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Abstract

We present in this chapter some recent results on learning-based adaptive control for
nonlinear systems. We first study the problem of adaptive trajectory tracking for non-
linear systems. We focus on the class of nonlinear systems with parametric uncer-
tainties, which can be rendered integral Input-to-State Stable (iISS) w.r.t. the param-
eter estimation error. We argue, for this particular class of systems, that it is possi-
ble to merge together the integral Input-to-State stabilizing feedback controller and
a model-free extremum seeking (ES) algorithm, to realize a learning-based adaptive
controller. We investigate the performance of this approach in term of tracking error
upper-bounds, for two different ES algorithms. Next, we consider the class of nonlin-
ear systems affine in the control, and propose a learning-based approach to iteratively
auto-tune the feedback gains for nonlinear stabilizing controllers.

Keywords: adaptive control, learning-based control, extremum-seeking, nonlinear sys-
tems, iterative feedback gains tuning
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1. Introduction

Extremum seeking (ES) is a well known approach which one can use to search for the
extremum of a cost function, associated with a given process performance, without the need
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for a precise model of the process, e.g., [1-3]. Several ES algorithms have been proposed,
e.g., [1-8], and many applications of ES algorithms have been reported, e.g., [9-13].

On the other hand, classical adaptive control deals with controlling partially un-
known processes based on their uncertain models, i.e., controlling plants with parameter
uncertainties. One can classify classical adaptive methods into two main approaches;
‘direct approaches’, where the controller is updated to adapt to the process, and ‘indirect
approaches’, where the model is updated to better reflect the actual process. Many adaptive
methods have been proposed over the years for linear and nonlinear systems. We could not
possibly cite here all the design and analysis results that have been reported; instead, we
refer the reader to e.g., [14, 15] and the references therein for more details. What we want
to underline here, is that these results in ‘classical’ adaptive control are mainly based on the
structure of the model of the system, e.g., linear vs. nonlinear model, linear uncertainties
parametrization vs. nonlinear parameterizations, etc.

Another adaptive control paradigm is the one which uses ‘learning schemes’ to esti-
mate the uncertain part of the process. Indeed, in this paradigm the learning-based
controller, based either on machine learning theory, neural networks, fuzzy systems, etc.,
is trying either to estimate the parameters of an uncertain model, or the structure of a
deterministic or a stochastic function representing part or all of the model. Several results
have been proposed in this area as well; we refer the reader to e.g., [16] and the references
therein for more details.

We want to concentrate in this chapter on the use of ES theory in the ‘learning-
based’ adaptive control paradigm. Indeed, several results were recently developed in this
direction, e.g., [9, 10, 12,13, 17-20]. For instance, in [19,20] an extremum seeking-based
controller was proposed for nonlinear affine systems with linear parameters uncertainties.
The controller drives the states of the system to unknown optimal states that optimize a
desired objective function. The ES controller used in [19, 20] is not model-free, in the
sense that it is based on the known part of the model, i.e., it is designed based on the
objective function and the nonlinear model structure. A similar approach is used in [9, 10]
when dealing with more specific examples. In [17, 18], the authors used a model-free ES,
i.e., based on a desired cost function, to estimate parameters of a linear state feedback to
compensate for unknown parameters for linear systems. In [12], the authors used, for the
case of electromagnetic actuators, a model-free ES, i.e., only based on the cost function
without the use of the system model. The model-free ES was used to learn the ‘best’
feedback gains of a passive robust state feedback. Similarly, in [13,21] a backstepping
controller was merged with a model-free ES to estimate the uncertain parameters of a
nonlinear model for electromagnetic actuators.

In this context, we present here an ES-based indirect adaptive controller for a class
of nonlinear systems. The results reported here are based on the work of the author
introduced in [22, 23]. The idea is based on a modular design, where we first design
a feedback controller which makes the closed-loop tracking error dynamic ISS (or
iISS) w.r.t. the estimation errors. This ISS controller is then complemented with a
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mode-free ES algorithm that can minimize a desired cost function. The cost function
is minimized by tuning, i.e., estimating, the unknown parameters of the model. This
modular design simplifies the analysis of the total controller, i.e., ISS controller plus ES
estimation algorithm. We propose this formulation in the general case of nonlinear systems.

We underline here that the main advantage w.r.t. classical ES results, which do not
use any model to control a given system, is the fact that pure ES-based controllers are
mainly meant for regulation control, not output trajectory tracking. Another point is that the
pure ES controllers are slower to converge to the optimal control, compared to a modular
approach which uses the known part of the model to design a model-based controller, and
then complement it with a model-free ES algorithm to learn the unknown part of the model
and improve the overall control performance. In other words, with the pure ES-based
controller one assumes no knowledge at all of the controlled system, ignoring the physics
of the system, and even if under some conditions, convergence of such algorithms has been
proven, it is intuitive to expect the modular control design, which takes advantage of the
physics of the system, to be able to converge to the optimal performance faster than the
complete model-free ES control.

Another well known control problem, concerns iterative feedback gains tuning (IFT)
for linear and nonlinear controllers. Indeed, the use of learning algorithm to tune feedback
gains of nominal linear controllers to achieve some desired performances has been studied
in several papers, e.g., [24-27]. We present here some results related to IFT for nonlinear
systems. The results presented here were introduced by the author in [12,28]. We consider
a particular class of nonlinear systems, namely, nonlinear models affine in the control input,
which are linearizable via static state feedback. We consider bounded additive model un-
certainties with known upper bound function. We propose a simple modular iterative gains
tuning controller, in the sense that we first design a passive robust controller, based on the
classical Input-Output linearization method merged with a Lyapunov reconstruction-based
control, e.g., [29,30]. This passive robust controller ensures uniform boundedness of the
tracking errors and their convergence to a given invariant set. Next, in a second phase
we add a multi-variable extremum seeking algorithm to iteratively auto-tune the feedback
gains of the passive robust controller to optimize a desired system performance, which is
formulated in terms of a desired cost function minimization.

