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Data-driven control for feedback linearizable single-input systems*
Paulo Tabuada1 , Wen-Loong Ma2 , Jessy Grizzle3 , and Aaron D. Ames2

Abstract— More than a decade ago Fliess and co-workers [1],
[2], [3] proposed model-free control as a possible answer to the
inherent difﬁculties in controlling non-linear systems. Their
key insight was that by using a sufﬁciently high sampling
rate we can use a simple linear model for control purposes
thereby trivializing controller design. In this paper, we provide
a variation of model-free control for which it is possible to
formally prove the existence of a sufﬁciently high sampling rate
ensuring that controllers solving output regulation and tracking
problems for the approximate linear model also solve the same
problems for the true and unknown nonlinear model. This is
veriﬁed experimentally on the bipedal robot AMBER-3M.

I. INTRODUCTION
The work in this paper is motivated by the control of
highly dynamic cyber-physical systems such as walking
robots and cars. When designing controllers for these systems it is common engineering practice to combine modelbased and model-free approaches. In the automotive domain,
bicycle models are typically used for control design although
they fail to describe highly dynamic maneuvers involving
roll, see, e.g. [4]. Similarly, when designing controllers for
walking robots, it is common to use rigid body dynamic
models [5], [6] that typically do not directly account for the
higher order dynamics, e.g., actuator dynamics that include
friction, backlash, unmodeled compliance and the role of the
motor controller in the overall robot dynamics.
One advantage of combining model-based with modelfree control is a natural control hierarchy that allows one
to use the same model-based high level controller even
when the hardware (motors, gear-boxes, etc) are changed.
This approach enables one to focus on the design of highlevel controllers based on idealized ﬁrst principles models
while neglecting several low-level considerations related to
implementation. Yet, this results in a gap between the formal
guarantees made at the level of the model and the actual
implementation on the hardware which leverages artful and
hierarchical data-driven approaches.
In this paper we take the ﬁrst steps towards this modelbased/model-free control hierarchy by investigating a speciﬁc
model-free control technique inspired by Fliess and coworkers’ work on model-free control. Starting with the
papers [1], [2], [3] (see also [7]), Fliess and co-workers
exploited the insight that by using sufﬁciently high sampling
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Fig. 1.
AMBER-3M: the custom-built bipedal walking robot used to
experimentally validate the paper’s results.

rates one can work with a nilpotent approximation of the
dynamics that can easily be made linear.
With the objective of understanding the capabilities as well
as the limitations of this technique we present a formulation
of Fliess and co-workers model-free control along with a
proof that it can be used to solve output regulation and
tracking problems. The main arguments of such proof are
based on the work of Nesic and co-workers [8], [9], [10]
that explains how the robustness of controllers and observers
designed for an approximate discrete-time model can be
used to compensate for the modeling error, as long as the
sampling rate is sufﬁciently high. As we explain in the paper,
although we remain faithful to Fliess and co-workers modelfree control philosophy, the control design methodology we
propose has several differences: 1) we work with discretetime controllers rather than continuous-time ones, i.e., we
explicitly address how the sampling rate affects the dynamics
rather than assuming it to be small enough so as to confound
the continuous-time models with the sampled-data models,
and 2) we do not rely on algebraic estimation [11], [12] since
this technique is ill deﬁned when the sampling time tends to
zero and thus becomes extremely sensitive to measurement
noise for small sampling times.
Rather than presenting the results in its most general form,
we make several simplifying assumptions to streamline the
proofs and bring out the main ideas. In addition, we work
out in detail the case of systems with relative degree 2 and
we experimentally validate this case by controlling a knee
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joint of AMBER-3M, a planar bipedal robot developed at
AMBER Lab (see Figure 1), as detailed in Section VI.
II. PROBLEM SETUP
A. Notation
All the functions in this paper are assumed to be inﬁnity differentiable to simplify the presentation, however the
results hold under weaker differentiability assumptions. We
denote the Lie derivative of the function h : Rn → R along
the vector ﬁeld f : Rn → Rn by Lf h. We also use the
notation Lkf h to denote the k-th Lie derivative of h along
h).
f inductively deﬁned by L0f h = h and Lkf h = Lf (Lk−1
f
We denote the 2-norm of a vector x ∈ Rn by x.
B. Model
We consider a single-input single-output control afﬁne
nonlinear system:
ẋ
y

=
=

f (x) + g(x)u
h(x)

