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Abstract
A number of neural network models and training procedures for time series prediction have been proposed in the technical literature. These
models studied for different time-variant data sets have typically used uni-directional computation ¯ow or its modi®cations. In this study, on
the contrary, the concept of bi-directional computational style is proposed and applied to prediction tasks. A bi-directional neural network
model consists of two subnetworks performing two types of signal transformations bi-directionally. The networks also receive complementary signals from each other through mutual connections. The model not only deals with the conventional future prediction task, but also with
the past prediction, an additional task from the viewpoint of the conventional approach. An improvement of the performance is achieved
through making use of the future-past information integration. Since the coupling effects help the proposed model improve its performance, it
is found that the prediction score is better than with the traditional uni-directional method. The bi-directional predicting architecture has been
found to perform better than the conventional one when tested with standard benchmark sunspots data. q 2001 Elsevier Science Ltd. All
rights reserved.
Keywords: Time series prediction; Bi-directional computation style; Bi-directional neural network model; Future prediction; Past prediction; Dynamic neuron;
Sunspots data

1. Introduction
This world is ®lled with various time dependent phenomena. For example, our speech and heart rates change in
respect to power, frequency, and so on, with time in millisecond order. An exchange rate between US dollars and
Japanese yen also changes in hourly, daily, monthly or
yearly intervals. This time-varying information, usually
sampled with constant period, is called `time series' or
`temporal sequences'. In general, it is dif®cult to estimate
future values of time series because past information disappears with time unless an appropriate memory system is
provided. This is not the only reason for prediction dif®culties, but is unique to time series processing, so how to
preserve it without major loss is important when time series
prediction is attempted.
The task of time series prediction has been undertaken by
many researchers. Numerous prediction methods have been
examined for more than several decades. The most popular
techniques have used linear systems framework. An autoregressive moving average (ARMA) model is one of the
most popular models in this category. Although easy to
* Corresponding author.
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implement and understand, the ARMA model does not
produce a good score because most systems to be estimated
possess nonlinear characteristics (Gershenfeld & Weigend,
1993). Nonlinear techniques have, therefore, recently
received greater attention. Connectionist techniques based
on neural information processing are examples of recently
developed nonlinear approaches, which have resulted in
new prediction models. One of the critical aspects of neural
networks-based predictors is how to implement a short-term
memory to handle past information because a traditional
multi-layer perceptron (MLP) does not have any dynamics
and feedback loops.
A simple way to address this issue when dealing with
time series is to make use of spatially-converted temporal
patterns (Gorman & Sejnowski, 1988; Sejnowski & Rosenberg, 1987; Weigend, Huberman & Rumelhart, 1990). It is
also possible to achieve such a conversion automatically
with an array of unit-delay elements called a tapped delay
line model. Another method is to introduce dynamical
properties into a static neural network. In this category,
Wan (1993) proposed a ®nite impulse response (FIR)
neural network, an MLP model with originally scalar
synaptic connections replaced with FIR ®lters. The other
method makes use of feedback pathways to circulate
signals inside the model. It is called a recurrent model.
Kleinfeld (1986) proposed a mutually connected network

0893-6080/01/$ - see front matter q 2001 Elsevier Science Ltd. All rights reserved.
PII: S 0893-608 0(01)00087-9

1308

H. Wakuya, J.M. Zurada / Neural Networks 14 (2001) 1307±1321

with delayed feedback to produce a cyclic pattern. Jordan
(1986) presented a model which is equivalent to an MLP
with feedback pathways from output neurons to hidden
ones through exponential-decay memories. Elman (1990)
proposed yet another model of an MLP with feedback
connections around the hidden layer for sentence generation. An attempt to summarize these approaches and
related neural network architectures from the viewpoint
of a short-term memory system is provided by Mozer
(1993).
Once the network architecture for prediction is chosen, it
then becomes important to estimate its size which could
produce a good score of time series prediction tasks. It is
said that a generalization performance improves when the
network size becomes smaller, but a smaller one may not
train suf®ciently well for the task. Two kinds of training
methods are commonly used to determine an appropriate
size of the network. One is called a destructive method
and starts from a large-sized network which gradually
reduces its components (Ishikawa, 1996; Le Cun, Denker
& Solla, 1990; Mozer & Smolensky, 1989; Sietsma & Row,
1988). The other is a constructive method which assumes a
small-sized initial network and adds extra neurons when
required (Moody & Utans, 1995).
As mentioned before, most conventional models for time
series prediction are generally based on a uni-directional
computation style, i.e. current signals are applied to the
system as an input, past signals are also applied to the system's
input or preserved as inner representation of the system, and
predicted future signals are derived from the system as an
output. Numerous studies have attempted to improve their
performance through modi®cations of both network architectures and their training algorithms mentioned above (Cholewo
& Zurada, 1997a,b; Geva, 1998; Moody & Utans, 1995;
Mozer, 1993; Saad, Prokhorov & Wunsch, 1998; Wan,
1993; Weigend et al., 1990).
In this study, on the contrary, the concept of bi-directional computation not only predicts a certain future

