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Online ResNet-Based Adaptive Control for
Nonlinear Target Tracking
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Abstract—A generalized ResNet architecture for
adaptive control of nonlinear systems with black box
uncertainties is developed. The approach overcomes
limitations in existing methods by incorporating pre-
activation shortcut connections and a zeroth layer block
that accommodates different input-output dimensions. The
developed Lyapunov-based adaptation law establishes
exponential convergence to a neighborhood of the target
state despite unknown dynamics and disturbances.
Furthermore, the theoretical results are validated through
a comparative experiment.

Index Terms—Neural networks, adaptive control, stability
of nonlinear systems.

I. INTRODUCTION

NEURAL networks (NNs) are well established for
approximating unstructured uncertainties in continuous

functions over compact domains [1], [2], [3], [4]. The evo-
lution of NN-based control has progressed from single-layer
architectures with Lyapunov-based adaptation [5], [6], [7] to
more complex deep neural network (DNN) implementa-
tions, motivated by numerous examples of improved function
approximation efficiency [8], [9], [10]. Early DNN approaches
develop Lyapunov-based adaptive update laws for the out-
put layer while the inner layers are updated either in an
iterative offline manner as in [11] and [12], or using mod-
ular adaptive update laws [13]. Recent developments have
established frameworks for real-time adaptation of all DNN
layers [14], [15] for various DNN architectures, addressing
issues in transient performance [16] and leveraging persistence
of excitation [17].

Deep residual neural network (ResNet) architectures have
emerged as particularly promising candidates for adaptive con-
trol applications. The ResNet architecture is popular because
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it addresses optimization challenges that arise with increasing
network depth, making them potentially valuable for modeling
complex system uncertainties.

The key innovation of ResNets is the introduction of
skip connections that create direct paths for information to
flow through the network during backpropagation as in [18]
and [19]. These skip connections help prevent the degradation
of gradient information as it passes through multiple layers—
a phenomenon known as the vanishing gradient problem
where the magnitude of gradients becomes too small for
effective weight updates in deep networks. Rather than learn-
ing completely new representations at each layer, ResNets
learn the difference (or “residual”) between the input and the
desired output of a layer, which simplifies the optimization
process. Theoretical analyses have demonstrated that ResNets
possess favorable optimization properties, including smoother
loss landscapes [20], absence of spurious local optima with
every local minimum being a global minimum as in [21]
and [22], and stability of gradient descent equilibria [23].
The universal approximation capabilities of ResNets have also
been investigated [24], [25], [26], confirming their ability to
approximate any continuous function on a compact set to
arbitrary accuracy. A critical advancement in ResNet design
was the introduction of pre-activation shortcuts by [27],
which position the skip connection before activation functions,
improving the flow of information through the network and
enhancing the network’s ability to generalize to unseen data.
This architectural modification shares conceptual similarities
with DenseNets [28], which strengthen feature propagation
through dense connectivity patterns that connect each layer
to every other layer, facilitating feature reuse and enhancing
information flow throughout the network.

Recently, [29] introduced the first Lyapunov-based ResNet
for online learning in control applications. However, their
implementation utilized the original ResNet architecture with-
out incorporating the pre-activation shortcut connections that
have been demonstrated to improve performance [27]. This
limitation potentially restricts the learning capabilities and
convergence properties of their approach. Additionally, this
approach requires the inputs and outputs of the ResNet
architecture to be of the same dimensions, thus limiting the
applicability of the development.

This letter presents a generalized ResNet architecture fea-
turing pre-activation shortcut connections and a zeroth layer
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block designed for target tracking of nonlinear systems.
The developed approach positions the skip connection before
activation, with post-activation feeding into the DNN block,
leveraging the improved information propagation through the
network established by [27]. Additionally, the zeroth layer
block can compensate for uncertainties with different input
and output size, overcoming the limitations of the approaches
in [29]. The key contribution of this letter is the devel-
opment and analysis of a Lyapunov-based adaptation law
for this generalized ResNet architecture, which establishes
exponential convergence to a neighborhood of the target state
despite unknown dynamics and disturbances. Furthermore,
the theoretical results are validated through a comparative
experiment.

