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This paper suggests that a variety of developmental mechanisms can
be viewed as variations on a small number of organizational principles.
These principles represent solutions to environmental problems that all
living creatures must surmount. The principles are studied in several
examples which all share common statistical and geometrical properiies
for the collective behavior of cells. The properties achieve efficient
paralle]l processing of patterned information, which thereupon triggers a
new level of system organization. This is accomplished by interactions
between shori-term memory (STM) and long-ierm memory (LTM}
mechanisms, whereby cell sites are switched on ard off by excitatory
and inhibitory inputs, fesdback signals, and couplings that obey nonjin-
ear mass action laws. These Jaws unify, transforre, and extend theoreti-
cal results by such authors as Turing (1952}, Gusiafson and Wolpert
(1967) Wolpert (1569}, Keller and Segal (1970}, Gierer and Meinhardt
(197") Lawrence er al. (1972), and Meinhardt and Gierer (1974). The
Taws suggest that celiular systems have certain functional advantages,
such as automatic gain control and its consequences (e.g., selfregula-
tion, zdaptation) that have often been omitted from previous models.

The examples considered are tuning of geniculocortical connections in
the kitten, sea urchin gastrulation, slime mold aggregation and slug
motion, transplantation of the cuticle in Rhodnius, regenerauon of
Hydra’'s heads, cell sireaming and division, and emergence of a leader-
ship group in a2 competitive inersronp interaction. Such interactive
mechanisms as adaptation, filtering, contrast enhancement, tuning,
nonspecific shunting, cross-comrelation, and hvsteresis are needed. In
particular, the comparison between cortical tuning and gastruia forma-
tion suggests a self-corrective feedback mechanism whereby svncytinm
development can overcome a small genetic error. Analogs of STM and
LTM in biochemical sysiems are noted in terms of antagonistic actions
of the cyclic nucleotides cAMP and cGMP; hierarchies of binding
strengths in the fons Na*, K7, Ca™, and Mg®*; ransmitter propertiss of
norepinephrine, serotonin, and acetylcholine; and protein synthesis.

L. Introduction

Amid the ceaseless flux of our world are many structures that change
so slowly or so regularly that we can identify them as objects. We can
count gurselves and other living things among these structures. When
we contemplate the development and growth of 2 living thing, at least
two general phenomena are a source of wonder. How does one stage of
development trigger the next stage? Within a given developmental stage,
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how does an organism’s form remain so stable even as its size increases
manyfold? We can also wonder whether ihe mechamsms for accomplish-
ing these goals are different in different species, or between infant and
aduit in a given individual? Especially since the genetic code was
developed and shown to be shared by all iving things, it became natural
10 hope that developmental mechanisms in different species and in
different stages of a particular individual would share many features in
common. This faith makes the study of such otherwise relatively
unappealing organisms as siime molds (Bonner, 1974), Hvdra (Wilby and
Webster, 1970z,b; Wolpert er al., 1971}, sea urchin {Gustafson and
Wolpert, 1967), and Rhodnius (Lawrence, 1970, 1971, 1972; Lawrence e

al., 1972) more exciting and of ganeral interest.

The work that will be stmmarized here started as a study of short-
term memory (STM) in an adult. STM is the type of memory whereby a
teiephone number is remembered for a few seconds, but can then be
forgomen forever. This seems to be a peculiar place 10 start a study of
development. First, it discusses an 2dult phenomenon. Second, it
involves only the nervous system. What does adult STM have 1o do with
developmem?

The link is provided by the following crucial facts. STM involves the
parzlle} processing of conunuously fluctnating patterned information in
the presence of nofse. This is a very general problem, and it must be
sotved by eny system that tdes to deal with fluctuating patterns—in
particular. by developing svstems. In effect, the geometrical and statisti-
cal rules that must be satsfied to solve the problem are very much the
same no matter how they are interpreted in special cases.

There is another reason why problems involving the nervous system

‘can have solutions that apply to other sysiems. The nervous system

enjoys a property of universaliry. All the data from our senses—both
exteroceptive and interoceptive—are translated into @ common neural
language that ultimately supports a umitary personality and even an idea
of God. Our brains are a kind of universal measuring device, and they
are so sensitive that they can measure even a few quanta of light.
Indeed, the problem of pariern processing can be restated as a problem
of measurement, or of communicalion, between interacting cells, or
states. Hence, in retrospect, it should not be too surprising that
mechanisms that help a brain to process patterns in its universal
language shouid also be relevant to the systems, both inside and outside
the body, with which brains interact. -

This aniicle will review some of the main idezs that help to model
pattern processiag In STM. This model describes 2 class of networks
whose cells interact by mass action laws which deseribe how unexcited
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and excited cellular sites are switched on and off through time. The
networks can adapt their total response to fluctvations in total input,
suppress noise, contrast-enhance (or sharpen) a pantern of data, and
store the enhanced activities indefinitely {Grossberg, 1973). Other prop-
erties of network activity inciude hysteresis, outward peak shifts, slow
drifts, peak splits, tuning of contrast by nonspecific arcusal, unstable
and stable periodic waves, competition by antagenistic cells, and zn
adaptive resonance that can sustain activity between fields of cells
whose activity patterns maich, in an appropriate sense (Ellias and
Grossberg, 1975; Grossberg and Levine, 1975; Levine and Grossberg,
1576; Grossberg, 1976a.b.c). In a neural context, these properies mimic
various processes concerning neural coding—for example, visual illus-
tions, such as line neutralization, :ilt afierefiect, angle expansion (Lev-
ine and Grossberg, 1976), negative afierimages, spatial frequency adap-
tation, and the locking of binocular images {Grossberg, 1976¢).

The STM models can be combined with adolt long-term memory
(LTM) mechanisms, LTM is the kind of memory whereby a name can be
remembered for a iifetime. The result is 2 minimal model for the
development of featvre detectors in mammealian visual cortex {Gross-
berg, 1976a,b,c). The LTM changes describe the long-term effects of
experience on a celi’s ability to be activated by prescribed environmen-
tal features. This developmenial model will be compared with and used
to extend modeling efforts on other developing systems, such as en how
Hyvdra regenerates a missing head (Gierer and Meinhardt, 1972), how
slime molds aggregate in their search for food (Bonner, 1974; Meinhardt
and Gierer, 1974), how the folds in the cuticle of Rhodrins are
determined (Lawrence er al., 1972), and how the sea urchin biastula
becomes 2 gastrula (Gustafson and Wolpert, 1967). We shall hereby
suggest that general properties of pattern regulation and self-organiza-
lion in developing systems are captured by the neural STM and LTM
maodel. The neural STM and LTM model brings a rigorously defined
structure, derived from first principles, and with lucid mathematical
properties, to the swudy of these systems. The neural modsl also
capiures abstract properties of more macroscopic systems. such as the
emergence of leaders in idealized social systems, in which networks of
communications or messages exist.

When the model is compared with datz concerning the regulation of
biochemical reaction rates via extraceliular signals, 2 natura} interpreta-
tion in terms of cyclic nucleotides, synergistic and antagonistic actions
of ions, transmitter substances., and protein synthesis is suggested. The
fact that similar organizational principles seem to operate on both
microscopic and macroscopic levels illustrates, we believe, the existence
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of universal developmental principles which enzble the several organiza-
tional levels that have emerged via evolution to imercommunicate in a
common language and thereby to stabilize each other,

1I. Between the Devil and the Deep Blue Sea: Noise versus Saturation

The main probiem will be stated abstractly in order to focus on an
unpleasant difficulty, Suppose that n different states &,,i1= 1,2, ..., n,
are given. For definiteness, each t; can be thought of as a cell, oras a
popuiation of cells, whichever is easier for the reader. Suppose that
every t; has a certain number of sites that can be In either an excited or
an unexcited state. These sites can be thought of as small patches of cell
membrane, small metabolic units, or seurces of unitary messages,
depending on the situation. Let B be the towal number of excitable sites
in each r;, for definiteness. See Fig. 1.

Suppose that each z; is perturbed by a continuously changing input
L{r), which will excite a certain number of tv,’s sites. Think of the size of
I, at any time 7 as being the intensity of a coded message ta 1; at that
time, or in a small time interval {# — Ar. 7 + Ar] measured from shortly
before time r to shorly after time 1. For example, (1) might be the
number of unit messages received by ¢; at time 7, or the intensity of light
received by a cell r; in an idealized retina at time 1, or the intensity of a
particular feature {such as a line, color, or oriemation) in a picture
presented to a retina that sends signals to 2 cortex which conwins v
(Fig. 23.

How can such inputs [;{#) change through time? Two very different
types of changes can be described in terms of the rotal input sirength
I(r) = 3., L) and the relarive input intensities &) = I{N/I{r) al each
t;. For exampie, iet the t; represent cells in a retina, and expose the
retina to a picture drawn in shades of white, gray, and black. Then

NN
& S

V7

i1 30 i

~<({D-

F16. 1. Continuovs inpuis I:{r) perturb populations f, each with B excitabie sites.
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FiG. 2. Each 1, as a feature detector in a coriex perturbed by paficrns 21 a felina.

changes in J{r) describe changes in the background llumination of the
picture. The picture jiselfl is characterized by the pamern 8 = (4,
6, ..., 8 of numbers, which do not change through time {Cormnsweet,
1970). Thus, it is very important for a sysiem 1o be able 1o tell what the
pattern weights (1) = (6,0}, &{1), . . ., 6.{2) are whether or not the
wial input 17} fluciuates threugh time. The weights 8(r) describe the
“relative figure-to-ground” of the inputs at every time 7.

III. The Statistics of Switches: Gain Control and Adaptation in On-Center
Off-Surround Networks

Can we design a system capable of distinguishing the pattern weights
8(r) from fluctuations in the background actvity I(1)? If we were
engineers trying to solve this problem, we would start as simply as
possible. This will be our strategy. Almost immediately, however, a
formidable problem wiil emerge. By seeing what goes wrong in our trial
sysiem, 2 soluticn to this problem will be suggested (Grossberg, 1973).

The wial sysiem can be described in two ways. The first way
describes its macroscopic properties; the second way describes its
statistical imerpretation. Four macroscopic properties will be imposed
on the functions x;(1): {7) they obey a linear system: (if) they are bounded
abave, say by B; (iff) they return to equilibrium, say 0, after inputs
cease: (iv) they do not interact. Otherwise expressed, properties (i} and
(ifi) say that the responses x;{¢) vary within a finiie dvnamical range,
from 0 to B, with 0 the passive equilibrium point. In terms of the time
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rate of change {1} of x(r), these properties become
= —Ax + (B - x){0) {0

where A> 0,05 x{0}= R andi=1,2,...,n Term —Ax; describes
the linear decay of x; to 0. Term (B ~ x;}; is also linear as a function of
x;. It shows that, if x; = B, then ; does not influence %;. Hence 0 = x;(7)
< Bforal r =40

Svstem (1) has 2 patural statistical interpretation. This interpretation
describes systerns whose elements, or sites, can be in either of two
states: for example, “‘excited™ or “unexcited,” “or” or “off,” “in"" or
“‘out,”” “*‘contracted” or “‘unconiracted.” It describes statistical rules for
switching a given population of sites between their two possible staies.
If B is the totzl number of excitable sites in any population 5, then x,(1}
1s the number of excited sites, and B — x;{7) is the number of unexcited
sites, at lime ¢. Term ~Ax; says that excited sites become unexcited at
rate A. Term (B = x;}; says that unexcited sites become excited at a
rate proportional to the input intensity. This 1s 2 mass action law. It is
also sometimes called z shunt, In other words, system (1) describes the
swilching-on and passive decay of excitation by mass action.