value, but also makes use of a certain past value. The
method couples those two processes and is especially suitable for time series prediction. Furthermore, its effectiveness
is demonstrated based on computer simulations.
In the following part of this paper, a neural network
model for bi-directional computation style is described in
Section 2. Secondly, computer simulations using sunspots
data are performed to provide a comparison between the
proposed model and the conventional ones in Section 3.
Thirdly, discussion on the bi-directional computation style
observed in biological systems is made in Section 4.
Finally, conclusions from this study are summarized in
Section 5.
2. Neural network model for bi-directional computation
style
2.1. Basic concept of bi-directional computation
The term `bi-directional computation' means that two
signal transformations, which are direct and inverse transformations, exist and their performance is improved through
their coupling effects. Its original idea was proposed by
Wakuya, Futami and Hoshimaya (1994) as a sensorimotor
neural network model for temporal sequence generation and
recognition. Called a bi-directional neural network model, it
consists of two subnetworks and can deal with two kinds of
signal transformations bi-directionally. To apply this bidirectional model to the time series prediction, each subnetwork is trained for a task for direct or inverse transformation
as follows.
² To predict time series at a certain future point.
² To predict time series at a certain past point.
Fig. 1 shows the outline of signal ¯ow within the bi-directional computing architecture. In this ®gure, the upper half
part deals with the future prediction task, a transformation

Fig. 1. Outline of signal ¯ow in the bi-directional computing architecture for time series prediction.
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from the present signal to the future signal, while the lower
half deals with the past prediction task, a transformation
from the desired future signal to the present signal. These
two transformations cooperate with each other through their
mutual connections. Based on the signal transformations to
be trained, hereafter these two subnetworks are referred to
as a future prediction system and a past prediction system,
respectively. It is obvious that the transformation performed
in the future prediction system is equivalent to the conventional task and the transformation performed in the past
prediction system is an extra one from the viewpoint of
the aim for time series prediction. Therefore, an improvement of the future prediction system's performance as a
result of coupling with the past prediction system is the
center of attention in this paper.
A similar concept was also proposed a few years ago
(Schuster & Paliwal, 1997), but it is important to address
here that the proposed bi-directional neural network model
in this paper can deal with any time series in real-time. So,
there are no restrictions on the length of time series applied
to the model.
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Fig. 2. A bi-directional neural network model.

2.2. Bi-directional neural network model
2.2.1. Structure of bi-directional model
Fig. 2 shows a schematic diagram of a bi-directional
neural network model (Wakuya et al., 1994). In this ®gure,
each circle and arrow indicate a layer of neurons without
feedback connections and a matrix of weights between two
successive layers, respectively. This model consists of two
mutually connected layered recurrent subnetworks which
perform two signal transformations bi-directionally. Each
subnetwork is a modi®ed version of Elman's model
(Elman, 1990). The upper network computes the transformation for the future prediction task, while the bottom one
computes the transformation for the past prediction task.
Fig. 3 shows the expanded future prediction subnetwork,
where each neuron and weight are indicated by a triangle
and a line, respectively. The neurons in the ®rst layer are
simple buffers to transfer the input signals applied to the
future prediction subnetwork. Each input neuron in this
model receives only one kind of time series and handles
its components one by one serially. As mentioned later, a
single input neuron is provided in this study. The neurons in
the remaining three layers compute the weighted sum of all
incoming signals as their output signals. As shown in Eqs.
(11) and (12) in the next subsection, the neurons in the
second and third layers use a regular nonlinear activation
function, while the neurons in the fourth layer use a linear
function. Dynamic neurons (shaded triangles) which replace
simple buffers as the state layer have ®xed one-to-one
connections (dashed lines) with the second layer neurons,
and this modi®cation makes it possible to preserve the
recent past information effectively without any loss of signal
transmission speed between input and output nodes. And
handling this localized state information denoted as s [F] in

Fig. 3. A future prediction subnetwork in the bi-directional model of Fig. 2.

