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   Abstract: A new control method of nonlinear dynamic systems is proposed based on impulse 
   responses of Universal Learning Networks (ULNs). ULNs form a superset of neural networks. 

   They consist of a number of inter-connected nodes where the nodes may have any continuously 
   differentiable nonlinear functions in them and each pair of nodes can be connected by multiple 

   branches with arbitrary (positive, zero, or even negative) time delays. A generalized learning 
   algorithm is derived for the ULNs, in which both the first order derivatives (gradients) and the 

   higher order derivatives are incorporated. The derivatives are calculated by using forward or 
   backward propagation schemes. The algorithm can also be used in a unified manner for almost 

   all kinds of learning networks. In this paper, not only the controlled object but also its controller 
   are described by the ULNs and the controller is constructed by using the higher order derivatives 

   of ULNs. The main feature of the proposed control method is to use impulse response defined by 
   the higher order derivatives as a criterion function of the network. By using the impulse response, 

   nonlinear dynamics with not only quick response but also quick damping can be more easily ob-
   tained than the conventional nonlinear control systems with quadratic form criterion functions of 

   control variables. 

   Keywords: Large-scale complicated systems, Learning networks, Neural networks, Optimization, 
   Control systems, Higher order derivatives, Quick response, Quick damping

 1. Introduction 

  Since the first proposal of a neuron model by 
McCulloch and Pitts in 1940's, especially after the 

revitalization of artificial neural networks in 1980's, 
a variety of neural networks have been devised and 
are now applied in many fields. The vast major-
ity of neural networks in use are those networks 
whose parameters or weights are tuned by gradient-

based supervised learning. This category includes 
feedforward neural networks or multi-layer percep-
trons, various types of recurrent neural networks, 
radial basis function networks, and some networks 
with special architectures, such as time delay neu-

ral networks. These networks seemingly have differ-
ent architectures and are trained by distinguishable 
training algorithms. In essence, however, they can 
be unified in a single framework in regard to both 
their architectures and learning algorithms. 

 Universal Learning Networks (ULNs)1) have been 

proposed, as the name indicates, to provide a uni-
versal framework for the class of neural networks. 

Unification of a variety of neural network architec-
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tures and their learning algorithms is an objective of 

ULNs; this provides a consistent viewpoint for the 

various kinds of neural networks. However, there is 

another benefit that is expected for ULNs. General-

ization of the architectures and the gradient-based 

learning algorithms does not only give a unified de-

scription but attains new abilities of the networks. 

Allowing high degrees of freedom in their architec-

tures gives them more flexibility and representing 

abilities, and therefore the ULNs can be useful and 

effective tools for modeling and controlling large-

scale nonlinear complex systems including physical, 

social and economical phenomena. In addition to 

calculation of the first order derivatives of the sig-

nals flowing in the networks that are necessary in 

gradient-based learning, the generalized ULN learn-
ing algorithm is equipped with a systematic mech-

anism that calculates their second or higher order 

derivatives. This allows elaborate criterion func-

tions to be used in their learning, which enables 

more sophisticated specification of the network per-

formance. 

 This paper describes the ULNs and their appli-

cation to controller design problems. In control 

systems, it is generally required to design a con-

troller that meets three specifications namely quick 

response, quick damping and small steady state er-



ror. In the conventional control systems, even in the 
neural network control systems, the criterion func-
tion which is made up of quadratic form of state and 

control vectors is usually adopted in order to realize 
these specifications. But it has been recently recog-
nized that the above mentioned criterion function 
is not sufficient to satisfy all the specifications re-

quired by the designer. In this paper, utilizing one 
of the features of ULNs, systematic calculation of 
the higher order derivatives, a new method employ-
ing the impulse response defined on ULNs as an ex-
tended part of the criterion  function is proposed to 

overcome the problems in the conventional control. 
Before going into the details, it should be worth giv-
ing to the readers, as preliminary knowledge, the 
salient features of the ULNs and their differences 

from the existing alternatives. 
  A ULN consists of a number of inter-connected 

nodes. They may have any continuously differen-
tiable functions in them, and each pair of nodes can 

be connected by multiple branches with arbitrary 

(positive, zero or even negative) time delays. Net-
works having time delays of multiple-length can be 
converted to those having unit-length time delays 

only by inserting an appropriate number of addi-
tional nodes between the nodes. However, zero or 
negative time delays can not be represented by the 
unit time delays. A ULN including negative time 
delays between the nodes can be used to model the 

systems with prediction mechanisms. 
 Learning of a ULN is defined as determination of 

its optimal parameter values that minimize a crite-
rion function of the network. Generalized learning 
algorithms are derived based on two ideas. One 

is that static networks are merely special dynamic 
networks, and the other is that the derivatives of 
the node outputs can be obtained by either propa-

gating the changes of the node outputs caused by 
the changes in the parameters through the network 

forward in time/space or propagating the changes 
caused by the changes in the other node outputs 
backward in time/space. 

 The most important feature of the learning of 
ULNs is use of the higher order derivatives of the 

criterion function with respect to parameters. Bun-
tine 2) summarized the methods for calculating the 
second order derivatives in feedforward neural net-
works but in ULNs a generalized calculation method 

of the n-th order derivatives is proposed. 
 The ULNs, when applied to controller design 

problems, will exhibit the following advantages. 
 The ULNs allows any nonlinear functions to be

embedded in their nodes. Therefore, both a con-
trolled system and its controller can be represented 
by a single ULN. If the controlled system is un-

known, its identification can also be done by the 
ULN learning algorithm 3) . Then an optimal con-
troller can be obtained by off-line gradient learning. 

