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Abstract 
Modeled f rom human neurons, various types of ar- 

tificial neurons are developed and applied to control 
algorithm. I n  this paper, the weights and structure 
of feedforward neural network controller are updated 
using new skill learning paradigm which consists of 
supervisory controller, chaotic neuron filter and as- 
sociative memory. The pattern of system nonlinear- 
ity along the desired path is extracted while supervi- 
sory controller guarantees stability in the sense of the 
boundedness of tracking error. Next the pattern is de- 
vided into small segments and encoded to bipolar codes 
depending on the existence of critical points. Compar- 
ing the encoded pattern with pre-stored neural parame- 
ters and pattern pairs through associative memory, the 
most similar one is obtained. Also, chaotic neuron f i l -  
ter is used to  add perturbation to neural parameters 
when the training of feedforward neural network is not 
successful with the pre-stored parameters. Finally the 
memory is updated with new successful parameters and 
pattern pairs. Simulation is performed for  simple two- 
link robot in case of the slight modification of desired 
trajectory. 

1 Introduction 
Since the artificial neural network was born as a 

result of investigating and modeling of human neu- 
rons, it has found wide applications due to its function 
approximation capability. Related to control theory, 
many researchers have tried to find the efficient way 
of using neural network for control algorithm. Despite 
the generic defects neural network bears, flourishing of 
this field stems from a certain belief that the perfect 
mimicry of human behavior will come true someday. 
Though the modern technical improvement enables us 
to precisely control the systems of severe nonlinear- 
ity, no one doubts there are kinds of works in which 
man is superior to the automatic controller. What we 
pursue through the study of neural network is to de- 

vise human-type controller that replaces the functions 
which have been thought of man's own. 
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1 Well Classified ? 

Fig. 1 : Macroscopic Model of Brain 

I r 1 

Fig. 2 : Structure Paradigm for Neurons 

Just as the various kinds of human neurons in 
charge of various functions in different parts, there 
are many kinds of artificial neural network. Each has 
the prominent figures and own applications. If we 
want to  design a human-type controller that has man's 
behavioral characteristics, combining various kinds of 
artificial neural networks may be one promising way. 
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In Fig. 1 our macroscopic model of human decison- 
making process is illustrated. Many researchers [5] [6] 
found out brain chaos takes important role in infor- 
mation processing. In our model it is assumed that 
chaotic filter adds perturbation to  remindeddata and 
helps searching for the proper data when none of the 
pre-stored data results in good performance. With 
the data successfully performed data base is updated. 
Similar to  the human brain model, the neural net- 
work controller of Fig. 2 is devised. Here supervisory 
controller based upon Lyapunov theory prevents the 
whole system from getting unstable during pattern ex- 
traction. It also thins the input dimension of feedfor- 
ward neural network that one input neural network 
can be used and computation burden is reduced. So 
to speak, the supervisory controller acts as a teacher 
who supervises a student not to  fall into risky situ- 
ations. Once the system nonlinearity pattern is ex- 
tracted along desired path, it is devided into small seg- 
ments and encoded to bipolar codes depending upon 
the existence of critical point in the certain segment. 
This encoded pattern is passed to  associative memory 
block and the most similar parameters and pattern 
pair is obtained through adaptive resonance. Then, 
the classified neural network structure and weights 
which are judged proper to the given function pat- 
tern is adjusted to  neural network controller. If the 
neuro-controller does not show the good performance, 
chaotic neuron filter is activated to  keep imposing per- 
turbation to  theoriginal neural parameters until the 
controller works well. The associative memory is up- 
dated with the final successful parameter-pattern pair 
and one skill learning itteration ends. 

This paper consists of the following contents. In 
section 2, the details of supervisory controller, asso- 
ciative memory and chaotic neuron filter are explained 
respectively in subsections. In section 3, simple two- 
link articulated robot is selected to  simulate the pro- 
posed paradigm under similar circumstance when a 
man is learning the manipulation skills of his hand. 
Section 4 is conclusion and further study. 

