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Abstract

This paper presents a linguistic learning-based fuzzy
controller of which learning is accomplished in a sequen-
tial manner via an embedded learning mechanism. The
systems handled here are characterized by a set of lin-
guistic rules from human operator used to describe the
underlying system model vaguely. The proposed con-
trol algorithm incarnates the design procedure adopted by
human being through linguistic formulation of the con-
trolled system and learning action during actual execu-
tion. Simulations on control of an inverted pendulum
are conducted and results verify that the appealing per-
formance of the proposed control architecture.

1 Introduction

When one needs to control an unfamiliar system to
meet some desired performance, he is often required to
observe the system first and then to describe it with suf-
ficient information for subsequent design of suitable con-
trol methodology. The form of the information can be
either some mathematical model or some set of linguistic
rules, dependent upon the way of describing the underly-
ing system. It is well known that the former mathemat-
ical model is generally considered as a basis for classic
control theories, whereas the latter is often associated
with intelligent control schemes, such as Al-based con-
trol, expert control and fuzzy control. For instance, for
the speed control of an automotive, an engineer may first
mode] the system by a set of dynamic equations where
the accelerator, and the automotive speed are treated as
the system input and the system output, respectively,
after analyzing the automotive kinematics and its sur-
rounding environment. In contrast, for a driver who is
lacking physical knowledge of the automotive system,
although unfamiliar with the precise way of controlling
the acceleration to reach the desired speed, he can eas-
ily extract some linguistic properties about the speed
control system of the automotive, such as increasing the
magnitude of the control input will automatically pro-
vide higher speed than not doing so or performing its
reverse. However, these linguistic rules are very fuzzy so
that users may need some experiences or several trials
during the procedure of designing a suitable controller.
In fact, a human being can apply his well-given learning
capability to update or to refine his existing knowledge.

On the other hand, when the underlying system is
too complex to be easily described, a human being can
decompose the system into several sub-systems, each
of which can be more easily handled, and then es-
tablish the control by sequentially learning the control
strategies of the individual sub-systems. In this view
point, we present a linguistic learning-based fuzzy con-
trol (LLBFC) embedded into a sequential learning mech-
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Figure 1: The architecture of LLBFC

anism to imitate the procedure of controiler design gen-
erally adopted by human being. .

There are two important features in LLBFC: one is
to take linguistic terms to describe a target system, and
the other is to use a learning algorithm to improve the
previously acquired control rules. The former results in
descriptive linguistic statements whereas the latter fa-
cilitates one to continuously refine the control rule base
till the system response meets the desired goal. In order
to validate the proposed control, in this paper, we apply
the developed LLBFC to an inverted pendulum,; which is
often taken for a test for some learning control schemes
in the literature [1]-[7].

2 Linguistic Learning-Based Fuzzy Control
The architecture of LLBFC mainly consists of the fol-
lowing five parts ( see Fig. 1):

e fuzzy controller: which consists of If-then rules
and drives the system to meet the specified goal,

¢ linguistic criterion: which declares the specification
of the system performance,

e linguistic model rules: which consists of If-then rules
that describes the behavior of the controlled system,

e storage: which saves some measurable system states
and the control input during task running,

o learning algorithm: which updates the fuzzy control
rules.

When the controlled plant (with control input u and
state vector z) is very complex, LLBFC is incorporated
a sequential learning mechanism as depicted in Fig.2.
First of all, the overall system is decomposed into sev-
cral sub-systems, each of which sub-system is given a
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Figure 2: The sequential learning mechanism for LLBFC

sub-controller C;, 1 = 1,---,n. These sub-controllers
will be respectively trained with some suitable learn-
" ing condition functions h;, 1 = 1,---,n, in a sequen-

tial manner every time after the task is expected once.
That is, the learning algorithm is to improve existing
fuzzy control rules obtained from the previous system
responses, which means collection of the pair of control
inputs and state vectors during the task running period,
ty, denoted it (U[O,tf]»w[o,tf]) = {{(u(kDT), a(KTHk =
0,---,m}, where T is the sampling time to save the
signals and ¢; = mT for some integer m > 0. If the
response of any sub-system does not satisfy the associ-
ated linguistic criterion, the corresponding learning algo-
rithm mechanism for the sub-controller will be activated
till that criterion is met. Thus, the overall controller
C is simply the sum of the control inputs from all sub-
controllers. In the following section, we will apply the
LLBFC to an inverted pendulum system as depicted in
Fig. 3 as an example to illustrate the overall design pro-
cedure for LLBFC.

