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Abstract 

ATM networks support a wide range of multimedia traffic. Various BISDN VBR sources 
generate traffic at significantly different rates. The traffic can often have time-varying 
characteristics which are not well understood currently. However, traffic management 
techniques require traffic parameters that can capture the various traffic characteristics 
and adapt to the changing network environment. In this paper, we present a novel neural 
network approach to characterize and predict the complex arrival process. The FIR 
multilayer perceptron model and its training algorithm are discussed in this paper. It 
is shown that the FIR neural network can adaptively predict the traffic by learning the 
relationship between the past and the future traffic variations. Based on the experimental 
results, we conclude that the FIR neural network is an attractive tool for traffic prediction 
and hence has an excellent potential for use in some congestion control schemes. 
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1 Introduction 

Asynchronous Transfer Mode(ATM) has been recommended by CCITT as the transfer 
mode for the future broadband ISDN(BISDN). ATM networks are expected to support 
a diverse set of applications, such as data, voice and video, each having different traffic 
characteristics. Accurate characterization of the multimedia traffic is essential in order 
to develop a robust set of traffic descriptors. Such a set is required by the Usage Pa
rameter Control(UPC) algorithm for traffic enforcement and the Connection Admission 
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Control(CAC) algorithm for bandwidth allocation utilizing the statistical multiplexing 
gain. However, for the time being, there are no comprehensive measurements that permit 
designers to satisfactorily address the characteristics of various communication services in 
a realistically accurate manner. This is especially true for Variable Bit Rate(VBR) traffic. 

During the duration of a conneCtion, the period at which a source generates traffic is 
referred to as an active period, whereas a silent period corresponds to the time between 
the active periods during which no traffic is generated. Traffic generated by a VBR source 
either alternates between the active and silent periods, or is a continuous bit stream with 
varying rates. This traffic is highly bursty and correlated(in comparison to a Poisson 
process). Burstiness can be defined by the ratio of the peak bit rate to average bit rate or 
the squared coefficient of variation of the inter arrival times of cells, c?( variance divided by 
the square of the mean). For example, c? for the packet arrival process from a single voice 
source is 18.1, while c? for a Poisson process is 1 [Sriram 86, Heffes 86]. Although the 
aggregate packet arrival process with many components does behave like a Poisson process 
over relatively short time intervals, under heavy loads the congestion in the multiplexer 
is determined by the behaviour of the arrival over much longer time intervals, where it 
does not behave like a Poisson process. Accordingly, characterization of traffic from VBR 
sources is very difficult. 

As mentioned above, the congestion control schemes(e.g., CAC and UPC) in ATM net
works require specific knowledge of the statistical behaviour of the input traffic declared 
via its traffic descriptors. Parameters such as peak bit rate, average bit rate, and burst 
length are often used as a simple set of parameters characterizing the traffic. More com
plicated second-order time domain parameters( e.g., IDI, IDC) are also used to capture the 
burstiness and the correlation properties of the arrival stochastic process especially those 
of VBR video and voice sources [Habib 92]. In [Heffes 86], the aggregate arrival process 
from N voice sources is approximated by a nonrenewal process, i.e.,a two-state Markov 
Modulated Poisson Process(MMPP). In [Daigle 86], very complex mathematical models 
such as semi-Markov process and continuous-time Markov chain are used to characterize 
the voice traffic. Traffic descriptors using simple parameters will not accurately charac
terize very rapid changes in the bit rate time variations of the traffic over short intervals 
and often ignore the bursty nature of the traffic. On the other hand, those mechanisms 
using more sophisticated parameters are computationally expensive and impractical. 

To solve this problem, a neural network based traffic prediction approach is proposed in 
this paper. The neural network can predict the bit rate variations of a complex stochastic 
process and capture the probability density function(pdf) of the traffic. It is shown that 
the neural prediction is accurate enough to characterize the actual traffic and can be used 
in policing and CAC functions. It can also be used in some feedback control schemes. 
It has been argued that traditional reactive congestion control is not suitable for ATM 
networks due to the effects of high-speed channels. Recently, Amenyo et al. [Amenyo 91] 
have proposed a new congestion control scheme called proactive control. Underlying its 
feasibility and effectiveness are traffic predictions of correlated input traffic streams into 
network nodes. These predictions are used to obviate the problem of propagation delays. 
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Figure 1: Static multilayer perceptron used as a nonlinear predictor. 

