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Abstract— Both fixed-gain control and adaptive learning
architectures aim to mitigate the effects of uncertainties. In
particular, fixed-gain control offers more predictable closed-
loop system behavior but requires the knowledge of uncertainty
bounds. In contrast, while adaptive learning does not necessar-
ily require such knowledge, it often results in less predictable
closed-loop system behavior compared to fixed-gain control.
To this end, this paper presents a novel symbiotic control
framework that offers the strengths of fixed-gain control and
adaptive learning architectures. Specifically, this framework
synergistically integrates these architectures to mitigate the
effects of uncertainties in a more predictable manner as
compared to adaptive learning alone and it does not require
any knowledge on such uncertainties. Both parametric and
nonparametric uncertainties are considered, where we utilize
neural networks to approximate the unknown uncertainty basis
for the latter case. Counterintuitively, the proposed framework
has the ability to achieve a desired level of closed-loop system
behavior even with an insufficient number of neurons (e.g.,
when the neural network approximation error is large) or in
the face of injudiciously selected adaptive learning parameters
(e.g., high leakage term parameters).

I. INTRODUCTION

As dynamical systems evolve in complexity, the discrep-
ancies between mathematical models and actual physical
systems continue to increase due to idealized assumptions,
simplifications, linearization, degraded modes of operation,
and changes in equations of motion. In turn, these dis-
crepancies called uncertainties can lead to poor closed-loop
system behavior and even instability. To mitigate the effects
of uncertainties, there are two fundamental approaches in the
literature; namely, fixed-gain control and adaptive learning
architectures. For example, robust control [1,2] and sliding
mode control [3,4] are well-known fixed-gain control ap-
proaches, whereas adaptive control [5,6,7] and reinforcement
learning [8,9] are well-known adaptive learning approaches.

As compared to adaptive learning, fixed-gain control offers
more predictable closed-loop system behavior. Because, the
gains of the resulting control algorithm do not vary as a
function of time or state. Yet, it requires the knowledge
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of uncertainty bounds for guaranteeing closed-loop system
stability (see [2, Chapter 2] and [10, Assumption 3.1] for
examples). For dynamical systems of complex nature or
when these systems experience changes in dynamics, ob-
taining such bounds can be challenging. In contrast, adap-
tive learning does not necessarily require such knowledge.
However, due to their nonlinear parameter adjustment mech-
anism and the need for neural networks for approximating
uncertainties of nonparametric nature, it often results in
less predictable closed-loop system behavior compared to
fixed-gain control especially during their transient period
[11,12,13,14,15,16,17,18].

A. Contribution and Relevant Literature
The contribution of this paper is a novel control framework

that offers the strengths of fixed-gain control and adaptive
learning architectures. Inspired by biology, we term this
framework symbiotic control since symbiosis refers to the
relationship or interaction between two dissimilar organisms1

19. Specifically, symbiotic control synergistically integrates
these architectures to mitigate the effects of uncertainties in
a more predictable manner as compared to adaptive learning
alone and it does not require any knowledge on such uncer-
tainties. Both parametric and nonparametric uncertainties are
considered, where we utilize neural networks to approximate
the unknown uncertainty basis for the latter case.

In the adaptive learning literature, it is well-known by the
Weierstrass approximation theorem 20 that an insufficient
number of neurons can result in a large neural network
approximation error over a compact region. Since this of-
ten leads to poor closed-loop system behavior, the authors
of [21,22,23] have recently explored deep neural network
methods to minimize this approximation error. In addition,
it is also well-known that high leakage term parameters
used in the parameter adjustment mechanisms can result in
poor closed-loop system behavior since they slow down the
learning process. Counterintuitively, the proposed symbiotic
control framework has the ability to achieve a desired-level
of closed-loop system behavior even with an insufficient
number of neurons and without a deep neural network
method, or in the face of high leakage term parameters.

Finally, the authors of [14,15,17] propose symbiotic con-
trol frameworks that are related to the results presented in
this paper. To this end, the following two points are needed to

1Within the context of this paper, two dissimilar organisms refer to the
fixed-gain control and adaptive learning architectures.
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be mentioned. First, none of these results focus on nonpara-
metric uncertainties as opposed to the results documented in
this paper. Second, although nonparametric uncertainties are
not considered, the findings in 17 align more closely with
the results of this paper. However, the authors of 17 make
an assumption that requires some knowledge of uncertainty
bounds for guaranteeing closed-loop system stability (i.e.,
[17, (34)], where we here remove this assumption for both
parametric and nonparametric uncertainty cases.

B. Content and Notation

In the remainder of this paper, we state the problem
formulation and the relevant preliminaries on fixed-gain
control and adaptive learning architectures in Section II.
We next present the symbiotic control framework in Section
III for dynamical systems with parametric uncertainty and
in Section IV for dynamical systems with nonparametric
uncertainty. Illustrative numerical examples are then given
in Section V to show the efficacy of the contributions of this
paper. Finally, conclusions are summarized in Section VI.

A fairly standard notation is used in this paper. In partic-
ular, R, Rn, and Rn×m respectively denote the sets of real
numbers, real vectors, and real matrices; R+, R+, Rn×n

+ , and
Rn×n

+ respectively denote the sets of positive real numbers,
nonnegative real numbers, positive-definite real matrices,
and nonnegative-definite real matrices; and “≜” denotes the
equality by definition. Furthermore, we use (·)−1 for the
inverse, (·)T for the transpose, tr(·) for the trace, ∥·∥2 for
the vector Euclidean norm or the matrix induced 2-norm,
∥·∥F for the matrix Frobenius norm, diag(a) for the diagonal
matrix with the real vector a ∈ Rn on its diagonal, and λ (A)
and λ (A) respectively for the minimum and the maximum
eigenvalues of the real matrix A ∈ Rn×n.