 The ULN controllers have a similarity with the 

traditional nonlinear optimal controllers in the sense 
that both are constructed by minimizing criterion 
functions or performance indexes. However, the 
control laws obtained by traditional controller de-
sign method are, in most cases, feedforward control 

laws4>, and the control signals are given as func-
tions of time. On the other hand, the ULN control-
lers form feedback control schemes and their param-
eters are determined by optimization. Therefore, 

although the ULN controllers do not attain bet-
ter performance indexes because of their structural 
constraint, they exhibit better robustness against 
external disturbances due to their feedback config-
uration. 
 The higher order derivative calculation mecha-

nism of the ULNs renders additional advantages to 
the ULN controllers. As a criterion function, one 
may employ a standard control performance index, 

for example, tracking error of the controlled sys-
tem. In addition to this, one can put other terms 
to his/her criterion functions. Let us assume that 
our additional term is the sensitivity of the stan-
dard criterion function with respect to the changes 

in the plant parameters. Minimization of the sen-
sitivity by a gradient method requires the second 
order derivatives of the standard criterion function 
since the sensitivity itself is the first order deriva-
tive. This derivative can be calculated by the pro-

posed mechanism. Minimizing this extended cri-
terion function will result in a robust controlled 
system") that is not much affected by changes in 
the plant parameters. When a Lyapunov expo-

nent of the ULN is adopted as the extended cri-
terion function, its chaotic behavior can be easily 
realized7> . 

 The proposed control method aiming at both 

quick response and quick damping at the same time 
also employs an additional term based on the im-

pulse response of the ULNs, which is again defined 
by the higher order derivative. 

 In Section 2, the structure and the learning algo-

rithms of ULNs are described. The specific proce-
dures for calculating the higher order derivatives are 

presented in Sections 3 and 4. Section 3 presents the 
backward propagation procedure, while Section 4



 Fig.1 Architecture of Universal Learning Network

describes the forward propagation scheme and com-

pares the computational complexities of the both 

procedures. In Section 5, a new control method of 

nonlinear systems based on the impulse response of 

ULNs is presented. Section 6 gives the simulation 

results of a nonlinear crane control system, where 

a good controller in terms of steady state error, re-

sponse and damping speed is presented and the use-

fulness of the proposed method is illustrated. 

 2. Universal Learning Networks' 8 9> 

 In this section, we discuss the structure and learn-

ing algorithms of ULNs. 

 2.1 Structure of ULNs 

 As shown in Fig.1, a ULN consists of a number of 

nodes and branches for inter-connecting the nodes. 

The nodes may have any continuously differentiable 

nonlinear functions in them, and each pair of nodes 

can be connected each other by multiple branches 

with arbitrary (positive, zero or even negative) time 
delaysl°) 11) . ULNs including negative time delays 
can be used to model systems that have prediction 
mechanisms in them. 

 The generic equation that describes the behavior 
of ULNs is expressed as follows, 

h3 (t) 
= fj [{hi(t — D23(P))l i E JF(j),P E B(i,j)}, 

{rn(t) n E N(j)}, {Am(t) m E M(j)}] , (1) 
jeJ,teT, 

where 
h3 (t) : output value of node j at time t, 
rn (t) : value of n-th external input variable 

         at time t, 

AO) : value of m-th parameter at time t, 
    f j : nonlinear function of node j, 

Dij (p) : time delay of p-th branch from node 
         i to node j, 

    J : set of nodes {j},

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

JB(j) : set of nodes which are connected 
         from node j, 

    N : set of external input variables {n}, 
N(j) : {n}rn is fed to node j}, 

M : set of parameters {m}, 
M(j) : { m I h j is partially differentiable 

          with respect to Am}, 
 B(i, j) : set of branches from node i to node 

j, 
     T : discrete set of sampling times. 

The ULNs operate on a discrete-time basis. Each 
pair of nodes i and j may have multiple branches 
between them i.e. set B(i, j) may contain more 
than one elements, and parameters A70 can be time-
varying. Functions f3 (.) that govern the operation 
of the nodes can be any continuously differentiable 
functions; typically, sigmoid functions can be em-

ployed. Arid in that case, Eq.(1) can be expressed 
specifically as, 

hi (t) = fj (aj (t)) = ---------------- 1
+ e~i ,, (t)(2) 

ai (t) = E E ~ (P)hi (t — Dii (P)) + 8i, (3) 
iEJF(j) pEB(i,j) 

where 

wij (p): weight parameter of p-th branch 
        from node i to node j, 

B j: threshold parameter of node j, 
(15i: slope parameter of node j. 

 2.2 Learning of ULNs 
 Learning of ULNs is realized by minimizing a cri-

terion function L based on the gradient method: 

at(4) 

where ry is the learning coefficient assigned with a 
small positive value and atL/aa1 is the ordered 
derivative defined by Werbos in 12) which means 

the change of the criterion function L caused by the 
change of Al with other variables being fixed. 

 The criterion function L usually consists of two 

parts, a fundamental part E and an extended part 
Ex: 

L=E+Ex. (5) 

 The fundamental part E is defined as a function 
of any node outputs, any parameters and any time



instants: 

 E =  E({h,.(s)}, {.rn(s)}),(6) 
rEJ0,mEM0,sETo, 

where 
Jo: { r hr is related to evaluation of criterion 

      function}, 
Mo: {miA,n is related to evaluation of criteri-

      on function}, 
To: {s~ time instant s is related to evaluation 

      of criterion function}. 

A typical choice of E is sum of errors between the 
network outputs and their desired values. 

