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Learning Rules for Neuro-Controller
via Simultaneous Perturbation

Yutaka MaedaMember, IEEE,and Rui J. P. De Figueired&gllow, IEEE

Abstract—This paper describes learning rules using simultane-
ous perturbation for a neuro-controller that controls an unknown
plant. When we apply a direct control scheme by a neural

network, the neural network must learn an inverse system of the Neural u y —
unknown plant. In the case, we must know the sensitivity function V4 Network Plant 7

of the plant to use a kind of the gradient method as a learning Va
rule of the neural network. On the other hand, the learning rules /w flu)

described here do not require information about the sensitivity

function. Some numerical simulations of a two-link planar arm
and a tracking problem for a nonlinear dynamic plant are shown.
Fig. 1. Basic arrangements for indirect inverse modeling.
Index Terms—Dynamical systems, indirect inverse modeling,
neural networks, neuro-controller, simultaneous perturbation,

tracking problems.

I. INTRODUCTION

ECENTLY, neural networks (NN’'s) have been well

studied and widely used in many fields. Also, in the
field of the control problem, NN's are used as a controller,
an identifier, or an adjuster that gives some parameters in a
conventional controller [1]-[13]. Usually, it is very difficult to
treat a nonlinear objective function in control theory. However,
NN’s have an ability to map nonlinear functions on a compact
set. Therefore, we anticipate that NN's will be able to handle
a nonlinear plant well. Actually, many feasible realizations
of neuro-controller have been reported [3], [6], [7], [9], [10],
[12], [13].

When we apply NN's to a control problem, the direct control 0 X

scheme constitutes a simple approach. In order to use a NN 5 tyo-link planar arm.
as a direct controller, the NN must be an inverse system of an

objective plant, that is, the NN must learn an inverse system ) ) )
in so-called indirect inverse modeling. Then, the learning These requirement can be bypassed by using an estimator

rule plays a practical role, because it will be related to 4 the derivative. The finite difference is a simple example.
arrangement of overall system. Jabriet al. pointed out the usefulness of such a learning rule
In the case of indirect inverse modeling, generally, we ne&kpl-{17]. However, that learning rule has a fault in that it does
a plant model or a sensitivity function of the plant to acquirBot take good advantage of parallel processing of NN's. In the
the derivatives needed for learning like the backpropagati@fesent technique, we add a perturbation to all weights one
(BP) method [14], because the error function is usually defin&y one and obtain corresponding values of an error function,

not by an output of the NN but by that of the plant. in order to use a difference approximation. Therefore, the
learning rule using the finite difference approximation requires

n-times forward operation of the network to obtain modifying

guantities for all weights, wherge denotes the total number
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do
forj:=1to 10 do
begin
®Input (x4 Yg;) to the NN, and the NN outputs.

@ Convert the two outputs of the NN in interval [0 +1] into angles 6 j and 8, j in[0 2xn}
®lInput 0;;and 6;; to the system.
@®Obtain (x Y i) (* position of the top of the arm *)

@ Calculate the temporary squared error of the top of the arm.  (* (x I xayj)2 +(y = Ydj ) 2 *)
@ Accumulate the squared error.
end;
@add the perturbation vector to the weights of the NN.
for j:=1to 10 do
begin
®input (x4 Yg;) to the NN, and the NN outputs.

@ Convert the two outputs of the NN in interval [0 +1] into angles 64 j and 6, jinf[0 27].
@®Input 6;and 6;; to the system.

@Obtain (X | y i) (* position under perturbation *)

@ Calculate the temporary squared error of the top of the arm.  (* (X i xdj)2 +(Vj ~ Yaj) 2w

@ Accumulate the squared error under perturbation.

end;
@ Calculate modifying quantities for all weights and thresholds by using (7).
@ Update weights of the NN.
until{ the error is enough small }

Fig. 3. Implementation of the learning rule 1.

