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Abstract

Paired Associative Memory (PAM) is pre-
sented as a model of organism Long Term Memo-—
vy. It is composed of association pairs.
Either associated element in a pair can be
representations of another pair or stimulus
“terminal®, The model is described in two
languages; the network model with its nodes
and arcs is related to a “neural" layered
distributed model.

Requirements for a model of Long Term
Memory are developed through a discussion of
literature relating to physiological and psy-
chological data and models for organism memo-—
ry. Examples of progress of Artificial 1In-
telligence (AI), Psychology and Brain Theory
memory models are reviewed.

PAM is +first described as a network
style model to clarify some of the important
features of the distributed model. In a sim-
ulation on a VAX11/780in UMASS LISP with
color graphics, PAM is shown to be able ¢to
encode knowledge in hierarchical structures,
some parts of which are called schemas. 1t
can encode new data in terms of established
knowledge. To the extent that it creates
such hierarchies, we say it bootstraps it—-
self. As well, it has the property that it
can encode knowledge in unfamiliar domains
without having to be modified.
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Introduction
"There is a sense in which it can be said

that the methods of science have scarcely yet been

applied to human behavior. "

(Skinner, B.F. 1971).

Although many of Skinner’s intuitive ideas are contro-
versial at best, the abaove quotation represents one instance
where his beliefs coincide with thoce of many others. In
fact, many people would expand the meaning of the words
"human behavior” in this quotation io include the behavior
of all developed organisms. In this sense, Developed Organ-—
ism Behavior. would denote problem colving abilities and
conscious problem modeling P23 well as language.
Accordingly, developed organized behavior may be analysed by
the application of scientific methuds. The crucial question
then becomes: what methods will fovward the understanding
of such behavior? Recently, scientists have been able to
examine such problems as self-defined behavior and problem
solving by turning their attention to high level cancepts of
problem solving such as hypothesic forming and testing.
Successful experimentation wusiug moudeling is beginning to
clarify the dynamics of behavior and establish the useful-

ness of modeling as a scientific method.

A good Leaning Tower of Pisa «nd some cannon balls are
adequate tools for testing a mode) of gravity. Models of

aspects of Developed Organsim Behavior are more difficult to
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evaluate. Tremendous effort in several fields has generated
exciting perceptuval, neurophysiological, and neuroanatomical
data about organisms. Even data from all these experiments
and their associated technology do not by themselves seem to
be adequate tools for understanding developed organism beha-

vior.

The difficulty of understanding thought is due in part
to 1its apparent nondeterminism. 1Thie nondeterminism is ex-
emplified by the complex and non-phusical level of the inner
mechanisms which organisms use to make decisions. In 3 com—
puter, as in organisms, the important data about how it
works is the most difficult to obtain. What are the brain’s
"instruction set" and "software source code"? On a com—
puter, these are exactly what the naive user, who is only
allowed to interact with the text editor, does not have ava-
ilable to him/her for inspection. #e are naive users of our
brains; we only interact with ils user interface. We are
able to learn and remember, without knowing what the inner
physical and structural mechanisms for learning and memory
are. Much is known about the anatomy and physiology of the
brain and about perception, and psychological characteris—
tics of learning and memory. Hlypotheses must be made and
tested to fit all of these elements together. Modeling and
simulation could be the ‘“scientific tools"” which will be

most useful for testing hypotheses about memory learning and
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" . .Almost everyone attributes human behavior

to intentions, puTrposes, sims and goals. "

(Skinner, B.F. 1971)

Although many workers in Ariificial Intelligence (AIl)
would not support most of Skinner’s viewpoints, almost none
of them would deny the usefulness of separating developed
behavior into "intentions, purposes, aims, and goals. " Most
modern researchers in AI give explicit credit to problem re-—
duction as a method of problem <«olving (Nilsson, N.J.
1971). Some landmark models of problem representation boast
the wuse of this intuitive and powerful technique, which re-
presents problem and solution spatec in terms of a resolved
adaptive protocol which builds ii« vwn heuristically based
solution space. Such ambitious projects as General Problem
Solver (GPS) (Newell, A.; Shauw, J.C.5 and Simon, H.A.;
1960) and Hearsay (Erman, L.D.; Lesser, WV.R.; 1975) are

based on this philosophy.

Problem reduction, breaking solutions into intentions,
aims and goals using hierarchicel representations including
goals—subgoal and actions is not && new an idea as it is
powerful. It has been applied to large systems and is im-
plicit in control hierarchies in government and military
command structures, business meuzqement organizations and
industrial manufacturing proceduvcs. For over one hundred
years, it has been assumed to be a mechanism used in the

brain for generating and controlling behavior (Jackson, J.;
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What Is An Appropriate Scape For Present Day Brain models?

To assume that any one mechenjism in a model can be pro-
posed for the mechanism or structure of the whole brain is
to deny the anatomical structure of the brain. The brain is
a collection of interacting processing and perceptual inter-
faces which have select and overlapping functions. The he-
uristics for control in an organism with lesions in its
hindbrain are, and should be expeclied to be, very different
than those which control an organiem which is using a brain
which is missing a frontal lobe, perts of its -wvisval +tract
or its cerebellum (Carpenter, M. 1969). Each of these are
different organisms which have predictable and distinct be-
havioral anomalies. These characteristic, or stereotyped
deficiencies are evidence of specificity of function and

control for specific parts of the brain.

This is not to deny the results of Lashley‘s mass ac-
tion experiments (Lashley, K. . 19729). In these experi-
ments, he found that animals were able to perform with an
ability inversely proportional to the mass of cortex which
he ablated from the organism. Whether through redundant or
distributed function, the brain is designed to gracefully
degrade in performance as parts of it become nonfunctional.
The hevuristic nature of the way higher animals plan and

solve problems allows their solutions to problems to be
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based on any one of a number of perceptual and cognitive re-
souTces. When saome of these resources are destroyed, the
brain relies on others. Contrary to the letter of Lashley’s
results, close analysis of a bresin-domaged organism shows
specific deficiencies. People with temporal lobe seizures,
for example have specific stereotyped personality disorders
(Sherwin, 1I. 1976). The severity and characteristics of
specific personality characteristics is directly related to
the developmental time period in which the seizure began as

well as the size of the seizure fotus.

The perspective of multiple and different loci of con-
trol, with distributed as well &5 redundant memory struc-
tures, seems crucial to the stability of the brain. Any
model which proposes to describe 1)1 brain functions would
have to account for each structure in the brain. Therefare,
a detailed accounting of all aspecis of the brain‘s behavior
should be attempted only when models of individual brain
functions have been accepted. Consequently, although this
paper describes a hierarchical mudeling language for memory
and learning, and proposes a neural model in which it could
be described, it does not model the modulation of learning
and retrieval abilities or the function of the reticular
formation and other brain contro) structures. We attempt to
motivate the model somewhat by describing other people’s mo-

deling effoarts.
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Taxonomies of Memory and Leasrning Models

Hebb (Hebb, D.O0O. 194%) describes frustration with peo-—
ple’s attempts to model behavior using models which do not
try to account for the time betweren stimulus and response as
a process. He identified two claessifications. Switchboard
theory accounted for models in which input was wired to out-
put directly. Field theory used concepts of physics field
theory to describe distribution of sensory excitation and
ratios of excitation as causing motor responses. Happily,
the thrust of all but Skinner’s preseut day theories speak
directly to this intervening +{hought part of behavior.
These theories of thought and memory can still be categor-
ized as having simple switchboard or distributed field theo-

ry memory connectivity patterns.

Modeling of Long Term Memory (LI1M) has recently become
one of the focal points of workere in many fields. The ef-
fective accessibility of LTM, it asppears:; can account for
much of developed organism behavioy. Psychologists have ca-
tegorized their models as network, set, or semantic feature

models (Klatzky, R.L. 1975).

So-called network models include models of memory in
which the memory is described a¢ 3 vast network of associa-

tions. Set—theoretic models &ve those which rtepresent
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knowledge in semantic categories. Perople in Artificial In-
telligence have used the term "Framcs" (Minsky, M. 1976) to
describe knowlege sources which peyvfom actions in environ-
ments which can be characterized by castegories. The separa-
_tion of information by organism’s brains into interrelated
bundles is empirically supported ac well as being intuitive-
ly pleasing. The concept of a czlegory or schema is an old
one, central to Hebb’s book (Hebh, N. (0. 1948). models with
this theme have been numerous and have been put forward with
emphasis on being interpretable, Ffrom the network viewpoint
{Marr, D. 1970; Maclaren: L.%G.; 1980, and many others),
as well as the semantic feature moude) viewpoint. a vrich

source of examples which make

A taxonomy of models of concept formation put forward
by Richard Millward (Millward, R. 1978) attempts to further
classify memory models into Prototupe, Exemplar, Erequency

and Rule models.

Prototype models include produciion rTule models (Ry-
chener 1976) in which a list of vules is available and can
be enacted when applicable (and hopefully extended when ne-
cessary). These prototypes can be semantic or spatial. 1t
has been shown that prototypes are used extensively by peo-
ple +for encoding memory. In s famous study (Posner and

Keele 1968), subjects were found to be able to remember new
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dot patterns, which were related to s prototype: much better
than other equally unfamiliar dot pastterns. Such a phenome-
non has recently become famous and documented for Master
Chess players’ ability to remember large numbers of chess
pieces positions when arranged iu classical chess game pat-
terns, but not many positions for chess pieces arranged ran-—-
domly on a chess beoard (Larkin, J.; McDermott, J.; Simon,

D.P.; and Simon, H. A.; 1980).

Exemplar models are models which can be described in
terms of cluster analysis. An overvicw of some of the tech-
niques of cluster analysis is available (Duda, R.0., and
Hart, P.E.; 1973). The idea is thot memories are categor-
ized according to distance fraom the center of clusters.
Distance is measured by a multidimensional classification o#f
sameness of some sort. Although Millward states that he be-
lieves this to be a counter—iutuitive notion and tries to
point to evidence to this effect, the concept of a similari-
ty measure has been an important festure of many modern mo-
dels (Rips, L.J.; Shoben, E.J.i and Smith, E.E.; 1973;
Marr, D. 0. 1970; Nakano, K. 1972 et al). The
tip-of—-the-tongue experiments (Brown, R.W., and McNeil, D.;
1966) show that, in fact, when Lrying to retrieve things

from memory, generic information i« available.

In their study, Brown and McNeil found that people try-
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ing to recall things in their brains search for items which
are similar (sounds like, looks like, tastes like, or starts
with some clearly retrievable semautic entity). Relatedness
between memories affects other aspects of recall performance
as well. Until recently, Psychologist’s experiments portra-
yed human recall as better than recognition performance in
all sitvations; however, in a landmark demonstration it has
been shown that performance for recognition can be better
than recall (Thomson, D.M., and Tulving, T.E.; 1970) when
highly similar things in memory interfere with recall. Such
experiments support the notion that memories are categorized
according to distance in a multidimensional classification

of sameness of some sort.

Frequency models categorize knowledge by incrementing
counters for preset categories. In this way, new informa-

tion is supposed to be categorized in terms of old clusters.

Rule models claim that we lesrn by hypothesis testing
and rule forming. These rules may be memories in other mo-
dels above. Rules don’t govern &)1 learning. In fact,
young children go through at least 3 stages of learning.
Until they are 3 or 4 years old: they are wunable to learn
Tules. Between the ages of 3 or 4 and &: they are unable to
break rules and after that they can accept and generate ex-

ceptions to rules (Piaget, J. 192&3).
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Any model which has as its goal explaining perceptual
data for memory has to be able to represent rules and excep-
tions to rules: schemas, etc. It should be able to be re-
present new knowledge in terms of stable knowledge. thereby
allowing a hierarchy of knowledge. 1he model should be for-
mulated so that a key or part of & stimulus can elicit the
whole stimulus. An example of this is how a few bars of a
song are enough to elicit the whole song. To be as reliable
as it is, memory needs to be struciured in a distributed
way, and/or have an enormous amount of redundant encoding.
This reliability is what gives leaining and memory in organ-
isms a graceful degradation in performance in the event of
missing cells, and/or structures. In some way, the memory
has +to allow recall to be in tevms of closeness of stimulus
similarity. Furthermore, as we shsll see, memory should be
encoded in critical features, vather than nonsemantic cri-
teria, such as absolute cartesian coordinate space or the

alphabet.

ETY
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Some Sample models of Memory and Learning

Before attempting to build & model of memory, it is in-
structive to examine some examples showing what has already
been developed.

Hebb’s Landmark model
Hebb’s "cell assembly" model (Hebh, D.O. 1949) includes
several noteworthy and importent points. He assumes that
neural cells within a small area, within area 17-20 of the
brain’s wvisval cortex, can be connected to each other to
form a completely connected network if necessary. He then
proposes that specific cells are conuected serially to form
loops of excitation. He calls these "cell assemblies™. The
connections between them are learned using the now famous,
but largely unproven, "Hebbian Synapse”. This is a synapse
which tends to form when an active Fiber is close to another
cell’s soma and the two seperate (e¢lls +fire at the same
time. If there is already a synapce between the two affect-
ed cells, the Hebbian rule tends to enlarge and strengthen

the synapse.