 The extended part Ex is a function of derivatives 
of node output hr.(s). Therefore, this part is relat-
ed to some notions that can not be represented by 
the fundamental criterion E, such as, smoothness, 
robustness, and stability, and thus it renders the 
ULNs a variety of advantageous features. The cost 
that one might have to pay for these advantages 
is computational complexity in the gradient-based 
optimization of the generalized criterion function L. 
The gradient of L includes not only the first order 
derivatives of node output hr(s) but also its higher 
order derivatives since Ex in L itself contains the 
derivatives of hr(s). In the subsequent sections, we 
will describe systematic calculation methods of the 
derivatives. Of course we have to endure the ad-
ditional computational cost for calculation of the 
higher order derivatives. However, the calculation 
itself is not complicated and is easily implemented. 
Since E is a differentiable function of node outputs 
hr(s), calculation of the derivatives of E and com-
putation of those of hr(s) are essentially identical. 
Therefore, for clarity, in the following two sections 
we will discuss the first and higher order derivatives 
of E only. Their computational complexity will be 
evaluated and compared in Section 4.3. 

 3. Derivatives Calculation Method by 
    Backward Propagation 

 In this section, a backward calculation method 
of the first order derivatives and the second order 
derivatives of the criterion function E (Eq.(6)) with 
respect to the parameters will be presented, which 
can be easily extended to calculation of the n-th 
order derivatives. 

 3.1 The First Order Derivatives 
  Let us evaluate the change of criterion function 

E caused by a change of a time-varying parameter

)1(t) at time t = t1. It should be noted that the 
parameter is changed at time t1 only with keeping 
its values at other time instants unchanged. The 
parameter may influence the function directly or in-
directly. The direct influence can be evaluated by a 
partial derivative aE/a.1(t1). To evaluate the in-
direct influence, we need to take the roles of some 
intermediate variables into account that bridge the 
function E and the parameter A1(t1). We can adop-
t node outputs hd (tl) which are directly affected 
by the parameter as those intermediate variables. 
Then, the first order derivative at E/aA1(t1) can be 
represented as follows, 

atE at  and(tl)
+ aE , (7) aa

1(t1)dand(tl)aa1(t1)DA(ti) 
          EJD(Ai) 

where 

     t1 : a certain specified time instant, 

A1(t1) : value of parameter at time t1, 
JD(\1) : {dlhd(tl) is partially differentiable 

         with respect to A1(t1)}. 

Since node outputs hd (t 1) may affect E directly or 
indirectly, we need to consider the ordered deriva-
tive atE/and(tl) here. Now, let us denote the or-
dered derivative as 61(j, t): 

                       (8)         aE   b1(j,t)=ah
j (t) 

Its evaluation again requires the help of some in-
termediate variables, which leads to the following 
back-propagation algorithm, 

keJB(j) pEB(j,k) 

  [ahk(t±DJk(P))(kt+Dk(p))+--------(9)'Ai m 
jEJ,tET. 

The first term in the right-hand side indicates the 
indirect effect which is calculated taking the outputs 
of the downstream nodes k as the intermediate vari-
ables, and the second term shows the direct effect 

of node output hj (t) on the criterion E. 
 Substituting this signal bi (j, t) into Eq.(7), we 

can derive the first order derivative of E with re-
spective to a time-varying parameter Ai (t) at time 

t1, and also the derivative with respective to a time-
invariant parameter Ai can be obtained in a similar 
way. For static networks, the formulas are reduced 
to simpler forms. The calculation procedures of the 

first order derivatives for time-varying parameters,



time-invariant parameters and static networks are 

summarized as follows, 

  • For time-varying parameters, 

  ataE and(to aE  
 aa1(t1)Elaal(tl)&'(d~t')] +aa1(t1)' (10) 

dEJD(al ) 

  • For time-invariant parameters , 

 at E 

 as---=Eraa(te)&1(dt')] + aE(11)     1t'ET d
EJD(\1)~1a~l 

  • For static networks, 

atE                  aE  

 as~[aal61(d)] + aA'(12)     deJD(A1)1 
          ahk    6

10) _~ah&1()] +ahEJ.(13) 
kEJB(j) 

  The summation over d e JD(A1) in Egs.(10), 
(11) and (12) reflects the fact that there are a num-
ber of nodes whose outputs are partially differen-
tiable with respect to a certain A1. Although a 
change of a time-varying parameter at a specific 
time instant t1 directly affects node outputs hd(t) 
at time t = t1 only, a change in a time-invariant pa-

rameter directly causes change of hd(t) at any time. 
Therefore, we need to consider and(t')/aal at any 
time t' and sum them up. This is the reason why 
Eq.(11) only contains a summation over t'. In the 
algorithm (9) - (13), the derivative atE/aa1 is cal-
culated by propagating 81 or the derivative of the 
function E with respect to the node outputs back-
ward in time (for dynamic networks) or backward 
in space (for static networks), which is, in essence, i-
dentical to the back-propagation algorithm for ordi-
nary neural networks. In other words, the learning 
algorithm includes the ordinary back-propagation 
as one of its special examples. 

 3.2 The Second Order Derivatives 
 The first order derivative calculation discussed in 

the preceding subsection can be easily extended to 
calculation of the n-th order derivatives. Details 
of the n-th order derivative calculation method by 
backward propagation can be found in 8). In this 
subsection, we give the calculation method of the 
second order derivatives as an example. 