Fig. 2 and the similar information in the past prediction
subnetwork denoted as s [P] jointly, both subnetworks
compute state transitions for the future and past prediction
processing.
On the contrary, it also can be seen that the bi-directional
model is a structuralized version of the modi®ed Elman's
model mentioned above in order to develop a bi-directional
signal transformation easily. This structuralization is
performed such that all static layers are divided into two
parts to perform a signal transformation for the future
prediction task and for the past prediction, and all weights
crossing over to the other subnetwork are removed except
those through the state neurons. With this procedure, it is
possible to build a multi-directional neural network model
such as a tri-, a tetra-, or a penta-directional one if such a
model is required.
2.2.2. Signal transmissions equations for bi-directional
model
As shown in Fig. 2, the bi-directional model consists of
four layers with the output signals in the future production
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system denoted as yi[0], yi[1], yi[2], yi[3] (i  1, 2, ¼, nl) where
nl indicates the number of neurons in the l-th layer. 1 Signals
in the past prediction system are denoted similarly as zi[0],
zi[1], zi[2], zi[3] (i  1, 2, ¼, nl). Then, their signal transmission
equations are de®ned as follows:
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that this type of dynamic neurons is quite easy to perform
in each computer simulation program. They are also equivalent to leaky integrators which are known as one of the
famous short-term memory systems. Note that two types
of context information s [F], s [P] are integrated at the ®rst
hidden layer which computes y [1], z [1] as can be seen from
Eqs. (2) and (7) in more detail. Transfer functions f1, f2, f3 are
de®ned by the following customary equations:
f1 x  f2 x 

1
;
1 1 exp 2x

11

f3 x  x:

12

It is clear from Eq. (12) that the last layer consists of linear
activation function neurons to remove restriction of the
output signal's range.
2.2.3. Training procedure for bi-directional model
The proposed bi-directional model has two pairs of input
and output terminals or two subnetworks for future prediction and past prediction, therefore global training is
achieved by repetition of two kinds of alternative local training. One is a training phase for the future prediction system
and the other is that for the past prediction system (Fig. 4).
In the training phase for the future prediction system, only
the future prediction system adapts its weights (thick arrows
in Fig. 4(a)). Its error function is de®ned as
XX
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system's output and t is a time index at the training point.
Then, adaptation of all weights in the future prediction
[3]
[2]
[1]
[F]
[P]
system such as wmj
, wmj
, wmj
, wmj
, wmj
is determined by
the real-time recurrent learning (RTRL) algorithm
(Williams & Zipser, 1989) as follows:
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where yin/zin and yout/zout are input and output signals of the
future/past prediction system, respectively. In this chain of
signal transmission formulae, Eqs. (3) and (8) indicate that
the dynamic neurons are of ®rst order where the time
constant t stands for their decay property. These neurons
preserve context information of time series in the ®rst
hidden layer locally and provide it at any past points ideally,
if paying no attention on its contents, to predict future
values' accuracy. Furthermore, their dynamics can be
expressed by a simple equation in the recursive form, so
1
The number of the hidden neurons is determined arbitrarily, while the
number of the input and the output neurons is determined by the time series
prediction task uniquely. In this study, a single neuron is provided in the
input and the output layers (Section 3.1).
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Similarly, the error function for the past prediction
system is de®ned as
XX
{zout ti 2 diP t}2 ;
19
ep 
t