In Hebb'’s model, cell assemblies may be sent into re-
verberation through direct stimulation of one of their ele-
ments. These "phase sequences" cau be a8 succession of as-—
sembly actions. In this way, pert of a "memory" can elicit

all of it. This extremely important point is one of <the
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main goals of more modern modele such as OCCAM (Spinelli,
D. N. 1970). Hebb describes some accemblies as being based
on sensory stimuli and some based on both stimuli and the
state of the rest of the system. 'This is the point at which
he «could have described a hierarchical scheme in which sim-
ple cell assemblies were the basis of more complex ones.
Instead, he describes an accumulation of cell assemblies in-

teracting in vague synergy.

In a hierarchical scheme, "high level" "cell assem-—
blies" could encode knowledge in terms of simple or "low
level" cell assemblies. Systems which can create high level
knowledge structures in terms of relationships between low
level structures, we will call Bootctrapping systems. This
term is an important onei it describes an ability to effec-
tively integrate and encode data. The term bootstrapping
has also been wused to describe cimple adaptation (Widrow,
B., Gupta, N.K., and Maitra, S. 1773, This 1is unrelated

to our definition.

Another problem with Hebb’s model is that it doesn‘t
explicitly talk about reliability. ‘the cell assemblies are
loaps, serial in nature and prone 1u destruction, i one
element becomes missing. In this wey any model which relies
on specific cell circuits for specific memories will be

prone to destruction unless it has many circuits which have
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the same memory, . in different areas. Finally, his totally
excitatory céll assemblies have no controlling inhibition.
For this reason alone his theory cannot work without modifi-

‘e

cation.
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Explicit Representation of [“roblem Decomposition

General Problem Solver (GPS) wss an AI program which
developed plans, goals, subgoa)ls and strategies to solve
problems. It was developed from an earlier work, the Logic
Theory Machine (LT) which was the earliest major contribu-—
tion to the field of heuristic programming (Newell, A.;
Shaw, J.C.; and Simon, H. A.; 19250). In this language, as-
sociative links or attributes and plans are all homogeneous—
ly representable as data (Newel), A.; and Simon, H. A.;
1963). GPS was demonstration of heuristic problem solving
for Artificial Intelligence. 1t promises that heuristic
problem solving can be simulated but does not put forward a

model for how organisms store memories.

More recent, related work hae lead to BK?.8 besting the
world Champion Backgammon player at Backgammon (Berliner,
H. J. 1980). BK?.8 is a knowledge ‘haved program which makes
decisions based on heuristics and pact experience. It des-
cribes knowledge in terms of a hyperspace of features. This
is an example of an associative memory. Knowledge is stored
and retrieved according to its location in this +feature
space. Extensive work in heuristic problem solving has been
done. Modern literature on it wueece the idea and term

Non-Monotonic Logic (McDermott, 1).; and Doyle, J.; 1980).
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The above examples typify A) solutions. They are gen-—
erally demonstrations which solve isolated problems and are
not extensible to other aspects of problems. Using this ap-
proach, programs which work on speci fic and narrowly defined
problem domains demonstrate significant proficiency (heuris~—
tic problem solving (GPS), natural language parsing (Marcus.

M. 19768), etc).
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Superordinate  Properties
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A. Information in TLC's memory corresponding to the concept "Clien.t." [After
Quillian, Communications of the ACM, Vol. 12, August 1969. Copyright 1969,
Association for Computing Machinery, Inc.]

[ ] = Unit, Tvyee
() = Property
—» = Pointer (Has skin)
% (Can move around)
[Animal] €= (Eats)
) /(Has wings) ) /(Has fins)
{Bird] == (Can fly) [Fish] == (Can swim)
= (Has feathers) TS (Has gills)
Ca —»(Can sing) (Is pink)
[ m]\(ls yellow) [Salmon] <:(ls edible)
> (Can bite)
[Shark]\(]s dangerous)

B. Portion of a hierarchy in TLC's memory, showing relationships among the

units and properties within the category “Animal.” [After Collins and
Quillian, 1969.)
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Another Associative Memory [’voblem Representation

BOXES (Michie, D.; and Chambevs, R.A.; 1969), like
BK®9. 8, implements an associative memory. The concept of an
associative memory is like a hologvreph, in that a reversible
spatial ¢transformation maps thines that are to be stored
onto a distributed area on the memory space. In BOXES, this
transformation maps localized memovy boxes onto specific
areas the state space of the broom handle and cart problem
(Fig. 7). BOXES presents simple memory representation with
several interesting attributes. TTheir memory is designed to
simply servo-control the balance bruvomstick problem, a prob-
lem which has is represented effectively in any one of a
number of solution spaces. For cxemple it can also be re-~
presented by a state space (Nilsson, N. J. 1971). Boxes
in the system represent places in the control problem space
which represent velocity., divection, position and
broom—handle angle. The boxes have & decision making policy

which relies on data from past expevience for similar situa-

tions. In this way experience is comewhat generalized. In
addition, the idea of dividing lioxe¢s into multiple boxes
where decisions are hard to make is put forward (Fig. 7).

With this addition, the model depicts more memory space for
more important areas of the solution space. This is an in-—
tuitively pleasing idea that reminds one of the sensory and

motor homunculi on either side of {the brain’s central sulcus
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“THE DOG BITES BILL.”

Step 1. Input:

Step 2. Input is parsed
to form input tree.

Secarches begin : i
from nodes for DOG, LTM
BITE, and BILL.

Predicate

/

{
] Step 4.
/ Successful match
!
!

from DOG node.

Search reveals
LTM tree that

Examples

Context-Fact at school
we eat

Location-Time

Subject-Predicate

‘Relation-Object ; ta“:r.h}‘\
soup

matches input.

John cried

yesterday,

at home

Paris 1942
yesterday

school

Caesar - is dead
is a teacher

my aunt

likes

O = Node

-+— = Association

Proposition
Fact

sentence

A

_ The Match process in Anderson and Bower’s HAM, showing how the input
“The dog bites Bill” is matched with information in LTM.

Context

Objecl

Location
Relaho
QUESTION BILL

PAST PROFESSOR

CLASSROOM
“IN THE CLASSROOM THE PROFESSOR QUESTIONED BILL

Types of associations and examples of each type (above) and a proposition

tree corresponding to the proposition “In the classroom the professor
questioned Bill” (below), as represented in the HAM model of Anderson

“and Bower (1973).
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{(Penfield, W.: and Rasmussen, T.i 19750).

The BOXES model makes no atiempt to be able to use the
knowledge it acquires in new situstions, such as moving the
balanced upside—down broomstick i1o &nd fro at will. No ef-
fort is made to describe an expanded model which can encode
and distinguish between two situstions. No anatomical
structure 1is suggested. However, in a sense the model can
accomodate boxes being ablated, &lihough specific sections
of the memory space do control specific sections of the con-

trol spsce.
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Network Models of Memory

In an effort to model memory in & simple way, some peo-
ple have produced models wusing the arc node notation of
graph theory to connect high level abstractions. Some of
the most accepted theories of this type are the semantic
networks (Quillian, M.R. 19269, Anderson, J.R. and Bower,
G. H. 1973). Of these so-called nctwork models, Quillian’s
is probably the first to described ac purporting to describe
human Long Term Memory. In hie¢ Teachable Language Compre-
hender (TLC) model Quillian has {wou tuypes of nodes and a po-
inter, The type or unit nodes represent things. The token
or property nodes describe the tuype node. Pointers connect
nodes. Type nodes are defined by other type nodes and token
nodes. In this way a complex network of definitions can be
interconnected to have concepti vaslue (Fig. 8). Quillian
{Quillian, M.R. 1968) explained that undifferentiated links
were inadequate for representing Inglish text. He uses sub-
class, superclass distinctions and conjunctive, disjunctive
distinctions. In this way arce ave labeled with "And" or

" U.r. “.

With this simple formalism,» Guillian’s model is sup-
posed to be able to encode any coucept. The model uses an
intersection search to see if two conucepts are related. If

an input sentence is compatible with '1LC’s relations between
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concepts, it is accepted. In this way, radiating, breadth
first searches are used to find yvelationships. I# the to-
pology of the memory network is oijlented on a similarity
measure then the search will be smproved by the topoloagy.
How the model is defined in the brain is an  unapproached
question. The model’s formaliem docs not allow any way of
representing the fact that associetions vary in importance,
and it does not attempt to give pevceptual or physiological

implications and implementations.

The Human Associative Memory (HAM) is a later network
model of human Long Term Memory (L1M) (Anderson, J.R.., and
Bower, G.H. 1973)(Fig. 9). They use a linked network of
nodes in which associations &re more explicitly labeled.
Binary associations with links make up the network. Each
association in the graph is descvibed by one of four labels.
These labels are: 1) Context and & lect, 2) Location and a

Fact, 3) Subject and a Predicate, or 4) Relation and an Ob-

Ject. The model uses a *"Match" proucess, to evaluate a
thing’s relationship to existing knowledge. In this pro-
cess, sentences are comprehended if; they can be parsed (in

general an unsolved problem), and directly match a structure
in memory. When these two structiurce are verified as ident-

ical, the sentence is comprehendcd.

Perceptual data compared to these high level model des-—
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criptions favor HAM over TLC. HAM’s links have weights.
The more related two things are, the higher the weight. In
this way, a match can more easily be established for things
that are more related. This ability to recognize more rTe-
lated things faster has been shown in many experiments to be
true of human perception. For example it has been found
that subjects can verify that & bear is an animal, faster
than a bear is a mammal(Rips, C.J. Shoben, E.J. and Smith,
E. E. 1973). In TLC, on the oiher hand, bear would be
closer to mammal than animal and would therefore give a
longer search time for animal than mammal (Klatzky, R.L.
1975). This analysis, that related things are inherently
closer to more closely related things in HAM than TLC, de-
pends on the high level descriptions of the models directly
reflecting their implementation in {he brain. The implemen-—
tation notes for these models are abcent. Although these
semantic nets do not attempt to describe how they would be
represented in the brain, and do uol agree with all experi-
mental data, they are clear, simple, &nd provocative demons-

trations.

As a reaction to Lashley’s expeviments (Lashley, K.S.
1929), memory models in which specific memories are spatial-
ly distributed have been consideved exciting. Lashley’s ex—
periments do not conclusively show thet memory is distribut-

ed rather than redundant in the bvain. Distributed memory



] T |

CONNECTION BETWEEN ~ PROCESSOR NODES | l
PROCESSORS () (b (<)
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KUNG'S COLLATED EXAMPLES OF ALGOR ITHMS WHricd CAN BE \MPLEMENTED

EFFECTWELY onN DISTRBUTED NETWORKS. (KUNG, W.T-, 1939)

ALGORITHM TYPES EXAMPLES

SYSTOLIC ALGORITHMS USING:

1-0IM LINEAR ARRAYS REAL-TIME FIR-FILTERING, DISCRETE FOURIER TRANSFORM (DFT),
CONVOLUTION, MATRIX-VECTOR MULTIPLICATION, RECURRENCE EVALUATION,
SOLUTION OF TRIANGULAR LINEAR SYSTEMS, CARRY PIPELINING,
SORTING, PRIORITY QUEUE, CARTESIANPROCUCT, PIPELINE ARITHMETIC UNITS

2-0IM SQUARE ARRAYS PATTERN MATCHING, GRAPH ALGORITHMS INVOLVING ADJACENCY MATRICES,
OVNAMIC PROGRAMMING FOR OPTIMAL PARENTHESIZATION

2-DIM HEXAGONAL ARRAYS | MATRIX PROBLEMS (MATRIX MULTIPLICATION, LU-DECOMPOSITION BY
GAUSSIAN ELIMINATION WITHOUT PIVOTING, QR-FACTORIZATION),
TRANSITIVE CLOSURE, DFT, RELATIONAL DATABASE OPERATIONS

TREES SEARCHING ALGORITHMS (QUERIES ON NEAREST NEIGHBOR, RANK, ETC,
SYSTOLIC SEARCH TREE), PARALLEL FUNCTION EVALUATION,

RECURRENCE ‘EVALUATION

SHUFFLE-EXCHANGE FAST FOURIER TRANSFORM, BITONIC SORY
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and erquhdant memdrg are both implied by his experiments.
qué&er. distribufed memorgAhas beenbthe favored explanation
of hass action experiments. Spatially distributed kno@ledge
is usually explained by variations of Hebb’s "field <theory"
on  the neural level, and as associative memory on a higher
level. Argumehts for associative memories with calculations
have made them attractive as a conceptual tool in brain mo- '
deling (Palm, 6. 1980 ). If the memory encoding is some-

what more detailed or redundant than is needed for a task,
and part of it ié ablated, then the task may still be retri-

eved. -
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A. FANOUT ELEMENT
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B.. The Basic Hashnet Arrangement

(M OsTwires omitted for visibility.)