 Let t1 and t2 be certain specified time instants, 
and A1(t) and .\2 (t) be parameters. Then by differ-
entiating Eq.(10) with respect to A2 (t2 ), we have the 
second order derivative at2E/a\1(tl )a)2 (t2) as,

at2E  

0)i(t1)aa2(t2) 

 _ v [and(tl) at&1(d'tl)] 
dEJD(A1)aa1(t1) aa2(t2) 

            atand(tl)  
   + E [ (a~l(t1))&1(d,tl)] 

dEJD(A1)a~2(t2) 

         8E  

  +(aal(tl))(14) aa
2(•2) • 

Let us define 612(d, t1) = at61(d, t1)/aa2 (t2) 
at (at E/and(tl))/aa2(t2). It can be calculated by 
differentiating (9) with respect to )2(t2): 

612(j, t) _ E E [ahk(thDjk(P))  
kEJB(j) pEB(j,k)( ) 
x&12(k, t + Djk(P))] 

at( ahk (t+D;k (P)) ) 
+ E E [C9h,(t)  

       kEJBaA2(t2)                  (7) PEB(7,k) 

x&1(k,t+Djk(P))] 

at(ah ~&E(t))r         +
aA2(t2)e J, t e T. (15) 

 In Egs.(14) and (15), at(and(tl)/aA1(tl)) 
/aA2(t2), at(aE/aal(t1))/aa2(t2), at (ahk(t + 
Djk(p))/ahj(t))/3A2(t2) and at(aE/ahj(t)) 
/8A2 (t2) can be calculated by applying the calcula-
tion procedure of the first order derivatives, with E 
being replaced with and(tl)/aal (tl ), aE/a.l (t1), 
ahk(t + Djk(p))/ahj(t) and aE/ahj(t), respective-
ly. 

 For time-invariant parameters and static ULNs, 

the calculation procedure is rewritten as follows: 

  • For time-invariant parameters, 

  at2E _E E[and(t') 612(d, tF)] 
aalaa2aal 

            t'ET dEJD(A1) 

               at(aaat--------))       +E [aA 21&1(d, t')]             t'ET dEJD(\1) 

   +at(m)(16) 
aa2 

612(j, t) _ E E [ahk(t +(Djk(P))  
     kEJBahj`t)               (j) pEB(j,k) 

x&12(k, t + Djk(p))]



                     atahk(t+D,k(p)) ) 

      + 

 E [a( ah,(t)  aa2 
kEJB(3) pEB(j,k) 

x61(k, t + Djk(p))] 

       at,aE  ah(t) ) 
+ 0A2E J, t E T. (17) 

 • For static networks, 

   t2   aEand6
12(d)]  aalaa2 EdJL(1,[a~1 

             ) +[----------         at( aAi Si (d)] +at( a~)(18) 
      aA2aa2 d

EJD(A1) 

 6120) = E [ahk612(k)] 
kEJB(j) 
     ahkaE 

  +at (at,>fi1(k)+ (ah,j E J. (19) 
kEJB(j) 

[aa2]aa2 

 The n-th order derivative atnE  aal (toaa2(t2)-0A,,(tn) 
can be obtained by evaluating iterative equations 
for (51, 012,(513, • •,(512•••n-1,612•••n—atb12n-1 8An 
Details of the calculation method of n-th order 
derivatives can be found in 8). 

 4. Derivatives Calculation Method by 
    Forward Propagation 

 In this section, we will introduce a new cal-
culation scheme for the n-th order derivatives of 
the criterion function E by using forward propa-

gation method. In the forward propagation cal-
culation, the change of node outputs with respect 
to changes in the parameters propagate forwards, 
whereas the changes of criterion function with re-
spective to changes in node outputs propagate back-

wards in the backward propagation calculation. De-
tails of the n-th order derivatives calculation by for-
ward propagation method can be found in 9). In 
this section, only the calculation of the first and 
second order derivatives is discussed as examples. 

 4.1 The First Order Derivatives 
 In contrast to the backward propagation proce-

dure described in the previous section, let us think 
of evaluating the indirect effect of the changes in 

the parameter on the criterion function E by con-
sidering the node outputs that directly influence E 
as the intermediate variables. Then, the first order 
derivative of the function E with respect to a time-

varying parameter A1 (t) at time t1 can be calculated 

as follows, 

atE 'OE  athr(s)+8E (20) 
aA1(t1)ahr(s) 3A1(t1)aA(ti) rEJo sETo 

where 
    t1 : a certain specified time instant, 

)1(t1) :value of parameter at time ti, 
Jo :{rlhr is related to evaluation of E}, 
To :{sItime instant s at which E is 

evaluated} . 

Eq. (20) shows that the change of the criterion func-
tion caused by the change of parameters can be re-
duced to the change of the outputs of the nodes 
related to evaluation of the function. The ordered 
derivative of node output hi (t) with respect to the 
time-varying parameter A1(t1), 

Pi(j,t,Ai(t1)) =athj(t)(21) 3A
1(t1) 

can be calculated using the following forward prop-
agation procedure: 

 P1 (j,t, A1(t1)) 

_ E E ahj(t)  
ahi (t — Dij (p)) iEJF(j) pEB(i,j) 

   xP1(i, t —Dij(p)Ai (t1))+ :Ah3(t,(22) 
                           1) 

jEJ,teT. 
The first term in the right-hand side indicates the 
indirect effect which is calculated taking the out-

puts of the upstream nodes i as the intermediate 
variables, while the second term shows the direct ef-

fect of parameter value A1(t1) on node output kW. 
For time-invariant parameters and static networks, 
Eq. (20) and (22) can be reduced to the following 
simpler forms. 

