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ABSTRACT

This paper presents analysis of a modified Feed Forward Multilayer Perceptron (FMP) by inserting an ARMA
(Auto Regressive Moving Average) model at each neuron (processor node) with the Backp ropagation learning
algorithm. The stability analysis is presented to establish the convergence theory of the Back propagation
algorithm based on the Lyapunov function. Furthermore, the analysis extends the Back propagation learning
rule by introducing the adaptive learning factors. A range of possible learning factors is derived from the
stability analysis. Performance of such network learning with adaptive learning factors is presented and
demonstrates that the adaptive learning factor enhance the performance of training while avoiding oscillation

phenomenon.
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I. INTRODUCTION

In the last few decades, Artificial Neural
Networks (ANNs) have been successfully applied to
many real world applicationsand proven to be useful
in various tasks of modeling nonlinear systems, such
as signal  processing,  pattern  recognition,
optimization, weather forecasting, to name a few.
ANN is a set of processing elements (neurons or
perceptrons) with a specific topology of weighted
=interconnections between these elements and a
learning law for updating the weights of
interconnection between two neurons. To respond to
the increased demand of system identification and
forecasting with large set of data, many different
ANNSs structures and learning rules, supervised, or
unsupervised, have been proposed to meet various
needs as robustness and stability. The FMP networks
have been shown to obtain successful results in
system identification and control [1, 2]. The
Lyapunov function approach was used to obtain
stability analysis of Backpropagation training
algorithm of such network in [3]. The major drawback
of the FMP is that it requires large number of input
datafor training to achieve sufficient performance.
Recurrent neural networks have been shown
successful in identification of time varying systems
along with the stability analysis in [4, 5]. However,
the training process can be very sensitive to initial
conditions such as number of neurons, the number of
layers, and value of weights, and learning factors
which are often chosen by trial and error. This paper
presents a modified FMP architecture which inserts a
dynamic filtering capability, ARMA local feedback at
each neuron in the FMP structure. The
Backpropagation algorithm is used for learning —
weight adjusting. Stability analysis will be derived
using Lyapunov function. It turns out that the
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learning factor must be within a range of values in
order to guarantee the convergence of the algorithm.
In the simulation, instead of selecting a learning factor
by trial and error, authors define an adaptive learning
factor which satisfies the convergence condition and
adjust connection weight accordingly. The simulation
results are presented to demonstrate the performance.

Il. BASIC PRINCIPLE OF ARMA-LFMP
NETWORK

An identification problem can be outlined as it is
shown in Figure 1. A set of data is collected from the
PLANT: input data and corresponding output data
observed, or measured as target output of the
identification problem. The set is often called
“training set”. A neural network model with
parameters, called weights, is designed to simulate
the PLANT. When the output from the neural
network is calculated, an error between the network
output and the target output is generated. The
learning process of neural network is to modify the
network to minimize the error.
Consider a system with n inputs X ={X,......and
m output unitsY =  {¥,.... . In a typical neuron,
called perceptron, the output Y is expressed as:

1— g~ HE n
Y=F(Z)= prgeL Z=¥LW (1)

TARGET OUTPUT
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Fig.1 Outline of ANN identification problem

48|Page



Hong Li, Ali Setoodehnia Int. Journal of Engineering Research and Applications
4, Issue 6( Version 1), June 2014, pp.48-53

ISSN : 2248-9622, Vol.

WWWw.ijera.com

Fig.2Feedforward multi-layer network

where s called connection weight from input ; F
is a nonlinear sigmoid function with a constant
number 6, call it slope.

A FMP network combines number of neurons,
called nodes, feed forward to next layer of nodes,
illustrated in Figure 2. Suppose  is the number of
nodes in the Ith layer, each output from thel-1th layer
will be used as input for the next layer, that can be
expressed as:

=F(Z):Z; = S WEL XYY j=
1, 2 NE
)
, where I =1,.; L is the number of layers in the
network and  Tis the connection weight from the ith
node in I-1 layer to the jth node in I layer.