So we can apply our neural prediction method to this framework as well. 

2 FIR Neural Network 

It is well known that neural networks are capable of performing nonlinear mappings be
tween real-valued inputs and outputs. A three-layered feedforward neural network ( mul
tilayer perceptron), with sigmoidal units in the hidden layer, is able to approximate an 
arbitrary nonlinear function to any desired degree of accuracy [Funahashi 89, Hornik 89]. 
This kind of neural network is trained with the backpropagation(BP) algorithm. One lim
itation of the standard BP algorithm is that it can only learn an input-output mapping 
that is static. This form of static input-output mapping is well suited for pattern recog
nition applications, where both the input and output vectors represent spatial patterns 
that are independent of time [Haykin 94]. 

The standard BP algorithm may also be used to perform nonlinear prediction on a sta
tionary time series [Lapedes 87]. We may use a static multilayer perceptron, as depicted 
in Figure 1, where the input elements labeled z-1 represent unit delays. The input vector 
x is defined in terms of the past samples x(n- 1 ), x(n- 2), ... , x(n- q) as follows: 

x = [x(n- 1), x(n- 2), ... , x(n- q)]T (1) 

where q is the prediction order. Thus the scalar output y( n) of the multilayer perceptron 
equals the one-step prediction x(n), as shown by 

y(n) = x(n) (2) 

The actual value x( n) of the input signal represents the desired response. 

However, if we want to capture the dynamic properties of the time-varying signals, we 
have to extend the design of a multilayer perceptron so as to represent time in it. One of 
the methods is the so-called Time Delay Neural Network(TDNN), which was first used in 
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[Lang 88) to perform speech recognition. The TDNN is a multilayer feedforward network 
in which the ouputs of a layer are buffered several time steps and then fed fully connected 
to the next layer. It was devised to capture explicitly the concept of time symmetry a.S 
encountered in the recognition of an isolated phoneme using a spectrogram. 

The TDNN topology is in fact embodied in a multilayer perceptron in which each synapse 
is represented by a Finite Impulse Response (FIR) filter. This latter neural network is 
referred to as a FIR multilayer perceptron, which can be trained with an efficient algorithm 
called temporal backpropagation [Wan 94). It can be shown that the TDNN and the FIR 
network are functionally equivalent. However, the FIR network is more easily related 
to a standard multilayer network as a simple temporal or vector extension. The FIR 
representation also leads to a more desirable adaptation scheme. So in this paper, we 
adopt this kind of FIR network as our traffic predictor. 

2.1 FIR Network Model 

As mentioned above, the traditional model of a multilayer perceptron forms a static map
ping; there are no internal dynamics. A modification of the basic neuron is accomplished 
by replacing each synaptic weight by a FIR linear filter. By FIR we mean that for an 
input excitation of finite duration, the output of the filter will also be of finite duration. 
For this filter, the output y(k) equals a weighted sum of past delayed values of the input: 

T 

y(k) = L w(n)x(k- n) (3) 
n=O 

On the basis of Eq. 3, we may formulate the model of a FIR neuron as follows. Let Wj;(l) 
denote the weight connected to the lth tap of the FIR filter modeling the synapse that 
connects the output of neuron ito neuron j(i = 1, 2, ... ,p). The index l ranges from 0 to 
M, where M is the total number of delay units built into the design of the FIR filter. Let 
Yi(n) denote the ouput signal of neuron j and x;(n) the input signal. Hence, we have 

P M 
Vj(n) = L;L;wi;(l)x;(n -l)- (}i (4) 

i=li=O 

(5) 

where vi(n) is the net activation potential of neuron j, (}i is the externally applied thresh
old and cp( ·) is the nonlinear activation function of the neuron. 

We may rewrite Eq. 4 and Eq. 5 in matrix form by introducing the following definitions 
for the state vector and weight vector for synapse i, respectively: 

x;(n) = [x;(n), x;(n- 1), ... , x;(n- M)f 

Wji = (wj;(O), Wj;(1), ... , Wj;(M)f 

(6) 

(7) 
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yj(n) 

Figure 2: Dynamic model of a neuron, incorporating synaptic FIR filters. 
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Figure 3: Signal-flow graph of a synaptic FIR filter. 