One point worth mentioning at this stage, is that compared to model-free pure ES-
based controllers, the ES-based IFT control has a different goal. Indeed, the available
pure ES-based controllers are meant for output or state regulation, i.e., solving a static
optimization problem. On the contrary, here we propose to use ES to complement a model-
based nonlinear control to auto-tune its feedback gains, which means that the control goal,
i.e., state or output trajectory tracking, is handled by the model-based controller. The ES
algorithm are used to improve the tracking performance of the model-based controller, and
once the ES algorithm has converged, one can carry on using the nonlinear model-based
feedback controller alone, i.e., without the need of the ES algorithm. In other words, the
ES algorithm is used here to replace the manual feedback gains tuning of the model-based
controller, which is often done in real-life by some type of trial and error tests.
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This chapter is organized as follows: In Section 2 we recall some notations and def-
initions that will be used in the sequel. In Section 3 we present the first indirect adaptive
control approach, namely the ES-based learning adaptive controller for constant structured
model uncertainties. In Section 4 we study the case of time-varying structured model
uncertainties, using time-varying ES-based techniques. Section 5 is dedicated to the
problem of passive robust nonlinear control with learning-based iterative feedback gains
tuning. Finally, some summarizing remarks and open problems are given in Section 6.

2. Preliminaries

Throughout the chapter we will use ||.|| to denote the Euclidean norm; i.e., for x € R"” we
have ||x|| = v/xTx. We will use (.) for the short notation of time derivative. We denote by
C* functions that are k times differentiable. A function is said analytic in a given set, if it
admits a convergent Taylor series approximation in some neighborhood of every point of
the set. A continuous function o : [0,a) — [0,0) is said to belong to class X if it is strictly
increasing and o(0) = 0. A continuous function f : [0,a) X [0,00) — [0, c0) is said to belong
to class K L if, for each fixed s, the mapping B(r,s) belongs to class K with respect to r
and, for each fixed r, the mapping B(r,s) is decreasing with respect to s and B(r,s) — 0
as s — oo, Let us now introduce few definitions that will be used in the remainder of this
chapter.

Definition 2.1 (Local Integral Input-to-State Stability [31]). Consider the system

x=f(t,x,u) ey

where x € D CR” such that 0 € D, and f : [0,0) x D x D, — R" is piecewise continuous in
t and locally Lipschitz in x and u, uniformly in #. The inputs are assumed to be measurable
and locally bounded functions u : R>¢9 — 2, C R™. Given any control u € D, and any
& € Dy C D, there is a unique maximal solution of the initial value problem x = f(z,x,u),
x(t) = & Without loss of generality, assume 7y = 0. The unique solution is defined on
some maximal open interval, and it is denoted by x(-,&,u). System (1) is locally integral
input-to-state stable (LiISS) if there exist functions o, Y € K and § € K L such that, for all
€ € Dy and all u € D, the solution x(#,&, u) is defined for all # > 0 and

o [|x(z, &, w)ll) < BCIIE]],2) +/OIY(||M(S)H)dS 2)

for all + > 0. Equivalently, system (1) is LiISS if and only if there exist functions € KL
and v1, V2 € X such that

.8 < BUEL) 1 [ () s ) @

forallt > 0,all§ € Dy and all u € D,.

Remark 2.1. The use of the iISS definition is not a limitation of the ideas presented here.
Indeed, we are presenting here a modular design, i.e., a model-based controller ensuring
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iISS stability and a model-free part to improve the performance of the model-based con-
troller. However, instead of ilSS one could easily use ISS definition or semi-global practical
spISS etc. The main idea is to ensure some sort of safety (boundedness of the closed-loop
signals) of the feedback system during the learning phase. The reason why we choose to
use 1ISS here is that in real applications with complicated time-varying nonlinear models
, e.g., [32], we found that proving iISS using dissipativity-based equivalence theorems,
e.g., [33], is easier than proving ISS. The fact is iISS, ISS, or spISS will not change the
general results presented here, it will solely change the details of the upper-bounds of the
closed-loop signals.

Definition 2.2 (¢- Semi-global practical uniform ultimate boundedness with ultimate bound &
((e — 3)-SPUUB) [4]). Consider the system

x=f(r,x) “)

with ¢%(z, 19, xo) being the solution of (4) starting from the initial condition x(zy) = xo. Then,
the origin of (4) is said to be (g,8)-SPUUB if it satisfies the following three conditions:
1-(€,8)-Uniform Stability: For every c; €], 00|, there exists ¢; €]0,00[ and € €]0, o[ such
that for all 7o € R and for all xp € R” with ||xp|| < ¢; and for all € €]0, €[,

|[6°(2,20,x0)|| < c2, Vt € [t0, 00

2-(g,d)-Uniform ultimate boundedness: For every c; €]0,00[ there exists ¢y €]8,00] and
€ €]0, o[ such that for all o € R and for all xo € R" with ||xo|| < ¢; and for all € €]0, €],

|16°(2,20,x0)|| < c2, V1 € [0, 00

3-(g,8)-Global uniform attractivity: For all ¢, ¢z € (§,0) there exists T €]0,0o[ and € €
]0,00[ such that for all z) € R and for all xo € R”" with ||xo|| < ¢ and for all € €]0, €,

[|0%(2,70,x0)|| < c2, Vt € [to+ T, 00|

An impulsive dynamical system is said to be well-posed if it has well defined distinct
resetting times, admits a unique solution over a finite forward time interval and does not
exhibits any Zeno solutions, i.e., an infinitely many resetting of the system in finite time
interval [34]. Finally, in the sequel when we talk about error trajectories boundedness,
we mean uniform boundedness as defined in [29] (p.167, Definition 4.6 ) for nonlinear
continuous systems, and in [34] (p. 67, Definition 2.12) for time-dependent impulsive
dynamical systems.

