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Abstract: Universal Learning Network(ULN) and its application to control systems are dis-
cussed. In ULN, any kinds of nonlinearly operated nodes with a continuously differentiable func-
tion are connected to each other by multi-branches that may have arbitrary time delays including
zero or minus ones. A generalized learning algorithm is proposed, which can be applied to any
kinds of networks including static or dynamic networks, feedforward or recurrent networks, time
delay neural networks and networks with multi-branches. One of the most important features
of ULN is the use of the higher order derivatives. As for the application of ULN, control prob-
lems such as robust control and chaotic control are studied using second order derivatives and it
is shown that the second order derivatives are effective tools to realize the sophisticated robust
control and chaotic control in the nonlinear systems.

Keywords: Large-scale complicated system, Nonlinear system, Learning network, Neural net-
work, Fuzzy system, Learning, Optimization, Static system, Dynamic system, Control system,

Higher order derivatives, Robust control, Chaos control, Stability

1. Introduction

Universal Learning Network(ULN)%%) is a frame-
work that can model naturally and control large-
scale nonlinear complicated systems such as physi-
cal, social and economical phenomena. The words
“Natural Modeling” here means that any nonlinear
large-scale complicated systems can be easily mod-
eled by the network, where nonlinearly operated
nodes with any continuously differentiable function
are connected arbitrarily to each other by multi-
branches that may have arbitrary time delays in-
cluding zero or minus ones. Especially, minus time
delays between the nodes can model the prediction
mechanism in it. On the other hand, from the con-
trol point of view, when ULN is applied to the con-
trol systems, it becomes possible for a controlled
plant and its controller to be represented in a uni-
fied framework.

The learning of ULN is defined as the determina-
tion of optimal parameters that minimize the crite-
rion function of the systems, and learning of both
static and dynamic systems can be executed in a
unified framework.

One of the most important features of ULN learn-
ing is that not only the first order derivatives (gra-
dient) but also the higher order derivatives can be
calculated systematically by forward and backward
propagation. As will be mentioned later, by us-
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ing the higher order derivatives, optimal parame-
ters in terms of stability and quick response of the
nonlinear system can be obtained, therefore, robust
control®”) and chaotic control'® can be easily real-
ized.

The difference between ULN and usual neural
networks, and also the difference between ULN con-
trol and neural network control will be summarized
below.

[1] What are the differences of ULN from com-

monly used supervised neural networks?

Various learning algorithms are presented in
the recently published books on neural networks.
Learning algorithms such as Back Propagation
method for layered neural networks, BPTT and
RTRL methods for recurrent neural networks and
learning algorithm for Jordan and Elman type net-
works can be treated by a unified way in ULN®®).
The fundamental concept of learning algorithm of
ULN is that (1) static systems are special examples
of dynamic systems and that (2) optimal parame-
ters which minimize the generalized criterion func-
tion defined as the function of node outputs of the
system can be obtained by propagating the changes
of the parameters through the network forward in
time or propagating the derivatives of the criterion
function through the network backward in time. Ar-
bitrary time delays on the multi-branches between
the nodes are allowed in ULN in the same way as
the time delay neural networks!??.

Generally, networks having more than two sam-
pling time delays can be converted to the networks
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with one sampling time delays by increasing the
number of nodes, but networks having zero or mi-
nus time delays can not be converted to the above
simplified network. Therefore, a new learning algo-
rithm for the network that may have arbitrary time
delays including zero or minus ones is proposed in
ULN.

The most important feature of the learning of
ULN is the use of the higher order derivatives of
the criterion function with respect to parameters.
As for the higher order derivatives, Buntine sum-
marized the methods for calculating the second or-
der derivatives in layered neural networks 3) , but in
ULN a generalized calculation method of n-th order
derivatives of the network including recurrent type
by forward and backward propagation is proposed.

[2] What are the differences of ULN control

from conventional nonlinear control and neural
network control?

In ULN both the controlled systems and their
controllers are represented in a unified framework.
Therefore, if the controlled system is known, an op-
timal controller by ULN can be obtained by off-line
gradient learning in the same way as the optimal
nonlinear control by calculus of variations.

ULN controller differs from the conventional non-
linear controller in the following points: the optimal
control input is obtained as the function of time in
the conventional controller, but, in the ULN con-
troller, the best parameters of the controller are ob-
tained by learning for the given structure of con-
troller, while optimization is carried out by the gra-
dient method in both cases.

The ULN controller is inferior to the conventional
nonlinear controller from the standpoint of restrict-
ing the structure of the network, but, it is supe-
rior from the standpoint of obtaining the control
variable as the function of the state vectors of the
controlled system, therefore, the ULN controller is
capable of constructing robust systems against the
disturbances.

And when the controlled system is not known in
advance, first the system should be identified by
ULN, then the controller of the system is designed
in the same way as the above method by using the
identified model'V).

The fundamentally different point of the ULN
controller from the neural network controller is to
utilize the higher order derivatives of the criterion
function with respect to parameters.

Let us consider the system to which an extended
criterion function is assigned in addition to a usual

criterion function. Extended criterion function des-
ignates the change of the usual criterion function
caused by the changes of the states of the network.

