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Abstract—This letter proposes a novel Data-Driven
(DD) method for controlling unknown input-affine non-
linear systems. First, we estimate the system dynamics
from noisy data offline through Subspace Identification
of Nonlinear Dynamics. Then, at each time step during
runtime, we exploit this estimation to deduce a feedback-
linearization control law that robustly regulates all the
systems consistent with the data. Notably, the control
law is derived by solving a Semidefinite Programming
(SDP) online. Moreover, closed-loop stability is ensured
by constraining a Lyapunov function to descend in each
time step using a linear-matrix-inequality representation.
Unlike related DD control approaches for nonlinear systems
based on SDP, our approach does not require any approx-
imation of the nonlinear dynamics, while requiring the
knowledge of a library of candidate basis functions. Finally,
we validate our theoretical contributions by simulations
for stabilization and tracking, outperforming another DD
literature-inspired controller.
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I. INTRODUCTION

MODEL-BASED control –which exploits the knowledge
of the plant dynamics– has largely been motivated by

the growing availability of first-principles models and the
emergence of state-space control theory [1]. However, first-
principles laws are often difficult to apply, requiring both
time and expert knowledge. On the contrary, system identifica-
tion [2] has been widely used as an indirect Data-Driven (DD)
approach [3] to obtain models from measured trajectories,
while these methods often do not provide guarantees for
the closed-loop. For these reasons, alternative DD control
techniques are becoming more and more popular, thanks to
their capability of designing a controller from data, avoiding
the full knowledge of the model [4].

While many examples of DD control with stability guar-
antees are given in the literature for linear systems (e.g.,
Willem’s Fundamental Lemma [5]), nonlinear control is more
challenging [6]. Indeed, more data are required than in the
linear case, and non-convex optimization problems often
arise in the controller synthesis. Various approaches have
been developed in this field, including nonlinear adaptive
control [7], adaptive Model Predictive Control [8], and set-
membership estimation [9]. To avoid non-convex optimization
that is typically inherited by nonlinearities, one of the most
recent research lines considers Semidefinite Programming
(SDP). SDP has become popular for control problems since it
can handle complex constraints characterized by Linear Matrix
Inequalities (LMIs) [10]. Moreover, a recent research [11] also
considers the application of SDP for computing control inputs
online. However, these methods require an approximation
of the nonlinearity, such as polynomial approximations [12],
embedding into Linear Parameter-Varying dynamics [13], and
using the Koopman operator [14]. On the other hand, feedback
linearization represents a viable approach for canceling out
system nonlinearities, aimed at linearizing the dynamics via
the feedback control action. Within the DD context, feedback
linearization is utilized for noisy-free data [15], for single input
systems [16], and based on online training data update [17].

Data-Driven Robust (DDR) control for nonlinear systems
refers to set membership, in the sense that a controller robustly
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stabilizes a set of all the systems consistent with data [18]. For
instance, the cited paper suggests a DDR control based on Linear
Quadratic Regulation, rewritten as an SDP. Even providing
a low-complexity computational solution, it approximates the
nonlinearity of the dynamics with evident limitations. Other
examples are given by [19] and [20], which propose DDR
controllers based on Sum-of-Squares optimization. However,
these approaches suffer from scaling issues and are limited to
polynomial and rational dynamics. Further, [21] utilizes the
Koopman operator to transform the nonlinear dynamics into a
linear form for a robust controller design. Notwithstanding, the
truncation error of this transformation is generally unknown.
Then, in [22] and [23], a DD regulator is designed using
the Taylor’s expansion to approximate the unknown nonlinear
dynamics, but its accuracy is limited for highly nonlinear
systems, affecting the control performance.

In this letter, we propose an indirect DD control approach
for unknown input-affine nonlinear systems. Our method
first estimates offline the system dynamics through Subspace
Identification of Nonlinear Dynamics (SINDy) [24] applied
on noisy data. Then, at runtime, we exploit this estimation
to set-up an SDP problem (similar to [18]) to robustly con-
trolling the set of all the systems consistent with the data via
feedback-linearization. More specifically, closed-loop stability
is explicitly enforced by an LMI constraint ensuring the
descend of a Lyapunov function over time for all the systems
within the set. Thereby, the optimization problem is convex
and enables the online inference of the unknown coefficients
of the dynamics. To this aim, we require the knowledge of
a library of candidate basis functions, as suggested in [15],
[18], [22], [25], [26]. However, in contrast to these works, our
method does not require nonlinear approximation, achieving
a less conservative robust performance with respect to the set
of systems consistent with the noisy data.