  • For time-invariant parameters, 

at E =V OEOE                         +,(23)                                   0a
1            rEJo sET0 

Oki (t)  1310,t, Ai) = E [ah(t_.(p)) 
iEJF(3) pEB(i,j)

•     xPl(i,t— Dij (p),A1)+ah~(t)(24) 
                                     1 je.J,tET, 

where P1(j, t, Ai) = at hi (t)/aAi. 
  • For static networks, 

 atE=aE[i(r,Ai)]+ -----(25) 
 aa1 

rEJo



• 

 PI(j,  Ai)  _ahjP1(i,Al)+0113,(26) Ok
iaal iEJF(j) 

jEJ, 
where Pi 0, Ai) = at hj /aA1. 

 In the backward propagation scheme, the calcu-
lation of the first order derivative of E with respec 
to a time-invariant parameter Al needed a summa-
tion over t' E T (see Eq. (11)) . This was because a 
change in a time-invariant parameter directly caus-
es change of hd(t) at any time. In contrast to this, 
the forward propagation procedure for the time-
invariant parameters does not contain such a sum-
mation. The reason for this is that, in the forward 
propagation scheme, the sensitivity of a node out-
put hr (s) with respect to the change in a parameter 
Al is evaluated by an ordered derivative which in-
corporates all the direct and indirect effects. The 
indirect effects are calculated by following a chain 
of spatial and temporal causes-and-effects as shown 
in Eqs. (22), (24) and (26). Therefore, P1(j, t, Ai) 
includes all the effects at any time t' < t caused by 
the change of Ai. 

 4.2 The Second Order Derivatives 
 Let ti and t2 be certain specified time in-

stants, and A1(t) and A2 (t) be time-varying pa-
rameters. Then the second order derivative 
at2E/aa1(t1)aA2(t2) can be obtained by differen-
tiating Eq.(20) with respect to A2(t2): 

    at2E  
aA1(t1)aA2(t2) 

 _rat (a(s)) athr(s)       E
L aa2(t2) aA1(t1) 

rEJo sETo 

   + a at2hr(s) +at(a-------a(t1))(27) ahr(s) aa1(t1)aA2(t2) aa2(t2) 
Then introducing 

P2(j, t, A1(t1), A2(t2)) 
at2h3(t)  = atPi(j,t,Al(tl)) (28) 

   ak(tl)a2(t2)A2 (t2 

and differentiating Eq.(22) with respect to A2(t2), 
the following iterative formula for P2 can be ob-
tained: 

P2U, t, A1(t1), A2(t2)) 
Oh i (t)  

    E [at( ahe(t— Dt, (p)))  
iEJF(j)pEB(z,j)8a2(t2) 

   xPl (i, t — Dii(p),Ai(ti))]

EE[Oki (t)  

+ 

                              iEJF(j) pEB(i,j) 

xP2(i, t — Dij (p), A1(tl), A2(t2)) 

   a      t 0113(0  
  + (d Al(t')), j E J, t E T. (29)     aa
2(t2) 

The first order derivatives in Eqs.(27) and (29), for 
example at (OE /ah,.(s))/aa2(t2), can be calculated 
by replacing aE/ahr(s) with E and again using the 
first order derivative calculation. 

  Furthermore, as in the preceding section, 
Eqs.(27) and (29) can be transformed to the fol-
lowing simplified expressions for time-invariant pa-
rameters and static networks. 

  • For time-invariant parameters, 

              ) at2E a(ahaE,_(s)-----------------P
1(r,s, A1) 0A

10A2aa2 TEJO sET0 

      

+------aEP2(r,s,Ai,A2)+at(8E), (30)     ah
r (s)aa2 

P2(j,t,A1,A2) 
                     ah; (t)  

    iEJF(j) aa2         (7) pEB(z,7) 

x P1(i, t — Dii (p), Ai ) 

  ~ ~ 
Oki (t)  +[oh i(t — Dij (p) ) 

iE.IFO) pEB(i,j) 

xP2(i, t — Di7(p), Ai, x2) 

     tah,(t)  
+a(aa, ) , j E J, t E T, (31) 3A

2 
where P2(j, t, Ai, A2) = at2hj(t)/aA1aa2. 

 • For static networks, 

at2E  
aA1aa2 

         aE) 
_a(ah,. Pl(r,Ai) +aEP2(r, Ai, A2) aa

2ahr rEJo 

+ at (aa)(32) aa2 
P2(j, A1, A2) 

=at (a) Pl (i, Al ) 
    iEJF(j) 

                     atah;)   +[ah3p2(i,A1,A2)1+   °AI, (33)                      a(

ahiaa2      iEJF(j) 
            j E J, 

where P2(j, A1, A2) = at2hj/aalaa2.



 Ot'E   The n-th order derivative  aA
i(tl)amt2)•••0ay(tn) 

can be obtained by calculating Pi, P2, • • •, P7L iter-
atively, where 

 P3(j, t, A1(t1), A2(t2), A3(t3)) 
       at3h~(t)  =(34) 

 aal(t~)aA2(t2)aA3(t3) 

                      • Pn(j, t, A1(t1), • , A71(t71)) 
    atnh3 (t)(35) 

0A1(ti) ... aan(t„). 

  Details of calculation of the n-th order derivatives 

can be found in 9). 