II. DEEP RESIDUAL NEURAL NETWORK MODEL

Consider a fully connected feedforward ResNet with b ∈
Z≥0 building blocks, input x ∈ R

Lin , and output y ∈ R
Lout . For

each block index i ∈ {0, . . . , b}, let ki ∈ Z>0 be the number of
hidden layers in the ith block, let κi ∈ R

Li,0 denote the block
input (with κ0 � x and L0,0 � Lin), and let θi ∈ R

pi be the
vector of parameters (weights and biases) associated with the
ith block.

For each block i ∈ {0, . . . , b}, let Li,j ∈ Z>0 denote the
number of neurons in the jth layer for j ∈ {0, . . . , ki + 1}.
Furthermore, define the augmented dimension La

i,j � Li,j + 1,
for all (i, j) ∈ {0, . . . , b} × {0, . . . , ki}. Each block function
�i : RLa

i,0 × R
pi → R

Li,ki+1 is a fully connected feedforward
DNN, with Li,ki+1 � Lout for all (i, j) ∈ {0, . . . , b} ×
{0, . . . , ki}. For any input v ∈ R

La
i,j , the DNN is defined

recursively by

ϕi,j(v) �
{

V�
i,0v, j = 0,

V�
i,jφi,j

(
ϕi,j−1(v)

)
, j ∈ {1, . . . , ki}, (1)

with �i(v, θi) = ϕi,ki(v).
For each j ∈ {0, 1, . . . , ki} the matrix Vi,j ∈ R

La
i,j×Li,j+1

contains the weights and biases; in particular, if a layer has n
(augmented) inputs and the subsequent layer has m nodes, then
V ∈ R

n×m is constructed so that its (i, j)th entry represents the
weight from the ith node of the input to the jth node of the out-
put, with the last row corresponding to the bias terms. For the
DNN architecture described by (1), the vector of DNN weights
of the ith block is θi � [ vec(Vi,0)

� · · · vec(Vi,ki)
� ]� ∈

R
pi , where pi �

∑ki
j=0 La

i,jLi,j+1, and vec(Vi,j) denotes the
vectorization of Vi,j performed in column-major order (i.e.,
the columns are stacked sequentially to form a vector). The
activation function φi,j : RLi,j → R

La
i,j is given by φi,j(ϕi,j−1)

= [ςi,1((ϕi,j−1)1) ςi,2((ϕi,j−1)2) · · · ςi,Li,j((ϕi,j−1)Li,j) 1]� ∈
R

La
i,j where (ϕi,j−1)� denotes the �th component of ϕi,j−1, each

ςi,j : R → R denotes a smooth activation function, and 1
accounts for the bias term.

A pre-activation design is used so that, before each block
(except block 0), the output of the previous block is pro-
cessed by an external activation function. Specifically, for
each block i ∈ {1, . . . , b}, define the pre-activation mapping
ψi : R

Li,ki+1 → R
La

i,ki+1 by ψi(κi) = [
i,1((κi)1) 
i,2((κi)2)

Fig. 1. Deep Residual Neural Network Architecture.

· · · 
i,Li,ki+1((κi)Li,ki+1) 1]� ∈ R
La

i,ki+1 where (κi)� denotes the
�th component of κi, each 
i,j+1 : R → R denotes a smooth
activation function, and 1 accounts for the bias term. The
output of ψi serves as the input to block i and the residual
connection is implemented by adding the current block output
to the pre-activated output from the previous block. Hence,
the ResNet recursion is defined by

κi+1 �
{
�0
(
κa

0 , θ0
)
, i = 0,

κi +�i(ψi(κi), θi), i ∈ {1, . . . , b}, (2)

with output y ∈ R
Lout and overall parameter vector � �

[ θ�
0 · · · θ�

b ]� ∈ R
p, with p �

∑b
i=0 pi, where κa

0 �
[ κ�

0 1 ]� ∈ R
La

0,0 denotes the augmented input to block i = 0.
Therefore, the complete ResNet is represented as � : RLin ×
R
p → R