perturbation to the optimization problem, stochastic approgf a plant, the NN can be used as a controller of the plant
imation, adaptive control, and neural-network controller ares a direct controller. Fig. 1 shows the basic arrangement
its applications [19]-[22]. He points out that simultaneou®r neuro-controller to learn the inverse system of the plant.
perturbation type of methods are superior to the conventiofédle arrangement shown in Fig. 1 is called indirect inverse
optimization techniques. Independently, the authors also hawedeling. In this arrangement, it is possible for the NN to
reported a comparison between the simultaneous perturbatiasrk as a controller even during so-called learning process.
type of learning rule of NN’s, the simple finite difference In this paper, we consider the direct control scheme by an
type of learning rule and the ordinary BP method [23NN using the arrangement shown in Fig. 1. This is the simplest
Simultaneous perturbation technique as a learning rule farangement to control the unknown plant and simultaneously,
neuro-controllers is promising in the control problem as web learn an inverse system of the plant. However, in the
[21], [22], [24]. Alespectoret al. and Cauwenberghs alsoarrangement, the error are obtained through the unknown plant.
proposed a parallel gradient descent method and stocha$herefore, we need information about the plant. Next, we
error-descent algorithm, respectively, which are identical txplain this point.
ours [25], [26]. Moreover, Fujita proposed trial-and-error For convenience, in this discussion, we assume a case
correlation learning rule of NN'’s. His learning rules includghat an input of the plant; and an output of the plant
these types of learning rule in a broad sense [27]. y are both scalar and a characteristic of the plgnt=

In this paper, we describe two learning rules via the simuf{(«) is static. However, similar discussion is applicable to
taneous perturbation for the direct control scheme. By usingultinput-multioutput dynamic plant.
the learning rules provided here, the NN as neuro-controllerNow, w = (w?!, .-, w™)” denotes a weight vector of the
can learn an inverse of a plant without any information aboMIN including thresholds. Superscriff is transpose of a
the sensitivity function of the objective plant. vector. Ordinarily, an error function’(w) is defined as the
difference between an output of a planand a desired output
1yq for the plant in the arrangement shown in Fig. 1. We must
adjust the weights in the NN so that the NN must produce
an input of the plant that decreases the error. When we use

There are many schemes to utilize NN’s in the field afsual gradient method as a learning rule in this arrangement,
control problem [1], [2]. If an NN can learn an inverse systenm order to update the weights, we need a gradient of the error

Il. NEURO-CONTROLLER AND LEARNING
RULE USING SIMULTANEOUS PERTURBATION
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do
forj:=1 to 10 do
begin

@®Input (xy Yy;) to the NN, and the NN outputs.

@ Convert the two outputs of the NN in interval [0 +1] into angles 01 j and 6, j in[0 2n].

®lInput §);and 65 to the system.

@®Obtain (xj yj) .

(* position of the top of the arm *)

@ Calculate the error of the top of thearm.  (* (x; —xg;) and (¥, — ygi)*)

@add the perturbation vector to the weights of the NN.

@®Input (xdj ydj) to th

e NN, and the NN outputs.

@ Convert the two outputs of the NN in interval [0 +1] into angles 6 j and 6, j in[0 2x].

®Input #);and 6;; to the system.

@ Calculate a difference of the position.

(* position under perturbation *)

¢ (% -x;)and (J;-y;)®

@ Calculate modifying quantities for all weights and thresholds by using (14).
@ Accumulate the modifying quantities for all weights.

end;

@ Update the weights of the NN.
until{ the error is enough small }

O Desired
positions
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learning

a After 10000
learning

x After 20000
learning

Fig. 4. Implementation of the learning rule 2.
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Fig. 5. Simulation results of two-link arm by the learning rule 1.

function. Namely, we must know the following quantity to

utilize the gradient method:
aJ(w)

ow

Define an error function as follows:

1

J(w) = 5y = ya)*.

2
Thus, we have

dJ(w) 9J(w) Oy

ow

9 (u) Ou

=° du Ow

wheree = (y — yq).

oy Ow

9f(u)

eaw

(1)

(2)
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Fig. 6. Simulation result of two-link arm by the learning rule 2.
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Then, we can measurethat is an error between the actual
output of the plant and the corresponding desired output.
Moreover, we can calculai@u/dw as same as the error BP.

At the same time, we must know the sensitivity function
O0f(u)/0u or, at least, the sign of the sensitivity function of
the plant. However, if the plant is completely unknown, we
can neither obtain the quantityf(u(w))/0u nor the sign of
this quantity. Therefore, it is difficult to use gradient type of
learning rule in this arrangement. This is one of difficulties
that arises in the indirect inverse modeling scheme.

On the other hand, the difference approximation is a well-
known approach to obtain a derivative of a function. We can
utilize this kind of technique to our problem.



1122 IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 8, NO. 5, SEPTEMBER 1997

|
Learning - ~
. mechanism
Time Delay — *

Desired Neural Network Input
output y, npu Output ¥

Plant [ % -

|

Fig. 7. Configuration. A time-delay NN is used to handle the dynamic plant.

de
for p:=1 to 40 do
begin
@Input y,p to the NN, and the NN outputs.
@ Convert the output of the NN in interval [0 +1] into [-2.5 +2.5].
@Input this to the plant.

