of training examples which have been assigned to decision classes by aa experi are used 2
the basis for automatically inducing a general description for each decision class. The rules learned ma
then be used to assign classifications to testing examples (examples for which the correct classification i
unknown).

An example may be a physical object, a situation, a cause, a concept, or nearly anything else tha
can be described in terms of a set of attribute-value pairs. Some learning tasks which fit this paradigr
are:

(1) Establishing sense/concept associations. Given values for sensory inputs for a number of differen

concepts, a rule can be learned for mapping some range of input values to each concep:.



——

umber

ules is
IS &nd

O meet

>duced -

.nston,

learn-
iscrim-
traints

m; the

In this
1sed 38
d maY

tion i8

se that

-adig™

{ e]'ent

e Rain ry)e

) Learning rules for assigning physical objects to classes given examples of physical objects from each

of s Enite number of classes. For example, given examples of animals from different categories in a

classification hierarchy, we can learn simple rules for assigning new examples to categories.

(3) Learning condition-action rules. Given examples of when an action should and should not be

applied, a generalised expression for the condition may be learned.

) Lesrning rules for fault or disease diagnosis from examples of the faults or diseases. Machine learn-
ing has already proven to be an effective means for generating knowledge bases for expert systems in

this area [Michalski and Chilausky, 1980].

A domain is associated with each attribute used to describe examples. The domain indicates the
valoes the attribute may assume. The values in a domain may be unordered (or nominal), linearly
ordered, or hierarchically structured (see Appendix A for a summary of terminology). One of the attri-

bates, called the classification attribute, is used to indicate the class to which an example belongs.

This thesis describes a program called “ExcelL” (for Ezception Learning) which deals with a number
of the weaknesses of Previous systems. Most notably, the system has the ability to learn rules which have |
“2pions. The ability to allow exceptions in inductively learned rules is important when the training
G Doisy because simpler rules may be generated with little or no loss in rule .accuracy, as shown in
Section 4.4, 1t is also a necessary capability for generating rules with unless conditions. Using a main rule
T a2 wnless condition is one way to form a rule with multiple conditions that are ordered according to
el stility. A rule condition has high utility if it is satisfied relatively frequently. In this form of rule,

e mgip r
ule te .
1ds to be satisfied much more frequently than the unless condition. This makes it possible

o allyw
3 trade off c. .
between speed and precision in an inference system which uses these rules. For exam-

ple,
e may bhave a ryle which states:

y I turn the ignition key
Then the car will start

Unless  the car is out of gas or the battery is dead.

(the J, o
/ part) can be used alone for rapid, low cost reasoning, but with somewhat less

® unless part of the rule had also been tested. A method for learning rules with
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exceptions and unless conditions from examples is discussed in Section 2.3. Some attention is also given

methods for using these rules for deductive inference in Section 2.4,

Induction is a necessarily error prone process. It is falsity preserving rather than truth preservip,
That is, except in finite domains, it is not possible to prove a hypothesis generated- by induction to be tru.
but it is possible to prove it false by finding a counter-example. Thus, a hypothesis generated by indu
tion can rarely be used with 100% confidence. The problem of assigning a confidence level to an in&m
tively generated hypothesis is discussed in Section 2.3.2.

Incremental learning is the process of modifying rules so that they are kept consistent with trainin;
examples that trickle in over a period time. This capability is important for knowledge base maintenanc
and for *closed loop” learning systems where feedback about rule performance on testing examples i3 use«
to generate new training examples. One approach is to recreate the set of rules from scratch each time
This works, but is computationally costly and has the added problem that the rules may chmge drasti
cally, confusing the user. A better approach is to generalise or specialise the current rules as necessary tc
maintain consistency. An elegant approach to providing both generalisation and specialization operator:
using a procedure for Anding a rule which discriminates one set of examples from‘ another (i.e. a covering

procedure) is discussed in Section 2.3.4.

A conflict exists when a training example leads to mutually exclusive decisions. This is a problem for
inductive learning systems because it is simply not possible to discriminate between identical objects. A
preprocessor has been provided for Excel. which resolves conflicts in the training data. The conflict han-

dling techniques provided are described in Section 2.2.

Previous learning systems, especially those based on A%, have been computationally costly to use on
large problems. The efficiency problem was serious enough that considerable research effort was de;roted to
techniques for reducing the sise of data sets both in the number of training examples used [Cramm, 1933],
and the number of attributes used in describing examples [Baim, 1984]. During the course of the current

work, several techniques were discovered for tl;arkedly improving the eﬂiciena{y of inductive learning for

systems such as Excel. and A%, These techniques are discussed in Section 2.5.
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1.3. Synopsle

This report discusses various aspects of the problem of learning approximate decision rules from
imperfect data and using these rules in a resource limited environment. Section 2 describes in a general
way the methods used to accomplish the stated goals. Section 3 describes the specific algorithms used in
s implementation of these methods, and the reasoning behind the choice of methods. Section 4 presents
esamples of bow the system actually performs on sample problems, and an analysis of this performance.
Section 5 summarises the results of this thesis and points out directions for future work. Appendix A gives
éefaitions for many of the terms used in this paper. Appendix B is a user’s guide for the Excel. program.

Appendix C contains listings of the input data, program output and summary information for the experi-
weats described in Section 4.

Readers who are unfamiliar with Michalski’s work should start with Appendix A to become familiar
with the terminology and notation used in this paper. The casual reader should read Sections 2 and 5 to

84 2 basic idea of the methodology, and skim the examples in Section 4.

-



2. DESCRIPTION OF THE METHODOLOGY

Learning decision rules from examples is an incremental process when either incomplete informati
is available at the time of initial rule formation or the environment is dynamic so that the decision ru
must be continually modified to agree with new conditions in the real world. A learning process is elo,

3 loop when feedback about performance is used to generate new training examples. Figure 1 shows t

steps involved in a closed loop decision rule learning cycle. Training examples which have been placed

decision classes by an expert are provided to the system. Background rules are used to add new attribu

to training examples with values that are derived from the values of given attributes. The conflict hand!

checks for conflicting training examples and makes appropriate modifications to the data. Next, the rt

‘ TRAINING EXAMPLES F

e
’ BACKGROUND RULEﬂ

eiaborated | examples

CONFLICT HANDLER

consistent | examples

RULE GENERATOR 7

rales

_— ¥
TESTING EXAMPLES —}-——a- RULE INTERPRETER

advice

CRITIC

decision

Figure 1. Decision rule learning cycle,
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generator induces decision rules from the modified set of examples. The rule interpreter takes the set of
decision rules and a testing example and produces a decision, which is presented as advice to a critic. In
some situations the critic will be a human expert who has final say about the decision. In other situations
the critic will be a component of the computer program. If the advice given to the critic is wrong, the test-
ing example with the correct decision may be recycled as a training example so that the set of rules may be
corrected.

2.1, Background Rules

Background rules are used to add or replace attribute-value pairs {selectors} in examples. The value
of the new selector will be functionally dependent on the values of given selectors. A background rule con-
sists of three parts:

formula arrow condition.

The condition is a conjunction of selectors which must be satisfied by an example for the rule to be applied
to it. The formula contains the new variables and formulas for computing their values. The arrow indi-

cates whether the rule will be used to add { <<—) or replace { <—) selectors.

For example, a background rule for adding an area attribute to rectangular objects is written as:
[area := length * width] <<— [shape = rectangle].
I area turns out to be an important attribute for discriminating between the given classes, then much
more concise rules may be generated. Applying the above rule to the example:
[class = success][shape = rectangle][length = 5][width = 7]
yields;
[class = success][shape = rectangle][length = 5|[width = 7][area = 35].
A rule for replacing a numerical area by a qualitative measure of size is written as:
[size := big] <— [area = 30 .. 50].
Applying this rule in turn yields:

[class = success|[shape = rectangle|[length = 5|[width = 7][sise = big).




The concept of background rules as described here was first implemented in the INDUCE program

for learning structural descriptions from examples [Hoff, Michalski, and Stepp 1983]. A forward chaining

process is used to match the conditions of background rules to examples and perform the modifications tq

training examples.

2.2, Conflict Handling

A conflict exists whea training examples with equal values for corresponding attributes occur in more

than one decision class. This presents a problem because the inductive learning algorithm used expects the

training example sets for different decision classes to be disjoint. It is simply not possible to find a rule for

discriminating between identical objects. A conflict may occur because:

(1)

(2)

(3)

The data is noisy - either attributes have been assigned incorrect values or an example has been:
placed in the wrong class. The first situation may happen when imprecise measurements are used.
The second situation may happen when the decision is so difficult that even the human experts do
not exhibit perfect performance.

The attributes used provide insufficient information for making the desired discrimination. For
example, when discriminating between classes of chemical compounds, features of atomic elements
and their relations may be more relevant to making the discrimination than the names of the atomic
elements in a compound; since structurally different compounds may contsin the same set of ele
ments.

The training example répreaents a situation where two decisions hold. For example, in a fault diag- |
nosis problem two faults may occur simultaneously, so it may be desirable allow decision rules to

overlap. Thus, multiple decisions could be triggered for some testing examples.

The human expert must decide what semantics are to be assigned to the data. The expert should

know whether there is likely to be noise in the data, which attributes are necessary for making a discrimi—é

nation, and whether multiple decisions are to be allowed. The expert can direct the system to behave in

one of the following ways when a conflict is encountered:



Ask the user. This option is chosen when the data is required to be consistent but is not known to
be. A conflict would indicate noise, an inadequate set of attributes, or an inaccurate classification by
an expert.

Drop conflicting examples from all classes involved in a conflict. This option should be chosen when
the data is known to be noisy, and the noise is evenly distributed across all attributes, or occurs in
the classification attribute.

Aessign an example which causes a conflict only to the class where it occurs the most frequently. It is
sometimes useful to associate frequency data with training examples, and duplicate examples are
allowed, so in some cases it is desirable to use this information for conflict handling. This option
may be chosen when the data is known to be noisy, but there is a relatively high probability that

training examples will be assigned to the correct class.

Keep conflicting examples in all classes involved in a conflict. This option is chosen when multiple
decisions for an example are expressly allowed. This differs from doing nothing in that modifications

are actually made to the training example sets used by the rule induction algorithm.

Do nothing. This option may be chosen when the data is known to be consistent and the user does

not want to waste processing time checking for conflicts.

These methods of confiict handling are believed to be adequate to handle most situations. The

Xpert is given explicit control, yet relieved of the chore of manually making the example sets consistent.

At this paing :
this Point, implemented systems are not capable of storing or using enough knowledge about the real

wor - " . s i .
14 to perform the task of determining whether or not a given data set is noisy. Nor is it possible to

‘n% i * - LR - *
Watically determine whether multiple decisions should be allowed for examples. Once conflicts in the

tainip
& examples are resolved, the consistent set of training examples may be passed on to the rule gen-

ratoy,
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The task of the rule generator is to to form a rule describing each decision class. This rule may they

2.3. Learning Rules with Exceptions

be used to distinguish examples of one class from examples of any other class. The rule may be approxi. e

mate - it may have exceptions. There are two kinds of exceptions: examples which should be covered by s "

rule for a particular class but are not, called positive ezceptions, and examples which are covered by a rule

but should not be, called negative ezceptions. Figure 2 illustrates a rule with positive and negative excep- Wi

tions. tio
sul
o als 2.8
Rule: If I turn the ignition key
Then  the car starts,
Positive Exception:  If I hot-wire the ignition, .
and the gas tank is full, an
and the battery is charged .
Then  the car starts. tior
Negati . . e rep:
egative Exception: If I turn the ignition key,
and the gas tank is empty, two
and the battery is charged
Then  the car does not start.
aco
Rule for the
Positive Exception ‘car starts’
/ Negative Exception Pass
action / /
fome g ; cann
tarn ke i | cat does l
y / | not start r
¥ ! —
hot-wire | car starts :
1
none ‘
full empty fall empty gos tank
charged ‘ desd battery
Figure 2. A rule with positive and negative exceptions.
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Positive exceptions are of interest in two cases: when the data is noisy, and when examples have
unique names. If the data is noisy, generated positive exceptions may be dropped from further considera-
tion. If the data is not noisy, and unique names are provided for examples, the positive exceptions may be

enumerated easily using their names. Otherwise, a rule which covers all positive examples should be used.

Negative exceptions are also of interest in two cases: when the data is noisy, and for generating rules
with unless conditions. As for positive exceptions, when the data is noisy the generated negative excep-
tions are dropped from further consideration. If the data is not noisy, an unless condition can be used to

summarise the negative exceptions found for a rule.

2.3.1, Characteristics of Rules with Unless Conditions

The form of a rule with an unless condition (also referred to as a censor [Winston, 1983; Michalski
and Winston, 1985]) is shown in Figure 3. Formula 1 is the normal form for a rule with an unless condi-
tion where D is the decision, P is the premise, C is the censor, the symbol |_ means unless, and 7
represents the confidence in the decision when the premise is satisfied but the censor is untested. There are
twa types of censors - active and passive. Active censors only apply to logical decision rules and represent
2 condition which iz mutually exclusive with the decision. If an active censor is satisfied, the negation of
the decision is known to be true. A logically equivalent form for an active censor is shown in F ormula 2,
Passive censors apply to all types of production rules and represent a condition under which the decision

[3 N
annot be triggered. Formula 3 gives a logically equivalent form for a passive censor. If the censor is

N
Formulal. D <« P[_C : 4
Formula2. (D ® C}) <= P
Formula3, (D v C) <= P
Figure 3. The form of rules with unless conditions.
—
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tested and fails to be satisfied, the confidence in the decision is 1 (certainty). For a discussion of th,

development of rules of this form and additional semantic considerations which are not dealt with here see

That '

[Michalski and Winston, 1985]. | Usuall
A fundamental goal behind the creation of rules with unless conditions is that they provide a tech.

: ' 2.8.2.
nique for implementing a variable-precision logic. That is, it is possible to specify guidelines for satisfac.
/
tory confidence levels and resource utilisation, and modify the way the rules are used to meet these guide.

lines. To meet this goal, the parts of a rule must have certain properties: The <o

sion, a

(1) The decision must hold with a high degree of confidence for a majority of the cases when the premise

- above,
is true. We should be able to do reasoning with only the premises of rules, ignoring unless condi-
tions, and be able to reach conclusions with a reasonably high confidence.

(2) The unless condition must hold with a high degree of confidence for a small number of cases when where
the premise is satisfied but the decision is false (active censor) or unknown (passive censor). Note observe
that if the unless condition holds for a large number of cases when premise is satisfied, then the 7 since
confidence 7 must be low. number
More formally, consider some rule R with confidence 7. Let {2 be the universe of all training exam- w

. ples, {1, be all examples such that the premise of R holds, {1, be all examples such that both the premise generate
.. ) of a cor

and decision of R hold, and 1, be all examples such that both the premise and censor of R hold. Given
of possib

total knowledge we have
real nun
| 2pp | .
= = . [
T=T | 0y | orrect
If we let more) th
| pe | and is qu
T2 = _—|'| n,
Th
then
levelg asgs

N+71=1

An unless condition should only be generated when
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That is, the main rule should have a confidence of greater than 50% without testing the unless condition.

Usually 3 much higher confidence level will be needed to do useful reasoning.

33.%. Assigning s Confidence Level

A difficuit problem is deciding what confidence level should be given to a rule acquired by induction.
The confidence level assigned to a rule should reflect the probability that the rule will give the correct deci-
_fion, assuming that the censor (if any) is untested. If the set of training examples is exhaustive as assumed

sbove, then the probability that a rule gives the correct decision for a particular example is:

|E, |
IE, |+1E,|

where £ , Tepresents the set of observed positive examples covered by the rule, and E_ represents the set of
observed negative examples covered by the rule. This expression is equivalent to the one given above for
7 since both expressions represent the ratio of the number of covered positive examples to the total
Bumber of covered examples, positive or negative.

When the training data used is a subset of all possible training examples, the accuracy of inductively
$tuerated rules depends on the percentage of all training examples which are observed, and the complexity
4 correct decision rule [Quinlan, 1983a]. It is often not possible to determine a priori the total number
of possible examples since certain combinations of values may be impossible, and an event space containing
™! number valued attributes is infinite. Also, it is not possible to know a priori the complexity of a
“ftect decision. But, as Quinlan points out, for large numbers of training examples (several thousand or
Rote) the accuracy which can be achieved by inductive learning is relatively independent of these factors
s quite high (over 99%).

The confidence measure currently used is the above formula modified to take into account confidence

% associated with individual examples:
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LG,
|E, | +1E,|

where C’, is the confidence associated with the i-th positive training example. The confidence level p

duced is, in general, unrealistically high since the measure only takes observed examples into accou
That is, it is assumed that a sufficiently great number of training examples have been provided so that if

possible to generate rules which are highly accurate. Since rules may be refined to agree with nev

observed examples this is not a great shortcoming.

2.8.8. A Learning Technlique
The Excel algorithm learns class covers from examples, where a class cover has the form:
decision <<= complex V complex V ... V complex.
The left hand side is a single selector which specifies the decision class. The right hand side is a disjun
tion of annotated VL, complexes. Annotation gives meta-information about the rule. The technique us

for learning is a branch and bound search through a space of conjunctive descriptions, progressing fro

MORE GENERAL

LESS GENERAL SOLUTIONS: L, Q

Figure 4. Branch and bound search strategy used in ExceL.
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more general to less general descriptions as shown in Figure 4. In Figure 4, each node represents a candi-
date description. The initial description for a decision class is based on a “boundary” complex {node A},
which usualiy covers the entire event space. If a description covers any negative examples; a number of
alternative specializations of the description are generated which do not cover a selected negative example.
A desirable subset of these descriptions is selected at each "bound” stage according to predefined criteria.
When the confidence of a description becomes high enough, it is added to a list of solutions. When enough
solutions have been collected, the best one is chosen to bec;)me part of the cover. Since a single complex
may fail to cover enough of the examples for a class, the process is repeated, yielding a description in dis-
junctive normal form (DNF}.

As a simple example, we might have a set of training examples describing when a car will start, and

when it will not start such as:

{requency car action gas.tank  battery
100 starts turn_key  filled charged
1 starts- hot_wire filled charged
1 does_not_start turn_key  empty charged
1 does_not_start  turn_key filled dead
100 does_not_start none filled charged
1 does_not_start none empty charged
1 does_not_start none filled dead
1 does_not_start  hot_wire filled " dead
1 does_not_start  hot_wire empty charged

Bach row represents a training example that occurs with the relative frequency indicated in the first
©lumn, Each column heading indicates the name of an attribute and the entries below it indicate the
Talue for that attribute in each training example. The attribute “car” determines the decision class for
tach ¢xample. When directed to produce exact rules, the learning algorithm generates these rules from the

ab"'@ examples:




16

[car = does_not_start] <=
|action = none| : (1.0, 102, 102, 0) v
[gas_tank = empty|: (1.0,2,3,0) v
[battery = dead] : (1.0, 2, 3, 0)

[caf = starts| <= .
[action == turn_key Vv hot_wire][gas_tank = filled|[battery = charged] : (1.0, 101, 101, 0)

The first rule states tl;at a car will not start if no action is taken, or the gas tank is empty, or the battery
is dead. The second rule states that a car will start if key is turned or the ignition is hot-wired, and the
gas tank has gas in it, and the battery is charged. In this case, the rules are logical complements of each
other. The parameters to the right of each complex specify, in order, the confidence with which the associ-
ated decision can be made if the complex is sati;ﬁed and the censor (if any) is untested, the number of
positive training examples which are newly covered with respect to the order of cé:mplexes mvthe rule, the
total number of covered positive training ezamples, and the number of covered negative training ezamples

for the complex. This is an exact rule ~ no exceptions were allowed. The system can also be directed to

allow exceptions to rules,

Negative exceptions are recognized as those negative examples which remain covered after a complex

has been specialized enough so that the majority of negative training examples are no longer covered. The

number of negative examples which may remain covered is determined by the confidence that the rule
xﬁust have. Positive exceptions are recognized as those positive examples which remain uncovered after a
majority of the positive examples have been covered by complexes of high utility, or which m covered
only by complexes of low utility. The utility of a complex is defined as the fraction of all positive exam-
ples covered by the complex. Thus, a gestalt criterion of overall rule quality is used to identify exceptions.
Isolating exceptions may be viewed as a three class clustering problem. The concept of using overall rule

quality to guide clustering is also used in the CLUSTER/2 algorithm [Stepp, 1984].
For example, if we allow a minimum confidence of 0.9, and 2 minimum utility of 0.1, then the sys

tem generates these rules from the above data:
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[car = does_not_start] <=
[action # turn_key] : (0.99, 104, 104, 1)

Negative Exceptions:
[action = hot.wire][gas_tank = filled]battery = charged]

Positive Exceptions:

[action = turn_key|[gas_tank = empty||battery = charged|
[action = turn key|[gas_tank = filled][battery = dead]

[car = starts] <=
[action == turn_key] : (0.98, 100, 100, 2)

Negative Exceptions: -
[action = turn_key][gas_tank = empty]||battery = charged]
[action = turn_key|[gas_tank = filled|[battery = dead]

Positive Exceptions: ,
[action = hot_wire]|gas_tank = filled|[battery = charged|

The exceptions are chosen from among the training examples and are not annotated. Obviously, these
ipproximate rules are much simpler than the corresponding exact rules if the exceptions are ignored, and

they will work correctly most of the time.

An unless condition can be generated by covering the negative exceptions of a complex against the
T Positive training examples covered by the complex. This should be done only when the domain expert has
determined that the negative exceptions are valid training examples. From the above data the system pro-
duces:

r [car = does_not_start] <=

[action » turn_key] : (0.99, 104, 104, 1) L_
[action = hot_wire][gas_tank = filled|[battery = charged] : (1.0, 1, 1, 0)

car = starts] <=
[action == turn_key] : (0.98, 100, 100, 2) |_
[gas_tank = empty] : (1.0, 1,1, 0} v
[battery = dead]: (1.0, 1,1, 0)

Positive exceptioi:a remain the same as shown for the preceding example. In the rule for a car not

ting, it is not possible to generate an unless condition which is simpler than the negative exception it
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was formed from because the training examples used restrict generalisation. In the rule for a car starting,
summarising the negative exceptions in an unless condition gives the rule in a form which people seem to
find more desirable than the purely conjunctive form of the exact rule above. The program input and out-

put for these examples is given in Appendix C.1.

