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A MBRL approach to address the state-constrained optimal control problem appeared in
[1], where the results in [2] are extended to soften the restrictive persistence of excitation
requirement. However, the methods developed in [2] and [1] require fully known models,
which are often difficult to obtain. In this paper, a MBRL technique is developed for barrier
transformed, safety critical systems, which utilizes a novel filtered concurrent learning method
to realize simultaneous learning and control in the presence of parametric uncertainties. The
inclusion of filtered concurrent learning makes the feedback controller robust to modeling
errors and guarantees closed-loop stability under a finite (as opposed to persistent) excitation
condition. A Lypaunov-based analysis proves the developed MBRL technique is stable and
guarantees safety requirements are satisfied. Simulation results are provided to demonstrate
the performance of the developed MBRL approach compared to an existing optimal control
method. The idea, published in [3] is summarized below.

Consider a nonlinear dynamical system of the form

ẋ = f(x)θ + g(x)u, (1)

where x = [x1; . . . ;xn] ∈ Rn with i = 1, 2, . . . , n is the system state, θ ∈ Rp are the
unknown parameters, u ∈ Rq is the control input, and the functions f : Rn → Rn×p and
g : Rn → Rn×q are known, locally Lipschitz functions with f(x) = [f1(x); · · · ; fn(x)] and
g(x) = [g1(x); · · · ; gn(x)]. The notation [a; b] denotes the vector [a b]T .

The objective is to design a controller u for the system in (16) such that starting from
a given feasible initial condition x0, the trajectories x(·) decay to the origin and satisfy
xi(t) ∈ (ai, Ai), ∀t ≥ 0, where ai < 0 < Ai.

Using a barrier transformation of the form

si := b(xi, ai, Ai), xi = b−1(si, ai, Ai), b(z, a, A) := log
A(a− z)

a(A− z)
, z ∈ R, (2)

it can be shown that the system in (16) can be transformed into

ṡ = F (s) +G(s)u = y(s)θ +G(s)u, (3)

where
y(s) := [F1; . . . ;Fn] ∈ Rn×p, G(s) := [G1; . . . ;Gn] ∈ Rn×q.

The idea is then to formulate and solve an unconstrained optimal control problem to design
an adaptive feedback controller u (t) = ϕ (t, s(t)) for the transformed system, and use the
barrier transform to get the adaptive feedback controller u (t) = ψ (t, x(t)) = ϕ (t, b(x(t))) for
the original system.

To cope with the uncertain parameters, θ, a novel system identifier was developed. Estimates
of the unknown parameters, θ̂ ∈ Rp are generated using the filter

Ẏ =

{
y(s), ∥Y ∥ ≤ Y

0, otherwise
, Y (0) = 0, (4)
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Definition 1. A RKHS, H, over a set X is a Hilbert space of real valued functions over the
set X such that for all x ∈ X the evaluation functional, Ex : H → R, given as Exg := g(x) is
bounded.

The Riesz representation theorem guarantees, for all x ∈ X, the existence of a function
kx ∈ H such that ⟨g, kx⟩H = g(x), where ⟨·, ·⟩H is the inner product for H [4, Chapter 1]. The
function kx is called the reproducing kernel function at x, and the functionK(x, y) = ⟨ky, kx⟩H
is called the kernel function corresponding to H.

Each kernel function has an associated feature mapping, Ψ : X → ℓ2(N), such that K(x, y) =
⟨Ψ(x),Ψ(y)⟩ℓ2(N). The feature map can be obtained by using an orthonormal basis for H,
and if K : X ×X → R can be represented through a feature mapping, then there is a unique
RKHS for which K is its kernel function [5].

To establish a connection between RKHSs and nonlinear dynamical systems, the following
operator is introduced, which is inspired by the study of occupation measures [6].

Definition 2. Let ẋ = f(x) be a dynamical system with the dynamics, f : Rn → Rn, locally
Lipschitz continuous, and suppose that H is a RKHS over a set X, where X ⊂ Rn is compact.
The Liouville operator with symbol f , Af : D(Af ) → H, is given as

Afg := ∇xg · f,

where
D(Af ) := {g ∈ H : ∇xg · f ∈ H} .

Associated with Liouville operators in particular are a special class of functions within the
domain of the Liouville operators’ adjoints, and these functions are also the main object of
study of this part of the project.

