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Contour Enhancement, Short Term Memory,
and Constancies in Reverberating Neural Networks

By Stephen Grossberg*

A model of the nonlinear dynamics of reverberating on-center off-surround net-
works of nerve cells, or of cell populatidns, is analysed. The on-center off-surround
anatomy allows patterns to be processed across populations without saturating
the populations’ response to large inputs. The signals between populations are
made sigmoid functions of population activity in order to quench network noise,
and yet store sufficiently intense patterns in short term memory (STM). There
exists a quenching threshold : a population’s activity will be quenched along with
network noise if it falls below the threshold ; the pattern of suprathreshold popula-
tion activities is contour enhanced and stored in STM. Varying arousal level can
therefore influence which pattern features will be stored. The total suprathreshold
activity of the network is carefully regulated. Applications to seizure and hallucina-
tory phenomena, to position codes for motor control, to pattern discrimination, to
influences of novel events on storage of redundant relevant cues, and to the
construction of a sensory-drive heterarchy are mentioned, along with possible
anatomical substrates in neocortex, hypothalamus, and hippocampus.

1. Introduction

Recent experimental studies of the hippocampus (Anderson et al, 1969) have
suggested that its cells are arranged in a recurrent on-center off-surround anatomy.
The main cell type, the pyramidal cell, emits axon collaterals to interneurons.
Some of these internueurons feed back excitatory signals to nearby pyramidal
cells. Other interneurons scatter inhibitory feedback signals over a broad area.
Recurrent on-center off-surround networks are found in a variety of neural
structures other than hippocampus; for example, neocortex (Stefanis, 1969) and
cerebellum (Eccles et al, 1967). What does this fundamental principle of neural
design accomplish? What can a recurrent, or reverberating, network do that a
non-recurrent, or feed-forward, network cannot? In the special case of the hippo-
campus, one can in particular ask: How does this anatomy contribute to setzure
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activity in response to topical application of either strychnine or penicillin crystals
(Anderson et al, 1969)? Can one functionally interpret the suggestion that afferent
fibers to the hippocampus excite the inhibitory interneurons directly (Anderson
et al, 1969), thereby creating a feed-forward inhibitory action, in addition to the
recurrent inhibition activated by pyramidal cell output?

This paper describes mathematical results that seem to be relevant to these
issues. We study a model that emphasizes the properties of interacting populations
of cell sites. These populations can be interpreted either as populations of small
membrane patches on individual cells, or as populations of whole cells. The
model is perhaps more general since it is defined by mass action laws involving
excitatory and inhibitory processes. As in the paper of Wilson and Cowan (1972),
we assume that the cell sites in a given population are distributed in such a fashion
that their interactions are spatially random and densely distributed within each
population and between population pairs. Our equations differ from those of
Wilson and Cowan, however. Their excitatory and inhibitory interactions combine
additively before they are further processed; our interactions are of shunting
type (Hodgkin, 1964 ; Sperling, 1970; Sperling and Sondhi, 1968). Differences in
the applicability of these equations are discussed in Section 3.

Denote the average excitation at time ¢ of the ith population ¢; by xft), i = 1,
2,...,n. We will study how these averages are transformed through time by
recurrent on-center off-surround interactions (Figure 1); that is, each population
excites itself and inhibits other populations via the system of equations

%= —Ax; + (B — x))f(x) — x; Zf("k) + I,

wherei = 1,2,...,n,and x{ < B)is the mean activity of the ith cell. or cell popula-
tion, v; of the network. Four effects determine this system: (1) exponential decay,
via the term — Ax;; (2) shunting seif-excitation, via the term (B — x;)f(x,): (3)
shunting inhibition of other populations, via the term —x; Zk,i f(x,): and (4)
externally applied inputs, via the term I;. The function f(w) describes the mean
output signal of a given population as a function of its activity w. In vivo, f(w) is

RESPONSE TO EXTERNAL INPUT
TO Vi AS SEEN FROM ABOVE

Figure 1. Recurrent on-center off-surround network.
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often a sigmoid function of w (Kernell, 1965a, b ; Rall, 1955a—). The mathematical
results below will show that this is an important property of the above model for
the effective processing of signals in noise.