2.3.4. Incrementa! Learning

Incremental learning allows rules to be modified with a2 minimum of effort when new training exam-
ples become available. The basic operations needed for incremental learning are a classification operation,
a generalization operation and a specialization operation [Becker, 1985b]. The specialization step should
precede the generalisation step since, if covers are required to be disjoint, a covered negative example must
be uncovered by an incorrect rule before it can be covered by the correct rule. In order to énsure con-

sistency with previously observed examples, it is necessary to keep a record of them.

Classification involves determining which rules cover a new training example and updating the
records associated with each decision class. Both generalisation and specialisation can be implemented
using the covering operation described above. Generalising a class cover is done as described above, except
that the complexes of the current class cover along with any uncovered positive examples are used as the
positive training examples for the class. The key observation needed for using the covering operation for
specialisation is to recognise that the initial description {the boundary) need not be the entire event space,
but can be some subset of the event space. Specialising a complex is done by covering the covered. positive

examples against the covered negative examples, using the complex as the boundary.

This technique has been applied by Bob Reinke as a modification to A% Reinke found that descrip~
‘tions generated by incremental learning tend to be slightly more complicated than those generated by sin-
gle step learning, but that less total CPU time is required for the induction process, and that rule accuracy
is not affected much [Reinke, 1984].

The use of unless conditions in rules provides more flexibility in the incremental learning process.

Specialisation need not be done if a covered ﬁegative example is already covered by the unless condition of
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, complex and the confidence of the complex is sufficiently high.

3.4. Interpreting Rulea with Unless Conditions

Although this thesis is primarily concerned with learning, some attention must be given to how rules
vith unless conditions can be applied. Production systems may be forward chaining, backward chaining,
a bi-directional [Nilsson, 1980]. Rules with unless conditions may be, used in any of these systems, but
the manner in which they are used varies. During backward chaining, the system acquires new informa-
]  tioa from the user. The system asks the user questions which are least costly to the user, and still achieve
seertain level of confidence. During forward chaining, all information needed to fire a rule is assumed to
b available, so there is no cost associated with acquiring information. Unless conditions are evaluated only
vhea the rule cannot otherwise be used with a high enough level confidence. Thus, the level of confidence

required determines the amount of reasoning which will be done by the system.

SENSORS

FTRAINING EXAMPLES

testing

elaborated

BACKGROUND RULES

examples

examples

L] ) .
e CRITIC

¥ {

{ RULE INTERPRETER e —

STATE VARIABLES

T
advice 1

E S

- PR

decision }

j
EFFECTORS

Figure 6. Rule interpretation cycle.
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Figure 5 illustrates a system which is primarily forward chaining. This is the same system as shown
in Figure 1, but with a different focus of attention. The cycle proceeds as follows. Sensors are used to
acquire information from the environment which serves as a testing example. Background rules are

applied to elaborate the testing example. The input information and a VL, complex representing the

internal state {or short term memory) of the system are sent to the rule interpreter which decides what
actions to do. Conflict resolution is not done because the learning system is expected to ensure consistency
of the rules. Al rules which are selected are fired in parallel. All input information and the set of actions
selected by the rule interpreter are passed to the critic, which may be a human or a program module. The
critic returns the correet set of actions, which may or may not be the same as those selected by the system.
The correct actions are then triggered and the internal state of the system is updated. Backward chaining
may be invoked by the action part of a forward chaining rule to fill in unknown values by querying the
user. If the actions selected by the system do not agree with those given by the critic, one or more training

examples are created and sent to the learning system which updates the set of rules.

This scheme is just one of many possible schemes for making use of rules with unless conditions in an
inference system. Winston describes a system in which unlimited effort is used in evaluating the main rule
but only a single inference step is used to evaluate unless conditions in [Winston, 1983]. It may be
beneficial to use different evaluation schemes depending on the meaning associated with the unless condi-
tion. For example, in the car-starting rule the unless conditions describe causal preconditions. In this case

it would be useful to treat the unless conditions as “things to check” if the action of turning the key fails

to produce the desired effect.

2.6. Performance Considerations in Learning

The problem of learning ciass descriptions from examples is treated here as a heuristic search pro-
cess, Better results can be achieved for a given amount of computational effort if the search process is
made more efficient, enabling the investigation of a greater fraction of the search space. Two ways to
improve search are intelligent pruning and the use of better heuristics. Also, performance may be

improved by taking advantage of storage versus computation time trade-offs. All of these techniques are
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ged in Excel to improve performance.
As previously stated, the learning algorithm uses a branch and bound search in a conjunctive
gxription space to create and select descriptions. In learning, it is important to focus on inconsistencies

ad borderline cases. One form of intelligent pruning is based on the observation that if a negative exam-

w

jke is not covered by a particular description, the example may be removed from further consideration.
When a conjunctive description covers no negative examples (or satisfies a confidence level criteria) it is
‘done”, since further speci;lization will not improve it. It is removed from the set of candidates and
sdded to the set of solutions.

A good discriminant description is brief, covers all of the positive examples for a class, and covers no

1gative examples. A good approzimation to a good discriminant description is also brief, covers a large

LY

propertion of the positive examples for a class, and a small proportion of the negative examples. Thus,

there should be a heuristic which selects this type of description. Previous systems have provided evalua-

-

tion functions for counting the number of positive and negative examples covered by a description, but

these are not the best possible measures of quality. An effective measure of rule quality is:

P’ (description) = % - —ﬁ;

is the number of covered positive examples,

where p
P is the total number of positive examples,
n s the number of covered negative examples,
: and, N s the total number of negative examples.

Not only are the generated descriptions usually more concise when this measure is used instead of counts of

Cavered examples, but the computation time for cover generation is also improved, as shown in Section
4. * * » . *
3 Pisa measure of the relevance a description, which may be a selector, a complex, or a DNF rule, for
Waki e e . . ’ .. .
“‘“‘8 a discrimination between two classes. A P value of +1 means a description covers only positive

o . .
ples, and a P” value of -1 means it covers only negative examples.

' P’ is closely related to the Promise measure of atfribute relevance developed by Baim [Baim, 1984].

. It .
‘  sttribute has a Promise of 1, it can be used alone to discriminate between a set of decision classes. A
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Promise of 0 means that an attribute provides no information for making a discrimination. Promise may

be computed from the relative frequencies of occurence of the values of attributes in training examples

according to the formula:

S maez, [R" ] -1

Promise (A) = I

where A is the attribute being tested,
is a value of attribute A,

v

¢ is a class, ]

R, s the relative frequency of v in the examples of class ¢,
and m is the number of classes.

This formula for Promise is developed in [Becker, 1985b] and is equivalent to the formula developed in

Y U Rt X g A e it o . o g

[Baim, 1984]. As an illustration of the correlation between Promise and P’, consider this table of relative

frequences for the values a, b, ¢ and d of some attribute V1, in classes A and B:

Vi
Class | a b c d
A | 1/10 5/10 0/10 4/10 ‘
B | 7/12 1/12 3/12 1/12
max | 7/12 5/10 3/12 4/10

Promise (V1) = {7/12+ 5/10 : 3 12 +4/10) =1 _ 47333

Given a selector constructed to maximise the value of P° for one of the classes, the value of P for the

selector is equal to the Promise value for the attribute {this relation holds only when there are two decision

classes). For example, the optimal selector for class A in the above table is

[V1=bvd]

P’ for this selector is

pr=2t4 _1+1_ 4333

The same result is obtained from the optimal selector for class B.
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Evaluating heuristics can involve considerable computation if the data needed is not readily avail-
sble. Two general types of information are used for evaluating descriptions: information which is derived
from the description itself such as the number of literals, and information which relates the description to
the training examples. Information about the description itself is generally easy to compute. Information
sbout how the description is related to training examples can be expensive to compute if done improperly.
For example, in existing implementations of the A? algorithm, the program must compare a description
with each example one at a time to determine how many positive or negative training examples are
covered. In Excel, examples are indexed into a data base that allows the system to determine the set of
covered examples for a complex with a computation speed that is independent of the number of examples.
Also, three sets of examples are stored with each complex in a rule - the set of covered positive examples,
the set of covered negative examples, and the set of covered positive examples which are not covered by a

previously generated complex in the rule.
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This section provides a more detailed look at the algorithms used in the implementation of the sy }
¢

tem described in this thesis. All code is written in FRANZ LISP [Foderaro, Sklower, and Layer, 1983] “ﬂderl

Unix 4.2bsd, and makes extensive use of a macro package described in [Becker, 1985a]. The source cody

congsists of the following files:

Certain parts of the system, in particular the set operations and VL, operations, contain many functiom f
which are not actually used by this system but are provided so that these packages may be used as com §

ponents in other systems. The data driven parser is described in [Becker, 1985¢].

(1)
(2)
(3)

(4)

(5)
(8)
)

. detail. The last three steps will be described and analysed further.

p—

e ——

File Lines  Bytes Description
cover.] 33 977  Bootstrap loader for the system :
excel.l 1051 35143  Induction algorithms ‘
excer.] 142 4591  Deduction algorithms i
backgrd.l 498 15030 Background rule parser and applier
dataset.] 850 27941 Data set management routines
sets.] 2419 74803  Generic set operations
dbvl.l 745 22282 VL, data base operations ;
viL.l 828 25297 VL, selector and complex operations :
parse.] 1048 31423  Data driven parser ]
arith.g 99 2828 Grammar for background rules 1
textio.] 457 14208  User interface -

TOTAL 8166 254323

Prny

The basic steps involved in processing a data set are as follows:

Training events are indexed into a data base.

Background rules are applied to the events, modifying or adding selectors.

Classes are defined by the domain of the classification attribute. A classification predicate is
created for each class.

A record is created for storing the information associated with each decision class. The sets of
positive and negative examples for each decision class are stored in these records.

Conflicts are handled in one of the available modes. .
A rule is generated for each class, either in a single step or incrementally.

The rule interpreter is optionally applied to the rules.

The first four steps consist of parsing and bookkeeping operations. These will not be described 3§
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s.1. Conflict Handling

Conflict handling is a relatively simple process. As previously discussed (Section 2.2), one of five

8¥ys.
nder options may be selected. If the user chooses to have no conflict handling done, the procedure is not
code invoked. The algorithm is given in Figure 6. In this algorithm, the parameter cventset is the set of events
being tested for conflicts. The parameter db is a VL, data base in which the events are indexed. The
parameter classdescriptions is a list of descriptions for the decision classes in the current data set. A class
description is a data structure which stores all information relevant to a particular class, including training
HANDLECONFLICTS (eventset, db, classdescriptions, mode)
repeat
event := next (eventset)
equivset := nondisjoint (event, db)
classes := getclasses (equivset, classdescriptions)
if (cardinality {classes) > 1) then
case mode of .
ask: Print {classes, "Which class is correct?")
keeper := (read)
:tions negevents(keeper) := negevents(keeper) - equivset
| equivset := equivset —~ posevents(keeper)
com- : for class in (classes — keeper) do
posevents(class) := posevents{class) - equivset
negevents(class) := negevents{class) - equivset
drop: for class in classes do '
posevents(class) :== posevents{class) ~ equivset
negevents(class) := negevents(class) - equivset
keep: for class in classes do
negevents(class) :== negevents(class) - equivset
] max: keeper := getmax (equivset, classes, gamma)
18 negevents(keeper) := negevents(keeper) ~ equivset
equivset :== equivset - posevents(keeper)
5 for class in {classes - keeper) do
posevents(class) ;= posevents{class) ~ equivset
negevents{class) := negevents(class) — equivset
end (* case *)
end (* if *)
eventset :== eventset - equivset
) until (empty (eventset))
bed in ' end (* HANDLECONFLICTS *)

Figure 8. Conflict handling algorithm.
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events and the class cover once it is generated. The parameter mode is the conflict handling mode. The
function nezt returns the first event present in a set of events. The function nondisjoint returns the set of
events in the data base which overlap with the given event. The function geiclasses returns the set of class
descriptions associated with the events involved in a conflict. The functions posevenis and negevents
return the positive and negative training examples associated with a class, respectively. And, the function
getmaz returns the class where the conflict event occurs the most frequently, provided the most frequent
occurance is gamma times more frequent than the next most frequent occurance.

Note that to drop an event from a class involves removing it from both the set of positive examples
and the set of negative examples for that class, but to keep a conflict event involves removing it only from

the sets of negative examples. This allows the learning algorithm to generate covers for different classes

which cover the same event.

8.2, Learning Rules with Exceptions

The technique used here for learning rules with exceptions resembles the A% algorithm in that both
solve the covering problem by generating VL, descriptions in disjunctive normal form. The differences
between the algorithms are substantial. The learning algorithms used in Excel will be described in detail,

and differences between the algorithms used in Excel. and A% will be discussed.

Figure 7 gives the covering algorithm used in ExceL. The purpose of this algorithm is to find a dis
Jjunction of complexes which cover most of the positive training examples and few of the negative training
examples for a decision class. The parameters posezamples and negezamples are the positive and negative
examples for the decision class which is being covered. To form covers for several classes, each class is
covered in turn using the examples for the class being covered as positive examples, and the examples from
all other classes as negative examples. The degrees to which positive and negative exceptions are allowed
are controlled by the utility and confidence parameters respectively. These parameters are used as thres
holds. The utility of a complex is the fraction of all positive exa;mples that it covers. The confidence is 33

defined in Section 2.3.2. The boundary parameter is a VL, complex which specifies the most general

¢
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COVER ({utility, confidence, posexamples, negexamples, boundary, LEF)

uncovered :== posexamples
totalpos :== cardinality {posexamples)
totalneg := cardinality (negexamples}

repeat
refu := refunion {uncovered)
put-annotation (boundary, uncovered, posexamples, negexamples)}
star := ADG (confidence, refu, boundary, LEF}
bestcomp := bestcomplex (star, LEF)
bestcomp :== trim (bestcomp)
untovered := uncovered ~ coveredpos (bestcomp)
if { util{bestcomp) > utility)
then
cover ;== cover {J bestcomp
poscovered :== poscovered | coveredpos (bestcomp)
end (* if *)

until (uncovered / totalpos < utility}

return (cover, {posexamples - poscovered})
end (* COVER *)

Figure 7. Cover generation algorithm.

toweg description. This is used for incremental learning, which was described in Section 2.3.4 The algo-
Mhm returns a cover for the class described by the sets of positive and negative examples which has the
Moperties that each complex in the cover has a utility greater than the utility threshold, a confidence |
Pater than or equal to the confidence threshold, and is covered by the boundary complex. A utility
g’ﬁhold of 0.0 and a confidence threshold of 1.0 will cause the algorithm to produce covers with no excep-
o, Also, the algorithm returns the set of uncovered positive examples, i.e. the positive exceptions.

Nem"e exceptions are recorded as annotation on individual complexes in the cover.

The Process involves generating complexes which cover some fraction of the remaining uncovered
e training examples until most are covered. During each major cycle, first the refunion of the
Mg uncovered positive events is found. The refunion of a set of events is a complex which is con-

4 by taking the union of the values for each attribute, as shown in Figure 8. Note that a selector is
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Event 1: [color = red|][shape = octagon][reflective = yes]
Event 2: [color = white|[shape = square][reflective = no] ¢
Event 3: [color = yellow|[shape = triangle|[reflective = yes] §

Refunion({1, 2, 3}):  [color = red v white V yellow|[shape = octagon V square V triangle|

v e i

Figure 8. An example of applying the refunion operation.

omitted if all values from the domain of the attribute are present. Next, the sets of uncovered positive, a]| f

PO

positive, and negative examples are recorded as annotation on the boundary complex. ADG (Figure 9,

described below) is then called to produce a set of descriptions for the uncovered positive examples. These

aora .

descriptions will all be specialisations of the given boundary complex. A single complex is selected as the
best description according to user defined quality criteria given in a Lezicographic Evaluation Funetion

with Tolerances (LEF - see Appendix A). The LEF uses quality criteria such as P’, the total cost of all

variables in a complex, and the average user assigned weight (relevance) of all variables in a complex,

-

where cost and weight are quantities assigned by the domain expert. Next, positive examples covered by

the best complex are removed from the set of uncovered examples. If the utility of the best complex is

high enough, it is added to the cover. This process continues until too few uncovered positive examples

remain, as determined by the utility threshold.

un
The complexes in the cover may also be trimmed. The purpose of trimming is to simplify rules and de
reduce overgeneralisation by removing values from selectors in a complex when they are not needed i o
order to cover the positive examples actually covered by the complex. Trimming may been done with
respect to the set of positive examples which are uniquely covered by the complex, or with respect to tie|§
co
set of all positive examples covered by the complex. The former will usually result in greater simplificationfg l
is :
than the latter, but can change the utility of a complex. o
e
Figure 9 gives the alternative description generation (ADG) algorithm. The purpose of this alge> sin,

rithm is to find a set of alternative conjunctive descriptions which cover a large proportion of the set ew
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ADG (confidence, refu, boundary, LEF, $solutions, $probe)

probe :== 0
star :== boundary

repeat
probe := probe + 1
star :== selectbest (star, maxstar, LEF)
newstar := empty

for complex in star do
if { conf{complex) > confidence)

then
solutions :== solutions U complex
probe := 0

else

negevent := Getevent {coveredneg(complex))

negcomps := Subtract (refu, negevent)

newstar := newstar U Multiply (complex, negcomps)
end (*if *)

star ;== newstar

until ((cardinality(solutions) > 3$solutions)

ex, or (and {cardinality(solutions) > 0)(probe > $probe)))
by return solutions
i end (* ADG *)
:is )
Figure 9. Alternative description generation algorithm.
les
Uicovered positive training events and a confidence greater than the given threshold. The resulting
.nd Qennptn ot
*riptions will be specializations of the given boundary complex, non-disjoint with the given refunion
in
“@plex, and the “best” according to the given LEF.
ith
The technique used is a beam (branch and bound) search. During each cycle, the confidence of each
she
€0, '
Tplex in the star (set of alternative descriptions) is tested. If the confidence is high enough, the complex
on .
' .
Uded ¢ the set of solutions. Otherwise, the complex is specialized by selecting some covered regative
ty, .
L, tubtracting it from the refunion complex, and finding the intersection the complex with each of the
30 tiagly
U selector complexes resulting from the subtraction using the Multiply function. This yields several
of

““mplexes, each of which is disjoint with the selected negative event. The new star is the union of
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these newly specialized complexes. A certain maximum number mazstar of these descriptions are selected
for further processing using the LEF to decide which descriptions to keep. The algorithm terminates when
$so0lutions number of solutions have been found, or some solution has been found and 3probe more cycley
have been éompleted. Since the solutions become progressively more specialized, and hence more complex,

the solutions found early on are typically the best.

Maade die L iy

3.3. Comparison to At
A% implements a technique based on the method of disjoint stars, which has been proven to be »
quasi-optimal solution to the general covering problem [Michalski and McCormick, 1971]. The task of

finding an optimal solution to the general covering problem has been shown to be NP—complete [Hong and

Michalski, 1985]. “Quasi-optimal® means that if the algorithm does not return a cover containing the

WHRETY MPAIIPI S DI - TIPS o

minimal number of complexes, it can return a value indicating what the optimum is. The A? algorithm E

works by building stars, where a star is a set of all the maximally general alternative generalisations of

some example. The example around which a star is built is called a seed. A major difference between

Excel. and A% is the use of the refunion of positive examples rather than individual seed examples as a

starting point for generalisation. Because the method of disjoint stars is not used, ExceL is not known to

be quasi-optimal. In practice this does not seem to be important. a
The decision to use the refunion of positive examples rather than seed examples was made so that str
positive exceptions could be selected according to the rule quality criteria. If seeds were used, some exam- rep
ple which should be allowed as a positive exception might possibly be selected as a seed, and thus would tha
necessarily be covered by the complex created as a generalisation of it. Another benefit of this approach is The
that overgeneralisation in intermediate descriptions is not as extreme. A problem with this approach is inpe
the |

that the system is not good at finding rules for classes which have several distinct clusters of events, and
which are best described in terms of a disjunction of disjoint complexes. The problem is overcome by

directing the system to accumulate a large number of solutions before picking one to become part of the

cover.
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Excel. also differs from A% in the termination conditions that are used. In A%, the set of complexes in

» star are specialized until all negative examples have been uncovered. This is done by processing each
pegative example in turn whether it is covered or not. In Excel, large numbers of negative examples may

be skipped over in a single cycle, and some negative examples may remain covered. A? also continues until

all positive examples of a class have been covered while Excel may leave some uncovered.

Like A% Excel. may be u;ed to generate several different types of covers. If just the training exam-
ples are passed to the covering algorithm, then the rules produced may overlap in dor;’t care space. These
wre called intersecting covere. If previously generated covers are included with the negative examples, the
rules will be disjoint. These are called disjoint covers. Covers may also be generated in such a way that
only examples in classes which follow a particular class in the given order are treatecﬁi as negative examples.
The result is simpler rules which must be applied in the order generated. These are called ordered covers.
Both algorithms may be used to generate rules for hierarchical decisions by applying the covering pro-

tedure at each level of the hierarchy, and for incremental cover generation.

i4. The Rule Interpreter

The rule interpreter (Figure 5) is a simple production system based on VL which can be used in both
iforward and backward chaining mode. The backward chaining mode is not fully implemented. It is
Wructured as a state machine, where the input information, current state, and sets of actions are all

Presented as VL, complexes. The system is designed to interact with the external world and a critic so
hat it can produce training examples which may be used by the learning system to modify the set of rules.
The general purpose section of the rule interpreter consists of procedures for applying background rules to
tapu complexes, selecting rules to fire, updating the state complex, baékward chaining, and interfacing to
the inlmt, critic; and efector routines.

The input, critic, and eflector routines are domain specific and must be rewritten for each new appli-

Qi . . . . .
on. The input routine returns a new complex indicating values received from a set of sensors each time

L

€alled. The sensors may be real world measurement devices or routines which access values in a simu-
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lation program. The critic routine is called with the input data which has been elaborated using the given
background rules, the internal state, and a complex representing the set of actions selected by the system,
and returns a complex representing the correct set of actions. The effector routine is called with a complex
representing a set of actions, and is expected to perform operations on the environment according to the

indicated actions.

8.5. Performance Conslderations

Heuristic and algorithmic factors affecting performance have already been considered. Two imple-
mentation factors of special importance for obtaining good performance in a learning system based on V'Ll
are a flexible package of set operations and an efficient VL, data base. These make it possible to efficiently
perform operations such as union and intersection on VL, descriptions, and to efficiently evaluate heuris-
tics concerned with the relationship between descriptions and training examples.

The set operations allow non-monotonic changes in the members of a set fype so that sets of com-
plexes, which are created and destroyed during learning, can be represented. Also, all VL, types are sup-
ported by the set operations package, including nominal, linear, structured, and cyclic.

