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Multidirectional Associative Memory

MASAFUMI HAGIWARA

Dept. of Elec. Eng.
Facul. of Sci. and Tech.
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3-14-1 Hiyoshi, Kohoku-ku, Yokohama
223 Japan

Abstract Multidirectional Associative Memory (MAM) is proposed and simulated.It enables multiple

associations such as (A;,B;,C;, ). Its structure is very simple, and is devised to satisfy many facts

based on psychology. The proposed MAM has the foilowing features.

1) By recollecting one data, many other data can be recalled (multiple association).

2) When an interference from other layer exists, it can be suppressed by recollecting other data (noise
ression effect).

3) Recollection becomes correct by memorization with other data (robust memory).

1 Introduction

It is widely accepted that human memory is characterized by its associative, distributed, and
lel processing capabilities. With this notion, many kinds of memory models have been proposed [1]-
6]). Among them, a bidirectional associative memory (BAM) proposed by B.Kosko has attracted much

attention because of its simple structure and its similarity to brain (for example, there exists reverbelation in
the BAM) [5]. The BAM agrees with the fact that a neural projection from one region to another is usually
accompanied by a backward projction [6). The BAM is the minimal two-layer noniinear feedback
network and produces two-way associative search for stored stimulus-response associations (A;,B;).
However, it is similar to the conventional ones in respect of the number of vectors stored simultaneously:
multiple associations such as (A;,B;,C;, ) are impossible.

Itis well known that the following strategies are effective in order to ensure memorization.
1) Deep understanding of the meaning of the data to be stored.
2) Understanding of the mutual relation of the datz ‘o0 be stored.
In addition, it is noticeable that the more the data for retrieval exist, the more correctly the recollection
becomes.

In this paper, a new memory model called a Multidirectional Associative Memory (MAM) is

Wd and simulated. It enables multi?lc associations such as (A;,B;,C;,). The structure of the
is very simple, and is devised to satisty above mentioned facts based on psychology. Therefore, the
MAM has the following features.
1) By recollecting one data, many other data can be recalled (multiple association).
2) When an interference from other layer exists, it can be suppressed by recollecting other data. (noise
suppression effect).
3) Recollection becomes correct by memorization with other data (robust memory).
Following this introduction, the proposed MAM is explained in Sec.2. In Sec.3, a demonstration

is shown by computer simulation.
2. Structure of MAM

Tn this section, structure of the multidirectional associative memory (MAM) is explained using a
three-layer type MAM as an example.

2.1 Behavior of MAM

Since the MAM can be considered as a multilayer type bidirectional associative memory (BAM), it
has many features in common with the BAM [5).




The MAM is the minimal multi-layer nonlinear feedback network. Information pass forward from
one layer to others by passing thm\¥h the connection matrices P,Q,R, . Information pass backward
through these matrices transpose PT,QT,RT -,

When the neurons are activated, the network
quickly evolves to a stable state of multi-pattem Layer-1
reverberation. or resonance. The stable reverberation _ A
corresponds to a system energy local minimum.

Fig.1 shows a structure of a multidirectional
associative memory (MAM) when the number of the
layers is three. The behavior of a MAM is explained P pT R.RT
using Fig.1 (three-layer MAM). It produces a sequence S '
of grouped approximations to the stored grou
(A,B;,C;): (A,B,C), (A"B',C), (A”.B".C"i
(A", B,C’™),--. ldeally, this sequence will

quickly converge to some fixed group (A,Bs,Cy), and T
this fixed group will be (A;,B;,C;) or nearly so. Layer2  Q.Q Layer-3

A MAM behaves as a heteroassociative content Fig.1 Structure of multidirectional associative memory
addressable memory (CAM) if it is represented by a (three-layer type).

®
pr '&\1‘? [f‘> pr R\lf ..E> PVP N’
S e

Fig.2. Recollection example of 3-layer MAM.

