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Neural Dynamics of Motion Perception,
Recognition Learning, and Spatial Attention

Stephen Grossberg

EDITORS” INTRODUCTION

Although it has recently been undergoing a surge in popularity, the dynamical
approach to cognition is not a new idea. Detailed dynamical modeling has been a
continuous feature of the landscape of cognitive science since its inception. There is no
better way to demonstrate this than to point to the work of Stephen Grossberg and
his colleagues and students at Boston University. Since the 1960s this group has
generated neural network dynamical models of a wide range of cognitive processes.

In this chapter, Grossberg describes two models which are both representative of
their stream of work and illustrative of the role of interactive dynamics in developing
explanations of various aspects of cognition. The first model is the motion-oriented
contrast-sensitive (MOC) filter, which is one component of a larger model of the
processes by which an animal can visually track the direction of motion of a complex
visual object. Here, Grossberg describes how the MOC filter accounts for psychologi-
cal data on the phenomenon of apparent motion. Suppose you are in a darkened
room and two stationary lights flash alternafely in front of you: as one goes off, the
other goes on. If the rate of alternation and the spatial angle between the lights falls
within certain bounds, you will visually experience these flashes as the motion of a
single light source. Grossberg argues that this apparent motion effect underlies the
ability of animals to detect and track complex moving objecls, such as a leopard
moving in the jungle. In the MOC model, the successive stimuli create excitation
patterns in a specialized map of the visual field. A very broad function, the “G-
wave,” with a central peak, is fitted over the whole region of the visual field. The
location of the central peak of the G-function glides smoothly from one site of
excitation to the other. The proposal is that subjects’ experience of the light as
moving continuously is derived by tracking the location of the peak of the G-
function.

The second model is the well-known adaptive resonance theory (ART) model
for pattern recognition, including especially visual patterns. One of the most basic
and essential aspects of cognition is the ability to recognize some stimulus as be-
longing to some particular kind or category, even in the face of a cluttered, noisy
environment. Recognition is intimately connected with learning, since natural cog-
nitive systems aufonomously learn the categories that make recognition possible.




Sinly in this way could they adapt as well as they do. But Grossberg argues that
én affective nervous system must be able to distinguish something novel from the
familiar; it must leari when it needs to, yet resist learning when presented with just
the same old patterns. The ART model was designed to be able to self-organize and
learn to recognize patterns only when something novel is presented. Clever design
prevents long-term memory from being corrupted by learning that results from an
unusual sequence of inputs.

The ART model is a dynamical model of great generality and power. It takes
some effort to understand how it works and even more to evaluate its ability to
accownt for specific sets of experimental data. One prominent and relatively unique
feature of Grossherg’s style of research is his reliance on mathematical proofs. He
and Gail Carpenter and other colleagues have proved many key results about. their
models. Their research program illustrates two important features of the dynamical
approach. The first is that dynamical models are uniguely positioned to bridge the
gap between physiological mechanisms and psychological function. As Grossberg
points out, the ART model makes contact with neuroscientific findings at many
points. In addition, this work clarifies the theoretical inseparability of the cognitive
system and ifs environment. Activity of the cognitive systems has to be understood
as shaped by the coevolving activity of the environment; eg., in the MOC filter the
perception of apparent motion is an internal dynamical process unfolding under the
influence of highly structured external events.

15.1 MOTION PERCEPTION, RECOGNITION LEARNING, AND
WHAT-AND-WHERE ATTENTION

Our brains are designed to control behaviors that are capable of interacting
successfully with fluctuating environments whose rules may change unex-
pectedly through time. They are self-organizing systems whereby behaviors
may be performed autonomously and adaptively to environmental changes
during which no teacher other than the environmental events themselves
may be present with correct new answers. This chapter describes two exam-
ples of how the brain may achieve autonomous control in a rapidly changing
environment. One example concerns motion perception and object tracking.
The other concerns recognition learning, categorization, memory search, and
recall. Both examples include dynamical processes which may control atten-
tion during cognitive information processing. One process suggests how
attention may be used to track where objects are moving in space. The other
process suggests how attention may delimit what the defining features of an
object may be. These results thus contribute to an analysis of the What corti-
cal stream, which includes area V4 of the visual cortex and temporal cortex,
and the Where processing stream, which includes the middle temporal area
(MT) of the visual cortex and parietal cortex, which have been the subject of
much recent investigation (Desimone and Ungerleider, 1989; Goodale and
Milner, 1992; Ungerleider and Mishkin, 1982; Wise and Desimone, 1988).
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The Whole is Greater Than the Sum of Its Parts

How can effective models of such complex self-organizing brain processes be
derived, given that no one type of behavioral or brain datum can typically
characterize its generative neural mechanisms? The several answers to this
question each imply that “the whole is greater than the sum of its parts”
when interdisciplinary data and modeling constraints are consistently joined.
Even the constraint that the model be self-organizing—namely, that it can
autonomously and adaptively respond in real time to its intended range of
environmental challenges—imposes many constraints on system design
that are not obvious from a bottom-up analysis of brain data. Modeling self-
organizing perception and recognition learning systems requires that several
levels of processing, from the behavioral level through the neural 'system,
circuit, cell, and channel levels, be computationally integrated. This is true
because such a system uses internal representations that need to achieve
behavioral success despite the inability of individual neurons to discern the
behavioral meaning of these representations. How are coding errors cor-
rected, or appropriate adaptations to a changing environment effected, if
individual neurons do not know that these errors or changes have even oc-
curred? It is often the case that behavioral success can be computed on the
level of networks of neurons. That is why neural network models can clarify
how properly designed neurons, when embedded in properly designed neural
circuits and systems, can autonomously control behavior in a manner that
leads to behavioral success.

For example, it is suggested below how properties of variable-speed object
tracking and memory consolidation of recognition categories may emerge
from system-wide interactions. The computational linkage of multiple organi-
zational levels also leads to new predictions. In particular, properties of
preattentive apparent motion processing are linked below to properties of
attentive object tracking, It is also suggested how novelty-sensitive processes
within the hippocampal formation may modulate the size, shape, and number
of recognition categories that are learned by the inferotemporal cortex (IT).

Granted that the emergent properties that have behavioral meaning are
typically not properties of single neurons or other individual neuronal com-
ponents, we can better understand why behavioral and brain processes are so
hard to understand. Whereas correctly designed individual neurons are neces-
sary in such a model, they are not sufficient. A multilevel modeling synthesis
is needed in which individual components, their intercellular interactions, and
their behaviorally significant emergent properties are all crafted together.

Such a multilevel analysis achieves much of its power by focusing on
a natural subset of interdisciplinary data and issues—on a “vertical slice”
through the space of phenomena. One never tries to solve “all” the problems
at once. In the present instance, these data and issues concern preattentive
motion processing, attentive recognition learning, and attentive object track-
ing. We do not analyze such equally important processes as form and color
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pgiception, reinforcement learning, cognitive-emotional interactions, working
memory, temiporal planning, and adaptive sensorimotor control. On the other
hand, larger model systems that integrate aspects of all these processes
have been proposed as part of a continuing modeling cycle (Carpenter and
Grossberg, 1991; Grossberg, 1982, 1987a,b, 1988; Grossberg and Kuperstein,
1986). This cycle has progressively characterized individual modules, and

fitted them together into larger systems. System constraints that are dis- .

covered during this fitting process are used, in turn, to further shape the
design of individual modules. The puzzle cannot be finished unless each piece
is designed to fit.

These modules are designed to be the minimal models that can explain a
targeted data base. They are lumped representations of neural processes in
which no process is included unless its functional role is required and clearly
understood. The insistence upon functional clarity highlights those data that
the model should and should not be able to explain, facilitates the discovery
of additional neural processes to explain additiona! data, and clarifies which
species-specific variations of the minimal models are workable and which are
not, These discoveries have, in the past, led to the progressive unlumping of
the models as they embody ever-more-powerful functional competences for
explaining ever-more-encompassing data bases.

15.2 MODELING APPARENT MOTION
The Ecological Significance of Apparent Motion

The first model provides a particularly simple example of emergent properties
that are due to dynamically interacting network cells. The example seems
simple after you see it, but the data properties that led to its discovery are
highly paradoxical and have been known and puzzled about for many years.