The data base system is used for classifying events, determining what events are covered by a candi-
date rule, selecting background rules to apply, and selecting production rules to fire iﬁ the rule interpreter.

The data base system in the current implementation relies heavily on the set operations package. The

operations provided are:

index indez a complez into the data base

unindex remove 6 complez from the data base

covers get the set of complezes which are covered by the given complez
coveredby  get the set of complezes which cover the given complez

disjoint get the set of complezes which are disjoint with the given complez

projection  project the data base onto a subset of the set of attribuies

The structure of the data base is illustrated in Figure 10. The data base contains a subtable for each
attribute, and each subtable has a set of complexes for each allowed value of the attribute. A complete

secondary index is created for each attribute value. That is, if a complex has a certain value for a certain

*
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stiribute, the bit corresponding to the complex is set in the appropriate slot of the appropriate subtable.

Lookup is accomplished by performing various boolean operations over the sets of complexes. For the cov- h
.

e zﬁd disjoint lookup operation, the time required is proportional to the number of attribute values

present in the probe complex. For the covereddy lookup operation, the time required is proportional to the '

pumber of attribute values present in the probe complex plus the number of selectors which are declared

but not present in the probe complex.

Subtable ]
%\’alue 1 -"“;—r“—' set of complexes '
L st T T T 3
[Value 2 -l set of complexes f .
; i T w !
Value3: > " setofcomplexes | *
[RUR— .-,.w.__.} : { 5
Attribute 1 . e
|Attrlbute 2> Subtable 2 | S
#.1’ T iValue m o set of complexes j
Attribute 3| .~ Subtable 3 | b e
i e I e _ne | - —
] A set of complexes }
I . -

i
[ ——

EAttrlbute Fy a{“Su’fﬁ.;ﬂ? !

Figure 10. VL, Data Base Structure.
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4. EXPERIMENTATION AND ANALYSIS

A number of experiments were performed to test various aspects of the Excel system. First, the sy,.
tem was tested against an implementation of A? to determine what differences in performance should be
expected. Second, the system was run with a different evaluation function to see whether using I;° as 3
quality criterion has a significant effect. Third, two experiments performed by Quinlan using a version of
ID3 to test the effectiveness of inductive learning on noisy data were repeated using Excel.. These experi.
ments were then repeated using approximate decision rules. Finally, an example of a closed loop learning
system which handles a simple control problem on a numerical simulation of a seawater to freshwater dis-
tilling plant is given. All CPU times are on a SUN Microsystems workstation running a Motorola 68010

CPU using compiled FRANZ LISP. Appendix C contains listings of the data used and tables of results.

4.1. A Description of the Applications

Three different applications were used in testing system performance. The second of these was also
used in the experiments on learning from noisy data. The freshwater distilling plant domain will be
described in Section 4.5. The first application involves classifying bimetallic coordination compounds in

“terms of the distance between the central metal atoms. The goal is to be able to predict the metal to
metal distance for new compounds. This distance is important to chemists, but is difficult to measure
directly. A typical example from this domain is shown in Figure 11. A compound consists of two metal
atoms, and attached to each metal atom are three to five other molecules called figands. Only symmétric
compounds ar.e included in the data. The ligands on each end of the compound may be aligned with one
another (eclipsed conformation) or rotated slightly (staggered conformation). Other overall characteristics
of the compound, such as oxidation, covalent bond order, charge, radius of the metal atoms, and the
number of electrons per metal atom are also specified. The name of each compound is also included in the
data. Since Excel cannot learn arithmetic expressions, background rules are used to partition the data

into four classes according to the metal to metal distance (very~near, near, far, very-far).

The rules produced by Excel for the chemical compound data using a confidence threshold of 0.9

and a utility threshold of 0.1 ‘are also given in Figure 11. Note that positive exceptions have been
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An example of a bimetallic coordination ecompound with closely spaced metal atoms.

|distance = very-near] <=

|[NAME == "|Cr{CH3)8]4-"]  |Metal = Cr|

|Oxidation = 11 {Radius = 1.29 angstroms)
[Charge = -4] {electrons/Metal = 12]
|Conformation = eclipsed]  |BondOrder = 4

|Ligandl = Me| {Ligand2 == Me|

|Ligand3 = Me] {Ligandd = Me]

|Ligand5 = none|

Rules produced by ExceL (confidence > 0.9, utility > 0.1)

|distance = very-pear| <=
|Metal = Cr v Mo||Ligand2 == Rv Cl v NR3|: (1.00,6,6,0) v
|Metai == Mo]{Ligand3 = Cl} : {1.00, 1, 3, 0}

|distance = near| <=
[Oxidation = HI||Ligand3 = X v OR v NR2 v Me] : (0.93, 14, 14, 1)L
|Metal = Moj|Ligand3 = Cl} : (1.00, 1, 1, 0}
Positive Exceptions:
Re2CH4[P(Et)3]4
W2|CH2Si(CH3)3]6

|distance = far] <=
|Metal = Col: {1.00, 1, 1, 0)

ldistance = very-far] <=
|Ligand4 = CO}: {1.00, 6, 6, 0)

poramelers: [confidence, newly covered porilive examples, tolal covered ponitive examples, covered negalive ezamples)

Figure 11. The bimetallic coordination ecompound domain.

*tumerated using the names of the compounds. Unfortunately, these rules are unsatisfactory to chemists.
A fatisfactory rule would give the metal to metal distance in terms of the logarithm of the covalent bond
Order, Although it is not possible for Excel {nor A% to find such a rule, the rules found do correctly

€ . N
l“”ﬂcmme the given data.

,



An example of a mayfly nymph of the specles Stenonema carolina.

[class = carolina| «=

|maxilla_ceown_spines = 10

[maxitlaateral_setae = 21}

{inoer_canine_teeth = 2| :

[outer _canine_teeth = 7] N

[terga_mid_dorsal_pale_sireaks = absent] -

[terga.dark_posterior_margins == absent| ¢

[dark_marks._sterna_ @ = abseat| f

f

Rules produced by ExceL (confidence > 0.9, utility > 0.0). :

{class = carolina] <= ?

jterga_mid_dorsal_pale_streaks = abusent| : (1.00, 10, 10, 0) £

[class = candidum| <= : :

linner_sanine_teeth = 0] : {1.00, 10, 10, 0) . i

[class = Horidense] <= '
[maxilla_lateral_setae = 20 .. 25/{inner_canine teeth = 4{|terga_dark_posterior_margine = absent] : (1.00, 13, 13, 0)

[class = gildersleevei] <=

[maxilla_srowo_spines == 11 .. 13|[inner_canine teeth = 3.. 7| : (1.00, 10, 10, 0) H

i

[class = interpunc| <= 1

[terga.dark_posterior_margins == present| : (1.00, 10, 10, 0) &

class == minnentonkal <=
1 i k
[maxilla_lateral_setae == 30 .. 40|[inner_canine teeth = 4] : (0.91, 10, 10, 1)
[terga.dark_posterior.margins == present| : (1.00, 1, 1, 0)

[class = pallidum| <=
[maxilla_crown_spines = 11 .. 13|[maxillaateral_setae = 20 .. 25| : {1.00, 10, 10, 0)

Rt a4l

poramelers: (confidence, newly covered poritive ezamples, total covered poritive ezamples, covered negalive ezamples)

Figure 12. The Stenonema mayfly domain.
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The second application involves learning rules for distinguishing seven classes of Stenonema mayflies
[Lewis, 1974]. The mayflies are described in terms of a number of physical atiributes such as the number

spines and bristles on the upper jaw (maxilla crown spines, maxilla lateral setae), the number of teeth on

PO >
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An example of the soybean disease alternaric.

{class = alternaria] <=

[canker Jesion color = does_not_apply]
jcondition_of fruit_pods = abnormal]

lcondition ol Jeaves_below_affected Jeaves = unaffected|

[condition_of stem = normal|
[damaged_area = groups_upland_areas|
lexternal_stemn_discoloration = does_not_apply|
|fruit_spots == colored_spots|
[internal_discoloration_of stem = does_not_apply|
{leaf_malformation = absent|
[leal_spot_color = brown?

lleal_spot_sise = greater_than_eighth_inch]
[leal_withering and_wilting = absent]
|margin_of Jeal_spots = water_soaked]
[plant_height = normal}

[precipitation = above_normall

[raised Jeal_spots = absent]
|root_galls_or_cysts = does_not_apply|
[root_sclerotia = does_not_apply]
[seed_condilion = abnormal]
{seed_discoloration_color = black]
{seed_shriveling = absent]

[severity = minor|

[shredding == absent]

[stem_ Jodging = does_not_apply|

|time_of occurrence = October|

fcolor_of_spot_on_reverse_side = none}
[condition_of Jeaves = abnormal|

|condition_of roots = normal|

|eropping_history == three|

|external decay_of stem = does_not_appiy]
[fruit_pods = diseased]

{fruiting_bodies_on_stem = does_not_apply}
[teaf_discoloration == none]

lieal_mildew_growth = absent]

|leal_spot_growth = with_concentric_rings|
{leaf_spots = present]
[location _of stem_discoloration = does_not_apply|
|mycelium_on_stem = does_not_apply|
|position_of_afected_Jeaves = scatiered_on_plant]
[premature_defoliation == present|

[reddish canker_margin = does_not_apply|
jroot_rot = does_not_apply]

[sclerotia_internal or_external = does_not_apply|
[seed_discoloration = present]

{seed_mold growth = absent

[seed_size = normalj

[shot_holing = present|

[stem_cankers = does.not_apply|

|temperature = above normalf
|yellow_Jeaf_spot_halos == absent|

A rule produced by ExceL for the disease alternaria (confidence > 1.0, utility > 0.0).

|class = alternaria] <=

[leal_spot_growth = with_concentiric rings v necrosis_across_veins| : (1.00, 7, 7, 0}

psrameiers: (confidence, newly covered positive ezamples, lotal covered posilive ezamples, covered negalive examples)

Figure 18. The soybean disease domain.

\

1h . .
¢ Mandibles, and the presence or absence of certain marks on the body. A typical example from the data
thown in Figure 12. Since there are no causal relationships between the descriptive attributes and the
[ g
"“ﬁanon, the only requirements are that the rules be accurate and concise. A set of rules found by

i% for

this data set using a confidence threshold of 0.9 and a utility threshold of 0.0 (no positive
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exceptions) is shown in Figure 12.

The third application involves learning the descriptions of seventeen soybean diseases. Examples of
diseases are described by fifty attributes, including information about the appearance of plant stems, seeds,
leaves and roots, cropping history, 'time of year, and distribution of damage. The data set differs from the
one descibed in [Michalski and Chilauski, 1980] in that there are two more diseases, fifteen more attributes
and fewer training examples included. A typical example from this domain is shown in Figure 13. The

exact rule found by Excel for the disease alternaria is shown in Figure 13.

4.2. Deflnitions of Measures Used

In all of the results shown ‘below, a simple complexity measure is used to characterise the size of
rules. The complexity of a single DNF rule is defined as the sum of the number of complezes in the rule,
plus the number of selectors in the rule, plus the number of different attributes in the rule. The complexity
of a set of rules is the average of the complexities of the rules in the set. This measure was previously used
in [Reinke, 1984).

Another measure which must be defined is the error of a set of rules with respect to a set of events.
The measure used here differs from those used in [Michalski and Chilauski, 1980]. Michalski and Chilauski
used a syntactic distance measure and an acceptability criterion to classify an event according to a set of
rules. An event was considered to be correctly classified if the correct decision was among those'triggered.
Since more than one decision could be triggered, the average number of different decisions triggered for
testing events was represented by a separate number called the “indecision ratio.” Thus, overspecialization
and overgeneralisation of rules were indicated by distinct measures. A single measure is used here for both
overspecialisation and overgeneralisation so that the results may compared with those of Quinlan [1983b)].
For the same reason, a simple coverage test is used to classify events, although a more sophisticated

evaluation scheme might be desired for obtaining lower overall error rates in a practical expert system.

In Excel an event may be covered by several decision rules or none at all, and by one or more com-
plexes from a decision rule. Each event belongs to one or more decision classes which for it are the correct

(positive) decision classes, all othiers being incorreet (negative) decision classes. The error for an event
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b is covered by some decision rule is defined as:

whic
(e) =~
error{e;) = ————
' Cp + C,y
where e is an event,
C, is the number of complexes from decision rules which incorrectly cover ¢,
and C, is the number of complexes from decision rules which correctly cover e,

This is the probability of making an error when randomly choosing from among the decision rules covering

a event, giving stronger weight to rules for which more than one complex covers the event. For example,

if there is a class “A” event which is covered by one complex from the rule for class “A” and two com-
plexes from the rule for class “B”, the error for the event is 2/3. The error for an event which is not

covered by any rule is defined as:

where M  is the number of decision classes.

This is the probability of being wrong when randomly assigning a decision class to an event. The percent
tror for a set of rules with respect to a set of events is defined as the average of the errors for the indivi-

dual events:

&
3 error(e;)
i=]

Percent Error = 100%

k

where &k is the total number of events.

LR .
Y. Performance Comparisons

The performance of ExceL, with and without using P’ as a LEF heuristic, was compared with that of
AQu. AQIl is an extended version of AQINTERLISP [Becker, 1983|, translated to FRANZ LISP by Tony
N""icki and the author. AQII is a faithful implementation of the A% algorithm. Like\previous implemen-
hﬁ"m of A%, it does not incorporate a VL, data base system. The programs were run on each of the data

" deseribed above. Table 1 gives the fundamental characteristics of these data sets.
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Name Classes Attributes Events
Chemistry 4 12 29
Mayfly 7 7 73
Plant 17 50 119

Table 1. Data set characteristics.

The programs were tested using the LEF’s shown below:

AQII LEF = ((max-newposcovered 0.0)(min—cost 0.0)(min-selectors 0.0))
Excel LEF (a) ==  {(max-newpromise 0.0)(min—cost 0.0){min-selectors 0.0))
ExceL LEF (b) =  ((max-newposcovered 0.0)(min—cost 0.0)(min-selectors 0.0))

The second LEF used with ExceL is the same as the LEF used with AQIl. Maz-newpromise is the P’
measure described in Section 2.5, where P refers to only the uncovered positive events rather than all posi-
tive events. The name promise is used because of the close relationship betweeh Promise and P'. Maz-
ncwpéscovered is a measure which simply counts the number of positive events which a complex covers,
which have not seen covered by some other complex in the partially completed class cover. This is typi-
cally used as the first criteria in a LEF for A%, Min-cost is a measure which sums the user defined costs for
all attributes in a complex. The default cost for an attribute is 1. Min-selectors is a measure which
counts the number of selectors in a complex. Min and maz indicate whether the value is to be minimised
or maximised respectivelyf A mazstar value (beam search width) of 5 was used for the Mayfly data set,
and a value of 4 was used for the Chemistry and Plant data sets. The solutions parameter of Excel was

given the same value as maxstar. The parameters to Excel. were also set to produce exact covers.
The programs were run in each of the three modes described in Section 3.3 to compare rule complex-
ity and computation times. Rule complexity is defined in Section 4.2 above. The results for rule complex-

ity are shown in Table 2. When forming exact covers using P" as a LEF heuristic {case “a”), ExceL does

about as well in terms of rule complexity as AQII on smaller problems, and somewhat better on larger
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Data Set Mode AQIl  Excel [a}) Excel (b)

ic 8.8 8.5 9.8

Chemistry de 9.8 8.8 10.0
vl 4.0 4.3 | 4.8

ic 5.0 4.7 5.8

May#y de 7.3 8.0 8.0
vl 3.6 3.8 4.4

ic 6.7 4.4 7.2

Plant de 10.5 10.2 11.9
vl 4.7 3.6 5.4

Table 2. Rule complexity comparison between AQII and Excel with and without P,

problems. When the parameters to Excel are set to allow approximate covers the rule complexity can
become even lower, as will be shown in Section 4.4.3. Without using P’ as a heuristic (case “b”}, Excel
produces covers which are more complicated than those produced by Excel using P, or by AQIIL This
thows that P” is important for finding concise descriptions when using ExceL. That AQII produces more
®ncise covers when using the same LEF can be attributed to the fact that AQII searches a larger fraction
of the search space.

Computation times were compared using the same configurations as for the rule complexity com-
Parison, Garbage collection time was subtracted from CPU time to give a clearer indication of the compu-
tion time involved independent of the memory allocation strategy used. The data structures used in the
Mograms are quite different, so the CPU times should only be viewed as a rough indication of the compu-

tayj . . .
Yomal costs involved in each algorithm. The results are shown in Table 3.

When P is used as a heuristic, Excel. tends to run slightly faster than AQII on the smaller problems

" ‘

4 mych faster on the larger problems. This indicates, as expected, that computational costs for Excel,
hQ *

lower than for A%, The computation time required by Excel. without using P _is longer than that

%‘d by Excel using P'. This indicates that using P* as a LEF heuristic enables Excel, to find accept-

PR
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Data Set  Mode AQIl Excel {a) ExceL {b)

ic 15 11 27
Chemistry de 8 10 12
vl 7 8 7
ic 22 13 29
Maylly de 15 13 23
vl 17 11 22
ic 897 99 513
Plant de 437 74 195
vl 442 98 359

Tabie 3. CPU time comparison (in seconds) between AQII and ExceL with and without P*,

able descriptions more quickly than previously used heuristics. Even without using P’, Excel is faster
than AQII for larger problems.

Additional runs were made in each of the first two modes to test for differences in the predictive abil-
ity of rules produced by the two programs. The rules were generated using approximately half of the
training examples in each data set. To be exact, 15 out of 29 Chexﬂistry examples, 37 out of 73 Mayfly
examples, and 68 out of 119 Plant examples were used for training, using exactly or just over half of the
examples from each decision class. These rules were then tested for error against the full sets of ex#mples.
Error is defined in Section 4.2 above. Each test was repeated four times using different subsets of the

training examples, and the average taken. The results are shown in Table 4.

On the average, the error rates for rules generated in all three cases are approximately equal. This
should be expected since the available training information is the same in all cases, The error rate; varied
considerably depending on the subsetv of training events selected. It is likely that the differences present in
the above table would be less extreme if a greater number of trials wefe averaged, Also, the error rates
found for the Plant data are higher than those found in [Michalski and Chilauski, 1980] because: the train-

ing events were chosen randomly, not by relevant event selection program ESEL; a different error measure

was used; and fewer training evenls were used.
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Data Set _Mode AQIl Excel (a) Excel (b)

ic 11.0 19.2 16.8
Chemistry de 17.3 19.8 16.0
ic 2.6 4.0 2.3
Mayfly de 3.6 4.9 4.3
ic 12,5 8.0 8.4
Plant dc¢ 18.8 12.4 16.8
average 11.0 11.4 10.8

Table 4. Comparison of percent rule error between AQII and Excel, with and without P",

4.4. The Effeets of Noisy Data

An empirical study of the effects of noisy data on inductive learning was done to see how the Excel,
learning algorithm performs in noisy conditions, and to replicate some of the work done by Quinlan using
a version of ID3, modified to produce approximate rules, on noisy data [Quinlan, 1983b]. The Stenonema
Mayfly data set described above was chosen for these tests because it is a real (not contrived) classification
task, and the classes are well clustered {can be described by a concise rule). Also, it is small enough that
the iknductive learning task could be completed in a reasonable time using available resources. It differs
from the data set used by Quinlan in that there are 7 equally sised classes rather than 2 classes of different
sives, and about half of the 7 attributes are redundant. That is, most subsets of 3 or 4 attributes can be

used to form a correct decision rule for the given classes. These differences turn out to be important.

Noise is introduced into a data set by giving certain attributes in the training events random values.
The values are selected from the domains of the corresponding attributes. ‘Noise may be introduced into
some subset of the attributes, or all of them. The notse level is the percentage of selectors for the chosen
attributes in the data set given random values. The pseudo-random number generator used was reseeded

from a real time clock to avoid repeating sequences of numbers.
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4.4.1. Noise In Testing Events Only

In the first experiment, rules were generated from the original, uncorrupted training examples, they
the rules were tested using a corrupted version of the data set. The parameters to Excel. were set to fory,
exact rules. Each attribute was corrupted singly, then all attributes except the classification attribute were
corrupted at once. Noise levels of 10%, 20%, 30% on up to 10095 were used, and the test was repeated 1§

times at each noise level. Figure 14 shows the results for this experiment.

For noise iﬂ a single attribute, a linear relationship exists between the noise level and the etror‘ rate,
This agrees with Quinlan’s findings for rules generated from uncorrupted dats. Note that since only a sin.
gle attribute is being corrupted, a particular event is either uncorrupted, or corrupted in that attribﬁte.
So, the number of corrupted events varies linearly with noise level. The error rate depends on the distri.
bution of values for attributes in the classification rules and the number of cérrupted testing events. Since

the classification rules are fixed, the error rate must vary linearly with noise level.

For noise in all attributes except for the classification attribute, the error rate does not vary linearly
with noise level. This curve can be computed from the data found for single attribute noise using the prin-

ciple of incluston and ezclusion [Liu, 1977:

lagday - Al = Zlal - o lanal+ 2 lananal

1<i<isr 1Ki<j <i<r

-1
oo [-—1]’ a4 - - NA]

where A_ is a set of objects.

For the current problem, A, is a set of events which are classified incorrectly due to noise in the i-tk attri-
bute. Two simplifying assumptions are needed to apply this formula. First, it must be assumed that an
event is either classified correctly (error = 0), or classified incorrectly (error = 1). Second, it must be
assumed that an event which has several noisy attributes, any one of which would independently cause the
event to have an error of 1, still has an error of 1 (i.e. an event can only count as one error, and two

wrongs don’t make a right). The available information for single attribute noise gives the percentage of all

events which are in error due to noise in a single attribute. The cardinality of intersecting sets of
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Figure 14. Classification error with noise in testing events only.

i"‘501'1'e¢:i:13,r classified events can be computed by simply multiplying these percentages (as fractions) since

"he distribution of events is random. Computing the error for noise in all attributes by combining the
- *ftors for single attribute noise in this way gives values almost identical to those found empirically (see

Appendix C.3). Since the principle of inclusion and exclusion can be applied to combine any subset of
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noisy attributes, it can be concluded that a non-linear relationship between error and noise will be

observed any time more than one attribute which appears in the classification rules is noisy.

