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ABSTRACT • This paper introduces a new version of lhe Multidirectional Associative Memory 
(MAM) in which the state o f activation o f the processing units ranges from .J to +I and each unit 
has one-to-one self-connections. Furlhermore, lhe correlation matrices, gencrated by Hebbian 
rules, are trained by Widrow-Hoff rule . The model aims at reproducing temporal sequences. The 
results of lhe experiments suggest that lhe model has a fast training stage, improves the learning 
capacity of MAM , reproduces trained temporal sequences, interpolates and extrapolates states in 
a trained sequence, and improves lhe accuracy of lhe recai! with lhese inclusions of states. 

Keywords: Neural networks, associative memory, multidirectional associative memory , 
temporal sequences, Widrow-Hoff rule . 

1. Introduction 

An associative neural memory model [I) is understood as a class of artificial neural networks which stores 
information as stable attractors lhrough Hebbian rules . When a perfect, partia!, or noisy version of a trained 
piece of information is presented to lhe network , it responds to lhe stimulus wilh lhe closest of the stored 
memories. The outcome is reached lhrough a self-relaxation process. This paper focus auemion on a number of 
models characterized by a topology wilh a set of layers densely interconnected, construction of Hebbian 
correlation matrices, discrete representation, and self-relaxation dynamics. A particular approach, among lhe 
elected ones, is chosen and modified in order to improve its performance and increase its range of applications . 

The models above are classified, according to the nature of lhe associations they are able to perform, as 
autoassociative or heteroassociative. The autoassociative models [2), [3], [4], are formed by a single layer in 
which ali processing units are totally connected by feedback links . These models store binary or bipolar patterns 
and may operate synchronously o r sequemially. The convergence process o f lhes e models may end at a desired 
poim. a spurious anractor ora limit cycle. The main range of application of these models involves retrieving of 
noisy , distorted or incomplete versions o f lhe stored patterns. The heteroassociative models [5), [6), [7]. are 
taken as an extension of the former models . They are formed by more than one layer and each layer is fully 
connected wilh ali the others . These models construct mappings between couples of layers. The models store 
binary o r bipolar pattems and opera te synchronously. They are tolerant to no i se and incomplete stimuli. 

The Bidirectional Associative Memory (BAM) [6) is likely to be lhe most used among the heteroassociative 
models . This is a two-layer memory model whích associates pairs of patterns . The correlation matrix in BAM is 
constructed by a Hebbian rule , lhe network always converges to stable attractors, and it is relatively easy to be 
implemented in hardware . However, BAM can simply perform one-to-one mapping , presents small storage 
capacity and does not guaramee correct recai!. Such limitations motivated the imroduction of models dealing 
with multiple associations, lhe Multidirectional Associative Memory (MAM) [7], and training strategies to 
improve the storage capacity o f BAM [8] . 

This papers aims at introducing a modified version of MAM which allows real and limited representation, 
autoassociative connections , anda simple and fast iraining stage to improve the learning capacity of MAM. The 
new model will be tested to store and recai! temporal sequences. The proposed model does not use hidden layers 
and backpropagation to train lhe network as most o f the works dealing with temporal sequences [9) . 

This paper discusses the main features of MAM in Section 2, introduces the modified model in Section 3 , 
and reports on tests to evaluate the capacity · o f the model to deal with temporal sequences in Section 4. The 
main results are discussed in Section 5. • 

C\ 'J :;. (o,?) I 
1 3 ob S -~ 
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2. The Multidirectional Associative Memory 

The Multidirectional Associative Memory (MAM) is a generalization o f BAM. This model corre lates the mutual 
existence of n-tuples of pattems. The associations are embodied in nl(nl- 1)/2 correlation matrices, for a 

network with n/ layers. The correlation matrix ll jk between the layers I and k is forrned by the summation o f the 

ou ter product o f each pai r o f pattems which are presented to such layers. The matrix ll j, is involved in the 

inforrnation flow from layer I to layer k and UjJ is concemed with inverse flow. In this paper, the description 

o f MAM will be restricted to a tive dimensional model because this option will be used !ater in the simulations. 
However, ali the descriptions are valid to models with any number o f laycrs. 

Let the network be a version o f MAM with tive layers (n/= 5) in which np bipolar 5·tuples will be stored. 
The activation state of two different layers due to a pattem p are represented by (IXn) and 

(IXm) vectors XPand yP The weighted sum of the layer I for a time step 1 is denoted by NET(t) 1 • The 

topology o f the network and the equations deterrnining its behavior are sketched in Figure I. 

The correlation matrix between layers I and k is: 
np 

(a) 

111* = L,cxnry: O> 
p=l 

The propagation rui e for the layer I is: 
n/ 

NE7J(t)=LII't,l{(t-l) (2) 
k=l 
l•k 

The activation rule for the layer I is: 

X 1(1) = sgn(NE7J(t)) 

where, sgn(v) = {
+I 

-I 

if v>O 

if v!>O 

(3) 

Figure I: (a) The topology o f a five-layer MAM. (b) The equations describing MAM . 

