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2. The Multidirectional Associative Memory

The Multidirectional Associative Memory (MAM) is a generalization of BAM. This model correlates the mutual
existence of n-tuples of patterns. The associations are embodied in #/(n/ - 1)/2 correlation matrices, for a

network with n/ Jayers. The correlation matrix H), between the layers / and £ is formed by the summation of the
outer product of each pair of patterns which are presented to such layers. The matrix }), is involved in the
information flow from layer [ to layer k and W,l is concerned with inverse flow. In this paper, the description

of MAM will be restricted to a five dimensional model because this option will be used later in the simulations.

However, all the descriptions are valid to models with any number of layers.
Let the network be a version of MAM with five layers (nf/ = 5) in which np bipolar S-tuples will be stored.

The activation state of two different layers due to a pattern p are represented by (lLXn) and
(1.Xm) vectors X”and Y7 . The weighted sum of the layer [ for a time step ¢ is denoted by NET(t),. The
topology of the network and the equations determining its behavior are sketched in Figure 1.

The correlation matrix between layers / and £ is:

np ,
Wy =2 (X' m
p=1
The propagation rule for the layer / is:
n{
NET/(0)= 3 WXl (1= 1) @
&

The activation rule for the layer / is:

Xy() = sgn(NET; (1)) 3
_ if v>0
where, sgn(v) = {_ | i veo
(@) (b)

Figure 1: (a) The topology of a five-layer MAM. (b) The equations describing MAM.

The dynamics of MAM is described as follows. Given an input pattern represented by a S-nuple
(7. ¥5,03.1 4. ¥5),,, which may be an incomplete or noisy version of a desired pattern (V,V,,V5,¥,5), the
network changes states as shown below:

¥V Vs = Wy = 0LV 00 == (001,85, Va0 Vs) gy = Wi = (V0,15,.00.55) 4, (4)

The presented 5-tuple generates a new state through the correlation matrices. Each new state originates
another one. This dynamic process ends when the state of the network stops changing. Ideally, the final state of
the network (1,515, ¥,¥5) ;s s the desired one (¥, ¥,,V5,V,,V5) . However, very often, this does not occur.

“n summary, this model has the following characteristics:
¢ The equilibrium state corresponds to a local minimum point;
¢ The training stage is simply the construction of the correlation matrices;
¢ The correct recall of a particular pattern is not guaranteed,
¢ The storage capacity of the model is very low;
¢

The discrete representation of the model limits its range of application;
A modified version of MAM is described below to deal with the last three undesired features.

3. The Temporal Multidirectional Associative Memory

This proposed mode! is treated as a dynamic system in a high-dimensional and continuous state space. Such a
mode! preserves the original architecture of MAM in terms of connections between tayers, however, it adds a set
of autoassociative all-to-al! connections in each layer. Then, the various connections associate a particular state
of activation of each processing unit with both activation state of the units in the other layers and the activation
of the units in its own layer, all of them delayed in one time step. The correlation matrix between layers / and
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k are built employing equation (1) whereas the correlation matrix considering the connections between units in
layer ! is constructed as follows:

np .
Wy = Z(le)7 X7 (5)

p=1

As a consequence the new propagation rule is:
nl

NET(0) = Y Wy ¥ (1= 1)+ Wy X, (e - 1) (6)
k=1
Ik

The second modification concerns the continuous representation, thus the activation value of each processing

units ranges from -1 to +] . The activation rule becomes:
X,() = tanh (NET;(1)) Q)
1— —
wherz, tanh{v) = 1 exp(v)
1+ exp(—v)

This model is conceived to deal with continuous processes. Thus, the model aims at storing the associations
between continuous patterns and recalling these patterns when required. The first experiments with this model
showed poor performance on retrieving the stored patterns. The difference between the desired and the obtained
outputs were significant. Thus, a training phase was introduced to diminish this error.

3.1. Two Learning Stages

The temporal MAM has two learning stages. In the first one, derived from the original MAM, all correlation
matrices are built. In the second learning phase, a supervised training occurs.