Definition 3. Let X ⊂ Rn be compact, H be a RKHS of continuous functions over X, and
γ : [0, T ] → X be a continuous trajectory. The functional g 7→

∫ T

0
g(γ(τ))dτ is bounded

over H, and may be respresented as
∫ T

0
g(γ(τ))dτ = ⟨g,Γγ⟩H , for some Γγ ∈ H by the Riesz

representation theorem. The function Γγ is called the occupation kernel corresponding to γ
in H.

The following relationship between the adjoint of the Liouville operators and the occupation
kernels is exploited below for system identification.

Proposition 4. Let H be a RKHS of continuously differentiable functions over a compact set
X, and suppose that f : Rn → Rn is Lipschitz continuous. If γ : [0, T ] → X is a trajectory as
in Definition 3 that satisfies γ̇ = f(γ), then Γγ ∈ D(A∗

f ), and A
∗
fΓγ = K(·, γ(T ))−K(·, γ(0)).

Proposition 4 completes the integration of nonlinear dynamical systems with RKHSs. In
particular, valid trajectories for the dynamical system appear as occupation kernels within
the domain of the adjoint of the Liouville operator corresponding to the dynamics. This
intertwining allows for the expression of finite dimensional nonlinear dynamics as linear
systems in infinite dimensions.

5
Distribution A



Moreover, the relation

⟨Afg,Γγ⟩H = g(γ(T ))− g(γ(0)) for all g ∈ D(Af )

uniquely determines Γγ. Consequently, this relation will be used subsequently to establish
constraints for parameter identification in a system identification setting.

The occupation kernels themselves can be expressed as an integral against the kernel function
in a RKHS as demonstrated in Proposition 5.

Proposition 5. Let H be a RKHS over a compact set X consisting of continuous functions
and let γ : [0, T ] → X be a continuous trajectory as in Definition 3. The occupation kernel
corresponding to γ in H, Γγ, may be expressed as

Γγ(x) =

∫ T

0

K(x, γ(t))dt. (13)

Thus, to compute occupation kernels and inner products of functions against occuption kernels,
one simply needs to integrate numerically along the trajectories of the system leveraging, for
example, quadrature techniques for integration.

In a gray box system identification setting, the system dynamics, f : Rn → Rn, is pa-
rameterized in terms of a collection of basis functions, Yi : Rn → Rn for i = 1, . . . ,M ,
as

f(x) =
M∑
i=1

θiYi(x). (14)

The goal of the system identification problem given a collection of trajectories,
{γj}Nj=1, satisfying the dynamics as in Definition 3, is to determine the values of the parameters,
θi for i = 1, . . . ,M , such that (14) may be used to reproduce the trajectories.

For a compact set X ⊂ Rn, let {γj : [0, T ] → X}Nj=1 be a collection of trajectories satisfying

the dynamics ẋ = f(x) =
∑M

i=1 θiYi(x), and let Γγj be the corresponding occupation kernels
inside a RKHS, H of continuously differentiable functions over X. Suppose that {cs}∞s=1 ⊂ X
is dense. Constraints on θi are then established as

⟨AfK(·, cs),Γγj⟩H =
M∑
i=1

θi⟨AYi
K(·, cs),Γγj⟩H = K(γj(T ), cs)−K(γj(0), cs),

for each s = 1, . . . ,∞ and j = 1, . . . , N .

After the selection of a finite and representative collection of centers, {cs}Ss=1, () may be
expressed as a matrix equation. Let {ni}S·Ni=1 be an enumeration of {(s, j)}S,Ns=1,j=1, then the
matrix equation in (15) holds.

6
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Aθ = K(T )−K(0), where (15)

A =
(
⟨AYi

K(·, cnj,1
),Γγnj,2

⟩H
)j=SN,i=M

j=1,i=1
∈ RSN×M , θ =

(
θ1 · · · θM

)T ∈ RM , and

K(t) =

 K(γn1,2(t), cn1,1)
...

K(γnSN,2
(t), cnSN,1

)

 ∈ RSN .

Since the matrix A must be numerically estimated, written as Â, the parameter values
obtained using this method are approximate, and will be represented as θ̂, obtained via

θ̂ := (ÂT Â)−1ÂT (K(T )−K(0)).

For further details, see the published article [7]. The investigators have also extended the ideas
presented here to nonparametric system identification through dynamic mode decomposition
(DMD), see [8] for further details.