In the next section, we first consider the case of nonlinear models with constant
parametric uncertainties.

3. Extremum Seeking-based Indirect Adaptive Controller for

the Case of Constant Model Uncertainties

Consider the system (1), with an additional argument A € R?, representing constant para-
metric uncertainties
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x=f(t,x,A,u) &)

We associate with (5), the output vector
y = h(x) (6)

where 1 : R* — R”,

The control objective here is for y to asymptotically track a desired smooth vector time-
dependent trajectory yy.r : [0,00) — R%.

Let us now define the output tracking error vector as

ey(t) = (1) = yres (1) (N
We then assume the following

Assumption 3.1. There exists a robust control feedback u,-ss(t,x,ﬁ) : R*R" x RP — R™,
with A being the dynamic estimate of the uncertain vector A, such that, the closed-loop error
dynamics

by = Je,(t,¢y,€a) ®)

is iISS from the input vector ex = A — A to the state vector ey.

Remark 3.1. Assumption 1 might seem too general, however, several control approaches
can be used to design a controller u;5; rendering an uncertain system iISS (or ISS, spISS),
for instance backstepping control approach has been shown to achieve such a property for
parametric strict-feedback systems, e.g., [15]. We have also proposed in [35] a constructive
control design which ensures ISS for the class of nonlinear systems affine in the control
variable.

Let us define now the following cost function
Q(A) = F(ey(A)) ©)
where F : R" =R, F(0) =0, F(ey) > 0 for ey # 0.

We need the following assumptions on Q.

Assumption 3.2. The cost function Q has a local minimum at A* = A.

Assumption 3.3. The initial error ex(f) is sufficiently small, i.e., The original parameters’
estimates vector A is close enough to the actual parameters vector A.

Assumption 3.4. The cost function is analytic and its variation with respect to the uncertain
variables is bounded in the neighborhood of A*, i.e., ||‘3—§(A)H <&, & >0,Ac VA,
where V/(A*) denotes a compact neighborhood of A*.

Remark 3.2. Assumption 3.2 simply means that we can consider that Q has at least a local
minimum at the true values of the uncertain parameters.

Remark 3.3. Assumption 3.3 indicates that our result will be of local nature, meaning that
our analysis holds in a small neighborhood of the actual values of the parameters.
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We can now present the following Theorem.

Theorem 3.1. Consider the system (5), (6), with the cost function (9), then under Assump-
tions 1 to 4, the controller u;, where A is estimated with the multi-parameter extremum
seeking algorithm

X = aisin(oi + )Q(A)

K 10
Ai = xi+aisin(wit — 3), i € {1,..., p} (10)

with @; # ®;, 0; + ®; # 0, i,j,k € {1,...,p}, and w; > o*, Vi € {1,..., p}, with ®* large
enough, ensures that the norm of the error vector ey admits the following bound

lley (D)l < B(lley(0)]];2) +OL/Y (lea(O)[12) + lleallmax))ds

where ||ea||max = 2—; + \/2530?, £1,€2 >0, ¢(0) € D,, wg = maXxie(y,.. ) 0 o€ K,
Be KL, peKLandye K.

Proof. Consider the system (5), (6), then under Assumption 1, the controller u;s;; ensures
that the tracking error dynamic (8) is iISS between the input e, and the state vector e,
which by Definition 1, implies that there exist functions o € K, p € KL and y € X, such
that, for all ¢(0) € D, and ex € D,,, the norm of the error vector e, admits the following
bound

eyl < B(Hey(O)\,t)+0t(/OtY(HeAH))dS (11)

for allt > 0.

Now, we need to evaluate the bound on the estimation vector A, to do so we use the results
presented in [7]. First, based on Assumption 4.1, the cost function is locally Lipschitz, i.e.,
Ny >0, 5., |Q(A1) — O(A2)| < Mil|A1 — Azl|, VA1, Ay € V(A*). Furthermore, since Q is
analytic it can be approximated locally in ¥/(A*) with a quadratic function, e.g., Taylor
series up to second order. Based on this and on Assumptions 3.2 and 3.3, we can write the
following bound ( [7], pages 436-437):

lea(®)ll = lld(@)]| < llea(t) = d()]| < B(llea(0)]]. 0+ o
= Jleat))ll < Blllea(O)ll,1) + & + 4 (1)]
= lleat))ll < Blllea(O)ll,1) + & +\/Xizf a?

withpe KL, & >0,1>0, 0wy = MaXe(y,.. p} 0, d(t) = [a1sin(it +3), ..., apsin(0pt +
2)]7, which together with the bound (11) completes the proof. O

So far we have dealt with the case of nonlinear models with constant parametric uncer-
tainties. However, in real application it is often the case that the change in the parameters’
values happens slowly overtime, for instance due to aging of the system. To deal with this
scenario, we consider in the next section the case of nonlinear models with time-varying
parametric uncertainties.
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4. Extremum Seeking-based Indirect Adaptive Controller for
the Case of Time-varying Model Uncertainties

Consider the system (5), with the time-varying parametric uncertainties A(7) : R — R?,
and the output vector (6). We consider the same control objective here, which is for y to
asymptotically track a desired smooth vector time-dependent trajectory y,.r : [0,00) — R".
Let us define now the following cost function

Q(A,1) = F(ey(A),1) (12)

where F : R" x R* — R*, F(0,1) =0, F(ey,t) > 0 for e, # 0.
In this case, we introduce the following additional assumptions on Q.