3 LLBFC to an Inverted Pendulum System
The quality of the skill of controlling an inverted pen-
dulum system is often viewed as the level of ability for
an intelligent control scheme [1]-[7]. The set-up of an
inverted pendulum system consists of a DC motor and a
" cart carrying a pole, where the motor is to drive the cart
so that the pole will not fall down. In Fig. 3, 6 denotes
the angle displacement of the pole, z denotes the posi-
tion of the cart, and u is the control input. Besides, we

denote 6 and # as the angular velocity of pole and the
position velocity of the cart, respectively. First, we set
a sequential learning procedure as in Fig. 4. Then the
overall system is decomposed into two sub-systems, are
for the angular displacement of the pole and the another
for the position of the cart. The sequence is arranged
such that the sub-controller (with output wuy) for the
angular position of the pole starts the learning process
first till the response of the pole sub-system meets the
linguistic criterion, and then the learning process of the
other sub-controller (with output w,) for the position of
the cart is conducted via the help of some learning condi-
tion function h, (6,6, z, ). Finally, the overall controller
after the learning can be expressed as follows:

u = ug + he(8, é,x,:t')u_,,- (1)

The control objective here is to regulate both the angu-
lar displacement of the pole and the position of the cart
at the zero value subject to some performance criteria.
First, we let u, = 0 and train uy by LLBFC. According
to what has been derived, it is then apparent that we
will first train u = uy by letting u, = 0. In the follow-
ing, we will detail the design of each sub-controller with
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Figure 4: The learning mechanism for an inverted pendulum

an emphasis on individual learning mechanism.

A. Linguistic Criterion

If the controlled system is a linear system, the linear
quadratic regulator (LQR) design is a popular approach
which can achieve the control objective by choosing a
suitable cost function. However, such an approach can
hardly be applied to the systems whose mathematical
models are not available. In contrast, a human being
can often handle such system by exploiting human ca-
pabilities like observing, learning or teaching, especially
when the experiences of the experts can be useful. With
this in mind, we consider a linguistic criterion given as
follows:

7 Given the admissible overshoot, undershoot and sys-
tem constraints, the controlled system should have the
shortest risetime.”

In the case where the angular displacement of the
pole with initial conditions (6(0),8(0)) needs to be reg-
ulated to zero, we denote the overshoot or undershoot
and the risetime are denoted as Og|0o ¢, and 79|00,
where 6o, ,; = {6(0),---,6(ts)} represents the locus of §

during the period of task running, [0, t¢], which is set to
avoid the cart driving out of the allowed position range.
Let 84 = 0 denote the angular configuration at which
the pole stands vertically. If the system response has
either an overshoot or an undershoot in the case where
the initial condition #(0) < 0, Oy is defined as the max-
imum value of § during the period of the task running,
ie, Og = maz{6(t),0 <t < ty} . But, in the case
where the initial condition 6(0) > 0, Oy is the minimum
value of # during the period of the task running, i.e.,
Oy = min{6(t),0 < t < ty}. Let Opy be defined as an
admissible value of |0y, and let the risetime, denoted as



Ty, represent the time elapse from # = 0 to the time when
6 first enters the interval of Oyy. On the other hand, let
the system constraint be placed on the magnitude of the
control input, say, tmau, i-€., [u(t)] < tmay-

B. Fuzzy Controller
A fuzzy controller consists of a collection of fuzzy If-
then rules and the i-th fuzzy rule of the fuzzy rule-base

Ry for input fuzzy variables # and 6 and the output fuzzy
variable ug is expressed as follows:

P . o . B ;
Ryfil -1t 6 is F,) and 4 is B, FUN

' then w« is

where F,"" € Fy and F:“) € F; are input fuzzy sets in
the families Fy, F,; and F.* ¢ F, is the output fuzzy set
in the family Fu; ), B(;). and ;) are integer indices
associated with the i-th rule, and ;) can be mapped
from a(; and 8, for ¢+ = 1,---, T (total number of
Iules). Let (a, B, v) be a triple of integer indices from
agy’s, By's, and vg,)’s, then FJ, Ff and F) are fuzzy
sets associated with the membership functions pps (9),