These data concern phenomena about apparent motion. One might at once
complain that apparent motion phenomena are of no ecological interest. To
challenge this impression, consider the task of rapidly detecting a leopard
leaping from a jungle branch under a sun-dappled forest canopy. Consider
how spots on the leopard’s coat move as its limbs and muscles surge. Imagine
how patterns of light and shade play upon the leopard’s coat as it leaps
through the air. These luminance and color contours move across the leop-
ard’s body in a variety of directions that do not necessarily point in the
direction of the leopard's leap. Indeed, the leopard’s body generates a scin-
tillating mosaic of moving contours that could easily prevent its detéction.
Our perceptual processes can actively reorganize such a scintillating mosaic
into a coherent object percept with a unitary direction-of-motion. The leop-

ard as a whole then seems to quickly “pop out” from the jungle background -

and to draw our attention. Such a perceptual process clearly has a high sur-
vival value for animals that possess it.
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‘I'his description ot the leaping ieopard empnasizes that tne process ot
motion perception is an active one. It is capable of transforming a motion
signal that is generated by a luminance contour into a different motion per-
cept. In this sense, our percepts of moving objects are often percepts of
apparent motion, albeit an adaptive and useful form of apparent motion.
The task of understanding how we see “real” motion thus requires that we
also understand "apparent” motion. '

The simplest examples of apparent motion were documented in the 1870s,
when Exner (1875) provided the first empirical evidence that the visual per-
ception of motion was a distinct perceptual quality, rather than being merely
a series of spatially displaced static percepts over time. He did this by placing
two sources of electrical sparks close together in space. When the sparks
were flashed with an appropriate temporal interval between them, observers
reported a compelling percept of continuous motion of a single flash from
one location to another, even though neither flash actually moved. At shorter
temporal intervals, flashes look simultaneous and stationary. At longer inter-
vals, they look like successive stationary flashes, with no intervening motion
percept. When the spatiotemporal parameters of the display are suboptimal, a
“figureless” or “objectless” motion called phi motion is perceived, wherein
a sense of motion without a clearly defined form is perceived. A smooth and
continuous motion of a perceptually well-defined form is called beta motion,
and typically occurs at a larger interstimulus interval, or ISI, between the
offset of one flash and the onset of the next flash.

This classic demonstration of apparent motion was followed by a series of
remarkable discoveries, particularly by Gestalt psychologists, conceming the
properties of motion perception. It was noticed that a decrease in IS causes
the speed of the interpolating motion to increase (Kolers, 1972). A motion
percept can also smoothly interpolate flashes separated by different distances,
speeding up if necessary to cross a longer distance at a fixed ISL. If a more
intense flash follows a less intense flash, the perceived motion can travel
backward from the second flash to the first flash, This percept is called delta
motion (Kolers, 1972; Korte, 1915). Gamma molion is the apparent expansion
at the onset of a single flash, or its contraction at its offset (Bartley, 1941;
Kolers, 1972). A similar expansion-then-contraction may be perceived when a
region is suddenly darkened relative to its background, and then restored to
the background luminance,

If a white spot on a gray background is followed by a nearby black spot on
a gray background, then motion between the spots can occur while the per-
cept changes from white to black at an intermediate position. Likewise, a red
spot followed by a green spot on a white background leads to a continuous
motion percept combined with a binary switch from red to green along the
motion pathway (Kolers and von Griinau, 1975; Squires, 1931; van der Waals
and Roelofs, 1930, 1931; Wertheimer, 1912/1961). These results show that
the motion mechanism can combine visual stimuli corresponding to different
colors, or even opposite directions-of-contrast. Complex tradeoffs between
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' flash luminance, duration, distance, and IS! in the generation of motion per-

< cepts were also discovered. For example, the minimum ISI for perceiving
motion increases with increasing spatial separation of the inducing flashes.
This property is sometimes called Korte's third law (Boring, 1950; Kolers,
1972; Korte, 1915). A similar threshold decrease with distance occurs in the
minimum stimulus onset asynchrony, or SOA, which is the difference be-
tween the flash-onset times. Interestingly, whereas the minimum ISI decreases
with flash duration, the minimum SQA increases with flash duration,

These discoveries raised perplexing issues concerning the nature of the
long-range brain interaction that generates a continuous motion percept be-
tween two stationary flashes. Why is this long-range interaction not per-
ceived when only a single light is flashed? In particular, why are not outward
waves of motion signals induced by a single flash? How does a motion signal
get generated from the location of the first flash after the first flash terminates,
and only after the second flash turns on? How does the motion signal adapt
itself to the variable distances and ISls of the second flash, by speeding up or
slowing down accordingly? In particular, how can the motion signal adapt to
the ISI between two flashes even though such adaptation can only begin after
the first flash is over? I like to call this the ESP problem. Moreover, what
ecologically useful function do these curious properties realize under more
normal perceptual conditions?

The figural organization of motion stimuli can also influence motion per-
cepts. The Ternus displays provide a classic example (Ternus, 1926/1950). In
frame 1 of a Ternus display, three white elements are placed in a horizontal
row on a black background (or conversely). After an ISI, in frame 2 all three
elements are shifted to the right so that the two rightward elements in frame
1 are in the same locations as the two leftward elements in frame 2. Depend-
ing on the ISI, the observer perceives one of four percepts. At very short ISIs,
all four elements appear simultaneously. At long ISls, observers do not per-
ceive motion at all. At ISls slightly longer than those yielding simuitaneity,
the leftmost element in frame 1 appears to jump to the rightmost element in
frame 2. This percept is called element motion. At somewhat longer IS, all
three flashes seem to move together between frame 1 and frame 2. ‘This is
called group motion.

The percept of group motion might suggest that Ternus percepts are due
to a cognitive process that groups the flashes into attended objects, and that
motion perception occurs only after object perception. Such an explanation is
not, however, made easily consistent with the percept of element motion. It
has been argued, for example, that at short ISIs, the visual persistence of the
brain’s response to the two rightmost flashes of frame 1 continues until the
two leftmost flashes of frame 2 occur (Braddick, 1980; Braddick and Adlard,
1978; Breitmeyer and Ritter, 1986; Pantle and Petersik, 1980). As a result,
nothing changes at these two flash locations when frame 2 occurs, so they do
not seem to move. This type of explanation suggests that at least part of the
apparent motion percept is determined at early processing stages. It does not,
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Figure 15.1 The Ternus display. (&) Three spots are presented in each frame in such a way
that the two leftwardmost spots in frame 2 occupy the same positions as the two rightward-
most spots in frame 1. The two frames are repeatedly cycled with interstimulus intervals (ISls)
inserted between them, At very short ISls, all dots appear to flicker in place. At longer ISIs the
dots at shared positions appear to remain stationary, while apparent motion occurs bet.we('e,n
the leftwardmost spot in frame 1 and the rightwardmost spot in frame 2 (“element motion”).
At still longer ISIs, the three dots appear to move from frame 1 to frame 2 and back as a group
(“group motion”). (b) When the dots in successive frames have opposite contrast with n?spect
to the frame, only group motion occurs at the ISIs where element motion occurred in (a).
(From Grossberg and Rudd, 1992.) .

however, explain how we see element motion. In particular, why does not the
element motion percept collide with the two stationary flash percepts? What
kind of perceptual space can carry element motion across, or over, the sta-
tionary flashes?

Reverse-contrast Ternus motion also suggests that motion properties may
be determined at early processing stages. In this paradigm, three white spots
on a gray background in frame 1 are followed by three black spots on a gray
background in frame 2 (figure 15.1). At the ISIs where element motion previ-
ously occurred, group motion now occurs (Pantle and Picciano, 1976). How
does a change of contrast between frame 1 and frame 2 obliterate element
motion? Does it do so by altering the effects of visual persistence on frame 27
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Figure 15.2 The simplest one-dimensional motion-oriented contrast-sensitive (MOQ) filter.
The input pattern at level 1 is spatially and temporally filtered by sustained response cells at
level 2. The sustained cells have oriented receptive fields that are sensitive to the direction
of contrast in the image, either dark-to-light or light-to-dark. Level 2 cells play the role of
a short-range spatial filter, Spatial and temporal averaging are also carried out by transient
response cells at level 3. The transient cells have unoriented receptive fields that are sensitive
to the direction of contrast.change in the cell input. The arrow pointing upward denotes
transient on-cells that are activated by a transition from dark to light. The arrow pointing
downward denotes transient off-cells that are activated by a transition from light to dark. Level
4 cells combine sustained and transient cell signals multiplicatively and are thus rendered
sensitive to both direction of motion and direction of contrast. Level 5 cells sum across space
via a long-range Gaussian spatial filter, and across the two types of level 4 cells. Level 5
cells are thus sensitive to direction of motion but insensitive to direction of contrast. (From
Grossberg and Rudd, 1992.)