First, why is an on-center off-surround anatomy needed at all? It has been noted
that such an arrangement permits contour enhancement of sensory information
(Ratcliff, 1965). We will show that a more basic property can be achieved as well.
In many neural systems, noise cannot be avoided, if only because they operate
near the quantum range, as in the case of sensory systems. Also cells, and therefore
cell populations, have finite saturation levels in response to external inputs.
Given these facts, consider the processing of a pattern of input signals delivered to
an ensemble of noninteracting cell populations. If the signals are too small, they
can be lost in the noise. If they are too large, they can saturate their respective
populations, thereby creating a uniform pattern of excitation across populations
and destroying all information about the input pattern. In short, noninteracting
cell populations are caught between two unsatisfactory extremes. To avoid these
extremes in the noninteracting case, input intensities must be restricted to a very
narrow range, and one loses the ability to process arbitrary patterns with fluctuating
input intensities. On-center off-surround interactions solve this problem: they
permit effective processing of arbitrary input patterns across populatlons, without
saturation, even if the inputs are large.

Recurrent on-center off-surround anatomies are capable of short term memory
(STM); that is, they can reverberate a pattern of activity distributed over cell
populations for an indefinite interval of time. This reverberation can also be
switched off rapidly by inhibitory inputs if a new pattern is delivered by external
sources ; the decay rates of individual cells can be large after the excitatory rever-
berating loop is broken by inhibition, even if the reverberation through an active
excitatory loop is long lived. See Figure 2. A single layer of nonrecurrent on-
center off-surround network has limited STM capabilities. Such a network can
store a pattern only if it has small decay rates. It will therefore also recover slowly
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Figure 2. Input inhibits old reverberation as it imposes a new pattern to be reverberated.
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from inhibition aimed at shutting the pattern off. Consequently, its response to
new inputs will be biased by the lingering traces of old inputs. In a psychological
context, the use of reverberation as a mechanism of STM has been suggested
(Estes, 1972; Grossberg 1971a). For example, from operant conditioning experi-
ments, one is led to seek reverberatory processes that can maintain in short term
storage internal representations of sequences of external events until later rewards
or punishments occur and transfer the memory of these sequences to long term
storage (Grossberg, 1971a). The interplay of reverberatory and arousal processes
on this transfer process has been discussed on various levels, for example neuro-
physiologically (John 1966) and psychologically (Grossberg, 1971a, 1972a,
1972b). ‘

The STM capabilities of recurrent networks carry with them possible difficulties.
If these networks can reverberate patterns imposed by external inputs, then why
don’t they also reverberate their own noise indefinitely, thereby flooding the
network with its own noise? The answer is that they do, if the signal function f(w)
is improperly chosen. For example, if f(w) is a linear function of w, or a function
that grows slower than linearly, such as f(w) = w(1 + w)™ !, then noise will be
amplified and reverberated. Note that if f(w) is linear, then no contour enhance-
ment will occur; the f(w) that does provide contour enhancement is chosen, first
and foremost, to prevent amplification and reverberation of noise. If f(w) grows
faster than linearly, such as f(w) = w?, then this problem is avoided. Sufficiently
small noise values will dissipate through time. If a brief, but sufficiently intense,
input pattern is imposed on the noise, however, then two things happen. First,
all populations which receive the largest input in the pattern will suppress the
activity in all other populations, including the noise. Second, normalization occurs :
the total activity x(1) = Y 7., x,(t) of all the populations approaches a fixed
positive limit through time. The first property shows that an extreme form of
contour enhancement occurs: only the peaks of the input pattern survive. If one
population of the network receives more input than any other, then the network
“chooses™ this population and quenches all others. The second property shows
that the system precisely regulates its total activity, and can store the activity of
certain populations indefinitely in STM by reverberating their activity through
excitatory recurrent interneuronal loops.