4.4.2. Noise in Both Training and Testing Examples

In the second experiment, the data set was corrupted to a certain noise level, a set of rules was gen.
erated using the noisy data, then the rules were tested using a different randomly corrupted data set. Al
examples in the data set were used. The parameters to Excel. were set to form exact rules. Conflicting
events were dr&pped from the data set. Each attribute was corrupted singly, then all attributes except the
classification attribute were corrupted at once, then the classification attribute was corrupted. Noise levels
of 10%, 20%, 30% on up to 100% were used, and the test was repeated 5 times at each noise level. Figure
15 shows the results for the experiment with noise in all attributes, with noise in the classiﬁc‘ation attri-

bute, with noise in a single attribute (highest error), and with noise in a single, less important attribute.

For single attribute noise, the error rates are mﬁch lower when rules are generated from noisy data
than when they are generated from uncorrupted data. The shape of the resulting curve depends on the
importance of the attribute. For the most important Attribute {maxilla_Jateral_setae) there is a saturation
effect of sorts. For less important attributes !such as inner_canine_teeth) there is a noticeable drop—off in
error at higher noise levels. This can be attributed to redundancy in the data. At higher noise levels, a
noisy, less important attribute is not useful for discrimination between the classes and is not used in the
rules. Since there is sufficient redundancy in the da.ta; ignoring the noisy attribute leads to lower error
rates. Quinlan did not notice the drop—off effect, probably because the data set he used contained only 1
redundant attribute out of 39. Similarly, more important attributes are used less frequently in the rules as

the noise level increases so the error rate is lower than for rules produced from uncorrupted data.

One important difference from Quinlan’s results is that the attribute with the highest error rate for
single attribute noise in the first experiment is different from the one in the second experiment, but in
Quinlan’s tests they were the same. This is due to the way the learning algorithm used here generates
rules. Rules are formed by choosing one class to be the positive class, and making all others negative.

When this is done, an attribute which is important overall for a multi—class discrimination often becomes
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Figure 15. Classification error with nolse in training and testing events.

—

lea important for a particular two—class discrimination.

For noise in all attributes except the classification attribute, the saturation effect is exactk@as found

by 0. ‘
Y Quinlan, The peak rate of error at about 88% corresponds to the probability of guessing wrong in a 7
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class decision problem. There are two sources of error when noise is present both during training and test.
ing: (1) error due to uncorrupted events being misclassified by rules generated from noisy data, and (2) V
error due to noise in the testing events. These errors are compounded at lower noise levels, but the effect
of (1} diminishes at higher noise levels since there are fewer uncorrupted events, The result is the satury,.
tion effect seen in the graph. Comparing this to the graph for the case of noise in all attributes when noise
is present only in the testing events (Figure 14), the rate of error is found to bé somewhat higher, as should
be expected.

For noise in the classification attribute, there is a linear relationship between noise and error. The
linearity is partly due to a trick in the way that error is defined and tested for. Note that to test for error
in assigning an event to a class, the correct classification must be known. Thus, classification error in the
testing events is essentially ignored - that is why this case does not appear in the previous experiment, the
error would always by 0%. Since noise occurs only in one attribute, the classification attribute, the per-

centage of all events which are corrupted will be the same as the noise level. The probability of an event
being placed in the wrong class is:

M-1
M
where M is the number of decision classes.

So the error for noise in the classification attribute is:

M-1
M

where 7 is the noise level in percents. This explains why the graph for noise in the classification attribute

Percent Error = 1

is linear.

4.4.8. Noise and Approximate Decision Rules

An approximate decision rule is one which does not cover all of the observed events in an event space
correctly. This can occur by allowing exceptions to the rules or by training on a subset of the available
data. The Excel algorithm is capable of forming approximate decision rules by allowing positive and

negative exceptions. The degree to which positive exceptions are allowed is controlled by specifying a
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minimum utility that a complex in a rule must have. The degree to which negative exceptions are allowed
is controlled by the confidence that a complex in a rule must have. Exact rules are formed by using a
confidence of 1.0 and a utility of 00 The experiment with classification error in both training and testing
events was repeated to determine how classification error, rule complexity, and CPU time required for rule
formation are affected when the decision rules are allowed to be approximate. The test was run with (A) a

confidence of 1.0 and a utility of 0.0, (B) a confidence of 0.9 and a utility of 0.1, and {C) a confidence of 0.8
and a utility of 0.2,
The shape of all graphs for error with respect to noise are the same as in Figure 15. In addition, the

levels of error changed little when the decision rules were allowed to be approximate. The most interesting

figures are given below. Maximum noise levels were determined from the average of the three values near

the peak.
Error Figures for Approximate Decision Rules
Data Point RunA RunB RunC
Maximum of Single Attribute Noise (maxilla_lateral setae) 13.6% 11.4% 10.0%
Maximum of Single Attribute Noise (inner_canine_teeth) 3.0% 4.4% 4.9%
Maximum of Average Single Attribute Noise 25% 34%  3.5%

For single attribute noise, the error rates increased modestly on the average. The error rates for less
important attributes tended to increase, ;\'hile the error rate for the most important attribute
(maxi]la_la.teral_setae) tended to decrease. There is 2 noticeable drop—off in error rates at higher noise lev-
els for single attribute noise in most of the less important attributes in Run B and Run C. For the case of
Boise in all attributes, there seemed to be a slight trend towards higher error rates at noise levels below
40%, but the trend is not strong enough to draw conclusions from. The curves peaked at about 88% in all

tuns, For the case of noise in the classification attribute, the curves are identical for all levels of precision.

If the rate of error is not changed significantly, what is gained by using approximate rules? Figure
18 shows the change in rule complexity with respect to noise for the three levels of precision tried, for the
‘4% of noise in all attributes, and Figure 17 shows the change in CPU time required. Noise in class

membership information produced a similar but less dramatic effect, and single attribute noise had only a
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Figure 168. Rule complexity with varying precision, noise in all attributes.

small effect on rule complexity and CPU time. For high levels of noise, especially noise spread across all
attributes and noise in class information, approximate decision rules are desirable because they are simpler
and can be generated more quickly. The fact that the error rate is changed little indicates that the

simplifications made by Excel. are appropriate. The algorithm makes good choices about which events
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%ould become exceptions.




4.4.4. Discussion of Quinlan’'s Findings

in noisy environments” based on the results of his experiments [Quinlan, 1983b):

(1)
(2)

(3)
(4)
(5)

Each of these points will be addressed in turn.

(1)

(2)

(3)

(4)

63

Quinlan reports a number of “policy-level implications for the use of inductive inference machin,,’

It is important to eliminate noise regarding class membership of the objects in the training set.

It is not worthwhile expending effort to eliminate noise from the attribute values of objects in
the training set if there is going to be a significant amount of noise when the resulting
classification is used in practice.

We are better off dispensing altogether with noisy, less important attributes.
The payoff in noise reduction increases with the importance of the attribute.

Noise is less of a problem with approximate classification rules.

-

Noise in all attributes at once produces rates of error higher than noise in class membership informy
tion at all noise levels. In addition to avoiding noise regarding class membership of the objects in the
training set, when there is noise in all attributes it is best to use uncorrupted data for generatiyy
rules if possible. This view can be supported by comparing the curves for noise in all attributes

the Figures 14 and 15 above.

This recommendation is supported by these new findings. In addition, if redundant attributes exgt
and the noise tends to be restricted to just a few attributes, rules generated from noisy data will per
form nmuch better than those generated from correct data. This is because the learning algorithn
tends to avoid using the noisy attributes in the rules generated.
Noisy, less important attributes do introduce a small amount of error. The peek error rate for noiny
less important attributes tends to occur at noise levels between 20% and 40%. Above that, the atie
butes are not used as frequently in the rules generated and thus do not contribute as much to errk
Noisy, less important attributes are probably more of a problem when the data does not contsd

many redundant attributes.

The payoff in noise reduction would increase with the importance of the attribute. The more imp®

tant attributes had the highest rates of error when corrupted singly.
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(5) Noise is not really a problem for ezact decision rules, except that the rules are much more complex
than approximate decision rules. The only noise handling technique used when forming exact deci-
ry
sions was dropping conflicting events if they happened to be generated by the introduction of noise

(this happened rarely). If noise is present, it is desirable to produce approximate decision rules

because the rules will be less complex, and the rules can be generated more quickly.

Overall, the most important finding seems to be that if the data is noisy it is desirable to have redun-
dancy. There must be some correct information for the system to work with else it cannot generate rules
‘with any predictive power. This is not at all remarkable from the point of view of information theory.
The ExceL system is, as probably most related inductive learning systems are, capable of ignoring isolated

noisy attributes as long as there are enough uncorrupted attributes to work with.

-
The ExcelL and ID3 inductive learning algorithms both learn rules for describing classes of objects,

but they do so in different ways. It is significant that different inductive learning systems which generate
tiles in different forms working on different data sets should yield such similar results. The mathematical
basis for two effects has been given, and the validity of other phenomena noted by Quinlan has been sup-

ported,

wr

6. A Closed Loop Learning System

The final experiment is a demonstration of closed loop learning system capabilities on a simple con-
%ol problem, The application involves learning situation-action rules for controiling five valves in the sea-
“iler system of a seawater to freshwater distilling plant (evaporator) [Machinist Mate 3 & 2, 1972]. These
Tves a7 manually controlled on older models of these devices, and considerable operator attention is
™uired ¢o keep the levels in the three main containers within the correct operating range. A simple
%hanica] level controller can be used to reduce the need for human intervention so this work is not being
l”w’“”fed as a practical solution to this particular problem. Rather it is a demonstration of learning sys-
‘apabilities in the general area of control problems. Data derived from the simulator is used to exam-
fh Pziormance improvement as the number of observed training eventa increases (i.e. the learning curve)

c Tles of varying precision,
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Figure 18. Triple effect evaporator seawater system.

A numerical simulation of the system shown in Figure 18 is used to interact with the rule interpreter
and rule learning systems. The system consists of two pumps, one for supplying seawater to the evapors
tor, and one for removing brine. The three containers labelled C1, C2 and C3 are low pressure, low tem-
perature boilers, C3 operates at the highest vacuum and C1 operates at the lowest vacuum. The pressur
differential moves the seawater between the containers. The five valves are used to maintain the corred
levels in the containers, which for this simulation is set at between 450 and 550 gallons. The values used
in the system for flows, capacities, etc. are fictitious, but the overall behavior of the system is qualitatively
correct. Background rules are used to convert the numerical values for container levels and changes is

level into qualitative values.

A training example for this application is shown in Figure 19. The selectors centered at the top gi*

_the correct actions for each of the five valves in the situation indicated by the conjunction of selector
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A training example for freshwater distilling plant control.

[adjust-v1 = open| [adjust-v2 = sbut| [adjust-v3 = sbut| [adjust-v4 = open| [adjust—v5 = ok] <= °

{pump({pl) = on [C1-level = high}
|pump{p2) = on| [C2-level = ok|
[position(vl) = 0.8]  |C3-level = high]
[position(v2) = 0.2]  [Cl~change = up]
[position{v3) = 0.8]  |C2-change == up|
|[position{v4] = 0.5|  [C3-change == down]
Iposition{v5) = 0.2

Final rules produced by ExceL for valve v2 (confidence > 1.0, utility > 0.0).

|adjust-v2 = open| <=
[Cl-change = down .. steady||Ci-level = low]| : {1.00, 32, 32,0) v
|C1-change = down]|Cl-level = ok| : (1.00, 15, 15, 0)

|adjust-v2 == ok| <=
[Cl~change = up||Cl-level = low] : {1.00, 28, 26, 0) v
[Cl-change = steady||Cl~level = ok| : (1.00, 35, 35,0} v
{Cl-change == down]|C1-level = bigh| : {1.00, 19, 19, 0)

{adjust-v2 = shut] <=
[C1-change = steady .. up||Cl-level = high| : {1.00, 27, 27,0} ¥
[Cl-change = up||Cl-level = ok] : {1.00, 18, 18, 0)

parameters; (confidence, newly covered positive ezamples, total covered posilive examples, covered negalive ezamples)

Figure 19. The freshwater distilling plant control domasin.

1-

belo

%. The information given is the states of the two pumps {on or off), the position of each valve (0.0 is
Fully closed, 1.0 is fully open), the level in each container (high, ok, or low), and the change in container

leve} between the last observed level and the current level (up, steady, or down).

There are fifteen rules which the system learns, three for each valve {open, ok, shut). An open or
thut tion moves the valve by one-tenth of its range in the appropriate direction. The final rules learned
b the 8ystem for controlling the valve labelled v2 are also shown in Figure 19. The rules for controlling
'd'% Vi

and v4 are similar. The rules for controlling valves v1 and v5 move the valve to a fixed position,

) . ,
Wually done in actual operation.
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The rule interpretation cycle shown in Figure 5 (Section 2.4) is used for this application. The sen,,
is a program module which reads the state of the freshwater distilling plant simulator. The effector
another program module which modifies the positions of the simulator valves. No internal state is needeq
so the internal state is always given as *all*. The dialog given below shows several cycles from an intery,
tive training session. This demonstrates performance early on in the learning process — about forty traj,

ing events have been observed so far. Input typed by the critic is shown in bold face, comments are in ital V

ics:

Firat, the program prints out the state of the simulator for the critic. The level in container CI is loy K
and steady, the level in container C2 is high and steady, and the level in container C8 is low and steady,

External State:

[pump(p1) = on]{pump(p2) = on]

[pos{v1) == 0.3][pos(v2) = 0.2][pos(v3) = 0.7][pos(v4) = 0.1][pos(v5) = 0.8]
[Cl-change = steady|[Cl-level = low]

[C2—change = steady][C2-level = high]

[C3—change = steady|[C3-level = low|

Internal State:
tau‘

The systern advises opening valve vi, shutting valves v8 and v5, and leaving valve v{ as 1a, Conflictiygl
rules are iriggered for valve v2, giving the “P7. set of actions fired by the rule interpreter.

Advice:
[adjust-v1 = open|[adjust-v2 = ?|[adjust-v3 = shut|[adjust-v4 = ok][adjust-v5 = shut]

The correct set of actions according to the critic 1s to open valves vl, v2, and v4, and to shut v8 anlf
vs.

action 7> open vi1
action > open v2
action !> shut v3
action 7> open v4
action !> shut vb
action > ok

The system and eritic disagree on actions for wz!uu v€ and v{ s0 the rules must be modified. Tr
ing examples are generated by combining the correct action as given by the critic for valves v8 and v v
simulator state as given above. The learning system then specializes the conditions for leaving valves véa
v4 as is, and generalizes the condition for opening valve v4.

Spec: [adjust-v4 = ok]
Spec: [adjust-v2Z = ok|
Gen: [adjust-v4 = open] °
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At this point, the “eflector” {s applied to adjust the valve positions, and the simulator is run for an
aterval of time to aliow flows and levels to change. Again, the interpreter state [obtained from the “sen-
sor") 18 printed out for the critic. The level in container C1 is still low and steady. The level in container
C#is stsll high and now is rising. The level in container C3 is still low and now 1s dropping.

External State:

[pamp(p1) = on|[pump(p2) = on]

[pos(v1) = 0.4][pos(v2) = 0.3][pos(v3) = 0.6][pos(v4) = 0.2][pos(v5) = 0.5]
[C1change = steady}{C1-level = low]

[C2<hange = up)[C2-level = high]

[c3—<hange = down}/C3-level = low|

Internal State:
Sm‘
w The system advices opening valves vi, v2 and v and shutting valves v8 and v5,

Advice:
[djust-v1 = open]{adjust-v2 = open|[adjust-v3 = shut|[adjust-v4 = open][adjust-v5 = shut|

The critic agrees, 80 no training examples are generaied and no changes are made to the rules, Note
et the action recommended by the system when the level in contasner CI is low and steady is now correct.

_&tion > open vi1
xtion ?> open v2
xtion 1> shut v3
ktion ?> open v4
ktion 7> shut vb
i xtion 7> ok

The simulator valves are adjusted, the ssmulator 15 run for a time, and the tnierpreter state is printed
%t The level in container CI ts low and rising. The level in container C2 is still high and rising, The
vl in container C3 is still low and dropping.

External State:

Ump(p1) = on|[pump(p2) = on]

{P%(vl) = 0.5][pos(v2) = 0.4][pos(v3) = 0.5][pos(v4) = 0.3][pos{v5) = 0.4]
[Cl-thange = up|[Cl-level = low]

(C2-change — up][C2-level = high]

hange = down][C3-level = low]

E“ernal State:
iu.

n .The system recommends leaving valve vl as is, shutiing valves v8 and v5, and opening valve vf. No
¢ %4 triggered for valve v2.

&dViCe:

Wjusty] = ok][adjust-v3 == shut|[adjust-v4 = open][adjust-v5 = shut|




The critic agrees ezcept for indicating that valve v® should be left as 1s. A training ezample §, o]
erated for the using the action given by the critic for valve v2 and the simulator atate given above,

action 7> shut v@
action ?> open v4

action 7> shut vb
action ?> ok

The learning system then generalizes the condition for leaving valve v2 as 1s.

Gen: [adjust-v2 = ok|

It was found that the system does not learn complete rules by observing the critic if the simulator
always kept near the correct operating sone. This is to be expected since a learning system cannot p,
expected to learn something which it has not been taught. The significance of this observation is that 4
would Se difficult to train a control system using this technique if complete training involved piacingAth
device being controlled in an unsafe condition. For example, it would not be desirable to teach water levy
control of high temperature boilers if allowing the water level to become very low could lead to melting the
boiler., Some other form of training might be needed in this case, such as learning characteristic descrip
tions from examples within the safe range and learning by being told or by using fabricated examples out.
side of the safe range. In addition, it was found that large numbers of training examples were needed »
that the learn’ing system would avoid using irrelevant attributes which by chance had regular patternsq

values in small sets of examples.

About 180 training examples were sufficient for the learning system to generate good rules containiy
only a few irrelevant variables. Figure 20 shows how the system performed as a freshwater distilling plash§
operator after an extended training period. The critic function was modified to always agree with the
advice given by the production system rather than query a human expert, and the simulator was started /
an unstable condition well out of the normal operating range. All levels were brought within the operating
range quickly. Some oscillation occured because only coarse adjustments of valve position could be mads}

but the levels usualiy stayed within the operating range once stabilised.

The large set of training examples accumulated for this domain was used to examine performﬂ“

improvement as the number of observed training examples increases for varying levels of rule precisios
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Riles were generated using from 3% to 100% of the observed examples (the data point shown for 0% of
the observed examples is the error rate for random guessing). Rules were generated at three different levels
Qfi’?edsion by setting the confidence and utility parameters at 0.8 and 0.2, 0.9 and 0.1, and 1.0 and 0.0

"'Pettively. The rules generated were then tested against the set of all available training examples.

Figure 21 sh- s the results of this experiment. There is little difference between the error rates for

%"’Ximate and exact rules when less than 10% of the available training examples are used. The
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Figure 21. Learning curves for rules of varying precision.

difference increases as the number of observed examples increases. The error rate for all rules converges to
a level corresponding to the confidence threshold used in generating the rules. Note that since both train-

ing and testing examples are uncorrupted, we have

. ' Error = 1 - Confidence
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when all available examples are used for training. This should be expected because the definition of
confidence used here is based on the relative frequency of occurence of correctly covered events {Secticn
2.3.2).

This demonstrates that rules of a specified degree of precision can be learned. With negative excep-
tions summarited using unless conditions, and using an appropriate interpreter, deductive inference could

also be done with a specified degree of precision.
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5. CONCLUSIONS

A system for learning decision rules with exceptions has been described and its capabilities "‘1“‘%(
The system is capable of learning from noisy and conflicting data, and can generate unless cans:liticm‘,‘°
summarise legitimate exceptions. A closed loop learning system which can apply these rules has beep g
to demonstrate learning capabilities in the area of control problems, and to study performance improy,

ment over time with varying rule precision.

6.1. System Performance

The effects of learning from noisy data have been examined using Excel. as a replication of expern
ments performed by Quinlan using a modified version of ID3 [Quinlan, 1983b]. Some of the resulta wep
shown to have simple mathematical explanations. Several observations were made concerning redundang
and noisy data. In particular, when noise is present, redundancy in the training data is desirable. -t
redundancy is available and noise is limited to a few attributes in both the testing and training data, they
it is best to train on noisy data. And, if noise is distributed evenly across all attributes, it is best to traip
on uncorrupted data.

The effect of noisy data when using approximate decision rules was also examined. It was found that
whel; the data is noisy, approximate decision rules are almost as accurate as exact decision rules, even
though the complexity of the approximate rules is much less. These tests also indicate that Excel, doesa
good job of isolating noisy events as exceptions when forming approximate rules. It wduld be interesting
to see if noise immunity would be improved by classifying an event according to a set of rules using s
measure which indicates the degree of match (such as the degree of consonance [Michalski and Larson,

1983]) rather than a boolean coverage test.

For the data sets tested, the Excel. system usually generated more concise covers than A%, and did s
in less time. No significant difference in the accuracy of the rules was observed. The improvement in per-
formance has been attributed to a better description evaluation heuristic, focusing on inconsistencies, and

implementation details such as the use of a data base system and caching frequently used information.
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The need for preprocessors such as the VARSEL program for relevant attribute selection [Baim, 1984] and
the ESEL program for relevant event selection [Cramm, 1983] as efficiency boosters is greatly reduced. In
effect, many of the principles of these programs are incorporated into the Excel algorithm. When a
preprocessor is used there is a chance that valuable information will be lost and rule quality degraded, so it

is desirable for a learning algorithm to be able to use all available information efficiently.

A closed loop learning system has been used to demonstrate the learning capabilities of the system,
and to examine performance improvement over time with varying levels of rule precision. It was shown
that the learned rules could in fact be used to control the freshwater distilling plant simulator. But, it was
found that the process of interactive learning using this closed loop system requires operating the simulator
outside of normal limits. This approach would havle to be modified for devices which are unsafe when
operated outside of normal limits. Also, a large number of training examples were needed before the learn-
ing system could determine which attributes were relevant. In the area of performance improvement, it
was found that the difference in error rate between exact and less precise rules increases as the percentage
of observed events increases. The error rate converges to a level corresponding to the confidence threshold

Ued in generating the rules, so rule of a predetermined level of precision can be generated.

8.2. Limitations and Future Directions

In ExceL, the degree to which exceptions are allowed in inductively learned rules is controlled by user -

defined parameters for rule confidence and utility. This is much like specifying confidence thresholds for
Uiggering rules in a deduction system. It would be desirable to eliminate the need for specifying these
thl‘esholds, possibly by allowing exceptions only when this makes a rule simpler according to a complexity

triterion,

Current inductive learning systems are very good at recognizing patterns in training data. However,
the operators available for combining features in current systems are sometimes not adequate. For exam-
Ple, the rules that Excel generates for the chemistry data set described in this paper are worthless to an
Rperienced chemist. The main problem isvthat concomitant variation of ;ttributes [Copi, 1982] is not

Yoticed by the system. When a decision is based on a linear attribute such as distance, the system has no
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way to recognise nor to represent proportionalities or mathematical relations between the decision agyy
bute and the descriptive attributes. A possible solution to this problem is to combine the current sYstey
with a system designed specifically for finding mathematical relations in data when a decision is based o,

linear attribute such as Abacus [Falkenhainer, 1984].