(II.1)
(II.2)

where x ∈ Rn , u, y ∈ R. The dynamics described by f
and g is unknown and we only make the following two
assumptions:
1) The output y = h(x) has relative degree1 n, in other
words, the system is feedback linearizable;
2) The function Lnf h is globally Lipschitz continuous
h is constant, non-zero, and
and the function Lg Ln−1
f
known.
Assumption 1) can be relaxed by simply requiring the
output y = h(x) to have well deﬁned relative degree not
necessarily equal to n. However, in such case we would
require additional assumptions on the zero dynamics and a
much more detailed analysis would be needed. This case and
corresponding details will appear elsewhere. As we illustrate
in Section VI the feedback linearizability assumption already
covers cases of practical interest.
Assumption 2) can partially be relaxed. Rather than ash to be a constant we can identify this
suming Lg Ln−1
f
function from data. However, this identiﬁcation problem is
challenging since it requires a persistently exciting input
signal that may be detrimental to the stabilization problem.
Moreover, Lg Ln−1
h is indeed constant in the practical examf
ple discussed in Section VI. The global Lipschitz continuity
assumption on Lnf h cannot be substantially weakened. It was
h)k
shown in [13] that if Lnf h is of the form Lnf h = (Ln−1
f
then k must satisfy k < n/(n − 1) in order for stabilization,
by a controller measuring y, to be possible. As n increases
we see that Lnf h must essentially be a linear function of
h and thus globally Lipschitz.
Ln−1
f
We will use a system with n = 2 as our running example.
Assumption 1) results in the following model where we use
the coordinates z = (z1 , z2 ) = (y, ẏ):
ż1
ż2

=

z2

=

L2f h(x)

(II.3)
+ Lg Lf h(x)u = a(z) + b(z)u. (II.4)

system (II.1)-(II.2) is said to have relative degree r ∈ N if
Lg Lkf h(x) = 0 for all k ≤ r − 2 and Lg Lr−1
h(x) = 0 for all x ∈ Rn .
f
1 The

C. Problem formulation
The main idea introduced by Fliess and co-workers in [1],
[2], [3], [7] is that we can choose a sampling rate so high
that a(z) and b(z) can be treated as constants during a
few consecutive sampling instants. Note that if a(z) and
b(z) were indeed constant, we could explicitly integrate the
model (II.3)-(II.4) to obtain:
z1a (tk + T )

=

z2a (tk + T )

=

z2a (tk ) + T z2a (tk )
1
+ T 2 (a + bu(tk ))
2
z2a (tk ) + T (a + bu(tk ))

(II.5)

(II.6)

where T ∈ [0, τ [ is the time elapsed since the sampling
instant tk ∈ R and before the next sampling instant tk+1 =
tk + τ with τ being the sampling period. The superscript a
emphasizes the approximate nature of the model. Designing a
stabilizing controller for this afﬁne system is straightforward
as long as we can estimate z2 and a (recall that b is assumed
to be known).
This leads to the following question answered in this
paper:
Is there a sufﬁciently small sampling period so that
a dynamic controller asymptotically stabilizing the afﬁne
model deﬁned (II.5)–(II.6) also asymptotically stabilizes the
unknown nonlinear model (II.1)–(II.2)?
III. ESTIMATION
We ﬁrst address the question of estimating Lf h, L2f h, ...,
For the case n = 2 this corresponds to estimating
z2 = Lf h and a = L2f h. We can add a as a state to the
model (II.5)–(II.6) to obtain the linear model:
Lrf h.

z1a (tk + T )

=

z2a (tk + T )
z3a (tk + T )

=

z2a (tk ) + T z2a (tk )
(III.1)
1 2 a
+ T (z3 (tk ) + bu(tk ))
2
z2a (tk ) + T (z3a (tk ) + bu(tk )) (III.2)

=

z3a (tk ),

(III.3)

also writen in matrix form as:
z a (tk + T ) = A(T )z a (tk ) + Bu(tk ),

y a (tk ) = Cz a (tk ).