2 Skill Learning Paradigm 
2.1 Supervisory Control Algorithm for 

Supervisory controller based on Lyapunov theory 
is originally developed by Wang (111 to stabilize his 
fuzzy adaptive controller. We adapted this algorithm 
to neural network identifier [7] and modified it to be 
applicable to multi-input robot dynamics 181. The 
extended supervisory control algorithm is as follows. 
The robot dynamics can be described by the following 

Robot Dynamics 

equation. 
M(q)ii  + N ( q ,  4) = 7- (1) 

where M ( q )  is an inertia matrix and N(q ,  q )  includes 
centrifugal, Coriolis, and gravitational force. To apply 
the supervisory control algorithm, the follon-ing as- 
sumptions should be valid for the dynamics described 
by equation (1). 

Assumption 1 Inertia matriz M ( q )  is known, i.e., 
all uncertainties belong to  N(q ,  q ) .  

Assumption 2 The state vector q , q  in (1) is m.ea- 
surable. 

Besides the assumptions above, robot dynamics has 
following property. 
Property 1 In robot dynamics described by (1): there 
exist C O ,  c1 > 0 such that 

Define F(q ,q )  = -M- l (q )N(q ,q )  and U = ibl - '~ ,  
then the equation (1) is changed to, 

q = F ( q ,  q )  + U .  (3) 

To induce the tracking error dynamics, define qd is 
the desired trajectory, and let the error vector qe = 
q - q d ,  then the robot system can be controlled with 
the following control input. 

U* = -F(q ,  0) + i d  - Ke (4) 

where er = [qFcjF] is the new error vector and K = 
[Kl Kz] is chosen to  make the matrix 

( 5 )  

has the eigenvalues in the left half plane. Applying 
(4) t o  (3) renders the system asymptotically stable, 
but this control input can not be implemented since 
F ( q ,  q )  in U* is unknown. This impractical input, U * ,  

just helps the conversion of ( 3 )  to tracking error dy- 
namics. Now, Suppose that the input, U ,  is the ad- 
dition of the neural network controller, uCr and the 
supervisory controller, us ~ that  is 

U = U ,  + U ,  

Substituting (6) to (3),  (3) becomes 

q = F ( q ,  4) + ( U ,  + U,)  
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By subtraction and addition of U * ,  the equation of 
error is obtained: 

Instead of the infeasible control input U* of (4), the 
controller which consists of neural network identifier 
and PD-type controller is used in our identification 

qe = -Ke + ( U ,  + U ,  - U * )  (8) procedure: 

or equivalently in the other vector form, 

e = Ae + B(u, + us - U*) (9) 

where 

Define V = i e T P e  where P is a symmetric posi- 
tive definite matrix satisfying the following Lyapunov 
equation. 

A ~ P +  PA = -Q (11) 
where Q is a positive definite matrix. 

Lyapunov's direct method. 
Now, the following theorem is derived based on the 

Theorem 1 Consider the robot dynamics described 
by (l), satisfying Assumption 1 - 2, and subject to  
control given by 

(12) 
M(q)'ILcif v < KIf 

M(q)u,if v > %I 
r = {  

and 

where VM > 0 is  a constant specified by the designer. 
Then, V < V, as t ---t CO. 

Proof when V > vv, 

V = --e 1 ,  Q e + e T P B ( u - u * )  
2 
1 
2 
1 

= 

I -,eTQe + IleTPBIIIIF(~l Oil 

--eTQe + eTPB(u,l + F ( q , q ) )  

+er PBu,l 

0 

U, = -NF(q,  4)  + qd - Ke. (16) 

where NF takes the place of F in (4). Though any 
kind of control scheme is available for the candidate 
of uc, controller of (16) with simple feedforward neural 
network in it is chosen in this paper. It is also obvious 
that with the help of supervisory controller, U,, the 
system controlled by U, does not lose stability even in 
the case the shape of NF is far from that of F .  As iter- 
ation goes over and over, NF is trained by the samples 
from F with back propagation algorithm, and finally 
cancels out F .  If the networks becomes sufficiently 
accurate to  verify the cancellation, then the error is 
described by 

, so that the system is controlled to be asymptotically 
stable. 