Fanout

Input Terminals
Qutput Terminals
Cells / Layer

Fraction of Cells Used

In Empty Network: ONLYONE TNPUT

Cells Reached
2
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391

1893

2000

2000

2000

2000

2000

CELL ACTIVE
Prob. of Blocking
0.998000994
0.87044553
0.63977298
2.46822253E-3
4.20163906E-13

- 9.331424S5E-14
9.3314245E-14
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15
1000
1060
2000
S

In Full Network: MANYINPUT

CELLS ACTIVE

Celis Reached Prob. of Blocking

2

29
206
1076
1964
1998
1998
1998
1968

0.998000994
0.97044853
0.79985812
0.0496812095
6.44511867E-7
3.05804567E-7
3.05804S67€E-7
3.05504567€E-7
3.08304567E-7
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Two Hardware Implemented iModevls of Memory

Ambitious attempts have been made to integrate associa-
tive memories and semantic networks in hardware. Probably
the earliest of these attempts, ihe Associatron (Nakana, K.
1972)(Fig. 10), is a simple veqularly connected network.
Such regular networks (Fig. 11) &¢ve hecoming extremely po-
pular for general research in distributed algorithm test
beds (Kung. H.T. 1979). In this ceve, areas of the network
are devoted to specific things. Uit patterns hased on dif-
ferent stimuli for representing ¢ thing are all convelved on
an area. The idea is, that if {the area has many, many more
bits than the minimal representation Ffor the thing, then it
is probable that its different representations will not col-
lide on the memory space. In this wey, if any one of the
patterns (or parts of several) «re tested against memory,
the memory can be tuned to eliciti & match response. Part of
the representation for a thing will be enough to retrieve

the whole item.
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Nakano’s model is a brute force associative memory
(Fig. 10). It does a nice job of showing how triplet or
n—tuplet links betweeﬁ concepts can be used to elicit each
other, how nqise can be accomodated, and how redundant en-
coding can be' integrated into an associative mapping.
However, it still has localized memory. The implementation

is only able to demonstrate trivial discrimination tasks.

NETL (Fahlman, S.E. 1979, Fahlman, S.E. 1974) is an
ambitious plan to create a hardware semantic network which
is capable of storing enough facts to make it useful in sev-
eral domains. One million elements is the number calculated
to be necessary to achieve this goal. In this memory model.,
each element has the poténtial to connect to any other ele-
ment in the network. A novel and attractive scheme is used
to perform this interconnective fumnction (Fig. 12) (Fahl-
man, S.E. 1980). A multilayered set of Fanout Elements is
connected to the memory elements. Each Fanout Element input
at the top of the interconnection network is attached to two
memory elements. Each output layer element is connected to
two memary elements. Internally, the 7 layered interconnec-
tion scheme uses random connections. An interconnection
element has a fanout of 15. Each of these output wires from
one layer are connected to random elements at the following
layer. The probability for not being able to make a connec-

tion from any one memory element to any other element in
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basic neural model for diagnosis and interpretation. The evidence cells
Cys -+.s €y Bre coaon cells with Brindley afferent synapses. The G-cell controls the codon
cell threshold: it uses negative feedback through its ascending dendrite to keep the
number of codon cells active roughly constant. Its descending dendrite samples the input
fibres directly, thus providing a fast pathway through which an initial estimate is made.
The other cells and synapses are as in figures 3 and 5(2). (MaARR, D-, (230)
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The so-called primal sketch is shown in three of its aspects; each is
a rapresentation of intensity changes in a gray-level image such as
appears on page 3. Its creation constitutes the earliest stage in
the authors' theory of visual information processing. Sketch A
shows only “edge-assertions”: each line represents the position
and orientation at which a change in intensity is found. The
cross-bars at the ends of each line show the terminations of the
change. This is not to say that each line necessarily denotes a
sharp edge in the gray-level array, but rather that each denotes the
existence of a gradient in intensity. Sketch 8 adds information
about differing contrasts: each line in A is transformed into a set of
parallel lines in proportion to the logarithm of the intensity change.
In other words, a large magnitude of transition from light to dark or
dark to light leads to a bolder edge-assertion. Notice, accordingly,
that the margin of the bear tends to have more prominent
assertions than those to be found within. In the displays shown
here, the spacing between parallel lines in a set is simply
proportional to their length. For short assertions, therefore, the
multiple lines have tended to overlap, so as to create the
impression of a single, thick bar. Sketch C shows the fuzziness of
each of the edge assertions — that is to say, the widths of the
variations in intensity, as opposed to their magnitudes. The thicker
sets of lines now tend to lie in the interior of the image, which
reflects the circumstance that broad gradients in shading tend not
to appear at its edges. As held in computer storage, the primal
sketch includes the information shown in A, B, and C alike: that is
to say, the positions, directions, magnitudes, and spatial extents of
intensity gradients in the gray-level array.

TWO AND ONE KALF DIMENSION SKETCH (MARR,D. AND NISHASWIWARA | H. K., 1338)
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this scheme, even if most of the memory elements are using

the interconnection network, is .02,

NETL’s semantic network, like lli&M, uses many link types
to encode relationships between nodes. This semantic net-
work suffers from the same limitations as HAM. Its inter-
connection network, on the otitheyv hand, can incur bullet
wounds without degrading significantly in effectiveness.
NETL ‘s interconnection geometry je appealing for the simpli-
city of its assumptions, its power, and its correlation with

the brain.

Although Fahliman does not altempt it, the interconnect

topology can easily be mapped onto the anatomy of the Cere-

bellar Cortex (Eccles, J.C. 19&67) (I'ig. 13). In such a
scheme, the Mossy fibers and Climbing fibers are the input
lines, the Granule Cells are the initecr-layer cells; their

parallel fibers are their outputs ond the Purkinge Cells the

output cells of the interconnection «cheme.
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Layered Models of Memory

The brain is organized in stercotyped structures with a
common theme of interconnected lauevrys (Eccles, J.C. 1973,
Carpenter, M. B. 1976). Seversl people have put  forward
models based on this theme. The laycred nature of the visu-
al system has motivated models of how organisms perform sim—
ple internal perceptual tavks (Selker, E. J. 1979,

Moreno—Diaz, E.R. 1980 et al).

The NEOCOGNITRON is a layercd model of spatial memory
in which alternating inhibitory and excitatory layers work
to recognize patterns (Fig. 14) {i-ukushima, K. 1980). The
system claims to be able to recoguize patterns independent
of position and rotations. This jic not strictly true. The
system can Tecognize a slightly tidlted or shifted pattern.
The claim of perception being unaffecied by rotation is not
strongly supported by data fur organisms in any case.
Mental rotation experiments with pcuple do not indicate that
the recognition of a rotated character would be the same as
an unrotated character. It has been shown that the time it
takes to recognize letters is proportional to the degree of
the letter’s rotation (plus the vecaguition time for an un-
rotated letter) (Cooper ' l.e.y» and Shepard, R.N.

1973)(Fig. 13
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The structure of the Cerebellur (ortex as described by
Eccles (Eccles, J.C. 1967) has inspired several connecti-
onistic memory models. Many such mudels depend on stereo-
typed circuits wmuch 1like Hebb‘’s. (e layered model which
ﬁas attracted a lot of attention ie« bavid Marr’s theory of

the cerebral neccortex (Marr, D. 1770 (Fig. 16)

This is a serious attempt to pult a memory model into
the context of the known modervy neural structure of the
brain. The concept that redundant information from the sen-
sory systems decreases the work & memory model has to per-—
form is approached. Marr describes ¢&rly sensory processing
as eliminating excessive redundent information in sensory
data. He describes the outputs «f {the system as being made
up of subevents called "feature«". A large body of litera-
ture based on neurophysiological duta supports this claim

(Hubel, D.H., and Wiesel, T.N. 196 ¢t al).

Marr’s model presents an implemeutation for a cluster
theory memory model. Its implementation is described in
terms of known anatomical and physivlogical data about the
brain. The model uses the conctpt of memory evideﬁce which
allows recall of a memory based un & threshold. In this
way, this model responds much like ihe Associatron (Nakano,
K. 1972)(Fig. 10). One problem with the theory is that it

does not include data which necetcitstes non—localized memo-—
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ry for reliability purposes. Dats s«uch as a man having a
measurable IQ of 160 after his prefrontal lobe was removed
are hard to explain with such a comiectionistic model (Hebb.,

D.0O. 1939).

A fecent disertation (Maclaven, |.S. 1979) describes a
layered, neural model which avoide Lhis problem. Maclaren’s
work uses Marr’s goals and tries Lo uce a randomly connected
layer of neurons with surround inhibition to implement a
clustering memory. The choice of cluster, or features is
critical. Like the NEOCOGNITROM (Fukushima, K. 1980), Ma-
claren’s model uses a refining set off layers and relies on
layers being different #from each other. NMeither of these
people attempt to motivate this vequivement from data about

neuroanatomy.
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Memory Features Encode Knowledge

The consensus of neurophysiolopical and psychological
data describes memory as well as sensory data as being re-
presented in internal representaiicus having some ~predict-
able attributes. Some of these attributes give possible re-~
presentational models stercvotuped characteristics.
Experimental data points to at leawet two levels of internal
representations: physiological ond perceptual, which we use

for spatial data encoding.

All organism data representations seem to be “feature"
encoded. Frog retinas have explicit{ csensors which are acti-
vated only by specific fly type movements (Lettvin, J.Y.,
Maturana, H., McCulloch, W.S5. end Pitts, W.H. 1929).
Their retinas are made up of severs) feature—specific recep-
tor types. Intracellular recording in the Lateral Genicu-
late Nucleus (LGN) and Visual cortex of cats (Hubel, D.H.
and Weisel, T.N. 1262) has allowed us to learn that visual
stimuli are feature encoded in the vicual pathway. Cells in
the LGN are receptive to specific c¢hepes and orientations of
shapes with on or off, center pocitive or negative con-
tragts. This feature encoding is in some sense an elimina-
tion of redundant data in the image imposed on the retina.
The «cells elicit maximum respouce for complicated visual

scenes and change of stimuli. Blank areas of visyal stimuli
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6. The image (a) has been convolved with V<G having w = 20 = 6, 12
and 24 pixels. These filters span approximately the range of filters
that operate in-the human fovea. (b), (c), and (d) show the zero-
crossings thus obtained. Notice the fine detail picked up by the
smallest. This set of figures neatly poses our next problem--how does
one combine all this information into a single description?
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elicit little or no cell responsc.

Experiments have also discovercd data reducing feature
encoding at the perceptual level. llearing studies (Eimas,
P.D., and Corbit, J.D. 1973) found that people (even 2 to 3
month old infants) have a 30 millisccond voiced onset time
detector. This detector allows use {u distinguish between
the voiced phoneme "ba" and the unveiced phoneme "pa" with a
predictable threshold. This surpriciug data indicates that
people have a 30 millisecond veoicted onset detector, which
they use to classify "ba—-pa" soundec. A sound with a voice
onset time of less tham 30 milliseconds is consistantly
heard as ba! Likewise such sounds wiith a longer voice onset
time are interpreted as "pa". In these ways sensory infor-
mation is seen to be quickly converlied and manipulated 1in

terms of feature based representationes in organisms.

A body of experiments aimed &t learning about how peo-
ple encode spatial knowledge has vevolved around city street
maps and directions (Kuipers., B. 1978). Such experiments
have found that people encode spstial knowledge in terms of
features such as "landmarks", "nodes", “paths", "edges" and
"districts" (Lynch, 1960). People make mistakes about dis-
tances and distort actual positions, but do not distort the
structure of the two-dimensional relationships between land-

marks.
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Based on his experiments with ¢(ognitive map formation,
Kuipers describes (Kuipers, B. J7/8) a model for spatial
knowledge representation based un networks containing
routes, topological structure, rTeletive position, and region
gegmentation. The TDUR model is & program in LISP which has
a current position pointer and utee built—-in inference rules
to manipulate knowledge representied in its internal language

(Kuipers, B. 1978).

Whether a recreation of the ceviesian coordinate rela-
tionships between spatial entitics, or explicit feature en-
coding of data, knowledge models have internal representa-
tions. Many people have advanted the idea of human memory
being feature based on a plausibjility argument (Katz, J.J..,
and Fodor, J.A. 1963, Millev, €. A. 1972, Osgood, C.E.
1952 et al.) The Pandemonium modc¢l (Gelfridge, 0.6 1959}
is an early demonstration of & model idea which encoded
knowledge into features. This pandemonium model has a basis
set of "demons” into which it encodes stimuli. It has
another set of cognitive "demons® which it classifies the

encoded stimuli into.

Utilizing observations of the cver constant redundancy
in data, compact internal repreccntations can be designed
which are sensitive to critical fectures and are somewhat

insensitive to noisy data (Mava, D, 1970). An internal
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model can also make it easier for & model to search its so-

lution space (Nilsson, N.J. 1971).

A spatial data representation dubbed the "two and one
halF dimension sketch" (Marr, N. 1978) is such a madel
(Fig. 17). In his representatiun, Marr presents images as
contrast lines which encode width of light level gradients
and magnitude of light level gradiente. The representation
has a pleasing resemblance to dile vepresentation which in-
tracellular recording in cats suggest. It is also an excel-
lent example of reduction of redundancy in data to signifi-
cant, noise tolerant features. 1heee edge features hold all
picture data. In a related &article, it is shown that by
using O edge filter feature detectors, all spatial informa-
tion can be encoded (Marr, D., ililderith, E. 1979) (Fig.
18). This description of a stroke basced spatial encoding is
a recurring theme. The idea of & «yctem which discovers its
basis line or stroke alphabet is much more powerful than a
system which has a preset alphabet for spatial encoding.
Another such system for edge encoded cpatial representations

is described in a recent model (Chien, C. 1280).