Assumption 4.1. ]a%t&’t” < pg, Vt ERT, VA € RP.
We can now state the following result.

Theorem 4.1. Consider the system (5), (6), with the cost function (12), then under Assump-
tions 3.1, 3.2 and 4.1, the controller u;s, where A is estimated with the multi-parameter
extremum seeking algorithm

A = a\/(0;)cos(wit) — ky/@sin(wit)Q(A), i € {1,..., p} (13)

witha >0, k>0, 0; # ©;, i, j,k € {1,...,p}, and ®; > %, Vi € {1,..., p}, with ®* large
enough, ensures that the norm of the error vector ey admits the following bound

ley (@) < B(Hey(O)HJ)JrOL(/O Y(llea(s)|)ds
where o € K, B € KL, Y€ K, and ||ea|| satisfies:

1-(X,d)-Uniform Stability: For every c; €]d, |, there exists ¢ €]0,c0[ and & > 0 such
that for all ty) € R and for all xy € R™ with ||ea(0)|| < ¢1 and for all ® > ®,

|lea(t,ea(0))[] < c2, Vi € [to, %]

2-(L, d)-Uniform ultimate boundedness: For every c| €]0,00[ there exists ¢ €]d o[ and

o’

® > 0 such that for all ty € R and for all xy € R" with ||ea(0)|| < ¢1 and for all ® > ®,
|lea(t,ea0))[] < c2, Vi € [to, o

3-(L d)-Global uniform attractively: Forall ¢y, c¢; € (d, o) there exists T €]0,00[ and &> 0

o’

such that for all ty € R and for all xo € R" with ||ea(0)|| < ¢1 and for all ® > ®,
|lea(r,ea(0))]| < 2, Vt € [to+ T, 0]
where d is given by: d = min{r €]0,e0[: Ty C B(A,r)}, with Ty = {A € R": HMH <

JA
a2}, 0<Bo <1, and B(A,r)={AcR": [[A-Al| <r}.
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Remark 4.1. Theorem 4.1 shows that the estimation error is bounded by a constant ¢,
which can be tightened by making the constant d small. The d constant can be tuned by
tuning the cardinal of the set I'y, which in turns can be made small by choosing large values
for the coefficients a and k of the ES algorithm (13).

Proof. Consider the system (5), (6), then under Assumption 1, the controller u;s; ensures
that the tracking error dynamic (8) is iISS between the input e, and the state vector e,
which by Definition 1, implies that there exist functions o € K, p € KL and y € X, such
that, for all ¢(0) € D, and ex € D,,, the norm of the error vector e, admits the following
bound

lley (@)1 < Bllley(0),7) +0t(/OtY(H€AH))dS (14)

forallt > 0.
Now, we need to evaluate the bound on the estimation vector A, to do so we use the results
presented in [4]. Indeed, based on Theorem 3 of [4], we can conclude under Assumption

4.1, that the estimator (13), makes the local optimum of Q; A* = A ( see Assumption 3.2),
. . A 90(A,

(L.d)-SPUUB, where d = min{r €]0,o[: Ty C B(A,r)}, with Ty = {A e R": |2424)| <

,35& },0<Bo<1,and B(A,r) = {A€R": ||]A—A|| < r}, which by Definition 2 implies

that ||ea|| satisfies the three conditions: (Z,d)-Uniform Stability, (1,d)-Uniform ultimate

boundedness, and (,d)-Global uniform attractively. O

Remark 4.2. The upper-bounds of the estimated parameters used in Theorem 3.1, and
Theorem 4.1 are correlated to the choice of the extremum seeking algorithm (10) and (13).
However, these bounds can be easily changed by using other ES algorithms, e.g., [40],
which is due to the modular design of the controller, that uses the iISS robust part to ensure
boundedness of the error dynamics and the learning part to improve the tracking perfor-
mance.

Remark 4.3. We want to underline here that one of the main advantages of using a mode-
free algorithm to estimate the uncertain parameters of the model w.r.t. using classical model-
based adaptive control, is that classical adaptive control relies on the structure of the model
and the the structure of the model uncertainties, i.e., linear vs. nonlinear uncertainties and
linear vs. nonlinear model dynamics. For example it is shown in [36] that using gradient
descent-based filters to estimate the unknown parameters of electromagnetic actuators is
efficient but because the filters are based on the structure of the model dynamics, it is not
possible to use them to estimate multiple uncertainties at the same time. On the other hand,
we show in [32] that by using the approach presented here, it is possible to estimate multi-
ple uncertainties at the same time, and even estimate nonlinear parametric uncertainties as
shown in [37].