@Obtainy,.  (* output of the plant *)
@Calculate the temporary squared error of the plant. (* (y p = ydp) 2 *)

@ Accumulate the squared error.
end;
@add the perturbation vector to the weights of the NN,
for p:==1 to 40 do
begin
@Input y, to the NN and the NN outputs.
@Convert the output of the NN in interval {0 +1}into [-2.5 +2.5].
@ Input this to the system.
@Obtain }7 D (* output of the plant under perturbation *)

@ Calculate the temporary squared error of the plant.(* (j p— ydp) 2 *)

@ Accumulate the squared error under perturbation.

end;
@ Calculate modifying quantities for all weights and thresholds by using (7).
@ Update weights of the NN.
until{ the error is enough small }

Fig. 8. Implementation of the learning rule 1.

We add a small perturbatiarto theith weight of the weight  Also by using (5), we can apply the gradient method to the
vector, that is, we define* as follows: indirect inverse modeling scheme.

As a result, introducing the idea of the difference approx-
imation provides the possibility of using the indirect inverse

First, we can employ the difference approximation to obtaimodeling scheme more easily. There is no need to know the
0J(w)/0w overall. That is, by using the following quantity,sensitivity function of the unknown plant. One of the authors

wi:(wlv"'vwi+cv"'7wn)T' (3)

we can update the weights of the NN: investigated a feasibility of this type of learning rule in the
8J(w)  J(w') — J(w) control problem [17].
St . : (4)  However, this simple idea described above needs much
more forward operations of the NN and the plant. Namely, we

On the other hand, sinag which is the output of the NN, must knowJ(wi) foralli=1,---,n to obtain the modifying

is a function of the weight vector, we obtain . .
‘ quantity for all weights. Therefore, we cannot expect parallel
Oy flu(w')) = flu(w)) 5) operation of modifying the weights. If the NN is large, this
dwt ¢ ' approach is not promising.
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Fig. 9. Simulation results using a time-delay NN for sinusoidal desired output by the learning rule 1.
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Fig. 10. Simulation results using a time-delay NN for square desired output by the learning rule 1.

In order to overcome this difficulty, we introduce an idea Learning Rule 1:First, we estimaté.//dw overall like (4),

of a simultaneous perturbation.

then theith component of the modifying vector of the weights

First of all, we define the following perturbation vecter Aw, is defined as follows:

that gives small disturbances to all weights

where the subscript denotes an iteration.
The perturbation vectat, has the following properties.

[Al]

[A2]
[A3]

Awi — J(u(wt + ct)) - J(u(wt))
e =(cte)” (6) t i '

Weights of the network are updated in the following manner:

(7)

Wyp1 = Wy — Awy

¢ is a uniformly randpm number in an inte_rvalwherea is a positive learning coefficient.
[ Cmax; Cmax| €XCept an interval—cuin, émin] and IS | earning Rule 2:Next, we estimate the first differential
independent with respect to tintefor i = 1,---,n.  coefficient of the unknown plant with respect to the weights of

Ble) =0 the NN, then we can obtain the following modifying quantity:
i wwy + ¢)) — flulw
i g 0 ifi#y Awp = etf( (wy t)2 flu(wy)) )
Bleiet) = {02 if 1 =j. Gt

where e; = (y — yat). Since the errore, can be easily
E() denotes expectations? is a variance of the measured, in this learning rule, ondlf /0w is estimated by
perturbationc;. means of the simultaneous perturbation.
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Fig. 11. Simulation results using a time-delay NN for random desired output by the learning rule 1.

do

begin
@Input Yy to the NN, and the NN outputs.
@ Convert the output of the NN in interval [0 +1] into [-2.5 +2.5].
@Input this to the plant.

@Obtain yp. (* output of the plant *)
@ Calculate the error of the plant. (*(¥, ~ Yap) *)

@add perturbation vector to weights of the NN.

@Input yjp to the NN, and the NN outputs.
@ Convert the output of the NN in interval {0 +1] into [-2.5 +2.5].
@ 1nnut thic to the plant

anpul UAIs 10 100 planll.

@Obtain y p- (* output of the plant under perturbation *)
@ Calculate a difference of the plant output. (* (y p=Vap)

@ Calculate modifying quantities for all weights and thresholds by using (8).
@ Update weights of the NN.

end;

until{ the error is enough small }

Fig. 12. Implementation of the learning rule 2.
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Fig. 13. Simulation results using a time-delay NN for sinusoidal desired output by the learning rule 2.
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Fig. 14. Simulation results using a time-delay NN for square desired output by the learning rule 2.

