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Abslract. The represenfation  of concepts and
antecedent-consequent  productions s discussed and  a
method  for inducing  knowledoe by abstracting  such

representations from a sequence of training examples is
described. The proposed learning method, interference
malching, induces abstractions by finding relational
properties common to two or more exemplars. .

1. INTRODUCTION

A number of distinct paradigms for studying learning
machines have emerged: during the last lwenty years.
Though each differs from the olhers in a variety of ways,
the three differences which most clearly demark each
paradigm are (1) the types of knowledyge which can be
acquired, (2) the way in which this knowledge is
represented, and (3) the type of learning algorithm used.
Ihe learning machine which we will describe in this paper
acquires concepls representable as conjunclive forms of
the predicate calculus and behaviors representable  as
productions  (antecedent-consequent  pairs  of  such
conjunclive forms); these concepts and behavior rules are
inferred from sequentially presented pairs of examples hy
an algorithm that is provably effective for a wide variety
of problems,

Learning is viewed here as a continual process of
knowledpe expansion, that is, as the acquisition, in adaption
lo training experiences, of higher-order, more complex, and
more elaborate knowledge structures. One’s knowledge at
any point in time incudes those concepls and productions
innalely provided or previously learned. The concepts are
pattern templates; events which match a concept  are
recognized as belonging to the class delimited by that
concepl. The productions are pairs of concepls; one of the
cancepts functions as a recognizer, the other specifies the
form of an associated action. A produclion is interpreted
asa behavior generator in the sense that (in some
computing  environment  with an  appropriate  control
structure) the detection of a condition in the environment
which  matches the anlecedent causes the consequent
component to be instantialed and then evoked. Here both
lhe antecedent and the consequent are templates; the
antecedent determines whelher the production is to be
cxeculed, and if so, whal specific constanls in the
descriplion of the event heing attended to are to be bound
to variables in the consequent.

Within this framework, the machine learning problem
with  which we are concerned can be stated in the
following  way: Given a collection of concepts and
productions constituting what is known at some time and a
way of describing events in terms of their structure,
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construct a machine which is ahble to induce addilional

concepts or productions from training data. To make our
lreatment of this problem more concrete, we will use the
simplest of the concepl formation tasks attempted by our
machine as an example throughout the paper. The task is
lo find what the three exemplars in Figure 1 have in
common. Qur program induces the following abstraction:

There are three objects, including a small circle and
a small square. The square above the circle.
The third object is large.

is

This paper is divided into four sections. In the next
seclion we discuss in general a way of describing events
which facilitates finding what two or more evenls have in
common and a matching algorithim which can be used to
find these abstractions. Then we locate SPROUTER, our
concept and  production inducing program, wilhin the
broader context of our work. The third section describes
SPROUTER's interference matching (induction) algorithm in
some  detail; we indicate here more specifically how
SPROUTER makes use of structural representations of
events to acquire and store knowledge. In the final section
we conclude with a brief consideration of the strengths
and weaknesses of SPROUTER and directions for future
research.

1I. STRUCTURAL REPRESENTATIONS

The problem which we are addressing is simply
described: Design a program which can infer concepts and
productions from illustrative instances.  The method we
employ correspondingly  straightforward:  Exlract
commonalities from the cxamples and attenuate their
differences.  Such  an  approach is like Galtons very
primitive  "composite pholograph theory" of concept
learning [8] and the "positive focusing strategy" for
conjunctive concept learning first studied by Bruner, et al.
[3]. While Gallon’s contribution was simply lo propose thal
unknown paltterns could be inferred by overlaying
homologous memory represeniations of related examples
(as if one were forming a composite of many photographs
of the same subject), Bruner and his colleagues showed
how such a process could in fact be realized. Each
presented object (exemplar) is described as a conjunction
of specific feature values. To find the {emplate which is
matched by all of the presented objects, a feature vector
containing only those features common to all of the
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exemplars  is  generated.  This feature vector is the
concepl.  Since that seminal  work, many computer
scientists  have produced increasingly practical  and
sophisticated  feature-value concept learners based on
relaled techniques [4, 10, 16, 20, 21, 29].

Extending such learning models so that they can

induce general (relational) classification and behavior rules
i« the goal of our work. In focusing on melhods for
senerating relational abstractions which make possible the
recognition  of complex events, we encounter three
problems not encountered in previous work, Firsl we must
dovelop a formal scheme for describing complex events
which facilitales the generation of abstractions. Second,
given descriptions of two examples of the same concept or
production, we must develop a method for comparing them
<0 that their commonalilies can be identificd. Third, it is
necessary to develop a way of sloring the discovered
abstractions to facilitate their subsequent use in either of
two ways: they may be used as templates for classification
and  behavior generation, or they may be used as
knowledge representations whose precision may later be
improved by learning if new instances of the same concept
or produclion are provided. Theze problems are referred
o below as the description problem, the comparison
problem, and the storage problem. Each is considered in
more detail in the subsequenl paragraphs.