Although the above system needs the calcula-
tion of the higher order derivatives, the system con-
structed by the above method becomes a robust sys-
tem against the environmental disturbances.

When, as a special example of the extended crite-
rion function, the Lyapunov exponent of the nonlin-
ear dynamic systems is used, the chaotic behavior
of the system can be easily realized'?).

And, the derivative of the output of a certain node
with respect to another node output corresponds to
the impulse response of the linear system, therefore,
by considering this derivative, a new nonlinear con-
trol theory that takes account of stability and quick
response of the system can be realized. This theory
corresponds to the pole assignment problems of the
linear control system.

Sometimes, it is said that neural networks have
some problems because stability can not be secured
theoretically for neural networks. Except Lyapunov
method, the global asymptotic stability analysis of
the nonlinear dynamic systems is fundamentally dif-
ficult to be developed. So under these circumstances
the stability analysis of linearized systems using Ja-
cobian, that is, analysis of the system deviation
caused by a small change of the node output can
only be utilized in practical applications.

It is presented in this paper that it becomes possi-
ble by using the higher order derivatives to analyze
the global stability. In other words, stability analy-
sis of the system deviation caused by a fairly large
change of the node output will be presented®.

2. Structure of Universal Learning
Network

As shown in Fig.1, in ULN, any kinds of differen-
tiable nonlinearly operated nodes are connected to
each other by multi-branches that may have arbi-
trary time delays including zero or minus ones. Mi-
nus time delays between the nodes can model the
systems that have prediction mechanisms in it.

Dei(BED)
Drilg
N 5,073 N /:D;‘Tn\
i Dy 1§ j -1_3_ ) $
1B \DiBGH)

Fig.1 Architecture of Universal Learning Network
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The basic equation of ULN is as follows.

hs(6) = O;({ha(t — Dis(w)) | € JF(j),p € By ),

{rn(®) [n € NG} {Am(t) | m € M(5)}) (1)
jeJteT
where,
h(Tj,t) : output value of node j at timet
rn(t) : value of n-th external input variable
at timet
Am(t) : value of m-th parameter at time ¢

O; : nonlinear function of node j

: time delay of p-th branch from node i
to node j

J : set of numbers of nodes

JF(j) : set of numbers of nodes
which are connected to node j
JB(j) : set of numbers of nodes

which are connected from node j
M : set of numbers of parameters

M(j) : set of numbers of parameters
where output of node j can be
partially differentiable with respect to
these parameters
B(3,5) : set of numbers of branches

from node i to node j
T : set of sampling times

Especially, when the nonlinear function O; is a sig-
moid function f(o;(t)), Eq.(1) can be rewritten as
Eq.(2) and (3).

1
hi(t) = fi(a;(t)) = TTeda® (2)
Y. 2 wihilt = Di(p) +6;
i€ JF(j) pE B(4,5)
(3)
where
w;;(p) : weight parameter of p-th branch

from node i to node j
0; : thereshould parameter of node j
¢; : slope parameter of node j
The criterion function defined as the function of any
node outputs, any parameters and any time is ex-
pressed by Eq.(4)

E = ({h(s)}, {Am(s)}) (4)

re Jo,mé€ My, s €Ty

where

Jo : set of numbers of nodes related to
evaluation

My : set of numbers of parameters
related to evaluation

Tp : set of sampling times related to
evaluation

3. Learning Algorithm using First Or-
der Derivatives by Backward Prop-
agation in ULN

Learning algorithms of parameter A, (to) which

minimizes the criterion function E defined on the
ULN are as follows®).
e In case of time varying parameters

o'E
tg) «— to) — Y7o 5
A777.( O) /\'m.( ()) 78/\m(t0) ( )
o' E Bhalto) OE
= > | 5(d, to)]
A (to) de DO OAm(to) O (to)
(6)
e In case of time invariant parameters
O'E
o'E Bhd , oF
A=l T g gt
€T d€JD(Am )
. ah t+ D
sG= 3> Y | k( ;k( p))
keJB(j) p€B(j:k)
%6(k,t + Dji( ))]+31i (9)
P EIRPIIT B 1)
jedteT
o In case of static systems
oE
T)‘m — )\m 78Am (10)
O'E Ohg OF
— = ——6 d — 11
deJD (A,
. 3 OF
sG.t) = Y [Oh 6(k)] + oh, (12)
k€JB(j)
jedJ
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where

~: learning coefficient {y > 0)

to : specified sampling time

set of numbers of nodes whose outputs
can be partially differentiable with
respect to A,

h; : output value of node j

And, ;jf) is the ordered derivatives proposed by

Werbos? , which means the change of the criterion
function F caused by the change of A\n(to) with
other variables being fixed. The summation over
d € JD(\,) in Eq.(6),(8) and (11) means that
there are a number of nodes whose outputs can
be partially differentiable with respect to a certain
Am -

From those mentioned above, it is shown that
Universal Learning Network has the following fea-
tures: (1) learning of static/dynamic systems and
time varying/time invariant parameter systems can
be carried out in a unified way, (2) a generalized
criterion functions can be defined as the function of
node outputs and (3) learning is feasible even when
When time
delays take negative values, iterative calculation of

the time delays take negative values.