System (1) does not suffice for the following reason. Suppose that x,(r)
approaches a steady stale as 7 jncreases in response to imputs I; with
fixed pattern welghts 6, and prescribed total activity /. At steady state, X
= 0, and (1} can be soived to find
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Now keep the &'s fixed, and vary J. In other words, study how (I)
processes the same patiern 8, given different background activity levels.
By (), as ] is increased, all x; approach B, so that all information zbout
8 is lost, owing 1o saturation. By contrast, if the system also contains
noise, then as J becomes small, the weights # are lost in the noise. The
svstem processes € badly both at low and at high J values. What can be
done to overcome this dilemma?

We could have guessed that svstem (1) would fail, This is because
each & is defined by 2 mixture, or interaction, of o/l the inputs L, k= 1,
2, ....n There are, however, no interactions between inputs or
populations in {I), so that the populations could not possibly compute 6.
Property (iv) is therefore at fault. Can a system be found that preserves
properies {f) throvgh (i) and in which interactions occur? The simplest
system is readily found. Since 6 = L(L + D L)™, increasing I, increases

Lowd
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8, whereas increasing any L, k # f, decreases &. In other words, J;
“excites” & whereas all Ir, k #, “inhibit” 8. By expressing this
intuition in a mass action system, we find a special case of a competitive
interaction patiern that is found throughout the nervous system in some
form. Let each J; excite population v, and inhibit all populations w, & #
f, by mass action. The inputs then form 2 nonrecurrent (or feedforward)
on-center off-surround interaction pattern (Fig. 3), and {1} is replaced by

L =—Ag+@B-x),—-x E L G)
kvi

System (3} clearly satisfies properties (7} throvgh (ii). The new term —x
Ziw: I says that excited sites at & (which number x;) zre inhibized (note
the minus sign?) at a rate proportional 1o the total inhibitory input (which
is a sum of iaputs from the off-surround of z;). Equation (3} is again a
mass action law. It can aiso be profliably described in other ways. In
neurological jargon, (3) is 2 passive membrane equation. with x; the
average membrane potential, and the excitatory and inhibitory inpuis
control membrane conductance changes that alter this poteniial (Hodg-
kin, 1964: Xatz, 1966). Using engineering jargen, we can say that the off-
surround automatically changes the gain of the system, because the
inhibitory inputs multiply x;.

How does inhibiiory gain contro} change the system’s steady state? At
steady state, &; = 0, and Eq. {3) implies

a BI @
P ATT
In other words, no matter how large / becomes, each x. is proportional
to & there is no saturation. WNo maiter how small B is, the effective
dynamical range of the system is infinite! Furthermore, the total activity
x = ZIf., x satisfies x = BHA + I} = B: the maximusm iotal activity B
1s Independent of the number r of populations and of the total input
intensity I. The off-surround hereby normalizes, or adapts, the total

It

Fi1G. 5. Feedforward on-center off-surround input geometry.
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network respense to fluctuations in total input. 1 have elsewhere
sugzested that this adaptation in akin to reunal light adaptation, say as
studied by Werbhin in the mudpuppy retina (Grossberg, 19724; 1977a;
Werplin, 1971).

The above remarks illustrate a general conclusion that will be amply
demonstrated below; namely, the statistical laws for switching sites
between their excited and unexcited states in respense to patlerned
inputs are expressed by conrinuous and parallel interactive mechanisms.
Binary laws using serizl switching rules, such as those elegantly devel-
oped by Kavffman (1971a,b), cannot capture the dynamics of the formal
developmental mechanisms described below. Binary serial laws distort
both the underlying statistics and the geometry of these formal develop-
mental mechanisms. Our continuous paraliel laws are capable of thresh-
old switching behavior vader suitable circumstances, as in Section IV.
Serial binary laws can sometimes approximate these discrete propertes
of contionous parallel systems, but binary laws do not describe the
mechamsms whereby, or circumstances under which, these properties
will emerge. This fact is demonstrated for competitive systems in
Grossberg (1978a).

IV. Contrast Enhancement and Short-Term Memory

Swstem (3) cannot remember the pattern 6 for long after the inputs are
shut off, becanse each x; then decays to 0. To maintain activity in the
populations r; after inputs cease, and vet be able to switch 1t off rapidly
if a competing input pattern is delivered. recurrent {or feedback) signals
among the populations #; are needed. We shall see that, while these
feedback signals are active, a pattern can reverberate in STM no matter
how large the decay rate A is chosen. If an inhibitory signal breaks the
reverberation, however, then the STM taces x; can quickly decay
toward equilibrium, frore which they can respond o & new input pattern
without bias.

How should these feedback signals be distributed? We again have to
worTy about saturation, so they should be distribimted in an on-center off-
surround anatommy, as in Fig. 4. Thus, given average activity x;(r),
popuiation ; will generate a signal f(x;(r)) to be disuributed in an on-
center off-surround anatomy among all the populations ., & = 1,
2, ..., n.Then (3) is replaced by the nonlinear system

Xo==An + B xfe) + L - w2 fal+ a0 ()

where i = 1, 2, ..., n. Term {B — x;)f(x,;} describes how a feedhack
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1

F1G. 4. Recurrent on-center off-surround signal geomelry.

signal f{x;} from =, 1o itself excites the unexcited sites (B — x;} by mass
action. The inhibltory term —x; S f{x,) describes the switching-off of
excitation at v; by inhibitory signals f{x,) from all &, & # i. Term [, is
the excuatory input, 2nd term J; is the inhibitory input; for example, J,
= L I, Herein, unless otherwise stated, we shalf always consider the
cases in which interactions accur instantaneously 10 demonstrate basic
properties in a lucid way. Analogous propenties hold when the interac-
tions set in slowly. Of course, system oscillations may more readily be
generated in the latier siuations (¢f. Ellias and Grossberg, 1975},
System (5} is certainly a very idealized version of a recurrent on-
center off-surround network undergoing shunting interactions. Actuaily,
much more complicated versions of (5) have also been stucied, in
conjunction with Ellias and Levine. But sysiem (5}, by being simple,
focuses on anr importan: problem that had to be soived before any
further progress could be made. This problem is: How does systermn (5}
know the difference between behaviorally important patterns, which
should be stored tn STM by the feedback signals, and behaviorally
unimportant data, such as noise, which should be snppressed? In sysiem
(5), this problem becomes: How should the average signmal f(w} be
chosen as 2 function of the average activity w to make the distinction
between important and unimportant data? A complete answer to this
question has been found (Grossberg, 1973). It is summarized in Table I
in terms of the total STM trace x = L™, x; and the relative STM traces
X; = xx7%, In particular, we should like to know, after a brief pattern of
inputs L is delivered {0 the network, whether x{2) converges 1o zero (no
STM) or to 2 positive Hmit that is bounded above by a value that is
independent of » and I (normalization)? How do the relative activities X
change through time? Do they remember the pattern #7 Do they
enhance certain population activities and suppress others® Do they 'make

all population activities more simiar? All of these cases can occur if f(w)
is suitably chosen.
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TABLE 1
INFLUENCE OF SiGNaL FUNCTION 0N PATTERN PROCESSING
Signal function Xe x
1. Linear; fix} = Cw Preserves pattern Amplifies noise
2. Slower-than-lingar: f{w} = Uniform parttern Amplifies nolse
wglw), giwi decreasing
3. Faster-than-linear: f{w} = Chooses population with Suppresses noise;
wglw), g{w} increasing mzximal infual daiz rommalizes suprathreshoid
. activity
4. Fasier-than-incar- Quenching threshold exisis:  Suppresses noise;
becoming-linear contrasi-enhanges normalizes suprathreshoid
suprathreshold parem agtivity
5. Sigmoid Quenching threshoid exists; Suppresses noise;
contrast-cnhances normaiizes suprathreshold
suprathreshold panem activity

As Table I shows, if f(w) is Hinear [f{w) = Cw], then the X, remember
the pattern 6, but x ampiifies noise iff STM is ever possible. If f(i) is
slower-than-linear {for example, f{w) = w(i + w)™'], then ail the x
eventually become ¢qual if STM occurs. Both of these cases are
unacceptable because they amplify noise. If f{(w) is faster-than-linear {for
example, f(w} = w?], then noise is suppressed and STM is normalized.
But whenever STM occurs, only the population t; whose initial activity
1s maximal is stored in STM. This system therefore makes a choice
{binary switch!). By attempting to suppress noise, it sa vigorously
contrast-enhances the pattern that it throws out the baby with the bath
water!

How can we preserve the nice property of noise suppression, which
implies that some conirast enhancement of the pattern will occur,
without throwing out everything but the maximum activity? Since the
three cases of Lnear, slower-thap-linear, and {aster-than-linear are
exhaustive, we clearly have to cu: and paste 1o get a hybrd sigmal
function that has all the desirable properties and none of the bad ones.
Such a hybrid signal function f{w) has to be faster-than-linear at small w
values, in order 1o suppress noise. At larger values, it will be chosen
(approximaiely) linear {fiw} = Cw, w = D > 0). as in Fig. 32. Then a
nice thing happens. A guenching threshold (Q7) exists. As Figs. 5b and
Jc depict, if an ipitial actvity x;(0) is smaller thap the Q7. then the
activity of ©; will be suppressed, or gquenched, by the reverberation. A
populaten’s activity will be stored in STM only if its initial activity
exceeds the QT. The patiern of suprathreshold activities is contrast-
enhanced, as ir Fig. Sc. The hybrid signal function in Fig. %a is thus
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F1G. 5. Partial conrast in STM due 10 a sigmoid signal function.

capable of pariially contrast-enhancing a pattern. Its 07 determines the
cut-off between significant and insignificant data.

Why does a Q7T exist? Speaking inmuitively, we find that the reason is
this, Suppose that a pattern of activity starts out in the faster-than-linear
range of f(w). The reverberation will start to contrast-enhance the
pattern, and would ultimately make a choice if nothing else happened.
Simultaneocusly, however, the to1al activity starts 1o be normalized, and
drags the patiern into the Hnear range of f(w). The linear range will
preserve any patiern. including the partiaily contrast-enhanced patemn.

No realistic signal function can be unbounded as w increases. Hence
the hybrid signal function has to level off at large activity values, and 2
sigmoid, or S-shaped, signal functon is hereby produced, as in Fig. 5d.
The width and slope of the linear rangs of such 2 signal function
determines its ability to parually contrast-enhance a pattern of data. If
either the Q7 is 100 small, or the siower-than-linear range is too broad,
pathological effects akin 10 “hallucinations™ or *“seizures™ can occur;
the network can then amplify and reverberate noise or other behavior-
ally umimportant data.

V. The Statistics of Messages: Randomness Prevents Randormness

How can a sigmoid signal function be constructed? The slower-than-
linear tange is easy to get, since every realistic signal fanction is
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bounded. If a faster-than-linear range can be gearanteed, then an interme-
dizte linear range (perhaps very narrow) follows automatically, by
continuity. Suppose, for example, that each cell in a population % can
elicit signals, or messages, of unit size if the activity of the cell exceeds a
prescribed thresheld I. Suppose that the average threshoid of the
population is M, and that there are py(I) cells in the population with
threshold T. Then the average signal f{n) produced by average activity
w is a sum, or integral, over all p, () such that ¢ = I' < w; pamely,

o= [ pumyar - )

If the thresholds T are Gaussianly distributed around the average value
A, then f(w)} is a sigmoid function of w, as Fig. 6 depicts. Thus, a
random imperfection in the choice of threshold caa produce a sigmoid
signal, yet the sigmoid signal acts 1o suppress noise (that is, random-
ness!) in the network. In effect, one tvpe of randomness prevemis
another type of randomness because it is organized by the genetically
programmed inhibitory connections of the network.