i

and weight updates during the training phase for the past
prediction system are also de®ned as follows:
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where h f is a learning rate, and 1 1 t d=dt
is an
operator of the ®rst order decay. In these equations,
backpropagating errors circulating inside the bi-directional model are considered only the ®rst lap of the
recurrent connections within each subnetwork (e.g.
y1 ! sF ! z1 in Fig. 4(a) and z1 ! sP ! z1 in
Fig. 4(b)) and the rest is omitted as negligibly small
for simplicity. 2
During this training phase, a pathway for copying from
the future prediction system's output yout to the past prediction system's input zin is prepared based on an analogy of
auditory feedback in biological systems (a dashed arrow in
Fig. 4(a)). When we are speaking, we are not only generating the voice, but also listening to it and always con®rming
the result of our speech. Therefore, people with congenital
hearing defect are faced with a lot of dif®culties because of
the lack of this feedback loop. Even with normal vocal
organs, it is quite dif®cult to acquire and maintain speaking
skills in the absence of the feedback.
2
In the bracket {´} of Eqs. (16) and (17), the ®rst term corresponds to the
element of direct backpropagating errors from the successive layer y [2] and
the second term is the element of recurrent backpropagating errors through
the state layer s [F].
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Fig. 4. A training procedure of the bi-directional model. All connections
depicted by thick arrows are modi®ed in each training phase.
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As a result of simplicity, as mentioned above, computation
complexity for the bi-directional model in each training
epoch is estimated at about twice O(n 2), where n is the
number of neurons in each subnetwork's hidden layer, and
the number of the input and output neurons is assumed
single, respectively.
Hereafter, these two kinds of operational modes are
referred to as a future prediction mode and a past prediction
mode, respectively.
3. Computer simulations for time series prediction
3.1. Training task and its procedure
Numerous neural network architectures and training algorithms for time series prediction tasks have been studied and
various kinds of time series have been used to evaluate their
performance. Among them, sunspots data 3 is one of the
most popular datasets (Cholewo & Zurada, 1997a,b; Geva,
1998; Weigend et al., 1990) often used as a benchmark test.
In this paper, these sunspots data are also adopted as one of the
examples to discuss the effectiveness of the bi-directional
3
Available from the web site at http://www.stern.nyu.edu/~aweigend/
Time-Series/Data/Sunspots.Yearly
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computation architecture. This is why a single time series
makes it possible to use a simple network which has one
input neuron and one output neuron, and few possibilities of
in¯uence by noisy factors make it easy to forecast future
events. The ®rst 100 years of the normalized annual data 4
for 280 years (ad 1700±1979) are used for training as
follows.
² In the training phase for the future prediction system, x(t)
is applied as an input signal to yin(t 0 ) and x(t 1 a) is
assigned as a teacher signal at yout(t 0 ).
² In the training phase for the past prediction system,
x(t 1 a) is applied as an input signal to zin(t 0 ) and x(t) is
assigned as a teacher signal at zout(t 0 ).
Here, x(t) is sunspots data at year t, a is the prediction step,
and t 0 is the time step of computer simulations. Because a
single time series (sunspots data) is used here, the input/
teacher signal is provided to only the ®rst neuron in the
input/output layer.
In this paper, both subnetworks in the bi-directional
model consist of four layers, and each of them has
one, nine, nine and one neurons, respectively, not including the bias neuron. The time constant of the dynamic
neurons is assumed to equal 10 times the minimum unit
for time step (t  10) in each computer simulation
program. The initial weights are chosen as random
numbers with a uniform distribution within [21, 1],
and 10 different initial weight sets are used to avoid
statistical bias (trial #1±10). Also, in order to eliminate
any prior information bias from the initial state, 500
time-step free signal transmission is provided to converge
to a stable point of the model's state space before
presenting any patterns. The training procedure for the
bi-directional model is performed by a batch process
with suf®ciently small learning rates (h f  h p  0.005)
to start the bi-directional model's training smoothly.
Any choices larger than 0.005 induce the model to
update weights radically at the beginning of the training
phase, and it makes it dif®cult to recover from the rapid
change of weights. The training procedure is repeated
until the total square error of both systems (Eqs. (13)
and (19)) becomes less than 0.2, equivalent to 0.2%
error at every training point. If both total squared errors
do not converge after a certain maximum number of
training epochs, this trial is labeled as a `failure' and
further training is stopped. Each annual normalized
sunspots number for both input data and teacher data is
applied for ®ve time steps (Dt 0  5Dt). During this ®vetime-step period, input data are applied constantly, while
teacher data are applied only every ®fth time step. This
is why dynamic neurons in the bi-directional model
produce hardly any rapid signal changes.
4

A detailed procedure for normalization is described in Weigend et al.
(1990).

After training is ®nished, each trained network's
generalization performance is expressed by an index
called an average relative variance (ARV) (Weigend et
al., 1990) de®ned as
T
X

ARV 

{x t 2 x^ t2 }

t1
T
X

;

25

2


{x t 2 x}

t1

where {x(t)|t  1, 2, ¼, T} indicates the true value set of
the series (desired signals) and {x^ tut  1; 2; ¼; T}
denotes the predicted value set (actual output signals),
and x is the average of {x(t)}. Eq. (25) can be rewritten
with the variance s 2 and the length T of the time series
to be predicted as follows:
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1

T
X

s 2T

t1

{x t 2 x^ t}2 :

26

This index can be seen as one of the universal measures
of prediction quality. For example, perfect prediction is
indicated by ARV  0, while just average performance
yields ARV  1.
To clarify the explanations above, they are summarized
again as follows.
² Training of each model is evaluated with the total
squared error only involving the numerator of Eq. (25),
² Generalization performance is evaluated with the average relative variance shown in Eq. (25).
Each model's performance mentioned above is examined
under the two kinds of test modes, one is for the future
prediction system and the other is for the past prediction
system. Hereafter, both of them are also referred to as a
future prediction mode and a past prediction mode, respectively. Their signal ¯ows are equivalent with the ones shown
in Fig. 4.
To compare the performance of the uni-directional model
with the performance of the bi-directional model, the future
and past prediction systems are trained and examined independently. The future prediction system with twice the
number of hidden neurons, equivalent to the total number
of hidden neurons in the bi-directional model, is also tried
because the number of hidden neurons has a close relationship to the model's signal processing abilities. Although the
number of weights also affect the model's performance, the
size of the hidden layer has been chosen as identical in this
paper because of simplicity. For reference, each number of
all models used in this study is summarized in Table 1.
3.2. Training epoch number to be required
At the beginning of the computer simulation, a number of
required training epochs is considered. It is generally said
that a training curve decays exponentially with the length of
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Table 1
Number of hidden neurons and weights including bias neurons
Item