The description problem entails providing a symbolic
representalion of each exemplar salisfying two demands.
Firsl, those attribules of the exemplar which are salient
and potentially crilerial must be reflected in its description
to insure that the classificalion rule induced will be
sufficiently discriminating.  Note that since an excmplar
may be composed of many objects, the description must
distinguish each object and indicate clearly how it relates
lo the others. Second, the descriplions should facilitate
the identification of commonalities among the exemplars so
that the abstraction being sought can be found quickly.
Since each object may exhibit a varicty of characteristics

and participate in numerous relationships  with  other
objects,  finding  commonalities  between two or more
examples will necessilale search. A representalional

scheme which helps direct this search is almost essential.

The method of descriplion we employ is built on
three central concepts, the . property, the case frame, and
the parameter. A property is a feature or characteristic of
an abject. For example, SQUARE and SMALL name two
properties of small squarcs; the properties ABOVE and
BFLOW are used in our work to describe objects which are
above or below others in pictorial displays. To define the
relationship of one object being above another, a case
frame of the sort {ABOVE, BFIOW} is used. In general,
case frames are sets of properties which are semantically
relaled in some exogenously determined manner.” To
produce descriptions of objects, events, or behaviors, case
frames are parameterized (instantiated); that is, a name is
given to each object in the event being described and this
name is. associated with each property of the object.
Parameterized case frames are called case relations. For
example, if b is the name of a square above a circle named
¢, this might be described by the following set of case
relations: {{SQUARE: b}, {CIRCLE: ¢}, {ABOVE:b, BELOW: c}}.
Such a set of case relalions interpreted as a conjunction of
valid propositions is called a paramcterized structural
representation or PSR [9, 12, 13]. In this example, {b, c} is
the parameter set of the PSR. o

A structural descriplion of the first two exemplars in
the concept formation task discussed in the introduction is
given below.

Elz

{ {TRIANGLE:a, SQUARE:b, CIRCLE:c},
{LARGEF:a, SMAI L:b, SMALL:c},
{INNER:b, OUTER:a},
{ABOVE:a, ABOVE:b, BCLOW:c},
{SAMEISIZE:h, SAME!SIZExc}}

E2:

{ {SQUARE:d, TRIANGLF:e, CIRCLE:f},
{SMALL:d, LARGE:e, SMALL:f},
{INNER:f, OUTER:c},

{ABOVE.:d, BELOW:e, BELOW:f},
{SAME!SIZE:d, SAME!SIZE:f }}

The description of EJ asserts that there is an event
composed of three objects, named a, b, and ¢; that the
object labeled a has the properlies of a triangle, of a large
object, and of containing the object labeled b; and so on.

PSRs provide a solulion to the slorage problem as
well as to the description problem; that is, they can be
used in storing discovered abstractions. In the case of
descriptions, parameter symbols are chosen to name each
object so that if the same object is part of more than one
case relation, it is referred to in a consistent way. If one
alters the interpretation so that each distinct parameter is
considered as an unbound variable, the PSR can be
considered a template for concepl identification,  Such
templates have been used by several researchers (1, 9, 12,
13, 15, 28] to specify what properties an object must have
in order to satisfy membership in a pattern class. While
the parameters in a description can be thought of as being
exislentially quantified, those in a PSR used as a template
should be thought of as being universally quantified. When
used as a template for pattern classification, the PSR.is
compared with an evenl (an exislentially quantified PSR).
If & mapping from the event to the template can be found
which preserves the parameter bindings in the event
description and which makes each case relation of the
template true, the event is said to match the template.