 4.3 Computational Complexity of 
     Backward and Forward Propaga-

      tion Schemes 

  Comparing the forward propagation scheme with 
the backward propagation scheme discussed in the 

previous section, we can see that they are simi-
lar in form. However, the computation loads re-

quired in these two schemes are very different. Since 
P1(j, t, Ai (ti)) is a function of parameter A1(ti ), we 
need to calculate P1 for every parameter. On the 
other hand, 61(j, t) in the backward propagation 

scheme does not depend on parameters, and there-
fore we only need to calculate a single time function 

(j, t) for a given node j . This results in, for cal-
culation of the first order derivatives, a larger com-

putational load of the forward propagation scheme 
by a factor of the number of parameters involved. 
For this reason, the forward propagation algorithm 
is rarely used for the calculation of the first order 
derivatives. 
  The situations are different for calculation of the 

higher order derivatives. The forward propagation 
scheme requires lower computational load when ap-

plied to calculation of the higher order derivatives. 
Let J1 be the number of nodes, 1711 be the num-
ber of sampling instants and 1M be the number 
of parameters. As explained in 8)9), in the cases 
of time-invariant parameter systems, the computa-
tional load of the n-th order derivatives by forward 

propagation is proportional to 1 J 1 2 1 T i I M l n, where-
as it is proportional to I JI2nITl7,, by backward prop-
agation. In practical applications, for instance con-
troller design, a large number of sampling times are 
usually involved. Therefore, when the higher order 

derivatives are required, it is highly recommended 
to use the forward propagation scheme.

 5. Nonlinear Control Method Based 
    on Impulse Response 

 In control systems, it is generally required to de-
sign a controller which meets the specifications such 
as small steady state error, quick response and quick 
damping. In the conventional linear control theo-
ry, those requirements were pursued by either pole 

assignment13) or optimal control which minimizes 

quadratic form of the state and control vectors14> 
Recently, Neural Networks are widely used to con-
trol nonlinear systems15>. But even in the neural 

network control systems, the criterion function is 
usually made up of quadratic form of the state vec-
tor and control vector, which means minimization 
of the tracking error of the controlled system and 
energy consumption of the system. 

 One of the assertion of this paper is that as far as 
the above mentioned criterion function of quadrat-
ic form is employed, it is fairly difficult to satisfy 
all the specifications required by the designer. So, 

in this paper, a new method employing the impulse 
response defined on ULNs as an extended part of 
the criterion function is proposed in order to realize 
the quick response and quick damping at the same 
time, and also to minimize the steady state error of 

the system. 
  The reason why impulse response is more prefer-

able than quadratic form of the control vector as 

an extended part of the criterion function is that 
the dynamics of each node of the system can be 
controlled more precisely by using the impulse re-
sponse. 
  The impulse response is defined by using the high-

er order derivatives or approximately by the first 
order derivatives of ULNs, therefore, calculation 
method of higher order derivatives stated in the pre-
ceding sections is necessary to train the controller 

described by ULNs. 

 5.1 Criterion Function Based on Im-

      pulse Response 
  As the ULNs are discrete time recurrent network-

s, the impulse response Oh7Lk (t) of node k at time 
t when n-th external input rn(t) has changed by 
Orn (t) at time to is described using Taylor's series 
as follows, 

                hk ohnk(t) _1O rIt(t,Orn(t0), (36)            am(t0) 
                e-1 

neN,kEJ',



where 
 N : set of external input variables {n}, 
 J`  :  hj is the node of controlled 

system}. 

  For simplicity, from now on, the following approx-
imate definition of the impulse response by the first 
order derivative is used, 

 Ohnk(t) =athk(t)Orn(t0) n E N,k e J'. (37) a
m (t0 ) 

  As shown in Eq.(5), the criterion function L usu-
ally consists of two parts, a fundamental part E and 
an extended part Ex. 

  The proposed method adopts the following crite-
rion functions using the above impulse response, 

L=E+Ext„(38) 

E _ E E Qk (hk (t) — h° (0)2 (39) 
       tET kEJ' 

Ex„ -EE 
         tET kEJ' nEN 

       at     hk(t)2     Q
nka rn(to)Ann (to)  - gnk(t) (40) 

where 

h2 (t) : target value of hk(t), 

gnk(t) : target value ofarhk(t)                                 a ~,(tp)                           Orn(to), 
Qk, Qnk : coefficients, 

      T : discrete set of sampling times. 

  On the other hand, commonly used neural net-
work control systems adopt the following conven-
tional criterion function, 

L = E + Exc,(41) 

E _ E E Qk (hk (t) - 14),(0)2 , (42) 
       tET kEJ' 

Exe = E E Rr(ur(t))2,(43) 
         tET rER 

where 

  R : set of control variables {r}, 
 Rr : coefficient. 

 The proposed method is different in its extended 
criterion function from the conventional method. 

 It is obvious from Eq.(40) and Eq.(43) that the 
output of each node in the system can be more easily 
controlled by the proposed method because g,ik (t) 
can be freely chosen for all hk(t) k E J' and all 
rn(to) n E N. 

 In this paper, gnk(t), the target value of

Fig.2 Specification of impulse response 

a I  hk(t)Ar
n (to),is supposed to be given refering to ar„(to 

the following response of the second order linear sys-
tems. 
  <In the case of specifying response and damping 
characteristic> 

grak (t) =Knke-~,~kWnktsin(Wrak1—flkt) 
      =Knke,-ankt sinbnkt,(44) 

where 

ank = SnkWnk, bnk = Wnk \1 — enk 

  < In the case of specifying damping characteris-
tics only > 

gnk(t) = Knkte—,tkt,(45) 
where 

Knk : gain of the system, 
Wnk : natural angular frequency, 

enk :damping coefficient. 
 It is known that the bigger the Wnk is, the quick-

er response is obtained, and that also the bigger 
the enk is, the more attenuated response the system 
shows. 
 When designing the controller based on the im-

pulse response, Knk, Wnk, nk can be determined by 
the following procedure(refer to Fig.2): 

 1. As is executed in the usual design of neu-
   ral controller, parameters of the controller are 
   trained by using the conventional criterion 

   functions, that is, Eq.(41). 
 2. Evaluate the impulse response of the system 

   obtained by the procedure 1 (let us assume our 
   response is response 1 in Fig.2). 