V1. Competitive Group Interactions

From the vantage point of general communication theory, we have
now arrived at some interesting conclusions. Think of the t; as sources
of messages, or even as groups, or communities, that generaie mes-
sages, Suppese that intragroup messages stimuolate an important group
activity, but that, because the groups are competing with each other,
intergroup messages are designed to inhibit group activity. Let a2 group’s
ability 10 generate messages depend or Its activity according lo some
random rule. Then, depending on the statistics of the tule, the group
interaction can remain in balance (ike a linear f), can eliminate all
activities but the most intense ones (like a fasier-than-linear f}, can
make ail activities equally important {like 2 slower-than-linear f). or can

PulT} fiw}

-

Mow r - -

Fig. 6. A Gaussizn distfibution of signal thresholds produces 2 sigmoid signal f{w).
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do some combination of these. From this perspective. our systems look
like 2 particular kind of competitive group interaction or prey-predator
scheme. The abstraciness of this picture, wherein particular staristical
and geornetrical rules determine the overall pattern of activity, is the
basis of its generality, For present purposes, it does not matter whether
the sources of messages are cells or people, Indesd, it has been proved
that any competitive systera induces an underlying decision scheme
{Grossberg, 1978a).

The above example suggests interesting predictions about the estab-
lishment of a leader, and the realization of individual palential, in
idealized competitive group interactions. Given the sigmoid signals of
Fig. 6, a crucial parameter is the mean threshold M a1 which signals are
sent. Suppose that M is large compared 1o the initial activities x{0) of
the respective competing groups. Speaking colorfully, we might say that
group members are rather inactive and incommunicative. Because of
this, the activities lie in the faster-than-linear range of f(1). Recall that
SUw} 1s7es to make a choice in this range, if’ at least one initial activity
exceeds the OT. In other words, one group—the ~{eadership™ group—
will 1end to get very active at the expense of 2ll other groups. If we think
of the number of excitable sites B 2s a kind of group ““potental,” this
means that weak competition between groups whick do rot communi-
cate easily can actualize the potential of one group at the expense of the
others.

By contrast, if the mean threshold M is commensurate with the initial
activities x;{0), then there is a tendency for the activities 1o be in Flwys
linear range. Consequently, the relative activities of the groups can be
approximately preserved. even as the total activity increases by normali-
zation. In this case, competitive group interactions are mutually suppor-
tive, and all groups benefit by becoming more actve.

If, however, M is small compared with the initial activities x,(0), then
there is a tendency for f(w) to be in its slower-thap-inear range, so that
all differences in group activity tend to be obliterated. Here the ZToups
communicate 100 ¢asily, considering their respective activities.

In other words, given fixed inital group acuvities, by varving the ease
with which interpersonal communications occur, one can dramatically
change the kind of intergroup activity pattern that will develop. Thus, if
2 nonspecific signal to all groups amplifies or suppresses the mean
threshold M, then this signal can dramatically alter the evental course
of group activities by retuning the intergroup communications (Gross-
berg, 1973).

What happens if different groups r; have different potentals B;, as in

k= —Ax B - nfls) - x5 3 ) @

ki
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This problem is formally the same as one in which each group has the
same potential B, but the reiative size of unit messages vares from
group 1o group, as in
Fo= A+ (B -5 C) -5 XSG 8)
ki
Note that (8) is tansformed into {7) by the change of vanables B; = B
and x; = Covie

This probiem was studied with Levine in the context of how develop-
mental and attentional blases alter STM processing (Grossberg and
Levine, 1973). In effect, if a group has the largest B; and the largest
x;(0), then it tends 10 take over completely. If several groups all share
the same maximal potential B; and have larger x;(0) values than other
groups, then the other groups become completely inactive—are
masked—and the groups with maximal potential have their activities
transformed as in the equal potential case. However, a2 group with
nonmaximal B; cen suppress other groups if its initial activity is
sufficiently large (Fig. 7). In more colorful terms, 2 tvg of war exists
between mnate potential and initial activity such that a smaller innate
potential can be compensated by a larger amount of intergroup competi-
tive activity.

Generalizations of {7) have zlso been studied, and one finds interesting
hysteresis effects, shifis in the populations with maximal activity, slow
periodic waves of activity, unexpected emergence of new activity in
groups with small initial activity, etc., that are all due to the nature of
the competitive mteraction. These effects have hergtofore been inter-
preted as visual ilusions and other neuropsychological phenomena
(Eliias and Grossberg, 1975: Grossberg, 1976c: Levine and Grossberg,
1976), but they also constitute predictions abo:  intergroup interactions
in suitable situations. For example, we shall see how the hysteresis
effect can be used 1o discuss a2 particular stage in the aggregation of a

X; (ot (=)
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Fi6. 7. Competition between number of cell sites B, and large 5,0 can mask paopula-
tions in STM.
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slime moid, which s, in a clear sense, a problem about group interac-
tions. Some of these effects are summarized below to illustrate the rich

variety of properties that arise when the parameters of shunting rever-
eratimg networks are aliered.

VIL Hysteresis, Peak Shifts, and Slow Drifts

A central theme unifies the discussion of these generalizations. Table I
illustrates a strong tendency in the networks either to amplify noise or 1o
make a choice. In many situations, a2 compromise between these two
extremes is desired—namely, parrial contrast in STM (Fig. 5c), or the
possibility of simultaneously storing many activity levels in STM. For
example, let a piciure be the input pattern 1o 2 network ratina, Let the
network analyze the picture into component features, such as lines,
colors, onentations. Suppose that populations in the network’s corlex
code particular features by becoming active when their feature is present
in the picture. The amount of activity at such a population. or fearure
derector, indicates how intensely the feature is represented in the
picture. To make a choice in this cortex means to ignore ali but one
featore even if many other features are presemt with aimost equal
intensity. Partial contrast in $TM means that sufficiently weak features
are igmored, but all suprathreshold features are stored after relative
enhancement of the strongest features.

The special case in {5) achieves partial contrast by using the same
sigmoid signal function f(w) to generate both excitatery and inhibitory
signals in the network. Are there other ways to achieve partial contrast
in STM, say if the excitatory and inhibitory signals functions are not the
same? A system in which excitatory signal sirength decreases with the
distance between populations more rapidly than inhibitory signal
strength has this property (Eliias and Grossberg, 1975, Levine and
Grossberg, 1576). Such a system describes the common neural situation
where there are many fearure detectors and some detectors are mutually
more closely coupled than others. Such preferred couplings between
populations are presumably the anatomical substrate on which innate
behavieral generalization gradients are buiit: for example, color detec-
tors sensitive to similar wavelengths, or line deteciors semsitive 1o
similar orieniations, might excite each other more than other feature
detectors.

A network of this type is described by

Ii‘:‘_Ax(‘:‘(B_xi} zf(xt)cki+fi]_xi Eg('rk)Dki+Ji] (9)
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where f(w} is the excitatory signal function, g(w) is the inhibitory signal
function, and Cy decreases faster as a function of the distance |k — ]
from 5, to t; than does D,; (Fig. 8). In Fig. 8, the excitatory connection
strength Cy (“om-center’™) describes how strongly popuiation 5 can
excite v, whereas the inhibitory conmection strength Dy (“off-sur-
round'") describes how strongly population o, ¢an inhibit . In other
words, we consider networks capable of partizl contrast in STM and
whose featurs detectors are connected by nontrivial generalization
gradientis.

Such a network s capable of kyvsreresis. The following experimental
phenomenon, reported by Fender and Julesz (1$67), ilustrates this
concept. Let a different vertical line be shown to each of 2 person’s
eyes. Let the two lines be paositioned so that they seem to be superim-
posed. If the two lines are then slowly moved apart on their respective
retinas, the person will still ses them as one line unul a critical
separation is rezched. Then the perceived line will seem suddenly 1o
spht into two lines that will thereafier be seen in their “‘real’ positions.
If the two lines are slowly brought back together, they will eventually be
seen as one Hne again, but they will merge at a much smaller distance
than the one at which they split apart. This is hysteresis.

A similar phenomenon occurs in (9); it is studied in Levine {1974} and
Grossberg (1978b). Hysteresis has also been reported in networks
studied by Wilson and Cowan (1973). If an input is presented only to one
population, say @, and then is slowly separated into two ipputs that
move away from each other, the network response will have the form
shown In Fig. %a. Speaking intitvely, we find the reason for such
hrysteresis to be this; When the two lines are :lose together, the
narrowly distributed on-center excitatory signals buud up a central focus
of excitation. This excitztory focus sucéeeds for a while in overcoming
the effects of inhibition. When the two hnes are sufficiently far apar,
however, the narrow on-center camnot compete with the broad off-

F1G. 8. Excitatory coefficients €, and inhibitory coefficients Dy, from 5 10 r; that
depend on distance.
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Fic. 9. Hysteresis due to competition between a narrow recurrent on-center and a
broad recument off-surround.

surround. Inhibitory signals finally overcome the cenwral focus of
recurreni excitation, and thereby cause a split of the perwork’s acdvity
into two excitatory peaks. When the two lines are moved together, the
inhibitory signals keep the two excitatory peaks distinguishable until the
two lines are so close together that excitatory signals in the narrow on-
center can overcome them. In effect, network hysieresis is due to a 1ug
of war betwesn a parrow on-center and a broad off-surround of
recurrent interactions. It provides a mechanism for ““locking together™
the responses 10 two nearby input sources, The same phenomenoa aiso
oceurs in the laminar network of Fig. 9b: each “eve™ sends signals 10 a
different layer. Consequently, one line perturbs layer I, whereas the
second kne perturbs layer II. The cross-excitation between lavers
produces a focus of sustained excitation when the two lines are pearly
superimposed, just as in the network of Fig. 9a. This reverberation
between layer I and laver II is an example of an adaprive resonance
(Grossberg, 1976¢).

The pattern of STM activity can alse be shifted by lateral inhibition or
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by an asymmetric spatial distribution of ¢zll sites. For example, network
(9} is aiso capable of generating an outward pezk shift in the loci of
maximal network responses to a pair of spatially separated inputs {Fig.
10a). This shift is duve to lateral inhibiiion; the shift is inward in the
absence of inhibition (Levine and Grossberg, 1976). ¥ the common
saturation level B in (9) is replaced by a saruration level B; at each celf
r;, then a drift in the locus of maximal network response can be
generated in response 1o a single fixed input (Fig. 10b). The drift moves
toward the direction of increasing B; - Its velocity becomes slower as the
slope of B; as 2 funcion of position & becomes flatter. This slow drift
toward large B; values is anzlogous to the more drematic contrast
enhancement within system (7}, wherein the lateral inhibitory signals
from each population v reach afl populations r, & = i. Thus the drift is
also a rmasking phenomenon. It helps to explain “normative” effects
wherein activity drifts along a structeral gradient (Grossberg, 1978b).

