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Abstract— Assuming access to prior knowledge about the
unknown system parameter θ, given as a probability prior φ(θ),
we study how such information can be incorporated into the
adaptive control design of nonlinear systems. To this end, we
propose a new parameter estimation law, and show that it pro-
motes convergence of parameter estimates to high-probability
regions of the parameter space. Our approach is particularly
useful when employed as a single universal controller for a
large population of systems with similar dynamic structure but
different parameter values. In this scenario, our method, on
average, leads to a more accurate parameter estimate, which
consequently improves transient performance and accelerates
state convergence. Numerical studies confirm the effectiveness
of the proposed method.

I. INTRODUCTION

Consider a dynamical system of the form

ẋ = f(x) + ∆(x)⊤θ +B(x)u, (1)

where x ∈ Rn is the system state, u ∈ Rm is the control
input, θ ∈ Θ ⊂ Rp is an unknown but constant parameter
vector, and Θ is a convex set. We also account for the
possibility of overparameterization, meaning that different
parameter vectors in Θ may correspond to the same dynamics
through the term ∆(x)⊤θ. The functions f : Rn → Rn,
B : Rn → Rn×m, and ∆ : Rn → Rp×n are known and
smooth.

Adaptive control. The goal of adaptive control [4], [19],
[15], [33], [2], [12], [32] is to design the control input
u(x(t), t) such that the system state converges to the desired
trajectory xd(t), irrespective of the value of θ. Adaptive
control is a well-established field with a rich theoretical
foundation and numerous practical applications in robotics
[34], [37], [44], [13], automated driving [40], energy systems
[27], [26], and biomedical engineering [29]. An adaptive
control algorithm typically consists of a parameter estimator
integrated with a feedback mechanism for the controlled
system. Traditional Lyapunov-based adaptive controllers en-
sure the stability of the closed-loop system and guarantee
asymptotic convergence of system states to the desired tra-
jectory. However, their transient performance largely depends
on the accuracy of the parameter estimates. Accurate param-
eter estimation not only reduces large deviations in system
states but also improves their convergence rate [15], [35].
Nevertheless, parameter estimates are known to converge to
their actual values only if (i) the system trajectory satisfies
a strong condition known as persistent excitation (PE) [23],
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[33], which is typically not met, especially in stabilization
(xd(t) = 0) and regulation ( xd(t) = constant) problems due
to the insufficient richness of the reference signal, and (ii) the
dynamical model (1) is not over-parameterized [25], meaning
there exists a unique parameter vector θ representing the
underlying system dynamics.

Incorporating prior information. In this paper, we study
the adaptive control of nonlinear systems of the form (1)
with statistical prior information on the parameter vector
θ. In particular, we assume that prior knowledge about
the unknown parameter θ is available in the form of a
multivariate density function φ : Θ → R, which may be
obtained from early experiments or from the physical prop-
erties of the system. We design a new parameter estimation
law that leverages this statistical information and show that
the proposed law promotes convergence of the parameter
estimates to high-probability regions of the parameter space.
Interestingly, as a special case, we show that the standard
Lyapunov-based estimation law implicitly assumes a Gaus-
sian prior on the system parameter θ. The proposed method
is particularly useful when the goal is to control not just a
single system but a large population of systems that share
a similar dynamic structure yet have different parameter
values θ that are (approximately) distributed according to
φ(θ). In this scenario, our method, on average, yields more
accurate parameter estimates, thereby improving transient
performance and accelerating the convergence of the system
states. The introduced estimation law can be integrated with
any Lyapunov function-based control controller and is appli-
cable to systems with matched and unmatched uncertainties.

Related works. A common technique for incorporating
prior bounds on parameter vector θ into adaptive control
design is through the use of projection operators [33], [19].
In this method, assuming the feasible set Θ is known, the
parameter estimate is projected back onto Θ whenever it
leaves the set. This mechanism can be particularly useful
in the presence of noise, which may otherwise cause the
parameter estimates to diverge. Building on recent advances
in machine learning and optimization, estimation laws based
on natural gradient descent and mirror descent (see, e.g.,
[24], [8], [7]) have been proposed [21], [25], [45]. These
methods exploit non-Euclidean geometries to achieve desir-
able properties, such as constraining the parameter estimates
within a specific region using logarithmic barrier functions
without relying on explicit projection operators, designing
inertia-based adaptation gains for robot manipulators [21],
[45], and promoting sparsity of the parameter estimates [25].
Our method is conceptually related to these techniques in



that we also employ natural gradient–like estimation laws;
however, we construct the underlying geometry using the
prior distribution φ(θ).