Note that we regard the preceding expression as deﬁning, not
one, but a family of linear models parameterized by T ∈ R+
0.
Once we choose a sampling time τ and ﬁx T to be equal to
τ we obtain a discrete-time model. For now, however, T is
treated as a design parameter.
We can also design a family of Luenberger observers:
za (tk +T ) = A(T )za (tk )+Bu(tk )+L(T )(y a (tk )−C za (tk )).
(III.4)
rendering the dynamics of the error ea = za − z a asymptotically stable in the following speciﬁc sense. There exists a
quadratic Lyapunov function E, a constant αe ∈ R+ , and a
time τe ∈ R+ satisfying:
E(ea (tk +T ))−E(ea (tk )) ≤ −αe T ea 2 ,
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∀T ∈ [0, τe [.
(III.5)

Note how E provides a certiﬁcate of asymptotic stability
based on an upper bound on the decrease of E that is linear
in T . It is this linear dependence on T , one of the major
insights introduced by Arcak and Nesic in their study of
observers based on approximate models [8], that is used to
build the argument for the main result in the paper.
The family of Luenberger observers (III.4) can be designed, for example, by designing a constant observer gain
L for a continuous-time Luenberger observer based on the
continuous-time model ż1a = z2a , ż2a = z3a + bu, ż3a = 0
since this guarantees the existence of a quadratic Lyapunov
function E satisfying (III.5) for some αe ∈ R+ and for
sufﬁciently small time τe ∈ R+ . It is not difﬁcult to see that
the same process can be applied when n > 2, still resulting
in an inequality of the form (III.5). In Section V we will
use inequality (III.5) to establish asymptotic stability for the
unknown nonlinear system. Therefore, any observer resulting
in an inequality of the form (III.5) can be used.
Remark 3.1: An alternative to using an observer is to
use algebraic estimation [11], [12] by which we obtain
the estimate z of z via an algebraic expression of y and
its iterated integrals. Although these algebraic estimators
are obtained in [11], [12] via operational calculus and
differential algebra, it is shown in [14] how they can be
derived by resorting to linear systems theory. We summarize
the discussion in [14] since it is especially relevant. Under
the assumption that u is constant in between sampling times,
since a and b are also assumed constant, we have (see (II.3)d3
d
(II.4)) z̈2 = dt
(a+bu) = 0. Hence, dt
3 z1 = 0 and this model
can be written in the classical matrix form ẋ = Ax, y = Cx
where x = (z1 , z2 , z3 ) = (z1 , ż1 , z̈1 ) and y = z1 . Therefore,
estimating ẏ = z2 and estimating a = z3 − bu (we assume b
and u to be known) reduces to estimating x. It then follows
from classical linear systems theory (e.g. [15]) that:
 tk +τ
ΦT (s, tk + τ )C T y(s)ds
x(tk + τ ) = Wr−1 (tk , tk + τ )
tk

(III.6)
where Wr is the reconstructability Gramian and Φ is the
state transition matrix. All the formulas for algebraic estimation in [11], [12] are subsumed by (III.6) and we now
see that when the sampling time τ tends to zero, we have
limτ →0 Wr (tk , tk + τ ) = C T C which is no longer invertible
and precludes the use of algebraic estimation. Moreover, as
τ becomes smaller (although still nonzero), the estimate of x
given by (III.6) becomes more sensitive to noise since Wr−1
becomes numerically ill conditioned.
IV. STABILIZING THE LINEAR
APPROXIMATE MODEL

and a time τz ∈ R+ so that the following inequality holds
for all T ∈ [0, τz [:
a
a
a
(tk + T )) − V (z12
(tk )) ≤ −αz T z12
(tk )2 . (IV.2)
V (z12

One way of designing such controller is to use a constant
matrix K for which the control law u = Kx asymptotically
stabilizes the continuous-time model z̈1a = a + bu. It would
then follow the existence of a Lyapunov function satisfying
V̇ ≤ −β(z1a , z2a )2 . By continuity, (IV.2) will hold with,
e.g., αz = β/2 for sufﬁciently small time τz . Since we can
always take K to be constant, we assume without loss of
generality that:
sup K(T ) < ∞.

T ∈[0,τz [

We now use the controller u(tk + T ) = K(T )z a (tk ), not
with the state z a = (z1a , z2a , z3a ) but with the estimate za =
(z1a , z2a , z3a ) obtained as explained in Section III. In other
words, we use the controller:
u(tk + T ) = K(T )za (tk ).

u(tk + T ) = K(T )z (tk )

(IV.1)

asymptotically stabilizing z1a and z2a to the origin and for
which there exists a quadratic Lyapunov function V (z1a , z2a )

(IV.4)

We denote the solution of (III.1)–(III.3) with the input u =
K(T )za by ζ a (z a , u, T ) or, since u = K(T )za = K(T )z a +
K(T )ea for ea = za −z a , by ζ a (z a , ea , T ). Inequality (IV.2)
now becomes:
a
a
(z a , ea , T )) − V (z12
)
V (ζ12