Let us consider the quantity described in (7). Expandinglue. Therefore, we can find the learning rule (7) a type of

J(we 4+ ¢;) atwy, there exists certain points; such that stochastic gradient methods. If we would like to prove the
convergence of this type of algorithm, we need conditions
Awi = J(we + ctz — J(w) for the perturbation, the error function, and so on. Moreover,

Ct we have to a reducing learning coefficientinto account,

_ iaj(wt) i T82J(w51)
¢ Ow 2¢i 1 Ouw?

especially, under a stochastic environment. Detailed strict
convergence conditions are described by Spall [20]. We can
] o . . _obtain a similar result for (8) as well.

The pointwg exists in a hyper-cube with a diagonal line  gagijcally, these learning rules are concrete implementations
connectingw; andw; + c;. Taking expectation of the aboveys simultaneous perturbation technique by Maeda [17], Spall

equation, from the assumptions [A1]-[A3] of properties of th@o], and Alespectoet al. [25] for neuro-controllers.
perturbation, we have the following relation:

. 8J(wt) 1 TaQJwSIC }
- e

EB(aw;) = ow' +E{2c§ct ow? , - il i
In this chapter, we examine a viability of these learning rules
This means that if the perturbatian is sufficiently small, by numerical simulations. NN’s used in these simulations are
the second term of the right-hand side of (10) is small. Thehree-layered feedforward networks with ten neurons in their
the right side of (10) is nearly equal to the derivative dfidden layers. The weights and the thresholds of the NN’s are
the error functiond.J(w;)/0w"® in the sense of the expectedrandomly initialized in the intervaHf 1 +1]. The perturbations

Ct. (9)

(10) [ll. SIMULATION RESULTS
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Fig. 15. Simulation results using a time-delay NN for random desired output by the learning rule 2.

used these simulations are randomly generated in the interval
[-0.01+0.01] except £0.001+0.001]. That iS¢ax = 0.01
and c,;n = 0.001. A characteristics of each neuron is the
ordinary sigmoid functiori/(1+ ¢~*) except the input layer.
This layer is linear.

Simulation 1: First, we handle a simple static problem. We
consider a two-link planar arm shown in Fig. 8. and [,
denote length of the arm¢$; and #, represent angles shown
in the figure. Top of the arm i&cy). « andy are represented
as follows using arm length, />, and angle®,, 6

x =1y cosf; + 1z cos(by + 02)
y=11sin6 +lysin(f; + 62). (11)

Fig. 16. Recurrent NN.

_ _ If we use the learning rule 1 and modify the weights every
Then, we would like to find, and®, so as to agrez/y) sets of the desired positions, we can define the total error

With a desired pOSitiO'(xd/yd): A NN u§ed here has tW‘? fupction for the ten desired positions as follows, and can use
inputs and two outputs. Open circles in Fig. 2 show the desir learning rule 1 of (7) directly

positions.
Implementation: We prepare ten positions to be learned. We 10
assume that we can measure a position of the top of the arm. J= Z{(xj — 24i)? + (yj — ya))?}- (13)

Thus, we obtain an squared error for bathand i axes for

i=1
the jth position

That is, the error function is a sum of a squared error of
(zj — 2q;)® + (y; — ya;)* (12) both axes for ten desired positions.
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Fig. 17. Simulation results using a recurrent NN for sinusoidal desired output by the learning rule 1.
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Fig. 18. Simulation results using a recurrent NN for square desired output by the learning rule 1.

The desired positions in-y axes are applied to the networkwhere and# denote positions when we added the perturba-
The NN outputs two values in [0 1]. These values amgon vector to the weights.
converted to [0 2], then applied to the system. We measure When a desired position are applied to the NN, we can
a position of the top of the arm and calculate the squareégeasure a position of the arm and calculate erfofs— z4;)
error. We repeat the same procedure for all desired positicum(yj_ydj)_ Next, we add the perturbation to the NN. We re-
and obtain the total error. Next, with perturbation, we reiterafgrate the same procedure for the same desired position. Then,
the same procedure. Then, we obtain the total error similarlyje optain a position of the arm. Using (14), we calculate mod-
After that, the weights of the NN were updated by the learningjing quantities for the weights. We accumulate these for one
rule 1 of (7). The details are shown in Fig. 3. cycle. Modification of the weights of the NN are carried out for

In case of the learning rule 2 of (8), we do not use the totgl,ery cycle. The details of this procedure are shown in Fig. 4.
error function like (13). The objective system has two outputs Simulation results are shown in Figs. 5 and 6. Gradually
of z andy axes. Therefore, by using errofs; — z4;) and ’
(y; — yq), we can derive the following rule corresponding t
the learning rule 2 of (8):

the top of the arm is approaching to the desired position as
he learning proceeds. Then, the NN learns an inverse mapping
(xai yai) — (61 62) at those ten positions.
Awi = (2 — 2g) 22 + (yy — yaj) 2 (14) _Slmylatlon 2: Next, we deal_ with a tra_ckmg. problem..An
Ct Ct objective plant has the following dynamics with a nonlinear