Let us move now to the second problem studied in this chapter, namely, the problem of
auto-tuning of feedback gains for nonlinear systems, also referred to in the control commu-
nity as iterative feedback tuning problem.
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5. Learning-based Feedback Gains Auto-tuning for Nonlinear
Robust Control

5.1. Class of Systems Under Study

We consider here affine uncertain nonlinear systems of the form

x=f(x)+Af(x)+g(x)u, x(0) = xg

y = h(x) (15)

where x € R", u € R" y € R" (n, > m), represent respectively the state, the input and the
controlled output vectors, xg is a known initial condition, Af(x) is a vector field representing
additive model uncertainties. The vector fields f, Af, columns of g and function # satisfy
the following assumptions.

Assumption 5.1. f:R" — R" and the columns of g : R" — R"*" are C* vector fields on
a bounded set X of R" and A(x) is a C* function on X. The vector field Af(x) is C! on X.

Assumption 5.2. System (15) has a well-defined (Vect_or) relative degree {rl,...,rm} at
each point 1Y € X, and the system is linearizable, i.e., } ;=" ri = n (see e.g., [38]).

Assumption 5.3. The uncertainty vector Af is s.t.,
is a smooth nonnegative function.

Af(x)| <d(x)Vxe€X,whered : X — R

Assumption 5.4. The desired output trajectories y;; are smooth functions of time, relating
desired initial points y;o at # = 0 to desired final points y;r att =1, and s.t., y;g (1) =yi £, Vt >
tr,tr>0,i€{l,...,m}.

5.2. Control Objectives

Our objective is to design a feedback controller u(x, K), which ensures for the uncertain
model (15) uniform boundedness of a tracking error, and for which the stabilizing feedback
gains vector K is iteratively auto-tuned, to optimize a desired performance cost function.
We stress here that the goal of the gain auto-tuning is not stabilization but rather perfor-
mance optimization. To achieve this control objective, we proceed as follows: We design a
‘passive’ robust controller which ensures boundedness of the tracking error dynamics, and
we combine it with a model-free learning algorithm to iteratively (resting from the same ini-
tial condition at each iteration) auto-tune the feedback gains of the controller, and optimize
online a desired performance cost function.

5.3. Controller Design

5.3.1. Step One: Passive Robust Control Design

Under Assumption 5.2 and nominal conditions, i.e., Af = 0, system (15) can be written
as [38]
YO(t) = b(&(1)) +AG(1))u(r) (16)
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where ) )
YOO = 00,y ()
o), ()" an
&) = (u(0),e " 0) 1<i<m
b,A write as functions of f, g, h, and A is non-singular in X ( [38], pp. 234-288).
At this point we introduce one more assumption on the system.

Assumption 5.5. We assume that the additive uncertainties Af in (15) appear as additive
uncertainties in the linearized model (16), (17), as follows

YW =b(&) +Ab(E) +AE)u (18)

where Ab is C! on X, and s.t., [Ab(E)| < d»(&) VE € X, where d : X — R is a smooth
nonnegative function, and X is the image of the set X by the diffeomorphism x — & between
the states of (15) and (16).

Remark 5.1. Assumption 5.5, can be ensured under the so-called ‘matching conditions’
([39], p. 146).

If we consider the nominal model (16) first, we can define a virtual input vector v as

b(§(1)) +A(&(1))u(r) = v(1) (19)

Combining (16) and (19), we obtain the linear (virtual) Input-Output mapping
Y (6) =v(r) (20)

Based on the linear system (20), we propose the stabilizing output feedback for the nominal
system (18) with Ab(§) =0, as

Upnom = Ail (@) (Vs(f,f..) - b(g)‘)71vs = (Vsla "-avsm)T
Vi = yié”) — K (D —yiff“ N K (yi —yig) ey
ie{l,..,m}

Denoting the tracking error vector as e;(f) = y;(t) — yiy(t), we obtain the tracking error
dynamics
)+ K" (1) + .+ Kie(1) =0, i=1,...,m (22)

and by tuning the gains K;-, i=1,...,m, j=1,...,r; such that all the polynomials in (22)
are Hurwitz, we obtain global asymptotic stability of the tracking errors e;(¢), i = 1,...m, to
zero. To formalize this condition let us state the following assumption.

Assumption 5.6. We assume that there exist a nonempty set X of gains K J"., i=1,....m, j=
1,...,ri, such that the polynomials (22) are Hurwitz.

Remark 5.2. Assumption 5.6 is well know in the Input-Output linearization control litera-
ture. It simply states that we can find gains that stabilize the polynomials (22), which can
be done for example by pole placements.
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Next, if we consider that Ab(§) # 0 in (18), the global asymptotic stability of the error
dynamics will not be guarantied anymore due to the additive error vector Ab(E), we then
choose to use Lyapunov reconstruction technique (e.g., [30]) to obtain a controller ensur-
ing practical stability of the tracking error. This controller is presented in the following
Theorem.