The first property is too strong: too much of the pattern is suppressed in the
attempt to suppress the noise. How can this be avoided? The way is to choose f(w)
so that it grows faster than linearly for small values of w, and (approximately)
linearly at larger values of w. Then noise dissipates, and there exists a quenching
threshold. This means that, given a sufficiently energetic pattern of inputs, the
activities of populations which fall below the threshold are quenched (including
noise) and those which fall above the threshold are contour enhanced and stored
in STM.

In the subsequent discussion; let the existence of a constant quenching threshold
be assumed. Then the determination of which populations will be quenched, in
the presence of sustained inputs, depends on the total strength I = Y ;_, I, of the
input to all populations. Consider Figure 3. In Figure 3, a nonspecific arousal
input J, combines with a specific input J; at each population v;. Two important
cases arise. In Case 1, J, and J; combine multiplicatively to influence the activity
level x;. Input J, is said to shunt the activity level (Grossberg, 1973). In Case 2,
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Figure 3. Interaction of arousal and specific inputs.

J 4 and J; combine additively to influence the activity level x;. Consider Case 1 for
definiteness. Then the input J, does not change the relative input levels to the
various populations. (In Case 2, a large J , tends to uniformize any pattern of J,’s.)
Let J, be parametrically increased to ever higher levels. One hereby increases the
number of populations that receive enough input to exceed the quenching threshold
and are stored in STM. Conversely, reducing J, decreases the number of popula-
tions that will be stored. Thus, given an input pattern in which many inputs are
close to each other in relative size, one way to *‘make a choice” between popula-
tions is to lower the arousal level of the input until only one population exceeds
the quenching threshold ; in common parlance, put the network in a quiet place.
By contrast, one way to make as many cues as possible relevant to further network
processing is to substantially increase the arousal level. Thus, suppose that a
“novel” stimulus excites the network’s nonspecific arousal source. Then all
recently presented cues can have their network representations brought into
STM to play a part in further network processing, including the sampling and
subsequent learning of motor responses (Grossberg, 1973). In this way, novel or
unpredictable events can bring all possible information about presently available
cuesintoanactive state, toenhance the network’s ability to deal with the unexpected
situation. Using this mechanism, one can approach the problem of how redundant
relevant cues are learned (Trabasso and Bower, 1968).

A particularly interesting case arises when the input J;, unbolstered by a suffi-
ciently large value of J,, is too small to drive x; above the quenching threshold.
Then any mechanism that inhibits the action of J, at a given population can pre-
vent this population from reverberating in STM. Figure 4 provides two examples
that illustrate this concept. In Figure 4a, the inhibitory input prevents arousal
from activating x;, but x;’s excitatory recurrent collateral bypasses the inhibition.
Thus, if population v; is already reverberating, it continues to do so when the
inhibitory input is activated. By contrast, suppose that a new input pulse to v;
occurs simultaneously with inhibition of arousal. Then the afferent inhibition
controlled by the new input briefly inhibits the reverberation to allow the new
input to begin reverberating without bias due to the previously reverberated input.
The new input cannot reverberate, however, because inhibition of arousal prevents
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Figure 4. Arousal inhibitors can preserve old reverberations but prevent new reverberations.

it from exceeding the quenching threshold. In short, this type of arousal-inhibition
can prevent transfer of new inputs into STM, but permits storage of old inputs in
STM. By contrast, in F igure 4b, inhibition of arousal also inhibits STM of old
and new inputs.

The above properties have many possible interpretations. For example, suppose
that each population in the network responds to lines (Hubel and Wiesel, 1968),
orientations (Blakemore and Campbell, 1969), or other geometrical features of
external objects. Then varying the arousal level and/or arousal-inhibitors can
determine whether a unique geometrical feature of the visual scene, or some
particular combination of features, will control motor behavior.