A unified answer to all of these questions has recently been developed in a
neural model of motion segmentation that clarifies the functional significance
of many apparent motion percepts (Grossberg, 1991; Grossberg and Mingolla,
1993; Grossberg and Rudd, 1989, 1992). Perhaps the simplest such model is
schematized in figure 15.2. It is called a motion-oriented contrast-sensitive
filter, or MOC filter. The entire model of motion segmentation consists of
multiple copies of the MOC filter, each corresponding to a different range of
receptive field sizes, and each inputting to a grouping, or binding, network
that is called the motion-oriented cooperative-competitive loop, or MOCC
loop. Taken together, these MOC filters and MOCC loops are called the
motion boundary contour system, or motion BCS,
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The motion BCS is designed to possess the minimal number of processing
stages that are capable of tracking an object’s direction of motion indepen-
dent of whether the object’s several parts are darker or lighter than the back-
ground upon which they are moving. Grossberg and Rudd (1992) showed
that each of the MOC filter's processing stages is needed to explain the full
corpus of data about beta, gamma, delta, Ternus, and related types of motion.
The model's dynamics thereby illustrate how seemingly paradoxical apparent
motion data may be explained as emergent properties of ecologically simple
design constraints on the tracking of real moving objects.

Variable Speed Apparent Motion

In this chapter, I focus on one key process of the MOC filter; namely, how
“large variations in distance are accommodated within a near-constant amount
of time” (Kolers, 1972, p. 25). The mechanism that achieves this is posited to
exist between levels 4 and 5 in figure 15.2. It is a surprisingly simple mecha-
nistm and utilizes components that are generally familiar to psychologists: a
Gaussian filter followed by contrast enhancement due to lateral inhibition.
Remarkably, in response to temporally successive inputs to the Gaussian
filter, a traveling wave can be generated from the first input location to the
second input location, and the peak of this wave can be contrast-enhanced by
lateral inhibition to generate a focal activation that speeds up or slows down
with increases or decreases of distance or IS], just as in the data.

G-Waves for Long-Range Apparent Motion

How are long-range apparent motion signals generated in such a model?
Figure 15.3 schematizes how a flash at level 1 () leads to a focal activation
at level 5 (c) after it activates the long-range Gaussian filter that joins level 4
to level 5 (b). The broad Gaussian activation of level 5 is sharpened into a
focal activation by lateral inhibition, or competition, among the level 5 cells.

Figure 15.4 shows how this input activation looks in time. The input to
level 1 (a) generates a slowly decaying temporal trace (b) that has been called
“visual inertia” by Anstis and Ramachandran (1987). When this trace is fed
through the Gaussian filter, it generates a spatially distributed input to level 5
that waxes and wanes through time, without spreading across space (c). The
maximum value of this input does not move, Hence a single flash does not
cause a movement across space.

Suppose, however, that two locations both input through the same Gaussian
receptive field, and that the activation in response to a flash at the first
location is decaying while activation is growing in response to a flash at the
second location (figure 15.5). Under these circumstances, the fotal input to
level 5 from both flashes is the sum of a temporally waning Gaussian plus a
temporally waxing Gaussian, as in figure 15.6. Under appropriate conditions,
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Figure 15.3 Spatial responses at various levels of the MOC filter to a point input. (a)
Sustained activity of a level 2 cell. (b) Total input pattemn to level 5 after convolution with
a Gaussian kernel. (c) Contrast-enhanced output of level 5 centered at the location of the
input maximum. (From Grossberg and Rudd, 1992.)

this sum represents a wave whose maximum travels continuously in time
from the location of the first flash to the location of the second flash.

In summary, the time- and space-averaged responses to individual flashes
do not change their positions of maximal activation through time. In this
sense, nothing moves. When a series of properly timed and spaced flashes
is presented, however, the sum of the temporally and spatially averaged
responses that they generate can produce a continuously moving peak of
activity between the positions of the stroboscopic flashes. This is an emer-
gent property of network dynamics, rather than a property of any cell acting
alone.

Motion Speedup and Multiscale Coherence

This Gaussian wave, called a G-wave, was discovered and mathematically
analyzed in Grossberg (1977). These results waited 12 years for publication
in Grossberg and Rudd (1989) because it took that long to understand how
a long-range Gaussian filter fit into a larger theory of motion perception,
such as the motion BCS, that also includes a role for transient cells and short-
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Figure 15.4 Temporal response of the MOC filter to a point input. (a) The input is presented
at a brief duration at location 1. (b) Sustained cell activity at 1 gradually builds after the
input onset, then decays after offset. (¢} Growth of the input pattemn to level 5 with transient
cell activity held constant. The activity pattem retains a Gaussian shape centered at the loca-
tion of the input that waxes and wanes through time without spreading across space. (From
Grossberg and Rudd, 1992.)

range spatial interactions. A G-wave occurs whenever waxing and waning
activation traces interact via a spatial Gaussian kernel under appropriate
spatiotemporal conditions. The properties of a G-wave correspond closely to
properties of long-range apparent motion, including the remarkable prop-
erties whereby an apparent motion percept can speed up when the ISI is
decreased at a fixed interflash distance, or when the ISI is held constant and
the interflash distance is increased.

The basic mathematical framework for proving these properties is very
simple. Let flashes occur at positions i = 0 and i = L. Suppose that

dx

7170 =—Ars+Jo (1)

defines the activity x, and input J, at position 0, and

dx

71t£ =—Aq + ], (2)

does the same at position L, where x,(0) = z;(0) = 0. Then

1) = J e~ A= (v) do ‘ : (3)
0
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Figure 15.5 Temporal response of the sustained cells x,(f) at level 2 to two brief successive
point inputs I,(f) at locations i = 0 and i = W. For an appropriately timed display, the
decaying response at position 0 overlaps in time the rising response at position W, Parameter
k is defined in the fuli model. (From Grossberg and Rudd, 1992,

and

() = f A0 o) o,
I . e 11, (0) do @

Let the inputs J, and ], switch on to the constant value JattimesOand T + I
for duration T, as in

JO(,)={J fo<i<gT

0 ifT<! ' ©
and
il = {] FTHI<IS2T+1

0 ifaT+ 1<t ©
where [ is the ISI between the flashes, Thenfor T4+ It < 2T+ 1
zo(h) = %(1 — e ATy A=T) "
and
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Figure 15.6 Simulated MOC filter response to a two-flash display. Successive rows corre-
spond to increasing times following the frame I offset. (@) The two lower aurves in each row
depict the total input R; at position i of level 5 due to each of the two flashes. The input due to
the left flash decreases while the input due to the right flash increases. The summed input due
to both flashes is a traveling wave whose maximum value across space moves continuously
between the two flash locations. (b) Position over time of the contrast-enhanced level 5
response. (From Grossberg and Rudd, 1992.)
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5.0 = 15(& — ATy, &)

Let xo(t) and x, () interact via a long-range Gaussian filter

Gy = expl—(j — )2/2K?] ® -

as in figure 15.2. For simplicity, replace index i by a continuum of cells at
positions w in level 5. Then the total input to position w of level 5 is

u— 2 a— — 2
Tw, ) = xo(f) exp [53_} + 2, (Hexp [»a('g-k—r”h]. (10)

By ‘equations (7) and (8),
I, AT AT w?
T, h) = i (1 — ¢74T)e 4 Nexp e

a- e_,|u~7"”)eXP['(ii?fL—)—Bl .

The main result shows under what combinations of parameters the maxi-
mum value of T(w, #) moves continuously from position w = 0 toward posi-
tion w = L through time. It also characterizes the maximum flash separation
that can generate a G-wave in response to a Gaussian with size parameter K
in equation (9). :

Theorem 1 (Apparent Motion) The maximum of T(w, ¥ moves continu-
ously from position w = 0 to position w = L iff
L< 2K (12)

Proof The maximum values of T(w, ) occur only at Jocations w = w(#) such

that
Twh _ (13)
dw

By equation (11), such locations obey the equation

gD — w L{L — 2w)
The function
Au=T) _ Al
f(l') = ?—I-Z—et;;— (15)

is an increasing function of £ We want to determine when the positions
w = w(f) at which T(w, §) is a maximal increase as a function of £. In order for
this to happen, the right-hand side of equation (14). namely function

g(w) = i _Zi) wexp [:L(Lzzzzw)J‘ (16)
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must also be an increasing function of w, for all 0 < w < L, since then we can
solve for
w =g (f1) (17)

as an increasing function of w for all 0 < w < L.

Function g(w) is monotonically increasing if g'(w) > 0, which holds iff
function :

hw) = (L — w)[l — %] + w (18)
satisfies
h(w) > 0. (19

In order for equation (17) to hold for all 0 < w < L, the minimum of h{w) for
0 € w < L must be positive. The minimum of A(w) occurs at w = L/2, and
equals

N L oy ,
h<§) = E<2 - W) ‘ (20)

The number h <~ZL—) is positive if equation (12) holds.