Theorem 5.1. Consider the system (15) for any xo € R", under Assumptions 5.1 to 5.6, with
the feedback controller

u= A" () ((1,E) — b(E) AT &) (L, )k da(e)

k>0, vy = (Vsla-'-7vsm)T (23)
j ; i i—1 ;
Vsi = yié”) — Kl (Y — y,f[ )) — .. —K{(yi —Yia)
Where, K €K, j= 1oori, = 1,....,m, and %—Zind = (aj(fl),..., BZ?er)), V=:P,P>0
such that PA +AT P = —I, with A being an n x n matrix defined as
0,1,0, e 0
0,0, 1,0, e 0
—K! =K 0, ,0
A= . (24)
[ 01,0, . 0
0, eoreereeerresenns 10,0, 1, . 0
0, v, 0,—K™ ... —K™
andz=(z',....7"7, 7' = (e;, ...,e;"fl), i=1,...,m. Then, the vector z is uniformly bounded
e . . oV
and reached the positive invariant set S = {z € R"| 1 —k |5, | >0}.
Proof. [28]. O

5.3.2. Iterative Tuning of the Feedback Gains

In Theorem 5.1, we showed that the passive robust controller (23) leads to bounded tracking
errors attracted to the invariant set S for a given choice of the feedback gains K ;, j=
1,...,ri, i=1,...,m. Next, to iteratively tune the feedback gains of (23), we define a desired
cost function, and use a multi-variable extremum seeking to iteratively auto-tune the gains
and minimize the defined cost function. We first denote the cost function to be minimized
as O(z(B)) where P represents the optimization variables vector, defined as

B=[8K},...8K),....8K",...,8K™  &k]T (25)

rm»

such that the updated feedback gains write as

K! :K;';nomiml—HSK;7 j=1,..riji=1,..m

2
k= knominal + 8k7 knominal >0 ( 6)

where K ;7,! ominal> J = Ls++-1i, i=1,...,m are the nominal initial values of the feedback gains

chosen such that Assumption 5.6 is satisfied.
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Remark 5.3. The choice of the cost function Q is not unique. For instance, if the con-
troller tracking performance at the time specific instants /¢, I = 1,2,3... is important for
the targeted application, one can choose Q as

0(z(B)) = 2 (Ity)Ciz(Ity), C1 >0 (27)

If other performance needs to be optimized over a finite time interval, for instance a com-
bination of a tracking performance and a control power performance, then one can choose
for example the cost function

< (B) = Ji{ 1y, & (OC12(0)dr + [y, uT (6)Cau(t)de o8
=1,2,3...,C;, >0

The gains variation vector [ is then used to minimize the cost function Q over the iterations
1e€{1,2,3,..}.

Following multi-parametric extremum seeking theory [2], the variations of the gains are
defined as
i = agisin(0git — 5)0(z(B))
SKI( ) —xK,( )—l—aK,sm(wK,t—i— ), j=1,.ri,i=1,....m

. . (29)
i = arsin(oxt — 1) 0(:(B))
Ok(t) = xx(t) + arsin(ont + %)
where ai, j=1,...ri, i=1,...,m, a; are positive tuning parameters, and
o) + 0, # w3, for ®; # 0, # O3,
1+ # o3 | #  # 0 30)

Yo, 0,03 € {mK;,mk, j=1.riji=1,...m}

with ©; > o, Yo, € {0k, 0, j=1,...ri, i = 1,...,m}, ®* large enough.

J
To study the stability of the learning-based controller, i.e., controller (23), with the varying
gains (26) and (29), we first need to introduce some additional Assumptions.

Assumption 5.7. We assume that the cost function Q has a local minimum at B*.

Assumption 5.8. We consider that the initial gain vector [ is sufficiently close to the opti-
mal gain vector 3*.

Assumption 5.9. The cost function is analytic and its variation with respect to the gains is
bounded in the neighborhood of B*, i.e., |%—%([3)| <0y, O, >0, B € V(B*), where V(B*)
denotes a compact neighborhood of 3*.

We can now state the following result.

Theorem 5.2. Consider the system (15) for any xo € R", under Assumptions 5.1 to 5.9 with
the feedback controller

w=A"1(E)(vy(t,€) — b(E)) —ATN(E)(SL, )'k(t) dale)
k>0, vy = (vs1,... vsm)T

~ (Fi i ri— ri—1
vt,8) = il — Ki (1) (D = 5y — L
_Kl()( yld)7l_17"'7

€29
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Where, the state vector is reset following the resetting law x(Ity) = xo, I € {1,2,...}, the
desired trajectory vector is rest following ¥, (t) = yia(t — (I = 1)tf), (I— 1)ty <t <Ity, I €
{1,2,...}, and K]i.(t) eX,j=1,..,ri,i=1,...,m are piecewise continues gains switched
at each iteration I, I € {1,2, ...}, following the update law

( ] nominal +8Kl( )
8K (1) = 3K:((1— )ty), (I Dty <1 < Ity
( ) nommal +8k(l), knominal >0
Sk(t) = Sk((I—1)ts), (I— )ty <t <Ity, [=1,2,3...

(32)

where 5]%;,51% are given by (29), (30) and whereas the rest of the coefficients are de-
fined similarly to Theorem 5.1. Then, the obtained closed-loop impulsive time-dependent
dynamic system (15), (29), (30), (31) and (32), is well posed, the tracking error 7 is
umformly bounded, and is steered at each iteration I towards the positive invariant set

={zeR"|1—k; |2 % md] > 0}, k; = Br(n+1), where By is the value of B at the Ith itera-

tion. Furthermore, |Q(B(Itr)) — Q(P*)| < @2(2—(‘)—1—\/_ Y .aK;2_|_ak2), 0, 0, >
0, for I — oo, where ®y = MaX((DKll ey Wk O, and Q satisfies Assumptions 5.7, 5.8 and

((I+1D)ty) =Blty)| <
0.5t;Max(azi?,...,axn >,a2) @, + g agi’+a;?, I € {1,2,...}, and sat-
f K| m %k f K
; J

i=1,...m j=1,...ri

isfies asymptotically the bound |B(Ity) — B*| < % +\/ Y aK,2+ak , O >
i=1,...m j=1,.