22 MAM encoding
Here, the encoding of a MAM is explained using the three-layer MAM.
1) Let(A},B,,Cy),(Ap,,B,,Cn) be the bipolar date groups to be stored.
2) To make the matrix from the layer A to the layer B, convert bipolar pairs into bipolar correlation
matrices A;T B;.
3) Add up the bipolar correlation matrices,
P= Y A'B,
! (n
Matrix P stores the m associations: (A[,B),"{(Ap,Bp)-
4) To make the matrix backward direction of Eq.(1) (fiom layer-! to layer-2), a matrix transpose is made
T T :
P = Z B, A :
! (2)

5) Inthe same wa%_of 2)-4), all the matrices Q(layer-2—layer-3), QT(layer-3—layer-2), R(layer-3—
layer-1), and RT (layer- | —layer-3) are made.

23 MAM decoding
The MAM recall procedure is a nonlinear feedback procedure. Each neuron g, b;, and ¢;

independently and synchronously examines its input sum from the neurons of other layers (see Fig.2),
then changes state or not. The input sum to a;, b;, and ¢; are




B(PT)|+CR"2(bjPU+Cj rji)
J

(3)
C@")' +AP'= T (cay+a;py) @) 9"6
)
AR™)'+BQ' =Y (a1, +b, q;) ‘
),-:‘ jfy+ by qy (5) (c}—(D)
where X! means the i-th column of the matrix X, and x;; isan (a) #layer MAM.

element of X. We take 0 as the threshold for all neurons. In
summary, the threshold functions fora;, b;, and ¢; are
1: if BP')+CR 20
= . T\i i ©
-1: if B(P°Y+CR <0

f 1: if C(Q)+AP 20

- 7
Y\ -1 i c@M)'+ AP <0 () () Staper MAM.
. 1: if AR +BQ' 20 ) Fig.. Various kinds of MAM:s.
Y -1 i ARTY +BQ' <0

The neurons continue their synchronous state changes until a multidirectionally stable state
(ApBg,Cy) is reached.

So far the three-layer MAM is explained. It should be state that there exist many kinds of MAMs
such as shown in Fig.3.

3. Simulation results

In this section, we show the comp ter simulation results to demonstrate the effectiveness of the
MAM. :

The following simulation conditions are used.

The spatial character associations (A ,a,1) (B,b,2), and (C,c,3) are stored for the MAM, and (A ,3)
sgaand {C,c) are stored for the BAM.

2) The layer-1 contains 6x8=48 neurons (MAM and BAM), the layer-2 contains 5x7=35 neurons (MAM
and BAM), and the layer-3 contains 4x6=24 neurons (MAM).

Table 1 Simulation result.

BAM MAM
-.:g;‘;o O|O0|0l0O]|0O
Bl X | X | X|O|0O|O
GIINININEIEIE
ez | — M| — MRS — e
Lo e el

O: correct recollection X : false recollection 2\ : {reversed) correct recollection




Table 1 shows the simulation result.
The pattem for the digit "A"” to the layer-1
was corrupted by randomly reversing each
bit from 0 to 48 (all bits are reversed). As
for the BAM, when the number of reversed MAM BAM
bits exceeds 19, correct recollection can not Layer-!  Layer-2 Layer-3 Layer-1  Layer-2
be done even if a roise free correct initial o .
input is added to another layer. On the other - -+ Tk
hand, as for the proposed MAM, whenone  mitiat HHH H R ) HH T
noise free correct initial input is added to ~ state , -
another layer, recollection becomes perfect
irrespective of the corruption of the layer-1.

Fig.4 displays snapshots of
synchronous MAM and BAM recall. In this
figure, the steady state comes only at ilic
second steps. The pattem for the digit "A” to  Steady
the layer-1 was corrupted by randomly st
reversing each bit with a probability of
44%.When the input is restricted to the

layer-1 only, the BAM cannot recall (Correct recollection) (False recollection)
correctly. However, with additional input to Fig.d. Synchronous MAM and BAM recall. (The digit "A® was
the layer-3, the MAM can recall perfectly corrupted by randomly reversing with a probability 0.44.)

because of multiple association efTect of the

Therefore, it can be said that the multiple association enables a supreme noise suppression and
robustness of memoty.

4. Conclusions

Multidirectional Associative Memory (MAM) has been proposad and simulated. It enables multiple
associations such as (A;,B;,C;,-). Its structure is very simple, and is devised to satisfy many facts
based on psychology. The fohowing features of the proposed have been confirmed.

1) By recollecting one data, many other data can be recalled (multiple association).

2) When an interfcrence from other layer exists, it can be suppressed by recollecting other data (noise
suppression effect).