The next result proves that the apparent motion signal reaches the position
w = L/2 midway between positions w = 0 and w = L at a time #, that is
independent of L and K. Independence of L illustrates how the wave speeds
up to travel over larger interflash distances. ‘

Theorem 2 (Equal Half-Time Property) The time at which the motion
signal reaches position w = L/2 is :

1
bp=T+ Zln[e'” + (1 — 4N (21)

Proof By equation (17), we need to compute ¢ = f~!(g(w)) when w = L/2,
namely

L .
1'1/2 =f (S (i)) 22)

By equation (16),

L
23 =1 : (23)

Equation (21) follows immediately from equations (23) and (14).
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Figure 15.7 Motion paths generated by MOC filters with different Gaussian filter kernel
widths K in equation (9). The motion paths are plotted in a space-time diagram wherein each
rectangle indicates the spatiotemporal boundaries of one Rash in a two-flash display. All the
motion paths intersect at a point halfway between the two flash locations. (From Grossberg
and Rudd, 1992.)

Remarkably, ¢, in equation (21) also does not depend on the width K of
the Gaussian filter, just so long as the filter is wide enough to support a
traveling wave. This means that the speedup property, which seems so mys-
terious in itself, also achieves an ecologically useful property; namely, the
ability of multiple spatial scales in the motion perception system to generate
G-waves that are all spatially coincident (figure 15.7). Because of this prop-
erty, a coherent motion percept may be synthesized from data from all the
spatial scales that are activated by the stimulus,

Spatial Attention Shifts and Target Tracking by the Where Cortical
Stream

Another no less useful ecological property of motion speedup is suggested
by the fact that rapidly moving objects may be perceived only intermittently.
From this perspective, ] suggest that a G-wave may give rise to certain spatial
shifts in attention, such as those reported by Ericksen and Murphy (1987),
Kwak, Dagenbach, and Egeth (1991), LaBerge and Brown (1989), and
Remington and Pierce (1984). For example, if a targeted predator or prey
is moving rapidly across a scene, perhaps darting behind protective cover,
then an animal may be able to see the target only intermittently. A G-wave
can interpolate these temporally discrete views with a continuous motion
signal that adapts its speed to the varying speed of the target. Such a continu-
ous motion signal may be used to predict the location and speed of the
target, and to command motor responses accordingty. The results of Kwak et
al. (1991) and of Remington and Pierce (1984) are of particular interest, since
they report a speedup of spatial attention to cover variable distances in equal
time.

Stephen Grossberg
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In those cases where motion mechanisms contribute to spatial attention
shifts, it needs to be kept in mind that a spatially continuous motion signal is
generated only under certain spatiotemporal conditions, the speed of the
motion signal is nonuniform in time (see Grossberg and Rudd, 1992), and
spatially discrete jumps in activation may occur in cases where continuous
motion is not observed, e.g., if L > 2K in equation (12). These properties may
help to disentangle some of the apparently conflicting views about how fast
attention shifts and whether it does so continuously or discretely.

In thinking about these possibilities, the reader might wonder how a con-
tinuous motion signal could be interpolated behind occluding objects in such
a way that it is not seen. Two themes need to be developed to understand
how this might happen. First, the theory predicts that a boundary segmenta-
tion, whether static or moving, is perceptually invisible within the parvocel-
lular interstripe and magnocellular processing streams of the visual cortex
wherein they are predicted to be computed. [ like to say that “all boundaries
are invisible.” Visibility is predicted to be a property of the parallel parvo-
cellular blob cortical stream (figure 15.8). Here boundary segmentations define
the domains within which visible properties of brightness, color, and depth fill
in surface representations. (See Grossberg and Mingolla, 1993, and Gross-
berg, Mingolla, and Todorovi¢, 1989, for a discussion of how this is predicted
to happen.) In addition, one needs to analyze how a boundary segmentation,
whether static or moving, can be completed “behind” an occluding object
in such a way that it can influence object recognition without being seen.
Examples of such occluded boundary completions are discussed in Grossberg
(1994). Bregman (1990, p. 23) has also commented on the possible u‘tiliky of a
motion signal that can interpolate intermiittently viewed moving objects. The
present theory suggests a dynamical explanation of how this can happen in
the brain. '

15.3 MODELING RECOGNITION LEARNING AND
CATEGORIZATION

Spatial Attention, Featural Attention, and Perceptual Binding in the
What and Where Cortical Streams

The hypothesis that a G-wave may give rise to a spatial attention shift is
consistent with the fact that the motion perception, or magnocellulat, cortical
processing stream is part of a larger Where processing stream that includes
the cortical region MT as well as the parietal cortex (figure 15.8). The Where
processing stream computes the locations of targets with respect to an
observer and helps to direct attention and action toward them, In contrast,
the form perception, or parvocellular, cortical processing stream is part of a
larger What processing stream that includes region V4 as well as the IT
(figure 15.8). The What processing stream is used to recognize targets based
on prior learning.
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Figure 15.8 Schematic diagram of anatomical connections and neuronal selectivities of early
visual areas in the macaque monkey. LGN, lateral geniculate nucleus (parvocellular and magno-
cellular divisions). Divisions of V1 and V2: Blob, cytochrome oxidase blob regions; interblob
= cytochrome oxidase-poor regions surrounding the blobs; 4B, lamina 4B; Thin, thin (narrow)
cytochrome oxidase strips; interstripe, cytochrome oxidase-poor regions between the thin and
thick stripes; Thick, thick (wide) cytochrome oxidase strips; V3, visual area 3; V4, visual area(s)
4; MT, middle temporal area. Areas V2, V3, V4, MT have connections to other areas.not
explicitly represented here. Area V3 may also receive projections from V2 interstripes or
thin stripes. Heavy lines indicate robust primary connections, and thin lines indicate weaker,
more variable connections. Dotted lines represent observed connections that require additional
verification. Icons: rainbow, tuned/opponent wavelength selectivity (incidence at least 40%);
angle symbol, orientation selectivity (incidence at least 20%); spectacles, binocular disparity
selectivity/strong binocular interactions (V2) (incidence at least 20%); pointing arrow direction
of motion selectivity (incidence at least 20%). (Adapted from DeYoe and van Essen, 1988.)

The second model of this chapter contributes to the understanding of
how humans and other animals can rapidly leam to recognize and cate-
gorize objects in their environments under autonomous learning conditions

in real time. Here again, attention plays a key role. It does not predict a

spatial location of a target, Rather, it amplifies and binds together feature
combinations that are used to categorize environmental events into object
representations.

S
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' Table 15.1 Complementary properties of an ART recognition architecture

Stability Plasticity
Attention Orientation

Short-term memory Long-term memory

Bottom-up Top-down
Match Mismatch
Direct access Memory search
Resonance ) Reset
Supraliminal Subliminal
Specific Nonspecific
Local features Global patterns
Attentional gain Vigilance
Cooperation Competition
Distributed Compressed

The Stability-Plasticity Dilemma

An adequate self-organizing recognition system must be capable of plasticity
in order to rapidly learn about significant new events, yet its memory must
also remain stable in response to irrelevant or often-repeated events. For
example, how do we rapidly learn to recognize new faces without risking
the unselective forgetting of our parents’ faces? In order to prevent the
unselective forgetting of its leammed codes by the “blooming, buzzing confu-
sion” of irrelevant experience, a self-organizing recognition system must be
sensitive to novelty. It needs to be capable of distinguishing between familiar
and unfamiliar events, as well as between expected and unexpected events.