In a similar fashion, particular features of a spatial pattern, such as its boundary,
can be stored by the network, while other parts of the pattern are quenched.
Suppose for example that the n interacting populations v; form a rectangular
grid in a plane. Choose n very large, and pack the populations closely together to
achieve a good spatial resolution of external inputs. Let external inputs be delivered
to the populations as follows. If an excitatory input is delivered to v;, then in-
hibitory inputs are delivered to all U in a small circular region around v, (non-
recurrent on-center off-surround input field). Suppose that the strength of inhibi-
tion depends on the distance of v from v;, and let the same be true foralli=1,
2,...,n Let a filled triangle be presented to the field. One readily computes that
the populations that are excited by the triangle’s vertices receive the largest net
excitatory input, the populations that are excited by the remainder of the triangle’s
boundary receive lesser excitatory inputs, and the populations excited by the
deepest parts of the triangle’s interior receive the smallest excitatory inputs. If the
arousal level is sufficiently high, this pattern can be preserved as delivered to the
network, apart from the occurrence of normalization. Smaller arousal levels can,
however, either quench the interior of the triangle and contour enhance its boun-
dary, or can quench all but the triangle’s vertices.
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"We have delivered external inputs via a nonrecurrent on-center off-surround
input field having a limited off-surround to suggest what might happen when the
recurrent off-surround itself falls off with distance ; namely, we suggest that if the
triangle excites a recurrent field of this type, then the field can contour enhance the
triangle boundary, especially its vertices, and can then preserve either vertices,
boundary, or the entire contour enhanced pattern. The contour enhancement and
quenching of significant features in other geometrical figures can be similarly
analysed.

Whereas variations in arousal level can yield useful changes in network pro-
cessing in the present context, overarousal can create inefficient network process-
ing in certain anatomies. For example, it can create massive response interference
and an inability to *pay attention” in networks capable of learning long lists
(Grossberg and Pepe, 1971). It can produce “emotional depression” in networks
which describe aspects of the interaction between drives and rewards (Grossberg,
1972b); the depressed state corresponds to a reduction in the network’s incentive
motivational response to emotionally charged cues.

The flattening of a sigmoid f(w) at large values of w (beyond the approximately
linear range) can, in principle, cause amplification of noise, if the network is
overaroused. Such a flattening cannot be avoided in vivo because cells have
finite maximal firing rates and other bounded constraints on their operating
characteristics. It is proved below, however, that robust choices of parameters
exist for which the flattening of the sigmoid does not deleteriously affect network
processing. The function f(w) is determined by such parameters as the distribution
of signal (or spiking) thresholds and of afferent synapses per cell within each
population (Wilson and Cowan, 1972). The above results show that varying the
function f(w) can dramatically change the pattern features that are stored by the
network in STM. Thus, by changing the relative number of cells having a given
threshold within each population, one can change the pattern features that will be
stored by interactions between populations.

A variant of the overarousal theme is embodied by the question: how cansuch a
network go into seizure? Any operation that creates enough activity in a population
to exceed its quenching threshold will cause the population activity to be amplified
and maintained in STM. This can be done by creating a sufficiently large excitatory
signal (or other perturbation of the population), or by reducing spiking thresholds
thereby indirectly increasing noise levels), or by removing inhibitory feedback.
If, for example, such cell populations subserve particular sensory impressions,
such as in the visual cortices, then these impressions can be created in the absence
of external sensory cues if the quenching threshold is exceeded by any other
mechanism. If such cell populations control the elicitation of sensory memories,
such as in the temporal cortices (Penfield, 1958), then such memories, or memory
fragments, can be elicited in the absence of external sensory cues whenever the
quenching threshold is exceeded. These “‘hallucinatory” effects (West, 1962) can
be created (say) if sensory deprivation or drugs create a reduction in inhibitory
controls, an increase in arousal level, or a decrease in cell spiking thresholds.

