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Abstract. Part I of this paper describes a model for the
parallel development and adult coding of neural
feature detectors. It shows how any set of arbitrary
spatial patterns can be recoded, or transformed, into
any other spatial patterns (universal recoding), if there
are sufficiently many cells in the network’s cortex. This
code is, however, unstable through time if arbitrarily
many patterns can perturb a fixed number of cortical
cells. This paper shows how to stabilize the code in the
general case using feedback between cellular sites. A
biochemically defined critical period is not necessary
to stabilize the code, nor is it sufficient to ensure useful
coding properties.

We ask how short term memory can be reset in
response to temporal sequences of spatial patterns.
This leads to a context-dependent code in which no
feature detector need uniquely characterize an input
pattern; yet unique classification by the pattern of
activity across feature detectors is possible. This
property uses learned expectation mechanisms where-
by unexpected patterns are temporarily suppressed
and/or activate nonspecific arousal. The simplest case
describes reciprocal interactions via trainable synaptic
pathways (long term memory traces) between two re-
current on-center off-surround networks undergoing
mass action (shunting) interactions. This unit can
establish an adaptive resonance, or reverberation, be-
tween two regions if their coded patterns match, and
can suppress the reverberation if their patterns do not
match. This concept yields a model of olfactory coding
within the olfactory bulb and prepyriform cortex. The
resonance idea also includes the establishment of
reverberation between conditioned reinforcers and
generators of contingent negative variation if presently
available sensory cues are compatible with the net-
work’s drive requirements at that time; and a search
and lock mechanism whereby the disparity between
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two patterns can be minimized and the minimal dis-
parity images locked into position. Stabilizing the code
uses attentional mechanisms, in particular nonspecific
arousal as a tuning and search device. We suggest that
arousal is gated by a chemical transmitter system — for
example, norepinephrine — whose relative states of ac-
cumulation at antagonistic pairs of on-cells and off-
cells through time can shift the spatial pattern of STM
activity across a field of feature detectors. For example,
a sudden arousal increment in response to an un-
expected pattern can reverse, or rebound, these relative
activities, thereby suppressing incorrectly classified
populations. The rebound mechanism has formal
properties analogous to negative afterimages and
spatial frequency adaptation.

1. Introduction

In Part I of this paper (Grossberg, 1976a) a model for
the parallel development and adult coding of neural
feature detectors was analysed. In this model, a net-
work region V, sends signals to region V, via trainable
pathways. Region V, is capable of normalizing its total
activity. Region ¥, can normalize its total activity,
contrast enhance the V;-to-¥, signals, and store the
contrast-enhanced pattern in short term memory
(STM). The STM pattern thereupon causes slow
changes in the long term memory (LTM) traces of the
V,-to-V, pathways. These LTM changes are the basis
for reclassification by V, of spatial patterns at V.
Part I shows that the code that develops in this way
is unstable if arbitrarily many patterns at ¥, perturb a
fixed number of cells in ¥,. This paper attacks the
problem of stabilizing network responses to arbitrarily
chosen space-time patterns at V,; in particular, to
classes of spatial patterns of arbitrary size. We continue
where Part I left off. The i™ equation from Part I will
be denoted by the notation (/i) below. A similar
notation will be used to denote the i Section in Part I.
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2. Adaptive Resonance: Stable Coding
and Reset of STM

When a temporal succession @, 02, ... @"W of
spatial patterns @ =(0P, @Y, ..., ®¥) perturbs V,,
how does each pattern &% inhibit the STM pattern on
V, that was elicited by the previous pattern @*~ !, and
reset V, to store data derived from @ without bias?
This question can be reversed in an information way:
can V, be protected from continual inhibition of its
STM throughout the time interval during which a

"7 fixed @%~V is presented to V,? In other words, how

does the network know the spatial pattern @%~ 1 js
changed to a different pattern @®? The assumption
that STM must be actively inhibited in order to shut
it off is a mathematical property of reverberating
shunting networks (Grossberg, 1973; Ellias and Gross-
berg, 1975; Grossberg and Levine, 1975). Otherwise
there would be an averaging in STM of the codes for all
the patterns @, @2, ..., @™, ..., and no useful coding
of any one pattern. ’

Section (I8) shows that there are two possible ways
to stabilize STM in response to a space-time pattern.
Both possible ways will be considered below; namely,
inhibition of V;-to-V, signals by feedback from V, to
V,, followed by a shift in the spatial locus of STM
activity at V,; and a direct shift in STM locus at V,
when the input pattern at V, changes. Both mechanisms
seem to have important practical applications.