~
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Fig. 19. Simulation results using a recurrent NN for sinusoidal desired output by the learning rule 2.
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Fig. 20. Simulation results using a recurrent NN for square desired output by the learning rule 2.

term; In this example, inputs and outputs of the plant are con-
nected to the time-delay feedforward NN. Using unit time-
Ui = —a1lfs_1 — QoYr—o — agyg_Q + w1 +bus_s  (15) delay elements, _i_nputs to the_ network are- 1, up—2, Y1,
and y;_». In addition, the desired output is also one of the
inputs to the network. Therefore, the network converts these
;ive inputs to manipulated variable.
The desired output of the plant are sinusoidal, square,

the pl?nt agrees thh a ﬁeswe;d OUtPUI' h N or random waves, for example, shown in Fig. 9. One cycle
Implementation: Overall configuration are shown in Fig. 7..qnsists of 40 iterations. Output [0 1] of the NN is linearly
We use so-called time-delay feedforward NN with ten neuroRg nverted to [2.5 2.5].

in the hidden layer. The time-delay NN's consists of an or- \yhen we utilize the learning rule 1, we define a total error
dinary feedforward NN’s and unit time-delay elements. Feegjnction as follows:

forward NN’s can handle static problems only, because they 40

have no memory elements. However, by adding time-delay J(w) =2 Z(yp — Yap)? (16)
elements, they can deal with dynamic problems, virtually.

wherea; = —1,a2, = 0.5,a3 = 0.1,b = 0.4.
We would like to find an optimal input so that an output o

p=1
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wherep denotes the sampling time in each repetition gpg
represents a desired output of the plant. That is, the total
error function is the sum of the squared error between 51]
practical output and a desired output of the plant for everyz]
one cycle.

First, we can measure a series of outputs of the plant for or{%]
cycle. Thus, we obtain a value of the total error function as a
sum of the squared error at each sampling time. Next, we addl
the perturbation vector to the weight vector of the NN. Then,
we repeat the same procedure. As a result, we obtain a valii#
of the total error function under the perturbation. We apply th?e
learning rule 1 shown in (7). Modification of the weights is
carried out for every cycle. The details of the procedure ar&]
shown in Fig. 8.

Consider the learning rule 2. In this learning rule, we have
to calculate the modifying quantities of the weights for everyls]
sampling time. Of course, we can sum up these quantities and
update for every cycle as well. In this simulation, we updatgo]
every sampling time.

A desired output applies to the NN, the NN outputs an inplfgO
for the plant. Then, we can measure an output of the plant. We

add the perturbation to the NN and repeat the same procedure. . _
11] M. Khalid, S. Omatu, and R. Yusof, “MIMO furnace control with neural

We obtain an output of the plant for the same desired out
under an effect of the perturbation. By using the outputs of the]
plant, we utilize (8) and update the weights of the NN. Thﬁs]
details are shown in Fig. 12.

The results of the simulations are shown in Figs. 13-15.
Also in these examples, the more the learning proceeds, {hd
more the accuracy improved.

The results of the simulations are shown in Figs. 9—11. Tl]
outputs of the plant are close to the desired outputs after
enough learning.

We tried the same simulation for a different architecturi6]
of NN. Instead of the time-delay NN in Fig. 7, we apply a
recurrent NN shown in Fig. 16. The setting of these simulgt7]
tions is as same as the previous examples. The simulation
results by the learning rule 1 and the learning rule 2 are
shown in Figs. 17-20. These results show that the learns)
ing rules using simultaneous perturbation is applicable to
recurrent NN’s. [19]

IV. CONCLUSION [20]

When we use an indirect inverse modeling by NN's, in
order that we let the NN learn an inverse of an plant,
must know a sensitivity function of the plant, which may not
be available. Using the difference approximation techniqui?|
we can apply a gradient-like learning rule to this scheme
without information about the sensitivity function of the plantj23]
This paper provides a difference approximation type learning
rule using the simultaneous perturbation, which is a stochas[gg]
gradient-like learning rule, for the indirect inverse modeling
by NN’'s. Two learning rules are described. These rules need

; . . o o 5]
only twice operations to obtain the modifying quantities o
all weights.

In order to confirm a feasibility of the scheme, we examined
two examples; a two-link planar arm and a tracking probler[%]
of a nonlinear dynamical system.
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