§ in Eq.(9) should be continued until é converges,
given the initial values of ¢ .
Eq.(5)~

rameters which minimize the criterion function by

(12)are the learning algorithms of the pa-

propagating the criterion function backward in time
(dynamic systems) or backward in space (static sys-
tems), and they correspond to the Back Propaga-
tion learning algorithm of recurrent neural networks
and layered neural networks on condition that (1)
the nonlinear function of the node is a sigmoid func-
tion, (2) only one sampling time delay is assumed
and (3) the criterion function takes the form of
squared errors.

4. N-th Order Derivative Calculation
by Forward Propagation

In section 3 a backward calculation method of
first order derivatives of the criterion function with
respect to the parameters was summarized, and a
learning algorithm of the parameters which mini-
mize the criterion function was presented. In this
and next sections, new forward and backward prop-
agation calculation methods of n-th order deriva-
tives of the criterion function with respect to the
parameters are introduced.

As will be stated later, the n-th order derivative

is a key factor that realizes robust control, chaotic
control, nonlinear control considering stability and
quick response, and global stability analysis of the
nonlinear dynamic systems.

Details of the n-th order derivative calculation
method are written in reference 5), so, in this sec-
tion, the concept on how to calculate the higher
order derivatives will be explained by presenting
the calculation method of the first and second order
derivatives as examples.

The n-th order calculation method by forward
propagation is based on the idea that by propa-
gating the changes of parameters to the outputs of
the nodes that appear in the criterion function, the
derivatives of the criterion function with respect to
the parameters can be calculated. The derivatives
obtained by propagating the n-th order changes of
parameters are called n-th order derivatives.

4.1 First Order Derivatives
The first order derivatives can be calculated as
follows.
OE th.(s) oE
13
i~ 2 o) * o 9

where g a certain specified time

A1 (to)

value of parameter at time ¢y
Jo : set of numbers of nodes related
to evaluation
Ty, : set of sampling times related to

evaluation

Eq.(13) shows that the change of the criterion
function caused by the change of parameters can be
reduced to the change of the outputs of the nodes re-

lated to evaluation. Therefore 5%?0—) can be calcu-

lated from %];’IL&(;)) . Generally, g];}:ft(:)) can be cal-
culated by the following forward propagation itera-
tive equation, by putting %/\h’(“t(s) Py (k,t,M\(t0)) -
Pi(k,t, Ai(to))
- T Y i
Oh;(t — Djx(p))

jeJF(k) pEB(,k)

< B3, = D) ()] + S50 (19
keJ, teT

Therefore can be obtained using Eq.(14)

o'E
* OA1(to)
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with the initial value being %.

In cases of time invariant variables and static sys-
tems, Eq.(13) and (14) can be reduced to the fol-
lowing simple forms.

e In case of time invariant parameters

olE OE 8'h.(s)] oFE
Enad Z[ah on ]*571 (15)

red, s€T,

Py(k,t, \r)

=2 >

JEJF (k) peB(j,k)

[ Ohg(t)
- Djk(p))

. Ohy (t
% Pt = Do) )| + 2D (g
O\
ked, teT
e In case of static systems
otE oF 8th,1 OE
DY ; [% A } ton (a7

oh . oh
Pk, A1) = Z [8—}:131(]7)\1)} + éTk (18)
jeJF(k) -7 L

keld

Comparing Eq.(5) ~ Eq.(12) and Eq.(13) ~
Eq.(18), it is known that forward and backward
learning of the static/dynamic systems and time
varying/time invariant parameter systems can be
carried out in a unified way.

As parameter A;(fp) needs to be specified for
Py(k,t, M (o)),
of Pi(k,t,A\i(tg)) becomes complicated compared
with the calculation of 6(4,¢) which will be stated
later. Therefore the forward propagation learning

the calculation of computation

algorithm is rarely used for the calculation of first
order derivatives.
The different point of time varying learning from

time invariant learning is that gflk((t?) in Eq.(14)
takes a non zero value at time t =ty only, although
g ;le(gi)) in Eq.(16) can take a non zero value at any
time te T .

And in the forward propagation learning algo-

rithm, as the change of the criterion function caused
by the change of A,,(tg) can be calculated as
the function of A;(fp), the summation over d €
JD(Xn,) is not necessary.

4.2 Second Order Derivatives
As stated in the preceding section, let t; be a
certain specified time, and A;(fo) and A2(to) be

3T2E

o\ (tn)a)\g (to)

parameters.

The second order derivative can be

calculated as follows.
of2p Yy [3 (5metsy) 0T ho(s)
OA1(to)0A2(to) oy vt OAz(to) OA1(to)
. 0B at2h,(s) }
8hr(8) 8)\1(t0)8/\2(t0)
t(_8E
MM axtey)

1(to)
— 19
AMa(to) (19)

: of2
Putting P> (k, ¢, A1(to), A2(t0)) = #%7 he

following P, interative equation by forward prop-
agation can be obtained from Eq.(1) and (14).