The former mechanism has a minimal realization
in which ¥, and V, send each other conditionable ex-
citatory signals, and recurrent on-center off-surrounds
exist in both V| and V,, as in Figure 1. To derive this
mechanism, let two distinct patterns @ and O?
successively perturb ¥V, and let Y be coded by
Uy, i=1,2,in V,. The mechanism will have the follow-
ing properties. When @'" perturbs V;, V;-to-V, signals
activate STM at v,,. Population v,, remains active
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Fig. 1. Minimal anatomy of an adaptive resonance

when ©'? perturbs V,, but V;-to-¥, signals are sup-
pressed. Then v,,’s activity is also suppressed, where-
upon @ can generate V,-to-V, signals that activate
STM at v,,. We already know how @'V activates v,,,
and how vy, remains active in STM. How are V,-to-¥,
signals suppressed when @ perturbs V,? If vy, were
not active in STM when ©'% perturbs V,, then sup-
pression would not occur, since @? would activate
STM just as @' did. Moreover, if v,, were active in
STM, rather than v,,, then V;-to-V, signals would not
be suppressed, just as signals are not suppressed after
O'" excites v,,. Thus, V;-to-V, signals are suppressed
because feedback signals from v,, to ¥, somehow
reproduce @! at V,, and these signals compete with
the ©' input to suppress V,-to-v,, signals.

How can v,,-to-¥, signals reproduce &'! at V,?
There is only one way in the present setup. While
V;-to-v,, signals are learning-to code &', feedback
signals from v,,-to-¥; also learn to reproduce O at
V,; that is, the pathways from ¥, to ¥, and from ¥, to
V, are both trainable. :

Given this much, how does mixing two different
patterns, such as @Y and ©?, at V, suppress V,-to-V,
signals, whereas either of these patterns separately
does not? More generally, what class of patterns at ¥,
whether due to pattern mixture or to external per-
turbation, suppresses V,-to-V, signals? The following
constraints motivate the construction:

(A) V, is a shunting network;

(B) signals typically add up in such a network; and

(C) feedback signals from v,; to ¥, do not shut off
V,-to-v,; signals when input @ also perturbs V,, i=
1,2

Given these constraints, the class of uniform patterns
across V) (@,=1/n,i=1,2, ..., n) will suppress output
from ¥;; in other words, only spatial differences in
pattern intensity will generate outputs from V,. This
property emerges naturally in shunting networks, and
is familiar, for example, in visual physiology.

How does this property accomplish our goal?
When @'Y is presented at V,, signals from V, to V,
excite v,,. Feedback from v,, to V, adds learned
signals that are proportional to @ to the external
©" input. By additivity, the mixture of signals is again
the pattern @7, albeit with a different total activity.
Hence V,-to-V, signals continue to excite v,,.” A
resonance between V; and V, develops that sustains
STM activity at v,,.

When @'* appears at V,, the v,,-to-V, signals still
are proportional to @'V, If the sum of @ inputs and
O signals at ¥, is (approximately) uniform, then
V,-to-V, signals are inhibited, or at least damped. [All
that is needed is a V,-to-V, signal that is too small to
exceed the quenching threshold (QT).] This event in-
hibits STM activity at v,,, so that v,,-to-V, signals



terminate. Then only the @ input is active at Vi SO
that V,-to-V, signals are elicited, but now activate sz

How does inhibition of Vi-to-v,, signals inhibit
STM activity at v,,? This will not happen if recurrent
excitatory signals within ¥, can sustain activity in
STM. Hence we assume that the QT is chosen suf-
ficiently high to prevent STM reverberation at v,, un-
less ¥;-to-v,, signals are sufficiently large. Reverbera-
tion in STM is now accomplished by an excitatory

resonance of signals between ¥, and V,. The inhibitory,

off-surrounds in ¥; and ¥, continue to normalize and
contrast enhance activity within these regions, but the

STM itself is now carried by reverberation between..

them.