Another problem is that a simple rule which accurately describes the available data may not ma},
sense as far as a human expert is concerned, even though the system has the representational pows
needed. This usually occurs because the system has no information about the problem domain which could
be used to guide induction, especially information about causal relations between the deacriptive attribyty
and the classification attributes. This is a problem with empirical learning systems in general, not just th,
system described in this thgsis. A stopgap measure to handle this problem is to allow the user to advie
the system by assigning cost and relevance weights to attributes. A better solution may be to provide the
system with information about causal relations and other domain specific information {preferably by,
learning process) and allow it to do reasoning about the relevance of attributes for making particular deci.
sions from this information. For example, in the freshwater distilling plant problem, a large number of
examples must be accumulated before the learning system recognizes that levels and changes in level of
immediately adjacent containers are the most relevant attributes for the decision of how to adjust a partic

ular valve, Knowledge about piping systems and fluid flow might simplify this learning task.

The incorporation of domain specific knowledge in machine learning has been investigated by
Michalski [1980; 1983]. Michalski advocates using well defined knowledge representation languages, ges-
eral purpose induction algorithms, and modularity when including domain specific knowledge. Researchir |
the area of machine learning using domain specific knowledge to guide induction is also being conducted by
DeJong [1983], and Mitchell [Mitchell, Mahadevan, and Steinberg, 1985), among others. The knowledge
representation schemes uysed by these researchers tend to be ad hoc since their approach is to find a power |
ful solution to a particular problem rather than to find a general purpose but perhaps less powerful sole
tion for a wide class of problems. The ExceL‘?ystém could be extended to incorporate additional back-

gound knowledge by defining new types of background knowledge rules and corresponding inferenct
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mechanisms. Developing general purpose techniques for incorporating domain specific knowledge in induc-

tion programs is an ongoing research task.

Incremental learning tends to be difficult in practice because of the bookkeeping involved. It is
pecessary to keep track of the examples associated with each decision rule, and the rules are continuously
being modified. All of the most difficult problems of data base manipulation are involved. The data base
gystem currently used in Excel is fine for short term rule development tasks, but a more sophisticated
data base systera which provides a convenient mechanism for long term storage and is easy to interface to

is needed. It should be possible to extend the system used in Excel to fulfill this need at least in part.

Certain aspects of incremental learning were not dealt with. For example, it would be desirable to
be able to introduce new decision classes during the learning process. Also, it should be possible to use pre-
viously learned concepts (such as knowledge of fluid flow) in the process of learning new concepts s that
the

the learning task can be partitioned. The first shortcoming can be handled by

generalisation/specialisation mechanism currently used. The second shortcoming could be corrected to
some degree using the background rule mechanism.

The use of VL, as a representation language is in itself a limitation. Relationship information must
be represented in attribute form rather than directly in structural form. For example, the predicate

adjacent (A, B)
Bust be represented in attribute form as
[adjacent-A-B = true].

This is also a drawback when attempting to make rules aBout such things as opening and closing of valves
in general rather than opening and closing particular valves. Extensions are necessary to represent
ﬁnteresting background rules and to provide an interesting rule interpreter. Learning systems have been

developed based on more powerful representation languages. INDUCE-2 learns rules in YL, , a many-

*oried predicate logic language [Hoff, Michalski, and Stepp, 1983], and Marvin learns rules in PROLOG
[s!mmut, 1981; Sammut and Banerji, 1983]. Soclving learning problems using INDUCE-2 is computation-

Uy very costly, and Marvin requires training examples that are carefully sequenced in order to achieve




any results. Research should continue in the area of machine learning using more powerful repreung.ﬁq

languages such as Annotated Predicate Calculus [Michalski, 1983].
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APPENDIX A: GLOSSARY

tion
There are a large number of words used in unique ways in the methodology described in this thesis.

This appendix provides an introduction to this terminology. For a more formal description of the variable

valued logic system VL! see [Michalski, 1974].

Attribute
An attribute, also frequently called a variable, is some aspect of an object to be described such as

wlor, temperature, shape, weight, etc. Associated with each attribute is a set of values which the attribute

miy assume called its domain. There are four fundamental domain types in use:

¢ A nominal domain is a set of unordered discrete values. For example, the attribute color may have
values red, green, orange, etec.

* A linear domain is a set of ordered discrete values. For example, the attribute temperature may
have values $2 .. 105 degrees. The “.." is the “range operator” and is used to specify a segment of
values as shown here.

¢ A cyelic domain is a set of ordered discrete values, where the first element is the successor of the last
element. For example, the attribute day may have values Monday, Tuesday, Wednesday, Thursday,
Friday, Saturday, Sunday, where Monday follows Sunday.

' A structured domain is a set of unordered discrete values in a tree structure, where the tree structure
represents an abstraction hierarchy of descriptions. For example, pentagon, hezagon, and octagon

may all be siblings of the node polygon for the attribute aﬁape.
Selector

A selector consists of an attribute, a relational operator, and a single value or a disjunctive list of
Tlues from the domain of the attribute. The relation must be one of:

= = > < > £

| Aselector is a predicate which is either satisfied (true) or not satisfied (false) in a particular context. The

lector [color = red] would be read “the color is red” for the particular object in question. The selector




[shape = round v pointed] would be read “the shape is round or pointed.” This is an example of ‘interw
disjunction.”
Event Space

An ecvent space is the space of all possible descriptions as defined by a given set of attributes apg
their corresponding domains. That is, it is the cartesian product of the domain sets. This is essentially
the same concept as a “feature space” used in pattern recogition, except that a feature space is typically
described only by linear domain attributes while an event space may be described by any combination of

nominal, linear, cyclic. or structured domain attributes.

Complex
A comples, formally speaking, is a cover of a portion of an event space. In this thesis, a complex is
usually a conjunction of selectors. For example, the complex

[color = red]{shape = round v pointed)

is a description for all objects which are red and have either a round or pointed shape.

Event

An event is a complex which describes a single point in an event space. An event has one, and only

one, value for each declared attribute. If the attributes color, shape, and weight are defined with appropri-
ate domains, the complex -

[color = red][shape = round][weight = 25|
would be an event. Events are also frequently referred to as ezamples since they serve as input examples

for inductive learning algorithms.

Star

A star of an event e against a set of events F, denoted G{e | F), is the set of all possible maximally
general complexes which cover event e and don't cover any of the events in F. Deseriptions which cover aa
event can be thought of as generalisations of the event. Since in practice we are only interested in general

isations of an event which satisfy certain criteria, such as covering a large number of the other events in
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the same class and brevity, a star is usually reduced in size by eliminating uninteresting generalizations.

Cover
A cover, for the purposes of this thesis, is a disjunction of complexes. A cover may be interpreted as
s description of a class of objects. Two types of descriptions are especially significant in machine learning:

discriminant descriptions and characteristic descriptions.
Discriminant Description

A diserimingnt descriptions is a description which distinguishes a class of objects from a fixed
number of other object classes. It is typically the most general possible description which covers all

members of a given class and no members of any other class.
Characteristic Description

A characteristic desceription is a description which distinguishes a class of objects from an infinite
number of other object classes. It is the most specific possible description which covers all members of the

class.
Lexicographie Evaluation Function (LEF)

A chicogrdphic guafua.ft'on function with tolerances is a list of criterion—toleljance pairs. A criterion is
usually given as the name of a primitive evaluation function, and a tolerance is given as a real number
between 0 and 1. A LEF can be used to establish a partial ordering on a set of objects, but we are usually
interested only in the “best” subset of the set of objects with respect to the LEF. To find this subset, the
first primitive evaluation function is applied to all members of a set of objects, and a fraction of the “best”
%bjects as determined by the tolerance are retained. If the tolerance is 0, only those objects which tie with
the “best” are retained. The process is repeated with the next criterion-tolerance pair on the set of
'etained objects until either the set of objects is small enough or the list of criterion-tolerance pairs is

xhausted,

R

Y
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APPENDIX B: A USER'S GUIDE TO EXCEL

B.1. Introduction

This appendix is a reference manual for the Excel program for learning VL, rules with exceptioy,

This program is useful for learning from noisy data, and for learning rules with legitimate exceptiou"
which may be summarised by an unless condition. The system is written in Frans Lisp [F‘oderuo‘
Sklower, and Layer, 1983| and runs under the Unix 4.2 operating system. The systems makes use of ,

package of macros and utilities designed to simplify the coding process [Becker, 1985a].

The system is designed for learning discriminant descriptions of classes of objects which are describeq
in terms of attribute-value pairs. Some provisions have also been made for creating characteristic descrip.
tiona from discriminant descriptions. The decision classes may take several forms. The simplest form is,
flat unordered set of decision classes, such as in a diagnosis problem where ; single cause is assumed. The
decision classes may also’be hierarchically structured, such as in a taxonomy of species of animals. Simple

linear decision classes are also supported, but this algorithm does not perform well in this case because it

does not recognise patterns of concomitant variation.

The rules may be produced in either a single step or incrementally. The rules may be intersecting
(ic), disjoint (dc) or sequentially ordered (vl). The rules may also be exact with respect to the set of pro-
vided training examples, or approximate. A conflict handling mechanism is also provided to assist the user
in preparing consistent sets of training examples.

The system may be run either interactively or in batch mode. Interactive running is recommended
only for small data sets {tens of events) since larger data sets may require considerable computation time
for rule formation. Running the program consista of creating a data set, which contains not only the
‘training events but also various control parameters, and then invoking the program. Results may be

printed on the screen or directed to a file using the Unix system.

There are numerous parameters and options included in this system to allow for testing the effects of
changes to the system. It was designed as a research tool without a great deal of concern for friendlines

to naive users. However, defaults are provided for all parameters so that it is fairly easy to use the system
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without a great deal of understanding of what the various parameters do.

B.2. Creating a Data Set

A data set is created using one of the standard editors available under the operating system ({vi,
emacs, etc.). List format is used for input to simplify parsing. Whenever a symbol or name is required,
any legal LISP symbol may be used: a letter followed by any number of characters or numbers. A data set

contains the following components:

{data_set_name

parameters (< parameters list>)

types (<attribute type declarations>)
declarations (< attribute declarations>)

bgrules {<background rules>)

lisp (< file names>)

classes < classification attribute>

variables (<event description attributes>)
events (< training events>)

state (< production system initial state>)
statevars {<variables used to describe state>))

The order of the components is not critical, however the spelling of the tag name for each component
is. Briefly, parameters control various aspects of program execution, including preference criteria for can-
didate hypothesis selection. A type name may be declared to describe a type which is common to several
ttributes. Declarations declare attributes, their types, and optionally meta-information about the cost

and relevance of an attribute. Background rules (bgrules) may be defined for creating attributes whose

Yalues are functionally dependent on the values of attributes used to describe the training events. The
trents will be partitioned into classes according to the donﬁain of the attribute which is given as the
tlassification attribute, A list of the attribute names used in the training events tells the system the
torrespondence between the list of values given for each training event and the appropfiate attribute. The
training events ;u'e used by the system to guide formulation of class descriptions. A sample data set which

Makes yse of most of the available features is shown below.
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A Sample Data Set
(animals

parameters
{{maxstar 4)
(trim nil)
(utility 0.2)
(confidence 0.8 )
(lef ((max-newpromise 0.3)(min-selectors 0.2)(max-newposcovered 0.0))))

types ((boole nom (yes no)))

declarations
((class struc ((birds < - water-birds land-birds) mammals reptiles))
{temp(blood) nom (warm cold) cost 1.3)
(covering(body) nom (fur feathers scales skin))
(habitat nom (air water land))
(weight lin  (1..300 by 1 units Ibs))
(size lin  (small medium large) cost 1.1 weight 0.7)
(milk boole cost 2.0 weight 1.5)
(eggs boole cost 1.5 weight 1.4))
bgrules

(([size := large] <~ [weight = 200 .. 300])
([sise := medium] <~ [weight = 100 .. 199))
([sise :== small] <- [weight =1 ., 99]))

classes class

variables (NAME FREQ CONF class temp(blood) covering(body) eggs habitat milk weight)

events
((robin 10 0.9 land-birds warm feathers yesland no 1)
(emu 5 1.0 land-birds warm feathers yes land no 100)
(duck 8 0.9 water-birds warm feathers yes water no 10)

(penguin 7 0.8 water-birds warm feathers yes water no 20)

(human 20 1.0 mammals warm fur no land yes 175)

(dog 5 0.8 mammals warm fur no land yes 50)
{cat 5 0.9 mammals warm fur no land yes 10)
(platypus 1 0.8 mammals warm fur yes water yes 20)
(dolphin 2 0.9 mammals warm skin no water no 300)
(snake 4 1.0 reptiles cold scales yes land no 3)
(komodo 1 1.0 reptiles cold scales yes land no 20)
(alligator 3 0.9 reptiles cold scales yes water no 75)
(frog 2 0.9 reptiles cold scales yes water no 1)))
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The output generated by the Excel. program for this data set is shown below. The first set of tim-
ings is for initializing the data set. The second set of timings is for inducing rules from the initialized
data. The table of parameter settings gives the values of all parameters for this particular run of the
induction program. Each parameter is described in detail in the next section. For each class, a rule and
some statistics are given. The format for a rule is:

decision <= <:ondit.ionl v conditionz Ve V conditionn.

The decision is a single selector where the value specifies the decision class. Each condition is a conjunc-
tion or conjunction with an unless condition of the form:
S, 8, .. 8, : (<parameters>)
or |
S, S, .5 I_8 S, .S : (<parameters>)

n 1 2 -]

where each Si is a selector.

The decision part of the rule occurs on a line by itself followed byra “<==" symbol which should be
tead as “if.” Each condition occurs on a line by itself followed certain parameters. The values specified
&e, in order, the confidence assigned to the decision if the condition is satisfied, the number of newly
tovered positive training examples, the total number of positive training exa'mples, and the number of
%vered negative training examples. Following each rule is another set of statistics about the rule as a
whole. The complexity of rule is defined as theknumber of selectors plus the number of complexes plus the
MWmber of different variables in the rule. The rule complexity, number of complexes and number of selec-
Wrs in the rule are listed, followed by the number of training examples for the class and the number of
*Xteptional examples. Examples are counted by taking the sum of the confidence times the frequency asso-

tated with each example.
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Sample Output
2.800 Sec. CPU
0.000 Sec. GC

18.000 Sec. REAL
Parameter Settings

mode = ie utility = 0.2 stepsise = all
maxstar =4 confidence = 0.8 redo =t
solutions =5 conflicts == nil trace =0
probe == 1 gamma = 2.0 unless ' == ¢
trim =Anil runconf = 1.0

print = (exceptions results stats summary params inittime runtime conflicts)

lef = {(max-newpromise 0.3) (min-selectors 0.2) (max-newposcovered 0.0))

2.433 Sec. CPU
0.000 Sec. GC
~ 13.000 Sec. REAL

[class = birds] <=
[covering(body) = feathers| : ( 0.89, 26.8, 26.8, 0.0)

Rule Complexity: 3
Rule Complexes: 1
Ruale Selectors: 1
Class Examples:  26.80
Pos. Exceptions: 0.00
Neg. Exceptions: 0.00

[class = water-birds] <=
[habitat = water] : { 0.85, 12.8, 12.8, 0.0)

Raule Complexity: 3
Rule Complexes: 1
Rule Selectors: - 1
Class Examples:  12.80
Pos. Exceptions: 0.00
Neg. Exceptions: 0.00

[class = land-birds] <=
[habitat = land] : { 0.93, 14.0, 14.0, 0.0)
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Rule Complexity: 3
Rule Complexes: 1
Rule Selectors: 1
Class Examples: 14.00
Pos. Exceptions: 0.00
Neg. Exceptions: 0.00

[class = mammals] <=
[covering(body) == fur v skin] : ( 0.94, 31.1, 31.1, 0.0)

Rule Complexity: 3
Rule Complexes: 1
Rule Selectors: 1
Class Examples: 3110
Pos. Exceptions: 0.00
Neg. Exceptions: 0.00

[class = reptiles] <=
[temp(blood) = cold] : { 0.95, 9.5, 9.5, 0.0)

Rule Complexity: 3
Rule Complexes: 1
Rule Selectors: 1
Class Examples: 9.50
Pos. Exceptions: 0.00
Neg. Exceptions: 0.00

Each component of the data set will now be described in detail. Each section starts with a statement
of the form or syntax for entering the component in the data set, followed by a description of the purpose

o the component and the options available.

B

2.1, Parameters
?Wm: parameters ((param_name <value>)(param_name, <value>)...)

¥ . . .
here each param_name is one of the parameter names listed below and <value> is a legal value for the
Wociated parameter. The parametere list is used to select non-default values for program parameters.
Y . . .

%t parameters take a single value. Certain parameters take a list of values in a particular format.

E.ch Parameter, its purpose, its allowed values, and its default value is described below.
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mode
Specifies the mode to be used in cover generation. May be intersecting covers (ic), disjoint coy, 2

{dc), or sequential covers (vi).

Allowed Values: ic, de, vl
Default Value: ic
maxstar

Specifies the maximum number of alternative descriptions retained during alternative deacriptip, ]
generation. A larger value causes better descriptions to be selected because the sise of the seare) §
space is increased, but increases the amount of computation time required. A value which is roughly
the number of attributes used to describe training events seems to work well.

Allowed Values: Integer 1 .. +00
Default Value: 5
confldence

The minimum confidence that a description must have to be accepted as a solution. Low confidenc,
solutions cover many negative events, high confidence solutions cover very few. In general, mor, |
computation is required to find high confidence solutions.

Allowed Values: Float 0.0 .. 1.0
Default Value: 1.0
utllity

Utility specifies the minimum utility that a complex may have and still be retained in the cover of , 3§

class. Requiring high utility forces positive exceptions to be generated. Changing utility causes no
change in computational requirements.

Allowed Values: Float 0.0 .. 1.0
Default Value: 0.1
solutions

Specifies the maximum number of solutions (descriptions which satisfy the confidence threshold) §
which will be searched for. The ADG algorithm terminates when either a certain number of sols. §

tions have been found or some solution has been found a certain number of probe steps have beaa

tried.
Allowed Values: Integer 1 .. +o0
Default Value: 2

probe

Specifies the number of description generation cycles which will be performed after a solution is
found in order to find another solution. If a larger value is used, more work will be done to find
better solutions. A small value, 0 or 1, is usually adequate.

Allowed Values: Integer 0 .. +oc
Default Value: 1

“trim

Specifies the method to be used for trimming complexes in a class cover. Trimming using the “drop”
option reduces the number of values in the reference of selectors in a cover so that only those needed
to cover the positive events actually covered by the complex are retained. The “unique® option |
reduces the number of values in the reference of selectors in a cover so that only those needed to |
cover the newly (uniquely) covered positive events are retained. The “extend” option extends the
cover (making it more specialised) by multiplying in the refunion of covered events. This may be
thought of as a characteristic description. If *nil” is used, the covers are not modified.
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Allowed Values: nil, drop, unique, extend
Default Value: nil
conflicts

Specifies the method of conflict handling to be used. The “nil” option indicates that no action is to
be taken. The “keep” option indicates that conflicting events are to be retained. The “drop™ option
indicates that conflicting events are to be dropped. The “max” option indicates that conflicting
events are to be kept in the class where they occur the most frequently. The “ask™ option indicates
that the user wants to be asked to decide about each conflict individually.

Allowed Values: nil, keep, drop, max, ask
Default Value: nil
gamma

Specifies the minimum ratio of frequency of occurrence between the most frequent and next most fre-
quent class when handling conflicts using “max”. If the most frequent class is not gamma times
bigger than the next biggest, then the conflicting event will be dropped from all classes.

Allowed Values: Float 0.0 .. +o¢
Default Value: 2.0
uniess

Specifies that negative exceptions should be summarized in an unless condition.

Allowed Values: t, nil
Default Value: t
runconf

Specifies the confidence level required for a rule to fire when running the rule interpreter,

Allowed Values: " Float 0.0 .. 1.0
Default Value: 1.0
stepsise .

Specifies the stepsite (number of new training events considered per step) to be used during incre-
mental learning.

Allowed Values: all, Integer 1 .. +o¢
Default Value: all
*emember

Specifies how to remember training events during incremental learning. If “all” is used, all events
will be remembered. If “wrong” is used, events will be remembered only if the are misclassified by
the current hypothesis.

Allowed Values: all, wrong
Default Value: all
*"&ee

Specifies what level of tracing information to print. At level 0, nothing is printed. At level 3, all
tracing printouts are invoked.

Allowed Values: Integer 0 .. 3
Default Value: 0
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print .
The value of this parameter is a list of symbols indicating what to print during and after a ryy ‘?

the program.

Symbol Effect
conflicts announce conflicting evenls
exceptions  print positive ezceptions and unless conditions
results print elass covers
stats print statistics with each complez of a eover
summary print summary statistics for each cover
params echo input parameters with the output (batch operation)
verbose print periods to show the program 1s still running
inittime print the CPU time for initialization
runtime print the CPU lime for cover generation

printtime print the CPU time for displaysing resulis

Allowed Values: any subset of -
{conflicts exceptions results stats summary params verbose inittime runtime printtime)

Default Value: (exceptions results stats summary params inittime runtime conflicts)

lef
Specifies the evaluation functions which will be applied when selecting descriptions from among a list

of alternatives. A LEF is a list of criterion-tolerance pairs. A criterion function may be selected
from the list below. A tolerance must have a Float value between 0.0 and 1.0. A tolerance of 0,0
specifies that only those descriptions which are as good as the best description will be retained. A .
tolerance of 1,0 specifies that ail descriptions will be retained.

Criterion Effect
max-newpromise Mazimize promise based on newly covered positive eventa.
min-newpromise Minimize promise based on newly covered positive events.

max-selectors
min-selectors
max-cost

min-cost
max-weight
min-~weight
max-promise
min-promise
max—confidence
min—confidence
max-newposcovered
min-newposcovered
max-poscovered
min-poscovered
max-negcovered

Mazimize the number of selectors in a complez.
Minimize the number of selectors in a complez.
Mazimize the cost of a complez.

Minimize the cost of a complex.