In addition to their role as classificalion rules, PSRs
can be used as general behavior rules. In this case two
templates are associated. One of them, the anlecedent, is
used to recoghize a set of conditions (a contex!) which
indicales that a particular set of actions is appropriate;
when the antecedent template is matched by some event in
the environment, the rule is invoked. The second.template,
lhe consequent, specifies whal actions are to be
porformed.  When the two templates share common
parameters, each parameter in the consequent is bound to
ihe same value as the corresponding paramelfer in the
antecedent. These behavior rules may act, for example, as
Post productions, transformational grammar rules, or the
problem solving rules of STRIPS [7]. In short, a rule with
the antecedent A(X) and the consequent C(X) over the
variables in the set X is interpreted to mean (X) [A(X) =>
C(X)]. In actual applications, A defines a precondition
which can be true of the contents of some working
memory, and C defines what to be done if the
precondition is satisfied. Note that any such production
can be described by a PSR in which each case relation in
the antecedent includes a term of the sort EVENT:a, each
case relation in the consequent includes a term of the sort
LVENT:c, and the PSR itself includes a case relation
{ANTECEDENT:a, CONSEQUENT:c}.

is

The abstraction of the first and second examples in
the sample concept formation task can be represented in
the following way:
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El1+[2:
{ {ABOVE:],BELOW:?),
{SAME!SIZE:2,SAME!SIZE:1},
{SMALL:2},
{SQUARE:1},
{SMALL:1},
{CIRCLE:2},
{TRIANGLE:3},
{LARGE:3}}

Exemplar 1 is in fact an instance of this abstraction if the
parameter 1 is replaced by the parameter b, the parameter
2 by ¢, and the parameter 3 by a. Likewise, exemplar 2
can be seen to match the abstraction if the parameter 1 is
replaced by d, the parameter 2 by f, and the parameter 3
by e.

The comparison problem can be
technique called interference malching
It is a process for identifying all of lhe
of two PSRs and extracting a third PSR
matched by the two exemplars. When fwo evenls have N
allribules in common, their deacriptions will contain at most
N case relations which are identical (except for alphabetic
differences  belween the names of corresponding
paramelers). Figure 2 schematizes IM as a process for
finding the intersection containing these case relations.

solved by using a
or IM [1]-12, 15].
common properties
which is a template

Figure 2. ‘'Interference matching.

The circular areas labelled A and B correspond to two
PSRs; all of the case relalions common to the two PSRs are
in the area labelled A+B (read "A star B"). Because any
subset of this (conjunctive) set of common relations also
defines an abstraction of A and B, il is imporlant to be able
to distinguish between the set and its proper subsets.. We
call any abstraction of A and B which is properly contained
in no olher abstraction of A and B a maximal abstraction.
More formally, if S () A denotes that A is a PSR matched
by the PSR S, then a maximal abstraction, A, of two PSRs, S
and T, salisfies S(x)A and T(x)A and (B) [B(x)A S(*)B T(x)B
=> A(%)B].

It should be pointed out that for any two PSRs,
there may be more than onc abstraction which is maximal
in the above sense. For example, given the following two
exemplars,

E3: { {CIRCLE:a},
{RED:a}, {LARGE:a}}
E4: { {CIRCLE:b}, {CIRCLE:c}, {RED:b},
{GREEN:c}, {SMALL:b}, {LARGE:c}}

two maximal abstractions exist. If the parameters a and b
are considered to be identical, the maximal abstraction is

E3+E4: { {CIRCLE:1}, {RED:1}}

If on the other hand, the parameters a and c are

considered to be identical, the maximal abstraction is
E3+EA: {{CIRCLE:1}, {LARGE:1}}

To perform interference matching on reasonably

complex “representations, we need an algorithm which,
operating within as small a search space as possible, can

discover the best maximal absiractions as quickly as
possible.  Two approaches to interference malching are
known: (1) In the bind-first approach, each parameter in
one PSR is associaled with a parameter in the second PSR
and then a maximal abstraction is found by extracting the
case relalions which are identical in the tlwo PSRs (modulo
the paramcter bindings). In this casc, if the lesser number
of parameters (in either PSR) is MP and the greater
number is NP, the number of possible binding functions is
combinalorial, (binomial coefficient of NP over MP) x MPL
(?)  Allernalively, in the malch-first approach, all
instantiations of case frames of one lype in one PSR are
compared wilh all instantiations of the same type of case
frame in the other PSR, and possible parameter bindings
are identified by determining which paramelers have
corresponding properlics in comparable relations. Here if
NI and Ml are the numbers of cace relations in the larger
and smaller PSR (assuming only one lype of case frame),
the number of possible ways in which the relalions can be
forced info correspondence is  similarly  combinatorial.
While it is true that if one were interested in computing
abalractions of quile low-level evenl descriplions (such as
undirected  graphs)  neither  method  would  be  much
preferable to the other, in most real problems the number
of instances of any particular case frame is quile small
relative to the number of paramefers in the PSR, and so
the second method is usually preferable to the first. It is
this method which is used in our current work.