II. PROBLEM FORMULATION AND PRELIMINARIES

In this paper, we consider the uncertain dynamical system
represented in the state-space form given by

ẋ(t) = Ax(t) +BΛ
(
u(t) + δ(x(t))

)
, x(0) = x0, (1)

where x(t) ∈ D ⊆ Rn is the measurable state and u(t) ∈ Rm

is the control signal2. Here, A ∈ Rn×n is the known system
matrix and B ∈ Rn×m is the known full column rank control
matrix such that the pair (A,B) is controllable. Furthermore,
Λ = diag(λ) ∈ Rm×m

+ , λ = [λ1, . . . , λm]T, is an unknown
control effectiveness matrix and δ(x(t)) : D → Rm is a
parametric (D = Rn in this case) or nonparametric (D ⊂ Rn

in this case with D being a compact set) uncertainty that is
composed of locally Lipschitz functions.

Next, let un(t) ∈ Rm be a nominal control signal that
satisfies

un(t) = −K1x(t) +K2r(t), (2)

where K1 ∈ Rm×n is a feedback gain matrix such that A−
BK1 is Hurwitz, K2 ∈ Rm×p is a feedforward gain matrix,

2Around an equilibrium point, a considerable number of uncertain dynam-
ical systems including aerial and ground vehicles adhere to the state-space
form given by (1) either explicitly or approximately [6, Section 2].

and r(t) ∈ Rp is a given uniformly continuous and bounded
reference signal3. The purpose of (2) is to define a nominal
(i.e., ideal) closed-loop system behavior given by

ẋn(t) = Anxn(t) +Bnr(t), xn(0) = xn0, (3)

in the absence of uncertainties (i.e., δ(x(t)) ≡ 0 and Λ ≡ I)
and u(t) ≡ un(t), where An ≜ A−BK1 and Bn ≜ BK2.

To mitigate the effects of uncertainties, let uf(t) ∈ Rm be
the fixed-gain control signal and ua(t) ∈ Rm be the adaptive
learning signal. We can now define the control signal as

u(t) = un(t) + uf(t) + ua(t), (4)

with uf(t) and ua(t) being defined in the next sections. Using
(4) with (2) in (1), one can write

ẋ(t) = Anx(t) +Bnr(t) +BΛ
(
uf(t) + ua(t)

+π(x(t), un(t))
)
, (5)

where

π(x(t), un(t)) ≜ δ(x(t)) + (I − Λ−1)un(t) (6)

is the total uncertainty.
The problem studied in this paper is to synergistically

integrate fixed-gain control signal uf(t) and adaptive learning
signal ua(t) (i.e., symbiotic control) to mitigate the total
uncertainty π(x(t), un(t)) in a more predictable manner as
compared to adaptive learning alone and without requiring
any knowledge on this uncertainty. Section III (respec-
tively, Section IV) addresses this problem when δ(x(t)) in
π(x(t), un(t)) is parametric (respectively, nonparametric),
where we are now ready to cover important preliminaries
in the next subsections of this section.

A. Preliminaries on Fixed-Gain Control

For the preliminaries presented in this subsection, let
ua(t) ≡ 0 and consider the fixed-gain control signal

uf(t) = −αBi(x(t)−x0)+αBi

∫ t

0

(
Anx(s)+Bnr(s)

)
ds,

(7)

where α ∈ R+ is the fixed-gain control parameter and
Bi ≜ (BTB)−1BT. Note that since B has full column
rank, the inverse of BTB exists. For instances where x0
is not perfectly known, note also that its estimate can be
used instead and this change only affects the initial transient
closed-loop system behavior. We now present a key lemma.

Lemma 1. The fixed-gain control signal given by (7) is
equivalent to

u̇f(t) =−αΛ
(
uf(t)+π(x(t), un(t))

)
, uf(0) = 0. (8)

Proof. Multiplying both sides of (5) with Bi yields

Λ
(
uf(t)+π(x(t), un(t))

)
=Bi

(
ẋ(t)−Anx(t)−Bnr(t)

)
, (9)

3Without loss of generality, we use a static nominal control signal as given
by (2). If preferred, a dynamic nominal control signal can be employed (see
[6, Section 3-B] for an example), where the results presented in this paper
only experience minor modifications in this case.



where using (9) in (8) gives

u̇f(t) =−αBi

(
ẋ(t)−Anx(t)−Bnr(t)

)
. (10)

Finally, taking the integral of (10) results in (7). ■

While the fixed-gain control signal given by (7) is imple-
mentable, its equivalent form given by (8) is not. Because,
the matrix Λ and the term π(x(t), un(t)) are unknown in (8).
While this is the case, (8) is needed for an important result
presented in the next proposition.

Proposition 1. If α in (7) is sufficiently large, then the
solution to (5) approximately behaves as the solution to the
nominal (i.e., ideal) closed-loop system given by (3).

Proof. Recall that (7) is equivalent to (8) by Lemma 1.
Now, let ε ≜ α−1 and rewrite (8) as

εu̇f(t) =−Λ
(
uf(t)+π(x(t), un(t))

)
, (11)

where (5) and (11) together represents a singularly perturbed
dynamical system. In this case, a sufficiently large α implies
that ε ≡ 0 in (11), which results in the unique root

uf(t) = −π(x(t), un(t)). (12)

Using (12) in (5), we arrive to the reduced-order dynamical
system given by

ẋr(t) = Anxr(t) +Bnr(t), xr(0) = x0, (13)

which has an exponentially stable equilibrium point. One can
also write the boundary layer dynamical system as

dufb(τ)/dτ = −Λufb(τ), ufb(0) = 0, t = ετ, (14)

which also has an exponentially stable equilibrium point
since the unknown matrix −Λ is Hurwitz by definition. All
conditions of Tikhonov’s theorem are now met [24, Theorem
11.1]. Therefore, the solution to (5) can be approximated
using the solution to the reduced-order dynamical system
given by (13). Since the solution to (13) is identical to the
solution to (3), the proof is now complete. ■

Remark 1. If the fixed-gain control parameter α is suf-
ficiently large, then it is evident from Proposition 1 that
the solution to the uncertain dynamical system given by
(5) approximates the solution to the nominal (i.e., ideal)
closed-loop system given by (3). This is a strong result
that holds for both parametric or nonparametric uncertainty
cases and without an adaptive learning signal. However, it
is not possible to know in practice how large α needs to
be. Furthermore, analyzing closed-loop system stability on
how α needs to be properly chosen without an adaptive
learning signal requires a specific uncertainty structure and
an upper bound on this uncertainty, where such analysis can
be conservative as well (see [10] for an examplary study
involving small gain theorem). To avoid all these, we employ
a form of the fixed-gain control signal given by (7) in the
following sections with an adaptive learning signal (i.e.,
symbiotic control). Importantly, we harness the presence of
this fixed-gain control signal for achieving a more predictable
closed-loop system behavior as α increases.