In this structure in Figure 3, an ARMA model is
inserted at each node in the Local feedback FMP
network. The outputs from ARMA model are used as
inputs to the FMP neural network node. The output at
the j-th node in the I-th layer with an ARMA model is
expressed as:

@) =F(z}l@) (3)
and
zj(p) = bl ) + 23 vh X (p - 4)

where

(p]
ZE.UdX p — d]+z blaXi~tp—d) (5)
;—1 - Npp=1,. andT is the number of

patterns of the data set. X represents the output of
nonlinear sigmoid function for the hidden layer and
output layer, and is also used as an input to ARMA
model;  represents the output of ARMA model; a
and b are connection weights of the ARMA, v is
weight of local feedback at each node and DA and DB
are number of delays for AR and MA processes
respectively.

The back-propagation algorithm has become the
standard algorithm used for training feed-forward
multilayer perceptrons. It is a generalized the Least
Mean Square algorithm that minimizes the mean
squared error between the target output and the
network output with respect to the weights. The
algorithm looks for the minimum of the error

X1

’
/
‘ !

Fig. 3 One node of ARMA-LFMP model

function in the weight space using the method of
gradient descent. The combination of weights which
minimizes the error function is considered to be a
solution of the learning problem. A proof of the
Backpropagation algorithm was presented in [6] based
on a graphical approach in which the algorithm
reduces to a graph labeling problem.

The total error E of the network over all training

set is defined as
Ne T

——ZZeufpj )

k= 1p=
where &g is the error associated with pth pattern at
the kth node of output layer,
ef(p) = (dilp) — FE(p))*(7)
where  dj is the target at kth node and
output of network at the kth node.
The network connection weights

between neurons i in layer I-1 and neuron j in Layer |

¥iis the

[ [
E'I:_]'d N EJI:_]'-I'.'-' and 'I.r'

(1=1, ..., L) are updated iteratively by the Gradient
Descent Rule
P dE
ﬂﬂ'i_j'd = —u ﬂ‘ﬂ.EJ-d I:E:I
Ably = o g
ijd = TH3 E’Ejd (%)
. dE
Al = —u——010)
f] ﬂ‘"’]ld

where [ is the learning factor. Substituting (7) into
(8), (9) and (10), the above updating equation can be
expressed as follow:

. e, 8.
doe == D D k) ff] ®
2 2%, (7)
Mol = z DR ﬂbhd ®

ZH iz “[p] (10)

The rate of change of an output from k-th node of
I-th layer with respect to connection weights a, b,and v
in Ith layer can be expressed as:
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XL (m) _
31"5‘:! - .
] [ i Ex::[?—ffl]
{ F(][X ':P]-l—Eriu_j 3"‘5‘:! k=
0 kxi
a1
Ex;[: (p)
Ea[
L‘.[ yov 1 axkip-o)
F'(Zj@)) Pl v Tadly
0 k#j
(12)
Where
ﬂxi'-‘[m e
3: ':F? d) + P2 Lﬂur ; j (13)
Ex;: [f:l“' _
EEL
31’ [fJ"I ; Axtip-o)
PO G+ S2h T
0 k=i
(14)
where
Ex'[[m oA [n B
L, =it e or— + X~ (15)
Ly
Further calculation leads to the expressions of =
E a
—x ,and a_t , rate of change of an output from k-

th node of I-thlayer with respect to connection weights
a, b, and v in layer I-n fOI’ n<l:

axtm r Ny B3P Hm)
EEEJ—_'R 'F E&}] Erj_ 3[1! +
o v_[.ﬂxk[p -z
E=1 "Kj H'EE_I_:?
(16)
Exk[m
EEL&
¥
; Ni— 131"__&[1'.1 vl Ex;[:[p—.sfl
F{zj(?]] Et 1 EE[ ™ +Es 1 Vij apl=
i
17)
axtm
E'I.-'[-_“
Jd
, axlip . Axlip-2
1=l Nij—q Z%ck B o ™ il
F{ZJ'{?]][Er 1 &y [ - +E =1 Vgj avim ]
i
(18)
where
-I
Xy p)
e
l_‘l e | R [—ifem o)
yoa_ ol x5 (p-= ¥05 3 ax Hp-2
r=1 Deicf 3alT + Lzmo B 2aT
(19)
-F:[ﬂ\'
EEE m
Ljd
=[ [=-
DA I Ax(p-a 08 31 axl~tip-2
g=1 Ltkj EE’EI—:.EE e=0"thks EEEJ_—;
(20)

axgip)
[-m —
g
=[ [—1
D [__Exric[p_'ﬂ_l_EDB Bl dx; p-a
2=1 “tkj 31.-'5-;“ ==0"tks 31"'5';"

(21)

II. STABILITY ANAYLSIS
Stability for nonlinear systems refers to the
stability of a particular solution. There may be one
solution which is stable and another which is not
stable. There are no inclusive general concepts of
stability for nonlinear systems. The behavior of a
system may depend drastically on the inputs and the
disturbances. However, Lyapunov developed a theory
to examine the stability of nonlinear systems.
The definition of Lyapunov function and
Lyapunov theorem are quoted below [7]:

Definition 1 (Lyapunov function): A scalar function
V(X) is a Lyapunov function for the system
x(t +1) = f( =), (22)
if the following conditions hold:
1. Wv{0) = 0and V(x)is continuous in x
2. Vix) is positive definite, that
is,V(x} = Owith¥ (x) = Oonly ifx = 0
3. avE) =vif(x®) —vx(t)) is negative
definite, that
is, V(F(x(£)) — v(x(£)) = 0withAV(z) = Oonl

yifx =0;

Theorem 1(Lyapunov Theorem): The solution

for the system given by (11) is
asymptotically stable if there exists a Lyapunov
function in x.

The stability of the learning process in an
identification approach leads to a better modeling and
a guaranteed reached performance. According to
Lyapunov theorem, the determination of stability
depends on the selection and verification of a positive
definite function. For the systems defined in (3) — (5),
assume that the Backpropagation learning rule is
applied and the error function and weights updating

rule are defined in (6) — (10), then define
N T
vie) = E E et (p) (23)
J.nirL
j=1p=

The proof is given in the following theorem that
V(t) satisfies the Lyapunov condition.

Theorem 2:Assume that the nonlinear function F() is
continuous and differentiable, the ARMA-LFMP is
defined in (3)-(5), rewrite the learning rule (8) - (10)
in weights vector form aS'

WWWw.ijera.com 50|Page



Hong Li, Ali Setoodehnia Int. Journal of Engineering Research and Applications
4, Issue 6( Version 1), June 2014, pp.48-53

ISSN : 2248-9622, Vol.

WWWw.ijera.com

aB'= LT T e el(p) 2 (25)

) 2
At o= —N_ﬁET’L ﬂ=le;[(p]—a (26)
where , A'.andare weight vectors in Ith layer,

then the system is stable under the condition:
T"JL

[T L II‘“"”H]
a.a.f E‘B[ avt

Proof: Assume that the Lyapunov function is defined
in (23), calculation of A Fleads to:
AV(E) = V(t + 1} —V(t)

N T ZZ Em(t"'ﬂ - Epj(t}]