It remains to develop the above ideas mathematical-
ly. First we show how a uniform pattern is suppressed.

This will be done by developing Equation (I1), for.

simplicity; namely, _

5‘1:=—Axu+(3—xu)1i—xu Y I (In)
Pre

In(I1), an assumption is made that does not hold in all
membranes; namely, that the passive equilibrium
potential (namely O in %,;= — Ax,;) equals the in-
hibitory equilibrium potential (namely O in Xy=
—xy; 3. I). More generally,

k*i

Xyp=—Axy;+(B—x;)I;—(x,;+C) Y L, (1
k#i

where C>0. The constant C is related to the Nearnst

potential for potassium (Hodgkin, 1964; Katz, 1966).

Consider the equilibrium value of (1) in response to

spatial pattern I;=@,I. Then

(B+O)I C ]
= | — . 2

. A+I[Q B+C| @
Suppose for definiteness that

B=(n-1)C. 3)
Then-

CI 1
xyym (@,.— ;) @

Also suppose that signals h(x,;) from v,; to V, are
generated only if x,;>0; e.g., set h(x,;)=[x5]" for
some p>0, where [u]* =max(y,0). Now let I; be a
uniform pattern (all @;= 1/n). By (4), all x,;=0 so that
no signals are generated. In effect, setting C>0
contrast-enhances the signals from V, to V, by chop-
ping off the “uniform part” of inputs to ¥,. Condition
(3) can be weakened to

BZ(n-1)C )]
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since then, in (2), C(B+ O~ '21/nand signals are even
harder to generate. Generalizations to situations in
which the on-center and off-surround connection
strengths depend on distance can also be made, as in

Xy= _Axli+(B—xli)Zlkcki—(xli"'D)Z LE;. (6)
% P

Levine and Grossberg (1975) show how the behavior
of these nonrecurrent networks, and analogous re-
current networks, such as (I4), can formally model
certain visual illusions, such as line neutralization, tilt
aftereffect, and angle expansion. The size of D in (6)
influences how pronounced the angle expansion will
be, for example; this is again a contrast enhancement
effect.

Equation (1) describes how Vy processes external
patterns (I, 1,,...,1,). Now add on the influence of
feedback signals from V,, again in an on-center off-
surround anatomy. Denote the total feedback signal
from V, to vy; by J;. Then (1) becomes

Xy= —Axy;+(B—x ) I;+J)—(x;+C) > (IL+J).
k*i
’ (7
We will check that, both before and after learning
occurs, feedback does not interfere with coding by ¥,

ofapattern (I}, I, ..., I,) at V,. Before learning occurs,
feedback is uniformly distributed; that is, J;=

%J. By (7), in response to a spatial pattern I,= 6,1, the

equilibrium value of ¢,; is then

Xyi= LCI_‘(@;“E), S (8)

A+ I+d n

which differs from (4) only by a reduction in total
activity due to J. At time =0, therefore, feedback
signals begin to learn the pattern @. Will this be true
at all times t20? That is, if feedback is proportional
to O, will the pattern at ¥, be ©? Additivity of inputs
to ¥, guarantees this: if I;=@,I and J;=6,J, then the
equilibrium value of ¢; is

) °

AT & TV n

which differs from (4) only by an amplification in total
activity due to J. Adding feedback signals to a shunting
on-center off-surround anatomy does not change the
coding by V, of signals from V;! A similar analysis
holds for the system in which recurrent on-center off-
surround signals replace the nonrecurrent on-center
off-surround inputs of (7). The recurrent system will be
needed herein, because the feedback signals J; will
contain summands whose trainable synaptic strengths
are determined by the postsynaptic activities x,;. See
Section (12) for an explanation. Thus we let V, be
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governed by system
Xy=—Ax+(B=x)| Y f(x)Cy+ i+ J;
k=1

_(xu'*'D)kZ":lf(xm)Eki- (10)

The feedback signals J; are defined as fo)lows. The
signals from each v,; to ¥, are trainable. Denote the
synaptic strength of the path p; from v,; to vy; by y;.
The total signal from ¥ to v, is then (simplest case!)