B. Preliminaries on Adaptive Learning

For the preliminaries presented in this subsection, let
uf(t) ≡ 0. First, consider that δ(x(t)) is a parametric
uncertainty such that

δ(x(t)) =WT
δ σδ(x(t)), x(t) ∈ Rn, (15)

holds, where Wδ ∈ Rs×m is an unknown weight and
σδ(x(t)) : Rn → Rs is a known basis function. In this case,
the total uncertainty given by (6) can be represented as

π(x(t), un(t)) ≜WTσ(x(t), un(t)), (16)

where W ≜ [WT
δ , (I−Λ−1)]T ∈ R(s+m)×m is unknown and

σ(x(t), un(t)) ≜ [σT
δ (x(t)), u

T
n (t)]

T : Rn ×Rm → Rs+m is
known by definition. In addition, let the adaptive learning
signal be

ua(t) = −ŴT(t)σ(x(t), un(t)), (17)

where Ŵ (t) ∈ R(s+m)×m is an estimate of W that is learned
through the parameter adjustment mechanism given by
˙̂
W (t) = βσ(x(t), un(t))

(
x(t)−xn(t)

)T
PB, Ŵ (0) = Ŵ0,

(18)

with β ∈ R+ being the adaptive learning parameter, xn(t)
satisfying (3), and P ∈ Rn×n

+ being the unique solution to
the Lyapunov function

0 = AT
nP + PAn +R (19)

for a given R ∈ Rn×n
+ . Note that if x0 is not perfectly known,

its estimate can be used instead to initialize (3) and this
change only affects the initial transient closed-loop system
behavior. We are now ready for the next proposition.

Proposition 24. Consider the dynamical system given by
(5) with the parametric uncertainty given by (15), where
uf(t) ≡ 0. Consider also the adaptive learning signal given
by (17), (18), and (3). The trajectories of the closed-loop
system are then bounded and limt→∞

(
x(t)− xn(t)

)
= 0.

Next, consider that δ(x(t)) is a nonparametric uncertainty
such that

δ(x(t)) =WT
δ σδ(x(t)) + ϵ(x(t)), x(t) ∈ D, (20)

holds, where Wδ ∈ Rs×m is an unknown weight, σδ(x(t)) :
D → Rs is a known basis function that contains a unity bias
and sf ≜ s−1 radial basis functions, and ϵ(x(t)) is a bounded
approximation error5. In this case, the total uncertainty (6)
can be represented as

π(x(t), un(t)) ≜WTσ(x(t), un(t)) + ϵ(x(t)), (21)

where W and σ(x(t), un(t)) have the same forms given after
(16). In addition, let the adaptive learning signal be given by
(17), where Ŵ (t) is an estimate of W that is learned through
the parameter adjustment mechanism given by

4See [6, Section 3-C] for the proof of this proposition.
5By the Weierstrass approximation theorem 20, this feedforward radial

basis function neural network guarantees that ϵ(x(t)) → 0 as sf → ∞.



˙̂
W (t) = β1σ(x(t), un(t))

(
x(t)−xn(t)

)T
PB − β2Ŵ (t),

Ŵ (0) = Ŵ0, (22)

with β1 ∈ R+ being the adaptive learning parameter, β2 ∈
R+ being the leakage parameter, xn(t) satisfying (3), and
P ∈ Rn×n

+ being the unique solution to the Lyapunov
equation (19). We are now ready for the next proposition.

Proposition 36. Consider the dynamical system given by
(5) with the nonparametric uncertainty given by (20), where
uf(t) ≡ 0. Consider also the adaptive learning signal given
by (17), (22), and (3). The trajectories of the closed-loop
system are then bounded.

Remark 2. A form of direct adaptive control method given
in Propositions 2 and 3 is used in the next sections for con-
structing the adaptive learning signal ua(t). Because, direct
adaptive control does not require persistency of excitation for
mitigating the effects of uncertainties. If preferred, one can
also explore other adaptive learning methods to use together
with fixed-gain control. However, it is worth noting that
direct adaptive control, like other adaptive learning methods,
can exhibit less predictable, poor closed-loop system behav-
ior due to their nonlinear parameter adjustment mechanism
and in the presence of high neural network approximation
errors (i.e., ϵ(x(t)) in (20)) and high leakage parameter
(i.e., β2 in (22)). We address this issue by synergistically
integrating the fixed-gain control signal with the adaptive
learning signal (i.e., symbiotic control) in the next sections.

Remark 3. The following two observations about Propo-
sition 3 are now given. First, it holds when x(t) stays in
D. To enforce x(t) to stay in D without necessarily making
D arbitrarily large, one can use set-theoretic direct adaptive
control method [25]. Second, Proposition 3 holds when one
uses a projection operator in (22) instead of the leakage term
(i.e., −β2Ŵ (t)). We prefer not to use a projection operator
in order not to make any assumptions on the bounds of W .

C. Preliminaries on Composite Function Construction

We construct a composite function given by

κ(z(t)) =


ρz(t), z(t) ∈ [0, a],
κc(z(t)), z(t) ∈ (a, b),
z(t), z(t) ∈ [b,∞),

(23)

where z(t) ∈ R+, ρ ∈ [0, 1), a ∈ R+, and b ∈ R+ such that
a < b. In (23), κc(z(t)) : R+ → R+ is a transition function
that is chosen as

κc(z(t)) =

l∑
k=0

ψkz
k(t). (24)

Letting κ′c(z(t)) ≜ dκc(z(t))/dz(t) =
∑l

k=1 kψkz
k−1(t)

and κ′′c (z(t)) ≜ d2κc(z(t))/dz
2(t) =

∑l
k=2 k(k −

1)ψkz
k−2(t), the conditions κc(a) = ρa, κ′c(a) = ρ,

κ′′c (a) = 0, κc(b) = b, κ′c(b) = 1, and κ′′c (b) = 0 are needed
to hold for (23) to be twice continuously differentiable. To

6From [6, Section 3-E], the proof of this proposition follows.
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Fig. 1. Composite function κ(z(t)) given by (23) for a = 1, b = 2,
and ρ = 0.1, where κ′(z(t)) ≜ dκ(z(t))/dz(t) and κ′′(z(t)) ≜
d2κ(z(t))/dz2(t).

this end, using κc(z(t)), κ′c(z(t)), and κ′′c (z(t)) in these
conditions for l = 5, we arrive
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ψ0

ψ1

ψ2

ψ3

ψ4

ψ5

 =


ρa
ρ
0
b
1
0

 , (25)

where solution ψi, i = 0, . . . , 5, to (25) gives the parameters
to implement the transition function (24), where this solution
should always exist [26]. Figure 1 illustrates the composite
function κ(z(t)) given by (23) for a = 1, b = 2, and ρ = 0.1.