YIE. Ratio Processing by Antagonistic Cells

Network populations are sometimes organized into antagonistic pairs,
or "dipoles,” which mutually inhibit each other (Fig. 1l1a). A dipole is

EXCITATORY
ACTIVITY

LINE 1 LiNE 2

(=)

EXCITATGRY
ACTIVIIT

i)

F1G. 10. (2) Qurward peak shift duc 1o laieral inhibition. (b) Drift toward larger 5,
values.
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F1G6. 11, {2} A dipole of murtually inhibitory and sclf-cxcitatory populations. ¢b) A field
of dipoles,

simply system (5} with » = 2, A motivating exzmple is a2 mutually
antagomstic pair of motor control cells that regulate the contraction of
an agonist and antagonist pair of muscles in a limb. When these dipoles
are allowed to interact, two parallel fields of self-excitatory and other-
inhibitery cells are found (Fig. 11b). Speaking intuitively, one might say
that, i an input excites one field in an on-center off-surround configura-
tion, then it excites the complemenzary field in an off-center on-surround
configuration. These networks have the following imponant property: if
a given agonist-antagenist pair is excised from the rest of the network, it
can remember its pattern weight, In 2 motor example, this means that
the pair can preserve a given posture in its agonist-antagonist muscles,
This fact is illustrated by the fellowing equations for a pair {r;, t} of
antagonistic cells:

= —Ax, + (B-x ), +x) - x4 %) (310!
and

L= AR B uih +x) - ol +x) (1

Equaton (10) says that input [; excites ;. whereas 7, inhibits r, . Also,
r, excites itself via the linear signal z,, whereas = inhibits & via the
Linear signal x,. Equation {11) describes z similar mechanism at 1, with
the roles of &, and 1, reversed. The response of the relative activites X;
= x(x; + x2}7" to changes in the relative inputs & = LU, + L) is
readily seen to obey the equations

X, =BIx8 -X), i=12 (12)
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where x = x, + x, and ] = I, + I, In other words, X, appreaches §
when the input J is turned on, When the input is off, X; remembers &,
since then X, = 0. In fact, when the input is off, x; = §(B - 4),i= 1, 2.
If the linear signals x, in (11) and (12) are replaced by sigmeid signals
Flx;), then contrast enhancement of the pattern of §s can occur beiore
STM storage; in particuiar, a quenching threshold exists (Grossberg,
1973},

IX. Slow Waves and Pacemakers

Another important generalization of (5} expresses the fact that inhibi-
tory cells respond at a {inite rate, indeed sometimes much more slowly
than excitatory cells. In (5), by contrast, the assumption is tacitly made
that the inhibitory cells respend so quickly that their activides can be
expressed in terms of excitatory activities. More generally, consider
system

A
Ik

~A% + (B - Cx)) LE Flx Dy + f,-}

- X LE; gn )E: + ff:] (13}

ot
i

So= A+ - G [ 3 £ba + 1]
- % [E 20 1+ jx] (14)

where X; is the average activity in the /th excitatory population, and ¥, is
the average activity in the /th inhibitory population (Fig. 12). Analogots
syslems were studied with Ellias (Eltias and Grossberg, 1975). Note that
excitatory cells can excite themselves and inhibitory cells {via connec-
tions Dy, .and I}y,;), whereas inhibitory cells can inhibit themselves and
excitatory cels (viz connections Fy; and Ey). An important new
phenomenon occurs in these systems. They are capable of generating
sustained oscillations of STM activity, whose freguency can be dramat-
cally chenged as a function of system parameters. Suppose, for example,
that certain populations are initially more active than other populations,
and that 2 small uniformly distributed background input is maintained at
28 populations. Figures 13a and 130 illustrate two examples of this
situation. In the former case, traveling waves of activity can be
periodically generated in one direction (Fig. 13a). In the latter case,
waveling waves of activity can be periodically generzted in both direc-
tions (Fig. 13b).
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F16. {2 Interaction of excitatory polentials x, and inkibitory potentials ¥, in a recurrent
on-center off-surround geometry,

In other words, an initial imbalance in activity can trieger sustained
periodic pulses of activity. Since these pulses emanate from a fixed
population, this population seems to be a pacemaker of sorts; it seems
that the pacemaker population actively and persistently produces some-
thing that the other popuiations do not produce, and this something
maintains the traveling waves. This impression is false, however. The
imieractions among the populations produce the svstained waves no
matter what brief, perhaps even random event gave the pacemaker
population its initially larger activity.

These traveling waves were found while Ellias and I were searching
for something else, namely sustained oscilladons that could store a
nonuniform spatial pattern in STM. Such an STM reverberation would
have to maintain the same ordering of activities through time: for
example, x;(1) = x.{f) = - = x,_ () = x,{1) for all 1 = 0. Otherwise
there would be no record through time of which populations are most
important in the coding by the network™s feature detectors of a given
external pattemn of inputs. Such order-preserving STM oscillations were
never found after the external input patiern was turned off. Hence it
emerged that, at least in 2 large class of networks, sustained oscillations
cannot store spatial patterns in STM usless they are supplemented by an
input source. Instead, network parameters must be chosen so that a
population’s activity approaches a definite value as time goes on, as in
Fig. 5. These "asymptolic steady states,” x;(=), of network activity are
produced by the *"fast™ recurremt network interactions rather than by
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Fig. 13. Periodic traveling waves in a finite network penerated by nonuniform initial
dama.

“slow"™ waves of activity. One might conjecture, however, since the
asymptotic steady slales are “‘infinitely fast™ oscillations, that there
exist systems in which sufficiently fast oscillations can preserve order in
STM. In any case, a sustained pattern of signals from a different part of
the natwerk can serve as an ““expectation” (Grossberg, 1973, 1976¢). If
the external imput patlern matches the expecied patern, then order-
preserving sustained oscillations can be generated (Elias and Grossberg,
1975, Secuon 18). This idea occurs in 2 model of olfactory coding by the
prepyriform cortex (Grossberg, 1976¢).

Two kinds of variation in network parameters can change it from an
asvmpiotic steady state to a traveling wave mode of activitv: either a
relative slowing down of the response rate of inhibiiory poientials [small
A in (14}], or a relative broadening of a population’s on-center relative to
its off-surround. In fact, the network's steady-state response 1o a
prescribed input figure, such as a reciangle, can vary dramatically either
as the dimensions of the figure change, such as widih and height, or as
the network parameters change. For example. in response to a pre-
scribed rectangle, the network might merely contrast-enhance s bound-
ary {Fig. 14a). As rectangle width or height increases, given fixed on-
center and off-surround coefficients, extra interior peaks of excitation
can be produced as a result of disinhibition at these loci {Fig. i4b).
Alternatively, successively decreasing the width of the off-surround,
given a fixed input rectangle, can also produce interior disinhibitory
peaks, followed by the generation of periodic traveling waves.
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FiG. 14. Different 2sympiotic panerns of even traveling waves generated in response to
different input patterns,

X. Long-Term Memory

Now we can begin 10 build 2 model related to development. Such
experimentaiists as Hubel and Wiesel (1970}, Hirsch and Spinelli (1971),
and Blakemore and Cooper {1970) have shown that the early visual
experience of a kitter can change the responsiveness of cells in the
kitten’s visual cortex. Certain visual features that are not experienced
lose their ability to activate cortical cells, whereas features that are
experienced elicit more vigorous responses from prescrived cortical
cells. These enduring changes can be modeled by a mechanism of LTM
that is activated by input pattemns after these patlerns are transformed
by systems such as (3} and (3).

This LTM mechanism has an interesting history that can be thought of
as the gradual synthesis and explication of two great streams of
experimental activity. Afier Pavlov (1927) did his remarkable studies of
classical conditioning, and Ramén y Cajal {1909-1911) proved that the
suuctural unit in the brain is the nerve cell, it became natural 10 expect
that classical conditioning can occur in individual nerves, or at worst in
populations of nerves. Classical conditioning is illustrated by the exper-
ment in which repetitively presenting an indifferent conditioned stimulus
{CS), such as z ringing bell, shortly before an unconditioned stimulus
{UCS), such as food, enables the CS to elicit responses, such as
salivation, which previously were under the control of the UCS bat not
the CS. Given that the structural unit in the brain is a nerve cell, should
not repetitively presenting a CS, which exciies a nerve cell »,, shortly
befare 2 UCS, which excites a nerve cell &, . sirengthen the signals that
t; can elicit at %, in response to an input of unit size? D. . Hebb
utilized this concept in his infiuential book of 1949, but sull the fdea
remained purely verbal, despite the obvious need to translate it into a
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precise languzge wherein the Interactions among millions or billions of
nerves could clearly be analyzed. Prior 1o Hebb's psychophysiclogical
book, various other psychologists were also working out theories of how
associative learning occurs, notably E. R. Guthrie (Mueller and Schoen-
feld, 1954) and C. L. Hull (Koch, 1934). A generation of mathematical
psychophysiological models began 1o emerge around 1960. Seme of
these models emphasize the all-or-nothing properties of nerve signals, or
the presumed random connections between nerves, or the periodic
behavior of nerves. The model that we need blends together determinis-
tic and statistical aspects of nervous zctivity in a single individual as it
occurs during the continuous flow of time.

We nesd the concept of a rrafnable synapric srrength, or LTM rrace,
Z; in the pathway from ¢, to v,. The LTM wace I; will record how often
r-and-then-i; have been paired in the past, and it will influence the size
of a signal received at t, from v, using this information. More precisely,
z; computes a time average of the product of signals §;, from v; to t; with
STM traces x; at 1;; nzmely, the time rate of change Z; of z; satisfies an
equation of the ferm

Iy = —Eyrp - S (15}

where Ej; is the rate of time averaging by zy of Syx,. Also =y
multiplicatively gates, or shuns, signals from & on their way to
namely, the total signal to g from all v, is proporiional 10

PN (16)

k
Using this concept, we can construct a model in which idealized cortical
cells V; can learn to respond io0 prescribed, but otherwise arbitrary,
pictures presented to an idealized lateral gemiculate V. (Grossberg,
1976a.b.c). The model is summarized in its simplest form in Fig. 15. The
main idea is this. When a picture is presented to the geniculate, it is
charuclerized by the reladve inpur intensities 2t all the geniculate cells.
For example, if the input in the ith geniculate population ty; is 17}, then
L) = 8I{r), where 8 is the fxed refative intensity and ) is the 1ol
intensity. The genicuiate can normalize its inputs, as in (4). Suppose for
simplicity that the normalized activity at &y, is & rather than 6B7(A +
Iy7. By (16), the total signal from ; 1o the jth cortical population ; is

S = 2 by an

k
Such an input is generated at each 1. In this fashion, the picture creates
a patern of acuvity across the coriex V.. Assume that V, contrast-
enhances its input patterns before it stores them in STM. For simplicity,
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F16. 15, The minimal feedforward geometry for retuning LTM in response lo spatial
pallern inputs. Feedback from STM in V1o LTM in Vi-to-V: pathwsays determines which
LTM treces will sample normalized signals from V.

assume that it makes a choice. Then a population ©; will become active
in STM only if

§; > max{e, Sp: k =5} (18)

where € represents the quenching threshold. In particular, at most one
population t»; will be active in STM. Since the total activity of V. is
notmalized. the activity of the active w; will be set egual to 1.

How do these transformations of the input picture influence the LTM
traces Z;? We shall simplify (15} to make the main point. Replace (135) by
the equation

g = (—a5 + 6y (19)

where xy is the STM activity of t,. In other words, the picture
influences z; only throgh its normalized activity, &. Furthermore, ail
changes in z; come about when y; is active in STM. since otherwise xy
= 0and consequently 3; = 0.