A class of neural models, called adaptive resonance theory, or ART, was
introduced in 1976 to help understand how this is accomplished (Grossberg,
1976ab). In ART, dynamica! interactions between an attentional subsystem
and an orienting subsystem, or novelty detector, self-stabilize learning, with-
out an external teacher, as the network familiarizes itself with an environment
by categorizing the information within it in a way that predicts behaviorally
successful outcomes (Carpenter and Grossberg, 1991; Grossberg, 1980). ART
models combine several types of processes that have been demonstrated in
cognitive and neurobiological experiments, but not otherwise synthesized
into a model system. Table 15.1 lists some of the cognitive processes that are
joined together in a consistent computational format within ART systems.
This synthesis illustrates that learning and information-processing mecha-
nisms need to coevolve in order to achieve behaviorally useful properties. It
also clarifies how higher-order cognitive processes, such as hypothesis test-
ing of learned top-down expectations. control such apparently lower-order
processes as the leamning of bottom-up recognition categories. That is why
an analysis of recognition needs also to be framed as an analysis of learning.
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+ Competitive Learning and Selt-Organizing Feature Maps

T ‘ SEARCH

Ag-JlBEg-YnsQr"éﬁnL ORIENTING All the learning goes on in the attentional subsystem. Its processes include
SUBSYSTEM activation of short-term memory (STM) traces, incorporation through leam-
gain 2 ing of momentary STM information into longer-lasting, long-term memory
F’.’? ST™ F2 ‘F‘ (LTM) traces, and interactions between pathways that carry specific types of
| J - information with nonspecific pathways that médulate the specific pathways in
: several different ways. These interactions between specific STM and LTM
* - [+t processes and nonspecific modulatory processes regulate the stability-plastic-

ity balance during normal learing. .
) , The attentional subsystem undergoes both bottom-up learning and top-
+ + [ STM F - L7 down learning between the processing levels denoted by F; and F, in figure
*ga,mb ! < 15.9. Level I, contains a network of nodes, or cell populations, each of which
N A+ +1 represents a particular combination of sensory features. Level F, contains a
network of nodes that represent recognition codes, or categories, which are
S — selectively activated by the patterns of activation across F,. Each node in F;
INTERNAL ggﬁ%:‘lg% sends output signals to a subset of nodes in E,. Each node in F, thus receives
ACTIVE INPUT VIGILANCE inputs from many F; nodes. The thick symbol from F, to F, in figure 15.9A
REGULATION PARAMETER represents in a concise way the array of diverging and converging pathways
shown in figure 15.9B. Learning takes place at the synapses denoted by semi-
(b) circular endings in the F; — F, pathways. Pathways that end in arrowheads
ART 1 do not undergo leamning. This bottom-up learning enables F, nodes to
become selectively tuned to particular combinations of activation patterns
S%FSE\%%% ; across F; by changing their LTM traces. This basic property of recognition

g CHOIGE learning is mathematically proved below.

—’Qj’ Why does not bottom-up learning suffice? An analysis of this problem was
; carried out in a type of model called a self-organizing feature map, competi-

o ' tive learning, or learned vector quantization that forms part of a larger ART

system. Such a bottom-up learning model shows how to combine associative

learning and lateral inhibition for purposes of learned categorization. As

Figure 15.9 Interactions between the attentional and orienting subsystems of an adaptive
resonance theory (ART) circuit: Level F, encodes a distributed representation of an event
.to be recognized via a short-term memory (STM) activation pattemn across a network of
feature detectors. Level F, encodes the event to be recognized using a more compressed STM
representation of the F, pattern. Learning of these recognition codes takes place at the long-
term memory (LTM]) traces within the bottom-up and top-down pathways between levels
F, and F,. The top-down pathways can read out learned expectations whose prototypes are
matched against bottom-up input patterns at F,. Mismatches in response to novel events
activate .the orienting subsystem & on the right side of the figure, depending on the value
of the vigilance parameter p. Arousal emitted from 7 resets the recognition codes that are
active in STM at F, and initiates a memory search for a more appropriate recognition code.
Output from subsystem o7 can also trigger an orienting response. (A) Block diagram of circuit.
(From Carpenter and Grossberg, 1990.) (B) Individual pathways of circuit, including the input
] Q . O O O B - E level F, that generates inputs to level F;. The gain control input to level F; helps to instantiate

1 ! ' @ the 2/3 rule (see text). Gain control to level F, is needed to instate a category in STM. (From

0 : Carpenter, Grossberg, and Reynolds, 1991.)

GAIN
CONTROL
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Figure 15.10 ART search for an F, recognition code: (a) The input pattemn I generates the
specific STM activity pattemn X at F, as it nonspecifically activates the orienting subsystem
. X is represented by the hatched pattem across F,. Pattern X both inhibits of and generates
the output pattern S. Pattern § is transformed by the LTM traces into the input pattem T,
which activates the STM pattern Y across F,. (b) Pattern Y generates the top-down output
pattern U which is transformed into the prototype pattern V. If V mismatches I at F,, then a
new STM activity pattern X* is generated at F,. X* is represented by the hatched pattem.
Inactive nodes corresponding to X are unhatched. The reduction in total STM activity, which
occurs when X is transformed into X*, causes a decrease in the total inhibition from F, to &, (¢)
If the vigilance criterion fails to be met, o releases a nonspecific’ arousal wave to F;, which
resets the STM pattern Y at F,. (d) After Y is inhibited, its top-down prototype signal is
eliminated, and X can be reinstated at F,. Enduring traces of the prior reset lead X to activate a
different STM pattern Y* at F,. If the top-down prototype due to Y* also mismatches I at F,,
then the search for an appropriate F, code continues until a more appropriate F, representation
is selected. Then an attentive resonance develops and learning of the attended data is injtiated.
(From Carpenter and Grossberg, 1990.)

shown in figure 15.10a, an input pattern is normalized and registered as a
pattern of activity, or STM, across the feature detectors of level F,. Each F,
output signal is multiplied or gated, by the adaptive weight, or LTM trace, in
its respective pathway. All these LTM-gated inputs are added up at their
target F, nodes. Lateral inhibitory, or compelitive, interactions across the F,
nodes contrast-enhance this input pattern. Whereas many F, nodes may re-

ceive inputs from F,, lateral inhibition allows a much smaller set of F, nodes
to store their activation in STM. ‘
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Only the F, nodes that win the competition and store their activity i
STM can influence the learning process. STM activity opens a leaming gat
at the LTM traces that abut the winning nodes. These LTM traces can the
approach, or track, the input signals in their pathways by a process of steepe:
descent. This learning law is thus often called gafed steepest descent, or inst
learning. It was introduced into neural network models in the 1960s (Gros:
berg, 1969) and is the learning faw that was used to introduce ART (Gros:

“berg, 1976a,b). In particular, let x;; denote the STM activity of the ith I

node, x,; the STM activity of the jth F, node, and z; the adaptive weight ¢
LTM trace in the bottom-up pathway from node i in F; to node j in F,. The

the rate of change through time of z;, denoted by (d/df)z;;, obeys an equatio
of the form
mz.‘j =f(xzj)['_z.'j + glx)l (2¢

where f and g are non-negative signal functions. Note that if f(x,;) = 0, the
(d/dt)z;; = 0. Thus no leaming occurs if the gate f(x,) is closed. This ca
occur either if no inputs perturb F, or if node j loses the competition acros
E.Xf f(x,;) > 0, then z; increases if g(xy;) > z; and decreases if g(x,;) < z;;.

Such an LTM trace z; can increase or decrease to track the signal g(zy;) i
its pathway. It is thus not a Hebbian associative law, which can only increas
during a leaming episode. Because the adaptive weight z; can either increas
or decrease in size, the same law [equation (24)] can control both long-terr
potentiation (LTP) and long-term depression (LTD). Equation (24) has bee
used to model neurophysiological data about hippocampal LTP (Levy, 198¢
Levy and Desmond, 1985) and adaptive tuning of cortical feature detector
during the visual critical period (Rauschecker and Singer, 1979; Singer, 1983
lending support to ART predictions that both systems would employ such
leamning law (Grossberg, 1976a,b).

Self-organizing feature map models were introduced and characterize
computationally in Grossberg (1972, 1976a,b, 1978), Malsburg (1973), an
Willshaw and Malsburg (1976). These models were subsequently applied an
further developed by many authors (Amari and Takeuchi, 1978; Bienenstoc}
Cooper, and Munro, 1982; Cohen and Grossberg, 1987; Grossberg, 198:
1987a,b; Grossberg and Kuperstein, 1986; Kohonen, 1984; Linsker, 198¢
Rumelhart and Zipser, 1985). They exhibit many useful properties, especiall:
if not too many input patterns, or clusters of input patterns, perturb level f
relative to the number of categorizing nodes in level F,. It was shown thz
under these sparse environmental conditions, category learning is stable; th
LTM traces track the statistics of the environment, are self-normalizing, an
oscillate a minimum number of times (Grossberg, 1976a,b, 1978). In additior
it was observed that the category selection rule tends to minimize error, a
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* in a Bayesian classifier. These are the basic properties that have been used in
all subsequent applications. '

It was also proved, however, that under arbitrary environmental condi-
tions, learning becomes unstable. If our own learned categorizations exhibited
this property, we could forget our parents’ faces. Although a gradual switch-
ing off of plasticity can partially overcome this problem, such a mechanism
cannot work in a recognition learning system whose plasticity needs to be
maintained throughout adulthood. This memory instability is due to basic
properties of associative learning and lateral inhibition. ART models were
introduced to incorporate self-organizing feature maps in such a way as to
stabilize their learning in response to an arbitrary stream of input patterns,

Feature Binding and Attentional Focusing

In an ART model (Carpenter and Grossberg, 1987, 1991), learning does not
occur as soon as some winning F, activities are stored in STM. Instead activa-
tion of F, nodes may be interpreted as “making a hypothesis” about an input
at F. When F, is activated, it quickly generates an output pattern that is
transmitted along the top-down adaptive pathways from F, to F,. These
top-down signals are multiplied in their respective pathways by LTM traces
at the semicircular synaptic knobs of figure 15.10b. The LTM-gated signals
from all the active F, nodes are added to generate the total top-down feed-
back pattern from F, to F,. This pattern plays the role of a learned expecta-
tion. Activation of this expectation “tests the hypothesis;” or “reads out the
prototype,” of the active F, category. As shown in figure 15.10(b), ART
networks are designed to match the “expected prototype” of the category
against the bottom-up input pattern, or exemplar, to F;. Nodes that are acti-
vated by this exemplar are suppressed if they do not correspond to large
LTM traces in the top-down prototype pattern. The matched F, pattern en-
codes the cluster of input features that are relevant to the hypothesis based
on the network’s past experience. This resultant activity pattern, called X* in
figure 15.10b, encodes the pattern of features to which the network starts
to “pay attention.”