≤

a 2
−αz T z12


+δT ea 2 , (IV.5)

for some δ ∈ R+ and for all T ∈ [0, τz [. This inequality follows directly from the observation that linear controllers for
linear systems result in a closed-loop system that is ISS with
respect to the estimation error ea = za −z a . Inequality (IV.5)
will be used in the next section to establish asymptotic
stability for the unknown nonlinear system. Therefore, any
linear controller resulting in an inequality of the form (IV.5)
can be used.
V. STABILITY ANALYSIS
In this section we establish asymptotic stability of the
unknown nonlinear system (II.1)-(II.2) when controlled by
a linear control law (IV.4) enforcing inequality (IV.5) where
za is the state estimate obtained by the linear observer (III.4)
enforcing inequality (III.5).
We start by clarifying the closed-loop model we will use in
our analysis. For simplicity, we only discuss the case n = 2
although the results directly generalize to arbitrary n ∈ N.
The exact and unknown sampled-data closed-loop model
is described by:

We ﬁrst assume that we can measure the full state of
the linear model (III.1)-(III.3). It is then simple to design
a family of linear controllers (parameterized by T ):
a

(IV.3)

ż1e
ż2e

=

z2e

(V.1)

=

z3e

=

+ bu(tk )
∂z3e e ∂z3e e
z +
(z + bu(tk ))
∂z1e 2 ∂z2e 3

(V.2)

ż3e

(V.3)

and valid for t ∈ [tk , tk + τ [. The superscript e emphasizes
the exactness of the model as opposed to the superscript a
used for the approximate model (III.1)-(III.3). The input is
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constant and given by u(tk ) = K(T )za (tk ). We denote the
solution of this system by ζ e (z e (tk ), u(tk ), t) which is valid
for t ∈ [tk , tk+1 [. Since u = K(T )za = K(T )z e + K(T )ee ,
for the error ee = za −z e , we also denote ζ e (z e (tk ), u(tk ), t)
by ζ e (z e (tk ), ee (tk ), t).
The next result provides a bound for the error between the
exact and approximate models.
Proposition 5.1: For any τm ∈ R+ there exists a class
K∞ function ρ, depending on τm and the unknown nonlinear model, for which the following bound holds for all
T ∈ [0, τm [:

Similarly, we introduce the notation εe (ee (tk ), z e (tk ), T ) to
denote the error ee (tk + T ), i.e.:
εe (ee (tk ), z e (tk ), T )

=

≤

(V.5)

(z, u, T ) is the solution of the Euler approxwhere ζ
imation of (V.1)–(V.3) and ρ (T ) is a class-K∞ function.
Since:


z1 + T z2
Euler
(z, u, T ) =
ζ12
z2 + T (z3 + bu)
Euler

we see that:

We now start the proof by rewriting inequality (V.4) using
the error ee = za − z e . We note that u − z3e /b = K(T )za −
z3e /b = (K(T )z e − z3e /b) + K(T )ee and upon substitution
in (V.4) we obtain:

=
≤

d T 2 u + z3 /b,

(V.6)

+

for a suitable constant d ∈ R . Combining inequalities (V.5)
and (V.6) we arrive at:
≤
≤

≤
≤
≤

e
a
(z, u, T ) − ζ12
(z, u, T )
ζ12
e
Euler
ζ12 (z, u, T ) − ζ12 (z, u, T )
 Euler

a
+ ζ12
(z, u, T ) − ζ12
(z, u, T )

=

for ρ(T ) = ρ (T ) + dT and concludes the proof.
The main result of this paper is obtained by combining (V.4) with inequalities (III.5) and (IV.5).
Theorem 5.2: There exists a sampling time τ ∗ so that
the linear control law (IV.4), designed based on the linear
approximate model (III.1)–(III.3) and computed based on the
state estimate za given by the linear observer (III.4) designed
for the linear approximate model, globally asymptotically
stabilizes the nonlinear unknown model (II.1)–(II.2) satisfying assumptions 1) and 2).
Proof:
We start by establishing the notation
εa (ea (tk ), z a (tk ), T ) to denote the error ea (tk + T ) while
emphasizing its dependence on ea (tk ) and z a (tk ), i.e.:
=

∀T ∈ [0, min{τz , τm }[

e
a
(z e , u, T ) − ζ12
(z e , u, T )2
ζ12

 e 2
T ρ(T ) z12  + ee 2 .