(b) 

The dynamics of MAM is described as follows. Given an input pattem represented by a 5-nuple 
(1'1,1'2 ,V3 ,J'4 ,1'5)'", which may be an incomplete or noisy version of a desired pattem (1'1,1'2 ,1'3 ,1'4 ,1'5), the 

network changes states as shown below: 
(VI ,J'l ,Vl,J'4 ,1'5 )'"' ~ w,k ~ (J'I 'vl ,V),v4 ,l's)l ~ ... ~(VI ,1'1 , I'J,V4 .Vs) fin ~ Uj, ~(VI ,vl ,I'J,v4 ,l's) jin (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 o f the network stops changing. Ideally, the final state o f 
the network (1'1 ,1'2 .1'3, 1'4 , V5) Pn is the desired one (V1 ,1'2 ,1'3 , 1'4 ,1'5). However, very often, this does not occur. 

In summary. this model has the following characteristics: 
+ The equilibrium state corresponds to a local minimum point; 
+ The training stage is simply the construction o f the correlation matrices; 
+ The correct recall o f a panicular pattem is not guaranteed; 
+ The storage capacity o f the model is very low; 
+ The discrete representation ofthe modellimits its range o f application; 
A modified version ofMAM is described below to deal with the last three undesired features. 

3. The Temporal Multidirectional Associative Memory 

This proposed model is treated as a dynamic system in a high-dimensional and continuous state space. Such a 
model preserves the original architecture o f MAM in terrns o f connections between layers, however, it adds a set 
o f autoassociative ali-to-ali connections in each layer. Then, the various connections assoe iate a panicular state 
o f activation o f each processing unir with both activation state of the units in the other layers and the activation 
o f the units in its own layer, ali o f them delayed in one time step. The correlation matrix between layers I and 
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k are built employing equation (I) whereas the correlation matrix considering the connections between units in 
layer I is consrructed as follows: 

np 

"'" = I<X{)T xr 
p:l 

As a consequence the new propagation rule is: 

n/ 

NET,(t) =I ~~~k lí,T (I - I)+ Hj,X,(I - I) 
k:l 
l•k 

(5) 

(6) 

The second modification concems the continuous representation, thus the activation value o f each processing 
units ranges from -I to +I . The activation rui e becomes: 

X1(t) = tanh( NET,(I)) 

wher~. 
1-exp(-v) 

tanh (v) = --'-'---'-
1 + exp(-v) 

(7) 

This model is conceived to deal with continuous processes. Thus, the model aims at storing the associations 
between continuous panems and recal!ing these panems when required. The first experiments with this model 
showed poor performance on retrieving lhe stored pat1ems. The difference between the desired and the obtained 
outputs were significant. Thus, a training phase was introduced to diminish this errar. 

3.1. Two Learning Stages 

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

The correlation matrices are constructed using equations (I) and (5). In arder to store temporal sequences the 
panems are presented to the network as follows: 

• Let nstate be the number o f states V, o f a given temporal sequence; 

• Let n/ be the number oflayers in the network in which al!layers have the same number of units (n); 
• The number ofpanems (np) to be stored in the network is given by: 

np = nstate- n/+ I (8) 

• Generate (np) panems (Pp) varying I s p s np as follows: 

l=p 

PP = (V(t),V(t + 1), . . .V (I+ n/ - I))= (V, ,1~+1•" · , l~+nl- 1) 
(9) 

The training stage occurs following the construction o f the correlation matrices. A previous anempt to train 
MAM was proposed in r I 0]. Such a proposal was based on the PRLAB r li]. 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-Hoffrule [12] was chosen to train the correlation matrices since such 
an option works bener than PRLAB for BAM [13]. 

This training phase, in a 5-layer modified MAM, works as follows: 
• An initial panem ( V1.V2 .V3 .V4 .Vs )m, is presented to lhe network; 

• The network produces a spurious attractor (S1,S2 ,S3 ,S4 ,S5 )'", as output; 

• Each correlation matrix is adapted according to leaming rule: 

óW,t(l) =(A I (n +I)) • ((cxr- Sfr• Yf) (lO) 

where: Àl(n+ I) is the leaming rate; 

X f, 1/ are the desired result ; 

sr is a spurious anractor. 

The training stage stops when the errar reaches a value smaller than maximum allowed errar. 
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4. Experimental Results 

In these tests the task is to store and recai! n-tuples represeming three dimensional positions and the instant of 
time associated with each spatial position. These tuples form a spatial movemem of a particular point in the 3-D 
space. Each spatial position may vary from -I to +I which is represemed 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 pattems are generated following equations (8) 
and (9). The correlation matrices are constructed according to equations (I) and (5), and these matrices are 
trained following equation ( 10) . 

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

Three different trajectories are tested. The levei of complexiry to recai! a particular sequence increases with 
thc 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 represemed by solid 
!ines whilsl the desired sequences are sketched by dotted !ines. 

The first set of experimems tests lhe capacity of lhe 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 recai! 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 poims that change direc1ion abruptly are poorer recalled than 
those of smooth direction variations . 