N
Ji=x. 0= Z X2i¥ji -
k=1

In case V, chooses a population for STM storage, say
vy, then J;=x,;y;, and the feedback pattern across
V1 is determined by the vector y?=(y;,, y;5, ..., ¥;,) of
synaptic strengths.

What rule governs the training of each y’? As
usual, y; will learn by computing a time average of
multiplied presynaptic signals and postsynaptic activi-
ties. Two comments are in order:

i) As in (I6), let training terminate if no STM
activation occurs at V,;

ii) Since x; can be driven to negative values, which
do-not generate V;-to-V, signals, and since we want
feedback to reproduce the ¥, pattern that is coded by
V,, restrict learning by the feedback synaptic strengths
‘to supraequilibrium x,; values. By (i) and (ii),

Vu={—yu+[x1" }xy;- . (11)

These equations obviously code the pattern I;=®,] at
V, if the y(0) patterns are uniform and ¥, makes a
choice.
Finally, we choose the QT of V, sufficiently large
so that termination of V,-to-v,; signals suppresses v,,’s
STM reverberation. Then excitatory signals from ¥V,
generate recurrent signals within V, that contrast
enhance, or even choose, V, populations for STM
_storage. As_in (I6), let S;=1,; be the total V}-to-v,;
signal; thus ’
N .
Si=x"-zV=Y x,,z,;, (12)
k=1
and let V, obey a system of the same form as (I14);
namely

N
Sc21= _Ax2j+(B—x2j) ,‘glf(xz")c"f-‘-lzi

N
—(x2;+D) kzlf(xzk)Ekj- (13)

In summary, recurrent on-center off-surround
interactions exist within both ¥, and V,, and excitatory
trainable signals exist in both directions between V,

and V,. In particular, ¥, must be a higher-order
network processing station than a retina. Generali-
zations of Equations (10)-(13) are readily accomplished,
by explicitly including the finite reaction rates of in-
hibitory interneurons, or by using more complicated
signal functions. The papers by Ellias and Grossberg
(1975), Grossberg and Levine (1975), and Levine and
Grossberg (1976) indicate how these changes will in-
fluence network dynamics. The following two com-
ments might also be useful. First, when ©" is changed
to &2, suppression of V,-to-¥, signals occurs before
the trainable coefficients can substantially change. In
other words, the stability of STM coding in an adaptive
resonance depends heavily on the existence of different
reaction rates for STM and LTM traces. Second, even
if there is no biochemically triggered critical period, a
critical period exists in an adaptively resonating net-
work while the STM code is being established. The
critical period terminates when learned feedback from
V, to V¥, prevents recoding from occurring at any
population in V,.

3. Adaptive Resonance in Reinforcement, Motivation,
and Attention

A case can be made for adaptive resonance as a general
organizational principle in vivo. One important
example will be noted in this section, and related
examples in the next two sections. The first example
describes an adaptive resonance whose trainable
synaptic strengths can change during adulthood.

"Grossberg (1975a) describes a neuropsychological
theory of attention that builds on earlier work con-
cerning reinforcement (Grossberg, 1971, 1972a, 1972b).
Without redeveloping this theory herein, we sketch a
part of it in which an adaptive resonance occurs.
Consider Figure 2. This figure idealizes an adaptive
resonance in which ¥, and ¥, both possess recurrent
on-center off-surround interactions, and both V,-to-V,
and V,-to-¥; synaptic strengths are conditionable.
Region ¥, receives (precoded) external sensory cues,
and region V, receives inputs generated by internal
drives. Signals from V;-to-V, are trained when rewards
act at V,; their patterns code the balance of drives and
rewards across V¥, populations when their V, sampling
cells are active. Signals from V,-to-V; learn “psycho-
logical sets”, or the classes of cues that have regularly
occurred contiguously in time with a given active
drive center,