Paper organization. The remainder of this paper is struc-
tured as follows. Section II reviews the necessary background
and fundamental definitions in control and probability theory.
Section III formally states the problem and the research
question studied in this work. Section IV presents the main
contribution, namely, the prior-based parameter estimation
law and its convergence properties. Numerical results are
reported in Section V. Section VI provides the technical
proofs of the theorems presented in the paper. Finally,
concluding remarks along with directions for future research
are given in Section VII.

Notations and definitions. Throughout the paper, we use
the following notations. R≥0 denotes the set of nonnegative
real numbers. Given a real-valued function V : Rn → R, we
denote the vector of partial derivatives by

∂V (x)

∂x
=

[
∂V

∂x1
, . . . ,

∂V

∂xs

]
.

A continuous function ζ : [0, a) → R≥0, with a > 0, is
said to belong to class K if it is strictly increasing and
satisfies ζ(0) = 0. It belongs to class K∞ if a = ∞ and
limr→∞ ζ(r) = ∞. The function V (x) is said to be positive
definite if V (0) = 0 and V (x) > 0 for all x ̸= 0. Moreover,
V (x) is radially unbounded if V (x) → ∞ as ∥x∥ → ∞.

II. PRELIMINARIES

In this section, we review fundamental concepts from the
theory of dynamical systems, along with some key definitions
from statistics and probability theory. We refer the readers to
several books for further details [19], [17], [11], [42], [43].

Definition 1 (Stabilizability). System (1) is stabilizable if
there exists a control input u(x, θ) such that the closed-loop
system

ẋ = f(x) + ∆(x)⊤θ +B(x)u(x, θ)

is asymptotically stable, i.e., solutions from every initial state
converge to zero, for all θ ∈ Θ.

Stabilizability is an intrinsic system property that char-
acterizes whether the system admits a stabilizing feedback
law. This property is equivalent to the existence of a control
Lyapunov function, defined below

Definition 2 (Control Lyapunov functions [3], [36]). A
positive definite function V (x, θ), is a control Lyapunov
function (CLF) for (1) if it is radially unbounded in x for
all θ ∈ Θ, and there exists ζ(·, θ) ∈ K∞ such that

inf
u∈Rm

[
∂V (x, θ)

∂x
(f(x) + ∆(x)⊤θ +B(x)u)

]
≤ −ζ(∥x∥, θ).

(2)

CLFs can be constructed via physical insights [38], [26],
[1], [16], numerical methods [11], [39], [22], or design
techniques such as backstepping and feedback linearization
[19], [31], [14]. In general, for a dynamical system of the

form (1), CLFs depend on the parameters θ. However, if the
uncertainty satisfies the matching condition

∆⊤(x) θ ∈ span{B(x)}, (3)

meaning that the uncertainties lie entirely within the span
of the control input matrix (i.e., ∆⊤(x) = B(x)ω⊤(x)
for some known dynamics ω : Rn → Rp×m), then it is
possible to construct parameter-independent CLFs for (1). In
particular, any CLF V (x) designed for the nominal system
ẋ = f(x) + B(x)u remains valid for the system (1), since
the term ∆(x)⊤θ can be canceled via the control input.

CLF based control laws. Given an estimation θ̂(t) of the
system parameter θ, we assume that a controller u(x, θ̂) is
already in place that satisfies the inquality

∂V (x, θ̂)

∂x

(
f(x) + ∆(x)⊤θ̂ +B(x)u

)
≤ −ζ(∥x∥, θ). (4)

We note that one example of such a controller that satis-
fies the above inequality is the point-wise minimum norm
controller [30] defined as

u(x, θ̂) = argmin
u∈Rm

{
u⊤u

∣∣ s.t. (4)
}
=

− αβ

α⊤α
, b ≥ 0,

0, else,
(5)

where a =
∂V (x, θ̂)

∂x
B(x) and

β =
∂V (x, θ̂)

∂x

(
f(x) + ∆(x)⊤θ̂

)
+ ζ(∥x∥, θ̂).