3) Recollection becomes correct by memorization with many data (robust memory).
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Maximum Entropy Prediction in Neural Networks

William B Levy, Ph.D.
Department of Neurological Surgery
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Charlottesville, Virginia 22908

Neural networks can generate predictive representations. Particularly interesting arc the networks that
produce a predictive representation that is a vector of probabilitics associated with a future representation.
These predictive representations are interesting because, among other reasons, such vectors imply the predictive
representation of maxiroum Lxelihood.

Such a vector of probabilitics, called a type II predictive representation to distinguish it from a maximum
likelihood predictive representation, consists of elements cach of which is the probability of one particular
neuron firing. More specifically, each neuron produces the probability of its own future state. In our
investigations each neuron generates this probability by a local computation that uses maximum entropy (M.E.)
inference, stored averages, and Bayes’s equation.

The motivation for such investigations® comes from the importance of prediction in the life of an
animal3®.! 7, from various observations that point out how synaptic modification can lead to the encoding of a
statistic! »¢»! ¢, and from the existence of a unique, optimal procedure to produce probabilities based on
statistics, i.c., M.E. inference 81 5,

In order for a ncural network to produce this type II predictive representation, there is a small set of absolute
axioms and requirements: a definition of the prediction problem, the requirements of M.E. inference, and
complexity considerations. In turn the implementation of these requirements leads to a set of network
characteristics as natural outcomes of the usual, classic characteristics of neurons and synapses. The purpose of
this communication is to point out the implications these requirements have for neural nctworks which mediate
predictive representations.

THE PREDICTION PROBLEM

It is first necessary to define the type of prediction we are studying. We want a network to generate
predictions which are useful (i.c. usable by another aetwork or the organism itself); moreover, we want a
network to base such predictions on appropriate correlational information which is adaptively encoded at
neurons and synapses.

There are three requirements of a predictive representation. (To emphasize that a prediction is also a
representation, we call it a predictive representation as distinct from a "standard representation.”) The first two
requirements stem from our interest only in predictions which wiil be usable.

(1) Timeliness: A predictive representation must precede in time the standard representation being
predicted (because the whole point of creating a prediction is to improve some outcome in the future),

(2) Meaningfulness: A predictive representation space must map into the standard representation space
being predicted about. This requirement is necessary if a prediction is to be used for the benefit (survival,
propagation) of the organism containing this network. A specific example might make the motivation for this
requirement clearer. Consider a prediction generating network which is embedded in a larger network that
aiters W in the external world to suit some homeostatic purpose. This larger network needs to relate, or map, a
predictive representation onto the standard representation of W in order to use the prediction to control Win a
sensible way that anticipates homeostatic needs. Without this map, the homeostatic part of the network would
be unable to take advantage of the predictions being generated.

The third requirement stems from our desire that the network encode and use appropriate associative
(correlational) information.

(3) Aptness: Appropriate correlations must be used to generate predictions. Among the many constraints
on a neural network there is the local principle which sensibly limits the information available to a neuron; e.g.,
of all the synaptic weights and neuronati activities in a nctwork, only those which are inputs to a neuron are local
to that neuron. Then suppose, because of the local principle and extant circuitry, a neuron can only learn an
association between a representation in the space A and another representation in the space B where any one A
representation precedes any one B representation. Then it is appropriate for this neuron to use an A
representation to predict about B. However, il is not appropriate for the ncuron to use a B representation to
predict about A in the future or to use an A representation to predict about some nonlocal event C (except in
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the sense that C can be represented as B). Furthermore, even though the local principle requires convergence
of an input to a cell such convergence is not enough for aptness. Just because the inputs to a neuron are, by
definition, local to that neuron, does not imply that it is appropriate for such a neuron to associate just any sct of
these inputs. Specifically, a neuron would be living in a fantasy world of inappropriate correlational encodings if
it were to use its own predictive representation rather than a standard representation for synaptic reinforcement.
NETWORK CHARACTERISTICS DERIVATIVE OF THIS DEFINITION

The requirement for a timely prediction is, in part, implemented by the temporal characteristics of
associative modification rules®»? 2. These characteristics allow tims spanning associations between two
standard representations. However, the allowable time span of these rules is rather short, certainly less than 125
ms. This span is hardly large enough for most practical purposes requiring prediction. An arbitrarily large time
gap, however, can be spanned by using feedback circuitry for preprocessing the representation that will be used
as the conditioning variable in prediction generation? .