Hps (8), and ppy (u), respectively, lying in the range [01]

and satisfying p,pa @ = Fpp (5 ) = ppx (@) =1 for

the centers 8", (-) , and u” of the fuzzy sets FB and
E7 . as shown in Fxg a Let the centers of the 111put

uo !
fuzzy sets be set as gt = = §y, +§l,' t=1,---,r — 1,

+1
and9 :5éj+6 ,3=1,---,r; — 1, where §y, and 5(;]_
are elements of the positive constant vectors dg and d;,

respectively, which represent the distances between the

i
two contiguous centers of the input fuzzy sets, 0 01+

= =3+l
and 6 , 6
numbers of centers of the input fuzzy sets for § and 6,
respectively, and satisfy rg -r; = Y.
Finally, through a defuzzification process, the output
variable u can be expressed as follows:

, respectively. Note that r¢ and r; are the

‘:E:H £(0,0) = dT¢(0,0), (2)
where & = [@,--- 7™ = [®;, -, ®y]T is re-
garded as a parameter vector of output fuzzy sets and £
=&, -, §T]T is a nonlinear vector composing fuzzy

basis functions. To strengthen the effectiveness of local-
izing the necessary fuzzy rules and to reduce the com-
putation time, the fuzzy rules of Ry should be classified
into the set of fired rules and the set of unfired rules. De-
fine the domain set of the total involved fuzzy rules as

W, a product set of the universal discourse sets [51 6"
-1 =ry ] — -1 —<r,
and [0 6 °], ie, W = [91 8% [0 6°]. Then, we par-
tition this domain set into a finite domain cclls each
+1

of which is defined as Wo5 = [6° ()aH] [9 9 ], for
a=1,---;rg—land 3 =1,---,r; — 1. Then, the fol-
lowing proposition is valid.

Proposition 1 If the pair of (6,6) € W and the mem-

bership functions are given as depicted in Fig. 5, then
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Figure 5: The families of the fuzzy sets Fp, F; and F,

there exists a domain cell Wog such that the domain set
of the fired fuzzy rules is included in Wg.

C. Linguistic Model Rules

After determining the structure of the fuzzy con-
troller, we have to construct a learning algorithm which
can improve those fuzzy control rules till the system re-
sponse satisfies the previously mentioned linguistic cri-
terion. To construct such a learning algorithm, we have
to solve the following problems:

e How to find the fuzzy control rules which can be
possibly fired in the next execution of the task?

e How to assure that the updated fuzzy control rules
can really improve the performance of the controlled
system?

To look for the solutions of the above-mentioned prob-
lems, we first make some observations of the behavior
of the controlled inverted pendulum system. From Fig.
6, 0j0,t,) represents a locus of the angular displacement
of the pole from the initial time ¢ = 0 to the terminal
time ¢ = t;. Apparently, an overshoot will occur if f}g ¢ |
crosses the vertical axis 8 = 0 rather than just touches
it. According to Proposition 1, only the fuzzy rules with
some specified domain sets can be fired. Hence, the do-
main sets of all the fired rules as in Fig. 6 will fall into
in a collection of domain cells, each of which encloses
some part of the locus fg,). Furthermore, to update

the fuzzy rules will very likely change the subsequent
response of the system. This fact results in that rules
selected for firing in the current task execution may not
be necessarily all the same as those in the last time of
task execution. Hence, to assure that the updated fuzzy
rules will be still fired in every execution of the task, the
domain sets of the subsequently chosen fuzzy rules to be
updated must be within the domain sets of the already
fired fuzzy rules.

Now, since the controlled inverted pendulum system
is casual, updating those fuzzy rules whose domain sets
are within the overshoot area will not help much re-
duce the overshoot or shorten the risetime. To eliminate
the part of locus 8,y in the overshoot area, we de-
note fg 1, to represent a portion of g ¢,), whose time

support is from the initial time ¢ = 0 to the time #y sat-
isfying 6(to) = 0 ( as shown by the bold line 8 s, in
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Fig. 6). Corresponding to g ;,), & collection of ordered
domain cells are selected as W[%l,lopW[?}O}r"»W[(Sfﬁo]
(n = 3 in Fig. 6). After that, we observe the behav-
ior of the controlled inverted pendulum and choose one

of W[olioj [%210 W[o to] 1O update the fuzzy rules by

the following linguistic model rules:

1. If we want to reduce the overshoot and to avoid
increasing the risetime, then we need to reduce the
parameters of the output fuzzy sets, namely, ®, cor-

responding to the cell W[0 o)

2. If we want to eliminate the undershoot and to
shorten the risetime, then we need to enlarge the
parameters of the output fuzzy sets, ®, correspond-

ing to the cell I/V[O to]’
Remark:

In the former example (Fig. 6), W[(Ol,io] and W[Eiio] are

domain sets of the updated fuzzy rules, respectively, for
the undershoot and the overshoot case. After the input
constraints Uy, and —u,;,q, are reached for both iter-

ative update, W[gzio] will be the common domain set of

the fuzzy rules to be updated for the overshoot case and
those for the undershoot case. The key spirit of the de-
sign procedure is similar to the bang-bang controller in
the problem with time optimization.

D. Learning Mechanism

Based on the above linguistic model rules, we propose
the learning algorithm as follows.

Learning Algorithm of LLBFC

Step. 1 (List Fired Fuzzy Rules in the Learning Test ) Run
the task and list the fired fuzzy control rules during
the task runming. I the locus (0j0.t4], 810.r0]> U[0,0]) 1S
updated for ((t),d(t), u(t)) from the initial time ¢ =
0 to the time to with 8(fg) = 0, then the pair set
of the domain cells of the fired fuzzy rules and the
parameters of the output fuzzy set with respect to
this locus are defined as follows: (Wip 1,1 Po.te)) =

(1) (3 () (n} (n)
{(WOto]’q)[O to] ) (W [0,¢0]° (I)[O fo]) (W[O fo]’q)Ofo )}
where <I>(]) = {®; 0 to ,i=1,...,4} is the set consisting

of parameters of the output fuzzy sets with the domain cell

Wl%])t ) and n is denoted as its final number ( n = 3 in Fig.

6).
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Step. 8. 2 o= {®f,i=1,---,

Step. 2 (Decide Those Rules to Be Updated) Generate ¢, the
set of parameters of the output fuzzy set , &, to be updated.

Step. 2. 1 (Overshoot Case)

(a) Tirst, let p be set to n (associated with the final ele-
ment of q)[O,to])'

(b) If any element of 3P o, t o] is larger than —umaz, ¢ =

(»)
Dot
(c) Otherwise, let p be updated to p — 1. If p is equal to
0, then the system fails since, even when the control
input is always set as ¥ = —Umaz, the system still
has an overshoot; otherwise go to (b).

Step. 2. 2 (Undershoot Case)

(a) First, let g be set to 1 (associated with the first ele-
ment of é[ovto])'
c

(b) If any element of 36

(0.¢0]
(9)
Lio.to)

is smaller than umeqs, ®

(c¢) Otherwise, let ¢ is updated to ¢ + 1. If ¢ is equal
to n -+ 1, then the system fails since, even when the
control input is always set as u = Umaz, the system
still has an undershoot; otherwise go to (b).

Step. 3 (Update Fuzzy Rules) Update $¢ by A.

Step. 3. 1 Let A(k) be set to —rsgn(Og(k)), where 7 is a pos-
itive constant and the integer index & represents the k-th
learning iteration.

4}, where ®¢ is the i-th element
of ®¢

(a) Pf(k+1) = D(k) + AK);
(b) if ‘I:‘f(kf + 1) > Umaz, @f(k + 1) = Umaz;
(C) if @f(k + 1) < —Umaz, @f(k + 1) = ~Umaz-

Step. 4 (Set Heuristic Rules Based on the Equilibrium Point)

If 6 is zero and 0 is zero , then u is zero. Here, the centers
of fuzzy sets corresponds to the fuzzy set zero are set to 0.

Step. 5 (Convergence in Learning Procedure)

Step. 5. 1 If € obtained in Step 2.1 is not equal to the one in
Step 2.2 (i.e., p # g), go to Step 1.

Step. 5. 2 If {Og(k)] < Op,, then the learning procedure is
completed.

Step. 5. 3 Otherwise, use A(k) = —rOg(k) to replace A(k) =
—rsgn(Og)in Step 3.1, and the others as in Step 3.2. Then,
go to Step 1.