Now consider what happens when a definite picture 8 = (4,
6, ..., 6)is presented 1o V¥, . Locate the population ; that gets the
largest signal S;(z) at time 7 = 0. By (18}, only i will reverberate in
STM. Consequently x:(0) = 1 and x,,(0) = 0, & = j. By (19} all £,.{0) =
0, &k # Jj, whereas

25(0) = —z{0) + 8, (20}

Using this information, it is easy to prove that, if the numbers 245(0) are
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sufficiently smal, then the signal $;(7) grows through time, whereas 2l
other signals §,(r), & # j, remain consiant. In other words, pattern @
excites t; with ever-increasing vigor. In fact, learning maximizes §; over
all vectors 97 = (Zg, Tys « -+ -+ » Zns)s Whose length [0 = (4, 2B 0*
satisfies |=?] = {8 Hwe look at & = (&, &, ..., 6. and =¥ = (=,
Zz5s - - - » Zns) @8 Vectors in n-dimensional space. then it can be shown
that presenting #to V, makes =¥{7) become paralle! {or proporticnal) to 8
as time goes on (Grossberg, 15762,b). Because the choice of which
vector 2% will be trained in Tesponse to @ depends on all the LTM traces
%4, as in (18}, the staustical rules that generate the 2,(0} values before
tuning begins will determine the pattern f{eatures that V., will try o
classify. Grossberg {1$76a) discusses this fact in relation to other data
concerning the influence of positional gradiems on the determination of
interfield pathways.

How can we summarize this example in 2 way that will generzlize to
other cases? We can say that, at ime ¢ = 0. the pattern of signals 5;{0}
across V, might be almost uniformly distributed, as in Fig. 5b. The
conirasi-enhancement mechanism of V. converts these small differences
in imtial netwerk activites into large differences in asymptotic network
activites, as in Fig. 5c. If the contrast-enhanced activity gets sufficiently
large 1o be sustamed in STM. then it triggers the next development
stage, such as slow changes in the LTM traces z;.

X1. Reaction-Diffusion Models in Development

Tunng's (1932} classic paper on morphogenesis illustrates how a
combination of chemical reactions and diffusion in a cellular system can
generate and sustain spatially inhomogeneous acivity patterns. Reac-
non-diffusion systems have become the subject of great interest because
they are implicated in many experiments on developmental control
processes. We shall describe a siniking parallel between the dynamics of
vanous such svstems and of feedback nerworks undergoing mass aclion
interactions. The reaction-diffusion models often omit important cellular
properties, however, such as automatic boundedness, due to finitely
many sites, and automatic gain control, due to multiplicative mass action
interactions.

A class of reaction-diffusions of particular interest is found in Gierer
aznd Meinhardt (1972) and Meinhardt and Gierer {1974). This model
discusses both asympiotic steady states and waveling waves of chemical
activity. A developmental exampie in which the former are relevant is
the regeneration of Hvdra's heads.
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Xi1. Regeneration of Hydra's Heads

Hydra is & small freshwater hydrozoan polyp that has a remarkable
ability to regenerate ampntated parts of its body. Figure 16 summarizes
a series of experiments by Wilby and Webster {1970a.b) and Wolpert er
al. (1971} that iffustrate this ability. To describe these experiments, the
Hydra's body will be schematized as z head followed by four sections
(H1234), as in Fig. 16a. If the head is cut off (Fig. 16b), another
regeneraies. The new head is designaled by an asterisk {*) in Fig. 16b. If
section 1 of a second Hydra is grafied onto 2 decapitated 1234, then one
head grows (Fig. 16c). If sections 12 of a second #vdra are graited onto
a decapitated 1234, then two heads grow (Fig. 16d). In effect, mutual
inhibition between the two 1 sections prevents growth of a second head
in Fig. 16¢. This inhibition cannot, however, traverse the space berween
the two | segments in Fig. 164 with sufficient strength to prevent two
heads from growing. In Fig. 16e, and H12 section is grafied onto a 1234
section. No head grows at 1 in 1234, Somehow the H region in H12 can
inhibit 1 in 1234 more vigorously then 1 could in 12 of Fig. 16d.
Nonetheless. if H123 1s grafted onto 1234, the inhibition from H is too
weak 1o prevent head growth at 1 in 1234 (Fig. 16f). Transplantation of a
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Fig. 16. Regzneration experiments on Hydra. The asterisk () describes whers new
heads wil] grow.
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head from distal to proximal end (1234H) gives rise 10 a head at 1 (Fig.
162}, but this does not happen if a head is transplanted to the 4 end
sufficiently before the original head is removed from the I end (Fig.
16h}. Figures 16g and 16h suggest that inhibition can spread from the
transplanted head to the 1 area to inhibit formation of a second head,
much as the extrz head in Fig. 16d ¢an inhibit second head growth bener
than section 1 can in 12 of Fig. 16¢. In other words, inhibition spreads
over a wider region than excitation, znd both excitation and inhibition
can build up in prescribed regions through time,

To explain these phenomena, Gierer and Meinhardt use the computer
to znalyze a class of reaction-diffusion systems in which the concenira-
tons of activators x(w, 1) and inhibitors y(w. r} at various positions s
control development through time 7. One such svsiem describes the time
rates of change of x, namely 6x/dr, and of ¥, namely 8y/51, by the
eguations

ox o x
2w —Ax + By () + Dy 1 + 100) an
[=H (o)

and

av N PN . v
—a-‘; = —Ay + Blwig{x} + D, o

z (22
W=

Gierer and Meinhardt are concerned with conditions under which a
slight peak of initial activator concentration {for example. near section 1
in 1234) will lead to further increases of x{w, 1} a: that position. They
want these small injial concentration differences to vield large final
concentration differences which are thereupon self-maimaining (Fig. 17).
Al z region of peak activaior concentration, a new developmental stage
is then inggered—for example, head formation in the Hydra at the 1
position in 1234,

_____ HEAD FOZMANION THELSHOLD

FIMAL GRADHENT

IHUTIAL GRADIERT

-

FiG. 17. Small initia} spatial gradients are conurast-enhanced and thereafter sustainud.
Suprathreshold concentrations trigger the next developmental stage.
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This proposal is strikingly similar to the network developmental
mechanism described in Section X. There small differences in the
pattern of geniculocortical signals are converted into large differences in
excitalory coriical activity by the contrast-enhancement mechanism,
These large differences are then maintained in STM, while the foci of
maximal STM activity trigger the next developmental stage, which is
characterized by slow changes in geniculocortical connection strengths.

A term-by-term comparison of (21) with (13) and of (22} with (14)
sharpens this analogy: see Table T1. Just as Gierer and Meinhardt make a
distinction between the density J(w) of morphogen sources and morpho-
gen concentration {for example, x(w, 1)1, we distinguish between input
intensity I; and population activity {for example, x;{N}. They introduce
activators x(w, 7} and inhibitors y(w, 1}, whereas we need excitatory
activities, or potentials. x;(r) and inhibitory actvities ¥,{z). They call the
mechanism whereby small differences become large differences “firing™
of a gradient, whereas we call t contrast enhancement. The conditions
under which firing and contrast enhancement ogcur are similar. For
example, if their signal f{x) in (21} is a power function such as F(x) = x7,
then firing occurs only if r > 1. In system {13), such a signal function
induces comrast enhancement. In botk kinds of sysiem, exponential
decay of concentrations or activities occur: for example, the terms ~Ax
and —Ay in (21) and (22). In both systems, activators or excitatory
potentials can excite both themselves and inhibitors, whereas inhibitors
can inhibit activators and possibly, but not necessarily, themseives. In
both systems, mutual interactions between activators and inhibitors ar
different locations can occur. In (21} and (22) this occurs via the

TABLE 11

COMPARISON OF REACTION-DIFFUSION AND SHUNTING NETWORK PROPERTIES
Reastion-diffusion Shunting reverberating net
Activaior xiw. 7} Exchatory activiry x,1)
Inhibitor ¥(w. 1) Inhibitory activity xir)
Morphegen source density Inputs
Fzr{ng of morphogen gradien: Contrast enhancement
Mainienance of morphogen gradient Power or sigmoid signal functions
Power or sigmoid sigmal functions On-center off-surround interactions via

electronic propapation or signals
Self-stabilizing distributions of morphopens  Short-term memory pattern if inhibitors

if inhibitors equilibrate rapidly cquilibrate rapidiy

Periodic pulses if inhibitors cquilibrate Periodic pulses i inhibitors equilibrase
slowly slowly

Regutation Adaptation
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diffusional terms P (3°x/aw®) and D, (5v/3w"), whereas in the networks
it occurs via signals, which propagale efther ¢lectronically or in nonde-
cremental waves known as spikes. The diffusional coefficients are
chosen 10 make inhibitor concentration spread within a wider area than
activator ¢concentration (D, > D, > 0). This constraint simulates an on-
center off-surround field in the reaction-diffusion system, much as in
Fig. 8 for the networks. The diffused inhibitor thereupon inhibits
activators al other positions, much as the coeflicients D and E; in {13}
and (14) spread inhibitory signals across an expanse of excitatory cells.

Not all choices of the numencal parameters A, A, eiz., in (21 and (22)
yield a definite asymptotic pattern of activator concenirations as time
goes on. If inhibitor concentration equilibrates rapidly, say because A is
large, then an asymplotic pattern can exist. Analogously. an asympioric
patiern exists in the networks if imhibitory potentials equilibrate rapidly,
thereby approximately lemping network dynamics. By contrast, if
innibitor equilibrates slowly, then traveling waves of activation can be
obtained both in the reaction-diffusion scheme and in the networks. The
anzlogy becomes even more suggestive when we realize that the partial
derivarives, such as D_(a°x/dw?), in the diffusional terms of a reaction-
diffusion scheme become partial differences, such as

Dixi+ L0y —2e{l,  + x(i ~1,0)]

when the svstem describes interactions betweszn contiguous cells v, and
this difference scheme is formaliy 2 network.

XJO. The Analogy between Reguiation and Adaptation

There also exists a siriking analogy between the property of network
adaptation and one of the most sought-after properties in reaction-
diffusion systems. This is the property of regularion, which can be
described in severa! ways. One way is to note that a living thing can
merease 1s size dramatically while maintaining a remarkably constant
form—Tfor example. 2 growing leaf, or a teenager. A more abstract way
is to ask: How can the same developmental partern be created in two
regions of different size, such as in Fig. 18. In Fig. 18 the problem for
hoth of the cells 7, and &, is 1o generate a red color because they both lie
in the left third of their field: but how can the cells know this using only
local information at their pamicular positions? This is the so-called
French Flag probiem of Woipert (196%). How does each cell acquire
positional informartion so that the same developmenrial patiern can be
generated independent of the total field size? This is a normalization
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F1G. 18, The Freach Flag Problem: How is the same patiemn generated independent of
size (Wolpert, 196617

property of the field that makes each cell aware of its relarive position in
the field. System (21)-{22) has approximaely this property if f(w)is a
suitable sigmoid funciion of w, zlthough the analysis of Gierer and
Meinhardt oes not disclose why this happens.

In shunting networks, regulation is replaced by adapration, as illus-
trated by (4). Adaptation also describes a normalization property that
makes the maximal total network response independent of the iotal
number of cells of the inpul intensity. The zdzptational mechanism
preserves a record of the relative magnitude of activation at each
position, just as positional information provides individual cells with
indices of their relative position in a celiolar array. Self-reguiation in
shunting networks is due to automatic gain control by intercellular
signais. No such mechanism exists in (21-{22).

Recall from Section II the cbservation that adaptarion is needed to
help a system process parallel data in the presence of noise. Develop-
mental systems must also process suck data. If the formal substrates of
adaptation and regulation ave 10 be identified, as is argued in Grossberg
(1976a), then we can make a delightful statement. By solving the
problems of preventing saturation and noise contaminzation, Nature also
found a way 1o enable Hving things to grow without disturbing their
form.