Safe output feedback adaptive optimal control

The ability to learn and execute control policies safely is critical to realization of complex
autonomy, especially when task restarts are not available and/or the systems are safety-critical.
Safety requirements are often expressed in terms of state and/or control constraints. Methods
such as barrier transformation and control barrier functions have been successfully used in
conjunction with model-based reinforcement learning, for safe learning in systems under state
constraints. However, existing barrier-based safe learning methods rely on full-state feedback.
In this line of enquiry, we develop output-feedback safe model-based reinforcement learning
techniques using novel dynamic state estimators to implement simultaneous learning and
control for a class of safety-critical systems with partially observable state.

We started the enquiry by developing adaptive observers for specific classes nonlinear systems.
The first class considered was systems in a Brunovsky form where the state is comprised of
the output and its derivatives. While adaptive observers for this class of systems were already
available in results such as [9, 10], integration of such observers with the barrier transformation
framework described above presents several technical challenges related to discontinuity of
the transformation at the boundary of the barrier. To address these challenges, we developed
a novel barrier-aware adaptive observer as follows.

We consider the following continuous-time affine nonlinear dynamical system in Brunovsky
canonical form.

ẋ1 = x2, ẋ2 = f(x) + g(x)u, (16)

where x := [x1;x2] ∈ R2n is the system state, u ∈ Rm is the control input, and x1 ∈ Rn is the
output. The drift dynamics, f : R2n → Rn, and control effectiveness, g : R2n → Rn×m, are
known, locally Lipschitz continuous functions. Let x̂1 and x̂2 be the estimates of x1 and x2
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respectively and x̂ := [x̂1; x̂2]. The notation [v;w] is used to denote the vector [vT wT ]T , and
the notation zij is used to denote the jth element of the vector zi. The notation Io denotes
the identity matrix of size o.

The objective is to design an adaptive estimator to estimate the state online, using input-
output measurements, and to simultaneously estimate and utilize an output feedback optimal
controller, u, such that starting from a given feasible initial condition x0, the trajectories x(·)
decay to a neighborhood of the origin and satisfy xij(t) ∈ (aij , Aij), ∀t ≥ 0, where i = 1, 2,
j = 1, . . . , n, and the constants aij < 0 < Aij define user-specified safety constraints.

To transform the dynamics in (16) using the BT, the time derivative of the transformed state,
s := [s1; s2] ∈ R2n, can be computed as

ṡ1 = H(s), ṡ2 = F (s) +G(s)u, (17)

where (H(s))j := B1j(s1j)b
−1(s2j), (F (s))j := B2j(s2j) (f(b

−1(s)))j , and (G(s))j :=

B2j(s2j) (g(b
−1(s)))j .

The estimator is given by

˙̂x1 = x̂2, ˙̂x2 = f (x̂) + g (x̂)u+ ν1, (18)

where, ν1 = [ν11 ; . . . ; ν1n ] ∈ Rn is a feedback term designed in the following. The design
of ν1 is motivated by the need to establish bounds on the state estimation errors in the
transformed coordinates. To facilitate the design of ν1, let the state estimation errors be
defined as x̃1 = x1 − x̂1, and x̃2 = x2 − x̂2. The feedback component ν1j where j ∈ {1, . . . , n}
is designed as

ν1j =
α2(b(x1j)− b(x̂1j))− (k + α + β1) ςj

B1j

(
b
(
x̂1j

)) , (19)

where the signal ςj is added to compensate for the fact that x2j is not measurable, and

Bij(sij) :=
a2ij

e
sij −2aijAij

+A2
ij
e
−sij

Aij
a2ij

−aijA
2
ij

is the reciprocal of the derivative of the barrier function.

Based on the stability analysis, the signal ςj is designed as the output of the dynamic filter

ς̇j = −(k + β1)ςj − (k + α)
d

dt

(
b(x1j)− b(x̂1j)

)
− kα

(
b(x1j)− b(x̂1j)

)
, ςj (0) = 0, (20)

where α, k, and β1 are positive constants. The signal ςj can be implemented, without
numerically differentiating b(x1j), via the filter,

ς̇j = −(k + β1)ςj − kα
(
b
(
x1j

)
− b

(
x̂1j

))
, ςj(0) = 0,

ςj(t) = ςj(t)− (k + α)
(
b
(
x1j(t)

)
− b

(
x̂1j(t)

)
− b

(
x1j(0)

)
+ b

(
x̂1j(0)

) )
, (21)

where, ςj is an auxiliary signal.