The V;-to-V, signals embody the conditioned rein-
Jorcer properties of a cue that activates V,. The
V,-to-V, signals are interpreted as idealizations of the
contingent negative variation, or CNV (Cohen, 1969).
Such a wave has been associated with an animal's
expectancy, decision (Walter, 1964), motivation (Irwin
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Fig. 2. An adaptive resonance that helps to regulate attention to
external cues that are compatible with internal needs

et al,, 1966; Cant and Bickford, 1967), volition (Mc-
Adam et al., 1966), preparatory set (Low et al.,, 1966),
and arousal (McAdam, 1969). When this network is
embedded into 2 more complete system of interactions,
an interpretation of ¥, as neocortex and of V, as
hippocampus is suggested.

Since both ¥, and V, receive external inputs in this
example, both regions have inhibitory equilibrium
potentials that can suppress (close to) uniform patterns.
Adaptive resonance here means that the conditioned
reinforcer properties of presently available sensory
cues are compatible with the network’s drive require-
ments at that time. When resonance is established,
motor activity that consummates this consensus can
be triggered further downstream in the network (Gross-
berg, 1975a). Note that no feature detector in V, need
uniquely determine an input pattern; yet resonance
will not be established unless the pattern of activity in
Vi accurately codes the input. The code is context-
dependent.

4. Search and Lock Mechanism

Each of our eyes looks out on visual space from a
different position. To focus an object at a finite depth,
the eyes verge together until a good match of their
separate images is achieved. Then fixation on the ob-
ject can be maintained. How do our eyes know when
this match has been achieved, so that searching eye
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movements can cease and a fixated position can be
maintained?

A resonance mechanism much like the one in
Section 3 can achieve this. Let recurrent on-center off-
surround signals exist within Vi and ¥, separately.
Replace the trainable interfield signals of Section 3
either by untrainable on-center off-surround signals,
or just on-center signals if the recurrent intrafield off-
surround interactions are sufficiently strong, Thuseach
vy (vy;) is the center of signals from vy (vy;). As in Sec-
tion 3, suppose that signals and inputs must match to
initiate reverberation between Vi and V,. In Section 3,
this meant that the coded signals released by one input
pattern have to match the other input pattern. Here it
means that the two input patterns themselves must
match. Thus, only if the two eyes are correctly verged,
thereby receiving matched patterns, will V, and V,
reverberate. Now assume that output from ¥, and V,
inhibits the arousal source that drives the €ye move-
ments. Fixation is hereby achieved. See Julesz (1971)
for a discussion of interacting fields of dipoles that
have a search and lock capability.

5. Olfactory Coding and Learned Expectation

In this example, three regions V1, V3, and V; interact in
a way that suggests comparison with data on the
neural processing of olfactory stimuli. The main points
will be made using the simplest network realizations
of relevant mechanisms.

Let ¥, be endowed with recurrent shunting on-
center off-surround interactions. Thus

Ny
== ADx;+(BV=xp) | T Sl dCR+1,
T lk=1

N;
—(x; +DM) z Sl EY ; . (14
k=1

¥y can normalize and contrast-enhance input patterns
if the signal function f, 1(w) and/or interaction co-
efficients C{}’ and E{}’ are properly chosen.

Region V, is also endowed with recurrent shunting
on-center off-surround interactions, as in

N2
Xp5= _A(Z)x2j+(B(2)—x2j) kz fz(sz)C£§’+Sj
. =1

Ny
—(x2;+ D) ¥ fi(x) ER (15)
k=1

where D®>0. The total signal S; is the sum of two
parts, Si" and S{*\. Signal S is the total signal from
V) to vy;; it codes patterns at ¥, using an inner-product
signal-generating rule, such as

Ny
S0= 3. hi(xzy, 19
k=1
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where h,(w) is the excitatory V;-to-V, signal function —
for example, h (w)=[w"]*, p>0-and z,; is the synap-
tic strength from v, to v,,. Signal S is the total signal
from a third region V; to v,;; these signals will be
trainable. In effect, V3 will have a similar relationship
to V; here as ¥, had to V, in Section 2. The signal S}
also has an inner-product form, namely