The property of normalization creates stable overall activity levels at which the
network normally operates in its suprathreshold range. This property can be used
to accomplish a variety of tasks by hooking up the network as a component in
different overall input processing schemes. For example, it can establish position
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codes for motor control. This use addresses the question: how does one prevent
overshoots and undershoots of orienting responses to localized lights and sounds
using our eyes, head, and neck, when these cues have fixed positions but variable
intensities? An idealized example is sketched below to convey the basic idea without
a pretense of physiological completeness. Consider a network of n populations
whose inputs differentially excite a given subset of populations in response to a
particular pattern of sensory excitation. For example, suppose that a spot of light
in a given retinal position excites a particular population preferentially. Let each
population send axonal connections to the various eye muscles, and let the
strength of each connection depend on the retinal position represented by the
population. The problem is to construct connections which will guarantee that
the eye moves towards an arbitrary, but fixed, peripheral spot and fixates on the
spot. In this context, normalization prevents undershoots or overshoots in response
to a spot of fixed position but variable suprathreshold luminance by factoring out
fluctuations in total input intensity. The position code for eye movements is then
established by differential relative excitation of populations and by the strength
of their axonal connections to the eye muscles.

In a similar fashion, such a mechanism can, in. principle, maintain a fixed
posture in agonist and antagonist muscle pairs. See Figure 5 for an idealized
example. In Figure 5, v; sends a fixed input to the (abstract) muscle M;, i = 1, 2.
The relative sizes of the inputs can be changed by descending inputs I; that move
the muscles. In the absence of such descending inputs, the pattern of v, —» M;
signals is fixed. In the absence of descending inputs, the fixed total output from
v, and v, can maintain a fixed total muscle length in agonist plus antagonist during
maintained postures. The muscle spindles can prevent external forces from altering
the muscular position imposed by the signals from v; (Matthews, 1971).

Figure 5. An idealized mechanism for maintaining a posture in the absence of continual inputs /;
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Normalization has other uses as well. An analysis of instrumental conditioning
(Grossberg, 1971a; 1972a, 1972b) shows that the total input from sensory process-
ing areas & (such as neocortex) to internal drive processing areas 2 (such as
hypothalamus) should have an upper bound independent of the number of sensory
channels which are active at any time. This upper bound is needed to prevent the
firing of cells from 2 to & except when they receive a suitable combination of inputs.
See Figure 6. In Figure 6, a sufficiently large input from internal homeostats
designating that a particular drive needs satisfaction and an input from a condi-
tioned reinforcer in & that is compatible with this drive must combine at cells
such as v; in 2 before these cells can fire. If inputs from & alone could fire v,

then the network would seek to persistently satisfy an already satiated drive:
hence the bound on total ¥ — 2 input.
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Figure 6. Two normalizers are needed to regulate total input.

The output from 2 to & supplies *“incentive motivation”, or a **Go™ mechanism
(Grossberg, 1971a; Logan, 1969; N. Miller, 1963), for activating the motor output
at .# controlled by the conditioned reinforcer in & An upper bound on total
2 — & output must also exist to prevent cells, such as v,, in & from firing at
unappropriate times and learning irrelevant sensory discriminations or motor
acts at .#. These two upper bounds can be achieved by recurrent on-center off-
surround networks. )

These on-center off-surround networks can perform other important tasks in
addition to guaranteeing the upper bounds. As noted above, the network that
bounds & -+ 2 output can also influence which of the cues represented by & will
reverberate in STM. The network that bounds 2 — & output can also prevent
learning except in response to sensory cues which are compatible with the network’s
drive needs at any given time; cf,,-hippocampus (Olds, 1969). Such a network can
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create a sensory-drive heterarchy (Grossberg, 1972b). Consider the situation in
which a student regularly eats meals in spite of the prolonged absence of a sexual
partner. A positive, but nonprepotent drive can control motor behavior in the
presence of compatible sensory cues (e.g., eating food if hungry), if cues compatible
with the prepotent drive are unavailable (e.g., absence of sexual partner). The
combination of sensory cues and drive level which controls behavior at a given
time can be normalized and stored in STM by the recurrent network. A steady
baseline of incentive motivation to activate compatible motor output can hereby
be achieved. Interruption of 2 — & feedback by ablation or other means can
prevent transfer from STM to LTM by preventing the sampling by cells in & of
the patterns to be learned at .# (Milner, 1958). '

