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ABSTRACT 

We present a system that is capable of learn- 
ing and retrieving spatio-temporal sequences using 
the forward-only counterpropagation neural network 
(FOCPNN). This artificial neural system has com- 
parator units, a parallel array of FOCPNNs, and 
delayed feedback lines from the output of the sys- 
tem to the FOCPNN layer. The system has separate 
Conditioned Stimulus (CS) input channel and Un- 
conditioned Stimulus (US) input channel, which is 
analogous to classical conditioning. During learn- 
ing, pairs of sequences of spatial patterns are pre- 
sented to the CS and the US input channels simulta- 
neously and the system learns to associate patterns 
at successive times in sequence. During retrieving, 
an imperfect cue sequence, which may be obscured 
by spatial noise and temporal gaps, causes the sys- 
tem to output the stored spatio-temporal sequence. 
Compared with other existing temporal systems, this 
system shows computational advantages such as fast 
and accurate learning and retrieving, and ability to 
store a large number of complex sequences consisting 
of non-orthogonal spatial patterns. 

1. INTRODUCTION 

Recently there has been extensive research activ- 
ity in temporal phenomena in neural networks (see, 
e.g., [1]-[17]). Grossberg’s Avalanche model [2][3] has 
been mathematically proven to be capable of learning 

spatio-temporal sequences after an infinite number of 
presentations of the training sequences. The model 
uses delayed partial-differential-difference equations 
and is thus computationally expensive. Fukushima’ 
spatio-temporal system [4] requires many iterations 
for sequence retrieval and non-orthogonal patterns 
retrieved by this system are often obscured by noise 
(spurious memories). Several authors have used time 
delays in Hopfield networks [5]-[7] to generate spatio- 
temporal sequences. These systems have rather low 
memory capacity. Guyon et a1 [8] proposed a tem- 
poral network that required a priori analytical ex- 
pressions of all stored sequences. Time delays have 
also been incorporated into back-propagation net- 
works to form recurrent networks [9], though back- 
propagation networks are known to have long learn- 
ing times. Buhmann and Schulten [lo] used noise 
to induce transitions between attractor patterns in 
Hopfield networks, thereby forming spatio-temporal 
sequences. There are other mechanisms for temporal 
processing, including time-dependent [ll] , asymmet- 
ric [12][13], and diluted higher order [14]-[16] weight 
matrices. 

Despite the progress in spatio-temporal sequence 
processing with neural networks, difficulties such as 
slow and inaccurate learning and retrieving, strict 
orthogonality requirements, and limited memory ca- 
pacity, need to be overcome. We present a sys- 
tem for processing spatio-temporal sequences using 
a dynamically-generated variant of the counterprop- 
agation network [l?]. We show that this approach 
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eliminates the problems of existing temporal sys- 
tems, thereby markedly improves the efficiency of 
spatio-temporal sequence processing [NI. 

this dynamically generated FOCPNN is more effi- 
cient to implement with software [20] and its storage 
capacity does not need to  be pre-specified. 

2. SYSTEM SPECIFICATION AND 
PERFORMANCE 

We first review the architecture and the learn- 
ing algorithm of the forward-only counterpropaga- 
tion neural network (FOCPNN) invented by Hecht- 
Nielsen [17]. The FOCPNN has three layers, i.e., 
an input layer, a competitive layer, and an output 
layer (Fig.1). When a CS input pattern 2 presented 
to the input layer during training, the competitive 
layer performs competitive learning and the neuron 
whose synaptic weights are most similar to the input 
pattern adjusts its weight vector according to  

cy,  = (1 - a(t))G;’d + a@)2 . (1) 

The weights of the other neurons in the competitive 
l@er remain unchanged. The learning rate a is a 
function of time [17]: i t  starts out with a high value 
And gradually decreases towards zero. All output 
weights connected to  this winning neuron are modi- 
fied towards the associated US training pattern (the 
“correct” output pattern) y’ in a similar fashion: 

.’few = (1 - a’(t))ip + a’(t)$. (2) 

All other weights in the output layer remain un- 
changed. Thus after training, the weights of each 
neuron in the competitive layer represent a cluster 
in the CS training patterns and the output weights 
connected to  this neuron represent the associated US 
training pattern. 

If a testing pattern Z k  is presented to the 
FOCPNN after training, the neuron in the compet- 
itive layer with weights most similar to the testing 
pattern wins the competition and broadcasts the as- 
sociated US pattern & to  the output neurons. 

We will make some small changes to  the FOCPNN 
before using it in our system. In our variant of the 
FOCPNN, the competitive layer and all weights of 
the network are dynamically generated according to 
the competitive learning algorithm used in the ART 
network 1193. Compared to  the original FOCPNN, 
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Fig. 1 The forward-only counterpropagation neural 
network. 

At the beginning of training, this FOCPNN vari- 
ant has the desired numbers of input and output 
neurons corresponding to  the dimensions of the CS 
and US patterns, but has no competitive neurons or 
weights. When the first pair of CS and US train- 
ing patterns (Z1 and g1) is presented to the network, 
the first competitive neuron is generated, with its 
weights being the CS training pattern (51 = 21) and 
the weights connecting this neuron to  all output neu- 
rons being the US training pattern (GI = $1). For 
each subsequent pair of CS-US association, a compe- 
tition is carried out in the competitive layer and the 
neuron whose weights are the most similar to  the CS 
training pattern is found. If the similarity between 
the CS training pattern and the weight vector of this 
winning neuron is above a vigilance threshold, all 
incoming (2u)  and outgoing (G)  weights connected to 
this neuron are modified according to  eqs.(l) and (2). 
Otherwise, a new competitive neuron is generated in 
the same way in which the first competitive neuron is 
generated using the training vectors. Furthermore, 
we choose [21] 

(3) a(t)  = a y )  = 1/Ti , 

where ( ~ i  - 1) is the number of times that the weights 
of neuron i has already won competition, so that the 
incoming and outgoing weights connected to  neuron 
i are exactly the overall averages of the CS and US 
training patterns used to  modify the weights of this 
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neuron [21]: 
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Fig.2 The present general system for spatio-temporal 
processing. 