Requirements (2) and (3) produce the need for a bidirectional mapping between the standard representation
space and the corresponding predictive representation space. The obvious implementation of this bidirectional
mapping is that the same neuron mediates both a standard representation and its own predictive representation.
There are advantages to such a mapping including simplicity, immediate interpretability, and constancy over
changes in circuitry due to synaptic modification. However, although this mapping prevents confusion as to the
applicable space of a prediction, it does not prevent, rather it can cause, confusion between the two types of
representations themselves.

Such a dual representational implementation within a single neuron leads to the possibility that the two
different types of representations will be confused. Such confusion could happen in two places. One place is at
the associatively modifiable synapses of the prediction generating neuron. Associative synaptic modification
could be reinforced by the unconfirmed state of a predictive representation instead of the reality of a standard
representation. The other place of possible confusion is at the postsynaptic cells receiving inputs from such a
prediction generating neuron. These postsynaptic neurons must distinguish which input signals are predictive
representations and which are standard representations.

The distinction which solves the first problem can be accomplished by a nonspecific, low dimension, marking
signal, a two-compartment neuron, and non-simultaneity of the two types of representations. The second
problem needs only a marking signal and the non-simultaneity of the two representations to produce the
necessary distinction. Such marking signals would alter the interaction of postsynaptic cells according to the
marking signal’s temporal relationship with one of the two types of representations.

Combined with the nerwork characteristics just noted, aptness is satisfied by an associative modification rule
in which reinforcement of synaptic modification is a rectified affair. Consider the event being predicted as the
voltage of compartment 1, Z, in the figure. Then Z in compartment 1 can reinforce compartment 2 synaptic
modification for a state of each input X; in compartment 2 that precedes the state Z but cannot reinforce
modification of states which - ccur after state Z in time. Furthermore, the prediction generating compartment (2
in the figure) cannot reinforce synapses in compartment 1.

Nonspecific
Marking

QK/ 2 Signal
N\

Input

Time Spanning

Preprocessor ’ A
}\
\
Prediction Generating Neuron k \

Compartment 1 generates a standard representation
Compartment 2 generates a predictive representation, P*(Zy|X)

I-8




Although the definitional requirements constrain the characteristics of suitable networks, our
implementations are probably not unique in satisfying these requirements because so many different types of
oeurons exist. Still, the suggested network characteristics scem rather natural, straightforward con-
structions, particularly when considered in the context provided by the hippocampus of the mammalian brain 8.

Let us now consider computational constraints which limit the characteristics of a neural network. For
simplicity of expasition, we consider a standard representation space in which each neuron takes on a state in
the set {0,1} and a predictive representation space in which cach neuron takes on some monotonic function of a
probability; for expository purposes, let it take on values in [9,1] as the probability itself.

COMPUTATIONAL CONSIDERATIONS

In an idealized situation cach prediction geacrating neuron, k, would, at time t, generate
P(Zy(t +n) =1| X(t) =x), the conditional probability that k will be in the one state at some n steps into the
future given that its inputs, the vector variable X, is in state x now at time t.

Because the dimension of X is quite large, there will be many configurations X that have never been
experienced before the prediction generation time t. Moreover, even with sufficient sampling, it is impossible to
store the exponentially many statistics, €.g. the expectation E{Z, = 1] X = x], that might be needed. The
solution to this problem is to use Bayes’s equation and M.E. inference on low-order moments. In accord with
Bayes’s equation and leaving implicit the time notations mentioned above, cach neuron would compute

P'(Zp=1| X=x) = P'(X=x| Z, =1)- P*(Z; =1)/ P’ (X =x) (1)

where, on the right hand side, P‘( ) is a M.E. inferred probability distribution computed from sample averages
that have nearly converged to the population based expectation. A M.E. inferred probability based on the
lowest order moments of interest is:

P'X=x| =) = D P'(| Ze=1) = D X =1] 2= 0% 1= Fog=1]z=0)0 % @
- cxp(in-logF(Xisll Zy=1) + (1-x)- log(l—-F(Xi=1| Z, =1))} 3)
i

where the P( ) are sample based averages. _

As in many neural networks, synapses would store statistics, e.g. (P(X; | Zy =1)), and the readout of the
approgriate statistics is just a natural result of the signal flow, x;. The "learning” of such statistics could result
from synaptic modification rules similar to those known to exist in the brain7,9,1 9,1 1,

The existence of synaptic modification rules that encode averages provided much of the impetus for the
approach described here. Equation (1) and computations like equation (2) imply the need for three different
types of averages: P(X;=1| Zy =1), P(Zy =1), and P(X; =1| Z; =0). Note that P{(Z;) requires a neuron to
encode its own average activity or to guarantee a preset value. Note also that a synaptic encoding of
P(xi =1| Zy =1)/P(X; = 1) might substitute for the pair (P(X;=1| Zy =0), P(X;=1| Z; =1)). Ineither casc a
neuron has the information to calculate the denominator of equation (1). Interestingly there is recent evidence
for the existence of a synaptic modification rule that would encode 'P'(Xi | Zy =0) or the alternate statistic®-! 8-

Regardless of the statistics in the constraint set (in our case the low order statistical correlations), M.E.
inference will always use what is essentially a multiplicative form?. This requirement leads to an obvious
implementation in a neural network: add logarithms and exponentiate. Because synaptic currents vary with the
logarithm of their conductance and because depolarization translates into cell firing in a nonlinear way, such
hypothetical characteristics are plausible. (Of course a maximum likelihood predictive representation does not
even require exponentiation before its formation from a monotonic function of a type 11 predictive
representation formed with logarithms.)

ANOTHER COMPLEXITY CONSTRAINT

M.E. inference can make use of moment constraints, which are cssentially correlations, of any order. For a
postsynaptic ccli k and inputs X;, X;, Xp, a lowest order constraint of intcrest would be F(Xi =1|Zy=1)and
examples of higher order constraints are P(X;+ Xy, =1| Z =1) and P(X;- X Xp=11Zp=1).

Unfortunately computational complexity issucs often make it impossible, in practice, to compute a M.E.
derived probability from a constraint set of arbitrary moments of arbitrary order. A computationally intractable
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problem can arise if the constraint set does not consist solely of lowest order correlates because there might be
overlap among two constraints in the set. When such overlap exists, there can be a need for an exponential
number of variables to calculate the M.E. inferred probability distribution. This exponential requirement
renders the M.E. method computationally intractable in such cases.

Example of a set of nonoverlapping moment constraints:

{P(X1=1| Zy =1), P(Xy=1] Z; =1), P(X3- X4 =1| Zy =1)}.

Example of a set with overlapping constraints:

{(P(X1=1| Z, =1), P(X;- X4=1| Z, =D)}.

On the other hand, intractability will always be avoided if the constraints in a set do not overlap. That is, if a
conditioned variable X; (i.. the activity of input line i) appears in no more than one moment constraint in a set
of constraints, then there will be no overlap, and this particular complexity problem is avoided.

We view this complexity problem and its solution as a constraint affecting the characteristic computation of a
prediction generating network. More exactly the affect is on the preprocessor computation that produces the X
inputs of the prediction generating neurons. It would be useful for the prediction generating neurons to receive
their inputs from a network preprocessor that moves information out of higher-order moments into lower-order
moments and that avoids overlapping constraints with high probability. Moreover, it seems possible that this
preprocessor and the time spanning preprocessor are identical® .

Full connectivity from the X space to a prediction generating neuron is not a requirement because M.E.
inference remains consistent even with missing moment constraints.

Thus the requirements stemming from this particular computation, equations (1) and (2) or (3), imply several
network characteristics. These requirements include: a multiplicative combination of probabilities; computation
of M.E. inference as if working with lowest order moments; and a requirement for averages over three different
kinds of distributions. The combination of these computational requirements and the definitional requirements
create an important set of restrictions on the class of acceptable neural networks that create predictions.