XIV. Biastula to Gastrula in the Sea Urchin

Gustafson and Wolpert {1967) summarize some beautiful experiments
on the celiular forces that drive morphogenesis in the sea urchin
embryo. Their main experimental tool was time-lapse cinematography.
These experiments led them to posit the existence of 2 small number of
mechanisms that operate at early developmental stages. They also
summarize data concerning the development of other organisms in
which simitar mechanisms seem to exist.

We shall translate the posited mechanisms into formal terms. When
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this is done, it becomes apparent that the morphogenstic mechanisms
that have been suggesied for sea urchin development are formally
strikingly similar to the mechanisms in the model for cortical tuning in
mammals. In particular, these data contain a manifest analog of the
LTM traces z; in (15). This analogy suggests interesting new considera-
tions concerning sea urchin development. For the sake of brevity, we
merely summarize some highlights of one stage of development: once
the formal analogies are noted, the rest of the data can be similarly
analyzed.

Consider the dramatic step whereby the almost spherical blastuia is
deformed to produce a primitive gut in the gastrula. To discuss this
trensformation, Gustafson and Wolpert (1967) identify several mecha-
nisms, which we summarize as follows: (1} celis can form pseudopods
which are capable of siretching over considerable Intrasmbryomc dis-
tances: (2) cells can be adhesive, or sticky, 1o other cells which comtact
them; {3) pseudopods can contract and thereby generate forces capable
of causing cell motions. Gustafson and Wolpert describe how these
properties can create z gastrufa if they manifest themselves in the proper
spatiotemporal paitern among blastula ceils. Consider Fig. 19a. L=t

ie)

b} .

F1G. 19. (2} Pseudopods from &y search the cavity 2s cells & become differentially
adhesive. (b} A syncytium forms and exens a force that draws t, and & calls closer
1ogether,
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certain mesenchymal cells t, start sending out pseudopods within a
given time interval. These pseudopods randomly explore the blastula
cavity. During an overlapping time interval, certain ectodermal cells 1y
become relatively adhesive. Consequently, with 2 high probability, the
pseudopods from v, will adhere to the cells m. Gustafson and Wolpert
argue, more generally, that pseudopods eventually ageregatle in the
direction of greatest adhesiveness. They show that individual pseudo-
peds are coatinually making and breaking their cell contacts, but that
there is a progressive fusion of the pseudopods into a syncytium. This
syncytium statistically determines a sironp comnection between r; and
.. Once this aggregate connection is established, pseudopodal contrac-
tioms generate enough force to bring the cells 1 and t, closer 1o each
other and eventually form a primitive gut.

Consider the process whereby the syncytium is formed. For conveni-
ence, divide the blastula into 1wo classes of cells, mesenchymal cells V,
and ectodermal cells V,. as in Fig. 19. Let V, comainn cells o,;, i = 1,
2, ..., nand Vy contain m cells v, f = £, 2, . . ., r. Suppose that z,
generates p,(r) pseudopods in the time interval [7, ¢ + Arl. Each
pseudopod tends to rendomly explore the blastpia cavity from its
vantage point. The number of pseudopods that contact ry, is

Su(t} = pu(f)cij(f) (23}

where ¢y(1) is a slowly varying function that describes structural factors
such as how close v, Is 10 vy, . Let pu(f) be the adhesiveness of cell t; in
the time imterval {7, 7 + Ar). If we suppose that pseudopodal connections
from %y 10 £y, are formed when a pseudopod from ty; sticks 1o o, then
the rate of forming such pseudopods is proportional to S;{fms(r).
Choose the proportionality constant equal 10 one for simplicity. If we
suppose that connsctions continue to form at this rate, then the total
number w;;(7) of connections from ty; to o at time T satisfles

Wy = Sy : (24)
since then

wi{f) = j Su(vdps;(v) do (23)
[
if there are no connections at time ¢ = 0. If, however, connections also
break at a spontaneous rate, then (24) is replaced by
Vg = —bgwy + 56,0 (26)

where by is the Tale of breakage of pseudopods between &; and ty;.
Eguation (26) for wy; is formally identical to Eq. (15} for the LTM trace
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2. In this 2nalogy, the pseudopodal aciivity p,; of mesenchymal celis is
compared to the neural activity x,; of gemculaie ceills. Just as xy
generates neural signals at corucal cells, p; generates pseudopodal
contacts at ectodermal cells. The pattern puy of adhesiveness across
ectodermal cells is compared to the STM pattern x,; across coruical celis.
The “*fast™ variables p;; and ., influence “slow™ changes in intercellu-
Iar connecrion strengihs wy, just as the **fast™ vanables x,; and xy
influence *slow™ changes in the intercellular connecrion strengths ;. In
both cases, these sfow changes embody an imponant step of the next
developmental stage. How complete is this tantalizing analogy? Do these
seemingly different systems obey the same formal laws? By comparing
and contrasting them in some detail, interesting expenmental and
theoretical questions will emerge.

XV. Pseudopodal Signaling and Seif-Corrective Feedback

Suppose for the sake of Hlustration that the two svsiems for formally
identical. What does this implv? In the neural model, V, and V, are
separately capable of normalizing, or adapting, their activities lo pro-
duce positional information. They accomplish this by using signals
within themselves that switch on and off cellular mechanisms by mass
action laws. These signals are amranged in an on-cenizr off-surrcund
configuration 1o prodice zdaptation. Suppose that this also holds true in
the sea uwrchin model. Then within the mesenchymal cells and the
ectodermal cells there should exist excitatory and inhibitory signals in an
on-center off-surround interaction pattern that switch on and off cellular
mechanisms by mass action laws, Within the mesenchymal cells V. 2
large activation at t,, induces intense pseudopadal activity; within the
ectodermal ¢ells V.. a large actvation at &y induces intense stickiness.
Whether the signals are generated Dy interceBular diffusior or by
another signal mechanism will generate the same gualitative results if the
on-center off-surround panern of Fig. 8 is accomplished, as was noted in
Secticns XIT and X1, So far. this analogy simply says that positional
information selects for pseudopodal and adhesive celis. This much is
easy to accept.

If the analogy is relentlessly pursued. however, then some unexpected
issues emerge. For example, in the cortical model, the LTM wraces z
help to determine the 8TM traces x,; by multiplicatively gating the signal
from v, to te. The net signal from v, to ty; is thus Sy . Attdme 1 = 0,
25(0) describes the z priori connection strengtk from oy, to tu; that is
determined by the previous developmental stage. Arguing by anaiogy,
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we ask whether pseudopodal contacts from oy to oy act as signals from
Ly 10 Ly that are capable of tuning the distribution of pseudopodal
contacts from ¥V, to V;? We now show thai this would imply the
existence of a robust self-correction procedure for growing a correctly
positioned syncytium should a small genetic error occur.

To understand this mechanism, recall what happens in the genicuio-
cortical twning model. In that model, before tuning takes place, viable
geniculocortical comnections exist. A normalized pattern of activity
across Vy creates a total signal

n
$; = 2 Skitis
pat
at each cell &, In Vi, At time 7 = 0, the pattern of these signals across v,
In response to a prescribed input pattern at V, can be almost uniform.
Whenever this pattern is presented at V,, the on-center off-surround
interaction within V¥, contrast-enhances the signal patiern  {5,.
Sy, ..., 5.} until only cerain larger signals generate sustzined aciivity
in STM. This transformation from signals at ¥, into STM at V,1s a
relatively fast process. Then the stored STM activities at V. cause slow
changes in the LTM traces z; via (15). The slow changes in LTM traces
can, in turn, shift the pattern of STM activity at ¥, until a dynamic
equilibrium is established between STM at V, znd the LTM traces from
¥i10 V;. In this way, a sustained bias in the patierns that perturb V, can
induce a shift in the spatial distribution of STM and LTM at V.. Such a
feedback between STM and LTM is a robust and stable mechanism of
developmental change.

What would the physical meaning of such a process be if it keld during
gastruia development? First it says that the pattern of pseudopodal
contacts across V, can influence the relative adhesiveness of celis in V..
In other words, pseudopodal contacts act as signals. The toral signal

n

5= 2 Suwe 27)

K=l

from ¥} 10 &y then determines how adhesive ©, will start 1o become due
to psendopodal contacts. In other words, both z; and wy represent the
conditional expeciation that a signal will reach &, from ;. As in the
cortical model, the different signals 5,(0) can initially be very similar in
size, because the various pseudopods are randomily exploring the
blastula ¢cavity. Suppose, however, that certain V. cells get an initally
larger signal. Now comes a crucial point. Win' do certain V, cells get an
initially larger signal? They get this signal because of their position
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relative 1o the pseudopod-generating cells in V| . In particular, if a small
genetic mistake i the position of pseudoped-generating cells in V)
occurred, this mistzke could be corrected by shifiing the cells in V. that
become sticky to the shifted pseudopods. Thus, if the signals from V]
help to determine the pattern of adhesiveness across Vy, then the system
enjoys a self-correction property.

To pursue our azrnalogy, suppose that ceriain cells in V. initally get
larger signals 5;{0) from V,. Then contrast enhancement and STM of the
signal pattern will occur in V.. That is, ectodermal cells, which receive
the most pseudopods, will start inhibiting the stickiness of V, cells
which receive fewer pseundopods via their on-center off-surround inter-
actions. Consequently, more pseudopods will stick to these preferred
cells, thereby making them even more sticky via lateral inhibidon. In
other words, the randomly searching pseudopods eventually form a
syncytium from V) to V.. This process eventually equilibrates because
the total amount of adhesiveness across V, is normalized bv i1s on-
center off-surround i{mieractions. In summary, the analogy with cortical
tuning suggests a self-correction procedure for synchronizing mesenchy-
mal and ectodermal interactions, and a mechanism of svncviium produc-
tion due to positive feedback between pseudopodal aggregation and the
adhesiveness of ectodermal cells, supplemented by adaptation, contrast
enhancement, and STM of the pattern of adhesiveness.

The above mechanism can also be approached in another way.
Suppose that the properties of adhesiveness and mutual cell contact are
paraliel properties in ectodermal cells: that is, theose ectodermal cells
that contact their nzighbors most vigorously are also the ¢eiis that are
most adhesive. Gustafson and Wolpert (1967, pp. 471-472) note compat-
ible data: " The adhesiveness . . . is thus non-specific in the sense that it
serves in the mutval contact of ectodermal cells as well as the ¢contact
between meseachymal pseudopeds and the ectoderm.” The idea that
pseudopeds act 25 signals then reduces io the following statement.
Stickiness can increase cell contact, and converselv. If more pseudopods
contact particular ectodermal cells, then, other things being equal, these
cells will become more sticky.

The zbove mechanism will operate whether or not there is an
independent mechanism within V. for generating an adhesiveness gra-
dient across ectodermal cells. If there is such an initial gradient across
V., but the relative positions of pseudopodal and adhesive cells are
incorect because of some uncontrolled factor. then the tuning mecha-
nism will tend to correct it. This is also what happens in the cortical
tuning model. There, viable geniculocortical connections exist before
wning of these connections takes place. These connections are presum-
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ably due 1o the action of positional gradients in both the geniculate and
the cortex at a previous developmental siage: cf. the development of the
retinotectal map in Xenopus (Hunt and Jacobsom, 1972, §973z,b).
Nonetheless, a sustained bias of acuvity in the model’s geniculate can
induce a shift in the patiern of geniculocortical connections. If there is
no mechansm within V, for independently generating an adhesiveness
gradient—which seems unlikely, given the vital importance of gastrula-
tion—then pseudopodal signaling will tend to produce one even if there
are shight structural asymmetries that favor comtacts at certain ectoder-
mal cells above others.