The above models are described in terms of high 1level
semantics. These systems are 1ikcec production systems in
which actions are prescribed for given inputs. Bringing

concepts of internal feature encoded memory representation
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down to neural implementation is uliimately useful. One re-
cent description of pattern discrimination (Faster, D. H.
1?80) describes spatial features ond spatial representations
in terms of probability distvibuiions. The language in
which we describe models may be exceedingly important as we
search for insights into the workings of the brain and how

to model it.

Maclaren’s dissertation (Maclaven. L.S. 1979) attempts
a serious approach to brain theory using production system
terminology. From a simple layered neural model mentioned
briefly above, he develops a production system based model.
Such attempts to bridge the terminolngy and technologies of
Artificial Intelligence, and Brain theory and Cognitive Psy-
chology are the fulcrums for compering ideas from these dif-

ferent disciplines.

It is an exciting prospect to consider constructing a
system which will have the ability to use the knowledge it
acquires in a flexible manner; forming new schemata based

on cluster analysis to capture underlying relationships.

Such systems with bootstrapping have received a lot of
interest. In describing such sysiems with so-called unsu-
pervised learning, Soloway states thet he believes uniform

and flexible data representation is critical to such an ap-
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proach (Soloway, E. M., Riseman, .M. 1977).

Now that we have reviewed the velevant memory modeling
literature, the remainder of thic paper develops an organism
memoTy model: Paired Associative Memory (PAM). For a model
to attempt to describe organism memory, it should be tran-
slatable into a neural implementation, and should take
into account data from the scientlific investigations in Psy-
chology, Biology and Artificial Iutelligence. It should
then be able to model developed organism behavior as Al does
using gqoals, hierarchies: clusters @eud Piagetian 1learning
theory. As well, it should be an ablaetion tolerant neurally
implementable theory. The model mu«t allow similarly relat-
ed memories to elicit each othey, and be able to retrieve

memoTy in features.

Its internal model should be designed to speak to is-
sues of learning and recall as wcll being plausibly tran-—-
slatable into the brain‘s anatomy. As well, the memory
model must be able to build upon itself to encode new
things. Some believe that a uniform internal representation
gives maximum flexibility. The language in which the model
is formulated should allow it to be compared with other mo-
dels. The following 1is the development of a simple model
which grew from the background described above and two con-

straining assumptions.
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PAM (Paired Associative Memory): Design Constraints

The following restrictions are imposed on our modeling
effort simplified and directed it. Even the simplest living
things make binary associations such as associating 1light
with the direction to go. If all that a basic unit needs to
do is associate two things with a variable strength, it can
be modeled‘ with almost any simple sgstem. Such a unit is
the building block of PAM. Fig. 19 proposes wheels, pipes
and water, wires and stylized neurons as such units .
However, we do not advocate the process of simply connecting
up modeled neurons as though they were elements in electri-
cal circuits (Daniels, J.D. 1978 et al). Connectionistic
approches 1like theée can easily lead to models with local-
ized electronic circuit-like characteristics. Exclusive of
some new wultra-radical experiments with self fixing Large
Scale Integration (LSI) circuits (Brinton, J.B. 1979), peo-
ple design electronic circuits to achieve the most signal
processing with the fewest connections. In circuits de-
signed with this philosophy, each connection is critical.
Although complex things can be constructed in this way, it
does not produce distributed or redundant self fixing circu-
its. To model organism memory, we believe that it is impor-
tant to construct parallel probabilistically connected cir-

cuit.
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Imagine that a stimulus patiernm such as the visual sen-
'sorg }impressiuh caused by Marr‘s teddy bear (?ig. 20) can
elicit an internal memory of soho.éart. To be useful, such
a representation, compact as it is, requires a context de-
fined by other visual and nonvisual information. We imagine
this information and virtual stimuli &s being represented as
patterns of cell activity on a layered network. These pat-
terns we hypothesize, correspund to the connectivities of
cells and other brain structure inputs. ~ These information
patterns associate with each other through cells which con-
nect areas of patterns. Such cells develop through Hebbian
growth. Say associations like +this can have strength
weightings and have as one of the associating elements
another association. With these rcetvictions; that of only
allowing binary, variable weight pattern associations and
the requirement of distribution of information, a network
which can simulate LTM can be constructed in which a hierar—

chy aof associations can be built (IFig. 21).

We hold that even simple unlabcled associations can en-—
code any information describable in a semantic model like
HAM, TLC, or NETL. The relationships between associated
"features", defined by labeled edues in other semantic net-—
works, are explicitly described with weight <thresholds and
other associations between fealurce in the PAM model. All

knowledge in the system (includiug how features are related)
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SYNAPSES. THESE PARALLEL FIBERS QIWWE LONG RANGE INFLUENCES.
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is proximity and weight encoded feszture associations. Some
features are described by stimulus paiterns such as the vi-
sval impression of a teddy besv, others by some internal
description of an action. Associations can also be fea-
tures. This internal net representation will be described
using a graph with weighted edges &< & bootstrapping produc—
tion system. Before we definue this related, high level
graph model more preciseig, let us discuss a distributed ar-

chitecture which we define as the neural network.
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The Neural Elements

In our "neural"” model of PAM, "neurons" are "cells"
which have dendrite trees which recieve excitation and inhi-
bition from other cells.
~When the difference between excitaiion and inhibition re-
aches a threshold for a cell, it Fires‘in a continuous train
of spikes. The threshold is affected by local and global
influences.
~A cell’s threshold increases as it fires with a rate pro-
portional to the length of its axon iree.
~This phasic nature of large cell sctivity limits total net-
work activity. For a given input level, a cell will only
fire for a specific amount of time dependent on the cell’s
threshold at the time that it begpen Firing.
~-After a cell stops firing it begins Jowering its threshold
back to what it was before it fired.

-A cell’s threshold can also be affected by global settings
which we imagine are "hormones”. Tlhese hormones can affect
specific cell types by raising o lowering their firing
threshold.

—-A cell can only send out inhibitory or excitatory spikes to

the synapses on 1its axon ¢trce. These give input to the

cells which they are connected to.

In PAM (which does not explicitly define <cells for
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input, output or interaction with control structures), we
define 3 interneuron cell types.

—Type 1 cells are small cells with & total 1length on the
order of 10 times the size of a cc)l body. They have inhi-
bitorg axons. They are used to induce lateral inhibition
between type 2 cells.

~Type 2 cells project between layere of type 1 cells. They
are excitatory and have a spread out zxon tree with many sy-
napses.

~ Type 3 cells are one hundred to one hundred thousand times
larger than type two cells. They c&n be excitatory or inhi-
bitory and project between areas of the network. Their mod-
ification is the basis for building associations. Because
of their size, these type 3 cells will tire much faster than

other cells when innervated with touic signals .
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PAM

Envision a number of layers of type 2 cells which have,
to begin with, a random conneclivity to successive layers.
ﬁs Fahlman points out, in a netwurk of such elements ,» with
only a few layers, an element «t any level can excite ele-
ments distributed anywhere in the net. Spreading activation
in the network is limited by type 1 cell lateral inhibition
on the layers. In addition, excjitetory and inhibitory type
3 cells travelling long distances iu the network will form
the network’s memory using Hebbian sunapse growth to form
associations (Fig. 22). IfF & «timulus impinges on some
pattern of type 2 cells in the network, the pattern of neu-
ronal firing will activate otheyv neurons in the network.
The neuronal firing will propagate &nd excite neurons in the
network in a pattern defined by the network’s connectivity
(Fig. 23). Some areas of the network will have high or low
activity depending on the stimulue., lateral inhibition and
network connectivity. The areas of high activity for a
stimulus are called its major loci of excitation. A stim—
vlus can be a representation of information distributed from
perceptual systems or some other structures in the brain.
We think of the intersection of patterns elicited by two
sensory stimuli, or two otherwise activated patterns as type
3 "inter—memory associations”. Tupe 3 cell synapses associ-—

ating any major loci of pattern excitation of two associated
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memory patterns is strengthened in a Hebbian way. As each
of these associations excite each other, they form memory

patterns as well as their component patterns.

Assume that this network is innervated by a set of per-
ceptual and memory structures. F[ach censory system connect-
ed to it impinges in an area of {he network. These systems
each have an output layer whose cells connect to the neurons
of the network. The output layger counects to an area of the
memory network. The output layers, we assume, have related
things close to each other. This assumption is supported by
such evidence as the mapping of the Visual Cortex in a smo-
othly changing feature space (Hubel, D.H., and Wiesel, T.N

1962).
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How the Neural Model Works

If a specific stimulus impinges on the sensory systems,
a specific pattern of excitation aug inhibition will propa-
gate in the network. Due to the proximity dependent connec-—
tions of type 2 cells and the smooth feature space represen—
tations in perceptual structures, if & similar stimulus imp—
inging on the sensory system will generate similar percep—
tual system enervation to the mewmory network. The surround
inhibition should keep loci of high excitation "small and
distinguishable" as well as differentiable from the

network ‘s response to similar stimuls.

Call the overall pattern which the network elicits for
a given stimulus, the symbolic encoding of the stimulus. To
associate two patterns together, !iebbian growth is used to

disinhibit or strengthen the tupe 3 cell connectivities

between the major loci of each pattern. When one of the two
associated patterns is innervalcd the strong pathways
between the two patterns excite ithe other. If one pattern

enervates two similar patterns, these patterns will both be
excited. In turn, through inhibition, 1loci will compete

with each other.

A stimulus of a symbolic encoded stimulus, or "source"

couvld elicit an excitation respoute of a symbolic encoding
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of a "destination" pattern. This interpattern excitation is
the basic association of PAM. If two patterns are not alre-
ady associated and both get innevvated, they will elicit in-
termediate responses from all ihe patterns which they have
been associated with in the past. Such a highly intercon-
nected set of symbolic encoded ctimuli can be thought of as
8 schema. A more complex schema wil) have type 3 cells con-
nections to simpler schemata. Inw this way the complex sche-

ma uses simple schemata as part of ite definition.

I# any of the intermediate s«tzies from one of the end
patterns matches an intermediate pattern from the other end
pattern, then that pattern will be excited by both the
source and destination patterns. Jn this indirect way, the
patterns will excite each other t{hyvough intermediate associ-
ated patterns. The intermediate pattern represents a state
which two end patterns, a source aud s destination pattern,
are both connected to build a new association. New associa-
tions can be used as primitives for building memory struc-
ture once they are defined. Given & feature A, as long as
it does not have inhibitory cell connectivity with an assao-
ciation pair’s or schema’s intevnal associations or fea-
tures, the feature A can use the asscociation pair or schema

for encoding some more complex associstion.

For a complex path in an enviranment, this neural model
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exhibits a path strength hievavchy and structure. This
structure is the intermediate node and the intermediate

node‘’s intermediate and so on (Fig. &1).

Due to the definition of type 3 cells activity depen-—
dent threshold, initial activation of associations in the
network does not persist. If global network threshold is
decreased as a search proceeds, assaciations describing more
detail and associations describing esoteric relatedness will

be activated.

This spreading activation ic the equivalent of a bre-
adth first search. The search of course is aided by the to-
pology of the memory. Similar things are proximity encoded
by the connectivity of the network. Associated things are
close to each other due to the divect connections through

the type 3 cells which the associationu developed.

Such a system in its complex «nd distributed definition
is hard to evaluate or compare to other people’s descrip-
tions of memory. A direct simulation of the memory as thus
far described would take enormous sprce in a computer. Its
distributed functioning would require tremendous effort to
evaluate for complex environmente. By nature of the model
such a simulation would be resource consumptive to use as an

information retrieval system. A non distributed definition
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of the model is much easier to evaluate. Such a definition

is used in this paper to analyse PMAM.
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The PAM Simulation Definition

- Create a basic unit; the memoiru pas’r, also called a rule.

- Each rule represents a symbol definition presented as two
symbolically represented pieces of information.
- Allow either of these items to be the mname of another

rule. In this way a rule can be the root node of a tree.

- With these as the basis of memory encoding spatial learn-—
ing, path finding through deduction and path encoding are
possible:

- Call each member of a rule, an element.

- A rule has a left hand (or souyce) element and a right
hand (or destination) element.

-~ Call a member which does not represent another rule a
terminal.

~ Sources may or may not be destinetions as well.

- Each pair defines a path in an eunvironment (for spatial
problems this path will have a spatial path correlate in the
physical world). The rule’s end points are defined to be
the 1left-most and right-most terminals represented in the
rule’s source element and destination element respectvely.
In this way the left end of the path defined for a rule is
the source of the left most leaf of the +tree specified by
the rule.

— Call the left end of the path definued for a rule, the

left-most of the rule.

— Call the terminal associated with the destination end of
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the path defined by a rule, the riabi -most of the rule.
—~ The method to get between the e¢nd points in a path defined
by a rule is simply a left to right tree traversal (where

leaf nodes specify physical inpui &ud output).