If the expectation is close enough to the input exemplar, then a state of
resonance develops as the attentional focus takes hold. The pattern X* of
attended features reactivates the F, category Y which, in turn, reactivates X*.
The network Jocks into a resonant state through a positive feedback loop that

dynamically links, or binds, X* with Y. Damasio (1989) has used the term

convergence zones to describe such a resonant process. The resonance binds
spatially distributed features into either a stable equilibrium or a synchronous
oscillation (Eckhorn and Schanze, 1991; Grossberg and Somers, 1991, 1992)
with properties much like synchronous feature binding in visual cortex
(Eckhorn, Bauer, Jordan, et al, 1988; Gray and Singer, 1989; Gray, Konig,
Engel, et al,, 1989).
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In ART, the resonant state, rather than bottom-up activation, drives the
learning process. The resonant state persists long enough, at a high enough
activity level, to activate the slower learning process; hence the term adaptive -
resonance theory. The resonance process shows how dynamic properties, such
as differences in the faster STM rates and slower LTM rates, are exploited by
the system as a whole. Fast information processing in STM is altered by
previously learried LTM traces, even if the LTM traces do not undergo new
learning as a result of the STM patterns that they help to create. When an
STM resonance is maintained through a feedback exchange of bottom-up and
top-down signals, it lasts long enough for the slower LTM traces to respond
to the resonating STM activities and to undergo new learning. In effect, the
resonance embodies a global system-wide consensus that the resonating STM
patterns are worth learning about.

ART systems learn prototypes, rather than exemplars, because the attended
feature vector X*, rather than the input exemplar itself, is learned. These
prototypes may, however, also be used to encode individual exemplars. How

_the matching process achieves this is described below. If the mismatch be-

tween bottom-up and top-down information is too great, then resonance
cannot develop. Instead, the F, category is quickly reset before erroneous
learning can occur, and a bout of hypothesis testing, or memory search, is
initiated to discover a better category. This combination of top-down match-
ing, attention focusing, and memory search is what stabilizes ART learning
and memory in an arbitrary input environment. The top-down matching pro-
cess suppresses those features within an exemplar that are not expected and
starts to focus attention on the features X* that are shared by the exemplar
and the active prototype. The memory search chooses a new category on a
fast time scale, before an exemplar that is too different from the prototype
can destabilize its previous learning. How these matching and search opera-
tions work will now be summarized.

Phonemic Restoration, Priming, and Consciousness

The ART attentive matching process is realized by combining bottom-up
inputs and top-down expectations with a nonspecific arousal process that is
called attentional gain control (Carpenter and Grossberg, 1987, 1991). An F;
node can be fully activated only if two of the three input sources that con-
verge on the node send positive signals to the node at a given time. This
constraint is called the 2/3 rule. A bottom-up input pattern turns on the
attentional gain control channel in order to instate itself in STM at F, (see
figure 15.10a). A top-down expectation turns off the attentional gain control
channel (see figure 15.10b). As a result, only those input features that are
confirmed by the top-down prototype can be attended at F, after an F,
category is selected.

The 2/3 rule enables an ART network to solve the stability-plasticity di-
lemma. Carpenter and Grossberg (1987) proved that ART learning and mem-
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. ory are stable in arbitrary environments, but become unstable when 2/3 rule

matching is eliminated. Thus the matching law that guarantees stable learning
also enables the network to pay attention. This type of insight could never be
derived without an analysis of the dynamics of autonomous learning in real
time. ‘

Matching by the 2/3 rule in the brain is illustrated by experiments on
“phonemic restoration” (Repp, 1991; Samuel, 1981a,b; Warren, 1984; Warren
and Sherman, 1974). Suppose that a noise spectrum replaces a letter sound, or
phonetic segment, in a word heard in an otherwise unambiguous context.
Then subjects hear the correct phonetic segment, not the noise, to the extent
that the noise spectrum includes the acoustical signal of the phones. If silence
replaces the noise, then only silence is heard. Top-down expectations thus
amplify expected input features while suppressing unexpected features, but
do not create activations not already in the input, just as in the 2/3 rule,

The 2/3 rule for matching also explains paradoxical reaction time and error
data from priming experiments during lexical decision and letter gap detec-
tion tasks (Grossberg and Stone, 1986; Schvaneveldt and MacDonald, 1981).
Although priming is often thought of as a residual effect of previous bottom-
up activation, a combination of bottom-up activation and top-down 2/3 rule
matching was needed to explain the complete data pattern. This analysis
combined bottom-up priming with a type of top-down priming; namely, the
top-down activation that prepares a network for an expected event that may
or may not occur. The 2/3 rule hereby clarifies why priming, by itself, is

- subliminal and unconscious, even though it can facilitate supraliminal pro-

cessing of a subsequent expected event. Only the resonant state can support
a conscious event in the model. :

These examples illustrate how data from a variety of experimental para-
digms can emerge from computational properties that are designed to accom-
plish quite different functions than the paradigm itself might disclose: in this
case, fast and stable recognition learning in response to a rapidly changing
environment.

Memory Search, Vigilance, and Category Generalization

The criterion of an acceptable 2/3 rule match is defined by the model pa-
rameter p that is called vigilance (Carpenter and Grossberg, 1987, 1991). The
vigilance parameter is computed in the orienting subsystem 7, Vigilance
weighs how similar an input exemplar I must be to a top-down prototype V
in order for resonance to occur. It does so by comparing the total amount of
inhibition from the attentional focus at-F, with the total amount of excitation
from the input pattern I (see figure 15.10b). In cases where binary features are
processed, the 2/3 rule implies that the attentional focus X* equals the inter-
section IN'V of the bottom-up exemplar I and the top-down prototype V.
Resonance occurs if p{I| — [X*| < 0. This inequality says that the F; atten-
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tional focus X* inhibits &/ more than the input I excites it. If & is inhibited,
then a resonance has time to develop between F, and F,.

Vigilance calibrates how much novelty the system can tolerate before acti-
vating & and searching for a different category. If the top-down expectation
and the bottom-up input are too different to satisfy the resonance criterion,
then hypothesis testing, or memory search, is triggered, because the inhibi-
tion from F; to & is no longer sufficient to prevent the excitation due to ]
from activating . Nonspecific arousal from &/ to F, resets the active cate-
gory at F, and initiates the memory search. Memory search leads to selectior
of a better category at level F, with which to represent the input features al
level F,. During search, the orienting subsystem interacts with the attentiona
subsystem, as in figure 15.10c and d, to rapidly reset mismatched categories
and to select other F, representations with which to learn about novel events
without risking unselective forgetting of previous knowledge. Search may
select a familiar category if its prototype is similar enough to the input tc
satisfy the vigilance criterion. The prototype may then be refined by 2/3 rule
attentional focusing. If the input is too different from any previously learnec
prototype, then an uncommitted population of F, cells is rapidly selected anc
learning of a new category is initiated.

Supervised Learning of Many-to-One Maps from Categories to Names

Because vigilance can vary across learning trials, recognition categories capa
ble of encoding widely differing degrees of generalization or abstraction car
be learned by a single ART system. Low vigilance p leads to broad general
jzation and abstract prototypes because exemplars 1 that differ greatly fron
an active prototype V can satisfy p|I| — |X"| < 0. High vigilance leads k
narrow generalization and to prototypes that represent fewer input exem
plars, even a single exemplar. Thus a single ART system may be used, say, t
recognize abstract categories that encode higher-order invariants of faces an
dogs, as well as individual faces and dogs. ART systems hereby provide .
new answer to whether the brain learns prototypes or exemplars. Variou
authors have realized that neither one nor the other alternative is satisfactory
and that a hybrid system is needed (Smith, 1990).

