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Abstract: A New fast learning algorithm for training multilayer feedforward neural net-
works by using variable time-varying forgetting factor technique and U-D factorization-based
fading memory extended Kalman filter is proposed in this paper. In comparison with BP and ex-
tended Kalman filter (EKF) based learning algorithm,the new algorithm can not only obviously
improve the convergency rate ,numerical stability,but also provide much more accurate learning
results in fewer iterations with fewer hidden nodes. In addition, it is less affected by the choice
of initial weights and initial covariance matrix as well as other setup parameters. The results of
simulated computations of nonlinear dynamic system modelling and identification applications
show that the new algorithm proposed here is an effective and efficient learning algorithm for
feedforward neural networks. i
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1 Introduction

The classical method for training a multilayer feedforward network is the backpro-
pagation (BP) algorithm™!, Althouth it is successfully used in many cases.the BP algo-
rithm suffers from a number of shortcomings. One such shortcoming is the slow con-
vergency rate. Many iterations are required to train small networks for.even the simplest
problems. Furthermore, we have to tune the learning rate and the momentum term in a
heuristic manner so that a quick convergence is obtained. An improper choice of these pa-
rameters may incur problems of stability or suffer from much slow convergence and may
usually be local. Numerous heuristic schemes have been suggested to improve the speed of
convergence of the BP algorithm®™ *., These algorithms have considerably improved the
convergence of BP algorithm and exhibit excellent performance. But these algorithms in-
crease the storage and computational cost which may become unmanageable even for net-
works of moderate size, besides, the convergency rate of these algorithms needs further

improving.
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It is the purpose of this paper to present a new alternative algorithm which is consid-
erably faster than the BP and EKF algorithms,and has the advantage of being less affected
by poor initial weights and setup parameters. In view of this,a new fast learning algorithm
for traning multilayer feedforward neural networks by using U-D factorization-based
fading memory extended Kalman filter is proposed in this paper. The performance compari-
son of new algorithm proposed in this paper with EKF and BP algorithms are given by two
nonlinear system modelling and identification examples.

2 Feedforward Neural Networks

The neural networks considered in this paper o ”, W
are feedforward networks with one or more hidden I
layers between the inputs and outputs. Each layer
consists of some computing units known as neurons.
Fig. 1 shows the structure of a multilayer neural net-
work,

The BP algorithm has become the standard al-

gorithm used for training multilayer feedforward Fig.1 Amulilager feed forward neural netwark
neural networks. However,in system modelling and identification applications the dynamic
range of the output data may be greater than 1,the activation function of the output nodes
is chosen to be linear,thus,we can acquire the modified BP algorithm,a detailed algorithm
implementation can be acquired in papert*,
3 U-D Factorization-Based Fading Memory Extended Kalman Filter Learn-

ing Algorithm
3.1 Extended Kalman Filter Based Learning Algorithm

A feedforward nerual network is trained by adjusting its weight according to an ongo-
ing stream of input-output observation {u«(¢),y4(t):t = 1,++,N},the objective of this
adaption is to learn a set of weights {w’,w?,+-+,w"} such that,the NN will accurately
predict future outputs, Although this training mechanism is generally referred to as
supervised learning,it is equivalent to the process of parameter estimation. Then, training
feedforward networks can be considered as a nonlinear estimation problem where the
weight values are unknown and need to be estimated for the given set of input-output
vectors, The approach is to concatenate all the network parameters into a vector A(t) and
to define an operator,NET( +),which performs the complete mapping function of a
multilayer feedforward NN on the basis of this parameter vector and the input,u(z) =
¥°(¢), according to

y=NETW,u) = f/(w' f (w'™" o fllw!,y°) o ). (D
The parameter estimation problem is then defined as the determination of 6(p) which

minimizes the sum of square prediction error of all prior observations embedded in the
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function
P
J(p) =13 0u@ — NET(0(p) @)t s
i=1

where y,(2) is the observed output vector and p denotes the number of training samples.
Assume that the nonlinearities of (1) are sufficiently smooth,and that the observation is of
the form.

ya(@) = NET(@" (£),5°(#)) + @) = y' (&) + e(@). (3
where 6*(t) is the desired parameter vector that minimizes (2) and e(z) is the
measurement noise with zero mean and a covariance matrix R(2).