The present system for spatio-temporal processing 
is shown in Fig.2. The system consists of N com- 
parator units, a parallel array of NL FOCPNNs, and 
time delays that feed the overall output of the system 
back to the neural network layer. There are N out- 
put neurons and N input neurons in each FOCPNN. 
The time delay associated with the I-th FOCPNN 
delays the signal by 1 time steps with respect to the 
current time, where 1 = 1 , 2 ,  ..., NL.  There are two 
separate input channels: the Conditioned Stimulus 
(CS) and the Unconditioned Stimulus (US) channels, 
in analogy with classical conditioning: after repeated 
presentations of a US together with a CS, the CS 
alone can generate the response caused by the US. 

During learning, pairs of sequences of spatial pat- 
terns are presented to the CS and the US input chan- 
nels of the system simultaneously, one spatial pattern 
at  each time step. The system outputs external sig- 
nals during learning. Memory is achieved through 
the hetero-associations of the FOCPNNs. 

During retrieving after learning, a small piece of a 
stored sequence, which may or may not be obscured 
by spatial noise and/or temporal gaps, is presented 

to the system through the CS input channel only. 
The US input channel of the system is not used dur- 
ing retrieving. A conflict threshold 0, is assigned to 
the comparator units to allow for an overall “don’t 
know” answer: if a fraction larger than OC of the com- 
parator units outputs conflicting answers, the system 
outputs an overall “don’t know” answer. Otherwise 
each comparator unit carries out a weighted average 
over the outputs of the corresponding neurons in all 
the FOCPNNs that carry signals, i.e., 

where Si(t) is the output of the i-th comparator 
unit of the system, Oil(t) is the state of the i-th 
output neuron in the 1-th FOCPNN, E’ means a 
sum over only signal-carrying FOCPNNs, and the 
function +(x) rounds up I to the nearest gray shade 
value. 

In the present implementation, we choose both di- 
mensions of the CS and US spatial patterns, as well 
as the numbers of neurons in the input and output 
layers in the FOCPNNs, to be 11 x 11. Three such 
FOCPNNs are used ( N L  = 3). We choose the con- 
flict threshold for the comparator units to be 1/3 
and a1 = a2 = a3 in eq.(l). The system is trained to 
store twenty sequences, three of which are shown in 
Fig.3, and is then tested in situations shown in Fig.4. 
Each training sequence is presented only once to the 
system. Note that in Fig.3 pattern I ,  which is the 
same as pattern 1, appears in both sequences (a) and 
(b), and pattern J appears more than once within 
sequence (c), which is sometimes called a higher- 
order or complex sequence. Fukushima [4] used se- 
quences (a) and (b) in training and testing his spatio- 
temporal processing system. 

In Fig.4(a), all retrieved images in sequence (a) 
are noise-free, whereas some retrieved images, i.e., 
E and F ,  are obscured by noise for F’ukushima’s 
system. The ability of outputting a “don’t know” 
answer often can significantly reduce error rate 
in practical applications (see Fig.4(b)), whereas 
Fukushima’s system outputs meaningless sequences 
in this kind of situation. When pattern D is pre- 
sented to Fukushima’s system, the retrieval of se- 
quence (a) is very difficult: it takes many itera- 
tions and many retrieved images are imperfect. In 
comparison, our system retrieves sequence (a) ac- 
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curately and quickly (Fig.4(d)). Fukushima’s sys- 
tem has not been tested with an unknown sequence 
(Fig.4(e)), but can be expected to  yield meaningless 
output since it is unable to give a “don’t know” an- 
swer. The cases with temporal gaps (Fig.4(f)) and 
complex sequences (Fig.4(g)) have not been tested 
in Fukushima’s system. 

I A,+FJ-G-D- E-F-G-H- I 

(e )  
Fig.3 Three examples of spatio-temporal sequences 
used i,n learning. 

Fig.4 Testing results. (a) Retrieval of sequence (a). 
(b) Response to an ambiguous testing sequence. (c) 
Unambiguous retrieval of sequence (b). (d) Response 
to  a non-orthogonal pattern. (e )  Response to an un- 
known sequence. (f) Response to  a sequence with 
gaps. (g) Retrieval of a higher-order or complex 
spatio-temporal sequence. 

3. SUMMARY 

We have presented a system that can learn, recog- 
nize, and generate spatio-temporal sequences, using 
a variant of the counterpropagation network. After 
learning, the system is able to  recognize and gener- 
ate the whole sequence after being presented with a 
small piece, which may or may not be obscured by 
spatial noise and may or may not contain temporal 
gaps, of a stored sequence. Compared to  other ex- 
isting temporal systems, advantages of the present 
system include short learning time, fast and accu- 
rate retrievals, and ability to  store a large number of 
complex sequences consisting of non-orthogonal spa- 
tial patterns. These computational properties are 
desirable in practical applications such as real time 
speech processing and robotic control. 
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