Mazimsze the weight of a complez.

Minimize the weight of a complez.

Mazimize promise based on all covered posstive eventa.
Minimize promise based on all covered positive events.
Mazimize estimated confidence.

Minsmize estimated confidence.

Mazimize number of newly covered positive events.
Minimize number of newly covered positive events.
Mazimize number of covered posstive eventa.

Minimize number of covered posstive events.

Mazimize number of covered negative events,

min-negcovered Minimize number of covered negative events,
Allowed Values: A list of criterion-tolerance pairs,

Default Value: ((max-newpromise 0.0) (max-newposcovered 0.0) (min—cost 0.0)))))
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repeat
Specifies a new parameter list for subsequent runs of the program when running in batch mode.
Only parameter values which need to changed from the values used in the previous run need be
specified. This allow one to run the program several times with different parameter settings in one

batch run.

Allowed Values:
Default Value: nil

A list of parameter lists.

The allowed and default values for all parameters are summarized in the table below.

Parameter Allowed Values Default Value
maxstar Integer 1 .. 400 5
confidence Float 0.0 .. 1.0 1.0
utility Float 0.0 ., 1.0 0.1
solutions Integer 1... +o¢ 2
probe Integer 0 .. +o¢ 1
trim nil, drop, extend nil
conflicts nil, keep, drop, max nil
gamma Float 0.0 .. +oc 2.0
construct t, nil nil
runconf Float 0.0 .. 1.0 1.0
mode ie, de, vl ic
stepsire all, Integer 1 .. +o0 all
remember all, wrong all
trace Integer 0 .. 3 0
print any subset of:

(conflicts exceptions results (exceptions results stats
stats summary params verbose summary params inittime
inittime runtime printtime) runtime conflicts)

lef A list of criterion—tolerance pairs.  ((max-newpromise 0.0)
{min-selectors 0.0)
{max-newposcovered 0.0)))))
repeat A list of parameter lists. ~ nil

8.2.2. Declarations

l?°HJJ:

types (type,_;decll type_decl, ...}

declarations (attr_decl attr_decl, ...)

T
Tbutes, A type declaration has the form:

{type_name domain_type members)

¥ . . . . . .
here each type_deel is a type declaration and each attr_dee! is an attribute declaration, described below.
1

D¢ and attribute declarations are used to associate domains and other information with attributes.

T R .
The declarations are to be used to associate a name with a domain type that may be commeon to several
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An attribute declaration has the form:
(attribute_name domain_type members [cost n|{weight n][abbrev s][ask a])
or

(attribute_name type_name [cost n|[weight n}[abbrev s|[ask a])

Type_name and attribute_name are names created by the user. These may be single symbols, or compouyg

names of the form “symbol(symbol)®. It is a good idea to pick meaningful names.

Domain_type must be one of nom, lin, cye, or struc. The form of members depends on the domain type.

Domain Type Abbreviation

nominal nom
linear lin
cyclic cye
structured struc

In a nominal members list one simply gives a list of symbols representing the elements of the
domain, A linear domain may consist of an ordered list of symbols or a numerical range with an optional
stepsise and optional units. The default epsilon value (stepsise) is 1. All rules which apply to linea
domains apply to cyclic domains. In a structured members list, each sublist represents a parent node to
the left of the arrow and its children on the right of the arrow. A child may be a 'substructure as well asa

symbol. In addition, a symbol may occur at the top level of a structure specification.
Additional information may associated with an attribute name:

cost .
A value between 0.0 and +00, which indicates the cost associated with obtaining a value for an atiri-
bute in the real world. The default cost is 1.0.

weight
A value between 0.0 and +oc, which indicates the relevance of this attribute with respect to the
classification being made. The default weight is 1.0.

abbrev
An abbreviated name which may be used instead of the principle name in the variables list.

ask
A string describing the meaning of the attribute. This is printed to the user when asking for 2 value
for the attribute when it occurs in a rule in an expert system (see section on rule ronning).
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B.2.8. Background Rules

Form: bgrules (bg rule, bg_rule, ...)

where each bg_rule is a background rule, deseribed below. Background rules are used for generating selec-
tors with values that are functionally dependent on the values of known attributes. This is useful when
converting relational information to attribute form, and as a labor saving device. For example, if an
object has attributes shape, Aeight, and width, a rule may defined which generates a value for the attribute
grea. A background rule may either elaborate the description of the event by adding the new selector to

the event, or replace one or more selectors with the new selector. The rules are distinguished by the type

of arrow used:

Elaboration:  (Lhs. < <- r.hs.)
Replacement: {Lhs. <- r.hs.)

where Lh.s, and r.h.s. are lists of selectors. When an event is processed using the background rules, each
tule is applied to the event once in the sequence that the rules are given, thus a rule can use values which
are generated by preceding rules. All variables used in background rules, whether initially in the event

descriptions or generated via a background rule, must be declared.

Three types of selectors are used in background rules:

1. [Var =k]

2. [predicate]

3. [Var:= {(x)]
All three types of selectors may occur on the Lh.s. of background rules. Only types 1 & 2 may occur on
the r.h.s. of rules. The 3rd type is used to assign a value to an attribute and thus may only occur on the

Lhs, of a rule. If a predicate occurs on the Lh.s. of a rule, a boolean selector with a compound name is
Created,

Arbitrarily complex functions may be used for deriving the new values. Within the system, opera.
Yors are defined for deriving values based on logical or arithmetic functions. Rules which use logical func.

tions are called L-rules, and rules which use arithmetic functions are called A-rules, In addition, any LISP

e
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function may be used. Provisions have been made for loading files with LISP function definitions whey X
L data set is loaded (see the next section). The following operators have been defined for use in backgroupg

rules:

.

Arithmetic Functions

Symbol Description Syntax  Precedence
- unary minus prefix 900
: exponentiation  infix 870
! factorial postfix 850
* maultiplication  infix 800
i / division infix 800
| X + addition infix 700
i - subtraction infix 700
mod modulo infix 600
|
i ' Arithmetic Predicates
j Symbol Description Syntax  Precedence
" > greater than infix 550
>= greater or equal  infix 550
< less than infix 550
<= less or equal infix 550
] = equal infix 500
J : <> not equal infix 500

Logical Operators

Symbol Description Syntax  Precedence

! . not logical not  prefix 900
: and logical and  infix 850
or logical or infix 800

= implication  infix 750

<=2>  equivalence infix 750

Internal Disjunction

: Symbeol Description Syntax Precedence

range operator  infix 950

i v disjunction infix 900

i

\ Symbols with a higher precedence bind more tightly than those with a lower precedence. In general, sym-

bols with equal precedence bind more tightly on the left. These operators are defined for use with a dats
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driven parser [Becker, 1985c] and it is relatively easy to define new operators for the system. When using

LISP functions, the syntax is prefix form:

<function> (<argument Jist>)

where <function> is the name of a defined LISP function, and <argumentlJist> is a list of constants
and/or declared attribute names. The following examples show a number of the different forms which

may be used for background rules. Note that all operators must be surrounded by blanks.

{[sise := small] < <- [weight = 0 .. 25])

This is a simple elaboration rule. The attribute ¢ize is assigned the value small when the value of the at-
tribute weight is between 0 and 25 inclusive.

([area :== length * height] < <-)

This is an elaboration rule which is always triggered since the r.h.s. is empty. The attribute areca is as-
signed the value which is the product of the values of attributes length and Acight.

([color := purple] <- [color = red v blue})

This is a replacement rule which replaces the value of color.

([color := ask(color)] <~ [height < > length|[color = orange ¥ purple])

This is a another replacement rule. The left hand side contains a selector which will assign a new value to
the color attribute based on the result of evaluating the ask function, which is a user-defined LISP fune-
tion. The r.h.s. contains a predicate [height < > length], and a set selector. Only the set selectors — those
¥ith “=" a5 the relation and a disjunction or range of values - are replaced. A predicate is used to deter-
Mine when the replacement should occur.

B2.4, Lisp Code Files
Form; lisp (pathname, pathname, ...)

Mhere each pathname is the file system pathname for a file to be loaded. When user defined LISP functions
¥t used in background rules, there must be a way to load the function definitions into the system. Each

e

listed in the lisp component will be loaded when the data set is initialized.

F .
Mm: classes attribute
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The data set is partitioned into classes according to the values of the domain of an attribute singleg .
the classification attribute. For nominal domains, each value fn the domain characterises a clags, ’
structured domains, each node characterises a class and a structured decisiog rule is generated, L%
decision classes are supported only for small integer and symbolic linear domains. For set valued d"mli\
the values are the names of attributes used to define decision classes between which no discriminatioy iny

be made. In general, declarations of decision classes may be nested in this way as long as unique Rames ,,

used.

B.2.8. Training E:amplea

Form: variables (var var,..)

events (event, event, ...)

where each var is an attribute name, and each event is a training event. Each training event is a list of
values for each of the variables in the variables component of the data set. Each variable must occur only
once, and each event must have a value for each variable, in the correct order. The values must be legy

values from the domain of the associated variable.

There are three special variables which may be used to associate meta-information with each event,
These are NAME, CONF, and FREQ.
NAME

NAME is used to give a unique name to each event. This name will be used whenever the event s

printed instead of the conjunction of selectors. This is of special interest when positive exceptions

are generated. Any LISP symbol may be used as a name. There is no default name.
CONF

CONF is used to assign a confidence to each event which indicates how sure the expert who classified
the event is that the event belongs to the associated decision class. Allowed values are 0.0 .. 1.0.

The default confidence for an event is 1.
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FREQ

FREQ is used to indicate the frequency of occurrence of an event. This eliminates the need to enter
duplicate copies of an event if it occurs many times. Allowed values are integers greater than 1. The

default frequency is 1.

B.2.7. State
Form: state ([varl = vall|[var2 = val2] ... [varn = vah)]).

The state entry is used to specify the initial internal for the production system interpreter. It consists of a

single VL, complex which has a single value for each variable. The initial state need not be specified, and

may be omitted.

B.2.8. State Variables
Form: statevars (varl var2 .. varn).

This entry is a list of the variables in the state complex. It should be a superset of the variables in the

state complex, if one is given. This is needed since the initial values of some variables may be unknown.

B.3, Interactive Running

System invocation is done via an alias which may be defined in the users “.login” file. The alias
definition is:

alias cover "lisp -f /mntb/2/michalski/jbecker/aq/cover.o \!*"
Alternatively, one may simply type the long form of the command:
lisp ~f /mntb/2/michalski/jbecker/aq/cover.o

When the program is invoked with no command line arguments, it enters the interactive mode. Other-
¥ise, it enters the batch mode described below. The system is largely menu driven with prompting for

Other input when needed. The top level menu looks like this:
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Excel. Menu

E: Edit Data Edit a data set file.

L: List Data View a data set file.

G: Get Data Loads a data set from a file.

B: Backup Backup a data set to a file.

P: Parameters Modify parameter settings.

C: Cover Generate class covers.

S: Show Covers  Display the covers of a data set.
T: Test Test covers against examples.
R: Run Run a set of rules.

Q: Quit Leave this menu.

Type the corresponding letter to invoke the function:

After each command completes the system pauses for a key press before returning to the top leve]
menu (except for the Quit command). Also, on a LISP error, typing <control>-d one or several times
will return the user to the top level menu. Each of the top level menu commands will now be described iy
detail.

E: Edit Data

This command allows the user to edit a data set without stopping the program run. When this com-

mand is selected, the system prompts for a file name. After the user enters a file pathname, the sys

tem executes the Unix “vi” command on the file. The user may then edit the file. When editing is

completed, the file will be reloaded and the data set initialised.

L: List Data

This command allows the user to view the source file for s data set (or any other file). When this
command is selected, the system prompts for a file name. After the user enters a file pathname, the

system executes the Unix “more” command on the fle.

G: Get Data

This command allows the user to load a data set into the lisp environment. Several data sets may be
in. the lisp environment at once, and the user may switch between them. When this command #

selected, the system prompts for a file name. After the user enters a file pathname, the system loads
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the file. The first atom in the list describing the data set is taken to be the data set name, and the
data set is stored under this name. The data set is then initialited. This involves parsing various

expressions, setting various parameters, and encoding various structures in a special internal form

used by the program.

B: Backup

This command allows the user to save the state of data set on a file. This is most useful when doing
increm;ntal learning over a long period of time. When this command is selected, the system prompts
for a data set name 2nd a file name. After these are entered by the user, the system writes out infor-
mation describing the data set to the named file. The file may be reload using the “Get Data” com-
mand.
P: Parameters
This command allows the user to modify parameter settings without editing the data set file, This is
handy when experimenting with the effects of different parameter settings. The system will prompt
for a data set name. After the user enters a name, the system will print the current settings for all
kystem parameters, then prompt for a parameter name. After a parameter name is entered the sys-
tem will prompt for a value. Once a value is entered, the system prints the new settings and the pro-
cess repeats. When finished, type “ok” instead of a parameter name. Below is an example of what

the screen looks like during the parameter setting process, user input is shown bold face:

Parameter Settings

mode = i¢ utility = 0.0 stepsize == all
maxstar == § confidence = 1.0 redo ==
solutions =} conflicts = nil trace ==
probe =0 gamma = 2.0 unless o=
trim = nil runconf = 1.0

print = (verbose exceptions results stats summary params inittime runtime conflicts)
lef == {{max-newpromise 0.3) {min-selectors 0.2) {max-newposcovered 0.0})

Parameter: mode
Value: de




C: Cover

This command allows the user to invoke the cover generation process. When this commang ;,
invoked, the system will prompt for a data set name. After a name is entered, if the data st
present the system will invoke the learning algorithm on the data set. If the data set is not Presen
the system will look for a file }vith the given name and attempt to load it as a dataset, Whey

finished, the results will be printed on the terminal screen.

S: Showcovers
This command allows the user to view the most recently generated set of covers for a data sy
When this command is invoked, the system will prompt for a dataset name. After a name is entered,

the system will display the set of covers for the data set according the print parameter.

T: Test
This command is used for generating a confusson matriz which shows how well a set of rules covery,
set of examples (see example in section §). When this command is invoked, the system will prompt
for one data set containing rules (which must have previously been generated using the Cover com.
mand} and another data set containing training examples. The same data set may be used for both,

The data sets must have identical variable declarations.

R: Run
This command allows the user to run a set of rules. The system prompts for a data set name, thea
invok‘es the rule runner on the named data set. Considerable user sophistication is needed to use this
command because domain specific interface routines must be written for each application. The
recommended method for developing a new application is to the distilling plant simulator as as
exaxﬁple.

Q: Quit

This command causes the program to terminate and exit to the Unix operating system.
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B.4. Batch Job Running

Running the program in batch mode is quite simple. The invocation command is identical to the one
used for interactive running, except that additional command-line arguments specify the input and output

files. The commmand syntax is:
cover <input_file> <output_file> &
The input file must be s properly structured data set. The output file is any file name the user chooses.

The Unix “&® command may be used to put the job in background. The program will generate covers in

the mode(s) specified in the parameters list and then exit.
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APPENDIX C: EXPERIMENTAL DATA

C.1. Car Starting Example

The data set for the car starting example is given below, followed by program output for thye,
different parameter settings. The first run is with parameters set to produce exact rules, the second run i
with parameters set to produce approximate rules without unless conditions, and the third run is wigy_

parameters set to produce approximate rules with unless conditions,

Car Starting Data
(auto

parameters
{{(mode d¢)(utility 0.0){confidence 1.0)(unless nil)
(repeat
(({(mode dc)(utility 0.1){confidence 0.9)(unless nil))
((mode dc){utility 0.1)(confidence 0.9)(unless t})))))

declarations
{(engine nom = (does_not_start starts))
(action nom (none turn_key hot_wire))

(gas_tank lin (empty filled})
(battery  lin (dead charged)))

classes engine

variables

(FREQ engine action gas_tank  battery)

events

{(100 starts turn.key  filled charged)
(1 starts hot_wire  filled charged)
{1 does_not_start  turn_key empty charged)
1 does_not_start  turn_key  flled dead)
(100 does_not_start  none filled charged)
(1 does_not_start  none empty charged)
(1 does_not_start  none filled dead)
(1 does_not_start  hot_wire filled dead)
( does_not_start  hot_wire  empty charged)))
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Exact Rules

Parameter Settings

mode =dc utility = 0.0 stepsize = all
maxstar =35 confidence = 1.0 redo =t
solutions =25 conflicts = nil trace =
probe =1 gamma = 2.0 unless = nil
trim = nil runconf = 1.0

print = (exceptions results stats summary params inittime runtime conflicts)
lef = ((max-newpromise 0.0) (max-newposcovered 0.0) (min—cost 0.0))

1.833 Sec. CPU
0.000 Sec. GC
8.000 Sec. REAL

engine = does_not_start] <=
[action = none] : (1.00, 102, 102, 0) v
[gas_tank = empty] : (1.00, 2, 3, 0) v
[battery = dead] : { 1.00, 2, 3, 0)

Rule Complexity: 9
Rule Complexes: 3
Rule Selectors: 3
Class Examples: 106
Pos. Exceptions: 0
Neg. Exceptions: 0

lengine = starts] <=
action <> none|[gas_tank = filled][battery = charged] : (1.00, 101, 101, 0)

Rule Complexity: 7
Rule Complexes: 1
Rule Selectors: 3
Class Examples: 101
Pos. Exceptions: 0
Neg. Exceptions: 0

parameters: {confidence, newly covered positive examples, total covered positive examples, covered negative examples)
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Approximate Rules Without Unless Conditions

Parameter Settings

mode = de¢ utility = 0,] stepsise = all
‘maxstar =35 confidence =09 redo =t
solutions =235 conflicts == nil trace ==
probe =1 gamma == 2.0 unless = nil
trim = nil runconf = 1.0

print = (exceptions results stats summary params inittime runtime conflicts)
lef = ((max-newpromise 0.0) (max-newposcovered 0.0) (min-cost 0.0))

0.733 Sec. CPU
0.000 Sec. GC
1.000 Sec. RE;}L

[engine = does_not_start] <=
[action <> turn_key| : (0.99, 104, 104, 1)

Negative Exceptions:
laction = hot_wire|[gas_tank = filled|[battery = charged|

Positive Exceptions:
[action == turn_key]|[gas_tank = empty|[battery = charged]
[action == turn_key|[gas_tank = filled][battery = dead|

Rule Complexity: 3
Rule Complexes: 1
Rule Selectors: 1
Class Examples: 108
Pos. Exceptions: 2
Neg. Exceptions: 1

[engine == starts] <=
[action == turn_key] : (0.98, 100, 100, 2)

Negative Exceptions:
[action = turn_key]{gas_tank = empty|[battery = charged|
[action = turn_key][gas_tank = filled|[battery = dead]

Positive Exceptions:
[action == hot_wire][gas_tank = filled|[battery == charged|

Rule Complexity: 3
Rule Complexes: 1
Rule Selectors: 1
Class Examples: 101
Pos. Exceptions: 1
Neg. Exceptions: 2

parameters: (confidence, newly covered positive examples, total covered pocit‘ive examples, covered negative examples)

.
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Approximate Rules With Unless Conditions

Parameter Settings

mode = d¢ utility == 0.1 stepsise == all
maxstar = § confidence = 0.9 redo ==t
solutions = conflicts = nil trace =
probe =1 gamma = 2.0 unless =1t
trim == nil runcon{ = 1.0

print = {exceptions results stats summary params inittime runtime conflicts)
lef == {{max-newpromise 0.0) (max-newposcovered 0.0) (min-cost 0.0))

1.217 Sec. CPU
0.000 Sec. GC
4.000 Sec. REAL

[engine = does_not_start] <=
[action < > turn_key] : (0.99, 104, 104, 1}[_
[action = hot_wire][gas_tank = filled|(battery = charged]: (1.00, 1, 1, 0)

Positive Exceptions:
[action = turn_key][gas_tank = empty][battery = charged]
[action = turn_key|[gas_tank = filled][battery = dead|

Rule Complexity: 9
Rule Complexes: 2
Rule Selectors: 4
Class Examples: 106
Pos. Exceptions: 2
Neg. Exceptions: 1

lngine = starts] <=
[action = turn_key] : (0.98, 100, 100, 2)/_
[gas_tank = empty]: {1.00, 1, 1, 0) v
[battery = dead]:(1.00, 1, 1, 0)

Positive Exceptions:
[action == hot_wire][gas_tank = filled][battery = charged]

Rule Complexity: 9
Rule Complexes: 3
Rule Selectors: 3
Class Examples: 101
08. Exceptions: 1
¢g. Exceptions: 2

parameters: {confidence, newly covered positive examples, total covered positive examples, covered negative examples)
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C.2. Data Sets

This section contains listings of the data sets described in Section 4.1,

C.2.1. Chemical Compound Domain

The first data set contains information about a sample of bimetalic coordination compounds. The
goal is to find a set of rules which can be used to predict the metal to metal distance of a new compoypy
given a number of features of the compound. Although the system can produce correct rules for the give,

data, they are not satisfying to a human expert.