We may thus express the output Yi(n) of neuron j by the following equation: · 

p 

Yi(n) = cp(l:w];x;(n)- Oi) (8) 
i=l 

This FIR model of a single artificial neuron is shown in Figure 2, where the weight w;o 
connected to the fixed input x0 = -1 represents the threshold 0;. The signal-flow graph 
representation of a FIR filter is shown in Figure 3. 

We may construct a multilayer perceptron whose hidden and output neurons are all based 
on the above FIR model. Such a neural network structure can be referred to as a FIR 
multilayer perceptron. The difference between the FIR multilayer perceptron and the 
standard one is that the static forms of the synaptic connections between the neurons in 
the various layers of the network are replaced by their dynamic versions (i.e., scalars are 
replaced by vectors and multiplications by vector products). 
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2.2 Temporal Backpropagation Learning 

Given an input sequence x( k ), the network produces the output sequence y(k) = N[W, x( k )], 
where W represents the set of all filter coefficients in the network. Define the instanta
neous error e2 (k) = lld(k) -y(k)ll 2 as the squared Euclidean distance between the network 
output y(k) and the desired output d(k). Therefore the objective of training corresponds 
to minimizing over W the cost function: 

where the sum is taken over all I< points in the training sequence. In [Wan 94], an 
algorithm called temporal backpropagation is proposed to minimize C. The weight-update 
equation is shown by the following pair of relations: 

(9) 

0 k = { ej(k)'P'(vj(k)), neuron j in the output layer 
1 ( ) 'P'(vj(k)) Lm,A ~~(k)wmj, neuron j in a hidden layer 

(10) 

where TJ is the learning-rate parameter, A is defined as the set of all neurons whose inputs 
are fed by neuron j in a forward manner and ~m( k) is defined as follows: 

(11) 

It is obvious that the above equations represent a vector generalization of the standard 
backpropagation algorithm. In fact, if we replace the input vector Xi( n ), the weight 
vector Wmj, and the local gradient vector ~m by their scalar counterparts, the temporal 
backpropagation algorithm reduces to the standard backpropagation for static networks. 
To calculate Dj( k) for a neuron j located in a hidden layer, we filter the o's from the next 
layer backwards through the FIR synapses for which the given neuron feeds(see Figure 
4). Thus o's are formed not by simply taking weighted sums, but by backward filtering. 
For each new input and desired response vector, the forward filters are incremented one 
time step and the backward filters one time step. The weights are then adapted on-line 
at each time increment. 

Temporal backpropagation preserves the symmetry between the forward propagation of 
states and the backward propagation of error terms. The sense of parallel distributed 
processing is thereby maintained. Furthermore, each unique weight of synaptic filter 
is used only once in the computation of the o's; there is no redundant use of terms 
experienced in the instantaneous gradient model. 

However, careful inspection of the above equations reveals that the calculations for the 
Dj( k) 's are non causal. We may formulate the causal form of the temporal backpropagation 
algorithm by a simple reindexing: 
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Figure 4: Backpropagation of local gradients through an FIR multilayer perceptron. 

For neuron j in the output layer, compute 

Wj;(k + 1) = Wj;(k) + 7JDj(k)x;(k) 

oi(k) = ei(k)~.pj(k) 

For neuron j in a hidden layer, compute 

Wj;(k + 1) = Wj;(k) + 7JDj(k -lM)x;(k -lM) 

Dj(k -lM) = tp1(vj(k -lM)) L ~~(k -lM)wmj 
mtA 

(12) 

(13) 

( 14) 

(15) 

where M is the total synaptic filter length, and the index l identifies the hidden layer in 

question. Specifically, l = 1 corresponds to one layer back from the output layer; l = 2, 

two layers back from the output layer; and so on. 