The correlation matrices are constructed using equations (1) and (5). In order to store temporal sequences the
patterns are presented to the network as follows:

o Let nstate be the number of states ¥, of a given temporal sequence;

o Let nl be the number of layers in the network in which all layers have the same number of units (n) ;

o The number of patterns (np) to be stored in the network is given by:

np = nstate — nl + 1 ®
» Generate (np) patterns (FP,) varying 1< p <np as follows:
(=p

P = (PO (4 DoV = D)= Vo V) O

The training stage occurs following the construction of the correlation matrices. A previous attempt to train
MAM was proposed in [10). Such a proposal was based on the PRLAB [11], an algorithm that increases
successfully the storage capacity of BAM through an adaptation of a relaxation method to solve a system of
linear equations. Nevertheless, the Widrow-Hoff rule {12] was chosen to train the correlation matrices since such
an option works better than PRLAB for BAM [13].

This training phase, in a 5-layer modified MAM, works as follows:

o An initial pattern (¥,,V3,V3,V,,V5),, is presented to the network;

e The network produces a spurious attractor (S,,S;,S;,5;,S55),, as output;

e Each correlation matrix is adapted according to learning rule:

AW (1) = (A1 (n+ 1))*(((,\'/" —S/’)T-«y[) (10)

where:  A/(n+1) is the learning rate;
X[, Y, are the desired result;

S/ is a spurious attractor. .
The training stage stops when the error reaches a value smaller than maximum allowed error.
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4. Experimental Results

In these tests the task is to store and recall n-tuples representing three dimensional positions and the instant of
time associated with each spatial position. These tuples form a spatial movement of a particular point in the 3-D
space. Each spatial position may vary from -1 to +1 which is represented by the activation state of each
processing unit. The model has five layers of four processing units each. The three proposed sequences are
formed by six, eight, and eight states respectively. The training patterns are generated following equations (8)
and (9). The correlation matrices are constructed according to equations (1) and (5), and these matrices are
trained following equation (10),

Figure 2: The recall of the trained points in the temporal sequences.

Three different trajectories are tested. The level of complexity to recall a particular sequence increases with
the variations of the trajectory directions. The sequences took 2421, 736, and 212 epochs to be trained reaching
an final error equal to 0.0606, 0.0528, 0.1446. In figures 2 - 3 the obtained trajectories are represented by solid
lines whilst the desired sequences are sketched by dotted lines.

The first set of experiments tests the capacity of the network to reproduce the trained sequences. In this case,
the first spatial point of each sequence and the trained time steps are given in order to recall the whole
trajectory. The results, sketched in Figure 2, suggest that the retrieval capacity of the model diminishes as the
complexity of the task increases. Therefore, the points that change direction abruptly are poorer recalled than
those of smooth direction variations.

Figure 3: The recall of the trained, interpoiated, and extrapolated points in the temporal sequences.

The second set of experiments aims at evaluating the capacity of the network to interpolate and extrapolating
points in the sequences. This is made by presenting to the network four trained points. The point to be included,
in any position of the sequence, is initially set to the desired time step and either the value of its preceding state
or the value of its following state. The results (Figure 3) suggest that the model improves performance while
includes points in trajectory.
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Figure 4: Variation of axes (a) x, (b) y, (¢) z as function of time. The solid lines represent the trained
sequences, the dotted lines with circles (signal plus) represent the obtained trajectories in the first (second)
experiments.
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In order to see the learning progress between the first and the second experiments, the variations of each
dimension are plotted as function of the time in Figure 4. Thus, the results illustrate that the obtained trajectories
get closer to the desired one as more points are interpolated and/or extrapolated in the trajectory.

5. Conclusions

This paper proposes a modified version of MAM: The Temporal MAM. This is an adaptable model with
continuous representation which does not require long training processes, hidden layers, and backpropagation
training. The model is tested to reproduce temporal sequences.

The results suggest that the model is able to reproduce a trained temporal sequence, to interpolate and
extrapolate points in the sequence. Furthermore, the initial poor recollection of more complex trajectories may
be ameliorated with the interpolation and extrapolation in the trained trajectories.
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