Step 5 is to assure that the proposed learning algorithm
can converge and the learning procedure can provide sat-
isfactory performance. If we skip Step 5 and directly
go to Step 1, then when the number of iteration of the
above learning procedure exceeds some pre-specified val-
ues, the algorithm Step 2.1 and Step 2.2 will generate
the same fuzzy control rules. Thus, the response of the
system will oscillate with alternate overshoots and un-
dershoots. As a result, Step 5 can actually lead to the
convergence of the learning algorithm.
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3.1 Simulation for the Pole Angle
Let the dynamic equations of an inverted pendulum
svstem be expressed as follows:

gsin{6) + coa(B)[—u — My16% 4 pcr)[Me 4 Mp] ™4 — ppé(Mpn=1

4/31 — Mplcos(8)2(Mc + Mp)~ 1

P Mpl{62sin(8) ~ deos(8)] — pe# )
Mc + My

where ¢ is denoted as angle displacement of the pole
from the vertical, & is denoted as the cart position,
M, = 2.0(Kyg) is the cart mass, M, = 0.88([(g) is the
pole mass, 2/ = 0.62(m) is the length of the pole, u, =0
and g, = 1.0 are the damping rates of the pole and
the cart, respectively, u = wg is the control input sub-
jected to a constraint ., = 100. The task is run for
two extreme initial conditions, namely, #(0) = 50° and,
6(0) = —50°, both with §(0) = 0, z(0) = 0 and #(0) = 0.
The period of task running for each initial condition is
ts = 2 sec. The fuzzy membership functions are set as
t,{le triangular form and the compositional operator is a
max-min operator and the defuzzification strategy is the
center-of-area type. Initial fuzzy rules are designed as to
mimic a bang-bang controller. That is, corresponding
to the domain set § > 0. the parameters of the out-
put fuzzy set. ®. are set t0 wmge. In contrast, corre-
sponding to the domain set § < 0, the parameters of the
output, fuzzy set, ®. are set to —upq,. After the first
running, we set the centers of the input fuzzy sets as

=T . . .

6" = maz{f(t),t € [0,7]}, 6 = min{d(t),t € [0,4]},
8" = 50° and 91 = —30° and rp and r; are set to
9 so that the number of total fuzzy rules Ry is set as
YT =9x9 =81 Let r = 0.3umaq. be as the updated
increment needed in Step 3.1 of learning algorithm. The
control objective is to force the overshoot or the under-
shoot to the allowed value Oy, = 0.01. Simulations are
run using the structure with two sampling rates. The
sampling rate with the outer loop is 1k Hz which mim-
ics the controller running and the one with the inner loop
1s 10k Hz which approximates the dynamic behavior of
the real plant. Fig. 7 shows the simulation results for
the fuzzy controller ug after 16 times of running. The re-
sponse of the angular displacement of the pole is shown
in Fig. 7(a) with a satisfactory result and the result
of the control input is similar to an optimum strategy
by a well trained human operator. Fig. 7(d) shows the

overall learning process in the phase plane 6-6 for two
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extreme initial conditions. At the beginning, the system
response has a large oscillation and gradually converges
to an optimum response when the number of iteration
of learning iteration increases.

3.2  Sub-Controller for Cart Position

Apparently, applying LLBFC to learn a designated
sub-controller for the cart sub-system, u, is more dif-
ficult due to the nonminimum phase characteristics of
the inverted pendulum system. Here a learning condi-
tion function h, is introduced to train u, subjected to
this condition function, subsequently referred to or ex-
plained as a hitting condition. Initially, the pole is set
in the initial condition as shown in Fig. 8(a), and then
the previous well trained sub-controller uy is activated
to regulate the angular displacement of the pole to zero.
Since the sub-controller ug is dedicated to balancing the
pole, it will naturally require the cart to move for some
distance in the inclining direction of the pole. While
the pole is in a hitting condition, where the angular dis-
placement of the pole is close to zero as shown in Fig. 8
(¢), a hitting force is exerted to force the pole to incline
to the direction in which the cart can return the origin
(i.e, the position with mark +). As a result, an nonzero
angular displacement of the pole will arise from again so
that the cart will move back toward the origin by the
force of balancing the pole. In fact, the control of hit-
ting force at different hitting conditions will determine
whether or not the cart can move back to the origin and
to stay within its neighborhood. Hence, how to deter-
mine the hitting force and the hitting condition is the
major problem of designing u,. Here, we use a fuzzy
rule-base, R, to implement different hitting forces ac-
cording to different hitting condition functions h,. In
fact, in actual implementation, a hitting force will be
replaced by that of driving the cart. Hence, we can de-
sign fuzzy rule-base, R, similar to Ry in eq. (2) and its
i-th fuzzy rule of the fuzzy rule-base, Ry, for input fuzzy
variables z and # and the output fuzzy variable, u,, is
expressed as follows:
R.[):If a is F:(i’) and & s Ff(i), then w, is F:ii),
where Fp ), Ff“) and F, are the fuzzy sets as simi-
larly defined in Ry.