Chemical Compound Data

{chemistry
parameters {{confidence 0.9)(utility 0.1)}

types .
({ligand struc (X <~ Br Cl1) (PR3 <~ PEt3) (NRZ <~ NMe2 NE42) (R <- Me CH2SiR3) (OR <- OCR3 OSiR3) CO NR3 nondjj

declarations

((Metal nom {Co Cr Mn Mo Re Tc W))

{Oxidation lin (-1 o nmm))

(MMdistaace lin {1.98 .. 3.123 by 0.001 units angstroms))
(distance nom  {very-near near far very-far))

{Radius lin {(1.25 .. 1.41 by 0.01 units angstroms))
(Charge tin {~¢ -2 0)}

{electrons/Metal  lin (%11 1214 17))
(Conformation nom  ({staggered eclipsed))
(BoadOrder lia (1..4by1))
{Ligandl ligand)

(Ligand2 ligand)

(Ligand3 ligand)

{Ligand4 ligand)

{Ligand5 ligand))

bgrules

{({distance :== very-nesr| <~ [MMdistance = 1.900 .. 2.200])
{{distance := penr] <~ [MMdistance = 2.201 .. 2.500})
{{distance 1= far] < - [MMdistance = 2.501 .. 2.800|)
{{distance := very-far| <- [MMdistance = 2.801 .. 3.200{))

classes distance

variables
(NAME Metal Oxidation MMdistance Radius Charge electrons/Metal Conformation
BondOrder Ligandl Ligand2 Ligand3 Ligand4 LigandS)

events (

("|Cr(CH3)84-" Cr I 1.980 1.20 -4 12 eclipsed 4 Me Me Me Me nons)
("[Mo2C18]4-" Mo I 2.139 1.40 ~ 12 eclipsed 4 CI a  -a Cl  none)
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{[Mo{CH3)8]4-" Mo H 2.148 1.40 4 12 eclipsed 4 Me Me Me Me  none}
{'Mo2Bt4{p—MeC$H4N)4 Mo 11 2150 140 0 12 eclipsed 4 Br NR3 Br NR3 none)
((Mo2Cl4{p-MeCSHAN)™ Mo II 2.153 1.40 0 12 eclipsed 4 Cl NR3 Cl NR3 none}
('Mo2(CH28'xMe3)0" Mo II 2.187 140 O 9 staggered 3 CH25iR3 CH2SiR3 CH2ZSiR3 none none)
("Mo2{NMe2}4Ci2" Mo II1 2.200 1.40 O 9 staggered 3 NMe2 NMe2 Ci none none)
{"Mo2(NMe2)4Me2" Mo II1 2201 140 0 O staggered 3 NMe2  NMe2 Me none none)
{"Mo2{NMe2)6" Mo Il 2.211 1.40 O 9 staggered 3 NMe2z NMe2 NMe2  none none)
{Re2CI8[PEL3|2" Re Il 2,222 137 0 12 eclipsed ¢ PEt3 Ci Cl C!  npone)
{"Mo2{OCH2CMel)8" Mo Il 2.222 1.40 0 9 staggered 3 OCR3 OCR3 OCR3 . none none)
("Re2C14|P(Ev)3}4" Re 11 2.232 1.37 0 14 eclipted 4 Cl PES [l PEt3 none)
{"[Re2Ci8}2-" Re I 2.241 1.37 -2 12 «clipsed 4 Ci Cl Ci Cl  none}
("Mo2{OSiMe3)BHNMe2" Mo Il 2.242 1.40 0 11 staggered 3 OSiR3  OSiR3  OSiR3  NR3 none)
{"W2|CH2Si(CH3)3|6" W I 2.255 1.41 0 9 staggered 3 CH2SiR3 CH2SiR3 CH2SiR3 none none}
("|Re2Br8j2-" Re [ 2.270 1.37 -2 12 eclipted 4 Br Br Br Br  none) *
{"W2(NMe2)4C12” W Il 2283 1.41 O 9 staggered 3 NMe2 NMe2 Ci none none)
{(W2(NEt2)4Me2" W I 2201 141 O 9 staggered 3 NEi2 NEt2 Me none nope)
{TW2(NMe2)6" W HI 2204 1.41 O 9 staggered 3 NMe2 NMe2  NMe2 none pone}
{"W2{NEt2)412" W I 2296 1.41 O 9 staggered 3 NEt2 NEw2 | none none)
((W2CI2(NEt2)4" W IO 2301 1.41 O 9 staggered 3 Cl NEt2 NEt2 nope none)
("W2{NEt2)4Br2" W IO 2303 1.41 O ¢ staggered 3 NE2Z NE2 Br nope none)
((W2(OCHMe2)8{pyr)2" W [ 2.332 1.41 O 11 staggered 3 OCR3 OCR3 OCR3 NR3 none)
{"Co2(CO)6|P(n —Bu)3;2 Co O 2.665 1.25 0 17 staggered 1 CO co co none PEL3)
("Ma[{CO)8|PEt3]2" Mn O 2.913 1.37 0 17 staggered 1 CO co co CO PEt3)
{(‘Ma2(COM0" Mo O 2.923 1.37 0 17 staggered 1 CO co co cO CO)
("cr2(Coj10” Cr -1 2070 1.2 -2 17 staggered 1 CO co co co co)
{"Re2(CO)10" Re O 3.020 1.37 0 17 staggered 1 CO co co CO CO)
("Te2{CO)10” Tc O 3.038 1.35 0 17 staggered 1 CO co co CO CO)
{"Mo2{CO)10" Mo -1 3.123 1.40 -2 17 staggered 1 CO co co co co)

e)))
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C.2.2. Stenonema Mayfly Domain

This data set describes seven species of Stenonema mayfly nymphs in terms of salient phm‘ﬂ
characteristics. The goal is to find a set of rules which can be used to distinguish members of the diﬂ‘,,m

species. The system is able to find simple rules for performing this task.

Stenonema Mayfly Data

; STENONEMA MAYFLY NYMPH EVENTS

; see "Taxonomy and Ecology of Stenonema Mayflies”

H Philip A. Lewis

H National Eavironmental Research Center, USEPA
: EPA-870/4-74-008 December 1974

{mayfly

parameters
{(mode ic) {conBlicts ail))

declarations

{{class nom (carolina candidum Horidense gildersleevei interpunc minnentonka pallidum})
{maxilla_crown_spines lin {0 .. 13 by 1)) ; Number of pectinate crowns on the maxilla (upper jaw)
{maxilla_lateral_setae lia (0 .. 50 by 1)) ; Number of lateral setae (bristles) on the maxilla
(inner_canine_teeth lin (0 .. 9 by 1)} ; Number of teeth on inner canine of left maadible
{outer_canine beeth lin (0 .. 9 by 1)) ; Number of teeth on inner edge of outer canine, left mandible
{terga_mid_dorsal_pale_streaks nom {absent present))
(terga_dark_posterior_margins nom (absent present))
{datk._marks_sterna 9 nom {absent present)))

classes class
variables
{¢lass maxilla_crown_spines maxilla_lateral setae inner_canine eeth

outer _canine Seeth terga mid dorsal_pale streaks terga_dark_posterior_margins dark_marke_sterna_$)

events

({carolina 10 2 absent  absent  absent)
(carclina 10 24 absent  absent absent)
{carolina 10 30 absent  absent absent)
(carolina 10 26 absent  absent  absent)

{carolina 10 28
(carolina 10 20
{carolina 10 2
(carolina 10 28
{carolina 10 30
{carolins 10 26

absent  absent absent}
absent  absent  absent)
absent  absent  absent)
absent  absent absent}
absent  absent  absent)
absent  absent absent)
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C.2.3. Freshwater Distilling Plant Domain

This data set contains training examples for operation of a simulation of the seawater system of a
seawater to freshwater distilling plant. Each row in the “events” table is used as a training example five
times - once for each of five valves in the system. The correct action for each valve is also given in each
row. The set of 177 examples given here is sufficient to allow the system to learn adequate although not

. perfect rules for operating the distilling plant simulator.

Freshwater Distilling Plant Data

{evaps

parameters
{{mode ic} {maxstar 20) {solutions 10)
{lef {{max-newpromise 0.1){min~cost 0.0}}})

types

((level tin (0.0 .. 1000.0 by 0.1))
(qlevel lin {low ok high))

1 {change lin (~200.0 .. 200.0 by 0.1))
{achange lin (down steady up))

{pump nom {on off))

{sdjust nom {open ok shut))

(pown lis (0.0 .. 1.0 by 0.1}))

declarations (
(adjust-v1 adjust) (adjust-v2 adjust) (adjust-v3 adjust) {adjust-v4 adjust) (adjust-v$ adjust)
{action set (adjust-v1 adjust-v2 adjust-v3 adjust-v4é adjust-v5))
(pump(p1) pump) (pump(p2) pump)
(level(C1) level) (level(C2) level) (level(C3) level)
{C1-tevel qlevel ) (C2-level qlevel } (C3-level qlevel )
{d‘“(e(c 1) change) (change{C2) change) (change{C3) change)
{cl-thnge qchange } (C2—change qehange ) {C3—change qcbange )
[mition(vl) posn) {position(v2) posn} (position(v3) posa) {position{v4) posn} (pesition{¥$) posn))

berales (/

([CLIwel = low] <~ {level(C1) = 0.0 .. 450.0]}
(IC1-tevel ;== ok| <~ [level(C1) = 450.1 .. 549.9])
(C1-teve) := bigh] <- [level{C1) = 550.0 .. 1000.0])
IC2-tevel := low| <- [level(C2) = 0.0.. 450.0])
(IC2-teve .= ok| <~ [level{C2) = 450.1 .. 549.9])
IC2tevet .= nigh| <- [level(C2) = 550.0 .. 1000.0])
(€3 1evel . low] <- [level(C3) = 0.0 .. 450.0])
{C3 teve .= ok] <- [level(C3) = 450.1 .. 549.9])
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([C3-level :== high| <- [level{C3) = $50.0 .. 1000.0])

{{Cl—<hange := down| <~ [change(C1) = -200.9 .. ~4.9])
({Cl-<change ;= steady| <-[change{Cl)= -5.0..5.0})
{{Cl<hange := up| <-[change(Cl) = 5.1 .. 200.0])

{{C2-change := dowa] <~ [change{C2) = 2000 .. -4.9]}
([C2-change :== steady] <~ [change(C2) = -5.0 .. 5.0])
{{C2<hange := up| <~ |change(C2) = 5.1 .. 200.0])

{|{Ca~<hange := dowa| < - [change{C3) = -200.0.. -4.9})
([C3—change :== steady] <~ |change{C3) = -5.0 .. 5.0}
{]C3~change := up| < - [change{C3) = 5.1 .. 200.0}))

lisp { /mutb/2/michalski/jbecker /simulate/start )
classes acticn

variables

(adjust-v1 adjust-v2 adjust—v3 adjust-v4 adjusi-v5 pump(pl) pump(p2)
level(C1]) level{C2) level{C3) change(C1) change{C2) change(C3)
position(v1) position(v2) position{v3) position{v4) position(v5))

events (
{ok ok ok ok ok oz on 836 921.8 2063 349 -313 121 05 04
(opea shut open shut open on on 7383 418 9953 183 -82 43 02 07

(shut opea shut open shut on on 2889 9849 3114 4.3 49 -38 09 o1
(open shut open open shut on on 0374 248 4415 1.4 -10.2 1.5 03 07
{open open open ok open on  on 4759 2305 5005 -8.4 0.0 33 01 04

(shut ok shut  shut ok on on T449 T93.6 5074 -186 -2.1 88 08 01
{open shut open ok shut oo on 896.0 9.6 4487 93 -15.2 7.2 04 06
{ok shut open shut shut on on - 703.4 0.0 4016 88 -986 129 06 05
{ok shut open shut ok on on 703.4 0.0 4734 6.0 00 118 05 04
{ok ok opea ok ok on on 692.1 0.0 4760 -11.3 0.0 26 05 03
{shut opes shut open shut on on 2825 9935 2815 -13 29 -180 07 03
(shut ok shut  opes shut on on 291.0 989.7 208.4 85 -38 -150 08 04
{ok ok ok open shut on on 3098 9753 2560 188 -l44 -105 05 04
(ok ok ok open shut on oa 333.7 653.1 2542 240 -222 -1.8 05 0.4
{shut shut ok ok ok on on 481.3 845.7 2957 4946 -40.2 1568 08 04
{open ok ok ok ok on on 4117 886.0 280.1 431 -368 139 03 0.4
{open shut ok ok ok os on 552.1 751.8 3321 381 492 191 04 02
(ok ok ok ok ok on on 5479 698.1 3529 42 -53.7 208 05 0.1
{ok open ok ok ok o2 on 530.8 5774 3997 -103 -026 242 05 01
k shut open ok ok on on 549.7 6103 42586 189 -87.1 260 05 02
k open open shut ok on on §31.8 453.4 4533 -181 -589 277 05 o1
pen open ok ok open on  on 439.3 2689 5075 41 19.6 36 03 08
open open open ok open on on 498.7 24890 4942 -244 -370 31 04 02
k shut ok ok ok on on 4070 2893 S511.2 277 204 37 08 07
k ok ok ok ok on on 4908 3326 5190 1.6 223 40 05 04
k shut ok ok ok on on 499.0 3655 523.2 82 229 &1 05 04
k open ok ok shut on  on 430.8 4037 5319 -244 245 44 05 02
k shut ok ok shut om  on 491.7 4200 53656 100 253 46 05 02
k open shut ok ok on on 463.4 466.1 5412 -282 261 47 05 0.2
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C.2.4. Soybean Disease Domain

This data set contains examples of seventeen different soybean diseases described in terms of charse,
teristics of individual soybean plants as well as macroscopic information such as cropping history for the
affected field and the distribution of diseased plants in the feld. The goal is to generate rules for determiy.

ing what disease a new example of a diseased soybean plant has,

Soybean Disease Data

{plant
parameters {{mode ic) (conflicts nil))

declarations
{(ctass nom
{alternaria anthracnose bact_blight bact_pustule brown_spot brown_stem charcoal rot cyst_nematode diap_pod
diap_stem downy_mildew [rog.eye phyllosticta phytophthora powdery_mildew purple_seed rhizoctonia))

EEREEEEER DS RERE

j Eeesvssassassss General and Environmental descriptors

(time_of occurrence lin {april may june july august september october) abbrev x1)

; This question concerns the month of the year that the observed probiem occurred. If the problem exists
; at the present time, chose the current month. If you are unsure exactly what month the problem manifested
; itself, or if the date falls between two months, just select your best guess.

{precipitation lin (below_normal normal above_normal) abbrev x2)

; This question refers to the amount of precipitation observed through the growing season up to the point
; where the crop problem was observed. If there is any doubt as to the level of precipitation, select "normal.”

{temperature lin {below_normal normal above_normal) abbrev x3)

; Temperature refers to the average ambient temperature. You can compute this from common weather report
; data {degree~days) if you really have no idea what it is. Divide the number of degree-days by the number

; of days since May 1. If the result is less than 20, select “"below normal.” If

; the result is greater than 30, select "above normal.” Otherwise, select "normal.”

{cropping_history lin (none one two three four_or_more) abbrev x4)

; Some soybean diseases are especially common in flelds that have produced a soybean crop for more than one
; season, If this is the first season that soybeans have been planted in the field where the problem was

; observed, select "none.” If this is the second year that you have planted soybeans in the field,

; select “one,” and so on. If more than one field is concerned, select that answer which corresponds

; to the fleld that has had a soybean crop for the least number of years.
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{damaged_area ]
gom (groups_Jow_areas groups_upland_aress whole fields scattered_plants gradient_from_field_sdge) abbrev x5)

; This question concerns the location of the damaged plants in the felds, and how the damage is occurring

; among various plants. If more than one answer applies {i.¢. the problem is manifesting itself in different ways)
; then select “scattered plants.”

(severity lin (minor potentially_severe severe) abbrev x8}

; Try to take into account both the number of plants aflected and the condition of the diseased plants.
; A problem could be severe just because a large number of plants are affected.

(plant_height nom (less_than_normal normal) abbrev x7}

; Plant height should not be confused with plant stand. Height refers to the physical length of the plant.
; Stand refers to the Tact that a plant may be erect or leaning.

AERENEESESEERERA L RS SLE SRR 3 EREENERERS NS (2232222223 ]
;“t * * wdmr!pto" . (A2 222123 * *HEEEE

{condition_of Jeaves nom {abnormal normal} abbrev x8)

. Leaves are abnormal if they are discolored, if they have holes in them,
; if they are shredded, if they are twisted, or if they have spots on them.

{teaf_spots nom {does_not_apply absent preseat) abbrev x9)

; Leaf spots may be small dots are large blotches, often of an off color, that
; occur on the leaves of diseased plants. If any type of spot is occuring, specify "present.”

{leaf_spot_golor som
{does_not_apply none grey tan light_brown tan_with_dark _brown_border brown
reddish_brown dark_brown_or_black purple yellow silver) abbrev x10)

; Thia refers to the color of the interior of the leaf spot, not the margin. If more than one type of
; leaf spot is present, select that color that occurs on the most predomivant type of spot. If the
; coloe of the spots does not match any of the colors given, select the closest color.

{eolor _of spot.on_reverse_side nom
{does_not_apply none grey tan light_brown light _brown_with_dark_brows_border
brown reddish brown dark_brown_or_black purple yellow) abbrev x11)

i Y M et b AP o S

i If the leaf spots are not visible from the underside of the leaf, select “none.”
i If they are, select that color which is closest to the color of the most spots visible.

(vellow_leaf spot_halos nom {does_not_apply absent present) abbrev x12)

i Do not confuse halos with water—soaked margins. Halos are opaque,
;i while margins are transiucent. Halos are almost always yellow.

{margin_of jeal_spots nom {does_not_apply water_soaked not_water_soaked) sbbrev x13)

i Water_soaked margins are translucent rings around leaf spots. Do not confuse fhese with halos,
i which are opaque and usually yellow. Margins are generally colorless.
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{raised Jeafl spots nom {does_not_apply absent present) abbrev x14)

; This question refers to the underside of tha leal. Often, a spot occurs only on the upper side
; of leaves. 1, however, you can feel a bump or see 2 slight peak on the uaderside of the leal
; where there is a spot on the upper side, then the leal spots are raised.

{leaf_spot_growth nom
(does_not_apply from_edge of leal inward with_concentric_rings spread_out_and plain
brown_veinal_necrosis nscrosis_across_veins vein_delimited _necrosis) abbrev x15)

; To apswer this question, consider the continuity and location of the spots on the leal. If the spots are heaviest as the edge or
; the tip, then select "from edge of leal inward.” If each spot seems to have swirls, then select "scattered with concentric rings.”
; If the spots occur aloag the leal veins, then select “veinal necrosis.” In any other case, select "scattered and plain.”®

{teal spot_sise
lin {does_not_apply thirty secondth_to_sixteenth _jnch sixteenth _to_eighth _inch greater_than_sighth jnch) abbrev x18)

; This seems pretty obvious; you must be the person who asked what hail is. Leal spots have a certain diameter:
: the itty -bitty baby ones are less than 1/16"

; the mommy onss are 1/8" - 1/18” ]

; the great big daddy ones are greater than 1/8”

; the reajly huge, monstrous caes covering the entire leaf are whole leal

(shot_holing nom {does_not_apply absent present) abbrev x17)

; Shot boling is & process whereby a leal spot eventually falls out and a hole retﬁiins in the leal where the spot
; had been. Do not confuse shot holes with intect damage. Shot holes sre generally perfectly symmetric circles.

(shredding nom (does_not_apply absent preseat) abbrev x18)

; Shredding is similar to shot holing. It appears as lacerations in the affected leaves.

{leaf_malformation nom {does_not.apply absent present) abbrev x19)

; This question concerns the general SHAPE of the leaves. If the leaves are twisted or contorted, then leal malformation is present.
{premature_defoliation nom (does_not_apply absent preseat attached but_dead leaves) abbrev x20}

; Premature defoliation is present if the leaves are so devastaied by disease that they are falling off or are completely dead.
(leaf_mildew_growth nom {does.not. apply absent on_upper_leal surface on_Jower_leal surface) abbrev x21)

; Mildew is generaily a white spot that may look like mold. The spots may
; be very small, so both sides of the leaf should be checked carefully.

. {leaf_discoloration nom
(does_not_apply none general_yeliowing greenish_yellowing mottling bronse

purple nondescript yellowed from_margins_or_interveinal) abbrev x22)

; This question refers to the color of the leaves apart from any leaf spots. Mottling refers to light ot dark green discoloration
; around the veins. Discolotation around shreading or shot-holing should not be considered when answering this question.

(position_of affected Jeaves nom (does_not apply near_Jower_nodes near_upper_nodes scattered_on_plant) abbrev x23)
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. Affected leaves are any that exhibit leafl spots, shreading, shot-holing or discoloration. If leaves in different locations show
; different symptoms, chose the answer that indicates the position of the most severly aNected leaves.

{condition_of Jeaves below_aflected_leaves nom (does_not_apply unafiected general yellowing defoliated nondescript) abbrev x24)

; Chose the answer that best describes the leaves below those leaves that are most severly affected.
; If the diseased leaves are scattered on the plant, or if the diseased leaves are near the lower nodes, chose “does not apply.”

(ieaf_withering_and_wilting nom (does_not_apply absent present) abbrev x25)

; Be careful not to confuse withering and wilting with premature defoliation. Leaves can wither and wilt without falling *
. ;off or dying. If the leaves are completely dead, chose "absent™ as the answer to this question.

I IE R R R R 22222222 R R Sttm dacr!ptor‘ BEEAES LA SEET AR ATRERC A SEEAER &S

{condition_of stem nom (normal abnormal) abbrev x26)

; The stem is abnormal if there are lesions or scabs {cankers) on it, if it is discolored, if it appears decayed internally or
; externally, if the stem is bent and the plant is paralel] o the ground, if web=like growths are present on the stem, or if
; fruiting bodies (small growths protuding from the stem) are present.

{stem_lodging nom (does_not_apply absent present) abbrev x27)

; Lodging causes the stem to bend over, making the plaat lie on the ground.
; Usually, this will occur for a whole area of a field, not just in isolated planta.

{stem_cankers

nom (does_not_apply absent below_soil near_soil line until_second_node above_second_node near_leal_or_petiole_injury)
abbrev x28)

i Stem cankers might be present in the from of a lesion {or acab) on the stem.

; Cankers may be isolated in blotches or spots, or may run extensively along lengtha of the stem.

i Geerally, cankers are of a different color than the natural color of soybean stem. Cankers

usually are not associated with decay or rot; if the area is decayed or rotted, it is probably not a canker.

{tanker_jesion color nom {does_not_apply none grey tan brown reddish_brown dark_brown_or_black) abbrev x29)

i Select "none” if the cankers are of the same color as the rest of the stem, but be very careful, )
1 canker lesion color is very indicative of the type of stem disease.

(’!ddiuh_canke:anrgin nom (does_not_apply absent present} abbrev x30)
i The mazgin should be clearly visible and be red or reddish brown

(fruiting hodies_on_stem nom {does_not_apply absent present in_lines) abbrev x31)

;Fl‘llitin‘ bodies are abnormal growths which protrude out of the stem, aligned with its length.

['xternal_decay_pf_;tem nom (does_not_apply absent firm_and_dry watery_ and. soft) abbrev x32)

i The signs of decay should be obvious if present. If it is not very clear that the area is decayed,
i $hen this question should be answered "absent;” the problem area is probably a stem canker.
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{mycelium_on_stem nom (does_not_apply abaent present) abbrev x33)

; Mycelia are fllamentous or web-like growths from a fungus. They may extend along the length of the stem.
{external_stem discoloration nom (does_not_apply absent reddish brown brown silver_grey dark_brown black] abbrev x34)
; External discoloration is the color of the stem apart from any cankers or decayed areas.

(location_of stem_discoloration nom {does.not_apply near_soil line until_second_node above_second_node) abbrev x35)

; External discoloration concerns the parts of the stem that do not have
; cankers. If any non-lesion area of the stem is discolored, indicate its location.