 3. Knk, Wnk, nk are determined according to, 
   e.g. whether quicker and attenuated response 

   should be obtained (response 2) or less quick 
   response is required (response 3).



Fig.3 Structure of a nonlinear crane system

 5.2 Training of Parameters 
 Training of the parameters of the controller can 

 be done by using the higher order derivatives of 

ULNs. In ULNs, since not only the controller but 
also the controlled system can be described by the 
network, the gradient method for training parame-
ters can be easily and usefully put to use. 

 To putting it concretely, parameter A, of the con-

troller is trained as follows, 

atL A
nt < — Arra — 'Y-------(46)               aa

in 

atL atE atExr(47) 

0A7n 0A777 0An, 

at E = 2Qk (hk (t)—hk(t))ah----------(t),(48) 
 a.Arra

teT kEJ'a~7rz 

at Exp = 2E Qnk 
ax7ra 

tET kEJ'nEN 

   rXathk(t)Orn(to)gnk(t)      ar7, (to) 

X  at2hk(t) Orn(to),(49) 
    am (to) 0Arra 

where 7 is learning coefficient assigned with a small 

positive number. 
 As was stated in Section 4.3, because the forward 

propagation algorithm is preferable in control appli-
cations where a large number of sampling times are 

involved,`~tL was calculated by using the first or-               d~rra 
der and second order derivatives calculation method 

in Section 4. 

 Therefore,8L(t)in Eq.(48),ath(to,and 
 at2hk(t) in Eq.(49) can be calculated by using 

Or,, (t0 )aA rrl 
Eq.(24), Eq.(22) and Eq.(29) with Ai, Ai(ti) and 

(Ai (ti), A2 (t2)) being replaced with Arn, r7L(to) and 
(r7t(to), A7n) respectively.

Fig.4 Control model of a nonlinear crane system using 

     ULN

 6. Simulation 

 6.1 Nonlinear Crane Control System 
 The controlled system is a nonlinear crane system 

shown in Fig.3. The position of the crane stand, 
the angle between the rope and the vertical line, and 
the position of the load are denoted by x, 0 and .£, 
respectively. Then the nonlinear crane system is 
described as follows, 

 d2x  mg D + G dx G 
 dt2 M---9M dt+Mul, 

 d20 _ M+m D+Gdx G  
 dt2 fM-------g9—PMdt + £M ul , (50) 

d2   C + Gm de Gm  

 dt2mdt+mu2 

where, u1 and u2 are input voltages for moving the 
crane stand and for rolling up the load, respective-
ly, and C, G, Gm, D, M and rri are appropriate 

system parameters. 
Eq.(50) is transformed to the discrete time forms: 

hl (t) = all hl (t — 1) + a21 h2 (t — 1), 
 h2(t) = a22h2(t — 1) + a32h3(t — 1) + biui(t — 1), 

 h3(t) = a33h3(t — 1) + a43h4(t — 1),(51) 
         h2(t — 1) h3(t — 1)   h

4(t) = a24 h
5(t — 1) + a34 h5(t — 1) 

+a44h4(t — 1) +bl    h
5(t — 1)ul(t — 1), 

 h5(t) = a55h5(t — 1) + a65h6(t — 1), 
 h6(t)=a66h6(t—1)+b2u2(t— 1), 

where 

hl(t) = x(t), h2(t) = x(t), h3(t) = 0(t), 
 h4(t) = 0(t), h5(t) _ £(t), h6(t) _ ;0t). 

 The ULN based control system for the nonlinear 
crane system is shown in Fig.4. Each of the control 
input u1 and u2 is composed of a feed forward neu-
ral network whose intermediate layer is made up of



sigmoid nodes with a range of (-1.0, 1.0) and out-

put layer has a summation node. All the branches 
have one-sampling  time delay. 

 The following physical parameter values are used: 
M = 40[kg], m = 2[kg], g = 9.8[m/sec2], C = 
0.42[kg/sec], G = 700[N/V], G„, = 0.98[N/V] and 
D = 300 [kg/sec] . The reference of the crane stand 
position (xTe f) is 1[m], and the reference of the load 
height (fre f) is 0.5[m], assuming the initial positions 
of the crane stand and the load to be 0[m] and 1 [m], 
respectively. 

 The criterion function E to achieve the desired 

dynamics of the system, Exp to specify the impulse 

response and Ex, to reduce the energy consumption 

are defined as follows respectively, 

 E = E[Q1(xref - x(t)2)] + Q2(x(tf))2 
      tET 

+E[(2309(0)2 + Q4(e(t))2] 
       tET 

   + E[Q5(eref — £(t))2] + Qo(i(tf ))2, (52) 
       tET 

            a-f ~(0   E1= EQe.,.,fe[--------------Afref(to) 
       tETatref (to) 

—Wrest. e (t)]2(53) 

Exp2 
          ate(t)        Q

t,[Afref(t0) gerefe(t)]2          e fea//
„(hi)           )  tETf 

             atx(t)  A
f(t0)     + E Qxre-x [axref (t0) 

       tET 

—gxre fx(t)]2,(54) 

Ex, = >[R1(u1(t))2 + R2(u2(t))2],(55) 
        tET 

where 

  T : discrete set of sampling times (1 T = 1000), 

tf : final control time (l0sec) . 

 6.2 Simulation Results 
 Simulations were carried out according to the pro-

cedure stated in Section 5.1. Therefore, firstly pa-
rameters of the neural network controllers in Fig.4 
were trained by using the criterion function of E-

q.(52) and Eq.(55). The number of learning it-
erations is 5000, learning coefficient -y is equal to 

0.0001, Q 1, • • • , Qo = 1.0 and Arn (to) = 1. These 
numbers are used through the simulations. 