Definition 3 (Log-concave distributions). A probability den-
sity function φ(θ) is log-concave if

log
(
φ(λθ1+(1−λ)θ2)

)
≥ λ log(φ(θ1))+(1−λ) log(φ(θ2)),

for all θ1, θ2 and λ ∈ [0, 1]. It is strictly log-concave if the
above inequality is strict, meaning the ≥ is replaced with >.

We note that many distributions of practical interest are
log-concave. Table I provides a list of several well-known
examples. Moreover, the marginals of a log-concave distri-
bution, as well as the convolution and product (when normal-
ized) of two log-concave probability density functions, are
also log-concave. A key property of log-concave distributions
is their unimodality, which means that the set

{θ ∈ Rp, φ(θ) ≥ η} (6)

is convex for all η ≥ 0.

Definition 4 (Bregman divergence). Let ψ : Ω → R be a
continuously-differentiable, strictly convex function defined
on a convex set Ω, The Bregman divergence associated with
ψ for points p, q ∈ Ω is defined as

Dψ(p, q) = ψ(p)− ψ(q)− ∂ψ(q)

∂q

⊤
(p− q).

Note that the Bregman divergence is the difference be-
tween the value of ψ at point p and the value of the first-order
Taylor expansion of ψ around point q evaluated at point p.



Distribution PDF φ(θ) Initialization θ̂(0) Update Gain
(
K(θ̂)−1

)
Multivariate Gaussian

exp
(
− 1

2
(θ − µ)⊤Σ−1(θ − µ)

)
(2π)

d
2 |Σ|

1
2

µ Σ

Exponential λi exp(−λiθi) 0 1/λ2
i

Logistic
exp(−(θi − ui)/si)

si(1 + exp(−(θi − ui)/si))
µi

s2i
2

·
(1 + e(θ̂i−µi)/si )2

e(θ̂i−µi)/si

Rayleigh
θi

σ2
i

exp(−
θ2i
2σ2

i

) σi
θ̂2i σ

2
i

θ̂2i + σ2
i

Gamma
λα
i

Γ(αi)
θ
αi−1
i exp(−λiθi)

αi − 1

λi
,

θ̂2i
αi − 1

Chi
θk−1
i exp(−θ2i /2)

2k/2−1Γ(k/2)

√
ki − 1,

θ̂2i

θ̂2i + ki − 1

Chi-Squared
θ
k/2−1
i exp(−θi/2)

2ki/2Γ(ki/2)
ki − 2

2θ̂2i
ki − 2

Gumbel λi exp
(
λi(µi − θi)− exp(λi(µi − θi)

)
µi

1

λ2
exp(λi(θ̂i − µi))

Weibull
ki

λi
exp(−

θi

ki
)ki

( θi
λi

)ki−1
λi

(ki − 1

ki

)1/ki
θ̂2i

(ki − 1)
(
1 + ki(

θ̂i
λi

)ki

)
Hyperbolic Secant

1

2σi
sech(

π

2σi
(θi − µi)) µi

4σ2
i

π2
cosh2(

π

2σi
(θ̂i − µi))

Laplace λi exp(−λi|θ̂i − µi|) µi 1/λ2
i

TABLE I: Summary of distributions, initializations, and update gains.

III. PROMOTING CONVERGENCE TO THE MOST
PROBABLE PARAMETER

For the system (1), we define the interpolating set as

A =
{
θ̂
∣∣ ∆(x(t))⊤θ̂ = ∆(x(t))⊤θ, ∀t

}
. (7)

The set A contains all parameter vectors that reproduce
the true dynamics ∆(x(t))⊤θ along the entire trajectory
x(t). In many adaptive control and system identification
problems, particularly when the uncertainty term ∆(x)⊤θ
is over-parameterized, multiple parameter vectors can yield
identical observed dynamics [25], [28], [18], meaning that
A is generally not a singleton set. Therefore, we introduce
a convex optimization problem formulated as

max
θ, η

η

s.t.


φ(θ) ≥ η,

θ ∈ A,
η ≥ 0,

(P)

which seeks for the most likely parameter vector within the
set A. Note that here, φ(θ) denotes the prior probability
density function over the parameter space. The solution of
(P), denoted by θ⋆, represents the parameter vector that is
both consistent with the system dynamics and most probable
according to the prior knowledge. Conceptually, θ⋆ serves
as the “best guess” of the true parameter when empirical
observations are combined with prior information.

With this setup, the central research question studied in
this paper is as follows:

How can we design an update ˙̂
θ(t) such that

it promotes convergence to θ̂⋆?