{internal_discoloration_ of stem nom (does_not_apply absent reddish_brown browa black) abbrev x38)

; You can determine if there is internal decay by breaking the stem in several places and looking for internal
; discoloration. It is best to use a knife 50 as to get a good cross section.

(sclerotia_jnteraal_or_external nom {does_not_apply absent present) abbrev x37)

; Scleratia are hardened, thickened areas of tissue. Try snapping the stem or squeesing the plant in a
; Tew places. If the atem seems brittle or hard (not pliable) then sclerotia are present.

R SEBRESABERABEBENESEERET SR SN Frui‘ Pod de’cfipmf' SREREERESAETE N AEREE RS ERE S

{condition_of fruit_pods nom (normal abnormal) abbrev x38)

; Fruit pods are abnormal if they appear diseased, if they are spotted, if they are distoried, or if there are fewer than normal.
{fruit_pods nom (does_not_apply diseased few_or_none_present underdeveloped distorted) abbrev x39)

; If the feuit pods are not yet preseat, this question should be skipped. Otherwise, examine the pods quite carefully; few diseases
; affect the pods in isolation, so this question can provide much useful diagnostic information.

(fruit_spots nom {does.not_apply absent colored spots dark_blotches brown_spots brapots_black_specks) abbrev x40}

; Fruit spots are spots that occur on the surface of the fruit pods.

: BEEBELRPESEEEREEERESELEA NS SR sed d“cripw'. ELEEEEBAESLEE RSN ER LS ERSERARE S

(seed_condition nom (normal abnormal) abbrev x41)

; This question refers to the seeds in the pods of the developing plant, not the seeds planted in the grouad.

; This question is important only in the [ater stages of the season; if the seeds have not yet developed,

; answer "absent” or skip the question. If the seeds have developed, bhey are abnormal if mold is growing on
; them, if they are discolored, if they are shriveled, or if they are amaller than normal.

~ {seed_mold_growth nom (does_not_apply sbsent present) abbrev x42)

; If the seeds in the pods appear rotted, or if any growth at all appears on them, then seed mold is present.

(seed_discoloration nom (does_not_apply absent present) abbrev x43)
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. If the seeds appear discolored at all, or if there are spots of discoloration, the seed discoloration is present.
(seed_discoloration_color nom (does_not_apply grey reddish_brown browa black purple nénde‘cript) abbrev x44}
. Open a seed pod and inspect the seeds. If a spot occurs on any seed, try to characterise ita color.

{sed_sise nom (does_not_apply normal smaller_than_normal) abbrev x45)

; Normal seeds are ovular with a length of about 1/2” and a width of about 1/8".
: Anything smaller than this is smaller than normal.

{seed_shriveling nom (does_not_apply absent present) abbrev x46)

; Seed shriveling is present if the seeds in the fruit pods appear wrinkled or if they are distortad (i.e. not ovular).

CEEERAREBERABEC AR RAREERAEREES IR0 % Root d&c'iptOf‘ FREEBERTEEXERERIREFA AR ESS

{condition_of_roots nom {normal abnormal) abbrev x47)
; Roots are abnormal if they are rotted, if galls or cysts appear on them, or if they are brittle.
{toot_rot nom (does_not_apply abseat present) abbrev x48)

; Root rot may appear as a decay on the stem base and older roots, as
iasunken canker or as a discolored rot along the root and jower stem.

{roat_galle_or_cysts nom (does_not_apply absent present) abbrev x49)

i Galls and cysts appear as small, white nodes along the roots and lower stem of the plant.
: The nodes aze generally small, but large enough to be very noticeable.

{root_sclerotia nom (does_not_apply absent present) abbrev x50)

i the roots are brittie or hardened (not pliable) then sclerotia are present.

)
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{322211310233222312212122410000000000001210000000000)
(331033010266221311111122310000000000000000000000000)
(322112210266222312211122410000000000001211210210000)
(332101210233222312212122410000000000000000000000000)
(322130210233221312211122410000000000000001210110000)
(341133010233222312212122310000000000001210000000000)
(422231210286121322111113111110011133110000000000000)
(432232210286121322111113111154011133111210000000000)
(422231210283221322111113111154011133111110000000000)
(¢22231210286221321111113110000000000001110000000000)
(412210110286121321111113110000000000000000000000000)
(442222110263121321112113311154011133110000000000000)
(¢32220110266121321111113111164011133110000000000000)
(650231110100000001111153121110011110310000000000000)
(630112111000000000000000001110011110210000000000000)
(540131110100000001111113121110011100210000000000000)
{(6401120102686121131112113011110011110310000000000000)
(630131110281111131112111011110011122310000000000000)
(5411311102101121131112111021110011122310000000000000)
{5602312102610121131112153021110011110310000000000000)
(860232201000000000000000001143122161421130000001112)
(850231100100000001111123221110022181421130000001212)
(6611320010000000000000000011486122142421130000001112)
(651131001000000000000000001110022162421130000001112)
(640212101000000000000000001146122141420000000001212)
{641131101000000000000000001110021110420000000001112}
(660201101000000000000000001110022110421131124211112)
(731131101000000000000000000000000000000000000001121)
(741130101000000000000000000000000000000000000001121)
(751131101000000000000000000000000000001211110211121)
(761130101000000000000000000000000000001211110211121)
(741131101000000000000000000000000000001211110211121)
(7T41130101000000000000000000000000000001211110211121)
(7611302001000000011121231100000000000012113110211121}
{882132211000000000000000001110031110111131210220000)
(85612321110000000000000000011100211101111312102200090)
(852232111000000000000000001110031110111131223220000)
(8562232201000000000000000001110021110111131222220000)
(862232111000000000000000001110021110111130000000000)
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(852212111000000000000000001110021110111130000000000)
(862212101000000000000000001110031110111131223220000)
(962133111000000000000000001254232133121121210110000)
(942133101000000000000000001254222153120000000000000)
(942103201000000000000000001134222121110000000000000)
[952133101000000000000000001136121131120001210120000)
(931133111000000000000000001134231131110000000000000)
961133001000000000000000001154121133120001222220000)
(961213001000000000000000001154221123110000000000000)
(1032110010100000001111313110000000000000000000000000)
(1052132210262121331111313110000000000000001210110000) .
(1042011110100000001111313110000000000000000000000000)
(103223011021010121321111313110000000000000000000000000)
{1022133110100000001111313110000000000000000000000000)
(1052132210262111321122313110000000000000001221210000)
(1052113110100000001122313110000000000000001210110000)
(1152232010266121321111113110000000000001120000000000)
1142111010252121321111113110000000000000000000000000)
(1162230210256121332112113121155111110111121124110000)
(1132133010271121311111113110000000000000000000000000)
(1142212110256121321111113110000000000000000000000000)
(1162131010256121311111113111155111110110000000000000)
(1152230010252121331111113120000000000001120000000000)
§ (1232231010231121132121113110000000000000000000000000)
(1242212110231121132112113110000000000000000000000000)
(1222233010231121132111113110000000000000000000000000)
} (2112311102311211311211123110000000000000000000000000)
(1221212010231121131111113110000000000000000000000000)
(1221211210221121132112111110000000000000000000000000)
1222133110231121131111113110000000000000000000000000)
(1331130101000000000000000001110013151310000000001211)
1351130100100000001113161121236111152310000000001211)
{1321130200100000001113123121110013151110000000001211)
(1331130001000000000000000001210011152110000000001211)
{1322230201000000000000000001110013131310000000001211)
(1312230101000000000000000001110013151310000000001211)
{1331110001000000000000000001134113152111210000001211)
441031010100000001111213110000000000000000000000000)
(1421003010100000001111213110000000000000000000000000)
M450110110100000001111213110000000000000000000000000)
{1430132110100000001111213110000000000000000000000000)
(4210310101000000011112131100000000000006000000000000)
{141011011010000000111121311000000000000000000000000 0)
{1461003010100000001111213110000000000000000000000000)
(15621320102090121321111113110000000000001121126110000)
(1562031011000000000000000000000000000001121125110000)
(1532032011000000000000000000000000000000001125110000)
(1562231010100000001111143110000000000001121125110000)
1562131011000000000000000000000000000001121125110000)
(1552010010100000001111143110000000000001121126110000)
iwszl32011oooooooooouooooooooo000000000000112511000@
(

1612030201000000000000000001234112231110000000001211)
$11110101000000000000000001134112131110000000001211)
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{1811130101000000000000000001234112131110000000001211)
(1622000001000000000000000001134112131110000000001211)
{1821130101000000000000000001234112131110000000001211)
{1622010201000000000000000001124112131110000000000000)
(1612000001000000000000000001134112131110000000001211)))
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C.8. Results of Experiments on Inductive Learning with Noisy Data

This sections contains the tabulated data for the results of the experiments with noisy data in Sec-
tion 4.4. In the following tables, an attribute name is given as the trial name for single attribute noise in
that attribute. Average indicates the average of all single attribute noise trials, ALL indicates a trial with
noise in all attributes, and CLASS indicates a trial with noise in the classification information. Values are
given for noise levels from 0 to 100 percent, in increments of 10 percent. In the first table, for noise in’
testing events only, each table entry is the average of 10 runs. In the remaining tables, each entry is the

sverage over 5 runs.

NOISE IN TESTING EVENTS ONLY

PERCENT ERROR

Noise Level 0 10 20 30 40 50 60 70 8 S0 100

Trial
maxilla_crown_spines 00 3.0 54 83 86 134 154 167 199 226 23.0
maxilla_Jateral_setae 0.0 25 45 7.7 107 126 128 16.0 18.0 20.1 24.1
inner_canine_teeth 0.0 56 9.8 17.0 23.7 24.1 31.3 37.7 44.5 48.7 58.8
cuter_canine_teeth 00 00 00 00 00 00 00 00 00 00 00
terga_mid_dorsal_pale streaks | 0.0 1.7 5.2 84 109 147 185 178 21.5 258 287
terga_dark_posterior_margins 0.0 40 6.3 10.8 145 17.5 209 24.2 274 302 32.2
dark_marks_sterna_9 00 00 00 00 00 00 00 00 00 00 00
AVERAGE 00 24 45 75 9.8 11.8 141 16.1 189 21.1 23.2
ALL {empirical) 0.0 16.7 298 39.2 50.1 59.8 69.8 73.1 77.2 82.1 87.0

ALL {computed) 0.0 15.7 27.6 42.6 52.6 59.6 67.3 729 79.5 838 87.4
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NOISE IN BOTH TRAINING AND TESTING EVENTS
EXACT RULES (confidence = 1.0, utility = 0.0)

PERCENT ERROR

Noise Level 0 10 20 30 40 50 80 70 80 90 100

Trial |
maxilla_crown_spines 00 15 40 45 44 28 38 1.7 14 1.0 1.7
maxilla_lateral_setae 00 33 51 81 60 7.7 9.4 138 125 13.6 148
inner_canine_teeth 00 26 36 21 33 09 20 00 00 00 05
outer_canine_teeth 00 00 00 00 00 00 00 00 00 00 0.0
terga_mid_dorsal pale streaks | 00 04 08 00 00 08 00 00 00 0.0 0.0
terga_dark_posterior_margins | 0.0 22 23 14 05 09 27 00 41 00 25
dark_marks_sterna_ 9 00 00 00 00 00 00 00 00 00 0.0 0.0
AVERAGE 00 14 23 20 20 19 28 22 28 21 28
ALL 0.0 145 30.8 49.2 57.5 B84.1 73.1 782 838 83.9 86.3
CLASS 00 9.1 195 258 347 409 51.1 59.0 67.8 8§81.3 88.1

RULE COMPLEXITY
Noise Level 0 10 20 30 40 50 80 70 80 90 100

Trial
maxilla_crown_spines 47 51 6.2 87 85 65 64 60 64 6.2 6.0
maxilla_Jateral_setae 47 51 55 70 68 768 72 76 91 80 83
inner_canine_teeth 47 58 58 59 59 59 6.0 59 59 59 59
outer_canine_teeth 4.7 47 47 47 47 47 47 47 47 47 47

terga_mid_dorsal_pale streaks | 47 50 50 50 50 50 50 50 50 50 50 :
terga_dark_posterior_margins |{ 47 51 54 53 53 53 54 50 50 50 50

dark_marks_sterna_9 4.7 47 4T 47 4T 4T 47 47 47 4T 47 :
AVERAGE 47 50 53 58 58 57 56 56 58 58 57
ALL 4.7 102 131 169 204 21.4 230 254 25.2 26.3 264
CLASS 4.7 119 189 19.2 215 22.0 28.4 26.7 288 30.3 29.7

3 o o 30 e+ s
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CPU TIME {seconds)
NoiseLevel | 0 10 20 30 40 50 60 70 8 90 100
Trial
maxilla_crown_spines 15 15 20 22 22 23 23 23 23 23 23
maxilla_lateral setae i5 17 21 2% 30 38 32 34 45 39 41
l inner_canine_teeth 15 17 17 18 19 18 20 19 20 20 20
suter_canine_teeth 15 15 15 18 17 16 17 17 17 17 17
terga_mid_dorsal_pale streaks | 15 15 17 17 17 16 18 18 18 16 17
terga_dark_posterior_margins | 15 16 19 18 18 18 17 18 18 18 i8
dark_marks_sterna_g 15 14 15 16 15 15 15 15 15 15 18
AVERAGE 15 16 18 18 20 21 20 20 22 21 22
ALL 15 34 47 72 g5 107 117 150 162 156 174
CLASS 15 41 72 89 111 129 156 187 185 190 174
NOISE IN BOTH TRAINING AND TESTING EVENTS
APPROXIMATE RULES {confidence == 0.9, utility = 0.1)
PERCENT ERROR
Noise Level 4] 10 20 30 40 50 60 70 80 90 100
Trial
maxilla_crown_spines 0.7 26 39 39 59 41 38 51 58 43 3.0
fnaxilla_lateral_setae 07 25 55 55 67 81 102 11l 11.3 1i1.2 11.8
’ mner_canine_teeth» 0.7 42 34 40 59 31 29 24 28 28 25
outer_canine_teeth 07 07 07 07 07 07 07 07 07 07 07
terga_mid_dorsal_pale_streaks | 0.7 21 07 07 07 1.1 07 07 24 18 07
rga_dark posterior_margins | 0.7 18 2.7 07 66 1.7 15 23 28 1.7 1.8
dark_marks_sterna_9 07 07 07 07 07 07 07 07 07 07 07
AVERAGE 07 21 25 23 38 28 29 33 38 33 3.0
ALL 0.7 17.4 31.6 46.1 56.1 67.0 73.4 77.9 81.4 85.0 84.5
CLAss 0.7 55 161 27.7 323 43.5 554 60.0 754 78.7 88.9
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RULE COMPLEXITY
Noise Level 0 10 20 30 40 50 80 70 80 80 100
Trial
maxilla_crown_spines 44 49 48 50 51 48 52 52 52 52 5.0
maxilla_lateral setae 44 48 55 55 56 83 64 6.1 75 7.9 74
inner_canine_teeth 44 486 51 51 352 54 354 54 53 54 53
outer_canine_teeth 44 44 44 44 44 44 44 44 44 44 44
terga_mid_dorsal_pale streaks | 4.4 4.8 4.7 4.7 4.7 4.7 4.7 47 47 4.7 47
terga_dark_posterior_margins | 4.4 4.7 48 47 50 53 52 52 52 52 53
dark_marks_sterna 9 44 44 44 44 44 44 44 44 44 44 44
AVERAGE 44 486 48 48 49 50 51 51 52 53 5.2
ALL 44 66 96 128 144 164 17.2 200 19.5 194 187
CLASS 44 7.2 112 13.1 188 179 18.1 20.1 200 208 18.2
CPU TIME (seconds)
Noise Level 0 10 20 30 40 50 80 70 80 90 100
Trial

maxilla_crown_spines 15 17 17 20 22 22 22 22 21 22 22
maxilla_lateral_setae 15 16 20 23 24 30 31 30 41 40 39
inner_canine_teeth 15 18 17 17 18 18 18 18 18 19 19
outer canine_teeth 15 16 18 186 17 17 17 17 17 17 17
terga_mid_dorsal pale streaks | 15 18 17 17 16 17 17 17 17 17 17
terga._dark_posterior_margins | 15 17 18 20 17 18 18 18 18 18 17
dark_marks_sterna_9 15 15 156 15 15 15 15 15 15 15 18
AVERAGE 15 18 17 18 18 19 20 19 21 21 21
ALL 15 27 43 82 79 97 105 126 138 145 137
CLASS 15 32 52 81 115 113 138 158 165 184 180
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NOISE IN BOTH TRAINING AND TESTING EVENTS
APPROXIMATE RULES {confidence == 0.8, utility = 0.2)

PERCENT ERROR

Noise Level 0 10 20 3 40 50 60 70 80 90 100

Trial
maxilla_crown_spines 07 47 59 78 78 51 38 41 45 45 4.3 .
. maxilla_lateral _setae 07 26 58 65 7.7 93 94 107 11.3 8.5 10.2
inner_canine_teeth 07 55 6.1 50 35 46 25 35 28 25 33
outer_canine_teeth 07 21 20 18 15 1.7 18 1.8 19 15 07

terga_mid_dorsal_pale streaks | 0.7 26 33 10 27 07 07 13 07 07 39
terga_dark_posterior_margins | 0.7 2.1 28 29 28 29 1.7 38 40 21 21

dark_marks_sterna_9 . 07 10 13 67 07 13 07 07 10 07 2.9

average 0.7 29 39 37 38 38 29 3.7 37 28 3.9

ALL 0.7 21.4 38.1 448 61.2 65.1 76.4 81.3 82.5 84,5 85.86

CLASS 0.7 3.4 177 322 35.1 45.7 58.7 66.0 73.8 81.0 87.8
RULE COMPLEXITY

Noise Level 0 10 20 30 40 50 60 70 80 80 100

Trial
maxilla_crown_spines 4.7 48 48 50 45 5.1 55 47 55 48 55
maxilla_lateral _setae ) 4.7 49 48 53 51 56 55 52 54 50 53
inner_canine_teeth 4.7 49 49 52 53 54 53 53 53 53 54
outer_canine_teeth 4.7 4.1 44 43 43 43 4.2 45 45 43 4.7

terga_mid_dorsal pale streaks | 4.7 4.6 49 49 50 50 50 48 50 50 4.9
terga_dark_posterior_margins | 4.7 4.9 52 55 52 55 55 54 58 55 55

dark_rnarks_sterna_9 4.7 4.8 4.6 4.7 47 45 4.7 47 48 4.7 4.6
1

average 4.7 4.7 48 50 49 5.0 5.1 4.9 5.1 49 5.1

ALL 4.7 59 7.8 79 10.1 114 11.7 12.4 13.2 13.2 13.1

CLASS 4.7 49 66 88 91 90 95 91 9.2 9.1 105
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; CPU TIME (seconds)

;

3 NoseLevel | 0 10 20 30 40 50 60 70 8 9 100

R4 Trial .
maxilla_crown spines 15 16 17 19 19 19 19 20 19 19 20
maxilla_lateral_setae 15 18 20 25 21 29 27 35 31 28 30
inner_canine_teeth 15 17 17 17 17 i8 i8 i8 18 19 18
outer_canine_teeth 15 17 16 16 17 17 17 17 17 17 18

terga.mid._dorsal pale streaks | 15 15 18 18 18 18 18 18 18 16 17
terga_dark_posterior_margins | 15 16 17 18 18 17 18 18 17 17 17

dark._marks_sterna_9 15 15 15 18 15 17 15 15 16 15 15
' average ' 15 18 17 18 18 19 19 20 19 19 19
- ALL 15 27 36 43 88 77 93 108 108 125 130
CLASS 15 21 45 72 84 101 124 148 141 147 143

e |
- GO YN

C.4. Fresh Water Distilling Plant Statistics

ekl
e, .

‘~ This table gives the percent error when testing all observed events against rules generated from,
:’ subset of the observed events. Run A was done with the confidence threshold at 1.0 and the utility thres

‘ ‘ hold at 0.0 (exact rules). Run B was done with the confidence threshold at 0.9 and the utility threshold at

, 0.1 (approximate rules). Run C was done with the confidence threshold at 0.8 and the utility threshold a

r 0.2 {approximate rules).

i

’ PERFORMANCE IMPROVEMENT DATA

{ ' PERCENT ERROR !
! Run Percent of Observed Training Events

5«: ¢ 3 5 7 10 20 30 40 50 80 70 80 90 100 '

85.7 608 54.5 40.7 394 254 158 135 7.2 67 38 07 08 00

A
t B 85.7 60.8 54.5 40.7 394 23.0 21.0 148 153 125 97 52 12.1 6.8
C 857 80.8 54.9 414 408 27.5 24.1 225 250 23.1 20.1 14.8 19.0 135

4
1
i
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C.5. Machine Readable Records

The program code and data sets used in this thesis are being maintained on a 1600 BPI Unix tar tape
under the cognizance of the archivist of the Intelligent Systems Group at the University of Illinois Depart-

ment of Computer Science.

Code files in directory ~jbecker/excel:

File Description
cover.l Bootstrap loader for the system
excel.l Induction algorithms
excer.] Deduction algorithms
backgrd.l Background rule parser and applier
dataset.l Data set management routines
i sets.] Generic set operations
: dbvl.l VL, data base operations
';; vil.l VL, selector and complex operations
' parse.l Data driven parser
arith.g Grammar for background rules
‘om 2 textio.l User interface
thres-
Code files in directory ~“jbecker/simulate:
>ld at
Jid at File Description
start.] Bootstrap loader for distilling plant simulator
components.]  Piping system component simulation code
network.l Simulation network driver
runner.] Critic, sensor, and effector routines for distilling plant

Data files in directory ~jbecker/excel/data:

File Description
auto Car-starting example data
chemistry  Bimetalic coordination compound data
mayfly Stenonema mayfly description data

evaps Freshwater distilling plant data
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Supplementary Notes

Abstraces
r;his thesis describes a method of machine learning, embodied in a program called
"xcel", which allows the learning of decision rules with exceptions. Rules are
learned by generalizing from specific examples. An exception to a rule is an example
ftich does not agree with the rule. The degree to which exceptions are allowed is
tontrolled by user established thresholds on the confidence and utility that the
tules must have. Negative exceptions may be summarized in an "unless' condition.

The ExceL program is compared to one of its predecessors, an implementation of A4,
for differences in rule quality and efficiency. Experiments are done using noisy
training data to see if there are limits on the performance of inductive inference
wder noisy conditions, and to compare exact and approximate rules under noisy
{tonditions. Finally, a closed loop learning system which handles a simple control
{iroblem is demonstrated.
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