 Fig.5 shows the dynamics of the position x(t) of 
the crane stand and the position £(t) of the load

using the controller obtained by the convention-
al method, and also shows the impulse response 
Ahxn-efx(t) and AN_ fe(t). In simulations, the num-
ber of the nodes in the intermediate layer was set to 
ten and various values of Ri i = 1, 2 such as 0.001, 
0.01, and 0.1 were studied to investigate whether 

quick response and quick damping can be achieved 
at the same time or not by adjusting R-2. 

 From Fig.5(a) and (b), especially Fig.5(b), it 
is evident that the smaller the R;, is, the quicker 
the response is, but the characteristics of attenua-
tion becomes worse. This means that it is difficult 

to achieve the quick response concurrently with the 

quick damping by the conventional method. 
 Next, as explaind in Section 5.1, evaluating the 

impulse response in Fig.5(c) and (d), especially 
Fig.5(d), the following two extended criterion func-

tions were selected for the proposed impulse re-
sponse method. 
<case 1> 

Exp1 = E Qt [--------Opre (to 
tETaref (t0) 

—gerefe(t)]2(J6) 

geTeff = 0.1e-5t sin 3t,(57) 

Qe.efe = 10000.(58) 

<case 2> 

 Ex2=~pf[a ~(t) Oere(to) 
         tET 

     Qereef(0                a~ref (t0) 

gereff(t)]2 

atx(t)    + E Qxre f xOxref (to) 
    tETa~ re f (to)                    Ax„ 

 fx (t)]2(59) 

ge,.e f f (t) = 0.1e-5t sin 2t,(60) 

gxrefx(t) = 0.06te-3t(61) 

Qfre ff = Qxre fx = 10000, 100000.(62) 

 The criterion function in case 1 was chosen aim-
ing at quicker response and quicker damping of £(t) 
than the ones obtained by the conventional method, 
and the criterion function in case 2 was established 
to prove the effectiveness of the proposed method 
for the multi-input and multi-output system, aim-
ing at quicker response and damping of £(t) and also 
aiming at quicker damping of x(t). 

 In case 1 the number of the nodes in the interme-
diate layer is equal to either five or ten, and in case



(a) Positions of the crane stand (x)(b) Positions of the load  (e)

Fig.5 Simulation results in case of criterion function E Exc

2 two cases where Q = Q, 1 ~ = QX e f X = 10000 
and Q = 100000 are simulated. 

 Fig.6 shows the dynamics of x(t), £(t) and the im-
pulse response Aber,Te(t) obtained by using the cri-
terion function of Eq.(52) and (56) comparing with 
the conventional dynamics. 

 From Fig.6 it is clear that the impulse response 
approaches the target value of Eq.(57) and that 
quick response is achieved concurrently with quick 
damping by the proposed method. 

 The problem is that the steady state error in-
creases as compared with the conventional method, 
but it is obvious from Fig.6(b) that this problem 
can be overcome by increasing the number of nodes 
in the controller. 

 Fig.7 shows the results of the simulations, in 
which the proposed method is used effectively to 
enhance the quality of the dynamics of the multi-
input and multi-output system. In Fig.7(a) and 

(b), when using Q = Q& e f = QX,.P fX = 100000, 
quick response and quick attenuation are dramat-
ically achieved for not only .£(t) but also x(t), but 
steady state error becomes large. 

 This is because a large Q strengthened the effect 
of the extended terms in the criterion function. 
Therefore, if a slightly smaller Q(Q = 10000) is

adopted, the steady state error can be reduced re-
markably as shown in Fig.7, although the response 
speed and the attenuation can not improve on those 

achieved in the case of Q = 100000. So, by adjust-
ing the coefficient Q appropriately, the dynamics of 
higher quality such as quick response, quick atten-

uation and less steady state error can be achieved 
by the proposed method. 

 7. Conclusion 

 Universal Learning Network(ULN) and its appli-
cation to control systems have been discussed. In 

regard to architectures and learning algorithms, a 
class of neural networks are unified in the frame-
work of ULNs, and salient features are added. In 
an architectural aspect, ULNs have higher degree of 
freedom: arbitrary continuously differentiable func-

tions in the nodes, multiple branches and arbitrary 
time delays. The ULN training algorithm, in either 
backward propagation scheme or forward propaga-
tion scheme, is equipped with a mechanism for cal-

culating the higher order derivatives as a novel fea-
ture that has not been possessed by common neural 
networks. 
 Both of structural and training-algorithmic fea-

tures enable us to solve sophisticated controller de-



(a) Positions of the crane stand (x)(a) Positions of the crane stand (x)

(b) Positions of the load  (0(b) Positions of the load (Q)

Fig.6 Simulation results in case of criterion function 

      E + Expl

sign problems. As an example problem, a new con-

trol method of nonlinear dynamic systems using the 
feature of higher order derivatives of ULN and the 
concept of impulse response has been proposed. 

 From the simulations of a nonlinear crane control 

system, it has become evident that the dynamics 
of higher quality can be achieved easily by the pro-

posed control method compared with the conven-
tional control method. 

 Nonlinear systems have the different character-

istics from linear systems in the fact that the dy-
namics obtained by the proposed method changes 
depending on the magnitude of the impulse r,i(to).

Fig.7 Simulation results in case of criterion function 

E+Exp2



Though  rT,1(to) was equal to one in this article, how 
the value of rr, (t0) affects the nature of the proposed 

method is an open problem. 
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