IV. PRIOR-BASED ESTIMATION LAW

In this section, we answer the above-mentioned research
question affirmatively and present the main result of the
paper. As discussed in the previous section, our goal is
to design an update law for θ̂(t) that incorporates the
prior information φ(θ). To this aim, we seek a mechanism
that shapes the parameter update direction according to the
geometry implied by the prior distribution.

Given the multivariate probability density function φ :
Θ → R, we define the following positive definite matrix:

Kφ(θ̂) =

∇2
(
logφ(θ̂)

)2
, if φ is log-concave,

−∇2 logφ(θ̂), if φ is strictly log-concave.

The following theorem establishes an adaptive update law
that explicitly incorporates the prior φ(θ) through Kφ(θ̂),
while preserving stability and convergence properties analo-
gous to standard adaptive schemes.

Theorem 1 (Estimation law with prior information). Let ε >
0 be a scalar, and ω : R → R>0 be a strictly positive
and strictly increasing function, with derivative ωρ(ρ) :=



∂ω(ρ)
∂ρ . Furthermore, let u(t) be any control signal satisfying

condition (4). Define the parameter estimation law as

˙̂
θ = K(θ̂)−1 ω(ρ)∆(x)⊤

∂V (x, θ̂)

∂x
, (8a)

ρ̇ = − ω(ρ)

ωρ(ρ)
(
V (x, θ̂) + ε

) ∂V (x, θ̂)

∂θ̂

˙̂
θ. (8b)

Also, let the parameter estimate be initialized as θ̂(0) =
Mode(φ(θ)). Then, the closed-loop signals x(t) and θ̂(t)
remain bounded, and the system state x(t) asymptotically
converges to zero.

To preserve the continuity of the discussion, the proof of
Theorem 1 is postponed to Section VI, and we proceed to
several elaborative remarks on the results given in the above
theorem.

Remark 1 (Interpretation of the update gains). Table I
presents the collection of probability density functions along
with the corresponding update gains and initial values used
in the update law (8a). A general observation is that the
update gain tends to be high in regions where the probability
density function (PDF) has a low value, and vice versa. This
can be interpreted as follows: when the PDF value is high,
it indicates a higher likelihood that the true parameter lies in
that region, so the update should proceed more cautiously.
Conversely, when the PDF value is low, it suggests a
lower likelihood of containing the true parameter, allowing
for faster updates. This feature ensures that the parameter
trajectory is guided not only by instantaneous data but also
by the prior confidence encoded in φ(θ). It is also interesting
to note that, according to this table, the constant positive
definite gain used in the standard Lyapunov-based design
corresponds to a Gaussian prior, where the gain represents
the covariance of the prior distribution.

Remark 2. Several modifications can be incorporated into
the update laws presented in Theorem 1 to further accelerate
convergence or enhance robustness. For example, normaliza-
tion techniques developed in [9] can improve convergence
speed, while σ-modification and dead-zone methods [20],
[13] are commonly used to increase robustness.

In the following theorem, we establish a connection be-
tween the optimization problem (P) and the limiting value of
the parameter estimate θ̂(t). Specifically, we show that, under
suitable conditions, the update laws proposed in Theorem 1
guarantee that the parameter estimate θ̂(t) converges to the
optimal solution θ⋆ of optimization problem (P).

Theorem 2. Consider the update laws proposed in Theo-
rem 1. If limt→∞ θ̂(t) = θ̂∞ ∈ A, then θ̂∞ = θ⋆, where θ⋆

is the solution to the optimization problem (P).

The proof of Theorem 2 is provided in Section VI. This
theorem states that if the parameter estimate converges to a
point in the set A, then that point must be θ⋆, i.e., the point
with the highest probability with respect to φ(θ) within A.
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Fig. 1: Histograms of the system parameter vector θ for 1000
samples with fitted probability density functions.