XVL. Some Experimental Tests

How can these suggestions be tested? Of course, certain experimentzal
manipyiations can renormalize the fleld interactions, but with these
problems under control, the following experiments are suggested, among
others. First, if certain cells in V., become relatively very sticky just
before pseudopods are generated, then pseudopodal signaling is at best a
second-order correction procedure for a primary template of adhesive-
ness. Notg, however, that all cells in V. can initally be almost equally
sticky without contradicting the idea that pseudopods are primary
inducers of the V, gradiemt. If pseudopods are prevented from reaching
V,, will the pattern of adhesiveness across V, be different than it would
be if pseudopods can reach V,: for example, does the pattern remain
relatively uniform in the former case? I not, then zgain pseudopodal
signais are not primary agenis for regulating V,'s adhesiveness. If
pseudorod cells are shified relative to ectodermal cells, does the patiern
of ectodermal stickiness also shifi?

The above comparison of cortical tuning with gastrula formation
focuses on a general property that is worthy of consideration independ-
ent of any particular model—namely, the property of self-correction,
whereby a shift in pseudopodal cells can induce a corresponding shift in
sticky cells. Such a property can formally be achieved without invoking
pseudopedal signaling. For example, suppose that mesenchvmal and
ectodermal cells form part of a single normalized field of on-center off-
surround signals. Let the properties of pseudopod production and
adhesiveness be complementary properties in this field (dipole field!).
Suppose that there is a spatial gradient of field activiry from mesenchy-
mal cells to ectodermal cells. Then z peak of pseudopodal activity at
certain mesenchymal cells will correspond to a peak of adhesiveness at
antipadai eciodermal ceils. Consequenty, a shift in the most active
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mesenchymeal cells will induce 2 shift in the Jocus of maximally adhesive
ectodermal cells. This mechanism of self-correction operates via signals
passed between contiguous cells, rather than by pseudopodal signals.

Were both mechanisms of self-correction available. there would exist
a primary gradient for syncytium production stabilized by a secondary
feedback mechanism.

XV11. Prodection versus Directed Growth

The comparison between cortical and gastrula models also suggests a
formal isomorphism between cenain processes of chemical production
and growth. It is known that viable geniculoconical connections exist
before tuning takes place {Hubel and Wiesel, 1970). In the corical
model, therefore, changes in £ need not reflect new growth or decay of
neural connections., but rather merely a change in transmitier production
rates andfor In the sensitivity of posisynapiic membrane sites. Of
course, if more transmitter is produced, then a secondary growth of
synaptic knebs can occur. In the blastula model. wy unambiguously
describes the growth of connections. The fact that =; and w; obey
identical laws shows that production. sensitizztion, and growth can all
be stages of certain developmental or learning processes without chang-
ing the formal laws of these processes from stage to stage. This
observation also widens the appiicability of known theorems about
LTM. The geperal theorems on LTM in metworks with arbitrary
anatomies and daia preprocessing (Grossberg, 1971, 1972a. 1974) can be
interpreted as theorems concerning the growth patierns that are gener-
ated by prescribed patierns of inducer acuvity. Previously. the general-
ity of these theorems was interpreted to mean that this LTM mecha-
nism, if invented a1 a prescribed time during evolution, could be uttlized
10 learn arbitrarily complex pattemns in any later evolutionary specializa-
tion.

X310, Biochemical Memory and the Folds of Rhodnius

Locke {1959, 1960, 1967) described a segmental gradient in the Insect
Rhodnins. This gradient controls the polanty of epidermal cells and
carries posinonal informaton. Polarity is expressed by the orientation of
folds in the adult epicuticle, which are parallel to the contours of the
gradient. Lawrence er al. (1972) investigaled various reaction-diffusion
models to test whetherone of them could maich the cuticle pattern in
aduit insects after rotation of square pieces of epidermis in insect larvae.
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They ruled cut a2 model in which the gradient depénds only on the
activities of a line of source cells at one end of the segment and a line of
sink celis ai the other end. Such 2z model is compartible with Wolpert's
(1969) heuristic analysis of positional information. A model in which
each cell is a homeostatic unit in the gradient was found 1o fit the data
well. In such a model, each cell participates in establishing and maintain-
ing the gradient, as in a reverberating network. They also found that a
given cell attempts to maintain its original or “‘set’” concentration when
it is transplanted to & new position in the segment. Iz other words, each
cell “remembers™ Its positienal information. Onte moved 10 2 new
position, the cell’s activity is gradually influenced by contiguous activi-
ties 10 produce an intermediate activity level.

The possible exisience of intracellutar memory of position sugeests
the consideration of intracellular networks of reactions. Such 2 memory
holds in the dipole field of Fig. 11. As Eq. (12} shows, an individual
dipole can store its normalized activity in STM for indefinitely long
times. When such a dipole is embedded into a field of intercellular
interactions, as in Fig. 11, its STM activity level will be influenced by
the levels of its neighbors, as is suggested by the data of Lawrence er al.
{1972).

The dipocle model, as in Egs. (10) and (11), requires that each cell
contain two processes that excile themselves and inhibit each other,
perhaps through a chain of intermediate reactions. When the inhibition
reacts quickly, asymprotic steady states exist. When ichibition reacts
slowly. periodic osciflations can ocenr, as in Section IX. These intracell-
ular processes thereupon generate imtercellular signals that influence
each other in an on-center off-surround interaction pattern. A hikely
candidate for mumally antagonistic intracellular processes that set
metabolic rates are intracellular reactions that involve cAMP and ¢cGMP.
For exampie, in slices of bovine sympathetic ganglion, dopamine in-
creases cAMP but not ¢GMP production, whereas acetvicholine in-
creases ¢GMP but not ¢cAMP production {Kebabian ef al., 1975). More
generally, there is a growing body of bicchemical data which suggests
that cAMP and ¢cGMP are aniagonists in the regulation of intraceilular
biochemical reactions (Libassi, 1974). In more formal terms, antagonis-
1ic pairs of recurrent processes are needed 1o maintain an intraceliutar
memory of biochemical production rates, just as antagonistic pairs of
recurrently interacting motor control cells can maintain a fixed limb
posture. See Section XXI.

Lawrence er al. (1972, pp. 826-827) also find that “the homeostatic
level of each celf is reset at some stage in the cell cycle to the ambient
concentrztion ar that time.”” In Egs. {10} and (11) this amounts 1o turning
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on the Input I during 2 critical time interval in the cell cvele. Such a
“nonspecific shunt™ or “‘tuning”™ of cell excitabiliiv also often occurs in
neural networks. For example, turning on a nonspecific shunt car
operate 2 Now Print mechanism that allows learning 10 occur during a
cntical interval {Grossberg, 1974}, or tngger STM storage of a sensory
pattern by overcoming the quenching threshold (Grossberg, 1973), or
activate . the map that canses a imb to move toward a prescribed
terminal position (Grossberg, 1973, 1975, 1978b).

If a dipole does, indeed, control the “memory™ that Lawrence et al.
(1972) observe, then this memory should properly be thought of as STM,
notwithstanding its longevity. STM is distinguished from LTM not by its
possible duration, but by how rapidly 1t can be erased by competing
evenis.,

XIX. Slime Mold Aggregation and Slug Motion

Here it will be suggested that various stages of slime mold develop-
ment can be discussed in terms of such interaciive network propertizs as
nonspecific shunis, conirast enhancement, and hysteresis. We shail also
make some suggestions about underlying slime mold dynamics, Bonner
(1967, 1969, 1974} elegantly summarizes the various stages whereby
hungry amoebas aggregate into a slug, which thereupon is capable of
organized movement unul it forms a fruiting body. Bonnsr (1569)
describes the experiments that implicate cAMP as the intercellularly
ciffusing agent that causes amoebas to stream together into a2 siug. In the
spirtt of Turing’s (1952) paper, both Keller and Segel (1970) and Gierer
and Meinhard: (1$72) view aggregation as an instability in a reaction-
diffusion system. This instability becomes the property of contrast
enhancement in the analogous network. In other words, after food is
removed, each amoeba begins to produce more cAMP. By chance,
certain amoebas produce more cAMP initally. Contrast enhancement
amplifies these small differences In initial cAMP production until they
eventually become large differences. To achieve contrast enhancement,
the cAMP signals f{w} from individual amoebas will be assumed 1o be
sigmoid functions of an intracellular activity level, w. For exampie, as an
amoeeba’s acrivity level increases, more cAMP production sites can be
recruited because their production thresholds are (say) Gaussianly
distributed around some mean value A, as in Fig. 6. Turning on these
signals at a prescribed time can be achieved by a nonspecific shunt that
either amplifies activity or lowers the mean production thréshald. Were
such a shunt 10 operaie inthe present case, it would presumably be
triggered nonspecifically across the field of cells by the absence of food.
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To prevent saturation of the pattern of these interceliuiar signals, an
antagonistic chemical signal is also needed. This chemical is called
acrasinase in the classical literature (Bonner, 1969} and is known to be a
phosphodiesterase (Chang, 1968). How does acrasinase work? The
model suggesis that, 1o avoid saturation, a recurrent off-surround exisis.
In other words, intracellular acrasinase production should be coupled 10
intracellular cAMP production such that cells preducing the most cAMP
also produce the most acrasinase, zs in Fig. 8. Acrasinase would diffuse
more broadly than cAMP to simulate 2 recurrent on-center off-surround
interaction. If (say) the gain of the acrasinase production process is
sufficiently smali [cf. A in Eq. (14)], then perodic pulses of cAMP can
be produced, even if no amoeba acts as a pacemaker. ]

How does ¢AMP influence amoeboid motien? As in the case of sea
urchin pseudopod motion. it is plausible 10 assume that amoebas are
attracted toward the directions in which cAMP concentration is greatest
(Xeller and Segal, 1970). The simplest way 10 approximate this motion in
a network is as follows. Let n amoebas ¢, &, . . . , t, be distributed in
2 planar region at position w1, {1}, wr), . . ., 14,(1) at time 1, where 4,(7) =
(s (1), e {r)) with w1 (1) the abscissa and u#2(r) the ordinate of ©;’s planar
position. At time 1, the total signal from ail cells to 4 is

> FllCluy (), mile) (28)
L=y

where f(w) is the sigmoid signal in response 1o activity level w, x.(r} is
the activity at time 1 of ., and C(P, 0} is the connection sirength from
position P ie position Q: for example,

C(P. Q) = wexp[-BIP — O (29}

as in Fig. 8, with | P - (| the distance between P and Q. Expression (28)
can be written more tersely as

gfk(r)ck,(r) (30)

with fe (1} = flx () and Cu(p) = Clu (). u:(1)). Suppose for simplicity
that the amoebas are initially close enough to each other to be able to
sense each other’s ¢cAMP gradient. Then the motion of cells can be
approximated by

I

=

HlCrs — Ci)

o«
—=3 31
I j=ikm joy ~ u;
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or in component form

20 - 3 T £Cy - Cadcos 6,

LA et
and

Sitys =2 .

—= =3 ¥ AlCy ~ Cu)sin gy

a o

where &; is as defined in Fig. 20. In other words, cell motion is induced
by differences in the total signals experienced at each celf.