The actual algorithm we use has the following form:
A randomly selected case relation from one of the
exemplar PSRs is put info correspondence with a cas
relation (which is a parameterizalion of the same case
frame) from a <econd exemplar PSR, parameters having
identical properlies are identified as equivalenl and the.
resulting common case relation becomes the (primitive)
abstraction associated with that set of parameter hindings.
Then olher pairs of primilive case relalions, one from each
of the two exemplar PSRs, are put inlo correspondence. If
a compared pair of relations entails parameler bindings
consistent  with  {hose already idenlified, {he common
relation is added to the abstraction being produced. This
new abstraction is the set union of the old abstraction and
the new case relation, and the new set of parameter
bindings is the set union of those bindings entailed by the

provious abstraction and the forced bindings of the
parameters in the compared pair of case relalions. If a
pair  of case relations entails  parameter  bindings

inconsistent with those already identified, the common case
relation becomes a new (primitive) abstraction.

Clearly, this algorithm may find a number of
compeling maximal abstractions, Our approach is to build
as many distinct abstraclions as possible, one relalion at a
time, until a limitation on the number of distinct
abstractions which can be considered at one time
exceeded. At that point, only those abstractions which are
mos! significant in terms of the number and type of case
relations they include are retained. These abstractions
continue to be exlended as olher pairs of consistent
relations are found; at the same time, the least significant
abstractions are  continually  pruned  from  further
consideration in order to keep lhe search space as small as
possible.

1S

The result of the process is a sel of best maximal
abstraclions, represented as PSRs. Any one of these
ahstractions (interpreted as existentially quantified) can
then be input to SPROUTER togelther with a third exemplar
lo produce a sel of maximal abstractions of three
cxemplars, or the process may be repeated on as many
additional exemplars as desired.  Since a maximal
abstraclion is compared to an exemplar in the same way
that an exemplar is compared to another exemplar, we find
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it desirable to store abstraclions as PSRs, with the
inlerpretation that their parameters represent existentially
aquantified variables derived from the correspondence of
case telations in the exemplars from which the PSR was
induced.

the
the

Ihe successive steps involved in producing
maximal abstraction of the first two examples in
concept formation task are shown below.

(1) {SMALL:1}
(2) ({SMALL:1}, {ABOVE:2, BLLOW: 1)
(3) (((SMALL:TY, {ABOVE:?, BELOW: 1 ]),

{SAMEISIZE: 1, SAME!SIZI2 ]

(M) (({SMALL: LY, {ABOVE:2, BELOW: 1)),
{SAMEISTZE: ], SAMEISIZE:2Y), ISMALL:2})

(5) ((((ISMALL:1Y, {ABOVE:?, BELOW: L],
{SAMEISIZE: T, SAMEISIZE:2 D, {SMALL:2 D),
{SOUARFE:2})

(6) (((({SMALL:1}, {ABOVE:?, BELOW:1}),
{SAMLEISIZE:1, SAMEISIZE:2Y), {SMALL:2}),
{SQUARE:2}), {CIRCLE:1})

The case relation {SMALL:c} is selecled at random from El
and is then put into correspondence with the case relation
{SMALL:AY from E2. The paramelers ¢ and { are identified
as equivalent and <o (since ¢ and f are the first pair of
paramclers bound) the primitive abstraction {{SMALL:1}} is
soncrated.  Then the pair of case relations {ABOVE:b,
BELOW:el  and  {ABOVE:d, BFLOW:f} are put into
correspondence. Since the identificalion of ¢ with f and of
b with d is consistent with the already established binding,
the primitive abstraction {{ABOVE:2, BELOW:1}} is added to
HOMALL: LY U should  be noled thalt our basic IM
algorithm actually finds only six of the cight case relations
constituting the abstraction.  This is because the partial
abstraction {{TRIANGLE:3}, {LARGE:3}} was pruned from
consideration ecarly in the match under the space limitation
conslraint. To insure that such complementary relations
are nol missed, our algorithm, after compleling the process
described above, searches for additional relations which
can extend the abstractions produced. Any such relations
which are found are conjoined {o the abstraction to
produce a maximal abstraction.

SPROUTER, the program which induces abstractions
from structural descriptions, is only one part of a
classification and learning system which we are developing.
The top-level program, called SUIM [4, 10, 16], is a general
space limited interference matching procedure which builds
abstractions  from  examples  and  then uses  these
abstractions to classify test stimuli. While the abstraction
ol fealure-value repe<entalions can be performed by
simple bit vector operations (which SLIM itsclf is capable
of), the generation of abstractions from PSRs requires the
malching and parameler binding delerminations discussed
above.  The program, SPROUTIR, was created for this
purpose. Once an abstraction is computed from some PSRs,
it is nearly as complex a problem lo use il for classification
as il 'wan lo generate it originally [1, 11-13]. With this in
mind, SPROUTER was designed to produce {wo outputs: one
of these is a PSR, which as we have indicated can be
matched  with subsequent exemplars to produce more
refined abstractions; the other is a special purpose
recognition network used to exploit an abstraction as a
lemplalte.