To facilitate the analysis, which is done in transformed coordinates, an equivalent expression
of the state estimator in the transformed coordinates is needed. To transform the state
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estimator using the BT, let ŝij := b(x̂ij ), and s̃ij := sij − ŝij . The state estimator can then be
expressed in transformed coordinates ŝ := [ŝ1; ŝ2] ∈ R2n, as

˙̂s1 = H(ŝ), ˙̂s2 = F (ŝ) +G(ŝ)u+ ν2, (22)

where ν2 = [ν21 ; . . . ; ν2n ] ∈ Rn is given by ν2j =
B2j(ŝ2j)(s̃1j−(k+α+β1)ηj)

B1j(ŝ1j)
, where η = [η1; . . . ; ηn]

is the output of the dynamic filter

η̇ = −β1η − kr − α ˙̃s1, η (0) = 0, (23)

and the error signal r = [r1; . . . ; rn] is given by

r = ˙̃s1 + αs̃1 + η. (24)

Using (23), the time derivative of r is given by

ṙ = F̃2(s, ŝ) + F̃3(s, ŝ) + G̃1(s, ŝ)u− α2s̃1 − kr + (k + α)η, (25)

where F̃2(s, ŝ) := F2(s) − F2(ŝ), F̃3(s, ŝ) := F3(s) − F3(ŝ), G̃1(s, ŝ) := G1(s) − G1(ŝ). The
design of the estimator is motivated by the need to get the following bound.

Lemma 6. Let Vse : R3n → R≥0 be a continuously differentiable candidate Lyapunov function

defined as Vse(Z1) :=
α2

2
s̃T1 s̃1+

1
2
rT r+ 1

2
ηTη, where Z1 := [s̃T1 , r

T , ηT ]. Provided s, ŝ ∈ B(0, χ),

where B(0, χ) is the closed ball of radius χ > 0 centered at the origin, the orbital derivative
of Vse, along the trajectories of (17), (22), (23), and (25), under the approximate optimal

controller, defined as V̇se(Z1, s, s̃, W̃a) :=
∂Vse(Z1)

∂s̃1
(H(s)−H(ŝ)) + ∂Vse(Z1)

∂r
ṙ + ∂Vse(Z1)

∂η
η̇, can be

bounded as

V̇se(Z1, s, s̃, W̃a) ≤ −α3∥s̃1∥2−(k−ϖ1ϖ4)∥r∥2−(β1−α)∥η∥2+ϖ1 (1 +ϖ4 +ϖ4α∥) ∥r∥∥s̃1∥
+ϖ1ϖ4∥r∥∥η∥+ϖ2∥r∥∥W̃a∥+ϖ3∥r∥

The general idea behind the developed technique is the fact that (see [11, Lemma 1]) if a
feedback controller that practically stabilizes the transformed system in (17) is designed,
then the same feedback controller, applied to the original system by inverting the BT, also
achieves the control objective as stated above.

In the following, a controller that practically stabilizes (17) is designed as an estimate of a
controller that minimizes the infinite horizon cost1

J(u(·)) :=
∫ ∞

0

c(ϕ(τ, s0, u(·)), u(τ))dτ, (26)

over the set U of piecewise continuous functions t 7→ u(t), subject to (17), where ϕ(τ, s0, u(·))
denotes the trajectory of (17), evaluated at time τ , starting from the state s0, and under the
controller u(·). In (26), c(s, u) := Q′(s) + uTRu, with Q′(s) : R2n 7→ R, and R ∈ Rm×m is a
symmetric PD matrix. For the optimal value function to be a Lyapunov function for the
optimal policy, the following assumption is needed [13].

1A state penalty function x 7→ E(x), given in the original coordinates, can easily be transformed into
an equivalent state penalty Q(s) = E(b−1(s)). Since the barrier function is monotonic and b(0) = 0, if
E is positive definite (PD), then so is Q. Furthermore, for applications with bounded control inputs, a
non-quadratic penalty function similar to Eq. 17 of [12] can be incorporated in (26).
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Assumption 7. One of the following is true:

1. Q′ is PD.

2. Q′ is positive semidefinite (PSD), and s1 7→ Q′ (s) is PD for all nonzero s2 ∈ Rn.

3. Q′ is PSD, s2 7→ Q′ (s) is PD for all nonzero s1 ∈ Rn and F (s) ̸= 0 whenever s1 ̸= 0.

Assuming that an optimal controller exists, let the optimal value function, denoted by
V ∗ : Rn × Rq → R, be defined as