3 ATM Traffic Prediction Using FIR Networks 

Neural networks have adaptation capability that can accommodate nonstationarity. Their 
generalization capability makes them flexible and robust when facing new and noisy data 
patterns. Once the training is completed, a neural network can be computationally inex
pensive even if it continues to adapt on-line. Actually, neural networks have been used 
in call control, switch control and routing [Morris 94, Hiramatsu 90]. Here we use a FIR 

neural network as a multimedia traffic predictor in ATM networks. The role of the neural 
network is to capture the unknown complex relation between the past and future values 

of the traffic. 

3.1 Predictor Training Configuration 

Consider a scalar time series denoted by x(n ), which is described by a nonlinear regressive 
model of order q as follows [Haykin 94]: 

x(n) = f(x(n- 1), x(n- 2), ... , x(n- q)) + t:(n) (16) 
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x(n) 

Figure 5: Training scheme of the FIR network. 

where f is a nonlinear function of its arguments and c:( n) is a residual. It is assumed that 
c:(n) is drawn from a white Gaussian process. The nonlinear function f is unknown, and 
the only thing that we have available to us is a set of observables: x(1), x(2), ... , x(N), 
where N is the total length of the time series. We may use a FIR multilayer perceptron 
as a one-step predictor of some order q to model the time series, as shown in Figure 5. 
Specifically, the network is designed to make a prediction of the sample x( n ), given the 
past q samples x(n- 1), x(n- 2), ... , x(n- q), as shown by 

x(n) = F(x(n- 1), x(n- 2), ... , x(n- q)) + e(n) (17) 

The nonlinear function F is the approximation of the unknown function j, which is 
computed by the FIR multilayer perceptron. The actual sample value x(n) acts as the 
desired response. Hence the FIR multilayer perceptron is trained so as to minimize the 
squared value of the prediction error: 

e(n) = x(n)- x(n), q+ 1::; n::; N. (18) 

In the neural network literature the above training scheme is referred to as teacher forcing, 
while in the control and signal processing literature, it is referred to as equation-error 
adaptation. 

In our application, the FIR multilayer perceptron is designed as a 1-5-1 fully connected 
feedforward network with 3:3 taps per layer. Selection of these dimensions is based mostly 
on trial and error. In general, selection of dimensions for neural networks remains an open 
question in need of further research. The FIR network is trained with the causal form 
of temporal backpropagation and the mean-squared error(MSE) is used as a performance 
measure. To increase the rate of learning and yet avoid the danger of instability, a 
momentum term is added to the weight-update equation, i.e., 

(19) 

where a is a positive number called the momentum constant. The learning rate "' and 
momentum constant a are set at 0.1 initially. It has been found that the BP learning 
algorithm may learn faster when the sigmoidal activation function built into the neuron 
model of the network is asymmetric than when it is nonsymmetric. So we adopt the 
hyperbolic tangent activation function in the hidden layer, which is defined by 

r.p( v) = a tanh( bv) 
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where a 1.716 and b = 2/3. In some of our experiments, we have also used some 

heuristics to accelerate the convergence of backpropagation learning through learning rate 
adaptation [Haykin 94]. Simulations have been performed to obtain the neural network 

data set for both training and testing( cross-validation) purposes. Since we use the logistic 

function cp( v) = 1/(1 + exp( -v)) for the output neuron, we have to normalize the traffic 
data so that all the values fall between 0 and 1. 

3.2 Traffic Models 

In this section, we briefly describe the models for video arrival process and voice arrival 

process used in our experiments. 

3.2.1 Video Arrival Process Model 

Video is presented to users as a series of frames in which the motion of the scene is 
reflected in small changes in sequentially displayed frames. Video frames are generated at 
a constant rate defined by the playout rate. As the amount of data transmitted per frame 

varies due to intraframe and interframe coding, video applications generate traffic in a 
continuous manner at varying rates. Video is a relatively new service in communication 

networks and its traffic characteristics are not well understood. It is also quite different 
from voice or data in that its bit streams exhibit various types of correlations between 

consecutive frames. 