The remainder of this letter is structured as follows. The
problem statement and the control problem formulation are
respectively presented in Sections II and III. Section IV
provides the proposed DD control algorithm, whose effective-
ness is validated in Section V. Finally, Section VI gathers
concluding remarks and further development directions.

Notation: The state and input vectors are respectively
indicated by x = (x1, . . . , xn)

� ∈ R
n and u = (u1, . . . , un)

�
∈ R

n. The symbol x+ is the state vector at the next time
point, while x(k) is the k-th retrieved data sample. Moreover,
we denote the Euclidean norm of a vector v ∈ R

n by ‖v‖2
and the induced matrix norms for the 1- and Euclidean vector
norm by ‖M‖1 and ‖M‖2, respectively. Furthermore, we
respectively name I and 0 the identity and the zero matrix
of suitable dimensions. We use the superscript � for denoting
the transpose of a matrix. The abbreviation ��BA indicates
the quadratic form A�BA of the matrices A and B of suitable
dimensions. Finally, � (�) and ≺ (	) denote the positive
(semi-) and negative (semi-) definiteness of a matrix.

II. PROBLEM STATEMENT

Consider the input-affine nonlinear discrete-time system

x+ = f (x)+ g(x)u, (1)

where f : R
n → R

n and g : R
n → R

n×n describe the
unknown state transition and input functions, respectively. To

infer the unknown dynamics, we suppose the knowledge of
basis functions containing the dynamics.

Assumption 1: The unknown state transition and input
functions can be written upon the following parameterized
representations

f (x) = �1F(x)

g(x) = �2G(x),

where F : Rn → R
nf and G : Rn → R

n×n are the known state
transition and input basis functions, respectively. Moreover,
the functions, given by the rows of matrix F(x) and G(x), are
linearly independent. The coefficient matrices �1 ∈ R

n×nf and
�2 ∈ R

n×n are unknown.
By matrix multiplication, we can rewrite (1) as

x+ = ��(x, u), (2)

where we summarize the nonlinear basis functions into

�(x, u) =
(

F(x)

G(x)u

)

and the unknown coefficient matrices into � = (
�1 �2

)
.

Due to the linear independence of the basis functions accord-
ing to Assumption 1, the coefficient matrix � is unique.
Assumption 1 requires some insights into the unknown dynam-
ics, which might be available from first-principles, e.g., for
electrical or mechanical systems. For instance, F(x) and G(x)

can have the following form:

F
(
x
) = (x�

(
x2

1, . . . , x2
n

)� sin(x1) · · ·
)�

G
(
x
) =

⎛
⎜⎝

1 0 · · ·
0 1+ x2

1 · · ·
...

...
. . .

⎞
⎟⎠.

To infer �, we further ask for N + 1 noisy data samples
{x(k), u(k)}N+1

k=1 satisfying the open-loop dynamics (1):

x(k + 1) = f
(
x(k)

)+ g
(
x(k)

)
u(k)+ d(k) (3)

∀k = 1, . . . , N, with unknown noise d(k). Since these data lack
information for arbitrary noise realizations, we also require the
following general noise characterization, as in [12] and [18].

Assumption 2: Let the noise realizations d(k),∀k =
1, . . . , N, satisfy ‖d(k)‖22 ≤ εd with known εd > 0.

The goal of the remainder of this letter is to find a control
input u leading the nonlinear system (1) to track a reference
signal xr in a stable fashion.

III. DATA-DRIVEN CONTROL PROBLEM FORMULATION

The proposed control law is based on feedback linearization,
where the unknown coefficient matrices are first estimated
offline utilizing the so-called SINDy regression. Then, to
guarantee stability regarding the reference –even with a not
precise coefficient inference– the state feedback is updated at
each time step by solving an SDP problem online.
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A. Offline Regression
Since typically only few nonlinearities in �(x, u) are non-

zero, we set-up the following SINDy-based sparse regression
problem [24]:

min
�̂

N∑
k=1

1

2

∥∥x(k + 1)− �̂�
(
x(k), u(k)

)∥∥2
2 + γ

∥∥�̂∥∥1. (4)

Here, �̂ ∈ R
n×(nf+n) is the estimated sparse coefficient matrix,

while γ >= 0 is a Pareto-based hyper-parameter used for best
balancing model complexity and accuracy, by promoting the
sparsity of the coefficient estimation.