If we confine a skill to  learn in our research to re- 
peated task and choose sufficiently small value for v&, 
it is possible to make neural network have one input 
variable which is time t at each cycle. Then NF(q,  q )  
is changed to N F ( ~ )  where t belongs to  skill exhibi- 
tion time interval [a, b] that the analysis and design of 
associative memory and chaotic neuron filter becomes 
easy. When neural network is well trained to generate 
accurate output enough to  cancel the system nonlin- 
earity, the overall system is finely controlled along the 
designated trajectory without the help of supervisory 
controller. This methodology is very similar to that of 
human in trying to send motorneurons proper signal 
at the specified point of skill exhibition. 

From the viewpoint of classical control theory, the 
merit of our hybrid controller is the reduction of con- 
trol effort. Supervisory control resembles relay control 
of variable structure control, so control effort is exces- 
sive and chattering occurs. Combining the supervisory 
control and PD-type control with neural network iden- 
tifier, such problems can be eliminated because after 
precise identification V scarcely ever exceeds V, and 
supervisory control is not activated. 
2.2 Associative Memory 

Using neural network to  approximate a funtion, it 
is difficult to find proper structure proportional to 
the complexity of the function. There are many con- 
structive [4] and destructive algorithms [3] to evolve 
to optimal structure based upon sensitivity and other 
heuristics. In this paper we employ Hopfield associa- 
tive memory [l] to search out the most similar function 

e EZ Ae (17) 
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pattern among pre-stored data set. First, illustrated 
in Fig. 3 the time interval of the extracted pattern 
is devided into n segments. Next, Each segment is 
encoded with 1 or -1 depending on the existence of 
critical point near it. Marking the segments around 
a critical point as well as the segment which contains 
critical point is proved very helpful in finding the most 
similar pattern by associative memory. The resultant 
n-digit bipolar code xnew is 

= {-1,1,. * .  , -1). (19) 

Pattern data set each element of which is paired with 
known optimal network structure through previous 
trial-and-error procedure is stored in connection ma- 
trix using outer product construction below. 

m 

a=l 
m 

= E((.")(.",' - I n ) .  (21) 
a=l 

The extracted pattern xnew is now attracted to  one 
of fundamental memories through adaptive resonance 
asynchronously. 

If the most similar fundamental memory is found, the 
weights and network structure attached to  this pat- 
tern are loaded to  neuro-controller described in the 
previous subsection. Using this parameters neruo- 
controller controls system. If the resultant perfor- 
mance is evaluated and judged bad, chaotic neuron 
filter of next subsection is activated. The chaotic neu- 
ron filter continues to  add perturbation to  network 
structure until performance evaluation exceeds pre- 
scribed threshold. During this perturbation process 
weights are chosen arbitrarily. Then the new success- 
ful parameters and pattern pair is overmrited on the 
fundamental memories and one skill learning epoch 
ends. The updated connection matrix is 

The encoding and content addressing procedure 
explained above relies on ambiguous conjecture that 
there is clclse relationship between network structure 
and the number and position of critical points of ap- 
proximated function. Once network structure is deter- 
mined, the maximum number of criticial points seems 

determined. So there must be a necessary condition 
about the size of network given the number of crit- 
ical points of approximated function. Hovever, even 
though the necessary condition is proved and satisfied, 
nobody can tell such network is fitted to  a function 
through backpropogation. More rigorous mathemat- 
ical analysis related to  backpropogation algorithm is 
need to  show the validity of the proposed structure 
finding algorithm and remained as a further study. 

Fi 
Pattern i A 

1 1 1 1 1 1 1 1 1 1 1 1 1 1  
t 

7 b 
Xl = { -1 - 1  - 1  1 1 1 - 1  -1  1 1 1 - 1  -1  -1 } L 

Fig. 3 : Pattern Encoding 
2.3 Chaotic Neuron Filter 

By virtue of associative memory network structure 
and weights set judged appropriate t o  the given pat- 
tern is recalled. If it does not work successfully with 
neuro-controller, chaotic neuron filter of this subsec- 
tion adds increasing amount of perturbation with re- 
spect to  iteration to  recalled network structure until 
proper structure is achieved. 