V. NUMERICAL EXPERIMENTS

In this section, we illustrate the performance improve-
ments achieved by using the estimation laws proposed in
the previous section. To this aim, Consider the second-order
system

ẋ1 = x2, (9)

ẋ2 = θ⊤ϕ(x) + u, (10)



where x = [x1, x2]
⊤ ∈ R2 is the system state, u is the

control input, θ ∈ R8 is the parameter vector, and ϕ(x) is
the regressor defined as

ϕ(x)⊤ =
[
1 x2 sin(x1) cos(2x1) sin2(x1) cos2(x1)

]
This system can be interpreted as the dynamics of a single-
link manipulator, where the term θ⊤ϕ(x) represents the
unknown system dynamics as well as possible unmodeled
disturbances and external inputs. In this example, we con-
sider 1,000 instances of the system, each characterized by
a different value of the parameter θ. The histograms of
these parameter values are shown in Figures 1a, 1b, and
1c. Furthermore, for each entry of the parameter vector θ, a
probability distribution φ(θi) has been fitted.

By applying Finsler’s lemma [41] to (2), we obtain that
any quadratic function of the form V (x) = x⊤P−1x serves
as a CLF for this system if and only if the positive definite
matrix P satisfies the linear matrix inequality

B⊤
⊥(AP + PA⊤ + λP )B⊥ ≤ 0, (11)

where

A =

[
0 1

0 0

]
, B⊥ =

[
0

1

]
(12)

Note that for this system the uncertainty satsfies the matching
conditon (3). Hence , the CLf is parmter independent. Figure
2a illustrates the averaged state trajectories of the 1,000
systems, along with the maximum state deviation at each
time step. The control law (5) is first applied with the
standard update law (i.e., with constant gain) and then with
the proposed update law from Theorem 1. It can be observed
that the state trajectories exhibit smaller deviations and, on
average, converge faster when the proposed update law is
used.

VI. TECHNICAL PROOFS

This section presents the proofs of the theorems discussed
in the paper.

Proof of Theorem 1. Consider the nonnegative function

Q
(
x(t), θ̂(t), ω(ρ)

)
,= ω(ρ)

(
V
(
x(t)

)
+ ε
)
+Dψ

(
θ⋆, θ̂(t)

)
where

ψ(θ) =


(
logφ(θ)

)2
, if φ is log-concave,

− logφ(θ), if φ is strictly log-concave.

Taking the time derivative of the above function along the
system (1) gives

Q̇ =ω(ρ)
∂V (x, θ̂)

∂x

(
f(x) + ∆(x)⊤θ +B(x)u

)
− ω(ρ)

∂V (x, θ̂)

∂θ̂
θ̇ +

ω(ρ)

∂ρ

(
V
(
x(t)

)
+ ε
)
ρ̇+ θ̃⊤K(θ̂)

˙̂
θ

=ω(ρ)
∂V (x, θ̂)

∂x

(
f(x) + ∆(x)⊤θ̂ +B(x)u

)

(a) Evolution of state x(t)

(b) Evolution of input u(t)

Fig. 2: Closed-loop states and control signals of system 10
for the standard (constant-gain) update law and the update
law (8a). Results are shown for 1000 systems with different
parameter values as given in Fig. 1. The plotted trajectories
represent their averages, and the shaded regions indicate the
maximum deviations of the states and control signals over
time.

− ω(ρ)
∂V (x, θ̂)

∂x
∆(x)⊤θ̃ − ω(ρ)

∂V (x, θ̂)

∂θ̂
θ̇

+
ω(ρ)

∂ρ

(
V
(
x(t)

)
+ ε
)
ρ̇+ θ̃⊤K(θ̂)

˙̂
θ

where θ̃ = θ̂ − θ⋆. By substituting the control law (4) into
the above expression, we have

Q̇ ≤− ζ(∥x∥, θ̂)− ω(ρ)
∂V (x, θ̂)

∂x
∆(x)⊤θ̃ − ω(ρ)

∂V (x, θ̂)

∂θ̂
θ̇

+
ω(ρ)

∂ρ

(
V
(
x(t)

)
+ ε
)
ρ̇+ θ̃⊤K(θ̂)

˙̂
θ

By setting ˙̂
θ according to the update law (8a), we find that

Q̇ ≤ −ζ(∥x∥, θ̂) + ω(ρ)

∂ρ

(
V
(
x(t)

)
+ ε
)
ρ̇+ ω(ρ)

∂V (x, θ̂)

∂θ̂
θ̇

(13)
Finally, Substituting update law (8b) into the above inequal-
ity yeilds in

Q̇ ≤ −ζ(∥x∥, θ̂) ≤ 0. (14)

As a result, the function Q
(
x(t), θ̂(t)

)
is non increasing,

which implies x(t), θ̂(t) and ω(ρ) are bounded. Moreover,



we have

ζ̇(∥x∥, θ̂) = ∂ζ(∥x∥, θ̂)
∂x

ẋ+
∂ζ(∥x∥, θ̂)