Pg(k,t,)\l(to),/\zgo)) -
P

JETF (k) peB(j,k)

xP1(j,t — Djk(p), /\1(750))]

Yy s

JEJF (k) pEB(j,k) Dik(p))

xPy(j,t — Dji(p), M (to), )\2(1‘0))]
N (Fuh)
0As(to)
ked,

(20)
teT

Therefore, Tl(?;g;b;m can be calculated by us-
ing iterative equations (14) and (20) for P, and

Oh (¢ ol (o tany)
P, with the inputs being 5,\?9((&,)) and 8;:(’;;3’)

respectively.
The first order derivatives in Eq.(19) and (20),

ol (5255)
dhr(a)
for example (i)

can be calculated by replac-
ing dh ( ) with F and again using the first order
derivative calculation.

In case of time invariant parameters systems,
quantity of computation of the n-th order deriva-
tives by forward propagation is proportional to
|J|2T|M|", compared to |J|**T™
propagation, where |J|: the number of nodes, T
: the number of sampling times, M: the number of

by backward

parameters.

When the higher order derivatives are used in
control systems, usually a large number of sampling
times should be considered, and therefore the for-
ward propagation learning algorithm is preferred in
terms of quantity of computation.
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As stated in the preceding section, Eq.(19) and
(20) can be transformed to the following simplified
expressions in case of time invariant parameters and
in case of static systems.

e In case of time invariant parameters

8T2E _ZZ 8h s) aTh()
6)\13)\2 LT Oz o\
_OE 01h.(s
Tahr(s) OA10A2
(%)
1 21
o (21)
Bhk(t)

3h (t D;k(p))

Pkt A )= > Y
JETF (k) pe B(irk)
X Py (4, t — Djr(p), A1)
0@)
PIRPY [ D;(p))

jeJF(k) pEB(j,k)
sz(j,t - jk(p)7 )‘17 /\2)]
81’(3hk(t))

+ — 9% 7 (22)

2
keld teT

e In case of static systems

oPE _ 3 ot (5iL) oth, , 0B ofh,
INONy = Oy  OX;  Oh, 0N 0
8"' oF
(o)) (23)
P2y
N (Gie)
Py(k, A1, A2) = E [ 8)\2] XPl(J,)u)]
jeJF (k)
Ohy,
+ Y [—fTJ PZ(J,)U,/\Z)]
keJF (k)
N (Gre)
1 24
* o (24)
kelJ
J[ Bhy (t)
Inputs ah"(t) and o Bi” ) take non zero values
not only at t =to but also any time t € T.
oy al~E
And the n-th order derivative BT (1) — ONalie)
can be obtained by calculating Py, P, -+, Py it-

eratively, where

Ps(k,t, A1 (to), Mz(to), As(to))
at3h(t)

= 9 (to)dNa(to)dNs (to) (25)
Pn(ka 7;7 Al(to)v ,An(to))

_ ot hi(t) (26)

T A(to) - OAnlto)

Details of the calculation method of n-th order
derivatives can be found in reference 5).

As a matter of course, A(to) = Aj(to) @ # j is
permitted in the n-th order derivative calculation.

5. N-th Order Derivative Calculation
by Backward Propagation

In section 3, a backward calculation method of
first order derivatives of the criterion function with
respect to the parameters was stated. Details of the
n-th order derivative calculation method by back-
ward propagation can be found in reference 4), so in
this section, the idea on how to calculate the higher
order derivatives by backward propagation will be
explained by presenting the calculation methods of
first and second order derivatives as examples.

The fundamental concept of backward prop-
agation is to propagate backward in time
Yores 2osety | ] in Eq.(19) to the time and
the nodes whose outputs are partially differentiable
with respect to A;(%o). In this process, an iterative
equation of é is obtained.

Let to be a certain specified time, and A1 (o) and
A2(to) be parameters.

Let us transfer ). ., > cr [ ] in Eq.(19)
to the time and the nodes whose outputs are par-
tially differentiable considering the network connec-

tions.
The term related to node r (r € JB(k)) and time
to + Djk(p) + Dk'r‘(p,) in Z’I‘EJO ESGTO [ ] is

transfered to node k , and this term is added to
the term related to node k and time to+ Djk(p)

in ZTEJQ ZSETO [ ] ’

considered to be represented by Eq.(27).

then the summation is

f |
bk, to + De(p)) 2L Itf;’“(””

812y (to + Dji(p))
O (to)0A2(t0)

+612(k, to + Djr(p))

(27)
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In the same way, the term related to node k(k €
JB(37)) and time o+ D,k(p) which is represented
by Eq.(27) is transformed to node j, and this term
is added to the term related to node j and time
to in Do cq dsem | ] , then the summation
is considered to be represented by Eq.(28).

Oh;(to)
A1 (to)

12h;(to)

81(j, to) "N (t0) N2 (to)

+ 612(4, to) (28)

Comparing Eq.(27) and Eq.(28), the following it-
erative equations of & can be obtained.

Z Z 6hk t+DJk( )

keJB(j) p€B(j,k) t)
x81(k,t + Djx(p))]

8T(dhk(t+D1k(P)) )
2 2|

Bh; (t)
keJ B(j) pEB(j,k) 4a(to)
)(612(’6 t+D]k( ))]

ot (.2E
(th(t)) (29)
dAa(to) ’
8hk t+ D]k( ))
812(J, 1) Z Z #
keJB(j) pEB(j,k) O
x612(k,t + Dj(p))] +

— 0
Oh;(t) (30)
jed, teT,

Details of the reduction of Eq.(29) and (30) can
be found in reference 4).