Aihara et al. [a] suggest a chaotic neuron model 
based upon Caianiello's neuron equation. The chaotic 
neuron model which includes conventional models of 
neural networks reads 

n 

P(" + 1) = f (A(n)  - k 'g(p(n  - 7-11 - 61, (24) 
r=O 

where p ( n  + 1) is the output of the neuron at the dis- 
crete time n + 1, which takes an analog value between 
0 and 1; f is a continuous output function, e.g. the 
sigmoid function; and g is a function describing the 
relationship between the analog output and the mag- 
nitude of the refractoriness to the following stimula- 
tion. A(n)  is the strength of the input at 7 1 .  cr is a 
positive para.meter and k is the damping factor of the 
refractoriness, which takes a value between 0 and 1. 
By defining the internal state q(n $- 1) as follows; 

n 

q ( n  + 1) = A(n)  - k r g ( p ( n  - 7 . ) )  - 6; (25) 
r=O 
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(24) can be simplified as (26) and (27): 

P ( n  + 1) = f ( d n  + I)), (26) 

(27) 4(n + 1) = M n )  - %?(f(q(n)))  + 4 n ) ,  
where 

~ ( n )  = A(n) - kA(n  - 1) - (1 - k)b.  (28) 

If the output function, f , and the refractory function, 
g,  take the following forms: 

3-layer neural network with a input node, 1 : ny : 
ni : 2 is available for neuro-controller due to  the thin- 
ing effect of supervisory controller. The performance 
of neuro-controller is evaluated by following equation. 

where Nitrn is the number of iteration and El500 is 
the average error at the 1500th iteration. If the per- 
formance index J p  is greater than 1, increasing amout 
of perturbation is added by chaotic neuron filter be- 
low. 

where and G controls the shape of the functions f 
and g, respectively, and the magnitude of the output 
function varies from -1 to  1. The refractory function g 
is a kind of hysteresis function. As the input inreases, 
the upper Gaussiasn funcion is traced. So, it gives a 
directionality to  q and it is anlogous to  the momentum. 
The internal state q(n+ 1) is drastically changed from 
A(n) when q(n) is near 0. Thus the output undergoes 
unstable motions near the origin. Fig. 4 shows the 
patterns of output p and internal state q with respect 
to  u(n). When the magnitude of input is larger than 
0.2, the output is almost the same as the input. But 
the input is near 0, the output oscillates chaotically. 
It has the tendancy to  wander positive region when 
the input is positive while it wanders negative region 
when the input is negative due to  the hysteresis-like 
refractoriness. 

-1 .o -. 5 0.0 .5 1 .o 
Fig. 4 : p ( n )  versus U(.) 

where nY(0) = nY, nT(0) = n$> p l ( k )  = nY(1 - 
e - k / T 1 ) ,  p a ( l ~ )  = ng(1 - e-'lT2) and [.I is quantizing 
operator that  produces the largest integer not over the 
operand. 

With input a ( n )  = 0 we use the maximum chaotic 
point as shown in Fig. 4. Including p i ( k ) ,  the per- 
turbation gradually grows to extend search space of 
optimum structure and is saturated to nTLq. 

4 

__+ : Stored Pattern 

- - b : Learned Pattern I 
Fig. 5 : Two-Link Robot 

3 Simulation 

which has the following M ( q )  and N ( q ,  q )  
The simple two link robot of Fig. 5 is considered, 
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+mdgl cos(q1) + m 2 g ( l l c o s ( q l )  100th revolution. 

+ l g z c o s ( q 1  + q 2 ) )  (38) 

+ m 2 g l g 2  cos(q1 + q 2 )  (39) 
~ 2 1  = m 2 1 1 1 g 2  sin(qz)qT 

1 

0.5 

where ml = 2, m2 = 1, g = 9.8, l g l  = 0 5 ,  lg2 = 0.5, 0 
11 = 1,  12 = 1, I1 = 0.5, I2 = 0.25, and q1,qz denote 

1 the joint angles. -1 -0.5 0 0.5 

X 

Fig. 6 : tracking control(1st iteration) 

I I ' I  

3.1 Circle Tracking 

To show the validity of supervisory controller and I I I 
-1 -0.5 0 0.5 1 neuro-controller, circle tracking control is simulated. 