The templates which SPROUTER generates for SLIM
are automalically compilable recognilion nelworks or
ACORNs [13, 18] An ACORN is a special data structure,
equivalent in representational power to a PSR, but better
adapled to serve as a lemplate; il is essentially a
Pandemonium pattern recognition system [27], generalized
to handle patterns and data described as general

propositional  formulac.  Once an  ACORN has been
produced, SLIM can determine whelher a descriptive PSR
matches it by using the PSR to create an instance list at
cach of the lowest-level nades in the ACORN and then
allowing the relevant instances of subpallerns of interest
lo percolate upward in the network., If any instances of
the highest-level node are found, the template is matched
by the slimulus pallern. The lowesl-level nodes of an
ACORN  correspond to the distincl case frames in a
universally quantified PSR and are like the feature demons
of a Pandemonium syslem. A fealure demon, however,
reports only the number of instances of its particular
feature 1o higher-level demons, whereas the node in an
ACORN actually passes its inslances up to the higher-level
nodes which it supporis. The higher-level nodes look for
inslances of the particular conjunction of case relations in
which they are interested, just as higher-level "cognitive
demaons” in Pandemonium look for specific combinations of
feature values,  The highest-level node in an ACORN is
instantiated if and only if the abstraction is matched by the

PSR, Thus this highest-level node corresponds {o a
Pandemonium’s — highest-level — cognitive  demon  which

recopnizes when a pattern of interest is matched. Because
ACORNs have been developed to provide a means for
sharing the results of the evaluation of subexpressions
common o numerous templates, each conjunction of
predicales or sublemplales is associaled wilh a single
binary-branching node whose two descendanis represent
the conjoined propositional formulae,

Once a set of best maximal abstractions is computed
for two or more exemplars, all training exemplars (or ‘a
sample of them) may be examined lo «ee if they match the
inferred hypothetical concept or rule. Only to the extent
that exemplars of the sama class match an abstraction and
those of the other classes do not, do we find support for
the inference that the absiraclion is the criterial concept
underlying  the training data [9-10). ACORNs greatly
facilitate this examination process. One simply instantiates
the lerminal nodes of the ACORN whose highesl nodes
represent the abstractions of interest, and then iteratively
computes all instances of each higher-level node from
those pairs of instances of ils subordinale nodes which
salisfy criterial tests on their values. If any instances of
the abstraction are produced, the training exemplar
malches the abslraction. Wilhoul ACORNs, it would be
extremely  difficult  to determine  which positive and
negative training exemplars matched each abstraction.

HI. THE INTERFERENCE MATCHING ALGORITHM-

SPROUTER’s function, as we have said, is to build

ACORNs  which can be used by SIIM for recognition,
Before this construction process can begin, a sel of

primitive (boltom-level) nodes must be gencrated and then
instantiated.  To generate these nodes, SPROUTER reads in
the set of case (rames which are relevant to the task it is
facing. For each of lhese case frames, a primitive node is
crealed which is essentially a universally quantified case
relation.  SPROUTER then finds, in the descriptive PSRs of
lwo exemplars, lhe sel of dislincl inslances (case relalions)
which are instances of cach of these nodes. Each node has
two ociated instance lists; cach of these lists contains
the instances of the case relalion for one of the exemplars.
lFor example, given the two case frames N1: {CIRCLE}, N2:
{ABOVE, BELOW]} and the two exemplars

ASS

E5:  {{CIRCLE:a, CIRCLE:b},
{ABOVE:a, BELOW:b}}
E6:  {{CIRCLL:c}}

SPROUTER will create two nodes, NI and N2, and then
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produce four instance lists. Two of lhese ([E5/a),
[C5/b]D and ([E6/c])), are associated with node NI. The

other two, ([Eb/a, E5/b]) and (), arc associated with node
NZ. :

When the primitive nodes have been instantiated,
SPROUTER produces the set of maximal ahstractions of the
two PSRs by construcling, bottom-up, a binary-branching

ACORN.  Fach higher-level node of this network is a
conjunction of two nodes, one of which is always a
primitive node. Before initiating the building process,

SPROUTER deletes all of the primitive nodes thal do not
have at least one instance from cach exemplar. Then one
exemplar, the one with fewer inslances over the remaining
nodes, is tagged FE, 1h0’ the other exemplar tagged

Fi?!ﬂ%\’ And each instance of By is marked as unused.
B An unused

HER then begins the actual construclion.