In Eq.(28),
differentiable with respect to
2oredo 2us€Ty |
(30).

More generally, the second order derivative

output of node j is partially
A1(to), therefore

| can be obtained by Eq.(28)—

Wm)igm can be calculated as follows.

of2E

e Ohq(to)
o) e (e )

(9T2hd t())
by [0 ha)
d€JD(A\y) X1 (to)9z(to)
><(512(d to)]
I (gt
Dhalto)

+ (31)

where
JD(A1) : set of numbers of nodes whose outputs
are partially differentiable with respect
to A;

. 3T _OE _
6}?;5(;&) , 8()\82}2;;;)) in Eq.(30) and
Eq.(29) take non zero values at any time s € Ty

The inputs

because generally the criterion function E is the
function of h.(s) reJy s€Ty.
The first order derivatives in Eq.(29) and (31),

6]‘ Ak (t+D 1 (P))

—(L)——ah 0 )
oh D akggto)
replacing %ff—ﬂ with FE and again using first

7
order (%erivative calculation.
el

ﬁ% in Eq.(31) can be obtained by first

calculating ggij(:_g%

first order derivative of the above result with respect
to As(tg) .

As stated in the preceding section, Eq.(29) —
(31) can be transformed to the following simplified

for example can be calculated by

, then secondly calculating the

expressions in case of time invariant parameters and
in case of static systems.
e In case of time invariant parameters

ot2p dha(t')
= Z [ 61(d,t")]
N -
aT halt )
2 2 [anan (1))
t'€T deJD(A1)
al(E)
e (32)

(51(], Z Z dhk t + Djk( ))

kcJB(j) pEB(4,k) )
x61(k,t + Djr(p ))}
T(ahk(t+l()1)k(11)))
Bh,(t
2 2 Do
keJB(j) peB(5,k)
x612(k,t + Djk(p))]
O ()
Oh;(t)
_— 33
+ W (33)

_y Z ahkt+ng( )

keJB(3) peB(j5,k) )

<613k, + Dys(p)] + % (34)

612 ]a

jed, teT,

o In case of static systems
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ol2E Ohy

= 6

ON10X, > [axll(d”
deJD(A\p)

of2h,
+ Z [mélz(d)]
deJD(A)
————BT(%) (35)
OAg

T(Gnx)
+ Z [ )\23 612(k):|
keTJJQgé)
M (52)
T (36)
oh oF
b2() = Y [ 02(k)] + -
ke JB(j) J J
(37)
Jj€J,

alrE
2(to) - On(to)
can be obtained by caluculating iterarive equations

for 81, 612 -+ b1n, b123 -+~ 01 n—1ns =" 012 cm.
Details of the calculation method of n-th order

And the n-th order derivative EIC 2N

derivatives can be found in reference 4).

6. Application Systems of Universal
Learning Network

In this section, examples of application systems
which utilize effectively the higher order derivatives
in ULN will be explained.

In subsection 6.1, the problem on how to con-
struct an optimal controller of a nonlinear control
system by ULN learning will be presented. And a
new robust control system will be proposed, which
realizes excellent robust performances even if the
environments of the system at control stage are
changed from those at learning stage.

In subsection 6.2, a new chaotic control system
that can control generation and die-out of chaotic
phenomena will be introduced, where Lyapunov ex-
ponent is adopted as the criterion function on the
commonly used recurrent neural networks.

Both systems have the common features that ex-
tended terms using first order derivatives are in-
cluded in the criterion functions, therefore, second
order derivatives are needed in order to adjust the
parameters.

The forward propagation learning algorithm is
used in the robust control because of the complexity
of the nonlinear control system, on the other hand,
in the chaotic control, back propagation learning al-
gorithm was tried to use.

In subsection 6.3, stability of nonlinear dynamics
will be analyzed using higher order derivatives.

In nonlinear systems, global asymptotic stability
is essentially difficult to be analyzed except by the
method using Lyapunov functions. Therefore, sta-
bility analysis of linearized systems using Jacobian,
that is, stability analysis of the system deviation
caused by a small change of the node output is com-
monly used.

In subsection 6.3, it will be proposed that the use
of the higher order derivatives makes it possible to
analyze the global stability of the nonlinear dynamic
systems.

Subsection 6.4 is related to a new nonlinear con-
trol theory which can take account of both stability
and quick response.

When the output of a certain node r changes
at time tg its effect on another node output hj at
time ¢ can be approximately represented in terms

of the change and the derivative ghhft(:)) in their

covolution-like formula. Thus the derivative plays
a similar role with the impulse response of a lin-
ear system. Since specifying the temporal behavior
of the impulse response is equivalent to assigning
the closed loop poles, by considering the derivative
as the extended criterion function, a new nonlinear
controller design method can be realized, which cor-
responds to the multi-objective linear control sys-
tem design evaluating both the pole assignment and
the usual criterion function.

6.1 Robust Control using Second Or-
der Derivative of Universal Learn-
ing Network

< Robust Criterion Function >
E is a usual criterion function, Es is a new
term which takes charge of suppressing deviations
of node outputs of the system caused by the change
of a certain system parameter at time ;.
Then, a new criterion function L 1is defined as
follows.