∂θ̂

˙̂
θ

=
∂ζ(∥x∥, θ̂)

∂x

(
f(x) + ∆(x)⊤θ +B(x)u

)
+
∂ζ(∥x∥, θ̂)

∂θ̂
K(θ̂)

−1
ω(ρ)∆(x)⊤

∂V (x, θ̂)

∂x

Since all the signals in the above expression are bound,
we conclude that ζ̇(∥x∥, θ̂) is bound, which implies that
ζ(∥x∥, θ̂) is uniformly continuous. Moreover, taking the time
integral from both sides of inequality (14) yields∫ ∞

0

ζ(∥x∥, θ̂)dt ≤ Q(x(0), θ̂(0))−Q(x(∞), θ̂(∞))

≤ Q(x(0), θ̂(0)) <∞

which implies that the function ζ(∥x∥, θ̂) is both uniformly
continuous and integrable. Hence, by Barbalat’s lemma [33],
[19], we have ζ(∥x∥, θ̂) → 0 as t → ∞. As a result, x(t)
asymptotically converges to zero. ■

Proof of Theorem 2. This proof builds on a recent
technique for implicit regularization in optimization and
adaptive control [6], [5], [25], extending it to adaptive control
systems with unmatched uncertainty. . Let θ′ be any constant
vector of parameters. By taking the time derivative of the
Bregman divergence Dψ(θ

′, θ̂) , we find that

d

dt
Dψ(θ, â) =−

(
d

dt

∂ψ(θ̂)

∂θ̂

)
(θ′ − θ̂) =

˙̂
θ⊤K(θ̂)(θ̂ − θ′)

=ω(ρ)
∂V (x, θ̂)

∂x
∆(x)⊤(θ̂

(
t)− θ′

)
where the last equality is obtained by setting ˙̂

θ according to
(8a). Integrating both sides of the above shows that

Dψ(θ
′, θ̂(0)) =Dψ(θ, θ̂(t))

+

∫ t

0

ω(ρ(t))
∂V (x, θ̂)

∂x
∆(x)⊤(θ̂

(
t)− θ′

)
dτ.

(15)

If we now take θ′ ∈ A, then we have

∆(x)⊤θ′ = ∆(x)⊤θ,

which implies that the integral term on the right hand side
of (15) becomes independent of θ′. Assuming that θ̂(t) →
θ̂∞ ∈ A, we can take the limit as t → ∞ and say that for
any θ ∈ A, â∞ ∈ A,

Dψ(θ
′,θ̂(0)) = Dψ(θ

′, θ̂(t))

+

∫ t

0

ω(ρ(t))
∂V (x, θ̂)

∂x

(
∆(x)⊤θ̂

(
t)−∆(x)⊤θ

)
dτ.

Because the only dependence of the right-hand side on θ′

is in the first term, and because this relation holds for any
θ′, the argmin of the two Bregman divergences must be
identical. The minimum of the right-hand side over θ′ is
clearly obtained at θ̂∞, while the minimum of the left-hand

side is by definition obtained at argminθ∈A dψ(θ, θ̂(0)).
From this, we conclude that

θ̂∞ = arg min
θ′∈A

dψ(θ
′, θ̂(0)),

Note that as mentioned in Theorem 1, we have θ̂(0) =
Mode(φ(θ)). Moreover since ψ(θ) = − log(φ(θ)) or ψ(θ) =
(log(φ(θ)))2, we have

θ̂∞ = arg min
θ′∈A

dψ(θ
′, θ̂(0))

= arg min
θ′∈A

ψ(θ′) = argmax
θ′∈A

φ(θ′)︸ ︷︷ ︸
(P )

= θ⋆

which completes the proof. ■

VII. CONCLUSIONS AND FUTURE DIRECTIONS

In this paper, we studied how to improve the performance
of adaptive systems by leveraging prior knowledge in the
form of the distribution of unknown system parameters. We
proposed new parameter estimation laws that utilize this
prior information by intelligently initializing the estimates
and adaptively adjusting the update gains, encouraging con-
vergence toward high-probability regions of the parameter
space. Future work may include applying this approach to
adaptive compensation for actuator faults in systems with
actuator failures [10], as well as extending it to adaptive
predictor and observer design [25], [19].
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