= kg,l hs(xak)}’kj ’ M

where hi(w) is the excitatory V;-to-V, signal function,
and y,; is the trainable synaptic strength from v, to v,
As in Section 2, if the pattern ©@=(8,, 0,, ..., Oy))

N2 -1
is approximately uniform, where @j—SJ(Z Sk) ,

then V,’s output will be suppressed. The signal pattern
=P, 09, ...,0y) from V, to V, such that

N2 -1
@§3’=S§3’( Y S}f’) constitutes an expectation, or
k=1
expected pattern, that is learned when activity in
certain Vj populations coincides with the elicitation of

O at V,. If the afferent signal pattern @'"'=(6{",
ey, . 6‘”) from ¥, to V,, defined by O\ =

1

S‘”( Y S‘”) , is parallel to @, then V, is allowed
to transfer this pattern to higher network centers, with
perhaps some contrast control due to fluctuations in
total signal strength at V5, as between (4) and (9). How-
ever, if ! is complementary to @, then V,’s output
is quenched, and higher centers do not receive the
pattern.

Some further comment about the pathways from
V3 to V, is in order. One provocative connection
scheme is the following: let V;-to-V, signals terminate
on the excitatory on-center interneurons of V;, as in
Figure 3. Signals from Vj to ¥, sample the pattern, say
@), at these interneurons during learning trials. Later
activation of ¥, can then reproduce @ at the inter-
neurons on performance trials. The input pattern &V
to V,, after being averaged by the populations v,;, is
then added to @™ at the interneurons. If the net
pattern © is parallel to @7, then interneuronal feed-
back to V, gradually normalizes and contrast enhances
©'" until it achieves a stable asymptotic configuration.
If © is approximately uniform, however, then inter-
neuronal feedback tends to suppress the reverberation.
If the amplification of interneuronal feedback signals
is large compared to the size of V;-to-V, signals, then
this feedback will determine whether or not @ is
quenched at V,.

There exist numerous variations on the above
theme. For example, let V, be an unlumped recurrent
on-center ofl-surround network, in which the inhibitory
interneurons average their excitatory inputs at a finite
rate. Then V, is capable of an approximately periodic

ol
INTERNEURONS
(OO0

ol

Fig. 3. Expectation signals from V,-to-V, inhibit V,’s response to
signals from V,-to-V, unless @'*' is approximately parallel to &>

oscillation of activity, or limit cycle, in response to
afferent signals (Ellias and Grossberg, 1975). The ex-
pected pattern can then quench the limit cycle if the
afferent pattern is unexpected, or can amplify an
expected afferent pattern, as in (9), until it triggers limit
cycle activity. For the unlumped system to code a
spatial pattern, the same ordering of STM activities
should (approximately) hold through time, except
possibly for phase leads due to the shunt. By Ellias and
Grossberg (1975, Section 18), such a limit cycle can
exist if the expected pattern serves as an input source
and the test pattem (approximately) matches it. In
particular, order-preserving limit cycles can exist in an
unlumped adaptive resonance. I conjecture also that

-in unlumped systems whose inhibitory gain is suffi-

ciently large (fast oscillations), a limit cycle can be ap-
proximately order-preserving in a finite time interval,
since the lumped system (infinitely fast oscillations) is
asymptotically order-preserving. Indeed by “perturb-
ing off the fast manifold”—that is decreasing inhibitory
gain—an infinite range of oscillation frequencies can
be achieved.

Is there a physical advantage to letting the ex-
pectation operate from V; to V; rather than from V,
to Vj, as in Section 2? There is. In the former case, the
expectation is compared to coded patterns; for
example, to the generalization gradient of a pattern at
Vy; cf,, Section (I3). If a set of patterns at V, has a
similar generalization gradient at V,, then a single
expectation from V; can quench, or amplify, them as-a
class. In other words, if an expectation is learned in
response to one pattern at ¥, then it will act similarly
on any equivalent pattern at V,. In this sense, the
generalization gradient, or code, of a pattern defines
the pattern features that are behaviorally important
to the network.