Remark 4. We draw attention to two points. First, we
require that κ(z(t)) ∈ R+ and κ′(z(t)) ∈ R+ when ρ = 0,
and κ(z(t)) ∈ R+ and κ′(z(t)) ∈ R+ otherwise7. Second,
the gradient κ′(z(t)) of the composite function (23) can be
made sufficiently small over z(t) ∈ [0, a] by selecting ρ
sufficiently small (e.g., κ′(z(t)) = 0.1 for z(t) ∈ [0, 1]
in Figure 1). In the next sections, this gradient is used to
decrease the effect of the nonlinear terms resulting from the
standard adaptive learning method outlined in Section II-B
when the trajectories of the uncertain dynamical system (6)
and the trajectories of the nominal (i.e., ideal) closed-loop
system (3) remain close to each other.

III. SYMBIOTIC CONTROL OF DYNAMICAL SYSTEMS
WITH PARAMETRIC UNCERTAINTY

Consider the uncertain dynamical system given by (5)
subject to (6). In this section, we focus on the parametric
uncertainty case such that (15) holds over x(t) ∈ Rn, where
the total uncertainty is represented as (16).

A. Control Architecture
To begin with, consider a form of the fixed-gain control

signal given by

uf(t) = −αBi(x(t)−x0)+αBi

∫ t

0

(
Anx(s)+Bnr(s)

)
ds

+

∫ t

0

ug(s)ds, (26)

7The composite function κ(z(t)) is not unique and one can explore its
other versions with the results presented in the next sections.



where α ∈ R+ is the fixed-gain control parameter and Bi ≜
(BTB)−1BT. In (26), ug(t) ∈ Rm satisfies

ug(t) = −β1β−1
2 κ′

(
eT(t)Pe(t)

)
Λ̂(t)BTPe(t), (27)

where e(t) ≜ x(t) − xn(t) ∈ Rn is the error sig-
nal, κ′

(
eT(t)Pe(t)

)
≜ dκ

(
eT(t)Pe(t)

)
/d

(
eT(t)Pe(t)

)
with

κ
(
eT(t)Pe(t)

)
satisfying (23), and P ∈ Rn×n

+ is the unique
solution to the Lyapunov function (19) for a given R ∈ Rn×n

+

(β1 ∈ R+ and β2 ∈ R+ are defined below). In (27),
Λ̂(t) ∈ Rm×m is an estimate of Λ that is learned through
the parameter adjustment mechanism

˙̂
Λ(t) = γκ′

(
eT(t)Pe(t)

)
BTPe(t)uTf (t), Λ̂(0) = Λ̂0, (28)

with γ ∈ R+ being the adaptive learning parameter. Next,
consider the adaptive learning signal given by (17), where
Ŵ (t) ∈ R(s+m)×m is an estimate of W that is learned
through the parameter adjustment mechanism

˙̂
W (t) = β1κ

′(eT(t)Pe(t))σ(x(t), un(t))eT(t)PB,
−β2ασ(x(t), un(t))uTf (t), Ŵ (0) = Ŵ0, (29)

with β1 ∈ R+ and β2 ∈ R+ being the adaptive learning
parameters.

Remark 5. The proposed symbiotic control architecture
for dynamical systems with parametric uncertainty is given
above8. Observe that the proposed fixed-gain control signal
(26) is a version of the original fixed-gain control signal
(7) with an added integral of (27) containing the adaptive
parameter Λ̂(t). Likewise, (29) is a version of (18) with an
added term containing the fixed-gain control signal uf(t). In
other words, the fixed-gain control and adaptive learning ar-
chitectures interact with each other to mitigate the effects of
uncertainties in a more predictable manner without requiring
any knowledge of such uncertainties.

B. System-Theoretical Analysis

We begin with a key lemma.

Lemma 2. The form of the fixed-gain control signal given
by (26) is equivalent to

u̇f(t) = −αΛ
(
uf(t)+ua(t)+π(x(t), un(t))

)
+ug(t),

uf(0) = 0. (30)

Proof. Multiplying both sides of (5) with Bi yields

Λ
(
uf(t) + ua(t) + π(x(t), un(t))

)
= Bi

(
ẋ(t)−Anx(t)−Bnr(t)

)
, (31)

where using (31) in (30) gives

u̇f(t) =−αBi

(
ẋ(t)−Anx(t)−Bnr(t)

)
+ug(t). (32)

Finally, taking the integral of (32) results in (26). ■

8To implement this architecture, one primarily needs to choose α for (26),
γ for (28), β1 and β2 for (29), and ρ for (23) (one can set R = I for (19),
Λ̂0 = 0 for (28), and Ŵ0 = 0 for (29)). We refer to Section V-A for the
selection of these parameters.

While the form of the fixed-gain control signal given
by (26) is implementable, its equivalent form given by
(30) is not since the matrix Λ and the term π(x(t), un(t))
are unknown. This equivalent form is only needed for the
system-theoretical analysis presented in this subsection. We
are now ready to present an important theorem.

Theorem 1. If α in (26) is sufficiently large, then the
solution to (5) approximately behaves as the solution to the
nominal (i.e., ideal) closed-loop system given by (3).