Then the extended Kalman filter can be applied to the estimation problem through the

equations
8¢) =0G — 1) + K@ [y, @) — y' &) ], (4
K@) =Pt — DHT@O[H@OP@ — 1DH"@) + A@ORM® ], (5)
P@)=[1I—K@OH®]IPE — 1)/A@). (6)

where 0(2) is the estimated parameter vector,’(¢) is the error covariance matrix,H (¢) is
the Hessian matrix containing the partial derivative of the network output with respect to
each individual weight,and A(¢) is a time-varying forgetting factor, When it is required to
weight out the old data,it is required that A(z) << 1. In order to improve the convergence
and accuracy of learning algorithm,two kinds of forgetting factors are given in this paper
as follwos:

1) Assume A(z) = 1 in equations (5) and (6),and chose the noise covariance matrix
R(t) = ¢ "I instead of R(¢+) = I. Among a learning sample,R(¢) is set to be constant.

1) Set R(z) = I, assume time-varying forgetting factor as follows:

At) = AA¢ — 1) + (1 — A) (7

where A, and the initial forgetting factor A(0) are design value.
3.2 U-D Factorization-Based fading memory EKF Learning Algorithm

In above fading memory extended Kalman filter, the computation of the covariance
matrix P(¢) plays an important role, Its computational load is the major consideration of
the algorithm. In addition,the limitation of the word length,the truncation errors of the
algorithm may make the covariance matrix P(¢) to become non-symmetric and
non-positive definite,and may even result in divergence of the estimates. Thus several
covariance matrix factorization methods have been developed to improve the numerical
properties for the computation of P(z). The U-D factorization method is the most popular
onet?, This decomposition guarantees the positive-definiteness of covarivance matrix P’(7),
and thus high estimation accuracy and robustness can be attained-**.

By using the U-D factorization technique,and suppose feedforward network has single
output,that is, H(¢) is a vector,the above fading memory EKF algorithm Egs. (4) to (6)

can be described as follows
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Step 1 Compute
=0T — 1DH@ .o =D0¢—1Df, a=AOR®);
Step 2 For == 1.+, Compute steps 3~3;
Step 3 Compute
(o, =a,, + f8-
LD, = a, D 1),/4A0),

(8)
Vi = 8,»
L ey f',/'((! e
Step 4 Fori=1,+,j — 1.do step 5 (if j = 1, then skip step 5).
Step 5 Compute
_{L'Y(t)',-j = U(t Enl l)jj + U,',u,‘t
(9
vi=uv 4+ UG — 1D,
Srep 6 K(t) = [Ul,"'auy.]Ts K@) = K(t)/a,,g. (10
Step 7 8(t) =8t — 1) + KM [y. (1) — ¥y @) ]. an

where,if the root mean square error (RMSE) between desired and actual output is larger
than some expected value (for example, 107%), A(¢) is computed by equation (7),
otherwise,set A(z) = 1. 0. This technique called “variable” time-varying forgetting factor
can obviously smooth out weight changes,and the convergence and accuracy of learning al-
gorithm can be improved greatly.
4 Simulation Examples and Results

In this section,simulation results from two nonlinear plant identification problems are
presented.and the performances of new algorithm proposed in this paper (EKF-UD),ex-
tended Kalman filter (EKF) and BP algorithm are compared.