Lout expressed as �(κ,�) = κb+1.
The partial derivative of the ResNet with respect

to the parameters is represented as ∂
∂�
�(κ,�) =

[ ∂
∂θ0
�(κ,�) · · · ∂

∂θb
�(κ,�) ] ∈ R

Lout×p and ∂
∂θi
�(κ,�) =

[ ∂
∂vec(Vi,0)

�(κ,�) · · · ∂
∂vec(Vi,ki )

�(κ,�) ] ∈ R
Lout×pi , where

∂
∂vec(Vi,j)

�(κ,�) ∈ R
Lout×La

i,jLi,j+1 for all j ∈ {0, . . . , ki}.
Using (1), (2), and the property of the vectorization operator
yields

∂�

∂vec(Vi,j)
=
⎛
⎜⎝

�

b∏
m=i+1

⎛
⎜⎝ILout +

⎛
⎜⎝

�

km∏
�=1

V�
m,�

∂φm,�

∂ϕm,�−1

⎞
⎟⎠V�

m,0
∂ψm

∂κm

⎞
⎟⎠
⎞
⎟⎠

·
⎛
⎜⎝

�

ki∏
�=j+1

V�
i,�

∂φi,�

∂ϕi,�−1

⎞
⎟⎠(ILi,j+1 ⊗ κ

�
i,j

)
,

where κi,j � κa
0 if i = 0 and j = 0, φ0,j(ϕ0,j−1(κ

a
0 )) if i = 0

and j > 0, ψi(κi) if i > 0 and j = 0, φi,j(ϕi,j−1(ψi(κi))) if
i > 0 and j > 0, where the right-to-left matrix product operator
�∏

is defined as in [14].
The Jacobian

∂φi,j(ϕi,j−1(v))
∂ϕi,j−1(v)

: RLi,j → R
La

i,j×Li,j of the activa-

tion function vector at the jth layer is given by
∂φi,j(ϕi,j−1(v))
∂ϕi,j−1(v)

=
[

diag{ dςi,1((ϕi,j−1)1)

d(ϕi,j−1)1
, . . . ,

dςi,Li,j ((ϕi,j−1)Li,j )

d(ϕi,j−1)Li,j
}0�

Li,j

]�
. Similarly,

the Jacobian ∂ψm(κm)
∂κm

: R
Lout → R

La
out×Lout of the pre-

activation function vector at block m is given by ∂ψm(κm)
∂κm

=[
diag{ d
m,1((κm)1)

d(κm)1
, . . . ,

d
m,Lout ((κm)Lout )

d(κm)Lout
}0�

Lout

]�
.

III. PROBLEM FORMULATION

Consider the second-order nonlinear dynamical system
described by the differential equation

q̈ = f (q, q̇)+ g(q, q̇, t)u + ω(t), (3)
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where t ∈ R≥0 denotes time, q ∈ R
n represents the generalized

position, q̇ ∈ R
n the generalized velocity, q̈ ∈ R

n the gener-
alized acceleration, f ∈ C1(Rn × R

n;Rn) represents unknown
system dynamics, g ∈ C1(Rn × R

n × R≥0;Rn×m) denotes
the known control effectiveness matrix, ω ∈ C1(R≥0;Rn)

represents an exogenous disturbance, and u : R≥0 → R
m

denotes the control input signal.
The following assumptions and properties hold. First, the

matrix g(q, q̇, t) has full row-rank for all (q, q̇, t) ∈ R
n ×R

n ×
R≥0. Second, the mapping t �→ g(q, q̇, t) is uniformly bounded
for all states (q, q̇) ∈ R

n × R
n. Third, there exists a known

constant ω ∈ R≥0 such that ‖ω(t)‖ ≤ ω for all t ∈ R≥0.
By the full row-rank property of g, its right Moore-

Penrose pseudoinverse g+ ∈ C1(Rn ×R
n ×R≥0;Rm×n) exists,

defined as g+(q, q̇, t) � g�(q, q̇, t)(g(q, q̇, t)g�(q, q̇, t))−1.
Furthermore, the mapping t �→ g+(q, q̇, t) is uniformly
bounded for all states (q, q̇) ∈ R

n × R
n.