This research and WBL are supported in part by the NIH (NS14588)and by an NIMH R5DA (MH00622).
The help of D. Adelsberger-Mangan, C. M. Colbert, and N. L Desmond is greatly appreciated.
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NEURAL DYNAMICS OF MOTION SEGMENTATION:
DIRECTION FIELDS, APERTURES, AND RESONANT GROUPING

Stephen Grossherg and Ennio Mingolla
Center for Adaptive Systems. Boston University
111 Cummington Street. Boston. MA 02215

A neural network model of motion segmentation by visual cortex is described. The
model clarifies how preprocessing of motion signals by a motion OC Filter is joined to long-
range cooperative motion mechanisms in a motion C(' Loop to control phenomena such
as induced motion. motion capture. and motion after effects. The total model system is
a motion Boundary Contour gystem (BCS) that is computed in parallel with the static
BCS of Grossberg and Mingolla before both systems cooperate to generate a boundary
representation for 3-D visual form perception. The present investigations clarify how the
BCS used in static segmentation problems can be modified for use in motion segmentation
problems, notably for analysing how ambiguous local movements (the aperture problem)
on a complex moving shape are suppressed and actively reorganized into a coherent global
motion signal. Unlike many previous approaches. we analyse how a coherent motion signal
is imparted to ali regions of a moving figure (“motion capture”). not only regions at which
unambiguous motion signals exist.

Why Are Static and Motion Boundary Contour Systems Needed?

Some regions of visual cortex are specialized for motion processing. notably region MT
(Albright, Desimone. & Gross. 1984: Maunsell & van Essen. 1983: Newsome. Gizzi. &
Movshon, 19383; Zeki. 1974a. 1974b). However. even the earliest stages of visual cortex pro-
cessing, such as simple cells in V1. require stimuli that change throug‘ﬁ time for their maximal
activation and are direction-sensitive (DeValois. Albrecht. & Thorell. 1982: Heggelund. 1981:
Hubel & Wiesel, 1962. 1963. 1977: Tanaka. Lee. & Creutzfeldt. 1983). Why has evolution
generated regions such as MT, when even 1’1 is change-sensitive and direction-sensitive?
What computational properties are achieved by MT that are not already available in V17

The monocular Boundary Contour System. or BCS. theory of Grossherg and Mingolla
{1985a. 1935b), and its binocular generalization (Grossherg, 1987b: Grossberg & Marshall.
1989). has successfully modelled many boundary segmentation properties of 11 and its
prestriate projections. (See Grossherg (1987c. 1938a) for collections of these and related
articles.) The BCS was there used to analyse data generated in response to static visual
images. Henceforth we therefore call such a BCS a static BCS model. Nonetheless. its
model cells can easily be gated by cells sensitive to image transients. such as }” cells (Enroth-
Cugell & Robson. 1966: Hoffmann. 1973: Sekuler. 1975: Stone. 1972: Stone & Dreher. 1973:
Tolhurst. 1973). to generate receptive fields sensitive to image transients. How does a motion
BCS differ from a static BCS whose cells are sensitive to image transients?

Joining Sensitivity to Direction-of-Motion

with Insensitivity to Direction-of-Contrast
The static BCS consists of two major subdivisions: an oriented contrast-sensitive fiicer.
called the OC Filter. and a cooperative-competitive feedback network. called the CC Loop.
The OC Filter models the simple cells and complex cells of 1'1. Its projections to hypercom-
plex cells form the interface of the OC Filter with the CC' Loop. The hypercomplex cells
project. in turn. to a cell tvpe called cooperative bipole cells by Grossherg and Mingolla.

The bipole cells interact with the hypercomplex cells via the C'C’ Loop.

This research was supported in part by the Air Force Office of Scientific Research
(AFOSR F149620-36-C-0037 and AFOSR F19620-87-C-0013). the Army Research Office (ARO
DAALO03-33-K-0033).




The OC Filter is a nonlinear filter that multiplexes several different types of image infor-
mation into a spatially organized representation. or map. across the network of hypercomplex
cells. Such a map functions as a compressed code that is capable of reacting selectively to
prescribed combinations of image features.

The CC Loop reacts to this multiplexed spatial map by transforming and amplifying
those spatial combinations of cell activations whose coded information is . qutually consistent,
and actively suppressing the rest. The result combines information w«pout image edges,
texture, shading, depth, and spatial scale into a resonant boundary representation. Eckhorn
et al. (1988), éray et al. (1939) and Peterhans and von der Heydt (1939) have recently
reported neurophysiological data that support predicted cooperative and resonant properties

of the CC Loop.