The characteristics of the video signal depends primarily on two factors: 1) the nature 

of the video scene, and 2) the type of VBR coding technique employed( e.g., motion

compensated discrete cosine transform, interframe DPCM, etc.). For the purpose of sim
plicity, in this paper, we focus on video services with uniform activity level scenes, i.e., the 
change in the information content of consecutive frames is not significant [Onvural 94]. A 
typical application of this type is video telephone where the screen shows a person talk
ing. In general, correlations in video services with uniform activity levels last for a short 
duration and decay exponentially with respect to the time. The simulation model used to 
generate this kind of video coded traffic is a continuous-state discrete-time stochastic pro
cess. A first-order autoregressive(AR) Markov model is proposed in [Maglaris 88], which 
estimates the bit rate at the nth frame from the bit rate at the (n- 1)st frame to be 

.X(n) = a.X(n- 1) + bw(n) (20) 

where .X( n) denotes the bit rate of the nth frame in bits/pixel, a and b are constants and 
w( n) is a Gaussian random variable with mean m and variance 1. There are about 250000 

pixels per frame and 30 frames/s, thus 1 bit/pixel corresponds to 7.5 Mbitsjs. The mean 
E(.X), and the autovariance of the bit rate C(n) are equal to 

E(A) = bm/(1- a) (21) 
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a 

OFF ON 

Figure 6: IPP model. 

(22) 

which can be used to determine the two unknown variables a, b and m: 

a= 0.8781, b = 0.1108, m = 0.572 (23) 

The model is found to be quite accurate compared with the actual measurements and is 
suitable for simulation studies. 

3.2.2 Voice Arrival Process Model 

A voice source alternates between talk spurts( active) and silent periods. To achieve higher 
resource utilization, a speech activity detection may be used at the VBR voice source so 
that voice packets are generated only when the source is active, thereby, increasing the 
transmission efficiency. The correlated generation of voice packets within a call can be 
modeled by an Interrupted Poisson Process(IPP). In an IPP model, each voice source 
is characterized by ON( corresponding to talk spurt) and OFF( corresponding to silence 
duration) periods, which appear in turn. During the ON period, the interarrival times 
of packets are exponentially distributed(i.e., in a Poisson manner), while no packets are 
generated during the OFF period. The transition from ON to OFF occurs with the rate 
(3, and the transition from OFF to ON occurs with the rate a(see Figure 6). Hence 
the ON and OFF periods are exponentially distributed with the mean 1//3 and 1/a. 
To specify this model completely, we assume that the packet-generation rate during the 
active period is 32kbps, the mean talk spurt is 1/ f3 = 352ms and the mean silence period 
is 1/a = 650ms. 

4 Simulations 

In this section, we demonstrate the effectiveness of the neural network used as a traffic 
predictor. Extensive simulations have been performed. The packet arrival process is 
generated from packetized video sources or/ and packetized voice sources according to the 
models discussed in the previous section. We have used different data for the training 
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FIR network 
1-5-1 
1-10-1 

MSE for the traing set 
0.00414 
0.00410 

MSE for the test set 
0.00423 
0.00415 

Table 1: MSE of the experiment for video traffic. 
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Figure 7: Prediction results for the bit rate of the video traffic. 

sets and test sets by choosing different initial values of the arrival process or different 
seeds of the random number generator. For example, for the video arrival process, we 
have generated 2000 traffic data elements, starting with >.(0) = 0.6. The first 400 elements 
have been chosen to be the training set, and the next 1600 to be the test set. We have also 
tried a more complicated 1-10-1 network model for the same data sets, but no significant 
performance improvement is observed. The values of MSE of the above experiment are 
summarized in Table 1. Other prediction results for the test sets will be reported in the 
following. 

Experiment 1: In this experiment, we use three video sources. The FIR network is 
used to predict the bit rate of the superposition video arrival process over the next frame. 
Therefore the lag time is 1/30 sec, which is the frame generation rate. The prediction 
results are shown in Figure 7 and Figure 8, illustrating that the predicted traffic has 
almost the same statistical characteristics as those of the actual traffic. 
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Figure 8: Comparison of the autocorrelation function of the predicted video traffic and 
the actual one. 
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Figure 9: Prediction results for the arrival process of voice sources. 
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Figure 10: Comparison of the autocorrelation of the number of packet arrivals of the 
predicted voice traffic and the actual one. 