V ∗(s) := min
u(·)∈U[t,∞)

∫ ∞

t

c(ϕ(τ, s, u[0,τ)(·)), u(·))dτ, (27)

where uI and UI are obtained by restricting the domains of u and functions in UI to the
interval I ⊆ R, respectively. Assuming that the optimal value function is continuously
differentiable, it can be shown to be the unique PD solution of the Hamilton-Jacobi-Bellman
(HJB) equation [14, Theorem 1.5]

min
u∈Rq

(
Vs1 (H(s)) + Vs2 (F (s) +G(s)u) + Q′(s) + uTRu

)
= 0, (28)

where ∇(·) :=
∂

∂(·) , and V(·) := ∇(·)V . Furthermore, the optimal controller is given by the

feedback policy u(t) = u∗(ϕ(t, s, u[0,t))) where u
∗ : Rn → Rm defined as

u∗(s) := −1

2
R−1G(s)T (∇s2V

∗(s))T . (29)

The following theorem establishes global asymptotic stability of the closed-loop system under
optimal state feedback (see [11]).

Theorem 8. If the optimal state feedback controller (43) that minimizes the cost function in
(26) exists and if the corresponding optimal value function is continuously differentiable and
radially unbounded, then the origin of closed-loop system ṡ1 = H(s) and ṡ2 = F (s)+G(s)u∗(s)
is globally asymptotically stable.

The design of the controller is similar to the safe controller described above except that it uses
state estimates instead of state measurements. The analysis utilizes the bound in Lemma
6 along with a Lyapunov function that guarantees stability of the optimal state feedback
controller. Such a Lyapunov function is guaranteed to exist by the converse Lyapunov
theorem for asymptotic stability. See [11] for details.

A similar modified barrier-aware observer was developed for linear systems, with a more
general linear measurement model, based on the Luenberger observer, and used in a similar
fashion to develop safe output feedback adaptive optimal controllers in [15].

To enable output feedback adaptive optimal control in nonlinear systems with linear mea-
surement models, we integrated the bounded Jacobian observer technique with a critic-only
saturated adaptive optimal controller for nonlinear dynamical systems of the form,

ẋ = f(x) + g(x)u, y = Cx, (30)

10
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where x ∈ Rn is the system state , u ∈ Rm is the control input, C ∈ Rq×n is the output
matrix, and y ∈ Rq is the measured output. The functions f : Rn → Rn, and g : Rn → Rn×m,
denote the drift and the control effectiveness matrix, respectively. In the bounded Jacobian
technique, we assume the following.

Assumption 9. The functions f and g are known, their derivatives exist on a compact set
C ⊂ Rn, and satisfy the element-wise bounds

(Mf1)i,j ≤
d(f(x))i
d(x)j

≤ (Mf2)i,j, (31)

(Mg1)i,j,k ≤
d(g(x))i,k
d(x)j

≤ (Mg2)i,j,k, (32)

for all x ∈ C, i, j = 1, . . . , n and k = 1, . . . ,m, where (·)i,j,k and (·)i,j, and (·)i denote the
element of the array (·) at the indices indicated by the subscript.

The bounded Jacobian assumption is used to express the system model in the form

ẋ =Mf1x+Mg1ux+ f̄(x) + ḡu(x, u), (33)

where

f̄(x) = −Mf1x+ f(x), and (34)

ḡu(x, u) = −Mg1ux+
m∑
i=1

gi(x)(u)i, (35)

and the derivatives of f̄ and ḡ satisfy the element-wise inequalities

0 ≤ d(f̄(x))i
d(x)j

≤ (Mf2)i,j − (Mf1)i,j and (36)

0 ≤ d(ḡu(x, u))i,k
d(x)j

≤ [(Mg2)i,j,k − (Mg1)i,j,k] (u)k, (37)

where i, j := 1, . . . , n, and k := 1, . . . ,m. Thus, M̄f 1 = 0n×n, M̄f 2 = Mf2 −Mf1 , M̄g1 =
0n×n×m and M̄g2 =Mg2 −Mg1 .