Example 1  Consider the nonlinear system as follows

= (@)
y@) = 2.0 TR

where vi?) € —1,1] when «(t) € [—10,10]. The EKF-UD,EKF and BP algorithms are

emploved to train a neural network with an architecture of 1—10--1 and consisting of total

(12>

of 30 adjustable weights to approximate (12). Table 1 shows the root mean square error
(RMSE of three learning algorithms with different iteration. For EKF-UD and EKF algo-
rithms .case | denotes the situation that there is no forgetting factor,that is to say the for-
getting factor is equal to 1,case 2 represents the first forgetting factor and case 3 repre-
sents the second forgetting factor. Fig. 2 iltustrates the RMSE and output error curve via
different algorithms for different hidden nodes.initial parameter and forgetting factor. It is
clear that the learning accuracy and convergence of new algorithm proposed in this paper
are much better than EKF and BP algorithms.especially for case 3.the convergency and

accuracy are the best.
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Fig. 2 Comparison of RMSE and output error versus  training iteration of three alpotithms lor example |

Table 1 Comparison of RMSE versus training iteration of three algorithms

EKF EKF-UD
Iteration BP r
CASE 1 CASE 2 CASE 3 CASE 1 CASE 2 CASE 3
10 2.941E—1 | 3. 174E—2 | 7. 997E—2 1.382E—3 | 1. 004E—219.633E—3 2.874E—4
20 9.493E—1|1.856E—2 | 5. 619E—2 | 2. 395E—4 | 5.953E—3| 5. 384E—3 7.738E—5
100 1.585E—1 | 6. 495E—3 | 1. 672E—2 9,079E—5| 2. 776E—3 | 2. 214E—3 1. 745E—6
200 1.363E—1 | 4. 800E—3 | 5.322E—3 | 8. 177E—5 | 2. 278E—3 | 1. 074E—3 | 5. 629E—7

In order to compare the convergency rate and computing requirement of different algo-
rithms with same learning accuracy,we suppose RMSE of desired and actual output be e-
qual to 107%,107*,107* and 107° respectively,the required iteration number for EKF-UD,
EKF and BP are listed in Table 2

Table 2 Comparison of the iteration number of three algorithms

EKF EKF—UD
RMSE BP
CASE1 | CASE2 | CASE3 | CASE1 | CASE 2 | CASE 3
1072 — 48 33 6 11 10 4
107° = 280 12 == 210 5
107* 3 — == 79 = 587 16
107° = — = 1267 26
where “—” denotes that the corresponding algorithm hasn’ reached the expected RMSE

within 200000 iterations for BP and 2000 iterations for EKF ,EKF-UD respectivelly.

Example 2 Consider a nonlinear dynamic system as follows:

Y@ = (0.8 — 0.5¢ )yt — 1) — (0.3 + 0. 9™ ")yt — 2)
Fout—1) 4+ 0.2u¢ — 2) + 0. 1uG — Dult — 2) + e@). (13
where €(¢) is gaussian whire noise sequence with zero mean and variance 0.04,and the
system input «(#) is an independent sequence of uniform distribution with zero mean and

variance 1. 0. The architecture of neural network is 4—5—1. Fig. 3 illustrates the RMSE
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and output error curve via EKF-UD and EKF algorithms for different forgetting fac-

curve
tors.
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Fig. 3 Comparison of RMSE and output ertor versus training iteration of two algorithms for example 2

The results of simulated computations of nonlinear static and dynamic system mod-
elling and identification applications show that the new EKF-UD algorithm proposed here
is an effective and efficient learning algorithm for feedforward neural networks.

5 Conclusions

A new fast learning algorithm for training multilayer feedforward NN by using U-D
factorization-based fading memory extended Kalman filter is proposed in this paper. Two
kinds of time-varying forgetting factors are presented. By using U-D factorization and vari-
able time-varying forgetting factor technique,the new algorithm can greatly improve the
convergency rate,numerical stability of BP and EKF algorithms.and provide much more
accurate results in fewer iterations with fewer hidden nodes. In addition,it is less affected
by the choice of initial weights and initial covariance matrix. It is shown that the new algo-

rithm is an effective and efficient learning algorithm for feedforward neural network.
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