Architecture
Neuron
Bias neuron
Total
Weights
Bias connection b
Total
a
b

Bi-directional model

Uni-directional model

Future pred. system

Past pred. system

Total

Future pred. system

Future pred. system (II) a

Past pred. system

1±9±9±1
29
3
32
261
19
280

1±9±9±1
29
3
32
261
19
280

±
58
6
64
522
38
560

1±9±9±1
29
3
32
180
19
199

1±18±18±1
56
3
59
684
37
721

1±9±9±1
29
3
32
180
19
199

Future prediction system with 18 neurons in each hidden layer.
Connection from the bias neuron.

Fig. 5. Change of the total squared error ef de®ned by Eq. (13) and ep by Eq.
(19) observed in each model. All trials of the past prediction system (K)
®nished training successfully before 20,459 epochs.

the training period. Training periods of 20,000, 50,000 and
100,000 epochs are provided for each model in this paper.
The simplest task such as single-year prediction (a  1) is
used to con®rm this requirement. Throughout the training
period, all trials except for the past prediction system train
unsuccessfully. Fig. 5 shows their total squared errors averaged over each 10 trials. According to this ®gure, there are
no signi®cant improvements observed after 20,000-epoch

training. In particular, the results trained for 100,000 epochs
are almost the same as those trained for 50,000. Therefore, it
seems to be suf®cient to train each model for 20,000 epochs,
or for 50,000 epochs including some margin to assure
convergence to a minimum point in the error space. Of
course, it is also important to consider each model's computational load. For instance, the bi-directional model's is
about twice as much as either the future prediction system's
or the past prediction system's and about half as much as the
one of the future prediction system with 18 neurons in each
hidden layer, following the estimation of computation
complexity mentioned in the last part of Section 2.2.
However, allowing for such difference on computational
load, there are no signi®cant improvements observed after
20,000-epoch training. Moreover, the prediction quality
produced by each trained network, which is shown in
Section 3.4, is more important than the computational
time from the viewpoint of practical use for time series
prediction. An example of each model after 20,000-epoch
training is shown in Table 2.
3.3. Performance comparison of four different models
According to Table 2, only the past prediction system can

Table 2
Results of computer simulations for the single-year prediction task. All decimals in this table indicate the total squared errors ef, ep in each model after 20,000epoch training
Trial #

1
2
3
4
5
6
7
8
9
10
Average
Rate

Bi-directional model

Uni-directional model

Future pred. system

Past pred. system

Future pred. system

Future pred. system (II)

Past pred. system (iter.#)

0.597
0.566
0.563
0.531
0.555
0.609
0.509
0.537
0.546
0.576
0.559
0/10

0.171
0.182
0.124
0.140
0.124
0.175
0.167
0.138
0.121
0.161
0.150

0.734
0.693
0.681
0.717
0.645
0.731
0.718
0.701
0.663
0.706
0.699
0/10

0.730
0.742
0.721
0.682
0.725
0.722
0.703
0.797
0.763
0.709
0.729
0/10

0.200 (16,482)
0.205
0.200 (15,428)
0.200 (16,064)
0.200 (18,653)
0.200 (14,713)
0.200 (15,342)
0.200 (12,770)
0.200 (16,082)
0.200 (11,056)
0.201 (±)
9/10
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learn this single-year prediction task successfully. It is
obvious that the future prediction task is more dif®cult to
train than the past prediction one. Because the desired past
prediction system's output zout(t 0 ) is the same as the past
prediction system's input zin(t 0 2 5), where ®ve time steps
are equivalent to one year (Dt 0  5Dt), the past prediction
task is quite easy to train. On the contrary, the desired future
prediction system's output yout(t 0 ) is not the same as any
future prediction system's input applied before, the future
prediction task is not so easy to train. In spite of this poor
score on training for time series prediction, the comparison
of the averaged total error for the bi-directional computation
style (the second column) and that for the traditional unidirectional one (the fourth column) manifests that the
proposed architecture performs better than the conventional
one which estimates only the future value from the present
and the past information. In order to clarify the improvement achieved by the bi-directional architecture, an index
for improvement quality (IIQ) is de®ned as follows:
IIQ 

ebi-direct:comp:
ARVbi-direct:comp:

;
euni-direct:comp:
ARVuni-direct:comp:
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where e is the total squared error de®ned by Eqs. (13) or
(19), and ARV is the average relative variance de®ned by
Eq. (26). Positive bi-directionalization effect is for IIQ , 1,
while negative is manifested by IIQ $ 1. With this index,
the bi-directionalization effect in the future prediction task
is estimated from the average data in the second and the
fourth columns of Table 2 as follows:
IIQf 

ef bi-direct:model
0:559
< 0:800:

0:699
ef future pred:system
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In general, a trial number in Table 2 indicates the trial which
starts training from the same initial weights. The model
denoted as `future prediction system (II)' containing 18
hidden neurons cannot provide the same initial state because
its structure is completely different and does not correspond
to the other three nine-hidden-neuron models. As seen from
Table 2, the future prediction system with 18 hidden
neurons (the ®fth column) cannot match the performance
of the bi-directional model. Therefore, this 18-hiddenneuron model is not described again in the rest of this paper.
As the result of this discussion, it can be said that future±
past information integration in the bi-directional model
improves the model's performance.
3.4. Performance of the bi-directional neural network model
In order to fully exploit and understand the bi-directional
model for time series prediction it is important to investigate
the model's behavior. First, responses of the input and
output neurons in the bi-directional model are shown in
Fig. 6 (trial #1 in Table 2). The upper ®gure shows the
responses in the future prediction mode and the lower one
is in the past prediction mode. In both ®gures, the applied
time series is identical with that used for training and every

®lled circle indicates the training point. In the future
prediction mode, a sawtooth waveform at the future
prediction system's output layer (thick black line) is particularly noticeable. According to responses of all hidden
neurons in the bi-directional model, which is not shown
here for brevity, sharpness of the sawtooth waveform
becomes greater as the signal proceeds to the ®nal layer
in the future prediction system. Although the reason for
this sharp sawtoothed wave is not clear, possible explanations are:
1. the bi-directional model tries to keep past information to
predict future events; and
2. the dynamic neurons in the bi-directional model have
only a relatively small time constant and they lose their
past information rapidly.
To ful®ll the requirement (1) and condition (2) simultaneously, the bi-directional model can do nothing but generate a large amplitude output to offset attenuation in advance.
On the contrary, there are no sawtooth waveforms in the
past prediction mode because the bi-directional model
does not have to preserve its past information so much.
Secondly, responses of all state neurons which play an
important role in time series processing for the future and/or
past prediction tasks are shown in Figs. 7 and 8. They
consist of two sub®gures and show
responses of all state neurons si[F] (i  1, 2, ¼, 9) in the
future prediction system,
responses of all state neurons si[P] (i  1, 2, ¼, 9) in the
past prediction system,
in the future prediction mode and the past prediction one,
respectively. A signal ¯ow in each mode is equivalent to
that shown in Fig. 4. According to these two ®gures,
responses of all state neurons are almost the same in spite
of the bi-directional model's operational mode. Then, similarity on the bi-directional model's response enables
production of cooperative actions, namely, the past prediction system's output zout is quite similar to the future prediction system's input yin in the future prediction mode (Fig.
6(a)), and vice versa (Fig. 6(b)). These facts imply that
prediction of future values is executed as comparing its
validity with the only acquired transformation matrices,
not using any actual future information but feedback signal
from the future prediction system's output layer, for past
prediction. Therefore, it can be said that this future±past
information integration helps the bi-directional model to
predict future points accurately and it results in a better
performance than the conventional uni-directional model.
To compare with Fig. 6, responses of the future prediction
system and the past independently trained one are also
investigated. Generally speaking, their behavior is quite
similar to those of the corresponding subnetwork in the
bi-directional model shown in Fig. 6(a, b).
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Fig. 6. Responses of the input and output neurons in the bi-directional neural network model after 20,000-epoch training. Trial #1 in Table 2 (a) Future
prediction mode; (b) Past prediction mode.

Fig. 9 shows the prediction quality produced by the
trained networks. The test data for these experiments are
described in Table 3. Most of them are a completely new
data set but some of them partially contain a training data
set. According to this ®gure, the past prediction tasks (O, K)
indicate a good score, but the future prediction tasks (X, W)
are not satisfactory. Nevertheless, its performance is
improved by future±past information integration in the bidirectional model (X) compared with the traditional unidirectional one (W).
By the way, it is said generally that longer training period
contributes to better performance unless overtraining effects
occur. Of course, it is important to consider such effects to
achieve good results for forecasting future events. The
model tries to ®t gradually into the major features and
then to the minor features, and in this study, good scores
on prediction quality are con®rmed with the test data sets
and can be seen from Fig. 9. Then, there is no evidence of
overtraining effects in these trained networks.