Using the derivative bounds, a state estimator with three correction terms is designed as

˙̂x = Mf1x̂ + Mg1ux̂ + f̄ [x̂ + H (y − Cx̂)] + ḡu[x̂ + K (y − Cx̂) , u] + L (y − Cx̂) , (38)

where x̂ ∈ Rn is the estimate of x, H ∈ Rn×q, K ∈ Rn×q and L ∈ Rn×q are observer gains,
H (y − Cx̂) andK (y − Cx̂) are nonlinear injection terms and L (y − Cx̂) is a linear correction
term. Standard Lyapunov methods are then used to conclude that if the system state and
the control input remain bounded, then the estimator results in asymptotic convergence of
the state estimates to the true state (see [16].
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To ensure boundedness of the control input, the controller is designed by minimizing the
non-quadratic cost functional

J(x, u(·)) :=
∫ ∞

0

Q(ϕ(τ, x, u[t,∞)(·))) + U(u(τ))dτ, (39)

over the set U piecewise continuous functions t → u(t), ∀t ∈ [0,∞) where ϕ(t, x, u(·)) is
a solution of (30) under control signal u(·) starting from x, Q : Rn → R is a continuous,
positive definite function and U : Rm → R, introduced to address the saturation constraint
on the control, is defined as

U(u) := 2

∫ u

0

(λ̄ tanh−1(υ/λ̄))TRdυ, (40)

where R := diag(r1, . . . , rm). Assuming the optimal controller exists, then let the optimal
value function, V ∗ : Rn × Rm → R, be expressed as

V ∗(x) := min
u(·)∈U[t,∞)

∫ ∞

t

Q(ϕ(τ, x, u[t,τ)(·))) + U(u(τ))dτ, (41)

where uI and UI are obtained by restricting the domains of u and functions in UI to the
interval I ⊆ R, respectively. Assuming that the optimal value function is continuously
differentiable, it can be shown to be the unique PD solution of the Hamilton-Jacobi-Bellman
(HJB) equation, [14, Theorem 1.5],

min
u∈Rm

(
∇xV (f(x) + g(x)u) +Q(x) + U(u)

)
= 0, (42)

where ∇(·) :=
∂

∂(·) .

Therefore, the optimal controller is given by the feedback policy, u(t) = u∗(ϕ(t, x, u[0,t)))
where u∗ : Rn → Rm defined as

u∗(x) := −λ̄ tanh(D∗), (43)

where D∗ = (1/2λ̄)R−1g(x)T∇xV
∗(x) ∈ Rm. Substituting equation (43) in (40), the function

U is given as

U(u∗) := λ̄∇xV
∗T(x)g(x) tanh(D∗) + λ̄2R̄ ln(1− tanh2(D∗)), (44)

where R̄ := [r1, . . . , rm] ∈ R1×m and 1 denotes a column vector having all of its elements equal
to one. Substituting optimal control input, (43) in (42), the following equation is obtained,

∇xV
∗ (f(x) + g(x)u∗(x)) +Q(x) + U(u∗) = 0 (45)

The design of the approximate optimal controller is then similar to the designs detailed above,
and uses Bellman error extrapolation and minimization. The controller saturation obviates
the need for the actor network, and as a result, stability guarantees can be obtained using a
single critic network that approximates the optimal value function. For further details, see
[16].

We are currently in the process of extending the above result to systems with uncertain
dynamic models. To that end, we have developed an adaptive observer using the bounded
Jacobian technique in a paper under review for possible presentation at the 2023 IEEE
Conference on Decision and Control (see [17]).
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6.0.  Reasons why established goals were not met

One of the goals in year 1 was to develop fallback controllers and switching based methods
that utilize the fallback controllers to achieve safe reinforcement learning. The authors
surmised that the barrier transformation approach presented above was a more effective way
to achieve safe reinforcement learning. Furthermore, the fallback controller approach has been
extensively investigated by other researchers using interval reachability and Hamilton-Jacobi
reachability. Similarly, results are now available in the literature on model-based reinforcement
learning using Gaussian processes.

On the other hand, the output feedback adaptive optimal control problem has not seen much
attention in the literature, and has potential applications in multi-agent systems. As a result,
the fallback controller approach was not investigated in this effort a nd w e f ocused i nstead on
the output feedback problem. However, since the barrier transformation approach requires
a well-parameterized system, the PI believes that there is still value in a fallback-based
approach with online monitoring for model mismatch. The PI will continue to investigate
this approach in upcoming years.
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