L=E+E, (38)

=Y Y (XS LG )Aaqm)) (39)

s€Ts reJs qEQ
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where J, : set of numbers of nodes related to

suppression

@ : set of numbers of system
parameters

Ts : set of sampling times related to
suppression

aq(t) : value of g-th system parameters

at time ¢

t; : time when system parameters

are changed
Cs : weight coeflicient related to
suppression

%zh t(ls)) A ag(t1) means the deviation of output

of node r in the case of system parameter change
Aag(t1) at time t;. Eq.(39) is the sum of those
squared.

< Learning Algorithm >
Parameter )\, (time invariant) in the controller

of the nonlinear control system can be adjusted by

using the ordered derivative S/\—Tﬁ as follows.
afL
Am Am — Y — 40
— m IV ( )

ofL  o'E N o' E,
Nm  Om Oy

where

)

gjf\_E can be obtained by the ordinary first order

derivative calculation, and %TTEi can be obtained
by using the second order derivative, because the
following equation is satisfied.

TE oy Y [(X Ok

s€T, TEJ qEQ

(Z aaq t1 8)\ Aaq(tl)” (41)

Aaq(tl))

< Nonlinear Crane Control System >

The controlled system is a nonlinear crane sys-
tem shown in Fig.2. A position of the crane stand,
an angle between the rope and vertical line and a
position of the load are represented by =z, 6, ¢
respectively. Then the nonlinear crane system is
described "as follows:

Pa__mg, D+Gir G

a2~ M M dt T
@M_M—Fm 0_D+Gd$+ G (42)
az - " a9 M dt T IMY

20 C+Gndl G,
..__._:_7__’__._ 2

dt? m dt

)

where, u; and uy are input voltage to a motor for
moving the crane stand and to a motor for rolling
up the load respectively, and C, G, G,,, D, M, m
are appropriate system parameters.

N

moto F

Fig.2 Structure of a nonlinear crane system

Putting
ha(t) = z(t), ha(t) = 2(t), hs(t) = 6(t),
ha(t) = 0(t), hs(t) = £(t), he(t) = £(t),

then Eq.(42) are transformed to the discrete time
forms.

hl(t) :allhl(t— 1)+a21h2(t 1),
hg(t) =a ghz(t— 1)+a32h3(t 1)+b1’l,t1(t— 1),
ha(t) = a33};la((t - 1))+ a43hﬁ(f 1)3 (43)
2(t—1 3(t—1
ha(t) = a24m + asq h%(t =)
+a44h4(t - 1) + Wl_l)ul(t — 1),

hs(t) = asshs(t — 1) + aeshe(t — 1),
hﬁ(t) = aeghs(t — 1) + bguz(t - 1).

A recurrent type feedback control system of a
nonlinear crane system using ULN is shown in
Fig.3. Each of the control input wu; and wug is
constructed by two control nodes, one is the node
with a linear function, the other is the node with a
tanh function. (All the branches have a one sam-

o]

U,

pling time delay.)

‘f . . .

Sigmoid || Linear

[J: 1sample delay time
Fig.3 Recurrent type feedback control system of
a nonlinear crane system using Universal
Learning Network
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< Simulation Conditions >

M=40[kg], m=2[kg], g=9.8[m/sec?], C=0.42[kg
/sec], G=T00[N/V], G,,=0.98[N/V], D=300[kg/sec]
are used, and reference of the crane stand posi-
tion ( Zrey ) is 1 [m], and reference of the load
height ( 4.5 ) is 0.5 [m], assuming the initial
positions of the crane stand and the load to be
0[m], 1[m] respectively.

In numerical examples, a step change of the
mass of the load at initial time is assumed, namely
aqs(ty) =m.

The criterion function E to achieve the desired
dynamics of the system and E; to achieve the
suppression of the deviation of the system caused
by the change of the mass of the load are defined as
follows respectively,

E= % [Z {Qui(Tres — -T(S))Q} + lei(tf)z
s€T,
+ 3 {Qu30(5)* + Qab(s)*} (44)
seT,
+ 3 {Qusllrer — ()%} + Quell(ts)?

seT,

+ Z {Riui(s)® + Rzuz(s)z}]

seT,

E=CY Y (ig’ng Am)2 (45)

seTred,

»

where J, : set of nodes related to ¢ and ¢
ts . final control time
Q11 ~ QIG = 10, R1 ~ R2 = 0.001
Am=1
C, = 0.1, 1.0, 10.0
learning times = 5000

< Simulation Results >

Learning of the parameters in the controller was
carried out using the criterion functions £ and L
under the condition of m = 2. After that, simu-
lations on the dynamic system were carried out for
m = 1,2,6,10. Fig.4 shows the response of £(t)
when the controller obtained by minimizing E was
used, namely, caseg, and Fig.5 — Fig.7 show the
results of £(¢) when the controller obtained by min-
imizing L was used, namely, casey,.

From these results, it is shown that the more ro-
bust performances can be obtained when parame-
ters in the controller are adjusted by using the cri-
terion function L.