3.5. Dependency against size of prediction year ahead
So far, only the simplest task of single-year prediction
(a  1) has been dealt with. In this subsection, multi-year
prediction tasks (a . 1) are tried. Table 4 shows a summary
of computer simulation results after 20,000-epoch training.
According to this table, all trials except the past prediction
system for one- and two-year prediction have failed. One of
major reasons for this training dif®culty is caused by the
existence of the dynamic neurons in the bi-directional
model. They form a short-term memory system to keep
the past information in the model, but it can be seen from
Eqs. (3) and (8), that their output decays exponentially with
time, so it becomes dif®cult to sustain the information for
very long. Fig. 10 shows the result of multi-year prediction
performance produced by the trained networks. In general,
the score of the future prediction task (X, W) is worse than
that of the past prediction task (O, K). Nevertheless, future
prediction with the bi-directional computation method (X)
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Fig. 7. Responses of the all state neurons in the bi-directional model during the future prediction mode (a) Responses in the future prediction system s [F];
(b) Responses in the past prediction system s [P].

performs better than that with the conventional uni-directional computation method (W). It suggests that the developed transformation matrices for past prediction help to
improve the future prediction performance of the bi-directional model through the future±past information integration. However, this improvement vanishes as the training
dif®culties of the past prediction task increase. According to
this ®gure, it can be seen that two-year prediction is the
critical one for this series of computer simulations using
sunspots data.
For reference, responses of the bi-directional model
trained in each task are described below. In the two-year
prediction task, responses of the output neurons in both
the future and the past prediction systems contain sharp
sawtooth waveforms. Following the discussions in
Section 3.4, the emergence of the sawtooth waveforms
means the increase of training dif®culties so that it can
be considered that the bi-directional model is approaching the critical point to accurately predict the future
value.
Figs. 11±13 show three-, ®ve- and 10-year prediction
tasks, respectively, and indicate unsatisfactory responses.
All conditions are the same as those in Fig. 6. The 10year prediction task (Fig. 13) seems to produce normal
responses, but all responses contain one-cycle lag. The

sunspots data set is roughly a cyclic series with a period
of approximately 10 years. Therefore, prediction 10 years
ahead can be seen as just an identity transformation from
the viewpoint of each model, because the model tries to ®nd
any relationships between the input and the teacher patterns
based only on their similarity, and it tries to minimize their
distance. This is caused by the nature of dynamic neurons
whose information content decays with time, namely, the
more recent information outweighs the previous one. It is
quite natural for each model to try to develop such an identity transformation, but the efforts always end in failure
because there are no meaningful relationships in it. Both
dull peaks and vibrations observed in the model's responses
can be seen as the results of this meaningless training. In the
®ve-year prediction task (Fig. 12), the model can barely
produce periodical signals with the desired phase shift,
which is equivalent to a half cycle of sunspots data series.
This fact prevents the model from ®nding the correct correspondence between the input pattern and the teacher pattern,
so that it fails to acquire the appropriate amplitude of the
responses. In the three-year prediction task (Fig. 11), the
model can produce responses similar to those developed
in the two-year prediction task, but such responses do not
pass slightly the criterion mentioned in Section 3.1, i.e. total
squared errors de®ned by Eqs. (13) and (19) do not converge
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Fig. 8. Responses of the all state neurons in the bi-directional model during the past prediction mode (a) Responses in the future prediction system s [F];
(b) Responses in the past prediction system s [P].

less than 0.2 after 20,000-epoch training, so that this task is
labeled as a failure.
3.6. Dependency against time constant of dynamic neurons
Throughout the series of computer simulations on multiyear prediction tasks, a two-year prediction task is critical to
successful training. As mentioned above, time series processing greatly depends on the nature of dynamic neurons
de®ned by the time constant t (Eqs. (3) and (8)). Of course,
the larger the value, the longer the past information can be

Fig. 9. Prediction quality with the trained networks.

preserved. Then, using a larger time constant of the dynamic
neurons seems to be one of the solutions when dealing with
multi-year prediction tasks. To con®rm its observation,
another computer simulation for a three-year prediction
task has been made. According to Table 5 showing the
summary of simulations, the performance has changed for
the worse. It is true that a larger time constant of the
dynamic neurons makes it possible to sustain the past information, but at the same time it also makes it dif®cult to
process and accept the present information. In other

Fig. 10. Results of multi-year prediction using the test data `tst-1700.dat'
after 20,000-epoch training.

1318

H. Wakuya, J.M. Zurada / Neural Networks 14 (2001) 1307±1321

Table 3
Test data sets for Fig. 9

The test data ªtst±1700.datº in the ®rst row is equivalent to the training data.

Table 4
Results of multi-year prediction ahead after 20,000-epoch training
Prediction size

1-year a
2-year
3-year
5-year
10-year
a

Bi-directional model

Uni-directional model

Future pred. system

Past pred. system

(Rate)

Future pred. system

(Rate)

Past pred. system

(Rate)

0.559
1.417
2.207
2.291
2.235

0.150
0.133
0.285
0.759
2.337

(0/10)
(0/10)
(0/10)
(0/10)
(0/10)

0.699
1.722
2.365
2.572
2.200

(0/10)
(0/10)
(0/10)
(0/10)
(0/10)

0.201
0.200
0.281
0.789
2.447

(9/10)
(10/10)
(0/10)
(0/10)
(0/10)

Results of 1-year prediction task are the same as those in Table 2.