In order to introduce a feedback law for the full state
linearization once problem (4) is solved, the following invert-
ibility assumption is required.

Assumption 3 (cf. [25], Ass. 4): Let the coefficient matrix
�̂2 and matrix G(x),∀x ∈ R

n, be invertible.
Assumption 3 ensures, among others, that the inverse of

�̂2G(x) exists, which is common for input-affine systems [27],
e.g., robotic manipulators or coupled multi-tank systems.
Furthermore, while the invertibility of G(x) can be checked
offline, we can ensure the invertibility of �̂2 by a small
perturbation.

Under this assumption, we can choose the following
feedback-linearization control law for (1) to assure a good
tracking

û(x) = (�̂2G(x)
)−1(− �̂1F(x)− Ke+ x+r

)
, (5)

where K ∈ R
n×n and e = x− xr are the to-be-chosen control

gain matrix and the tracking error vector, respectively. Indeed,
by adding and subtracting the quantity �̂2G(x)̂u(x) to the
“true” dynamics (2) and, then, by substituting the control
law (5), we obtain the tracking error dynamics

e+ = −Ke+ (�1 − �̂1
)
F(x)+ (�2 − �̂2

)
G(x)̂u(x). (6)

Hence, in the ideal case of (�̂1, �̂2) → (�1,�2), then (6)
becomes e+ = −Ke, resulting in an asymptotically stable
tracking error dynamics, for a Schur −K.

However, due to the inexact inference on the regression
matrix, a static choice of K, made offline, does not necessarily
lead to a stable tracking error. Thus, we define the Lyapunov
function candidate V(e) = 1

2 e�Pe, with P � 0, and propose
an online control scheme to guarantee its decay over time.

B. Projection of the Offline Regression
To propose the online control scheme, we first consider

the projection of estimation �̂ on the new variable �̃ =(
�̃1 �̃2

) ∈ R
n×(nf+n) from the set of coefficients, for which

the control input (5) decreases the Lyapunov function for all
the systems consistent with the retrieved data samples (3).
Moreover, by utilizing the control structure (5), the subse-
quently proposed control algorithm also provides an online
adapted inference of the coefficients �.

Lemma 1 (Set Membership): The set of all coefficients
consistent with data (3), under the noise characterization of
Assumption 2, is given by

� =
{

� :

(
I

��
)�

�(k)

(
I

��
)
	 0, k = 1, . . . , N

}
(7)

with

�(k) =
(−εdI+ x(k + 1)x(k + 1)� −x(k + 1)�(k)�

−(x(k + 1)�(k)�
)�

�(k)�(k)�
)

and �(k) = �(x(k), u(k)).
Proof: By the Dualization Lemma (see [28], 2.10), the noise

bound from Assumption 2 is equivalent to(
I

d(k)�
)�(−εdI 0

0 I

)(
I

d(k)�
)
	 0, k = 1, . . . , N.

Replacing d(k) by the noise term from (3) yields �.
Note that � represents a set membership of �, containing,

among all, also the true coefficients �.
Then, inspired by the feedback law (5), the projection �̃ is

obtained by solving the optimization problem

min
�̃1,invertible �̃2,K

∥∥�̂− �̃
∥∥2

2 (8a)

s.t.

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

V
(
e+
) ≤ V(e)

e+ = −Ke+ (�− �̃
)( F(x)

G(x)̃u(x)

)

ũ(x) = (�̃2G(x)
)−1(− �̃1F(x)− Ke+ x+r

)
,

(8b)

where constraints (8b) need to be valid ∀� ∈ �. Since
the variability of � only depends on the noise bound, the
control law ũ(x) is robust for all the admissible systems, which
differ each other only by the noise variance. This ensures
that, although the true � is unknown, the Lyapunov function
robustly decays for all the coefficients matrices within �, and,
consequently, also for the true system.