(V.9)

e
e
e
e
(z12
, ee , T ), εe (ee , z12
, T )) − W (z12
, ee )
W (ζ12
a
e
e
e
W (ζ12
(z12
, ee , T ), εa (ee , z12
, T )) − W (z12
, ee )
e
e
e
+W (ζ12
(z12
, ee , T ), εe (ee , z12
, T ))
a
e
e
a e e
−W (ζ12 (z12 , e , T ), ε (e , z12 , T ))

+d T u + z3 /b
T ρ(T )(z12  + u + z3 /b),

=

e
T ρ (T ) (z12
 + ee ) ,

The remainder of the proof consists in showing the existence of τ ∗ ∈ R+ for which:
δ + αx
e
e
, ee ) = V (z12
)+
E(ee )
W (z12
αe
becomes a Lyapunov function for the exact model (V.1)–
(V.3) combined with the dynamics of ee given by (V.8). The
following long sequence of inequalities will be explained
immediately thereafter.

T ρ (T )(z12  + u + z3 /b)

εa (ea (tk ), z a (tk ), T )

e
e
T ρ(T ) (z12
 + c z12
 + K(T )ee )

where we used the fact that K(T )z e − z33 /b is a function
e
only, given by k1 (T )z1e + k2 (T )z2e , the constant c
of z12
is given by c = supT ∈[0,min{τz ,τm }[ (k1 (T ), k2 (T )) (see
assumption (IV.3)), and the K∞ function ρ is given by
ρ (T ) = ρ(T ) max{1, c , supT ∈[0,min{τz ,τm }[ K(T )}. By
redeﬁning the function ρ we arrive at:

2

≤

e
a
(z e , u, T ) − ζ12
(z e , u, T )
ζ12
 e

T ρ(T ) z12  + K(T )z e − z33 /b + K(T )ee 

≤


 Euler
a
ζ12 (z, u, T ) − ζ12
(z, u, T )
 1 2

 − T (z3 + bu) 
 2



0

ee (tk + T )
(V.8)
ζa (ee (tk ) − z e (tk ), z e (tk ), T )
−ζ e (z e (tk ), ee (tk ), T ).

e
a
(z, u, T ) − ζ12
(z, u, T )
ζ12
≤ T ρ(T ) (z12  + u + z3 /b) .
(V.4)
Proof: A slight adaptation of the proof in Proposition
3.5 in [10] leads to the inequality:
e
Euler
ζ12
(z, u, T ) − ζ12
(z, u, T )

T ρ (T ) ((z1 , z2 ) + u + z3 /b)

=

ea (tk + T )
(V.7)
a
a
a
a

ζ (e (tk ) − z (tk ), z (tk ), T )
−ζ a (z a (tk ), ea (tk ), T ).
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≤

≤

e 2
−αz T z12
 + δT ee 2 − (αz + δ)T ee 2
e
e
e
+ |W (ζ12 (z12
, ee , T ), εe (ee , z12
, T ))
a
e
e
−W (ζ12
(z12
, ee , T ), εa (ee , z12
, T ))|
e 2
e 2
−αz T z12  − αz T e 

e
e
a
e
+σζ12
(z12
, ee , T ) − ζ12
(z12
, ee , T )2
e e
e
a e
+σε (z12 , e , T ) − ε (z12 , ee , T )2

≤

=

≤

e 2
−αz T z12


(V.10)

(V.11)

e 2

− αz T e 

e 2
+σ T ρ(T ) z12
 + ee 2


+σεe (z e , ee , T ) − εa (z e , ee , T )2
e 2
 − αz T ee 2
−αz T z12

 e 2
+σ T ρ(T ) z12
 + ee 2

+σζ e (z e , ee , T ) − ζ a (z e , ee , T )2
e 2
−αz T z12
 − αz T ee 2

 e 2
+2σ T ρ(T ) z12
 + ee 2

(V.12)

(V.13)
(V.14)