The reference trajectory is governed by the autonomous
second-order system

q̈d = fd(qd, q̇d), (4)

where qd ∈ R
n denotes the reference position, q̇d ∈ R

n

denotes the reference velocity, q̈d ∈ R
n denotes the reference

acceleration, and fd : Rn ×R
n → R

n represents the unknown
reference dynamics.

Assumption 1: There exist known constants qd, q̇d ∈ R>0
such that qd, q̇d ∈ L∞(R≥0;Rn).

The control objective is to design a ResNet-based adaptive
controller such that the state trajectory q is exponentially
regulated to a neighborhood of the reference trajectory qd,
despite the presence of unknown dynamics and bounded
disturbances. To facilitate the control objective, define the
tracking error e ∈ R

n as

e � qd − q. (5)

IV. CONTROL SYNTHESIS

To facilitate the control design, the auxiliary tracking error
function r ∈ R

n is defined as

r � ė + k1e, (6)

where k1 ∈ R>0 is a constant control gain. Differentiating (6)
with respect to time and substituting (3)–(6) yields

ṙ = h(q, q̇, qd, q̇d)− g(q, q̇, t)u − ω(t)+ k1(r − k1e), (7)

where h : R
n × R

n × R
n × R

n → R
n is defined as

h(q, q̇, qd, q̇d) � fd(qd, q̇d)− f (q, q̇).

A. Residual Neural Network Function Approximation

The ResNet architecture, characterized by skip connec-
tions and hierarchical feature extraction, models incremental
changes rather than complete transformations of the under-
lying nonlinear mapping. This architecture learns the
residuals between input and desired output at each layer,
thereby enabling effective function approximation for com-
plex nonlinear systems without requiring explicit governing
equations.

To approximate the unknown dynamics given by h in (7),
define the input vector κ : R≥0 → R

4n as κ �
[ q� q̇� q�

d q̇�
d ]� ∈ �, where � ⊂ R

4n is a compact set
over which the universal approximation property holds. The
ResNet-based approximation of h(κ) is given by �(κ, �̂),
where � : R4n × R

p → R
n denotes the ResNet architecture

mapping and �̂ ∈ R
p denotes the adaptive parameter estimate.

The approximation objective is to determine optimal esti-
mates �̂ within a predefined search space such that the
mapping κ �→ �(κ, �̂) approximates κ �→ h(κ) with minimal
error for all κ ∈ �. Let � ⊂ R

p denote a user-selected
compact, convex parameter search space with a C∞ boundary,
satisfying 0p ∈ int(�), and define � � max

�∈�
‖�‖. An objective

function J : � → R≥0 is selected to quantify the quality of
the approximation achieved by the parameters � ∈ �, where
� ∈ R

p is an arbitrary parameter vector.1

Assumption 2: The selected objective function J : � →
R≥0 is continuous and strictly convex on the compact, convex
set �.

Under Assumption 2, the existence and uniqueness of
a global minimizer for J within the search space � is
guaranteed. This unique optimal parameter vector within the
search space is denoted by �∗ ∈ �, defined as2

�∗ � arg min
�∈�

J (�). (8)

Remark 1: The universal function approximation property
of ResNets was not invoked in the definition of �∗. The uni-
versal function approximation theorem states that the function
space of ResNets is dense in the space of continuous functions
C(�) [24], [26]. Consequently, for any prescribed ε > 0, there
exists a ResNet � and a corresponding parameter vector �
such that sup

κ∈�
‖h(κ)−�(κ,�)‖ < ε. This implies

∫
�

‖h(κ)−
�(κ,�)‖2dμ(κ) < ε2μ(�). However, determining a search
space � for arbitrary ε remains an open challenge. Therefore,
� is arbitrarily selected, at the expense of guarantees on the
approximation accuracy.

B. Control Design

Following the previous discussion, the unknown dynamics
h(κ) in (7) are modeled using a ResNet as

h(κ) = �
(
κ,�∗)+ ε(κ), (9)

where ε : R
4n → R

n is an unknown function representing
the optimal reconstruction error associated with �∗, which is
bounded as

sup
κ∈�

‖ε(κ)‖ < ε. (10)

1The function J (�) typically incorporates a measure of the approximation
error, often based on a norm of the difference h(κ) − �(κ,�) aggregated
over the domain �. A common example is the mean squared error functional,
JMSE(�) �

∫
� ‖h(κ)−�(κ,�)‖2dμ(κ), where μ is a suitable measure on

�. However, the specific choice of J can be adapted based on the application
requirements or available data.