=
N
ﬁ'Ei::i =

Flp=
NL T
i
. TZZ (em(t}+ﬁew(t}} — E.'M(t}]
1ip=1
d J"-er T
= TZZ 2e,;(D)Aey; (1) + (Aey; (1)) ]
=1p=
(28)
Apply the first order Taylor expansion of
with respect to weight vectors )
Aeyt) = TL, [ a4 + 2848 +—J"“r '
(29)
Substitute (24), (25), and (26) into (29),
_zp fa - e fa
Aey;(t) = E- 1[&? i 1953—'[ + En-'r'
d‘e, d‘s &e,
Es 195'_, r r_r Es 195', :
(30)
Then, substitute the (30) into (28), .
—2}1 _-‘l.' T L -
AV(®) = 25 Ty T[4
L= &sm d‘s,r Bagy
Ty ga-' Pry X165 Pr +E:ﬂ
T By] | 47 gl T L (Zw,
Y=t 65 gr-']-l_(‘u T}ZE'L ”&1[ ';1 54"
- e, fa ER &
EE‘:I 9.5'_, : :L‘.f Es-l Eyj &Br &:ir :
T -5'65
Ei':l Ef f)]
(31)
Apply the algebraic rule
la+b+ec)*=3@ +b*+ into the second

term of (31)
ﬁV(t} = _EPE- 1}—1 [(Ep lng agm) +

54"
(Ei"_l g”J 55 ) (EF' L €5f &'Sl‘.f) ]

12# d‘sm d‘e,r
(W T}EE 12z 12" [( T Yty 54" ) +
d‘em E &Gsr d‘em &Gsr ]
a8 e=18g T a8 al s 195'_, ard

(32)

For simplicity, let
N, de
a= 3%, [(z .- ) 4
dapi de,
(E.ngpj g_;EIJ + (E.Ll Fpj ?pfl) ]
(33)
Then apply it into (32) and consider that

de de
Pl eT =Y
( Es: 1 93_1 J - ’

aat aat )
BEni deci
Pl oT AN
(BB[ Es:igsj HB[J ;,and
F R
Pl owT AR
(Ev[ JXARY Ev[) +, then
AV(t) = , ,
— iz 12" i aem day
— —— o — | &
T + (.-'L'I_T}EE i 1 2=t al F
&Gm' 2
il @
(34)

To ensure that the function V satisfies the Lyapunov
condition,

Let the right-hand side of (34) be less than zero, and
consider that

deni ay He: av
i /) | | Bl vl — |2
”.3,4[ ” ||.3, ' || a5l || || 2 and
1520 =15
avl ar
then we obtain the condition
N T
b= — (35)

)
oot st g 2] <[5 <[
Therefore, the ARMA-LFMP system defined in (3)-
(5) is stable when the learning factor in
Backpropagation learning rule described in (8) —(10)
satisfies the condition (35).
For purpose of simplifying the simulation, instead of

calculating all f, f,and ffor1=1,...L;j:1,

, the following corollary will identify an upper
bound of , .
i ¥y ar
£ T T[] e B2 B2 L then
replace the denominator of the (35) by the upper
bound that provides a more restrictive but an easier
calculated condition.
Consider the infinite norm notation for any vector
X = {IL,IE, ... that Il-k: MAX) fent, for
simplicity, we use notation | in this paper
representing L%
First, for the output layer L, apply infinite norm in
(11) and the notation f| =&, , calculation

leads to
ay El[l I [I ay ]
avill =211 T illaz
and then
ar ]
5l < o= (36)
From (5)

51l qz alye |13 +Z bl
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X
"X[jl" = 213:11; (37)
let |4 =224, |B;| =123, and
g = [i—lj' then from (13)
ax’k
Ry
E-I:Ui 'E + IH
Ex |F|:_
aat Il = 1o ol = e (38)
Apply(38) into (12)
BXL BXL ]
au‘udl {1 - I"qu I} Iﬂ‘ L_jd
-EKL 8g
39
aa{rj-,_, [2 Bl i1~ (39)
From (15),
”ﬂX“’* |r’l axf*- ;
= +
Eﬂ:ud aaud
axk
1] 1
— 40
auhall = /(1= la (40)
Apply(40) into (14)
” EXL [ 1 | | ﬂ.l:"'* ]
= + v
ud 2 [1 - I-':! I} / ﬂbud