V[m]

0.51

at learning stage
— m=2

at control stage
...... =1
——— m=6
- m=10

time[sec]

Fig.4 Control results of £(t) in case of caseg

I {m]

0.5

at learning stage
— m=2

at control stage
~~~~~~ m=1
——= m=6
-~ m=10

time[sec]

Fig.5 Control results of £(t) in case of caser,

0.5

I[m]

Cs=0.1
1 i T ¥ 1 L)
at learning stage
— m=2
at control stage
------ m=1
——= m=6
-~ m=10
i 1 | - 1 1 1 L
0 2 4 6
time[sec]

Fig.6 Control results of £(t) in case of caser,

Cs=1.0
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[ [m]

. at learning stage
\\‘\ — m=2
at control stage

——= m=6
- — m=10

0.5[

time[sec]

Fig.7 Control results of £(¢) in case of caser,
Cs =10.0

6.2 Chaotic Control using Second Or-
der Derivatives of Universal Learn-
ing Network

The method proposed here can control chaotic

phenomena on such ULN that have bounded func-
tion nodes. The method is that generation of
chaotic phenomena is realized by changing Lya-
punov exponent of ULN to a positive value, and die-
out of the chaotic phenomena is realized by chang-
ing the Lyapunov exponent to negative one. The
gradient method utilizes second order derivatives of
ULN because Lyapunov exponent of ULN is calcu-
lated by the first order derivatives.

< Lyapunov Exponent >
Lyapunov exponent L; is defined on the ULN in
the same way as reference 10) (see Fig.8).

N S ALKCPSY)

In Z(

n=0 " t=S( red

where
S: S(n+1) — Sn
N : number of S

2
Ohy(t) )

/S/‘

Network Dynamics

Fig.8 Explanation of Lyapunov Exponent

< Learning Algorithm >
The criterion function FEp is defined by Eq.(47)

Ep = Z(Lr - L$)2 (47)

redJ

where L7 : target value of L,

The learning algorithm of the parameters by
the gradient method in ULN, which minimizes
the above criterion function can be obtained from

Eq.(46)

ot EL
T/\m — A — Y o T (48)
oTE, LotL,
reJ
oL, o L =
DA N NS <

Stnt1y—1 Z 3Thr(5(n+1)) 8T2hT(S(n+l))
reJ Ohi(t)

Z Fh: (6)0

t=S(n)

Ot h (Sinsny)
P I

(50)

Eq.(50) can be calculated by using the second or-
der back propagation learning algorithm.

< Random Search Method >

It is difficult to optimize the parameters success-
fully by using only the gradient method because
Lyapunov exponent is very sensitive to changes in
the parameters and the criterion function is not con-
vex. Therefore, a random search method is com-
bined with the gradient method.



~26- K. HIRASAWA, M. OHBAYASHI and J. MURATA

During iteration of the gradient based learning, if
the Lyapunov exponent is not improved over its pre-
vious value, the previous parameters are randomly
and uniformly changed within a fixed range. And
a new Lyapunov exponent is calculated with new
parameters. The Lyapunov exponent has to be cal-
culated repeatedly by changing the parameters ran-
domly until it gets better than the previous Lya-
punov exponent.

If the Lyapunov exponent is better than the
previous one, learning is resumed by the gradient
method again. If not, the parameters should be cho-
sen which give the best Lyapunov exponent among
those tried in the random search.

< Simulation >

N N, ~

& N,
_l_.

Fig.9 Single-Branch ULN

Fig.10 Multi-Branch ULN

Simulations were carried out to generate chaotic
phenomena on a single-branch ULN and a multi-
branch ULN shown in Fig.9 and Fig.10. Sigmoid
functions are adopted as ULN node functions. The
equations describing the network are as follows,

1

b = 1050 = Toreaag Y

ajt)y= Y > wiyPhi(t - Di;(»))
i€ JF(j) p€ B(i,5)
—H}j (52)
f : sigmoid function (53)
w, ¢;, 0; : weight, slope and threshhold

parameter of node j

There are three branches between the nodes in
the multi-branch ULN, and weights, thresholds and
slopes of the sigmoid functions are optimized.

Every delay time is set to one-sampling time.

Learning curve of Lyapunov exponent and net-
work dynamics after 500 epochs of both the single-
branch ULN and the multi-branch ULN are respec-
tively shown in Fig.11(a),(b) and Fig.12(a),(b).
Fig.11(a) shows that it takes 200 epochs to change
the Lyapunov exponent to a positive value in the
single-branch ULN. However, from Fig.12(a), in
the multi-branch ULN, it takes less than 50 epochs
to exceed the zero value of the Lyapunov exponent.

Furthermore, in the single-branch ULN, the Lya-
punov exponent can not reach the desired value
within 500 epochs. On the other hand, in the multi-
branch ULN, the Lyapunov exponent can reach near
the desired value at about over 150 epochs.

Accordingly, in case that every time delay is set to
one-sampling time, the Lyapunov exponent can be
more quickly changed to the positive desired value
on the multi-branch ULN than on the single-branch
ULN, that means generating chaotic phenomena is
easier.

From the above results, it is shown that the use
of the second order derivatives can control the gen-
eration and die-out of the chaotic phenomena on
commonly used learning networks. Details of the
chaotic control can be found in reference 10).

) Yai A
£ - '
0
z pal B I
> [/
5 1/ Ll
« 4 lI
= i|
5 I
0 200 400

0.84

ha(t)

(b)

Fig.11 Generation of chaos on Single-Branch ULN
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Lyapunov Number

0 200 400
Learning Iteration

(a)

. ;\\: ‘\
\\ AR

AR

v .

ha(t) Ry (t)

(b)
Fig.12 Generation of chaos on Multi-Branch ULN

6.3 N-th Order Asymptotic Orbital
Stability of Nonlinear Dynamic
Systems