Supervised ART, or ARTMAP systems can perform this hybrid function i
a manner that is sensitive to environmental demands (figure 15.11). In a
ARTMAP system, predictive errors can be used to trigger searches for nev
categories. As a result, many categories in one modality (e.g., visual recogni
tion categories) may be learned and associated with each category in anothe
modality (e.g., auditory naming categories), just as there may be many diffes
ent visual fonts that all have the same name “A.” A predictive error in namin,
increases the vigilance p in the visual categorization network just enough t
satisfy p|I] — |X*] > 0 and thereby to activate & and initiate a memor
search for a better visual category with which to predict the desired nam
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MANT-TU-ONE MAP ' ’ (Carpenter and Grossberg, Iééz; Carpenter, Grossberg, and Reynolds, 199

. ) Carpenter, Grossberg, Markuzon, et al,, 1992). Since low vigilance leads ¢
Y XEIPE%ORIES SXEFJI'EE%RRYIES learning of the most general categories, this operation, which is called mat
v ) — tracking, sacrifices the minimal amount of visual generalization on each learr

ing trial in order to correct a naming error.

Such a supervised ART system performs extremely well relative t
other machine Jeaming, genetic algorithm, and backpropagation networks i
benchmark simulations. Objective performance measures show that a fuzz
ARTMAP does much better than these other models on many standar
recognition problems. These benchmarks indicate that models of biologic:
leamning enjoy major computational advantages over more traditional af
proaches. These benchmarks are described in detail in Carpenter, Grossberg
and Reynolds (1991) and Carpenter et al. (1992).

HEAR - Memory Consolidation as an Emergent Property of Network Dynamic
AY As inputs are practiced over learning trials, the search process eventuall:
converges on stable categories that access the corresponding category di
rectly, without the need for search. The category that is selected is the on
whose prototype provides the globally best match to the input pattern at th.
system’s present state of knowledge. In this way, “familiar” patterns can reso
nate with their category without the need for search, much as Gibson (197¢
p. 249) may have intended when he hypothesized that the perceptual systen
“resonates to the invariant structure or is attuned to it.” If both familiar an
unfamiliar events are experienced through time, familiar inputs can directh
activate their learned categories, even while unfamiliar inputs continue t¢
trigger adaptive memory searches for better categories, until the network"
memory capacity is fully utilized (Carpenter and Grossberg, 1987, 1991).

This process whereby search is gradually and automatically disengagec
may be interpreted as a form of memory consolidation. This type of memor
consolidation is an emergent property of network interactions. It is, onct
again, a property that can only be understood by studying the network’s
dynamics. Emergent consolidation does not, however, preclude structura
forms of consolidation, since persistent resonance may also be a trigger for
other learning-dependent processes, such as transmitter production and pro-
tein synthesis, at individual cells.

match b
tracking F_1

Figure 15.11 (A) Many-to-one leamning combines categorization of many exemplars intc
one category, and labeling of many categories with the same name. (B) In an ARTMAF
architecture, the ART, and ART, networks form recognition categories of the separate stream:
of input vectors labelled a and b, as in the case of visual categories and their auditory naming -
categories. The map field learns an associative map from categories in ART, to categories
in ART,. When a predicted output in ART, is mismatched by an input vector b, the matct
tracking process increases the ART, vigilance value p, until p,lal — |x*) > 0, thereby trig-
gering memory search for a better set of features in a with which to build a category thal
can correctly predict b. (From Carpenter and Grossberg, 1992.)
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race Recognition and Interotemporal Cortex

How do components of the ART model map onto brain mechanisms? To
begin with, level F, properties may be compared with properties of cell acti-
vations in the IT during recognition learning in monkeys. The ability of F,
nodes to learn categories with different levels of generalization clarifies how
some IT cells can exhibit high specificity, such as selectivity to views of
particular faces, while other cells respond to broader features of the animal’s
environment (Desimone, 1991; Desimone and Ungerleider, 1989; Gochin,
Miller, Gross, et al,, 1991; Harries and Perrett, 1991; Mishkin, 1982; Mishkin
and Appenzeller, 1987; Perrett, Mistlin, and Chitty, 1987; Schwartz, Desimone,
Albright, et al.,. 1983; Seibert and Waxman, 1991). In addition, when monkeys
are exposed to easy and difficult discriminations, “in the difficult condition the
animals adopted a stricter internal criterion for discriminating matching from
nonmatching stimuli ... the animals’ internal representations of the stimuli
were better separated, independent of the criterion used to discriminate them
... land] increased effort appears to cause enhancement of the responses and
sharpened selectivity for attended stimuli” (Spitzer, Desimone, and Moran,
1988, pp. 339-340). These are also properties of model cells in F,. Proto-
types represent a smaller set of exemplars at higher vigilance levels, so a
stricter matching criterion is learned. These exemplars match their finer proto-
types better than do exemplars that match a coarser prototype. This better
match more strongly activates the corresponding F, nodes.

Data from IT support the hypothesis that unfamiliar or unexpected stimuli
nonspecifically activate level F, via the orienting subsystem. According to
Desimone (1992), “the fact that the IT cortex has a reduced level of activation
for familiar or expected stimuli suggests that a high level of cortical activation
may itself serve as a trigger for attentional and orienting systems, causing the
subject to orient to the stimulus causing the activation. This link between the
mnemonic and attentional systems would ‘close the loop’ between the two
systems, resulting in orienting behavior that is influenced by both current
stimuli and prior memories. Such a mechanism has a number of similarities to
the adaptive resonance theory” (p. 359). Properties of IT cells during working
memory tasks suggest that active reset occurs at the end of each trial (Miller,
Li, and Desimone, 1997; Riches, Wilson, and Brown, 1991). Reset of F, is also
a key ART operation.

These recent neurophysiological data about IT cells during recognition
tasks are thus reflected in level F, properties. Additional data suggest that the
pulvinar may mediate aspects of attentional gain control (Desimone, 1992;
Robinson and Peterson, 1992). Data that correlate the IT and pulvinar record-
ings are needed to critically test this hypothesis. Carpenter and Grossberg
(1993) have suggested that the orienting operations whereby vigilance is
controlled may take place in the hippocampal formation. They support this
hypothesis by showing how a formal lesion of the orienting system in ART
creates a set of properties strikingly like symptoms of medial temporal amne-
sia in human patients with hippocampal lesions. This linkage suggests the

-
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prediction that operations which make the novelty-related potentials of the
hippocampal formation more sensitive to input changes may trigger the for-
mation of more selective inferotemporal recognition categories. Such a corre-
lation may be sought, for example, when monkeys learn easy and difficult
discriminations. The hypothesis also suggests that operations which block
hippocampal novelty potentials may lead to the learning of coarser recogni-
tion categories, with amnesic symptoms as the limiting case when the hippo-
campal formation is completely inoperative.

Feature Discovery by Competitive Learning

The above properties of ART systems have been computationally demon-
strated and mathematically proved in a series of articles by Gail Carpen-
ter and myself in collaboration with several students. The core articles are
brought together in Carpenter and Grossberg (1991). In this chapter, some of
the most important mathematical properties of competitive leaming and self-
organizing feature maps are reviewed. These properties are important both in
themselves and as a stepping stone to a mathematical study of ART systems.

Perhaps the simplest competitive leaming system is defined by the follow-
ing equations. Let I, be the input to the i node in F;. Let fast competitive
interactions within F; normalize this input. There are several possible types of
normalization. In the simplest type, the normalized activity xy; of the ith
node, or cell population, in F, satisfies

I

Xy = oiEZ—I, (25)
K iy

so that

thu =1 (26)

Property (1) is called L* normalization. In L? normalization, 2%, = 1. The
effects of choosing different values of p, notably p = 2, were first described
in Grossberg (1978). Here we analyze the case p = 1, as in the Grossberg
(1976a) model that was also used by Rumelhart and Zipser (1985).

The normalized signals 6; are multiplied by adaptive weights z; and added
to generate the total input

5= Zi Hizij (27)
to each node j in F,. A competition between nodes in F, rapidly chooses
the activity x,; whose total input S; is maximal for storage in STM, while
normalizing the total activity of E. Such a network is often said to carry
out a winner-take-all (WTA) operation. How a WTA competitive network

may be designed was first described in Grossberg (1973). This fast compet-
itive dynamical process may be approximated by the algebraic equation

{I if S; > max(e, S: k # f)
X =

0 ifS; < max(e, S: k # ) 28




+ e seeowiu g an saputs st exceed m order to trigger the STM
choice and storage process.