2For ResNets with arbitrary nonlinear activation functions, it has been
established that every local minimum is a global minimum [22].
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Based on (7) and the subsequent stability analysis, the control
input is designed as

u = g+(q, q̇, t)
((

1 − k2
1

)
e + (k1 + k2)r +�

(
κ, �̂

))
,(11)

where k2 ∈ R>0 is a constant control gain. Substituting (9)
and (11) into (7) yields

ṙ = −k2r − e + ε(κ)− ω(t)+�
(
κ,�∗)−�

(
κ, �̂

)
. (12)

Based on the subsequent stability analysis, the adaptive update
law for �̂ is designed as

˙̂� = proj�

(
�

(
∂�
(
κ, �̂

)
∂�̂

�
r − k3�̂

))
, (13)

where k3 ∈ R>0 is a constant control gain, � ∈ R
p×p is a user-

defined positive-definite learning rate matrix, and the projection
operator ensures �̂ ∈ �, defined as in [30, Appendix E].

V. STABILITY ANALYSIS

The ResNet mapping �(κ,�) described in (9) is inherently
nonlinear with respect to its weights. Designing adaptive
controllers and performing stability analyses for systems that
are nonlinearly parameterizable presents significant theoretical
challenges. A method to address the nonlinear structure of
the uncertainty, especially for ResNets, is to use a first-order
Taylor series approximation. To quantify the approximation,
the parameter estimation error �̃ ∈ R

p is defined as

�̃ = �∗ − �̂. (14)

Applying first-order Taylor’s theorem to the mapping � �→
�(κ,�) evaluated at �̂ and using (14) yields

�
(
κ,�∗)−�

(
κ, �̂

) = ∂�
(
κ, �̂

)
∂�̂

�̃+ R
(
κ, �̃

)
, (15)

where R : R4n × R
p → R

n denotes the Lagrange remainder
term. Substituting (15) into (12) yields

ṙ = ∂�
(
κ, �̂

)
∂�̂

�̃+ R
(
κ, �̃

)+ ε(κ)− k2r − e − ω(t).(16)

Let z ∈ R
ϕ denote the concatenated state vector z �

[ e� r� �̃� ]�, where ϕ � 2n + p. The evolution of z is
governed by the initial value problem

ż = f(z, t), z(t0) = z0, (17)

where t0 ≥ 0 is the initial time and z0 ∈ R
ϕ is the initial state.

Using (5), (13), (14), and (16), the vector field f : Rϕ×R≥0 →
R
ϕ is defined as

f(z, t) =

⎡
⎢⎢⎢⎢⎢⎣

r − k1e(
∂�(κ,�̂)
∂�̂

�̃+ R
(
κ, �̃

)
+ε(κ)− k2r − e − ω(t).

)

−proj�

(
�

(
∂�(κ,�̂)
∂�̂

�
r − k3�̂

))

⎤
⎥⎥⎥⎥⎥⎦
. (18)

Since the universal approximation property of the ResNet
holds only on the compact domain �, the subsequent stability
analysis requires ensuring κ ∈ �. This is achieved by
establishing a stability result which constrains the solution z to

a compact domain. Consider the Lyapunov function candidate
V : Rϕ → R≥0 defined as

V(z) � 1

2
z�Pz, (19)

where P � blkdiag{I2n, �
−1} ∈ R

ϕ×ϕ . By the Rayleigh
quotient, (19) satisfies

1

2
λ1‖z‖2 ≤ V(z) ≤ 1

2
λϕ‖z‖2, (20)

where λ1 � λmin{P} = min{1, λmin{�−1}} and λϕ �
λmax{P} = max{1, λmax{�−1}}. Based on the subsequent anal-

ysis, define δ � 3(ω+ε)2
4k2

+ k3�
2

2 and kmin � min{k1,
1
3 k2,

1
2 k3}.