Each rule has an associated belief weight which can be
set and changed wusing closed loop reinforcement to encode
ease and value of specific paths. {01 simple memory rein-
forcement paths, beliefs are increaced when they facilitate
the construction of other rules.

- Call the owner of such a memory representation an

organism.

If an organism at some "placc¢" (come terminal element’s
manifestation in the environmenti) wants to get to "location
2" (some terminal...), the organiem uses a breadth first
search of its memory structure starting from the representa-
tions of both location 1 and location 2 in its memory. This
"spreading activation" searches fo» memory pair connections.
The search time is decreased by stoving similar and connect-
ed memories close to each other.
= (1) First the organism searches for a memory pair whose
left-most is the location i1 and whose right-most the loca-
tion 2.

- (2) If it cannot find such a rule, it searches for a path

constructed with one intermediate tevrminal. To do this, it
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searches for a pair of rules, the Pivet of which has as its
left-most location 1, and the second of which has as its
right-most, location 2, whose right-most and left-most res-—
pectively match. I# the search finds such a pair of rules,
the organism enters the pair in memory as a new rule.

- (3) If the search does not find such a rule in memory the
organism goes one stage further. Jt looks for two or three
rintermediate terminals. To do this it searches for a set of
two rules in which one has a left-most which is location 1
and the other has a right-most which is location 2 and ap-
plies case 2 to their right-most &nd Jeft-most respectively.
~— To be considered in the above &luovithm each rule must

have a belief weight above a threshold.

The names of the two rules which make up this position
destination sequence are put in {hec Jist of rules as a posi-
tion destination pair. In this way a path can be disco-
vered, traversed and marked with one, two or three
intermediate pairs.

This new rule can be vused at a leter time to solve more com-—

plex goal oriented tasks.

Any time that a path not yeil eunwcoded is traversed, the
new path is also encoded. Ea#ch rule has a believability
weight. This weight is commensuralc with its believed use-

fulness. Internally +the system con increment weights of
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rules. This weight becomes larger as rules show themselves
useful by being reused, by being discovered at conscious
times when the organism has high attention, or being con-

nected to other important rules.

The above description prescribes a simple format. This
format is one variable strength association between two fea-
tures.l It can encode virtually any database. It alseo pro-
vides 'a mechanism allowing a format to recode any task in a

versatile extensible hierarchical form
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EXAMPLE

To illustrate the internal representation of the pair,
consider a simple organism latent learning task, with an in—

itialAknowledge base:

PAIR SYMBOLIC PAIR REPRESENTATION
rest, home 1 2,3
hoﬁe.rest 4 4,2
pond, drink 5 &7 '
field, eat 8 72,10
tree, eat 11 12,10

In the above table, the first element of each pair' is the
source and the second, the destination. To create a symbol-
ic representation. a unique number is chosen to represent
each pair. Each source and destination which is not a pair,
is a terminal. These terminals a&re also given unique "sym-
boelic names". In this example, these are numbers as well.
In this case "vrest” is represented by 2, “pond,drink® by S
etc. In this simple example such details as strength of be-
lief and proximity are peripheral and omitted.
By "exploring". the organism has found how to get from home
to field, we now get the new node:
home, field 13 3,9

If it is at home and becoming hungry it can look for

home, eat

This pair is found by following eat to find field which con-
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nected with home and is represenied in the database as:
14 3,8

This rule has as its destination supther rule. This is an

example of the very most primitive inference which the sys—
tem can make. By using rule 8 (Fiedd, eat) as the destina-
tion, an intermediate or process ctep can be represented in
the simple source destination representation. By wusing a
pair as a member of another pair, complex tasks will be en-—
coded in terms of simple tasks. ‘'his vertically organized
hierarchical structure will form concepts in the same way as
the Associatron (Nakano, K. 1972). 1he system will need an
occasional new piece of information to find paths it needs.
This new information in a learning system can be hypothe-

sized and tested or simply perceived through the senses.

In this description of PAM, rulec are made and can be

used to encode other rules. 1lhese rules can be used as a
production system to encode infovmaflion. Due to the  way
that things "“learned" at the some time are stored close to

each other and the spreading activetion of rule search;
part of a memory can retrieve & whole memory. The system
supports a feature encoded view of the Qorld with the provi-
sion for adding any amount of detail. It allows rTelative
beliefs about the relationships between things to change as

the overall importance of them increases.
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Computer Simulation

A computer program: memrep. lsp has been implemented to
demonstrate the graph version of PAM. This program displays
endpoints of paths and paths with belief weights intensity
encoded on the UMASS Grinnell (i-ig. 1). The position of

terminals on the screen is chosen to reflect their relative

positions in the list: #cando# (I-ig. 24), the system’s
list of rules. #last#* is a current location pointer,

#cando* is organized topologically tu make searches for mem-—
ories "close" to #last# easy.

~Sethere (Fig. 25a) allows a user to explicitly set #lasti.
- @Glean-rule causes a search #for & rule specified by a
source and a destination. I{ usec the algorithm already
described and adds the rules it discovers to #cando* as it
searches. New rules will be made ss necessary to find the
path. The search can include up tn 3 intermediate elements.
This number. linguistic experiments have found. is the
number of complex associations which a person can manipulate
in a sentence (Marcus, M. 197%). J# the program user de-—
sires, the program will display thie search in color raster
graphics as it proceeds. The search is a breadth first
search from #last#® and from the c¢lement traveled to.

—~Threshold allows a user to change system threshold.

Search time is somewhat independent of how many ele-—
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ments are in the universe of terminasls #world* (the list of
terminals) and #cando#, because rules are stored close to
Tules which beget them. This teude to make rules which are
associated in interesting ways be cluse to each other. The
search proceeds starting with vules with #last# in them to
simulate spreading activation to improve the search space.

— By using the function Travel with & known element, the
system will look for a path to that element wusing
Solve—-for—-rule.

— By using the function Travel with & new terminal, the sys-—
tem assumes that sensed data is being added, or a hypothesis
is being formed, and places the tecyminal within a proba-
bilistic distance of #lasti.

— 8tart (Fig. 26b) allows a userv to bring in a memory file,
to display or not display on {he ¢rinnell, and to display
the memory’s state as viewed from 000,000 at a magnification
of 1.

- Viewpoint (Fig. @27a) can be used to change the portion of
#world# and #cando# which may be viewed through the Grin-
nell. The program allows a user {0 A) specify a terminal
element or absolute x,y location &#s the focal point of the
viewport. and to B) specify magnifications for both x and gy
dimensions for presentation.

~ Fromhere displays all paths includiug #last#. It displays
a description of what the system knows near #last#.

- Make—-cando (Fig. 24) allows a uscr to explicitly create
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Tules. Such information correspounds to simultaneous and/or
important coincident events which &n organism learns by ex-
perience.

- Make—world (Fig. 25b) allows & ucer to explicitly create
terminals.

-~ Draw—cando displays all paths in {he present window (Grin-
nell screen).

- Draw-world displays all termina:le in the present window.

As a memory system is built, it is stored on disk in a
file: the ‘“environment file". Xspregad and Yspread define
how newly perceived objects (repreecnted by terminals) will
be placed on the screen with respcct to other objects. This
will affect the topology of the memoury. For a large envi-
ronment file using Viewpoint to 72oem in and out on the memo-
ry structure and pan around, it will be necessary to see the
memory structure. The hierarchictal nature of path organiza-
tion is not shown on the display. A natural schema organi-
zation develops due to topologica)l placement of rules in
#cando¥*. This structure is a majoy fFeature of the Grinnell

display. The program listing is Appendix A.
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Experiﬁents

Several experimental enviropments have been constructed
using "the pragram for PAM. Two exemplary demonstrations
were chosen for this paper. A simple maze environment is
used to show how the program simulation of the model can
respond in latent learning situations (Fig. 28 and Fig.
29). A small database (Fig. 32) about this paper is the
second demonstration. It is used to show how data retrieval

occurs in PAM.

Some early experiments with rats developed simple maze
problems which test insight or reasoning (Fig. 31)(Tolman,
E.C. and Honzik, C.H. 1930). 1Initially., rats were allowed
to become familiar with all portions of Tolman and Honzik’s
maze. Three possible routes between the Start—-Box and the
Goal-Box were diséovered by ¢the rats: 1. Startof-A
Restof-A, 2. Detour-B Restof-A, and 3. Route-C. The rats
preferred ¢the routes in inverse order of increasing path
length (they prefered 1 better than 2 better than 3). A
block was inserted making Restof—A impassible. The rats
could have ve—-explored their possible paths or used an
internal map and reasoning to gain insight as to how to get
to the goal-box. In this demonstration of so—-called latent
learning, the rats used their understanding of the maze to

solve the problem. The rats knew ¢that Detour-B would be
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blocked and took Route~C even though Detour-B was closer.

Tolman and Honzik’s maze (Fig. 31) was constructed in
PAM using the simulétion pfogfam (Fig. 28). The topology
which the computer simulation created is probabilistic. The
features (Start-Box, Startof-A, etc.) are entered as the
maze is explored; the program places them close to the as-
sociated features. The brightness of a specific connection
is encoded in the brightness of the vector which represents
it. The Route—A is travelled more often and has been encod-
ed as 3 times the strength of Route—C connections. When the
system trys to travel between Start-Box and Goal-Box, it
chooses Route—A (Fig. 29). When this is done the system
encaodes a new feature "Startof—-ARestof-A" and another one,
“startof—-AGoal-Box" to describe this path. This new high
level feature, describes the low level description of how to
perform the task. When Restof-A is blocked (Fig. 30) the
travel command chooses Route-C. In this demonstration PAM

performs exactly as other models of latent learning.

I# some old information is discovered to be false while
attempting to perform a task using it, PAM will either have
to find another piece of information to base the task on or
eliminate ¢the validity of the task. In the above example
the Startof—ARestof-A feature got invalidated by one of its

basis, Restof-A being blocked.
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The second demonstration that we shall describe is a
sample database (Fig. 5 and Fig. &). For cosmetic reasons

the database was entered explicitly defining where things

were to be placed. These placements are not very different
than what the computer would have chiosen itself. The pic-
ture on the cover of this paper ([ig. 1) is a figure made

by the simulator as it encoded new features to describe the
association between Ted and PAM. Using spreading activation
(a breadth first search), the simulator found Master-Degree
associated with Ted and PAM @csociated with Project with
enough strength to justify buildine & new association for
TedMaster—Degree. To do this, I’AM first encodes the source
feature TedMaster—-Degree which i« then associated with PAM.
The new association of PAM and led is a new primitive that

can be used to build future associstions.

Figures 2, 3, 4, and 34 are ecxamples of what the simu-
lation can find as the single, ahove threshold associations
that it has for PAM, COINS, UMAGL &nd TED respectively.
Fig. 32 and Fig. 33 are include¢d to show how two or more
environments can be rtepresented in P’AM. VIEWPOINT is used
in these two figures to examine {he environment. These fig-
ures show how using the functions GEIIIERE, and FROMHERE a
user can fly around a database searching for related things.
To see what is in the database one con wuse VIEWPOINT and

DRAW-WORLD as in Figs. &, 28, 37, 0 . All associations in
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the database are shown in figure & using DRAW-CANDO.

This database demonstration shows how PAM could be used
to enter and retrieve data. Using I’AM as a high level tool
one can store and retrieve dats Ffrum multiple knowledge
sources in seperate schemata (Fig. 32 and Fig. 33). In
such a representation serial associations and hierarchies of
associations structure the data. Jf primitive features are
to encode real world defined thiuge theq can drive Input

and/or Output routines.
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Limitations and future Work

‘Two major tests which PAM has not been given are:
Closed loop reinforcement in an environment and implementing

8 simulation of the distributed definition of PAM.

Threshold for accepting associations, and rules for how
much to change an associatiou’s believability when tra-
velled, could be controlled adaptively. As the organism’s
memory search gets stuck in an unknown situation it should
lower its threshold. Its threshold should also be changed
depending by what the are reasons for searching the memorty.
For example the reasons for searchiug memory change as an
organism’s behaviorial mode chaugcs &rom fight to flight to
sleep etc.. These mode changes wi)) of course be affected
by many different influences. Such diverse structures as
the primitive Reticular Formation aud the brain’s most re-
cent acquisition, the Cerebral (oviex, have dramatic affect
on aspects of interest, attention, focus and other influ-
ences on memory and retrieval sbilities. For this reason
these many structures influence tloced loop organism learn—

ing.

However: even without adding other structures to PAM,
it can encode sny algorithmic decicion process for strategy

control. Using external sensory feedback heuristics could
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be encoded as algorithms which are controlled by the envi-
ronment. Simulations of the adaptive strategies which con-
trol some of the closed loop learning would be useful. Such
adaptive elements as ASN (Barto, A., lutton, R., and Brower,
P. 1980) could be used to contol memory threshold for

learning and retrieval.

For this to be useful, a harduwesre interface to an envi-
ronment or a simulated world-like environment which can give

feedback are required.