Normalization can also be used as one stage in the construction of anatomies
whose terminal cells respond only to prescribed features of a sensory pattern
(Hubel and Wiesel, 1968 ; Grossberg, 1970, 1972c). It does so by averaging away
fluctuations in total network activity and allowing the network to process a
pattern’s relative weights. In special cases, this construction yields cells whose
responses exhibit color or brightness constancies (Grossberg, 1972c), sensitivity
to particular velocities (Grossberg, 1970), etc. These examples illustrate that an
on-center off-surround anatomy has properties which take on significant, and
sometimes surprising, meanings when the network is hooked up at different
locations in the overall processing of neural information.

We note in passing that the systems herein are examples of *“dissipative struc-
tures” (Nichols, 1971), and contribute to the discussion of how patterns of activity
can develop and be self-sustained within an interactive system.

In Section 2, the equations that define our networks are presented. Section 3
qualitatively outlines the main phenomena to be reported. Section 4 states the
theorems that justify the comments in Section 3. These theorems are proved in the

Appendix. Section 5 compares the equations of Section 2 with those of Wilson and
Cowan.

2. Network equations

In general, each population v; contains both excitatory (¢;") and inhibitory (v;7)
subpopulations of cells. See Figure 7. Consider the excitatory cells v} for definite-
ness. Suppose on the average that the cell sites in v;* receive randomly distributed
afferent pathways from within each subpopulation of the network. Let there be b,
excitable sites in v;", and let x,(t) be the number of active sites at time . Three
effects determine our equations:

(1) Spontaneous decay of actitity: Active sites become inactive at a fixed rate.
Hence x,(t) decreases at a rate proportional to x(t), say a;x ().

(2) Shunting inhibition: Active sites are inhibited at a rate jointly proportional to
the number of active sites and to the total (randomly distributed) inhibitory input
I7 (2). This rate is proportional to x,(t)I; (t).

(3) Shunting excitation : Inactive sites are excited at a rate jointly proportional to
the number of inactive sites and to the total (randomly distributed!) excitatory
input I (z). This raté is proportional to (b; — x,(t))I;(¢). In all,

X = —(a + I7)x; + (b, — x)I", n
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Figure 7. Interactions between excitatory and inhibitory subpopulations.

i =1,2,...,n. The initial data satisfy the inequalities
0<x;<b, i=12,...,n )

Inspection of (1) shows that the inequalities (2) then hold for all t > 0.

A similar analysis applies to inhibitory cells. Let y(t) be the number of active
sites in the inhibitory subpopulation v, at time ¢. Let the total excitatory (in-
hibitory) input to v;” at time ¢ be J;* (£)(J; (¢)). Then y, is governed by an equation of
the form '

Vi= —(A+ J)y; + (B, — y)J 1, 3)
i=1,2,. ,n, subject to the constraints
0<y,<B, i=12 ,n @)

The above equations have the same form as passive membrane equations (Hodgkin,
1964; Sperling, 1970; Sperling and Sondhi, 1968); in this context, the inputs
IF,I7,Jf and J; represent (average) conductance changes. Thus our analysis
formally applies to suitable interactions either between individual cells or between
cell populations.

Total inputs are often sums of inputs from other cells (or cell populations) and
external influences. For example, let

I} = kgl Fi(x) + K@), 5

I = 3 Rl + K7t ©)

It = ¥ Gt + L0 ™
and

AR TR ®)

The functions K;*(¢), K7 (¢), L (t) and L; (t) are external inputs. The signal strength
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functionals Fg;, Fy, Gy, and Gj; determine how mean activities within the excita-
tory and inhibitory subpopulations of v, are converted into mean excitatory and
inhibitory signals to the excitatory and inhibitory subpopulations of v,. For
example, one can choose

(Fi(e))(r) = j x,(0) exp[ 5 j (@) dc] do,

0
or
) vVt — 14)
Fubpl()) = —=—=—=——.
(Fa(yd](®) Wi + Wilt — 1)
etc.