. .. ··:··· .. .. :·· 
03 . - IJ..:.· ~·: · ·::: : . . ·!- . · · · · · : · · 

oJSJ __ . , o ·-.. ; 

. ~:~1:·~ .. - · 
OI · ::: .... : ....... ~ · - . 

'J'l ~ . . · .. "~, 
o. 0 1 0 ) 

o ~ . - .- · . _ ... ---- · ·- ---- . ... ... : 

~ . 

·:·: .... . ?fs'0··· ·~ . 
oc~ ... · 

,, 
Figure 3: The recai! of the trained, imerpolated, and extrapolated poims in the temporal sequences. 

The second set o f experimems aims at evaluating the capacity o f the network to interpolate and extrapolating 
points in the sequences. This is made by preseming 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 poims in trajectory . 

o<~r~ -... -.. -... -.. -. -. --.,.-- ----:-_-, .. ~ 

,,,j ....... i 
oo: j- ·u .... "1 

::,: ·· ::::;t·· ::1' 
~ :: .,i .. 
uo~ j' /~~~~ --
.) ,,. 1 r 

( • (I~ 1 • 1 •1 1 ~ (l ~ 

j 

-- --- -- ----..r: .. :-t - - --~- I 
;··.,_· .. 

:::1 :~: ~~~::"_:-:~ . . 
l •V. l' l UI ~ --,-,-~~r., 

Figure 4 : Yariation of axes (a) x, (b) y, (c) z as function of time. The solid !ines represem the trained 
sequences. lhe dotted !ines wilh circles (signal plus) represem the obtained lrajectories in the first (second) 
experimems. 
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In order to see lhe learning progress between lhe first and lhe second experiments, lhe variations of each 
dimension are ploned as function o f tlle time in Figure 4 . Thus, lhe resulls illustrate lhat lhe obtained trajectories 
get closer to lhe desired one as more points are interpolated and/or extrapolated in lhe trajcctory. 

5. Conclusions 

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

The resulls suggest lhat lhe model is able to reproduce a trained temporal sequence, to inlerpolate and 
extrapolate points in lhe sequence . Furthermore, lhe initial poor recollection of more complex trajectories may 
be ameliorated with lhe interpolation and extrapolation in lhe trained trajectories. 

Acknowledgments 

I would Iike to thank FAPESP, for providing financiai support for lhis research . 

References 

(I) M. H . Hassoun (Ed): Assoei ative Neural Memories: 77zeory and lmplememations, Oxford University Press , 
New York, 1993. 
[2) K. Nakano: "Associatron - a model o f assoei ative memory". IEEE Transactions on Sysrems, Man and 
Cybernetics, vol. 2, no . 3, pp. 380- 388, 1972. 
[3] S . Amari: "Learning pallerns and panern sequences by self-organizing nets of threshold elements" , IEEE 
Transactionson Complllers , vol. C-21, No.!!, pp. 1197-1206, 1972. 
[4) J. J. Hopfield : "Neural networks and physical systems wilh emergem collective computational abilities" , 
Proceedings of tlze National Academy of Sciences, vol. 79, pp. 2554-2558, I 982. 
[5) K. Okajima, S . Tanaka , and S. Fujiwara: "A heteroassociative memory network wilh feedback connection" , 
IEEE First lmemational Conference on Neural Networks, vol. 2, pp. 711-178, 1987. 
(6] B. Kosko: "Bidirectional associative memories ", IEEE Transacrions on Systems Man and Cybernetics, vol. 
18, pp. 49-60, I 988. 
[7] M. Hagiwara: "Multidirectional associative memory", lmemarional Joim Conference on Neural Networks, 
vol. I , pp. 3-6, 1990. 
[8] A. F . R. Araújo: "Memory, Emotions, and Neural Networks : Associative Learning and Memory Recall 
lnfluenced by Affective Evaluation and Task Difficulty" . Ph.D. Tlzesis . School of Cognitive and Computing 
Sciences, University o f Sussex, Brighton, UK, I 994 . 
[9] J. Hertz, A . Krogh, and R. G. Palmer: lmroduction to tlze 77zeory of Neural Computing, Addison-Wesley, 
Redwood City , CA, 1991. 
[10] M. Hanori , and M. Hagiwara: "Quick learning for multidirectional associative memories", IEEE 
lmernarional Conference on Neural Networks, pp.l949-1954, 1995. 
[li) H. Oh, and S. C. Kothari: "Adaptation of the relaxation melhod for learning in bidirectional associative 
mcmory". IEEE Transactions on Neural Networks, vol. 5, no. 4, pp .576-583, 1994. 
[12) B. Widrow and M . E . Hoff: "Adaptative switching circuits", IRE WESCON Convemion Record, pp. 96-
104 , 1960. 
[13] A. F. R. Araújo and G. M. Haga: "Two Simple Strategies to lmprove Bidirectional Associative Memory's 

Performance: Unlearning and Delta Rule ", Brazilian Symposium on Neural Network , pp. 39-46, Recife - PE, 
Brazil, 1996. 

305 