Cintro instance from a primitive node is chosen as one of
the Pwo instances 1o he used in the construction; it is
on the basis of the likelihood of ils being an

15

selecled
inslance of a node which is a constituent of a best maximal
ahstraction.  This instance then paired  with every
inslance from E; tro ©f every node. Fach of these pairs of
mstancels is um] to construct a candidate node which will
accept instance pairs only if they are equivalent to the

is

prolotypic pair. If there is al leasl one such pair of
instances in E , the candidate node is added 1o the
network - and npinslm\(m of the node (from both
exemplars) are  computed.  Thus, cach slep in  the

abslraction building process involves combining, iteratively,
an unused instance from a primitive node with cach other
instance in the ACORN. After each of the resulting
conjuncl‘ive nodes is generaled for a pair of instances from
Eint 0, all instances of that node, first from Ecomp and then
ilom Eintror are computed. If no instances are found in

omp’ “19 node represents an abstraction that is not true
of lw second exemplar and so the node is not added to
the network. The process continues until all of the case
relations that are common lo both exemplars have been
conjoined.

Of course, this algorilhm, lefl unconstrained, would
build a node for each subset of case v(‘lahonr in E”t for
which there was an equivalent subset in Siap: }‘Icat ly,
the «ize of {he search space would m(roa"e _exponentially.
Thus, for even small problems, it is important to somehow
reduce the number of nodes constructed. We use two
heuristics.  The  first of these enables us to keep the
search space ta a manageable size by providing for the
automatic pruning of those conjunclions least likely to be
part of a best maximal abstraction. To determine which
parlial absiractions are least promising, a value is
computed which we call the utility of a node. Basically, the
utility of a node is an increasing function of the number of
properlies covered by the node and a decreasing function
of the number of distinct parameters needed to instantiate
the node. More specifically, our current utility measure
adds 1.0 for each property of a case relation and subtracts
1.0 for cach distinct parameter in the associated PSR. Our
justification for this rather rough measure of utility is that
it will yield as the highest valued nodes, those with the
greatest scope and connectivity. l'qmvalcntly, the higher
tho utlllty of a node, the more informative and apparently
"better" it is as an abstraction.

During the construction of the ACORN, a list of all
nodes currently in the network is maintained. This list,
which is ordered by the ulility of its elements, has a
stipulated maximum length. Whenever the number of total
nodes in the ACORN exceeds this stipulated maximum, a
primitive node which does not support any higher-order
nodes is marked as removed from consideration. If all
remaining primitive nodes support some higher-level node,
then the least valued maximal abstraction (provided there
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is more than onc maximal abatraclion in the network) and
all nodes suporting it (or supporting one of its supports,
recursively) and not supporting some other higher valued
maximal absiraction arc deleled (or marked. as removed
from consideration if they are primitive nodes). Thus, the
nuimber of nodes in the network can exceed the stipulated
maximum only if just one maximal abslraction remains.
While in some cases, it might be deairable lo require that
at least k (k>1) best maximal ab<lractions be maintained,
we have not yet found a need for this oplion.

As a result of the limitalion on nodes in the ACORN,
the lypical behavior during construction as follows:
Instances are introduced one-at-a-time from tho and are
conjoined with other F infro hode instances lo form PSRs
representing subsets { case relalions of varying utility.
A« soon as the number of nodes corresponding to these
nodes in the ACORN exceeds the stipulated maximum, the
maximal node  with the lowesl utilily {ogelher with all
nodes which support only it are deleted from the network.
This construction-and-pruning cycle is repcated until the
set of best maximal absiractions has been found.

s

The second heurislic provides the search with
direction by indicaling which one of the unused instances
is to be used in the next cycle of construction. Our search

for the best maximal abstraclions s essentially  hill
climbing, but occurs on many hills simultancously.  Since
our pruning heuristic enables us to maintain a gradually

decreasing number of maximal abstractions, the number of
hills under  consideration reduced as  the search
progresses.  Clearly, if we could selecl first all of those
instances from yro Which were instances of the best
maximal abstractions (lhe highest hills), then our search,
since il would take place in an essenlially unimodal space,
would be as  efficient as  possible. Of course it s
impossible to determine ‘a priori which instances are
instances of the best maximal abstraclions. However, by
using a varianl of the ulility funclion described above, it is
possible to compute, fairly cheaply, the upper bound of the
aclual utility of any node which might be constructed.
Using this strategy, we can, at relatively little cost,
sionificantly increase  the probability  that the node
constructed  will be a constituent of a best maximal
abslraction. The selection procedure we use is as follows:
We set a sampling factor (currently 207) for the proportion
of the unused instances from k., o Which are to be
examined. We select al random this percent of the unused
instances (but at least three until there are fewer than
three unused instances). For each of the instances in this
sample, we determine an upper bound of the utility of all
of the nodes which could be constructed by conjoining the
sampled instance with the remaining instances of nodes. still
under consideration. The one inslance which produces the
node with the highest potential ulility is constructed.