This paper studies influences of varying signal strength functionals in a setting
that minimizes other effects. Hence we consider the special case in which the
excitatory and inhibitory subpopulations of each population have the same
parameters and receive the same inputs. That is, the excitatory and inhibitory
subpopulations of a given population are indistinguishable with respect to every
input source, and contain the same number of membrane sites constructed from
similar materials. Then a; = 4;, b; = B;,

Faw) = GEw), Faw) = Ga(w), K = L}, and K; = L[

In this situation one readily proves that the differences (x; — y)(t) converge
exponentially to zero as t — oo, given otherwise arbitrary inputs. Hence the
excitatory and inhibitory subpopulations can be lumped together.

We furthermore impose a recurrent on-center off-surround anatomy on the
lumped model. See Figure 1. This anatomy is made as homogeneous and simple
as possible by imposing the following assumptions :

(1) all numerical parameters are independent of population

(2) all signals are transmitted instantly; the signal strength functionals are
functions.

These constraints lead to the system

= —(A+I7); + (B - x)I7, ®
,-; 1,2, ,n, where
I = f(x) + K7 (t) (10)
and
I = 3 St + K7 (1)

To study reverberations of system (9)~(11), we always set the external inputs K;*
and K equal to zero, yielding the nonlinear system

|:A + Z f(xk):l x; + (B — x;)f(x)), (12)
k®i

i=1,2,...,n. Once reverberations are understood, the inputs K;" and K;
can be switched on during a finite time interval [— T, 0]. Given prescribed initial
data at t = —T, these inputs will determine a particular distribution of terminal
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values x{0),i = 1,2,..., n. The results on reverberations can then predict how the
values x(0) will be transformed as t — 0.

System (12) says that each state v; excites itself and inhibits all other states with
equal weight. This situation can arise even if the inhibitory fields of all populations
do not coincide. For example, consider Figure 8. In Figure 8, only the populations

Figure 8, Overlapping inhibitory surrounds

Uiy, J=1,2,...,m, receive excitatory inputs I7 at times [—T,0]. Before time

= —T, all populations in the network have returned to their zero equilibrium
values. The inhibitory fields of each excited population v;, inhibit all other excited
populations v, . Inhibited populations which do not receive excitatory inputs can
be deleted from the network, since they start out with essentially zero activity and
are inhibited thereafter. Thus system (12) includes anatomies in which inhibitory
fields of different populations are not the same, but those populations which are
excited by external inputs in a given time interval all inhibit each other. System (12)
also includes cases in which the strength of inhibitory interactions decreases as a
function of distance, if we assume that the excited populations are sufficiently
close to each other that their mutual inhibitory interactions are approximately
equally strong. Effects of inhomogeneous anatomies on widely separated popula-
tions will be considered in another place.

The results derived for system (12) carry over, with small modifications, to the
more general system

Gi=-Az—-U)+(V-2)I' —(z; - W)I} (13)
where W < U < VI = F(z),and I ;= Z,‘*,. F{(z,). Passive membrane equations

generally contain the extra parameters U and W Defining x; =z, - W, B =
V-WC= AU — W), and f(x;)) = F(W + x,), (13) becomes

[A + Y f(xk)]xi + (B - x)f(x;) + C. .(14)

k#i
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System (14) differs from (12) only in the terms C > 0, which act like a uniformly
distributed tonic input. These tonic terms tend to uniformize the distribution of
random noise across populations (compare Theorem 8). The uniformizing effect
can be overcome by sufficiently large external inputs (compare Theorem 9).
The size of external inputs needed to drive the total activity x(t) = Yroxdt)
above the uniformizing range depends on the size of C, and in turn on the size of
U — W. The term U — W is generally much smaller than B = V — W, which is
the maximum possible value of x(t).