Although the simple cells of the BCS are sensitive to direction-of-contrast, or contrast
polarity, the complex cells of the BCS are rendered insensitive to direction-of-contrast by re-
ceiving inputs from pairs of simple cells with opposite direction-of-contrast. Such a property
is also true of the simple cells and complex cells in area V"1 (DeValois, Albrecht, & Thorell,
1982; Poggio, Motter, Squatrito, & Trotter, 1983; Thorell, DeValois, & Albrecht, 1984).

This property is useful for extracting boundary structure that is independent of illumi-
nation fluctuations, such as shadows. As a result. the output of the static OC Filter is unable
to differentiate direction-of-motion. A key property of the motion BCS model presented here
is that it possesses a modified OC Filter that multiplexes the property of insensitivity to
direction-of-contrast, which is equally useful for the processing of static and moving forms.
with sensitivity to direction-of-motion (Grossherg, 1987a). The properties of this motion OC
Filter (Figure 1) clarify many properties of motion perception. Grossberg and Rudd (1939a,
1989b) have, for example, used the motion OC Filter to explain properties of apparent mo-
tion. When the motion OC Filter is connected to the CC Loop. a much larger body of data,
including coherent global motion percepts such as induced motion and motion capture, can
also be analysed.

For example, a consideration of the action of Level 4 cells in the OC Filter indicates
how ambiguous information about object motion direction can be combined into a motion
direction signal near image corners. Consider the lower right corner of a light rectangle.
moving diagonally up and to the right. on a dark background. Over time. triplets of level
2 cells of horizental orientation, when gated by a “darkening™ Level 3 cell, detect roughly
vertical motion (along the bottom horizontal edge). Simultaneously, vertically oriented Level
2 cells, when gated by a (different) “brightening™ Level 3 cells, detect roughly horizontal
motion (along the leading vertical edge). These two motion signals (upward, rightward)
are derived from direction-of-contrast- sensitive cells, but combine to form a total direction
signal that is independent of contrast direction. This is accomplished by the Level 4 to Level
3 Gaussian filter, which computes a direction field from the oriented motion direction vectors
over relatively large spatial distances and over a range of orientations.

A similar process occurs at the top-right corner of the same rectangle (though there the
process is aided by the local filters at 13 degrees). Interaction of this direction field with a
motion CC Loop can select the preferred directions near the figural corners and use these
directions to complete the direction field along the entire leading edge of the figure. Such
resonant completion uses cooperative-competitive feedback between motion hypercomplex
cells fed by the motion OC Filter and the motion bipole cells to which they project.

Multiplexing of Motion Direction and Motion Depth

In the static BCS it has been shown how cells become binocular at the complex cell level
(Grossberg. 1987b; Grosshberg & Marshall. 1989). A similar hypothesis is made about the
motion BCS; namely, that another role of the Gaussian filter is to combine motion signals
from both eyes at the complex cells of Level 5 (Figure 1). As noted above. the Gaussian filter
also provides an additional degree of freedom whereby cells at Level 5 can become sensitive
to direction-of-motion over a wider range of stimulus orientations than cells at Level 2.
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whose pr erred direction-of-motion is perpendicular to their preferred orientation. Likewise,
many ce's in MT are sensitive to direction-of-motion over a range of stimulns orientations.
wherea' cells in V1 typically are sensitive to the direction-of-motion perpendicular to their
orieut .ional preference (Albright. 1934: Albright. Desimone. & Gross. 1984: Maunsell &

var. 7 sen, 1983).

MOTION OC FILTER

Insensitive to Direction-of-Contrast

Sensitive to Direction-of-Motion

Level §

Gaussian
tilter

OO

Level 2 Level 3 Level 3 Level 2

t ! ! t

level 1 ]

Figure 1. The motion OC Filter: Level 1 registers the input pattern. Level 2 consists of
rectified and time-averaged signals from sustained response cells with oriented receptive fields
that are sensitive to direction-of-contrast. Level 3 consists of rectified and time averaged
signals from transient response cells with unoriented receptive fields that are sensitive to
direction-of-change in the total cell input. Level 4 cells gate pairwise the sustained cell and
transient cell signals to become sensitive to direction-of-motion and sensitive to direction-of-
contrast. A long-range Gaussian filter combines outputs from Level 4 a