A simulation of the neural nctwork with external con-—
trol of acceptance threshold, learuing constant, and lateral
inhibition level would be an extremely interesting testbed

for the model.
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Conclusiun

The model described in this peper, PAM, has two impor-—
tant points to share. 1. Semantic networks do not need la-
beled edges. A simplified semaniic uetwork representation
using the bare minimum of committcd definitions can encode
what classical semantic networks stouwve. Such a scheme +fits
perceptual data better than previous alternatives described
in the net formalism. Unlike many other systems, the net-
work definition does not need to he modified to encode new

knowledge.

2. A relationship between high level (semantic network
and production system) definitions &nd low level (or neural)
descriptions, is both possible aud surprisingly easy. By
recoding the language of a model, pcople from different dis-

tiplines can evaluate and share {heivr ideas.

Just as two states encode «uy mnumber in  the binary
number system» the combination of simple associations

between two things can encode any &wvtociation.

Any knowledge can be encoded in PAM. Far example:
simple decision making can be encoded in hierarchy and se-—
quences of rules; weighting can be ucsed to encode alterna-

tive solutions. heuristics can be encoded using the same
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technique.

PAM structures memory: encodiug similar things close
to each other. Similarity, is detincd by time proximity of
when things were learned. Similasvity is increased between
things as they get used together. This topological memory

building decreases search time for "usual® situations.
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(setq #lower—lock t¢)
(defun start ()
(COMMENT 333353 33303045 35 348 303038 30040303535 35 353535 36 30 3680363 1636 36 36 36 363636 3535 3535 35 36 46 3646 56 646 3466 36468 3036

* this program implements the memory reprecsentation formalism put #
# forward in memrep. doc. *
# all objects in the models universe ave in #world#, #*
# all infrmation has about thier interdependancies in *cando. #

# these two lists live in learnks. lsp and are updated by the program #)
(COMMENT 30363046 363038 6 36 36 35 3638 3536 3646 38 46 3035 3636 S 46 3596 3536 35 2635 36 26 46 36 2636264626 26 36 3635 36 96 36 16 36 304686 3636

# this is the initialization of the progrem; it must be called #*

# at the beggining of each session. ¥
I B I I SAESTESIE SEE30 S 46 SIS I IE ST I 00036 40 3636336 648 3596 353636 6 9 396 35 63604 )
(prog ()

(print “do you want graphics?")
(setq grin (read))
(cond (grin(gr_initialize O nil ))
(t (gr_initialize 1 "dmal:[temp. anwe sl junk. dat")))

(print “environment file?: ")
(setq iofile (read))

(print "store results t/nil")
(setq #store (read))

(cond ((not iofile) (setq iofile ’blank.lsp)))
(gr_configd444)
(gr_add_back)

(comment ##*initialize global variableswxit)
(load-file iofile)

(comment ##variables for placing new terminalsi)
(setq land and)
(setq lor or)
(setq #xspread 100)
(setq *hlfxspread (quotient #xspread 2))
(setq #yspread 100)
(setq #hlfyspread (quotient #yspread 2))

(comment #importance pairs need to be noted in search)
(setq #thresh O thresh 0)

(comment ##viewport parametersis)
(setq #xzoom 1)
(setq #yzoom 1)
(setq #xoffset 0)
(setq #yoffset O)
(setq trackflg ¢) (comment track entered things as #last)

(comment ##loop to set up random number generater)
(setq rnd #randcount)
setrand (random #yspread)

(setq rnd (subl vnd))

(cond ((greaterp vnd O0)(go setrand)))

(cond ((not(find #*last *cando*))(moke—searchlist *cando¥*))
(t (pp #*cando)
(print "input desired *last From above list")
(setq #last (read))))
{(draw—world)
(gr_text 230 20 #last 01 1 O O QO 25%5)
(typefunc ’‘start)
(help)))



(defun help ()
(COMMENHt 33#1F3635 363436302636 3 304030 3036 3030303836 36 3030 3030330 H4630 3 3630 309030300 S0 300 3030 330 SR R S B b B e

# this function prints user available function names *
04836 86 4646 46 36 636 46 38 36 35 3636 36 3636 36 36 46 34636 6 3646 36 3536 6 353696 3026 6363036 336 30 0636 30 A0 IO H R A )

(typefunc ‘help)
(print "you have the following functiouns at your disposal:" )
(terpri)
(print “(crsr-world): lets user build on #*world#")
(print “(draw-cando): draws arcs on the umass grinnel")
(print “"(draw-world): draws all objects in the world")
(print “(find-rule si s2): nil if not in s#cando*")
(print “(fromhere): shows connections from/to #last")
(print “"(sethere): lets you set here®)
(print “(help): prints lJist of options")
(print "(make—cando): lets user build on the #cando#™)
(print "(make-world): lets user build on the world™)
(print "(glean—-rule sl s2): makes vrules from ones in #¥cando*")
(print "(start): start up system and show all")
(print "(threshold n) sets the system threshold to n")
(print "(travel state): tryc Lo get to state ")
(print "(viewpoint): leis uscer change view")nil)



[defun ablate (action conseq)
(Comment 336303463036 30 303038 38 303036 36 36 36 36 36 33536 35 3036 3035 26 36 2646 36 3535 36 204030 2046 6 2603636 3635 36 46 35 36 35 30 30 30 20 S 2 0 35

# this routine allows a user to get rid of rules #*
B3 SE 30 0303 36 36 3303836 3 3630 36 3636 36 3630 4046 I 640 26 3 302030 646 T HI636 3636 F0 3630 36 2008 36 363635 3636 JE I 36 0 2 26 3 36 36 35 3638 )

(cond ((setq rule (find-rule action conseq))
(remove—element trule #cando¥*)]

(defun draw—-cando ()
{(comment 3634348330363 36 3633630 3 36 30 36 35 36 3538 35 36 3 36 335 2 36 36 36 3536 35 3 36 30 35 35 35 36 3036 28 36 6 2 2 36 364636 336 30 36

# this function draws lines between all) abjects in the world which#

# are connected (umass grinnell), color encodes importance #*
Fe30 3033 SE 3 3838 343 3030 33030 3 2030 303036 30 4838 3 36 36 3 3636 636 38 38 36 38 3 3606 36 3536 36 36 3635 3696 3 303636 35 36 96 6 36 36 2 T 09038 )

(typefunc ‘cando)
(mapc #cando#
‘{lambda (thing)
(set (car thing) (car thing))
(dracando thing)
)

(defun draw—world ()
{comment 3e3t363635 303836303636 3636 2096 3536 3 26 96 36 36 36 46 36 36 3036 36 6 9846 36 16456 36 36 2696 36 26 36 36 3 3626 2 6 36 30 6 2 I 44 46 30 3635

# this function puts all names of things in the world at their ¥*
# possition on the umass grinnell, intensity encodes connectivity#
B30 304636 338 38 3538 38 38 2036 338 36 338 35 38 3 30 3030 30 063636 30 S 263603696 36 2036 3 3638 36 303636 3636 3 363638 38 36 3 B B34 3636336363536 )

(gr_clear)
(GR_RECT O O 511 511 255 255 255)
(drawstats)

(typefunc ‘draw~world)

(mapc #worldi#

‘(lambda (thing)
(set (car thing) (car thing))

(drawrld (car thing))
)))

(defun find-rule (statel state2)
(comment 3330303636363 33535 36 46 36 36 36 3 30 3036 36 30 36 35 30 3636 3036 36 3536 36 3535 36 3 36 20 36 36 36 3 3636 45 36 36 36 36 36 26 36 36 3636 34 3436

# this function simply checks to see if & c<tate pair is in #cando#* #
46 33036 36 36 34 36 3046 36 38 38 38 3646 T2 46 6 3648 36 3638 3638 33046 26 30 3638 313040 6 230 32030 TS0 26 303630 30 3636 3 3536 33036 30 2 000 S 26 38 )

(setq itt nil)
{mapc #cando#

‘(lambda (sd)
(cond({land (eq (left—most sd) statel)

(eq (right—-most sd) statel)
(greaterp (ival sd) #thresh))
(setq itt sd) (dracando sd))

3))itt)



(defun make—world ()
(commMEent #3635 33540303025 36 2036 36 3630 30 36 303036 35 36 36 30320 30 30 2036030 3530 30 33030 330 40 353030 3638 30 30 3030303030 3036 3¢

* this function alows you to enlarge the *world#¥ data base *
# this data base is in the form (thingl(x y))(thing2(x y)...) ¥*
# it prompts user for successive entries. il exits om entry = nil#®
46 36 36 28 36 36 40 2630 1635 3636 3 326 30 200 26 303636 36 36 36 2046 96 36 36 3 36 3636 38 38 38 3636 3006 36 3632 3036 30 30363 303 3633636 3430638 )
(typefunc ’‘make—world)

(prog (it)

(pprint *world#*) .

(print "if you want rules made enter v")

(setq r (read))

(print "if you have any additions; type them in with format")

- (print “(thing (x y)z) where z is current # connections")

(print "otherwise type nil")

(comment ##do while new entries#i#)

rdworld (setq it (read))
(cond (it( setq #*world# (append *world® (list it)))
(cond (r{plod #*last (car it))(setq #*last (car it))))

(storenviron)

(gr_text (x-val it)(y-val it) (car it) 01 1 O

(difference 255 (ival objeci)) (difference 255 (ival it)) 255)
{(gr_+1lush)

(go rdworld)))))

Cdefun make—cando ()
(Ccammend 6363063036366 3620 3 3636 36 30 3635 35 35 3635 30 36 35 30 336 30 36 3 3636 34 3036 30 30 36 36 36 35 36 36 35 36 36 36 30 35 36 30 3 34 36 30 3638 3¢

* this function allows you to enlarge the #cando¥# knowlege ¥*
# let your system explore: the data base is the form: ¥*
# (cando (label (statel state2))) *

# it prompts user for successive entries. newrle exnewrles on entry = nil#
2635 3638 34036 3340306 20 3548 26 364838 36 3536 36 36 36 I 36 6 36 363 36 36 36 35 338 36 335 36 35 45 36 36 36 3 36 36 3 38 3538 330 30 3038 $H 30 303038 )
(typefunc ‘make—cando)

(prag ()

(pprint *cando¥#*)

(print "if you have any additions to #cando#; put in form: ")

(print "(label (statel state2) z) whevre 2 is importance®)

(print "type nil when done with entries")

(comment #4 do while new entriesi#)

rdcando (setq newrle (read))

(cond
({not (find (print (left-most newrle)) Hworldsk#))
(print "not in #world#*: place?nil/y")

(comment ###¥make new thing in worldi#xik)

(cond ((read)(plant (left—-most newvrle)))
(t(go rdcando))))

(t(cond((not (find (print (right—-most newrle)) #*world#))
(print "not in *world#*: place? uil/y")
(cond ((read)(plant(right-mosi newrle)))

(t(go rdcandol)))))

(cond (newrle( addtocando neuwrle)
(setq #last (right—most neunle))
(go rdcando)]



{defun crsr-world ()
(COMMENT 3360304003048 3030 36 303030309036 36 3 3030 2040 S0 303 2030 36 203635 236 30246 36 36 96 3 204636 36 35 36 36 6 3 88 2020 6 3835

* this function alows you to enlarge the *world# data base ¥*
¥ this data base is in the form (thingl‘x yl¥{thing2(x y)...) #
# it uses the crsr to get inputs. It exits on entry = nil 3*

H 3303030 S0 3030 302 30 SRR I 40 3030 SE SR S 30 30 S 30 IR 20 S0 0 2SR S IS 30 6 30 I I 1030 IS0 0 3 36 6 3 0 S0 B 4 R H 2 )

(typefunc ‘crsr—world)
(prog (it)
(pprint #worlds#)
(print "if you want rules made enter r")
(setq r (read))
(print “if you have any additions; ")

(comment ##do while new entries##)
rdworld(print “nil or new #last")
(cond ((setq dummy (read)) (setq #*last dummy)))
(print “nil or new thing")
(setq it (read))
(cond (it( setq #world#* (append #woxrld® (list(setq it(list it
(gr_crsr_tread_wt 1)0)))))
(gr_text (x-val it)(y-val it) (car it) 01 1 0O

(difference 255 (ival objeci)) (difference 255 (ival it)) 255)

{gr_+f1lush)
(cond (r(plod #last (car it))))

(go rdworld)))))

Ldefun viewpoint ()
(COMMENT 263336353303 30383030 3 30 33636 330303030 36 330360 3 306 36 3036 36 3936 36 2635 30 2030 303630 3638 3 34303636 345 38 36 36 3 8636 3¢

#* this function allows a user to center the grinell viewport about #

#* an obgject 3
363030203040 3030 3 2030 30 3090 303030 0 3030 3 030 303630 30 3030 303630 35 I3 36 I3 I 209636 1536 335 230 30 30 S 2035 45 35 35 6 SE S IS 235 )

(typefunc ‘viewpoint)
{(print "present x land y mult factrrs =")
(print #xzoom )(print #yzoom)
(print "input an x multiply factor 1 - HO")
(setq #xzoom (read))
(print "input a y multiply facter 1 -~ S0O")
(setq #yzoom (read))
(pp H*worldsw)
(print "input an object in world which you want as refrence")
(cond ((not(setq it (find (read) #world#)))
(print “"input xoffset")
(setq #xoffset (read))
(print "input yoffset")
(setq #yoffset (read)))
(t(setq #xoffset (plus (minus (x-val it)) (quotient 128 #*xzoom)))
(setq *yoffset (plus (minus (y-val it))(quotient 128 #yzoom)l