Learning in the LTM traces takes place more slowly than the STM pro-
cesses in equations (25) and (28). Hence learning cannot be approximated by
an algebraic equation. Rather, it obeys the instar, or gated steepest descent,
differential equation (24). In the present case, this reduces to

%zﬁ = x(~zy + 0;). ~ (29)

In order to get a sense of how competitive learning and self-organizing
feature maps work, suppose that a single input pattern 0 perturbs F, through
time and activates node j = ] in F,. As a result, the total inputs S; to F, nodes
in equation (27) obey the inequalities 5, > S, k # ], so x1,; = Tand x5, = 0,
k # ], by equation (28). By equation (29), only the vector z; = (z,, 25y, ...,2,5)
of LTM traces that abut node ] undergo learning, because only x,; > 0 in
equation (29). During learning, the LTM vector z; is attracted toward the
normalized input vector 8 = (0,,0,,...,0,) as each z;; is “tuned” by the ith
feature activity 6,. As learning proceeds, the Buclidean length ||z;|| = \/X;z%
of the LTM vector is normalized as it approaches the length |6 = \/Z;"?
of the input vector, and the total input S; in equation (27) increases to its
maximal possible value.

This result was proved in Grossberg (1976a) and is reviewed below. Its
significance is clarified by noting that the total input S, to node J in equation
(27) can be rewritten as

S = ZiOiZiJ = [|0]| flz, [f cos(0, z,), (30

because 'S, is the dot product, or inner product, of the vectors 8 and z;. Given
that ||z, || approaches ||0| during learning, equation (30) shows that the maxi-
mal S;, among all 5, is the one whose cos(f, z;) is maximal. This quantity
corresponds to that vector z; which is most parallel to 8. In other words, the
STM competition [equation (28)] at F, chooses the node ] whose vector z; is
most parallel to 6, and learning tunes z; to become even more parallel to 8. In
addition, the fact that |jz;|] approaches 6] shows that choosing all input

vectors so that their length }|0]] = 1 eliminates the effects of variable input’

length on the category choice process. Then L? normalization with p = 2
replaces the L’ normalization in-equation (26). This implication of the learn-
ing theorem was noted in Grossberg (1978) and used by Kohonen (1984)
in his subsequent applications of self-organizing feature maps. Grossberg
(1976a) also proved that, when multiple inputs activate F;, then the LTM
weight vectors tend to track the statistics of the input environment. This
property was also exploited by Kohonen (1984), among others.

Theorem 3 (Adaptive Tuning of Feature Maps) Given a pattern §, sup-
pose that there exists a unique j = J such that

5;(0) > max{e 5, (0): k # J}. 31

Let # be practiced during a sequence of nonoverlapping intervals [, V],

m =1,2,.... Then the angle between z’(f) and § monotonically decreases,
the signal S;(#) is monotonically attracted toward [[6]|% and |z*||? oscillates
at most once as it pursues S;(f). In particular, if ||2(0)] < ][0]] then S;(#) is
monotonically increasing. Except in the trivial case that S,(0) = 0%, the
limiting relations

lim 290)% = lim S, = 0] (32)
I~ I~ .

hold iff

Y (V,— U,) = co. (33)

-

m=

Proof Consider the case in whi‘ch

16112 > S,(0) > max{e, 50 k # J}. (34)
The case in which 5,(0) = ||8]|? can be treated similarly. First it will be shown
that if the inequalities

1011* > S;(8 > max{e, S, (b): k # ]} (35)

hold at any time f = T, then they hold at all future times f > T. By equation
(34), 2,,(T) = 1 and 2, (T) = 0, k # ]. Consequently, by equation (29), at
any time ¢ = T during a leaming interval {U,,, V],

g_tz,.,ma —z2,(T) + 6, (36)
and
%zik(T) —0 (37)
fork # Jand i = 1,2,..., n. By equations (27) and (35)—(37),
jt Z 9’ A
=3 0=z + 0) (38)
= —~5,T) + 16}}*.

Thus by equation (34), from the first moments of learning onward,

%s,m >0 = %sk(T), k# . (39)
Since S;(f) continues to grow while all 5,(t) remain constant, k # ], the in-
equality [equation (34)] continues to hold for all ¢ = T throughout the leam-
ing process. Since all x,; = 0 whenever no learning occurs, there is no change
in any z;; or S, during these times. Thus equation (34) holds for all > T.
Moreover, by equation (38), 5,(f) converges monotonically toward |6},

To show that 5,(f) converges to {|8]|* only if equation (33) holds, integrate




equation (38) throughout the mth learning interval [U],,, V..l. Then
5(V,) = 5(U,)e™ Wm0 10,3 (1 — ¢ m=Um), (40)

Since no learning occurs between time f = V, and time ¢ = Ur1, S5(U L) =
5/(V,,). Using notation S, = S,(U,,) and W, = V,, — U, for simplicity, equa-
tion (40) may thus be written as

Srome1 = Sjmekw"’ + 10,01 — e ), (41)

Equation (41) can be solved recursively by setting m = 1, 2,,.. in equation
(41) to find that :

SJ.M'H\=‘S./me—-z;‘"=l P + “0.1 ”2(1 - E—Z:‘n:l Wk)r (42')

from which it follows that S,(f) converges to ||6, 12 only if IR W, = 0.
To show that S; increases toward (|02 if

) < yay, (43)

we need only to show that 5,(0) < |62, since then (d/df) 5,(0) =2 0 by equa-
tion (38). Were

5,(0) > @2, (44)
then by equations (30), (43), and (44),

101 1z = S;(00 > 1012 = 6} Do) (45)
and thus

129(0) > (8] = 129(0)], (46)

which is a contradiction.
To show that the learning process normalizes the vector of LTM traces, let
us use the notation N, = 22 = ¥, 22, By equation (36),

d d
;tNJ = ZIZZUEZZU

=2 ‘Zzu(—-z” + 6) (47)

= 2(—N; + S)).

Equations (38) and (47) show that N; tracks S, as S tracks [|6)|%. Conse-
quently the norm ||z} = \/ITJ approaches ||0] as learning proceeds. In ad-
dition, since S; monotonically approaches |02, N, oscillates at most once.,

Finally, let us verify that the angle between Z and 6 closes monotoni-
cally during learning, even while |z} is converging to ||0}]. To do this, the
notation C; = cos(z"”),§) is convenient. It is sufficient to prove that C;(H
increases toward 1 as learning proceeds. By equation (30), C, can be rewritten
as

5

101N, 48

Differentiating equation (48), we find that

N}ﬂisj — Est;llzfi_Nj
dc _ dt 2 dt (49)
a 161N, '

Substituting equations (38) and (47) into (49) and canceling the term N;§; in

‘two places leads to the equation

4 NI — 57

&% e
_leh(. st ) | 50
'¢EG 161°K;) e

which by equation (48) is the same as

%CJ=M(1_CJZ)>O_ (51)

N

Equation (51) shows that C, increases monotonically toward 1.
15.4 CONCLUDING REMARKS

This chapter has described two models whose explanations of complex data
can be understood by analyzing their interactive dynamics in real time. The
first model illustrates how classical data about apparent motion can be ratio-
nalized in terms of the spatiotemporal dynamics of a long-range Gaussian
filter followed by a contrast-enthancing stage of lateral inhibition. The model
suggests how paradoxical properties of motion speedup can be linked to the
functionally useful property of synthesizing motion data from multiple spatial
scales, and to the property of predictively interpolating intermittent motion
signals in a way that is capable of continuously tracking a target moving at
variable speeds with a focus of spatial attention.

The second model illustrates how a combination of bottom-up adaptive
filtering, top-down learned expectations, attentive resonance, and novelty-
sensitive memory search can control rapid learning of recognition categories
whose shape and coarseness can be matched to complex environmental
demands, including culturally imposed demands. The model clarifies how
top-down expectations can stabilize the learning process in an arbitrary
environment and, in so doing, focus attention upon and coherently bind
those prototypal feature clusters that are used in object categorization. Prop-
erties such as memory consolidation arise as dynamical properties of network
interactions, and data about such varied phenomena as phonemic restoration,
priming, and the dynamics of IT were linked to emergent properties of the
network model.

These results suggest that basic neural mechanisms, such as contrast-
enhancing lateral inhibition, play a role in multiple neural systems, whether to
select the peak of a motion wave, as in figure 15.6, or to choose a recognition
category, as in equation (28). On the level of the system design itself, the




results support the view that two distinct types of attention may modulate
visual information processing, one a form of spatial attention that arises in
the Where processing stream through the MT and parietal cortex, and the
other a form of featural attention that arises within the What processing
stream through V4 and temporal cortex (see figure 15.8). How these two
types of attention interact during our daily experiences with rapidly changing
mixtures of familiar and unfamiliar events remains an important subject for
future research.
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