Proof. Let ζ(t) ≜ −ua(t)−π(x(t), un(t)), where (30) can
be rewritten in the Laplace domain as uf(s) = G1(s)ζ(s) +
G2(s)ug(s), where G1(s) ≜ (sI + αΛ)−1(αΛ), G2(s) ≜
(sI +αΛ)−1, and s is the Laplace variable9. As α becomes
sufficiently large (i.e., α → ∞), the magnitude and the
phase of G1(s) (respectively, G2(s)) respectively approach
0 decibels and 0 degrees (respectively, −∞ decibels and
0 degrees). This implies that uf(t) approaches ζ(t), and
hence, the solution to (5) approaches the solution to (3) as
α becomes sufficiently large. ■

Theorem 1 shows that the closed-loop system behavior
becomes more predictable as α increases, where a discussion
similar to the one given in Remark 1 also applies to this
theorem. Next, using (16) and (17) in (30), we arrive

u̇f(t) = −αΛ
(
uf(t)− W̃T(t)σ(x(t), un(t))

)
+ug(t), (33)

where W̃ (t) ≜ Ŵ (t)−W ∈ R(s+m)×m. Furthermore, using
(5) and (3), the time derivative of the error signal is written
in the form given by

ė(t) = Ane(t) +BΛ
(
uf(t) + ua(t) + π(x(t), un(t))

)
,

e(0) = 0, (34)

Once again, using (16) and (17) in (34), we arrive

ė(t) = Ane(t) +BΛ
(
uf(t)− W̃T(t)σ(x(t), un(t))

)
. (35)

We are now ready to present our first main result. For this
purpose, we also define Λ̃(t) ≜ Λ̂(t)− Λ ∈ Rm×m.

Theorem 2. Consider the dynamical system given by (5)
with the parametric uncertainty given by (15). In addition,
consider the form of the fixed-gain control signal given
by (26) with (27) and (28). Consider also the form of
the adaptive learning signal given by (17), (29), and (3).
The trajectories

(
e(t), uf(t), W̃ (t), Λ̃(t)

)
of the closed-loop

system are then bounded and

lim
t→∞

(
κ′
(
eT(t)Pe(t)

)
e(t), uf(t)

)
=

(
0, 0

)
. (36)

Proof. Consider the energy function given by

V(·) = β1κ
(
eT(t)Pe(t)

)
+β2u

T
f (t)uf(t)

+tr
(
W̃ (t)Λ

1
2

)T(
W̃ (t)Λ

1
2

)
+β1γ

−1trΛ̃T(t)Λ̃(t). (37)

9As opposed to the proof of Proposition 1, we may not be able to
use singular perturbation theory here since the origin of the reduced-order
dynamical system may not be exponentially stable due to the presence of
the adaptive learning architecture [24, Example 9.13]. This is the reason
why we do the current proof in the Laplace domain.



Note that V(0, 0, 0, 0) = 0, V(e(t), uf(t), W̃ (t), Λ̃(t)) ∈ R+

when ρ ̸= 0 in (23) and V(e(t), uf(t), W̃ (t), Λ̃(t)) ∈ R+ oth-
erwise, and V(e(t), uf(t), W̃ (t), Λ̃(t)) is radially unbounded.
The time derivative of (37) satisfies

V̇(·) = 2β1κ
′(·)eT(t)P

[
Ane(t)+BΛ

(
uf(t)−W̃T(t)σ(·)

)]
+2β2u

T
f (t)

[
−αΛ

(
uf(t)− W̃T(t)σ(·)

)
+ug(t)

]
+2trW̃T(t)

[
β1κ

′(·)σ(·)eT(t)PB − β2ασ(·)
×uTf (t)

]
Λ + 2β1trΛ̃

T(t)
[
κ′(·)BTPe(t)uTf (t)]

= −β1κ′(·)eT(t)Re(t) + 2β1κ
′(·)eT(t)PBΛuf(t)

−2αβ2u
T
f (t)Λuf(t)− 2β1κ

′(·)uTf (t)Λ̂(t)BTPe(t)

+2β1trΛ̃
T(t)

[
κ′(·)BTPe(t)uTf (t)]

= −β1κ′(·)eT(t)Re(t)− 2αβ2u
T
f (t)Λuf(t)

−2β1κ
′(·)uTf (t)Λ̃(t)BTPe(t)

+2β1trΛ̃
T(t)

[
κ′(·)BTPe(t)uTf (t)]

= −β1κ′(·)eT(t)Re(t)− 2αβ2u
T
f (t)Λuf(t), (38)

which implies the boundedness of the closed-loop sys-
tem trajectories

(
e(t), uf(t), W̃ (t), Λ̃(t)

)
. From the LaSalle-

Yoshizawa theorem [27, Theorem 4.7], (36) now holds. ■

IV. SYMBIOTIC CONTROL OF DYNAMICAL SYSTEMS
WITH NONPARAMETRIC UNCERTAINTY

Consider the uncertain dynamical system given by (5)
subject to (6). In this section, we focus on the nonparametric
uncertainty case such that (20) holds over x(t) ∈ D, where
the total uncertainty is represented as (21).

A. Control Architecture

To begin with, consider a form of the fixed-gain control
signal given by (26), where α ∈ R+ is the fixed-gain control
parameter and Bi ≜ (BTB)−1BT. In (26), ug(t) ∈ Rm

satisfies (27), where e(t) ≜ x(t) − xn(t) ∈ Rn is the error
signal, κ′

(
eT(t)Pe(t)

)
≜ dκ

(
eT(t)Pe(t)

)
/d

(
eT(t)Pe(t)

)
with κ

(
eT(t)Pe(t)

)
satisfying (23), and P ∈ Rn×n

+ is the
unique solution to the Lyapunov function (19) for a given
R ∈ Rn×n

+ (β1 ∈ R+ and β2 ∈ R+ are defined below).
In (27), Λ̂(t) ∈ Rm×m is an estimate of Λ that is learned
through the parameter adjustment mechanism

˙̂
Λ(t) = γ1κ

′(eT(t)Pe(t))BTPe(t)uTf (t)− γ2Λ̂(t),

Λ̂(0) = Λ̂0, (39)

with γ1 ∈ R+ being the adaptive learning parameter and
γ2 ∈ R+ being the leakage parameter. Next, consider
the adaptive learning signal given by (17), where Ŵ (t) ∈
R(s+m)×m is an estimate of W that is learned through the
parameter adjustment mechanism

˙̂
W (t) = β1κ

′(eT(t)Pe(t))σ(x(t), un(t))eT(t)PB
−β2ασ(x(t), un(t))uTf (t)− β3Ŵ (t),

Ŵ (0) = Ŵ0, (40)

with β1 ∈ R+ and β2 ∈ R+ being the adaptive learning
parameters, and β3 ∈ R+ being the leakage parameter. Note

that similar version of Remark 5 also applies to the proposed
symbiotic control architecture given above for dynamical
systems with nonparametric uncertainty10.