Ldefun remove—ival (action conseq)
(COomMent E3t36436 3363536 36 3 3626 26 364646 35 36 36 36 36 36 34 2636 36 3648 3 2020 303030 0 303030 4636 0303030 30 46 303030 30 30 S0 3030 330
# this function allows a user to temporarily remove a rule’s ival #*
363635 3636 35 3636 3 36 36 35 36 45 36 36 36 35 35 36 36 35 3036 36 30 I 203036 3436 6636 66 3 359 30 036 3303030 2030 36 3030 30 0 030303030 3 0 S 303038 )
(typefunc ‘remove-ival)
(cond ((setq rule (find-rule action conseq))

(nconc (list (car rule)) (list (cadr rule)) ‘(0) (cddr rulel)ld

[defun restore—ival (action conseq)
(COMMENt E33030 461636 3636 36 3 254046 25 36 3635 3636 3636 3036 36 346 36 4 3636 30 3036 30 36 3630 330 33090 38 38 36 36 2 3030 330 02036
# this function allows a user to restore & rules ival *
353636 236 36 2 36 36 3 3636 36 36 36 96 6 36 3636 36 36 36 336 36 36 36 36 36 4636 6 36 34 303636 3 353636 3030 36 3636 3635 36 3 6 335 3636 S 30 6303030383 )
(typefunc ‘restore-ival)
(cond ((setq Tule (find-rule action conseq))

(remove—element O rulel

CLdefun fromhere ()

(ComMMEnt #3333 30430 383836 35 26 363536036 38 38 46 38 3036 38 30 3036 3036 30 363030 3036 35 38 35 38 30 35 36 36 3036 36 38 36 36 6 6 3036 3 363636
# this function shows what connecttions ave possible from #last
330383630 30 036 3538 36 3E 36 36 35 35 36 36 3636 36 3636 30 35 36 35 2363 30 36 36303303038 30 3636 30 3036 3030 0020 3 0 30 3036 30 36 3 336 3 4030 )

(GR_RECT O O S11 511 255 2595 25%)
(drawstats)

(typefunc ’'fromhere)

(gr_+Fflush)

(mapc #searchlist

‘(lambda (qhere)
(cond ((lor (eq (left—most qhere) 3*last)

(eq (right—most gqhere) *last))
(drawrld (left—-most gqheve))
(drawrld (right—-most gqhere))
(dracando ghere)l

(defun travel (spot)
(COMMENT 3636338383366 36 3636 3 26363636 236036 302036 306363636 36 36 363630 36 36 46 6 3630 3636 30 36 636 3636 35 363636 36 3 303830

# this macro simply calls glean-rule to try to go somewhere %*
3030 3630 35 36 36 3 3030 30 3 36 302030 352538 303528 35 38 46 30 36 36 30 38 36 31 33635 330 3403030 2030 330303 30 30 33033026 3 636 36 3333836 )
(typefunc ‘travel)

(cond ((lor (find spot #world#*)(find spot ¥cando#*))
(glean—rule #last spot)

(print "“input nil if you do not want to try to make a track")
(cond ((read)(plod #last spot)(setq #last spat))))

(t (plant spot))))



.

[defun plant (spot)

(COMMENT 3333483634630 4 36 3636356 3546 309636 3 046 364648 302695 36 303036 3596 3096 3635 2635 38 263636 2646 36 36 36 36 36 36 35 36 26 636 36 48
* this function places objects at a random place within a radius #*
# #xspread by #*yspread to #last in the #world# 3*
B3I SIS 2SI S 0B I I IIE SIES I S A0 S T IE FHIE 3 2036 3 22203 SO SO 03 B I 2 2 20 )
(typefunc ‘plant)

(setq last (find #last #world#*))

(comment ##place newly found object in #world* make a place)
(comment ##not to near either side of world)

(comment ##if to close to left edge of screen)
(cond ((greaterp #hlfxspread (setq xval (x-val last) ))
(setq xval s#hlfxspread))

(nil (comment x##else if to close to right edge))
((greaterp xval (difference 5l1 #xspread))
(setq xval (difference xval #xspread)))
(setq xval (difference xval xhlfxspread)))

(comment ##not to near top or botitom of world#s)

(comment ##if not to close to botiom of screen)

(cond ((greaterp +*hlfyspread (setq yval (y-val last)) )
(setq yval #hlfyspread))

(nil (comment *#if not to close to tap of screen))
((greaterp yval (difference D1l #yspread))
(setq yval(difference yval #yspread)))
(setq yval (difference yval #hlfyspread )))

(comment ##place it near where we arci#)

(setq #randcount (plus #randcount 2))

(addtoworld (list spot

(list (fix (plus (random #xspread) xval
(minus hlfxsprcad)))
(fix(plus (random #*yspread) yval (minus #¥hlfyspread))))
0))

(print “input nil if you do not wan- to try to make a track")
(cond ((read)(plod #last spot)(setq ®¥last spot)))]



(defun eke-rule (statel statel)

(COomMMENnt 3336304633040 3 3036 36 33635 30363030 30 30 40 303030 36 30 30363030 2038 30 3603030 3030 S 330 30030 30 A0 3
% this function is the heart of the asssociating process, it can #
# create a new pair entry in #cando®* if there is @ possible %*
# way to traverse two states using up io ane intermediate pair #
2363536 48 4 3536 3464636 2 36 6 9635 36 2646 36 2846 36 326 26 36 3530 36 36 3264636 36 3 2303 336 3636 302096 S 2203 3030 38 20 3030 S 303038 )
(typefunc ‘eke-tule)

(setq eke t)
Ccond (( not (up—ival(find-rule statel stale2)))

(comment ##look for a leftbase: a pair with the statel as its action#®)
(setq eke nil)
(mapc #searchlist

‘{lambda (leftbase)

(comment ##if action side of leftbase Fits thensk:#)
(cond ((land(eq (left-most leftbasc) ststel) (not eke)
(greaterp (ival leftbase) *thresh))
(drawrld (right—-most leftbhase))
(dracando leftbase)

{comment ##look for a rightbase with the other halfi#)
Cmapc #searchlist
‘(lambda (rightbase)
(cond [(land(eq (right-most vightbase) state2)(not eke)
(greaterp (ival rightbase) #thresh))
(drawrld (left-moect rightbase))
(dracando rightbase)

(comment ##if rule can be made thenit:)
(condL(eq(right-most leftbase)
(left—-most righibase))

(comment ##make it#xx)

(up—ival rightbasc)

(up—ival leftbase:

(setq eke t)

(addtocando (list(pack
(list (car leftbase) (car rightbase)))
(list (car leftbose) (car rightbase) )

(plus thresh 1)1

(t(undracando rightbase)
(undrawrld (left-most rightbase))l]
{cond ((not eke)
.(undracando leftbase)
(undrawrld (right-most leftbase)l
eke)



“n

(defun glean—-rule (action conseq)

(CoMMENt 63636363 30336 33036 3636 36 363636 326 36 36 3636 6 F 36 20 2636 36 36 3636 36 46 3 36 3636 26 36 30 40 3636 3046 66 20304036 036
# this function uses eke-rule to look fov vule connections ¥*
# up to a depth of 4 rules using a modified bredth first search#
336303030 3036 340 30 36 2030 3036 30 30 3636 30 36 3030 3036 34 36 30 30 336 36203036 6 30 30 22030 3036 3 363036 3036 36 S 10 3 36 630 2836 )
(GR_RECT O O 511 511 255 255 255)

(typefunc ‘glean-rule)

-{drawstats)

(drawrld action)
(drawrld conseq)
(make-searchlist s#candoi)

(comment ##*if not a simple intermediate:®)
Lcond ( (eke-rule action conseq)

(setq solve t)

(setq #last conseq))

Lt (setq solve nil)

(comment ##then look for possible secondary intermediates#i#)
(mapc #searchlist
‘(lambda (newlft)

(cond ((not solve)
(cond ((land(eq (left—-most newlft) action)

(greaterp (ival newlft) *thresh))
(drawrld (right—-most newlft))

(cond [{ not(mapc wsearchlist
‘(lambda (newrgt)
(cond ((not solve)
(cond((land(eq(right—-most newrgt)conseq)
(greaterp(ival newrgt) #thresh))
(drawrld (lcft-most newrgt))

(condC(cke-rule (right-most newlft)
(left-most newrgt))
(cke-=rule action
(left-most newrgt))
(selq #last conseq)
(cke—rule action conseq)
(seiq solve €)1
(L (undrawrld
(left—most newrgt)il
(t(undrawrld (right—-most newlftll]

solve)



(defun left—most (obgject)
(COMMEN®T 6% W36 463632663636 300303036 36 0436 3636 38 363030304836 30 263630 3696 34 30 3030 3636 3636363 330 36 0 d0 303638
#

#this macro finds the terminal which represents the start point
#*

#for a pair recursively.
3635363636 36 3636 36 36 36 3636 35 36 646 36 4636 35 963636 635 6 4630 303838 36463038 33038 43830 1036 32030300036 6 0 B0 A0 6 2003 03 )

(cond ((not (listp object)))
((not (find (caadr object) Xworldi))
(cond ({setq nxtobject (find (caadr object) s#candox))

(left—most nxtobject))))
(t(caadr object))))

(defun right-most (object)
(COMMEN®T  $HE3E353 403630 364636 36963636 3630 36 36 36 363630 36 3630 35 3648 36 3534363636 35 3636 36 36 36 36363036 36 36 36 460 30 36 36303630 30 3638

#this macro finds the terminal which represents the end point #*
*

#for a pair recursively.
3695 35 2036362 36 220 36 6 36 36 3 236 36 33 36 4636 38 3696 35 20300330 646 3 3026 30 3 23636 23 62036 96 2636 46 3030 26 30 0 B0 0 23 )

(cond ((not (listp object)))
((not (find (cadadr object) Xworld#*))
(cond ({setq nxtobject (find (cadadr object) #cando#*))

Cright-mast nxtob ject))))
(t(cadadyr object))))

(defun xdiff ( thing2 thingl)
(COMMENT 336333636 330 36 363 36 36 36 36 36 36 36 36 36 36 3 35 36 3635 363045 304648 36 3036 338 3 303030 60304546 3036 6 330 3038
3*

# this macro takes the differences of the x-val of thing2
*

# and thingl
363636 236 36 3636 W36 35 363635 35 230 336 3 30263 3630 36 36 2036 3634 363036 3036 35 36 36330 36036 303 363 2636 36 IS0 34 36 36 S 3630 1630 3636 )

(fix(difference (times #xzoom (plus (x -val thing2) #xoffset))
(times #xzoom (plus (x-—-val thingl) #xoffset)))))

(defun ydiff (thing2 thingl)
(CoMMENt 33303383403 3033403033030 303030 303080 30 1030 303030 30 0030 30 3036 30 3630 3030 SH9E 3030 3036 S0 B S 3030 06
#*

¥ this macro takes the differences of the y-val of thing2
#

# thingl
F 3364630 303035 30 302030 23038 30 36 3 1030 30 35 303096 36 346 3030 363 6 30 030020 3403530 1036 33030 30 3 20 36 36 30 3030 I 33030 30303 )

(fix(difference (times #yzoom (plus (y-val thing2) #yoffset))
(times #yzoom (plus (y—val thingl) *yoffset)))))



“

(defun x-val (object)

(comment #4463 3036 33040 3636 36 3830 36 35 35 3036 3036 30 36 36353096 36 #3636 3036 36 303036 3646 3636 36 36 36 36 36 36 1636 3636 3648
# this macro gets the value of an object in the *world# list #
B30 3E 03036 3303033 6 T A0 3 303030 3030 2 I 338 S 330363 36323 I B 163 63636 3316 SR I326 2 3 2 3 )

(caadr object))

(defun y-val (object)
(COMMENTt 3633033333303 3030 3636 3045030 300036 30 30 38 30 36 2040 3634 303036 36 3835 35 303838 2626 3033030 20 30 3 30 330 30 5 3886

* this macro gets the value of an object in the #world* list
30330 33338 3 36 36 3 36 636 30 330 36 4030 2048 36 33636 348 36 36 36 36 3690 36 353636 3036 36 36 3636 3696 36 3636 36 3636 36 3636 30303638 )

(cadadr obgject))

(defun ival (object)

(comment 3363436364030 4030363636 36 36 46 36 363636 63636 36 36 36 30 3630 J10 3036 3036 30 3636 3626 36 361036 38 3636 336 3 3636 3030 3¢
# this macro finds the value of the importance level for ¥*
# objects in the world, and metric of good or bad for pairs *
H 33 336 S0 00 BB 03636 S 3303036 336 35 36 36 36 B30 3 3 303 64636 35 635 36 3635 36 36 36 36 6 36 36 38 45 636 46 3 36363838 )

(plus (fix (times (caddr object) <(quoticnt 200 #maxival))) S50))