Several quatitative conclusions about aggrepation can be read off from
Eq. (31). First, suppese that a given cell & is much more active than
other cells that sumround r; at random positions. The z will tend to
experience an almost radizlly symmetric gradient. because when its
large, radially symmetric signals are added 10 the relatively small signals
produced by the other cells, the total gradient remains approximately
radially symmetrie. Thus. relatively active celis tend to move less
rapidly than other cells, other things being equal: thev act 2s attractors
for relatively inactive cells, which tend 10 move most rapidly toward the
highest density of signals. This much is obvious from the assumption
that atractive gradients exist.

Second, an imporant equivalence can be observed betwesn relative
motion of two ceils and the dilation or contraction of their en-center and
off-surround fields (Fig. 21}. Figure 21 shows two cells far apart and
then closer together. The passage from Fig. 2Ia to Fig. 2ib can be
achigved either by moving the cells closer together or, equivalently, by
broadening the spatiaf extent of their on-center and off-surround interac-
tions. Given that Fig. 2Ib holds. we can mow ask what happens
whenever two celis get close enough together to be deeply immersed in
their on-centers? The answer is: hysteresis. That is, a high central peak

ain

F1G. 20. Cell motions induced by spaiial gradients established by the toral signals at
<ach point.
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F1G. 21. Cells outside cach other’s on-center {2) and then inside (b), being due cither to
relative motion or 1o relative expansion of excitatory fields.

of excitation is produced by the recurrent excitation. This central peak
tends to keep the cells close together. In other words. celis tend 1o form
clumps that stick iogether, i only becanse of hysteresis. By the first
remark, these clumps will tend to stream toward the locus of maximal
exciiation, ulumately forming a slug. This observation does no! imply
that mechanisms other than hysteresis, such as adhesiveness, are
inoperative. Rather it suggests that field effects, such as hvsteresis. tend
to form a dynmamic equilibrium with cellular mechanisms, such as
adhesiveness.

Given that 2 slug is eventually formed, how does it move? To start off,
suppose that the slug has a rectangular shape, in which each cell is
equally active. Figure 14a shows thar contrast enhancement can then
create relatively large excitation at both ends of the slug. Were this the
case, the amoebas would tend to move toward the two ends of the shug.
thereby tending to split it into two parts, However, the amoebas are nor
egually active. The mechanism of contrast enhancement will have
generated 2 maximum focus of activity in a small number of contguous
amoebas before the slug is totally formed. When the slug is formed,
contrast enhancemem will further strengthen the relative activity of
these cells (Fig. 22). Consequently the amoebas will tend to move in a
preferred direction, held together by hvsteresis, among other factors.
Indeed, sometimes the front end of the slug is raised while it moves.
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EXCITATORY
ACTIVITY

SLUG

Fi1G. 22, Colony motien due o asvmmetric excitatory gradient &nd hysteresis.

When this happsns the slug moves fasier (Bonner, 1967). Such a
configuration can only increase the amount of contrast enhancement at
the front end of the slug by increasing its surface arza. The gradient is
thereby steepened and faster movement is anticipated.

XK. Adhesiveness, Growth, Cell Streaming, and Divisien

This discussion of aggregaticn and slug motion in terms of noaspeciiic
shunting, contrast enhancement, and hysteresis does not imply that
other factors =zre not at work—for example, adhesiveness between
amoebas. It does suggest, however, that interactive properties set the
stage for, and siabilize, other mechanisms that are acling in paraliel with
them. Indeed, if the adhesive bonds betwesn cells are continually being
made and broken, as indicated in Section X1V, with a spatial disiibution
that depends on the gradient experienced by each cell, then colonies of 2
given cell will behave much like a liquid. as Sieinberg and his colleagues
have elegantly demonsirated (Johnson, 1974. Steinberg, 1970). For
example, a cell near the center of a colony wiil tend to remain spherical
because it experiences an almost spherical gradient from the cells that
surround it, and will tend to flow and make intercelular contacts that
match this gradient.

In 2 similar fashicn, as a colony of cells grows, the pattern of activity
across these cells due to their collective interactions can also change.
This is due to a change In the spaiial scale of the colony relative 1o the
scale of 11s on-center off-surround interactions, much as in Fig. 14.
Suppose. for example, that all cells in the colony are equally active, and
that the entire colony initially fits within the breadth of the on-center of
each cell. Then inhibitory interactions are relatively ‘weak, and a
unimodal net activity across populations can occur. This spatial gradient
wilf 1end 10 keep the cells in the colony clustered together. If, however,
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the colony grows so much that it exceeds the on-center scale, then
inhibitory interactions tend to contrast-enhance the activity at its bound-
aries, as in Fig. l4a. This will induce ceil streaming toward the
boundaries znd a tendency to split the colony into two parts, If 2 similar
mechanism operates in individual cel's, then cell growth can help to
induce mitosis by simultaneously c¢r.nging the spatial gradiemts of
membrane adhesiveness and protoplasmic streaming across the cell.

The above remarks suggest that similar formal rules hold in many
developmental and adult learning situations. These common rules are
generated by the common problems of systems that process patterned
information which is then used to trigger a mew sizge of system
organization. In effect, similar siatistical and geometrical constraints are
needed to guarantee successful processing. A casual similarity was
already noticed by Gierer and Meinhardt {1972} berween their reaction-
diffusions 2nd the neural model of Hartline and Radiff (Ratliff, 1963} for
lateral inhibition in the Limulus retina. This relationship was not pursued
# only because the Hartline-Ratliff model uses additive interactions, is
purely inhibitory, and is incapable of STM. In other words, botk the
statistics and geometry of the Hartline-Ratliff model are inappropriate
for noticing the deep connections between nonfinear reaction-diffusions
and nonlinear networks.

XXI. Chemical Substrates of STM and LTM: Crclic Nacleotides, Tons,
Transmitters, and Protein Syathesis

The above examples share common formal properties. Are these
common formal properties realized by common cellular mechanisms—in
particular, by common biochemical reactions? This section briefly
suggests an affirmative answer, which will be developed more com-
pietely elsewhere. In all the examples, recurrent dipoles regulate intra-
celiviar STM. This means that pairs of antagonistic chemicals can be
used to set and maimain biochemical production rzies at prescribed
levels untl an extracellular signat quickiy resets these levels. Do such
ubiquitous chemical dipoles exist? The cyclic nucieotides cAMP and
¢GMP are implicated 25 such a pair by numerouns experiments that
depict their role as antagonistic “*second messengers™ capable of 1rigger-
ing intercelular reactions (Robison er af., 1971; Schultz e al,, 1973a.b;
Leda er al.,, 1973; Casnellie and Greengard, 1974: Libassi, 1974:
Ciement-Cornist 1 al., 1974; Nathanson and Greengard, 1974; Garbers
er al., 1975a,b: Greengard, 1975; Sloboda er al., 1975; Willingham and
Pastan, 1975). Intercellular STM dipoles involving cAMP and cGMP can

COMMUNICATION, MEMORY, AND DEVELOPMENT 229

also be inferred 10 exist. For example, Wise er af. (1973) show that
reward centers employ norepinephrine and punishment centers employ
serotonin as their respective tranamitier subsiances. These authors
suggest that the relative activities of these centers detarmine an animal's
net emotional affect of any time. This data can be combined with data
showing that norepinephrine {or its precursors) stimulatas cAMP pro-
duction, whereas serotonin stimulates ¢GMP production (Libassi, 1974;
Kebabian er al., 1975) to suggest that the relative imbalances in
norepirephrine and serotomin are paraileled by relative imbalances i
cAMP and ¢cGMP in the two centers. These experiments are compatible
with a neural theory of reinforcement that is derived from simple
behavioral postulates {Grossberg, 1977b.c, 1975). Herein, iransmitters in
paraliel pathways form a recurrent dipole that regulztes net incentive
motivation through time. The relative concentrations of the (ransmitters
in the paralle] pathways control the net emotional state any any time, as
in the Wise er al. (1973) data. The theory derives equations for the
dipole which predict how reinforcing different events will be. Given the
above remarks, the equations also predict relative amounts of cAMP and
¢GMP in the parallel pathways.

What abouat LTM? Is there a common chemical mechanism for LTM
in many biological systems? Is LTM also stzciiized by a recurrent
dipale? Recall that LTM, by comrast with STM, cannot be switched
from one level 10 another as soon as an extracelular signal is impaosed.

We snggesi that the answers 1o all these questions is “*ves.”” In nerve
cells, we suggest that the 1wo structural ends of the dipole are near the
cell body and the sypnaptic knobs, and that the LTM transmitter can be
acetyicholine. Such a chemical dipole was derived in Grossberg (1969)
from a neural model of classical conditioning, which is reviewed in
Grossberg {1974). This work analvzes the minimal intracellular mecha-
nisms that are compatible with the LTM equations of the model. Various
experimenta} data implicate the cholinergic svnapse as the site of LTM
{Deutsch, 1972). and such datz are compatible with and reviewed in the
reinforcement theory in Grossberg {1972¢).

The minimal LTM mechanism in Grossberg (1969} was also general-
ized to describe a way 1o regulate the LTM of intracelular production
rates in other situations. This minimal scheme is relevant to recent data
on cyclic nuclesctides, and will therefore be briefly sketched. It describes
cellular sites at which hierarchies of binding strengths exist for the ions
Na*, K*, Ca®*, and Mg*" acting in parallel with other (unnamed)
chemicals. In this scheme, Na~ is antagonistic to K™, Ca*"is antagonis-
tic to Mg**, Na* and Ca®" are synergistic cofactors, Ca® and Mg~ bind
much more strongly 1o intracelular sites than do Na™ and K™, and
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acetyicholine causes release of unbound Ca®*, which thereupon triggers
events leading 1o LTM. Differences in the relative amounts and binding
strengths of these ions at particular sites are used to explain a variety of
facts pertaining to presynaptic acetvicholine svathesis, postsynaptic
protein synthesis, intracellular transport, and extracellular transmirtrer
release. The two ends of the LTM dipole coordinate the avaiiability and
spatial shifts of the jons (and parallel processes). The bound jons set
reaction rates leading to LTM, and thereby constitute a type of
“intermediate memory™ between STM potentials and signals, and
possible LTM structural changes.

Two sets of recent experiments tend to support and extend this
theoretical picture. Schultz ¢f al. (1973a} showed that Ca™ mediates the
preduction of cGMP in response to acetvichoiine in the ductus deferens
of the rat. Moreover, in mammalian organs rich in smooth muscle,
cCGMP initiates specific cyclic nucleotide-dependant phosphorylation of
synaptic membrane proteins, which possibly alier the selective permea-
bility properties of the membrane (Ueda er af., 1973. Casnellie and
Greengard, 1974: Greengard, 1975; Kebabian er al., 1975). In other
words, the experiments suggest how acetvicholine can initiate LTM
changes. such 2s sensitization of the posisvnaptic membrane, by causing
release of unbound Ca*™. Soch biochemical results have recently encour-
aged the vizw that subtle shifts in the concentations of ions can alter the
rates of sustained biochemical production {Libassi, 1974). From the
vantage point of the LTM theory in Grossberg (1969, 1974}, the pattern
of binding among the jons Na*, K*, Ca®™, and Mg"* at different cellular
sites sets the rates of reaction whose end products embody LTM
changes. Coordinating the availability of these ions at a varisty of
celiular sites requires the existence of a chemical dipole in each cell.

In summary, resulis on the biochemical regulation of STM and LTM
in single cells tend to paraile! the results on $TM and LTM in networks
of cells. We take these striking parallels as evidence that cerain
universal developmental control mechanisms are coming into visw,
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