B. System-Theoretical Analysis

We begin with the note that Lemma 2 and Theorem 1 also
hold for the nonparametric uncertainty case. Next, using (21)
and (17) in (30), we arrive

u̇f(t) = −αΛ
(
uf(t)− W̃T(t)σ(x(t), un(t)) + ϵ(x(t))

)
+ug(t), uf(0) = 0. (41)

Furthermore, using (5) and (2), the time derivative of the
error signal is written in the form given by (34). Once again,
using (21) and (17) in (34), we arrive

ė(t) = Ane(t) +BΛ
(
uf(t)− W̃T(t)σ(x(t), un(t))

+ϵ(x(t))
)
, e(0) = 0. (42)

We are now ready to present our second main result, where
recall that W̃ (t) ≜ Ŵ (t)−W and Λ̃(t) ≜ Λ̂(t)− Λ.

Theorem 3. Consider the dynamical system given by
(5) with the nonparametric uncertainty given by (20). In
addition, consider the form of the fixed-gain control signal
given by (26) with (27) and (39). Consider also the form of
the adaptive learning signal given by (17), (40), and (3). If
ρ ̸= 0 in (23), the trajectories

(
e(t), uf(t), W̃ (t), Λ̃(t)

)
of

the closed-loop system are then bounded according to

V(·) = β1κ
(
eT(t)Pe(t)

)
+β2u

T
f (t)uf(t)

+tr
(
W̃ (t)Λ

1
2

)T(
W̃ (t)Λ

1
2

)
+β1γ

−1
1 trΛ̃T(t)Λ̃(t) ≤ V⋆, (43)

V⋆ ≜ β1λ(P )l
−1
1 l5 + β2l

−1
2 l5 + λ(Λ)l−1

3 l5

+β1γ
−1
1 l−1

4 l5, (44)

where l1 ≜ β1(λ(R) − d1)κ
′ with d1 ∈ (0, λ(R))

and κ′ ≜ mineT(t)Pe(t)κ
′(eT(t)Pe(t))∈ R+, l2 ≜

(2 − d2)αβ2λ(Λ) with d2 ∈ (0, 2), l3 ≜ (2 −
d3)β3λ(Λ) with d3 ∈ (0, 2), l4 ≜ (2 − d4)β1γ

−1
1 γ2

with d4 ∈ (0, 2), and l5 ≜ β1d
−1
1 ||P ||22||B||22||Λ||22ϵ2 +

αβ2d
−1
2 ||Λ||2ϵ2 + β3d

−1
3 ||W ||2Fλ(Λ) + β1γ

−1
1 γ2d

−1
4 λ

2
(Λ)

with κ′ ≜ maxeT(t)Pe(t)κ
′(eT(t)Pe(t))∈ R+ and

||ϵ(x(t))||2 ≤ ϵ ∈ R+.
Proof. Consider the energy function given by (43). Note

that V(0, 0, 0, 0) = 0, V(e(t), uf(t), W̃ (t), Λ̃(t)) ∈ R+, and
V(e(t), uf(t), W̃ (t), Λ̃(t)) is radially unbounded. The time
derivative of (43) satisfies11

V̇(·) = −β1κ′(·)eT(t)Re(t)− 2αβ2u
T
f (t)Λuf(t)

+2β1κ
′(·)eT(t)PBΛϵ(x(t))−2αβ2u

T
f (t)Λϵ(x(t))

−2β3trW̃
T(t)

(
W̃ (t) +W

)
Λ− 2β1γ

−1
1 γ2trΛ̃

T(t)

×
(
Λ̃(t) + Λ

)
. (45)

10To implement this architecture, one primarily needs to choose α for
(26); γ1 and γ2 for (39); β1, β2, and β3 for (40); and ρ for (23) (one can
set R = I for (19), Λ̂0 = 0 for (39), and Ŵ0 = 0 for (40)). We refer to
Section V-B for the selection of these parameters.

11The same steps taken in the proof of Theorem 2 are not repeated.



Next, we resort to Young’s inequality for sign-indefinite
terms in (45) as

2eT(t)PBΛϵ(x(t)) ≤ d1β1κ
′(·)eT(t)e(t)

+β1κ
′d−1

1 ||P ||22||B||22||Λ||22ϵ2, (46)
2uTf (t)Λϵ(x(t)) ≤ d2u

T
f (t)Λuf(t) + d−1

2 ||Λ||2ϵ2, (47)
2trW̃T(t)WΛ ≤ d3trW̃

T(t)W̃ (t)Λ

+d−1
3 ||W ||2Fλ(Λ), (48)

2trΛ̃T(t)Λ ≤ d4trΛ̃
T(t)Λ̃(t) + d−1

4 λ
2
(Λ). (49)

Using (46), (47), (48), and (49) in (45) results in

V̇(·) ≤ −l1||e(t)||22 − l2||uf(t)||22 − l3trW̃
T(t)W̃ (t)

−l4trΛ̃T(t)Λ̃(t) + l5. (50)

Now, one can immediately observe that (50) implies V̇(·) ≤ 0

outside the compact set S ≜
{
ξ(t) : ||e(t)||2 ≤

√
l−1
1 l5

}
∩
{
ξ(t) :

||uf(t)||2 ≤
√
l−1
2 l5

}
∩
{
ξ(t) : ||W̃ (t)||F ≤

√
l−1
3 l5

}
∩
{
ξ(t) :

||Λ̃(t)||F ≤
√
l−1
4 l5

}
, where ξ(t) ≜ (e(t), uf(t), W̃ (t), Λ̃(t)).