Experiment 2: In this experiment, we use three voice sources. Here the time series 
x(n) is used to represent the count process N(O, t) which measures the number of packet 
arrivals in time (0, t). The arrival process is sampled at every sampling period T3 • The 
choice of the parameter Ts is influenced by the type of the traffic and should guarantee 
that the used sampled version of the arrival process captures all correlations contained in 
the actual process. In this application Ts has been found to be 50 ms [Tarraf 94): Figure 
9 and Figure 10 show that the neural network prediction is very close to the actual traffic 
values. 

Experiment 3: In this experiment, one video source and three voice sources are used 
to generate a heterogeneous superposition arrival process. Prediction results of the count 
process are shown in Fig. 11 and Fig. 12. It should be pointed out that more training 
iterations of the neural network are needed in this experiment than in the previous ones, 
since the heterogeneous traffic is more difficult to characterize. 

Experiment 4: Recently, Leland et a!. demonstrated that Ethernet local area network 
traffic is statistically self-similar [Leland 93). To capture this fractal behaviour, they 
proposed to model the traffic using deterministic chaotic maps. Chaos is a dynamical 
system phenomenon in which simple, low order, nonlinear deterministic equations can 
produce behaviour that mimics random processes. To illustrate the underlying idea, 
consider a nonlinear map f(·) that descrides the evolution of a state variable x(n) E (0, 1) 
over discrete time as x( n + 1) = f( x( n) ). The packet generation process for an individual 
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Figure 11: Prediction results for the heterogeneous traffic. 
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Figure 12: Comparison of the autocorrelation function of the predicted traffic and the 
actual one in experiment 3. 
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Solid line: simulation, Dotted line: prediction 
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Figure 13: Prediction results for the training set of the chaotic time series. 

source can now be modeled by stipulating that the source generates one or no packet at 
time n depending on whether x ( n) is above or below an appropriately chosen threshold. 

If f is a chaotic map, the resulting packet process can mimic complex packet traffic 
phenomena. Once an appropriate chaotic map has been derived from a set of traffic 
measurements, generating a packet stream for an individual source is generally quick and 

easy. On the. other hand, deriving an appropriate nonlinear chaotic map based on a set of 
actual traffic measurements currently requires considerable guessing and experimenting. 
Nevertheless, studying arrival streams to queues that are generated by nonlinear chaotic 
maps may well provide new insight into the performance of queueing systems where the 
arrival processes exhibit fractal properties. 

Here as another experiment, we train the FIR network to perform one-step prediction 
of a chaotic time series. A chaotic time series generated by the so called logistic map is 
defined as [Rasband 90] 

x(n + 1) = 4x(n)(1- x(n)) (24) 

where the values of x(n) are all in the range (0, 1). The prediction results for the training 

and test data sets are encouraging, as shown in Figure 13 and Figure 14 respectively. 
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Solid line: simulation, Dotted line: prediction 
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Figure 14: Prediction results for the test set of the chaotic time series. 

5 Conclusion 

In this paper, we have shown that a FIR network constitutes a powerful tool for use in 
ATM traffic prediction. The theoretical justification of this approach is that neural net
works are capable of approximating any continuous function and perform non-parametric 
regression. Furthermore, a FIR neural network extends the standard multilayer percep
tron to a temporal processing version which is more suitable for modeling of time series. 
After completing the training phase of the neural network, it can successfully learn the 
actual pdf of the offered traffic(instead of the approximated simple parameters, such as 
the peak and mean bit rates). Hence the neural network can be used as an effective traffic 
descriptor. 

In ATM networks, traffic management techniques require traffic parameters that can 
capture the various traffic characteristics and adapt to the changing network environment. 
The method based on FIR neural networks can adaptively predict the traffic by learning 
the relationship between the past and the future traffic variations. Therefore it can be 
incorporated into traffic control functions in order to achieve better network performance. 
In [Fan 96], we propose a feedback flow control mechanism based on traffic prediction by 
FIR neural networks. The predicted traffic patterns in conjunction with the current queue 
information of the buffer can be used as a measure of congestion. When the congestion 
level is reached, a feedback signal is sent to sources to reduce their bit rates. Simulation 
results show that our scheme leads to a much lower cell loss rate than the conventional 
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feedback control method and hence provides a simple and efficient traffic management for 
ATM networks. 
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