0, for I — oo,
Proof. [28]. ]

Remark 5.4. It is worth mentioning here that the proposed ES-based nonlinear IFT method
differs from the existing model-free iterative learning control (ILC) algorithm by two main
points: First, the proposed method aims at auto-tuning a given vector of feedback gains
associated with a nonlinear model-based robust controller. Thus, once the gains are tuned,
the optimal gains obtained by the ES tuning algorithm can be used in the sequel without the
need of the ES algorithm. Second, the available model-free ILC algorithms does not require
any knowledge about the controlled system. In other words, ILC in essence is a model-free
control which does not need any knowledge of the system’s physics. This can be appealing
when the model of the system is hard to obtain, however, it comes at the expense of a large
number of iterations, needed to learn all the dynamics of the system (although indirectly,
via the learning of a given optimal feedforward control signal). In this conditions, we
believe that our approach is faster in terms of the number of iterations needed to improve
the overall performance of the closed-loop system. Indeed, our approach is based on the
idea of using all the available information about the system’s model to design, in a first
phase, a model-based controller, and then in a second phase improve the performance of
this controller by tuning its gains to compensate for the unknown or the uncertain part of
the model. Since, unlike the complete model-free ILC, we do not start from scratch, and
do use some knowledge about the system’s model, we expect to converge to an optimal
performance faster than the model-free ILC algorithms.
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6. Conclusion

Adaptive control and iterative feedback gains tuning, are well know challenging control
problems. Indeed, much work has been dedicated to these problems during the past decade.
However, many real challenges still remain unsolved. We summarized in this Chapter some
of the new results dealing with adaptive control and feedback gains auto-tuning for non-
linear systems. The proposed method for indirect adaptive nonlinear control, is based on a
modular approach. First, a model-based nonlinear robust controller is designed to ensure
(integral) input-to-state stability between a defined tracking error output and a defined un-
certain parameter estimation error. Next, the nonlinear robust controller is complemented
with a model-free extremum seeking algorithm to estimate the uncertainties of the system.
The combination leads to an indirect adaptive nonlinear controller. Similarly, for the feed-
back gains auto-tuning problem, we reported a new method based on the combination of a
robust nonlinear controller with an extremum seeking model-free optimization algorithm, to
auto-tune online the feedback gains of the nonlinear robust controller. Due to their modular
design, and due to the fact that the adaptive part of both approaches is based on model-free
algorithms, the proposed approaches seem to be well suited to handle a larger class of non-
linear systems compared to the available model-based adaptive controllers. To do so, the
results reported here could be further improved. For instance, the model-free model esti-
mation part can be improved, by using extremum seekers algorithms that have semi-global
or global convergence results, e.g., [40,41]. Another model-free learning approach which
could be investigated in this context is the reinforcement learning method, e.g., [42].

References

[1] K.B. Ariyur and M. Krsti¢, Real-time optimization by extremum-seeking control,
Wiley-Blackwell, 2003.

[2] K.B. Ariyur and M. Krstic, Multivariable extremum seeking feedback: Analysis and
design, in Proc. of the Mathematical Theory of Networks and Systems, South Bend,
IN, August 2002.

[3] D. Nesic, Extremum seeking control: Convergence analysis, European Journal of
Control 15(3—4) (2009), pp. 331-347.

[4] A. Scheinker, Simultaneous stabilization of and optimization of unkown time-varying
systems, in American Control Conference, June 2013, pp. 2643-2648.

[5S] M. Kirstic, Performance improvement and limitations in extremum seeking, Systems

& Control Letters 39 (2000), pp. 313-326.

[6] Y. Tan, D. Nesic, and I. Mareels, On non-local stability properties of extremum seeking
control, Automatica 42 (2006), pp. 889-903.

[7] M.A. Rotea, Analysis of multivariable extremum seeking algorithms, in American
Control Conference, June 2000, pp. 433-437.



16 Mouhacine Benosman

[8] M. Guay, S. Dhaliwal, and D. Dochain, A time-varying extremum-seeking control
approach, in American Control Conference, 2013, pp. 2643-2648.

[9] T.Zhang, M. Guay, and D. Dochain, Adaptive extremum seeking control of continuous
stirred-tank bioreactors, AIChE J. 49 (2003), pp. 113-123.

[10] N. Hudon, M. Guay, M. Perrier, and D. Dochain, Adaptive extremum-seeking con-
trol of convection-reaction distributed reactor with limited actuation, Computers &
Chemical Engineering 32(12) (2008), pp. 2994-3001.

[11] C. Zhang and R. Ordéiiez, Extremum-Seeking Control and Applications, Springer-
Verlag, 2012.

[12] M. Benosman and G. Atinc, Multi-parametric extremum seeking-based learning con-
trol for electromagnetic actuators, in American Control Conference, 2013, pp. 1914—
1919.

[13] M. Benosman and G. Atinc, Nonlinear learning-based adaptive control for electro-
magnetic actuators, in European Control Conference, 2013, pp. 2904-2909.

[14] LD. Landau, R. Lozano, M. M’Saad, and A. Karimi, Adaptive Control: Algorithms,
Analysis and Applications, Communications and Control Engineering. Springer-
Verlag, 2011.

[15] M. Kistic, I. Kanellakopoulos, and P.V. Kokotovic, Nonlinear and adaptive control
design, John Wiley & Sons New York, 1995.

[16] C. Wang and D.J. Hill, Deterministic Learning Theory for Identification, Recognition,
and Control, Automation and control engineering series, Taylor & Francis Group,
2006.