IV. THE ONLINE CONTROL ALGORITHM

In this section, leveraging the result of Lemma 1, we first
demonstrate that (8) can be effectively solved as an SDP.
To this aim, the following lemma delivers a sufficient LMI
condition for satisfying constraints (8b). Second, we provide
the stability guarantees for the closed-loop dynamics in a
concluding theorem.

Lemma 2 (Sufficient LMI Condition): If there exist matrices
M̃1 ∈ R

n×nf and M̃2 ∈ R
n×n, invertible matrix �̃

−1
2 ∈ R

n×n,
and scalars α1, . . . , αN ≥ 0 such that the LMI constraint⎛

⎝ ϒ

(
0

�(x)

)
(
0 �(x)�

) − 1

⎞
⎠ 	 0 (9)

with

ϒ =
(

x+r
(
x+r
)� − e�PeP−1 − x+r �(x)�

−(x+r �(x)�
)� 0

)
−

N∑
k=1

αk�(k)

and

�(x) =
(

F(x)

−M̃1F(x)− M̃2e+ �̃
−1
2 x+r

)
(10)

holds, then (8b) is satisfied ∀� ∈ �, and for �̃1 = �̃2M̃1,

�̃2 = (�̃
−1
2 )−1, and K = �̃2M̃2.

Proof: To prove the claim, we first apply the Schur com-
plement on (9) resulting in the equivalent condition(

x+r
(
x+r
)� − e�PeP−1 − x+r �(x)�

−(x+r �(x)�
)�

�(x)�(x)�

)
−

N∑
k=1

αk�(k) 	 0.
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Pre- and post-multiplying
(
I �

)
and its transpose, respec-

tively, yields

(
I

��
)�(x+r

(
x+r
)� − e�PeP−1 − x+r �(x)�

−(x+r �(x)�
)�

�(x)�(x)�

)(
I

��
)

	
N∑

k=1

αk

(
I

��
)�

�(k)

(
I

��
)

.

By the construction of � in (7) and α1, . . . , αN ≥ 0, the right-
hand side of the previous condition is negative definite for all
� ∈ �. Therefore, we can imply that

��
(

x+r
(
x+r
)� − e�PeP−1 − x+r �(x)�

−(x+r �(x)�
)�

�(x)�(x)�

)(
I

��
)
	 0 (11)

∀� ∈ �, which corresponds to an S-procedure argument. To
proceed, note that (11) can also be written as

��
(

x+r
(
x+r
)� − e�PeP−1 x+r(

x+r
)� 1

)(
I

−(��(x)
)�
)
	 0. (12)

Moreover, we observe that �(x) = �(x, ũ(x)) as

−M̃1F(x)− M̃2e+ �̃
−1
2 x+r

= G(x)G(x)−1�̃
−1
2

(− �̃2M̃1F(x)− �̃2M̃2e+ x+r
)

= G(x)
(
�̃2G(x)

)−1(− �̃1F(x)− Ke+ x+r
)
.

Since x+ = ��(x, ũ(x)), condition (12) can be written as

��
(

x+r
(
x+r
)� − e�PeP−1 x+r(

x+r
)� 1

)(
I

−(x+)�
)
	 0.

Finally, since P � 0, we can apply the Dualization Lemma
such that

0 ≤
(

x+
1

)�( −P Px+r(
Px+r

)� e�Pe− (x+r )�Px+r

)(
x+
1

)

= e�Pe− (x+ − x+r
)�P

(
x+ − x+r

) = V(e)− V
(
e+
)

is satisfied for all � ∈ �.
It remains to be argued that (9) is an LMI condition. To this

end, note that x, xr, and x+r are known constants. Therefore,
the nonlinearity �(x, ũ(x)) is evaluated at the current state.
Thus, �(x) is linear with respect to the optimization variables
M̃1, M̃2, and �̃

−1
2 . Since condition (9) is additionally linear

regarding to �(x), then (9) is an LMI.
Lemma 2 establishes an LMI constraint to verify whether

V(e) decreases in the next time step, for all the coefficient
matrices robustly within �. It also provides a necessary
condition for k = 1. Interestingly, the nonlinear dynamics can
be directly evaluated without any approximation.