Inequality (V.10) follows from (IV.5) and (III.5). Inequal1
ity (V.11) follows from the function V 2 being Lipschitz
1
1
continuous with Lipschitz constant σV2 , function E 2 be1
ing Lipschitz continuous with Lipschitz constant σE2 , and
σ = max{σV , σE }. Inequality (V.13) follows from (V.7)
and (V.8) while inequalities (V.12) and (V.14) result from
a direct application of (V.9).
If we deﬁne:
αz
τ ∗ = min τe , τz , τm , ρ−1
4σd
it follows that (V.14) is upper bounded by:
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1
− αz T ((z1e , z2e )2 + ee 2 )
2
for all T in the set [tk , tk + τ ∗ [ thereby showing that W is a
Lyapunov function proving asymptotic stability of (z1e , z2e ) =
(0, 0) and ee = (0, 0, 0).
Although the discussion so far focused on the asymptotic
stabilization problem, linearity of the model (III.1)–(III.3)
allows us, with the same ease, to design controllers solving
output regulation and tracking problems. The proof of Theorem 5.2 can easily be adapted so as to also apply to these
cases.
VI. E XPERIMENTAL RESULTS
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Fig. 2. Angle regulation to the desired set point of 0.35 rad for different
values of the sampling time, τ , ranging from 3ms to 10ms.

A. The experimental platform AMBER-3M
AMBER-3M is a planar, modular bipedal robot custombuilt by AMBER Lab (see Fig. 1); here, modular refers to the
fact that it has multiple leg designs that can be attached to test
different walking phenomena [16]. It was previously used for
the study of mechanics-based control [17]. In this particular
study, we used a pair of lower limbs with point feet, which
made AMBER-3M a 5-degree of freedom under-actuated
walking robot. As shown in Fig. 1, the robot is connected
to the world through a planner supporting structure, which
eliminates the lateral motion but does not provide support to
the robot in the sagittal plan.
B. Observer and controller design
In the ﬁrst set of experiments we immobilized AMBER3M while keeping one point foot in the air. The knee
joint corresponding to the free standing point foot was then
controlled by measuring the joint angle via an encoder. The
torque commands produced by the data-driven controller
were transformed, by the ELMO motor driver, into a torque
applied at the knee joint by the BLDC motor. We modeled
the controlled swinging lower limb as an inverted pendulum:
I θ̈ = u − mg sin θ
where I is the moment of inertia, m is the mass, g is gravity’s
acceleration, θ is the knee angle, and u is the input torque.
Assumption 1) is satisﬁed since the relative degree of this
system is n = 2. Assumption 2) is also satisﬁed since the
supposedly unknown function L2f h = −mg sin θ is Lipschitz
continuous, and the function Lg L1f h is indeed constant and
given by Lg L1f h = b = 1/I = 2.442.

We designed the linear controller:
1
(VI.1)
u = k 1 z 1 + k 2 z 2 − z3
b
based on the model (III.1)–(III.3). The gains k1 and k2 were
chosen so as to place the closed-loop eigenvalues at e−λτ
with λ = 20. This resulted in:
−3 + 2e−λτ + e−2λτ
.
2bτ
This controller was then used with the estimate za of
z a computed by a Luenberger observer whose gain was
designed to place its eigenvalues at e−mλτ with m = 3.
This lead to the gain matrix:
T
L = l1 l2 l3 , l1 = 3 − 3e−mλτ
k1 = −

l2 =

e−2λτ (eλτ − 1)2
,
bτ 2

k2 =

e−3mλτ (emλτ −1)2 (5emλτ +1)
,
2τ

l3 =

e−3mλτ (emλτ −1)3
.
τ2

C. Set-point regulation
Theorem 5.2 asserts the existence of a sufﬁciently small
sampling time for which the previously described controller
and observer stabilize the free standing point foot. In this
experiment we decreased the sampling time, starting from
10ms, until adequate performance for set-point regulation
of the angle to the value of 0.35 rad was observed. Fig. 2
shows that adequate performance is achieved with sampling
times smaller than or equal to 8ms. Based on these results,
we used a sampling time of 5ms in all the other experiments.
To illustrate how the proposed control technique is robust
to the value of b, assumed to be known, we repeated the
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Fig. 3. Angle regulation to the desired set point of 0.35 rad when using
an incorrect value for b. Left ﬁgures: b = 1.8, right ﬁgures: b = 4.
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h from data (this is a classical and hard adaptive
Lg Ln−1
f
control problem that becomes simpler when the sign of
h is known since we can use, e.g., Lyapunov based
Lg Ln−1
f
controller based adaptive controllers based on the Immersion
and Invariance approach [19]). Also under investigation are
the robustness properties of the proposed control methodology, especially in what regards sensor noise. Although it
is unavoidable that model-free controllers are more sensitive
to noise than model-based controllers, since all the model
information needs to be extracted from data, it is important
to quantify such sensitivity.
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