is

The actual construction of a node is a two step
process. First SPROUTER creates a set of tests which are
both ' necessary and sufficient to accept just those
instances that are equivalen! to the pair of instances used
a5 a model in building the higher-level candidale node. It
is possible to create such a set of tesls working only with
the <ameness or difference of selected parameters. For
example, fo construct an ACORN node to accept the two
inslances  {CIRCLE:c} and {ABOVE:a, BELOW:c}, a same
parameter (SP) test is generated o insure that the first
parameler of {he first case relalion is the same as the
sccond parameter of the second relation, and a different
parameter (DP) test generated to insure that no
non-explicit SPs are accepted. If one thinks of this ACORN
node as being constructed from a left and a right instance,
where the parameter of the left instance is numbered 1,
and the parameters of the right instance are numbered 2
and 3, then a minimal complete set of tests needed to

s
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cxaclly represent the same and different relations are
{50:1, SM:3} and {DP:1, DP:2}.
After the sot of tests has been crealed, the

candidate node is associated with a generator sel which
spoecifiecs how the paramelers of ils inslances are to be
rxlracted from pairs of subordinale instances which satisfy
the node’™s S and DP lects. Because of the implicit
requirement for DP relations o hold on  all  distinct
parameters, the order of the new relalion is exactly the
number of distinet parameters in the two relation instances
used in building the node. In the above example, there
would be two paramelers in cach instance of the new node
and these would correspond 1o parametlers 1 and 2 (since
I and 3 are identical). The gencralor list for this node
would be just (1,2). From the nature of the explicit SP and
D deads used, it follows thal any two - nodes having
instances derived from equivalenl paire of instances must
be equivalent.  Whenever such - a  duplicale node s
constructed, it is removed from the ACORN.

It should be apparenl hal an ACORN conslructed in
the fashion described above will not necessarily contain a
maximal abstraction. Whether or not it will is partially
dependent on whal maximum has been stipulaled for the
number of nodes in the ACORN. [3ut even if the stipulated
maximum is large enough so that the highest node in the
NACORN is a constiluent of a maximal abstraction, the ACORN
may not be complete; that is, some of the case relations in
the abstraction may have been lost. This can occur if one
or more primitive nodes whose instances are a part of the
abstraction were removed from consideration early in the
construction process. In such a case, however, it is always
possible to extend the ACORN with conjunclions of these
o<t primilive node instances. This is done by successively
l(‘inhoduring info the construct- and prune cycle each
instance in which does not. support all of the
in<tances of alllnototlw hl{Jlr"l nodes in the ACORN. Each
re- introduced inslance is conjoined with each of the
mstances of each highest node to produce candidate nodes.
If instances of any of these new abstractions are found in
Feampe these new nodes are retained; the ACORN is then
rwimkk‘d further, in the same way, until the best maximal
abslractions have been found.

We have already scen the abstraction SPROUTER
constructs given the firsl two exemplars in lhe first
concept formation task. The set of case frames from which
the primitive nodes were created, all threc exemplars, and
the best maximal abstraction found by SPROUTER are given
below.

CF:

{ NI1:{CIRCLE},
N2:{ SOUARIEY,
N3:{ TRIANGLE},
NA:{LARGE?Y,
NE ‘SM/\( L},
NG: ’lNNf R, OUTER},
N7: 1/\I°OVL BCLOWY,
NEALEFT, RIGHT},
N‘):-{SAME!SI-V\T’E, SAME!SHAPES,
N10:{ g/\ME!SlZE, SAME!STZE]},
NIL1: 1[3[ SIDE, BESIDE},
N12Z:{CONTIGUOUS, CONTIGUOUS }}

Els

{ {TRIANGLE:a, SQUARE:b, CIRCLE:},
{LARGE:a, SMALL:b, SMALL:c},
{INNCR:b, OUTER:a},
{ABOVE:a, ABOVE:h, BELOW:c},
{SAME!SIZE:b, SAME!SIZE:c}}