Furthermore, the hitting condition function, A, is
implemented via follows:

=1, iF 18] < ¢, [sg] € €o and 5] > €n
halfl,s6,50) = {0, otherwise, )

1)

where sy = 84 X8 and s, = @+ )\, are two augmented
variables with constants Ag > 0 and A, > 0; ¢, € and
€, are some small positive constants. Note that sp < €9
is utilized to shape the pole dynamics are in describ-
able manner, whereas s, > ¢, is to determine whether
the hitting force is necessary ( because the cart can nat-
urally move back to the neighborhood of the origin. if
|sx] < €2). To apply the learning algorithm of LLBFC in
the last section to produce u.., we must modify some def-
initions relevant to the cart sub-system to make LLBFC
plausible in designing u,. Since the initial position of
the cart is at the origin, we define the following linguis-
tic criterion as follows:

Y Given a measure of the position error, the cart can
move back to the origin within the shortest time.”
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We let O, = % fotf |z] dt to be the measure as mention

above and O, is given as the permissible bound on O, .
Here, O, and O.4 play the same roles as Oy and Oy, in
the learning algorithm of previous section. Furthermore,
we save the states (z,%) when the system satisfies the
hitting conditions as a set z[g 4, Which is similar to ffg 4,
in the learning algorithm. With these modifications, we
apply LLBFC to train u, under previous well trained
» Ug.

3.3 Simulation for Overall Controller

In this subsection, we apply the overall controller to
the inverted pendulum system. With the previous well
trained sub-controller ug in Subsection 3.2, we will train
u, at different hitting conditions. Now, let the function
of hitting conditions be given as follows:

109, 6 oz
sa_—g_ﬁ—i—gr—éandsm_%—;x——i—

_ [ =1, if]81 <04, }ss] < 1 and [s.] > 0.01
ha(6,56,5.) = {0, otherwise, (5)

where r; and r, . are the numbers of centers of fuzzy sets

corresponding to « and ¢; 7= and Z ° are the maximum
values of the centers. The number of the total rules
for ug is equal to 9 x 9 = 81. We now set the period
of the task, ty = 20 sec. Initial fuzzy rules are also
set as to mimic a bang-bang controller. After the first

running, we set the centers of input fuzzy sets as 7=
min{a(2),t € [0,t4]}, T = maa{a(t),t € [0,4/]}, 7 =
min{z(t),t € [0,t7]}, and T = maz{xz(t),t € [0,%4]}.
Fig. 9 shows the simulation results for the overall fuzzy
controller after the task runs 18 times. Fig. 9(b) shows
the response of the position of the cart with satisfactory
performance. In fact , from Fig. 9(a), the response of the
angular displacement for the overall controller, we find
it similar to Fig. 7(c), the response of the control input
ug. This fact illustrates that u, is similar to an optimal
strategy for a well trained human operator. Fig. 9(d)
shows the overall learning process in the phase plane {
z-%) for two extreme initial conditions §(0) = 50° and
6(0) = —50°.

4  Conclusions

We proposed an intelligent fuzzy controller which in-
corporates a sequential learning mechanism. The pro-
posed learning algorithm was based on some linguistic
model rules and some linguistic criteria. The overall
architecture imitated the procedure of controller design
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generally taken by human being. An example of control-
ling the inverted pendulum is given to demonstrate the
effectiveness of the proposed learning controller. Simula-
tion results showed that the proposed controller not only
has the fast convergence in learning algorithm but also
has satisfactory performance after sound training of the
controller. When being compared with other researches
in literature [1]-[7], the proposed learning algorithm only
needs to take a few tens of times ( 16 +18 =34) to com-
plete the process of learning a designated controller and
to achieve appealing system performance.
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