by ( Z d ( t ) , Y d ( t ) )  = (0.5 + 0.3sin(t),O.S + 0.3cos(t)). 
q d l ,  q d 2  is calculated by inverse kinematics. w e  choose 

= 0.5, Q = d i a g [ l 0 , . . . , 1 0 ] ,  CO = 10, ~1 = 10 

The desired path in the Cartesian coordinate is given X 

Fig. 7 : tracking control(100th iteration) 
and KlrK2 are the diagonal matrices whose elements 
on the diagonal are 2. Two neural networks which 
have the structure of N 1 , 1 0 , 6 , 2  are used to identify the 
function N ( q ,  q ) .  The sigmoid functions for the output 
nodes are scaled properly according to  the variation 
range of Ni(q, q ) ,  that is, 

S,(z) = Ktanh(z)  (40) 

where K is a scale factor. 

The following figures show the results of the identi- 
fication and control of the robot dynamics using neural 
networks under the supervisory control while learning. 
Fig. 6 depicts the tracking of the circle at the first rev- 
olution. Fig. 7 shows the tracking of the circle at  the 

3.2 Memory Update 
The feasibility of our whole control paradigm is 

checked through momory update simulation. As 
shown in Fig. 5 four pattern(1, 4, 7, 10) is initially 
stored in associative memory. The circle is same with 
the previous simulation and all the angles between the 
desired trajectories are equivalent. The initial funda- 
mental memories are shown in Table l. Here for the 
convenience of display -1 is replaced with 0. 

Table 1: Initial Fundamental Memories 

10 

The result of tracking control with test pat- 
terns(2,3,3,6,8,9,11,12) are as follows. 
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Table 2: Result with Test Patterns 

2 
6 
8 

The most of test patterns near horizontal initial 
patterns(4, 10) are not easily controlled with recalled 
network structures and weights except pattern 11. All 
near vertical initial patterns(1, 7) brings about good 
control performance. The result looks plausible cause 
the variation range of state vectors q , q  is relatively 
large along the horizontal line. 

Network structures of the failed test patterns are 
perturbed with chaotic neuron filter until performance 
evaluation exceeds specified threshold. The successful 
parameters(netw0rk structure and weights) are stored 
in connection matrix so the final memory update in 
Table 3 is obtained. 

980 1780 
1120 2010 
1050 1890 

Table 3: Final Memory Update 

11 1370 
12 810 

Number I Codes I n1 I 722 

1 I 0001110000 I 10 I 6 

1740 
1530 

4 I 1100111000 1 15 I 10 
7 I 1110000000 I 10 I 8 
10 
3 

0011100111 16 10 
1001110001 14 12 

5 
9 

At the first step of structure finding routine the 
weights as well as the network structure is loaded so 
it is also very helpful to reduce the learning time of 
feedforward neural network. For the successful test 
patterns the learning time until average error goes be- 
low 0.01 is compared with randomly chosen weights 
case.(see Table 4) 

4 Conclusion and Further Study 
To mimic the human behavior of learning skills, a 

skill learning paradigm using feedforward neural net- 
work, Hopfield network and chaotic neuron is sug- 

1110011100 16 I 11 
0111001110 16 I 12 

Table 4: Learning Time Comparison 

I Number I Weights Load I Random Selection 1 

gested and applied to control the robot dynamices. 
Supervisory controller maintains stability during pat- 
tern extraction and thins the input dimension of feed- 
forward neural network in neuro-controller. Then, 
the pattern is classified by Hopfield associative mem- 
ory and the paired structure and weights are loaded 
to  neuro-controller. When performance is not good 
enough, chaotic neuron filter is applied to add increas- 
ing amount of perturbation for the purpose of estend- 
ing search space. The proposed paradigm can be ap- 
plied to any kind of skill learning process with slight 
modification. 

Besides, the supervisory controller with neuro- 
controller is a useful hybrid-type controller because 
it reduces control effort of classical hard controller 
and involves learning characteristic of human-type soft 
controller. Additionally the paradigm proposes one 
feasible solution to find the optimal structure propor- 
tional to the complextiy of approximated function. 
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