Therefore, the evolution of V(·) is upper bounded by V(·) ≤
max(

e(t),uf (t),W̃ (t),Λ̃(t)
)
∈S

V(·) = V⋆ since V(·) cannot grow
outside S. This implies that the closed-loop system trajecto-
ries

(
e(t), uf(t), W̃ (t), Λ̃(t)

)
are bounded by (44). ■

Remark 6. We would like to highlight three points. First,
as opposed to Theorem 2, ρ = 0 is not permitted in Theorem
3. Second, smaller leakage parameters (i.e., γ2 in (39) and
β3 in (40)) and larger number of radial basis functions tend
to make the upper bound of V(·) in (44) smaller. Third, from
Theorem 1, an alternative and effective way to stay close to
the nominal (i.e., ideal) closed-loop system behavior given
by (3) against high neural network approximation errors and
high leakage parameters is to increase α appearing in (26).

V. ILLUSTRATIVE NUMERICAL EXAMPLES

We now present two examples to show the efficacy
of the contributions presented in Sections III and IV,
where A =

[
0 1
0 0

]
and B =

[
0
1

]
are considered for (1);

K1 = [0.16 0.57], K2 = [0.16], and a filtered square-wave
reference signal are considered for (2); and R = I is
considered for (19). We also consider zero initial conditions.

A. Parametric Uncertainty Example

Consider the unknown term Λ = 0.9 representing a
10% degradation in control effectiveness and the uncertainty
δ(x(t)) = 0.2x1(t) + 0.2x2(t) + 0.8x1(t)x2(t) + 0.1x31(t) +
0.1x22(t) for (1), where this uncertainty is treated as para-
metric (i.e., σδ(x(t)) in (15) is known). Figure 2 shows the
results, where the thick (yellow) line denotes the nominal
(i.e., ideal) closed-loop system behavior and the thin (green,
red, blue, and black) lines denote the actual closed-loop
system behavior for four different cases.

In particular, the green line denotes the closed-loop system
behavior with standard adaptive learning signal and without
fixed-gain control signal (i.e., Proposition 2 with β = 1),
where state and control responses include oscillations. The
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Fig. 2. Closed-loop system behavior under parametric uncertainty.

red line denotes the closed-loop system behavior with sym-
biotic control signal when κ

(
eT(t)Pe(t)

)
= eT(t)Pe(t) and

κ′
(
eT(t)Pe(t)

)
= 1 (i.e., Theorem 2 with α = 1, β1 = 1,

β2 = 1, and γ = 1), where state and control responses
include less oscillations as compared with the former case.
The blue line denotes the closed-loop system behavior also
with symbiotic control signal when κ

(
eT(t)Pe(t)

)
is chosen

as shown in Figure 1 (i.e., Theorem 2 with α = 1, β1 = 1,
β2 = 1, and γ = 1), where state and control responses
include oscillations having lower-frequency as compared
with the former case. The black line denotes the closed-loop
system behavior once again with symbiotic control signal
when κ

(
eT(t)Pe(t)

)
is chosen as shown in Figure 1 (i.e.,

Theorem 2 with α = 3, β1 = 1, β2 = 1, and γ = 1), where
the fixed-gain control parameter α is increased motivated by
Theorem 1 to achieve a smooth closed-loop system behavior
that remains sufficiently close to its nominal one.

B. Nonparametric Uncertainty Example

Consider the unknown term Λ = 0.8 representing
a 20% degradation in control effectiveness and the
uncertainty δ(x(t)) = 0.4x1(t)+0.4x2(t)+1.6x1(t)x2(t)+
0.2x31(t) + 0.2x22(t) for (1), where this uncertainty
is treated as nonparametric (i.e., σδ(x(t)) in (20) is
constructed with a unity bias and 4 radial basis functions
over D = (−4, 4) × (−4, 4) according to σδ(x(t)) = [1,
e−0.5(x1(t)−1)2 , e−0.5(x1(t)+1)2 , e−0.5(x2(t)−1)2 , e−0.5(x2(t)+1)2 ]T).
Figure 3 shows the results, where the thick (yellow) line
denotes the nominal (i.e., ideal) closed-loop system behavior
and the thin (green, red, blue, and black) lines denote the
actual closed-loop system behavior for four different cases.

In particular, the green line denotes the closed-loop system
behavior with standard adaptive learning signal and without
fixed-gain control signal (i.e., Proposition 3 with β1 = 1
and β2 = 1), where state and control responses include
oscillations. The red line denotes the closed-loop system
behavior also with standard adaptive learning signal and
without fixed-gain control signal (i.e., Proposition 3 with
β1 = 1 and β2 = 2), where the leakage term parameter
β2 is increased to achieve a smooth closed-loop system
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Fig. 3. Closed-loop system behavior under nonparametric uncertainty.

behavior. However, the resulting behavior deviates more
from the nominal closed-loop system behavior due to the
neural network approximation error and high leakage term
parameter. The blue line denotes the closed-loop system
behavior with symbiotic control signal when κ

(
eT(t)Pe(t)

)
is chosen as shown in Figure 1 (i.e., Theorem 3 with α = 3,
β1 = 1, β2 = 1, β3 = 2, γ1 = 1, and γ2 = 2), where state
responses remain sufficiently close to their ideal ones. This
shows that the proposed symbiotic framework has the ability
to achieve a desired level of closed-loop system behavior
even in the presence of neural network approximation errors
and high leakage term parameters. The black line denotes the
closed-loop system behavior with fixed-gain control signal
and without any adaptive learning signal (i.e., Proposition 1
with α = 9), where α is increased to maintain a response
similar to the former case12.

VI. CONCLUSION

The contribution of this paper was to present the symbiotic
control framework that offered the strengths of fixed-gain
control and adaptive learning architectures. Specifically, a
more predictable closed-loop system behavior was shown
to be achieved owing to the presence of the fixed-gain
control signal (see Theorem 1). Furthermore, the presence
of the adaptive learning signal avoided a specific uncertainty
structure and an upper bound on this uncertainty, where both
parametric (see Theorem 2) and nonparametric (see Theorem
3) uncertainty cases were considered. In addition to the
presented system-theoretical results, illustrative numerical
examples were also given to show that the proposed symbi-
otic control framework had the ability to achieve a desired-
level of closed-loop system behavior even with an insufficient
number of neurons and without a deep neural network
method, or in the face of high leakage term parameters.