Cdefun up—-ival (object)
(comment 363636463630 36 3636 3836 363636 36 4636 36 36 36 36 3626 36 46 3636 3636 6 3538364636 36 46 30304696 3636 3636 96 38 36 33 36 33636 3024
# this macro increments the ival on any pair sent it #
B30 361636 32030 30 303038 36 36 33036 63030 30 303030 3038 S0 303030 3036 36303030 330 20 K630 0030 SE 3030303630 SH 26 303 36 2 G030 0303098 )
(cond Lobject
(rplaca (cddr obyect) (addl (caddr object)))
(cond ((greaterp (caddr object) #maxival)
(setq #*maxival (caddr object)))
()11

Ldefun dun—ival (object)
(COMMENt 363638363636 46 36 3535 3 36 3636 38 3636 36 303303638 646 640 3026 30 363631 1696 36 36 36 36 3636 26 3036 36 2360 36 2 36 36 4646 36 3626
3# *
* this macro decrements the ival on any pair sent it #*
33630336 303636 36 96 36 36 36 36 333 361636 301 35 363630 30 36303036 35 30326 30363 36 Ko 30 30K 36 3 36 30 30 3630 3630 6 3626 36 3630 2 636303 )
(cond Cobgject
(rplaca (cddr object) (subil (caddr obyect)))
(cond ((greaterp (caddr object) ¥moxival)
(setq #maxival (caddr object)))
(£)1)1



(defun find ( £st 1lst) '
(comment ******************************%****%********************
# this macro looks through a 1lst for an element £st as the car *
# of an element of the lst it returns that element 3
*************%*************************a************************)

(setq it nil)

(mapc lst :
‘(lambda thing

(cond ((eq fst (caar thing))
(setq it (car thing)) 3)))it)

(defun plod (here there)
(comment 36416 34 326 35646 S A A B S S I 35 S S S SR S A B
# this function puts in a connection between herve and there if#f ¥*
# the x distance is not farther than #xspread and the y distance *
# is not farther than #yspread. 3*
6363635 16 36 3635 14 36 35 3445 16 3436 36415 S04 5 313636 30 3030 H 636 SHAE 3340 BB 30033 B0 BB BRI )
(cond ((land(greaterp #xspread

(abs:i (difference (x=val (find theve xworldi#))

(x=val (find here H*world®)})))
(greaterp #yspread
(abs:i (difference (y=-val (find there Fworld#))
(y=val (find here H#world#*))))))
(addtocando (list (pack (list here therel))(list here there)
(plus thresh 1)))
(cond (trackflg (setq slast there))))))

(defun sethere ()

(comment 4633336363036 303646 36336364636 36 336303636 33636303 36 30 303030 3036 30303030 30 30 030
* This macro sets #last 3
S H A4 254636 S A H A 23 2246 6 S S 36 363 S B S 2 S BB B T3S S AE 3 )
(print #*last)

{(print "is presently where you are")

(pp #worldH)

(print “input where you want to be")

(setq #last (read))

)

(defun threshold (thresh)

{comment e dbabdb sttt 01630303030 3636 3030 3040 33636 3030 3 303030303030 H 36 40030 330 3 BT R H AR IR I R

# this function sets the system theshold to thresh W
S48 oA 26 333 S S 3 23 2 26 3 B A6 A BB AE 3036 3 S 36 A 303 SIS AW I )
(setq thresh thresh)

(setq #thresh (plus (fix (times thresh (quotient 200 #maxivall)) 00)))




Ldefun dracando (abject)

(comment 3433434403030 303030303030 2036 303045 38 3030 303030 36 36 30 36 3636 30 9636 36 2 2 36 3036 3 36 36 30 36 36 36 36 I 20 H 302036 36
# this macro simply draws the cando vector for object *
33630360 33 SH 360040 SE 3030 636 303 3630 02636 36 363636 3636 34 30 3 3 3036 36 462036 3046 36 66 36 2 2636 36 36 36 3 2 H 6 26 33 34 2638 )
(setq objectl (find (left—-most object) *worlds#))

(setq object2 (find (right—-most object) *world#))

(cond ((clip abject2)
(cond ((clip objectl)

(gr_vect zoomedx zoomedy
(setq dx(xdiff object2 objectl))
(setq dy({ydiff object2 objecti))
(difference 255 (ival object)) 220 (diflerence 255 (ival object)))

(comment rotate and scale edge to make arvow head tan point angle =.7)

(setq pntsize (quotient B(plus (abs:i dx) (abs:i dy’)))
(setq xleg (plus 1 (fix (times pntsize (difference (times (minus dy) .7)
(minus dx))))))
(setq yleg (plus 1 (fix (times pntsize (difference (times dx .7)
(minus dy)l))))))
(gr_vect_clip (plus zoomedx dx)(plus zoomedy dy)(minus xleg){minus yleg)
(difference 255 (ival object)) 220 (djfference 255 (ival obgject)))
(setq xleg (plus 1 (fix (times pntsize (difference (times dy .7)
(minus dx))))))
(setq yleg (plus 1 (fix (times pntsize (difFerence (times (minus dx) .7)
(minus dy))))))
(gr_vect_clip(plus zoomedx dx){(plus zoomedy dy){(minus xleg)(minus yleg)
(difference 250 (ival object)) 220 (difference 255 (ival object)))
(gr_f1lush))]

CLdefun undracando (object)
(comment #3%3e3636336 36363638 30 3636 30 238 30 3630 36 3036 30 34 36 363630 36363038 3536 36 33038 3636 36 36 36 36 36 36 36 696 30 48 45 36 4 36 S 38 45 3¢
# this macro erases a line representing s member of #cando#* *
320 330 33030302 30 4020 30 303030 1003836 30 30 3035 336 3 6 2 26 S0 30 203036 3596 36 336 30 3630 36 3036 30 38 3 F 236 336 H W 2 3 36303 )
(setq objectl (find (left—most object) *worldx))
(setq object2 (find (right-most object) *world#))
(cond ((clip object2)

(cond ((clip objectl)

(gr_vect zoomedx zoomedy (setq dx(xdiff object2 objectl))
(setq dy(ydiff objectl objecti)) 255 25L 255)

(setq pntsize (quotient 8B(plus (abs:i dx) (abs:i dy)) )
(setq xleg (plus 1 (fix (times pntsize (difFfference (times (minus dy) .7)
(minus dx))))))
(setq yleg (plus 1 (fix (times pntsize (difference (times dx .7)
(minus dyl))))))
’ (gr_vect_clip (plus zoomedx dx) (plus 2o0cumedy dy) xleg yleg
255 2955 2595)

v (setq xleg (plus 1 (fix (times pntsize (difference (times dy .7)
(minus dx})))))
(setq yleg (plus 1 (fix (times pntsize (difference (times (minus dx) .7)
(minus dy))))))
(gr_vect_clip (plus zoomedx dx){(plus zoomedy dy) (minus xleg)(minus yleg)
205 #55 255)
(gr_*f1lush))]




Ldefun drawrld (object)

(COMMENnt #3346 343330 3636 36 36 36 64636 303636 363648 340 3696 36 36 3 336 38 3536 36 3636 36 363 304 3036 3646 36 3636 30 3036303036 303
# this macro simply draws a single thing in the world after find-— #
# ing it in #world# *
5363636 3 3646 36 6 36 36 364636 4036 326 3 230333030 33 30302030 300 I A0 626 2020366 96 36 S22 303630 B I0 036 0 B0 I036 36303 )
(setq object (find object #worlds#))

(cond((clip object)

(gr_text zoomedxz zoomedy{car objyect) 0 1 1 O

(difference 255 (ival object)) (difference 255 (ival obgject)) 25
(gr_f1lush))l

[defun undrawrld (object)
(COMMENT 3636363636 3435 3536 36 36 30 3638 35 3 3 303636 363635 36 36 36363636 30 203636 3636 338 36 6 3038 30 26 36 3636 36 36 36 36 30 30 303030 38
# this macro rTemoves a drawn object in #world# from the grinnell
3363036 30 3030 30 3646 336 36 34 3636 36 36 3 3 3036 330 336 3036 36 363630 303 3 W30 30 2020036 3 3030 333096 3363630 30 35 3036 35 36 30 33040 3038 )
(cond ((setq object (find object *world#))

(cond{((clip object)

(gr_text (x-val object)(y-val object)(car object) O 1 1 O
255 255 255)
(gr_f1lush)))) 1

Cdefun clip (thing)

(COMMENTt  #34353640 363636 36 36 36 3636 3 33636 J6 36303038 38 3636 36 463636 36 36 3636 3636 36 3636 3636 36 363636 35 36 36 36 36 3696 336 303038 3¢
# this function returns t if object is within O =511 in x and y *
FH3F 3636 3E30 46 3 35 363535 35 3630303030 3 3036 1 303035 3046 20 303030 22030 30 030 30 1040 13330 36 330 30 3036 363090 3 6630 3003030 3038 )

(cond ((greaterp 511 (setq zoomedx (fix(times *xzo00m
(plus (x=val thing) *xoffset)))) 0O)
(cond ((greaterp 511 (setq zoomedu (fix(times #*yzoom
(plus (y-val Lhing) *yoffset)))) 0)1

Ldefun make—-searchlist (srclist)
(comment #3#3t343630430 3033036304636 36 38 36 36 36 30 36 36 30 36 36 36 36 36 36 3536 363536 36 38 38 30 36 36 36 36 3036 38 36 36 30 36 36 363636 30 30 33090 30 3¢
# this macro creates a searchlist of *cando¥* with the pair which *
# has d#last its first element first in the srclist ¥*
36364036 33 30 696 630036 336 36 30 3636 3636 3630 36 36 3 3 363636 36 3036 36 35 36 35 636 360364036 36 36 26 36 3036 36 36 696 36 3 646 36 3630 36 33636 3 36 36 3036 )
{comment #*# recurse through srclist looking for #last as car of pair)
Lcond ((atom srclist) nil)
({eq #last (x=-val (car srclist)))(seiq #searchlist srclist))
(t (make—searchlist (cdr srclist))

(comment ##* add pairs occuring before the one with #last
as its first element at end in r~verce order)
(nconc #searchlist (list{(car srclistll




[defun addtocando (thing)
(COMMEN®T #3433 34040303646 336 353636046 30 3630903046 H 1036096 3636 30K 30303606 306 30363046 36 46 $36 16 36 36 46 20 628
%* this routine adds a rule to cando, updates the learnerks #
# file and draws it as a vector. ¥*
RIS H I 3SR I3 I I I 2336 IS 3 SRR B 263 6 36300 22 A B )
(cond ((land (not (find-rule (x-val thing) (y=val thing)))
(up=ival (find (right—-most thing) %#worlds#))
(up—ival (find (left—-most thing) #worldz)))
(set (car thing) (car thing))
(rplacd #searchlist (cons thing (cdr %searchlist)))
(storenviron)
(dracando thing)1

Ldefun addtoworld (thing) :
(COMMENT 33303633638 3 38036 303036 314030 304036 40 263863638 303040 36 3036 3263636 36 36 35 2636 6 16 36 3046 3636 2636 36363626 3636 36
# this function simply adds thing to world if it is not already 3
S IR 03030 SRR ISR 2RI S 3000 S S 30 330 S 6 40 S0 3038 S0 336 33 326 2 S B2 3038 )
(typefunc ‘addtoworld)
(cond ((not (find (car thing) #world#))

(setq *world#* (append #world# (list thing) ))

(drawrld (car thing))

(storenviron)l]

(defun storenviraon ()

(COmMMENt #3353 304030 30302030 3036 30 2040 35 26026 0 3030369638 3526 3038 2636 335 36 96 36 36 363536 36 38 35 36346 3036 36 336 36 36 96 36 46 36 26
# this macro stores #world#* #cando#* and *moxival on disk *
A S I SIS S 3 03 3 20 33 30 IR I A S 3303 30 33630 336 38 S 326403028 32036 36 3536 3 3036 0 30 36 301026 SE S 30 202538 )
(cond (#store(create~file iofile)

(insert-entries iofile ‘(#world# #cando#* *maxival #randcount *lastl

(defun drawstats ()
(comment 4436350303030 203 30 3030 30 320 3030 26 3885 36 3635 36 36 2630 36 3896 3636 36 3640 46 36 38 35 36 36 36 6 26 3 35 36 26 34 96 4025 36 36 35 4636

# this macro draws the basic labels for the screen statistics %*
B0 303 I I ST I S0 T IR 333033 30 KA 2B 69626323038 6636 3536 36 3036 36 3036 36 36 4646 3636 )
(gr_text 150 40 “function: *01100 0 2U5)

(gr_text 150 20 "you are at:" 011 0 0 O P55)
(gr_box 148 O 155 60 O O 255)
)

(defun typefunc (funct)

(Comment 333363033620 33036 3030 3030 3630 30 36 38 3 30 3 30 36 36 3 35 36 35 2530 30 K26 34896 38 35 35 30 3636 3036 36 40 3 36 H 6 2 30 3036
# this macro populates the statistics box *
BB 38336 330 303 340 A6 303030303 240 T I3 338 3040303638 26 303464 3008 30363030 3640 S5 A6 36 36 S B0 4626 36035 )
(gr_rect 230 2 72 56 255 255 255)

(gr_text 230 40 funct 0 1 1 0 O O 255 )

(gr_text 230 20 #1ast 0 1 1 0 O O 255 )

(gr_flush))

(comment #print options#) (help)
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