Knowledge Aq
3

L
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{1SOUARL:, TRIANGLE e, CIRCLE:(},
FSMALL i, LARGE i, SMALL A},
FINNER:f, OUTLR:e},
IABOVE:d, BELOW:e, BELOW:TY,
{SAMIEISIZT d, SAMEISTZE: 1}

TSOUARI:g, CIRCL F:h, CIRCI [},

FOMALL w, | ARGE Dy, SMAL L,

PINNETR:, OUTER:hY,

{/\[3(“)\/L:g, BLLOW:h, BLLOW:i},
SAMIEISHAPE :h, SAMIFISHARE i},

{‘CI\MI IS17E:g, SAMEISIZE:i}}

lhl?d

§ IN1OS AML"}IYE L,SAMEISIZE: 2},

{N7: ‘/\l?()VE 1,BELOW:2Y,

{N 1 {CIRCLE:?},

J{GMALL:1Y,

SMALL:2},

HSOUARE: LY,
ENA:{L ARGE:S )Y

INGTANCES FROM EXEMPLAR L1402
((C1sC2/2, 00402/ 1, F1#02/2))

INSTANCES FROM EXEMPLAR 3
([E3/e,E3/LES /WD

oo

SPROUITER took 6 seconds of <pu time on a PDP-10
(model KA-10) ta produce El1+2 which it found after
conslructing 14 nodes (7 more than necessary). SPROUTER
look 3 seconds and consbructed 6 nodes (the fewest
possible)  to  produce  (F15E2)+E3. The abstraction
SPROUTER - found, however, lhough it s the best
abstraction producible using our malch-first method, is not
maximal. It is missing two case relations. As we indicated
in the first seclion of the paper, the abstraclion SPROUTER
induces is the following:

small circle and
above the circle.

There are three objecls, including a
a small square. The square is
The third object is large.

The  beost maximal  abstraction includes  the
specification that the large object contains anolher one
which is one of the two small objects. SPROUTER is unable
to find this abstraction for two rea<ons: (1) The grain size
of the representations used in describing the examples is
loo big; more atomic uniform representalions are needed to
make abatraction, which is a stiictly subtractive process,
more  generally  applicable  [11, 1b]  (2) Many-ane
parameter correspondences must be allowed in order 1o
insure that relevant corrcspondences are not lost. These
two problems, whose solution requires methods of greater
ceneralily  than  we have currently implemented, are
discussed in delail in the CMU technical report from which
this paper is taken.

IV. CONCLUDING REMARKS

SPROUTER has already solved learning problems of
theoretical significance and of considerable complexity.
Because of the extensive size of the search spaces, such
learning  could not be done wilh simple enumerative
matching algorithms. In essence, SPROUTER establishes the
feasibility  of  induction  from  non-trivial  exemplar
descriptions.  In many respects, however, SPROUTER is
quile primitive. It is a purcly synlactic matcher; it knows
nothing at all about the underlying structure or significance
of any of the predicate descriptions upon which it
operales. For this reason, ils utility function, and thus its
heuristics, are very weak. One interesting aproach to
improving the performance of SPROUTER would be to
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provide it with  domain-specific  ulility  functions.  For
coample, it SPROUTER - knew  that  concordance  on
anlecedent or consequent relations was more important

[han concordance on most olther relations, it would never

altempt to match the antecedent parl of an example with a.

consequent part, Similarly, if it knew that concordance of
higher-order grammalical conslructs (e, a sentence) was
mote significant than concordance on lower-order ones, it
could quickly zero in on the concordances of two sentence
sbruclures and then conlinue building abstraclions in an
rssentially top-down fashion.

Even though SPROUTERs  performance has been
aquile dmpressive  on several  tasks, there are  three
difficulties impeding the use of <uch a learning machine in
seneral applications, Firsl, an empirical question has been
raised  regarding the  preferability  of  approaches  to
mduction based on the one one and many one hinding
alternatives. I object “inlegrity in representalions
nenerally tenuous == that is, i cach object in one PSR can
correspond to multiple, diveran objects in another PSR, as
the cace in the concopt formation lash described
above - abstraction procedures based on the many-one
approach will have to be developed.  Second, one must
identifly  which real-world  problems can be  solved by
interference malching methods,  Because the case frames
which  SPROUTER  uses an inforring abstractions  are
assumed Lo be externally provided, the ulility of our basic
melhod depends upon the prior identificalion of useful
propettics. Third, while SPROUTER uses what is basically a
common heuristic search stioleay in Al (breadth-first with
pruning of low-valued palh<), il is slill too expensive lo be
widely applied in practical probleins.

is
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