MUCOSA

=>—Axodendritic Synapse

—— Reciprocal Syrapse

—=brtugl Inhstsitory Carnegction
_:- Ghormarrul

~— Funclional Surlacs

Fig. 4. Anatomy of olfactory bulb, lateral olfactory tract, and pre-
pyriform cortex (from Freeman, 1972)

The above network saggests an analog with olfac-
tory coding such that V¥, idealizes the olfactory bulb
and V; idealizes the prepyriform, or primary olfactory,
cortex (Freeman, 1972). In this analogy, granule cells
in both the olfactory bulb and prepyriform cortex
subserve recurrent inhibitory interactions, the mitral
and tufted cells in the olfactory bulb act as excitatory
populations, and superficial pyramidal cells in the
prepyriform cortex act as excitatory populations.
Signals from V¥, to. V;-idealize the lateral olfactory
tract; see Figure 4.

Given this interpretation, the model generates
several implications. In the lumped model, wherein
inhibitory cells equilibrate rapidly, the generalization
gradient at V, of a smell-induced pattern at ¥, de-
termines the olfactory code. In other words, a “place
theory” (Somjen, 1972, p. 304) or “activity density
function” (Freeman, 1972, p. 112) at ¥, determines the
code. This suggestion is similar to the idea that the
afferent taste message is coded by the relative amount
{(or spatial pattern!) of neural activity across many
neurons (Pfaffman, 1955), in particular across chorda
tympani fibers (Erickson, 1963). In the unlumped model,
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where limit cycle activity is possible, the coded spatial
pattern becomes a space-time pattern of activity. In
the special case that all populations in V, are inhibited
by each population in ¥,, this limit cycle might merely
describe cyclic changes in contrast enhancement which
do not invert the relative ordering of activities of the
populations in V, (Ellias and Grossberg, 1975). More
commonly, a given population in ¥, can only inhibit
a subset of populations in V,. Then the limit cycle
behavior can be more complex. Because spatially
localized feedback signals can change the net gain of
each population’s activity to different values at different
positions, the frequency, the phase, and the peak
amplitude of oscillation at a given population can be
correlated; cf,, the Hughes-Hendrix frequency theory
of coding (Hughes and Hendrix, 1967; Somjen, 1972).

The inner-product signal-generating rule (16) re-
quires that signals from each v,; be dispersed broadly
across V,. We therefore expect each mitral cell to send
divergent signals across large prepyriform regions via
its axons in the lateral olfactory tract. See Freeman
(1972, p. 133) for a review of confirming evidence.

With these conventions in mind, an interesting
possibility emerges. If the olfactory system were found
to have a critical period in which its code can be re-
tuned by experience, then one place to look for
trainable synapses in a sensory cortex is at lateral
olfactory synaptic knobs in the prepyriform cortex
during the critical period. =~

Emery and Freeman (1969) show that the pre-
pyriform cortex can filter its olfactory messages by a
mechanism of selective attention, which is based on
the formation of a spatial pattern of excitability in the
excitatory feedback gains of the cortical superficial
pyramidal cells; see Freeman (1974, p. 3)fora summary.
This spatial pattern acts like an expectation, since if
the olfactory pattern to the cortex matches the ex-
pected pattern, then the cortex can sustain the pattern.
Otherwise, the pattern is quenched. We suggest that
the expectation mechanism works as described above,
where also the expectation modifies the excitatory
feedback gain of the cells in V.

Several interesting questions about olfactory pro-
cessing are now suggested. What brain region acts like
V3? Given that such a region exists, then the V;-to-V,
synaptic knobs should provide trainable preparations
in an adult mammalian sensory cortex. If V; exists,
does it sustain an adaptive resonance with V;, as V,
and ¥, do in Section 2? If so, then a critical- period
could exist at V,-to-V; synaptic knobs, rather than
Vi-to-V, synaptic knobs. Indeed, is V; a formal pre-
pyriform cortex, V; its olfactory bulb, and V; the source
of olfactory messages? Or is V, simply a source of
extramodality signals that can preset the system to
expect a given class of patterns?
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Fig. 5. An additive model for gating nonspecific arousal using ex-
pectation signals