Furthermore, to achieve a guaranteed decay rate of the
Lyapunov function V(e+) ≤ δV(e) with some 0 < δ < 1, we
replace ϒ in LMI (9) by
(

x+r
(
x+r
)� − δe�PeP−1 − x+r �(x)�

−(x+r �(x)�
)� 0

)
−

N∑
k=1

αk�(k). (13)

Algorithm 1 The Online Data-Driven Control Algorithm
Require: Basis functions �(x, u) satisfying (2).
Require: Input-state measurements {u(k), x(k)}N+1

k=1
satisfying x(k + 1) = ��(x(k), u(k))+ d(k).

Require: εd > 0 such that ‖d(k)‖22 ≤ εd, k = 1, . . . , N,
�(k)←(7) for k = 1, . . . , N.
�̂← solving (4).

Require: Lyapunov function matrix P � 0 and ρ > 0.
Require: Time horizon T ∈ N ∪ {∞}.

t← 0
while t ≤ T do

x← current state measurement
xr ← current state reference
x+r ← next state reference
e← x− xr
if V(e) > ρ then

M̃1, M̃2, �̃
−1
2 ← solving (14)

else
M̃1, M̃2, �̃

−1
2 ← solving (14) with e�Pe = ρ

end if
�̃2 ← Inverse of �̃

−1
2

�̃1 ← �̃2M̃1
K← �̃2M̃2

u← (
�̃2G(x)

)−1(− �̃1F(x)− Ke+ x+r
)

t← t + 1
end while

Moreover, due to the uncertain coefficients �, it might be
impossible to achieve V(e+) ≤ V(e) for small e. To this end,
we propose the relaxation

V
(
e+
) ≤

{
V(e) if V(e) ≥ ρ

ρ else

for some ρ > 0, leading (6) to be practically stable.
Finally, to make problem (8) effectively solvable via

SDP, we propose to compute the inverse �̂
−1
2 according to

Assumption 3 and M̂1 = �̂
−1
2 �̂1 for the solution of the SINDy

regression. Subsequently, we solve the problem

min
M̃1, M̃2, �̃

−1
2 , α1,...,αN, δ

s (14a)

s.t.

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

(
sI ��
� I

)
� 0

(9), with (10) and (13)

α1, . . . , αN ≥ 0
0 < δ < 1

(14b)

instead of (8), at each time step, where � = ( �̂
−1
2 M̂1 ) −

( �̃
−1
2 M̃1 ). By the Schur complement, the distance ‖�‖22

is minimized by (14). To ensure that the solution of �̃
−1
2

from (14) is invertible, we can add a small full-rank per-
turbation. Algorithm 1 summarizes the whole proposed DD
approach.

We conclude this section with the following theorem, which
provides the stability guarantee for the closed-loop system.

Theorem 1 (Closed-Loop Stability): Under Assumption 3
and if the SDP (14) is solvable with invertible �̃

−1
2 at each
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Fig. 1. Open-loop simulation of true system (corresponding to data samples) and SINDy regression (a1)-(a2), closed-loop system response
(b1)-(b2), and Lyapunov function (c1)-(c2) for Examples 1 and 2, respectively.

time step, then the tracking error dynamics

e+ = −Ke+ (�1 − �̃1
)
F(x)+ (�2 − �̃2

)
G(x)̃u(x)

is asymptotically stable.
Proof: By Lemma 2, the tracking error satisfies V(e+) ≤

δV(e) for the Lyapunov function V(e) = e�Pe. Therefore,
V(e) is strictly decreasing, which implies asymptotic stability
with respect to the reference trajectory xr. This also implies
V(x[t]) ≤ δtV(x[0]), and thus ‖e[t]‖22 ≤ λmax(P)

λmin(P)
δt‖e[0]‖22.

Here, λmax(P) and λmin(P) denote the maximum and minimum
eigenvalues of P, respectively, and x[t], e[t] the states and
tracking error at time t, respectively.

V. ILLUSTRATIVE EXAMPLES

We validate Algorithm 1 by two examples. The former
involves nonlinearities in F(x) and G(x), while the latter
considers a pendulum-like dynamics, often examined in the
related literature (see [3]). For both examples, N = 150
data samples are generated starting from a randomly-chosen
initial condition x0, with a sine-like input signal u, and an
upper bound εd = 10−2 for the disturbance d. The controller
performance is evaluated over a time horizon T = 20.