8
41
"au';,i" @—8lv, N (] (41)
Without loss of generality, for change of rate of layer |
with respect to I-n,we derive for n = 1 first. From (19)

axgy axfy ag
2l slalial e @
axg 88
= 43
aatill = e, i “3)
Apply (43) |nto (16),
Z ap ox/ |
sl <3| 2 oo e
31’& BNy
a3l = Tazele, (1l (44)

Similarly, apply norm in (20), and then apply into
17),

HJ(E Elﬁu [wp_y
HELJ:E = [E_Elvjljli |-"‘- D( |AE (45)
Apply norm in (21), and then apply into (18),
axt - 82 |5jvi-y (46)
avig I = (2-evj[)z-alv} ) {1-[ah{)2-|]
Inductively, for any layer L-k< L, let
A= T2 - eby) (1 - |ag,
“ | E"“ a5 47
avigE 4 (“7)
avt || _ Bektsl
R - (48)
E‘C'ilﬁiJ-IEj
||Hu’*,_, | 4 (49)

Apply (47), (48) and (49) into condition (35), we
obtain a more restrictive condition as follows:
Ne
o=

L nle Fekt|m;

Corollary 1. The ARMA LFMP system converges if
the following conditions are satisfied:

(50)

2 -6yl =0, (51)
(1 -]ay]) = 0. (52)
and p = =2
E ]\L I.z .EAJE | |

IV. SIMULATION
In this section, an example of chaotic system
known as Henon system is considered to demonstrate
the effectiveness of developed methods in this paper.
The Hénon map is a discrete-time dynamical system
described as:

¥k+1)=1-aX*k +¥(k)
¥k +1) = bX(k)

It is one of the most studied examples of
dynamical systems that exhibit chaotic behavior. The
Hénon map takes a point (x(k), y(k)) in the plane and
maps it to a new point.The map depends on two
parameters, a and b, which for the classical Hénon
map have values ofa=14 andb=0.3. For the
classical values the Hénon map is chaotic.

In this simulation, consider the system

X(he+1) =1-14X(k) + ¥(k)

¥k +1) = 0.3X(k)

and a three-layer neural network structure was
selected for two inputs and two output with number
of nodes as 5, 5 and 2 in layer 1, 2 and 3
respectively. 100 patterns of data were generated and
used for learning. After number of trial and error
attempts, with slope set as 0.6 and learning factor set
as constant .01, and random generated initial weights,
the system reached to absolute error 0.0899999 after
2177311 iterations.

With adaptive learning factor, it took 373317
number of iteration to reach the same threshold of
0.089999. It is also observed that the error decreases
steadily while the adaptive learning factor is applied
and the oscillation of error was observed while a
predefined constant learning factor is applied.

The Figure 4 demonstrated 100 patterns of data
generated from Henon system comparing with
simulated data from the neural network described
above.

The adaptive learning factor guarantees that the
errors will steadily decrease. The drawback is that it
increased calculation since an updated learning factor
needs to be calculated at every weights update based
on Backpropagation algorithm. Applying the constant
learning factor avoids the calculation, but a proper
constant learning factor has to be identified through

WWWw.ijera.com 52|Page



Hong Li, Ali Setoodehnia Int. Journal of Engineering Research and Applications

WWWw.ijera.com

ISSN : 2248-9622, Vol. 4, Issue 6( Version 1), June 2014, pp.48-53

trial and error. In the Figure 5, the plot demonstrated
comparison of

Figure 4. ANN Simulation of Henon System

errors from learning process with constant learning
factor and the adaptive learning factor. The constant
learning factor was selected with value of 0.1. To

compare the effectiveness of adaptive

learning

method, the 0.1 was used as initial learning factor in
the adaptive method. Points for the plot were taken
from the errors of every 1000th of iteration.
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Figure 5. Comparison of errors from learning with

adaptive and constant learning factor
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