12While this closed-loop system behavior is remarkable without an
adaptive learning signal, we may not know in practice how large α needs
to be as noted in Remark 1, and therefore, we include this result here only
to support Proposition 1.

REFERENCES

[1] K. Zhou and J. C. Doyle, Essentials of robust control. Prentice hall
Upper Saddle River, NJ, 1998, vol. 104.

[2] R. K. Yedavalli, “Robust control of uncertain dynamic systems,” AMC,
vol. 10, p. 12, 2014.

[3] W. Perruquetti and J.-P. Barbot, Sliding mode control in engineering.
CRC press, 2002.

[4] A. T. Azar and Q. Zhu, Advances and applications in sliding mode
control systems. Springer, 2015.

[5] E. Lavretsky and K. Wise, Robust and adaptive control with aerospace
applications. London, U.K.: Springer-Verlag, 2013.

[6] T. Yucelen, “Model reference adaptive control,” in Encyclopedia of
Electrical and Electronics Engineering, J. G. Webster, Ed. Wiley
Online Library, 2019, pp. 1–13.

[7] A. M. Annaswamy and A. L. Fradkov, “A historical perspective of
adaptive control and learning,” Annual Reviews in Control, vol. 52,
pp. 18–41, 2021.

[8] F. L. Lewis and D. Vrabie, “Reinforcement learning and adaptive
dynamic programming for feedback control,” IEEE Circuits and
Systems Magazine, vol. 9, no. 3, pp. 32–50, 2009.

[9] F. L. Lewis and D. Liu, Reinforcement learning and approximate
dynamic programming for feedback control. Wiley, 2013.

[10] G. De La Torre, T. Yucelen, and E. N. Johnson, “A new model
reference control architecture: Stability, performance, and robustness,”
International Journal of Robust and Nonlinear Control, vol. 26, no. 11,
pp. 2355–2377, 2016.

[11] T. Yucelen and W. M. Haddad, “Low-frequency learning and fast
adaptation in model reference adaptive control,” IEEE Transactions
on Automatic Control, vol. 58, no. 4, pp. 1080–1085, 2012.

[12] V. Stepanyan and K. Krishnakumar, “Adaptive control with reference
model modification,” Journal of Guidance, Control, and Dynamics,
vol. 35, no. 4, pp. 1370–1374, 2012.

[13] T. E. Gibson, A. M. Annaswamy, and E. Lavretsky, “On adaptive
control with closed-loop reference models: Transients, oscillations, and
peaking,” IEEE Access, vol. 1, pp. 703–717, 2013.

[14] T. Yucelen and E. Johnson, “A new command governor architecture for
transient response shaping,” International Journal of Adaptive Control
and Signal Processing, vol. 27, no. 12, pp. 1065–1085, 2013.

[15] B. Gruenwald and T. Yucelen, “On transient performance improvement
of adaptive control architectures,” International Journal of Control,
vol. 88, no. 11, pp. 2305–2315, 2015.

[16] Y. Yang, X. Chen, and C. Li, “Transient performance improvement in
model reference adaptive control using H∞ optimal method,” Journal
of the Franklin Institute, vol. 352, no. 1, pp. 16–32, 2015.

[17] B. C. Gruenwald, T. Yucelen, and J. A. Muse, “Direct uncertainty
minimization framework for system performance improvement in
model reference adaptive control,” Machines, vol. 5, no. 1, p. 9, 2017.

[18] J. Yang, J. Na, and G. Gao, “Robust model reference adaptive control
for transient performance enhancement,” International Journal of
Robust and Nonlinear Control, vol. 30, no. 15, pp. 6207–6228, 2020.

[19] “Symbiosis: The art of living together (National Geo-
graphic),” http://education.nationalgeographic.org/resource/
symbiosis-art-living-together/.

[20] K. Hornik, M. Stinchcombe, and H. White, “Universal approximation
of an unknown mapping and its derivatives using multilayer feedfor-
ward networks,” Neural networks, vol. 3, no. 5, pp. 551–560, 1990.

[21] G. Joshi and G. Chowdhary, “Deep model reference adaptive control,”
in Conference on Decision and Control. IEEE, 2019, pp. 4601–4608.

[22] D. M. Le, M. L. Greene, W. A. Makumi, and W. E. Dixon, “Real-
time modular deep neural network-based adaptive control of nonlinear
systems,” IEEE Control Systems Letters, vol. 6, pp. 476–481, 2021.

[23] O. S. Patil, D. M. Le, M. L. Greene, and W. E. Dixon, “Lyapunov-
derived control and adaptive update laws for inner and outer layer
weights of a deep neural network,” IEEE Control Systems Letters,
vol. 6, pp. 1855–1860, 2021.

[24] H. K. Khalil, Nonlinear systems. Upper Saddle River, NJ: Prentice-
Hall, 2002.

[25] E. Arabi, T. Yucelen, B. C. Gruenwald, M. Fravolini, S. Balakrishnan,
and N. T. Nguyen, “A neuroadaptive architecture for model reference
control of uncertain dynamical systems with performance guarantees,”
Systems & Control Letters, vol. 125, pp. 37–44, 2019.

[26] J. Muse, “A method for enforcing state constraints in adaptive control,”
in AIAA Guidance, Navigation, and Control Conference, 2011.

[27] W. M. Haddad and V. Chellaboina, Nonlinear dynamical systems and
control: A Lyapunov-based approach. Princeton, 2008.

http://education.nationalgeographic.org/resource/symbiosis-art-living-together/
http://education.nationalgeographic.org/resource/symbiosis-art-living-together/

	Introduction
	Contribution and Relevant Literature
	Content and Notation

	Problem Formulation and Preliminaries
	Preliminaries on Fixed-Gain Control
	Preliminaries on Adaptive Learning
	Preliminaries on Composite Function Construction

	Symbiotic Control of Dynamical Systems with Parametric Uncertainty
	Control Architecture
	System-Theoretical Analysis

	Symbiotic Control of Dynamical Systems with Nonparametric Uncertainty
	Control Architecture
	System-Theoretical Analysis

	Illustrative Numerical Examples
	Parametric Uncertainty Example
	Nonparametric Uncertainty Example

	Conclusion
	References