[17] P. Haghi and K. Ariyur, On the extremum seeking of model reference adaptive control
in higher-dimensional systems, in American Control Conference, 2011, pp. 1176—
1181.

[18] K.B. Ariyur, S. Ganguli, and D.F. Enns. Extremum seeking for model reference adap-
tive control, in Proc. of the AIAA Guidance, Navigation, and Control Conference,
2009. doi: 10.2514/6.2009-6193.

[19] M. Guay and T. Zhang, Adaptive extemum seeking control of nonlinear dynamic
systems with parametric uncertainties, Automatica 39 (2003), pp. 1283-1293.

[20] V. Adetola and M. Guay, Parameter convergence in adaptive extremum-seeking con-
trol, Automatica 43 (2007), pp. 105-110.

[21] G. Atinc and M. Benosman, Nonlinear learning-based adaptive control for electro-
magnetic actuators with proof of stability, in IEEE, Conference on Decision and
Control, 2013, pp. 1277-1282.

[22] M. Benosman, Learning-based Adaptive Control for Nonlinear Systems, in IEEE,
European Control Conference, 2014, pp. 920-925.



Extremum Seeking-based Indirect Adaptive Control and Feedback Gains Auto-tuning for
Nonlinear Systems 17

[23] M. Benosman, Extremum Seeking-based Indirect Adaptive Control for Nonlinear Sys-
tems, in IFAC, World Congress, August 2014, pp. 401-406.

[24] O. Lequin, M. Gevers, M. Mossberg, E. Bosmans, and L. Triest, Iterative feedback
tuning of PID parameters: comparison with classical tuning rules, in Control Engi-
neering Practice 11(9) (2003), pp. 1023— 1033.

[25] H. Hjalmarsson, Iferative feedback tuning - an overview, International Journal of
Adaptive Control and Signal Processing, 16(5) (2002), pp. 373-395. [Online]. Avail-
able: http://dx.doi.org/10.1002/acs.714

[26] N. Killingsworth and M. Kristic, PID tunning using extremum seeking, IEEE Control
Systems Magazine (2006), pp. 1429-1439.

[27] L. Koszalka, R. Rudek, and 1. Pozniak-Koszalka, An idea of using reinforcement
learning in adaptive control systems, in Networking, International Conference on Sys-
tems and International Conference on Mobile Communications and Learning Tech-
nologies, 2006. ICN/ICONS/MCL 2006. International Conference on, April 2006,
pp. 190-196.

[28] M. Benosman, Multi-Parametric Extremum Seeking-based Auto-Tuning for Robust
Input-Output Linearization Control, in IEEE, Conference on Decision and Control,
December 2014, pp. 2685-2690.

[29] H.K. Khalil, Nonlinear systems, New York Macmillan, second edition, 1996.

[30] M. Benosman and K.-Y. Lum, Passive actuators’ fault tolerant control for affine
nonlinear systems, 1EEE, Transactions on Control Systems Technology, 2009, to
appear.

[31] H.Ito and Z.P. Jiang, Necessary and sufficient small gain conditions for integral input-
to-state stable systems: A Lyapunov perspective, 1EEE Transactions on Automatic
Control 54(10) (2009), pp. 2389-2404.

[32] M. Benosman and G. Atinc, Extremum seeking-based adaptive control
for electromagnetic actuators, in International Journal of Control, 2014,
http://dx.doi.org/10.1080/00207179.2014.964779.

[33] D. Angeli, E.D. Sontag, and Y. Wang, A characterization of integral input-to-state
stability. IEEE Transactions on Automatic Control, 45 (2000), pp. 1082-1097.

[34] W.M. Haddad, V. Chellaboind, and S.G. Nersesov, Impulsive and Hybrid Dynamical
Systems: Stability, Dissipativity, and Control, Princeton University Press, Princeton,
2006.

[35] M. Benosman and M. Xia, Extremum seeking-based indirect adaptive control for non-
linear systems affine in the control, in SIAM Conference on Control and Its Applica-
tions, Submitted, 2015.



18 Mouhacine Benosman

[36] M. Benosman and G. Atinc, Non-linear adaptive control for electromagnetic actua-
tors, in IET Control Theory and Applications, 2014, doi: 10.1049/iet-cta.2013.1011.

[37] M. Benosman and G. Atinc, Nonlinear Learning-based Adaptive Control for Electro-
magnetic Actuators, in IEEE, European Control Conference, 2013, pp. 2904-2909.

[38] A. Isidori, Nonlinear Control Systems, Communications and Control Engineering
Series. Springer-Verlag, 2 edition, 1989.

[39] H.Elmali and N. Olgac, Robust output tracking control of nonlinear mimo systems via
sliding mode technique, Automatica 28(1) (1992), pp. 145-151.

[40] W.H. Noase, Y. Tan, D. Nesic, and C. Manzie, Non-local stability of a multi-variable
extremum-seeking scheme, in IEEE, Australian Control Conference, November 2011,
pages 38-43.

[41] D. Nesic, T. Nguyen, Y. Tan, and C. Manzie, A non-gradient approach to global
extremum seeking: An adaptation of the Shubert algorithm, Automatica 49 (2013),
pp. 809-815.

[42] R.S. Sutton, A.G. Barto, Reinforcement learning: An introduction, MIT Press, 1998.



	Title Page
	page 2

	/projects/www/html/publications/docs/TR2015-009.pdf
	page 2
	page 3
	page 4
	page 5
	page 6
	page 7
	page 8
	page 9
	page 10
	page 11
	page 12
	page 13
	page 14
	page 15
	page 16
	page 17
	page 18