Fig. 11. Responses of the bi-directional model in three-year prediction task. Trial #1 in Table 4 (a) Responses in the future prediction system s [F]; (b) Responses
in the past prediction system s [P].
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Fig. 12. Responses of the bi-directional model in ®ve-year prediction task. Trial #1 in Table 4 (a) Responses in the future prediction system s [F]; (b) Responses
in the past prediction system s [P].

words, a smaller time constant makes the model easy to
process and accept the present information, but it makes it
dif®cult to sustain the past information to predict future
values. Therefore, increasing the time constant of the
dynamic neurons does not improve the network's quality.
Actually, a response of the future prediction system in the
bi-directional model is almost constant and there are no
signs of state transitions.
Another possibility to improve the model's trainability is to adopt different types of dynamic neurons as a
short-term memory system of the bi-directional model.
According to the classi®cation by Mozer (1993), there
exist other types of neural network memories. Among
them, Gamma memory (De Vries & Principe, 1992) has
the property on `high depth and high resolution'. So, it
is quite conceivable that using other memory could
result in improved performance for multi-year prediction
tasks if their appropriate parameters, such as the depth
and the resolution, could be found.
4. Discussion
The focus of this paper has been to ascertain whether

the model's performance for time series prediction is
improved by introducing the future±past information
integration. A number of computer simulations focused
on the comparison of the proposed technique of bi-directional computation and the conventional technique of
uni-directional computation. Some results in this study
may not indicate scores better than those examined by
other researchers with a variety of useful methods such
as cross-validation, but this does not mean that the
proposed technique is worse than other techniques. The
fact that the proposed bi-directional computing technique
is better than the conventional uni-directional technique
under the plain condition, without any additional methods, is con®rmed. Therefore, further studies of bi-directional computational architecture with these useful
methods such as cross-validation, applying various
network size, the variable learning rate, the proper selection of initial weights, and the suf®cient length of a
training period will be required.
The basic idea of bi-directional computation originally
comes from a biological nervous system. Such a system
consists of both a motor control system and a sensory
reception system. They are working cooperatively to
perform various kinds of complex activities such as

1320

H. Wakuya, J.M. Zurada / Neural Networks 14 (2001) 1307±1321

Fig. 13. Responses of the bi-directional model in 10-year prediction task. Trial #1 in Table 4 (a) Responses in the future prediction system s [F]; (b) Responses in
the past prediction system s [P].
Table 5
Total squared errors ef, ep for different time constants after 20,000-epoch training
Time constant

a

10
50
100
a

Bi-directional model

Uni-directional model

Future pred. system

Past pred. system

(Rate)

Future pred. system

(Rate)

Past pred. system

(Rate)

2.207
3.348
3.336

0.285
0.339
0.778

(0/10)
(0/10)
(0/10)

2.365
3.437
3.360

(0/10)
(0/10)
(0/10)

0.281
0.454
1.463

(0/10)
(0/10)
(0/10)

Results of time constant t  10 are the same as those of 3-year prediction in Table 4.

motor control, speech perception, visual recognition, and so
on (Lee, 1950; Liberman, Delattre & Cooper, 1952). Quite
often we feel it is easier to memorize some words, when using
other assisting organs in both motor and sensory systems.
Making use of the coupling effects turns out to be a very
effective means of acquiring various tasks. In addition, it
has been observed that some disorders in the sensorimotor
cooperation cause a lot of dif®culties (Lee, 1950). There have
been reports on coupling effects in biological models
(Wakuya & Shida, 1997, 1998, 1999; Wakuya et al., 1994),
but there are few studies on application-oriented tasks such as
the one discussed in this paper. Therefore, it is quite valuable
to note such a viewpoint from a biological system even if
some risk of ending in failure remains.

5. Conclusions
In this paper, the concept of bi-directional computation is
applied to time series prediction tasks. One of its major
features is an improvement of the model's performance
based on direct and inverse signal transformations and
their coupling effects. Through computer simulations
using sunspots data, it has been con®rmed that the prediction quality of the bi-directional model is better than the
conventional uni-directional one. The uni-directional
model corresponds to a subnetwork in the bi-directional
model, trained independently. As a result, it can be said
that future±past information integration improves the
model's performance, especially in the future prediction

H. Wakuya, J.M. Zurada / Neural Networks 14 (2001) 1307±1321

task. Multi-year prediction tasks have also been investigated, but only two-year ahead prediction has yielded accurate results because of the nature of dynamic neurons used in
the proposed bi-directional neural network model.
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