All the simulations are conducted in MATLAB�, on a
notebook with a 1.70 GHz Intel Core i7-1255U CPU and
16 GB RAM. The optimization problem (14) is solved by
YALMIP [29] with the SDP solver MOSEK� [30] (v. 10.2).

A. Example 1
For the first example, the following nonlinear dynamics{

x+1 = x1 + 0.1x2 + u1 + d1

x+2 = 2 sin(x1)+ 0.9x2 +
(
0.01+ sin2(x1)

)
u2 + d2

is parameterized through the state and input basis
functions F(x) = (

x1 x2 sin(x1)
)� and G(x) =(

1 0
0 0.01+ sin2(x1)

)
. The true coefficient matrices are

(nf = 3):

�1 =
(

1 0.1 0
0 0.9 2

)
, �2 =

(
1 0
0 1

)
.

Sample data are generated from the initial condition
x0 =

(
0.4886 − 3.5572

)�. With a Pareto term γ = 0.1,
Fig. 1 (a1) shows the open-loop simulation for the SINDy
regression

�̂1 =
(

1 0.1 0
0 0.8999 1.9976

)
, �̂2 =

(
1 0
0 0.8941

)
,

resulting in a percentage mean square error (MSE) around
0.11%. P = I and ρ = 0.3 are the Lyapunov matrix and
the relaxing parameter, respectively. The controlled system is
evaluated with a step reference signal. Figures 1 (b1)-(c1)
indicate respectively the closed-loop step response and the
Lyapunov function over time.

B. Example 2
Example 2 considers the second-order nonlinear dynamics{

x+1 = x1 + 0.1x2 + u1 + d1

x+2 = 2 sin(x1)+ 0.9x2 + u2 + d2,
(15)

parameterized through the state and input basis functions

F(x) = (
x1 x2 sin(x1)

)� and G(x) =
(

1 0
0 1

)
. The true

coefficient matrices are (nf = 3):

�1 =
(

1 0.1 0
0 0.9 2

)
, �2 =

(
1 0
0 1

)
.

Sample data are drawn from the initial condition x0

= (−3.6452 −1.6788
)�. For a Pareto term γ = 0.001,

Fig. 1 (a2) shows the open-loop simulation of the identified
dynamics with

�̂1 =
(

1 0.1 0
0.0547 0.9024 1.9075

)
, �̂2 =

(
1 0

0.7270 0.2887

)
.

Conversely to Example 1, the percentage MSE of the regres-
sion is around 10.46%.

The positive-definite matrix

P =
(

3.7816 1.0095
1.0095 1.1980

)
(16)
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is used in the Lyapunov function constraint. Note that (16)
is obtained as the solution of a benchmark controller inspired
by [22] (cf. Th. 12.4.2), employed to compare the results of
our method. Specifically, the control gain K of the linear state
feedback controller u = Kx proposed in [22] is obtained for
regulating the Jacobian-linearization of (15). However, it is
not able to achieve closed-loop stability, in contrast to the
nonlinear control scheme from our method, whose results are
shown in Figs. 1 (b2)-(c2). More in detail, the former indicates
that the control signal computed by Algorithm 1 stabilizes the
system even with a large regression error, whilst the latter
displays the Lyapunov function behaviour.

VI. CONCLUSION AND FUTURE WORKS

In this letter, we propose a Data-Driven (DD) control
method for unknown input-affine nonlinear systems. First
we require a library of candidate basis functions to build
a Subspace Identification of Nonlinear Dynamics (SINDy)
regression offline; second, we solve online a Semidefinite
Programming (SDP) problem at each time step. The closed-
loop stability is guaranteed by constraining the decay of a
Lyapunov function over time within the SDP. The SDP also
adjusts the regression estimate by projecting it on a set, where
all the systems within it result in a state feedback linearization
that robustly ensures the decay of the Lyapunov function for all
the systems consistent with the noisy data. The effectiveness
of the theoretical results is validated both for stabilization and
reference tracking of two different examples, outperforming a
benchmark literature-inspired controller.

To address feasibility issues in solving the proposed SDP
problem, a theoretical analysis of the conditions that guarantee
its solvability could be an important open issue to explore.
For non-constant reference trajectories, improvements in this
sense could include using a reference governor or relaxing the
Lyapunov condition based on trajectory changes. Alternatives
might involve the adjustment of the regression matrix upon its
previous value (like in adaptive control).
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