As stated before, stability of nonlinear dynamic
systems is analyzed mainly by linearizing the sys-
tem using Jacobian except by the method of Lya-
punov function, therefore, under the present cir-
cumstances, usually only the stability analysis of
small disturbances is being executed.

In this section, it is shown that the use of higher
order derivatives enables the stability analysis for
fairly big disturbances.

According to reference 8), n-th order asymptotic
orbital stability is defined as follows.

If the following condition is satisfied,

lim AR™(s, Ah(to)) =0 (54)

then, the orbit is n-th order asymptotic orbital sta-
ble,

where
Ahn (S, Ah(t()))

: n-th order approximation of
the orbital deviation at time s
caused by the initial change of

the orbit Ah(ty) at time tg.

Ah™(s, Ah(tp)) can be caluculated by Tayler
expansion as follows.

AR™(s, Ah(ty)) = \/Z Ahn(r, s, Ah(tg))2 (55)

red

_ 1 at'h, (s)
= Z [ﬁ ZZ Oh,1(to) -+ Oh.i(to)

XAhrl(to), Ty, Ah”(to)} (56)

Ah(to) = (Ahy(to), -, Ah|_}|(t()))T

ﬁ;{% in Eq.(55) can be easily calcu-
lated by forward and backward propagation higher
order derivative calculation methods stated in the
preceding sections.

The case where n = 1 in Eq.(54)-(55) corre-
sponds to the stability analysis of the linearized sys-
tems.

According to the increase of n, approximation ac-
curacy of the Ah™(s, Ah(ty)) is improved. There-
fore, by using Eq.(54)-(55), stability analysis of the
dynamic systems, where the initial change of the
orbit || h(to) || is fairly big, can be executed.

o alin,.(s)
And because P, = Bhii(to)— Ohri(to)

culated as a function of time, not only whether the

can be cal-

dynamic system is stable or not, but also the extent
of the stability can be studied. For example, it can
be said that the more quickly P; converges to zero
and the smaller the maximum value of P, is, the
more stable the nonlinear dynamic system is.

6.4 Nonlinear Control Theory Consid-
ering Stability and Quick Response
As mentioned before, the deviation of a certain
node output caused by the changes of other node
outputs corresponds to the impulse response of the
linear dynamic systems. Therefore, taking account
of this deviation as the extended criterion function
makes it possible to construct the systems which are
stable and also can make quick responses.
The extended criterion function S which denotes
the sum of the difference between the desired be-
havior and the deviation of a certain node output
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caused by the changes of other node outputs is de-
fined as follows.

AT hi(t)

2
Bho(te) gk (t))

(57)

S =

2.2 (

teT ked reJ

where
to : initial time when changes of the
outputs of the nodes occur
: specifies the desired temporal

I
behavior of the derivative -a—h—k—(t—)
Sh,(to).

Especially choosing gx(t) =0

requires the system to be as

9k(t)

stable as possible.

For example, a membership function pg(FE) re-
lated to the criterion function E, which denotes
the preferable value of E, and also a membership
function pg(S) related to the criterion function S,
which denotes the preferable value of S are supposed
to be given as shown in Fig.13.

Then, a trade-off point between E and S can
be obtained by Fuzzy Min Max method or fuzzy
weighting factor method. Thus a new nonlinear con-
trol theory analogous to the multi-objective control
design method in the linear control theory will be
established because how to set ug(S) in the non-
linear systems corresponds to the pole assignment
problem in the linear systems, and also the criterion
function E of the nonlinear systems corresponds to
the ordinary criterion function of the linear systems.

/L,.;(E)

10—
0 (B =

1
28y
E £
1+ L
(Wb‘>

05 f

Wy E

Fig.13 Membership functions of the criterion

functioin E and S

7. Conclusions

Universal Learning Network(ULN) and its appli-
cation to control systems are discussed. ULNs form
a superset of all kinds of neural network paradigms
with supervised learning capability. In ULN, any
kinds of nonli-nearly operated nodes with a contin-
uously differentiable function are connected to each
other by multi-branches that may have arbitrary
time delays including zero or minus ones. A gen-
eralized learning algorithm is proposed, which can
be applied to any kinds of networks including static
or dynamic networks, feedforward or recurrent net-
works, time delay neural networks and networks
with multi-branches. One of the most important
features of ULN is that not only first order deriva-
tives but also higher order derivatives can be calcu-
lated by forward propagation and backward propa-
gation. As for the application of ULN, the control
problems such as robust control and chaotic control
are studied using second order derivatives and it is
shown that the second order derivatives are effec-
tive tools to realize the sophisticated robust control
and chaotic control in the nonlinear systems. Fur-
thermore, it is proposed that not only local stability
but also global asymptotic stability analysis can be
made by using the higher order derivatives. It is
also presented that the use of the extended crite-
rion function with the higher order derivatives can
lead to a generalized designing method of nonlinear
control systems.
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