Furthermore, let ρ : R≥0 → R≥0 denote a strictly increasing
function that is subsequently defined, and define ρ(·) � ρ(·)−
ρ(0), where ρ is strictly increasing and invertible. The region
to which the state trajectory is constrained is defined as

D �
{
ι ∈ R

ϕ : ‖ι‖ ≤ ρ−1(k2(kmin − λV)− ρ(0))
}
, (21)

where λV ∈ R>0 is a user-defined rate of convergence
parameter. The compact domain � ⊂ R

4n over which the
universal approximation property must hold is selected as

� �
{
ι ∈ R

4n : ‖ι‖ ≤ 2
(
qd + q̇d

)
+ (k1 + 2)ρ−1(k2(kmin − λV)− ρ(0))

}
. (22)

For the dynamical system described by (17), the set of initial
conditions S ⊂ D is defined as

S �
{
ι ∈ R

ϕ : ‖ι‖ ≤ −
√
δ

λV

+
√
λ1

λϕ
ρ−1(k2(kmin − λV)− ρ(0))

}
, (23)

and the uniform ultimate bound U ⊂ R
ϕ is defined as

U �
{
ι ∈ R

ϕ :‖ι‖ ≤
√
λϕδ

λ1λV

}
. (24)

Theorem 1: Consider the dynamical system described
by (3) and (4). For any initial conditions of the state vector
z(t0) ∈ S , the controller given by (11) and the adaptation law
given by (13) ensure that z uniformly exponentially converges
to U in the sense that

‖z(t)‖ ≤
√
λϕ

λ1
‖z(t0)‖2e

− 2λV
λϕ
(t−t0) + λϕδ

λ1λV

(
1 − e

− 2λV
λϕ
(t−t0)

)
,

for all t ∈ R≥t0 , provided that the sufficient gain condition

kmin > λV + 1
k2
ρ(

√
λϕδ

λ1λV
) is satisfied and Assumptions 1 and 2

hold.
Proof: Taking the total derivative of (19) along the trajec-

tories of (17) yields

d

dt
V(z(t)) = ∇V(z(t))�

d

dt
z(t),

= e�(t)ė(t)+ r�(t)ṙ(t)+ �̃�(t)�−1 ˙̃�(t). (25)
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Substituting (18), invoking [30, Appendix E.4], and using (14)
yields

d

dt
V(z(t)) ≤ −k1‖e(t)‖2 − k2‖r(t)‖2 − k3

∥∥�̃(t)∥∥2

+ r�(t)
(
R
(
κ(t), �̃(t)

)+ ε(κ(t))
)

− r�(t)ω(t)+ k3�̃
�(t)�∗. (26)

Using (5), Assumption 1, and the triangle inequality yields
‖q(t)‖ ≤ ‖e(t)‖ + qd. Similarly, using (6), Assumption 1, and
the triangle inequality yields ‖q̇(t)‖ ≤ k1‖e(t)‖ + ‖r(t)‖ + q̇d.
Therefore, using the definition of κ yields

‖κ(t)‖ ≤ (k1 + 2)‖z(t)‖ + 2
(
qd + q̇d

)
. (27)

From [31, Th. 1], there exists a polynomial ρ0(‖κ‖) =
a2‖κ‖2 + a1‖κ‖ + a0 with a2, a1, a0 ∈ R≥0 such that
‖R(κ, �̃)‖ ≤ ρ0(‖κ‖)‖�̃‖2. Thus, using (8), (10), (14), (27),
and the definition of � yields ‖R(κ(t), �̃(t)) + ε(κ(t))‖ ≤
2�ρ0((k1 + 2)‖z(t)‖ + 2(qd + q̇d))‖�̃(t)‖ + ε.

Since ρ0 is a polynomial with non-negative coefficients,
it is strictly increasing. Consequently, there exists a strictly
increasing function ρ : R≥0 → R≥0 such that ρ(‖z‖) =
3�

2
ρ2

0((k1 + 2)‖z‖ + 2(qd + q̇d)). Thus, using Young’s
inequality and the definitions of δ and kmin yields that (26) is
upper bounded as

d

dt
V(z(t)) ≤ −

(
kmin − ρ(‖z(t)‖)

k2

)
‖z(t)‖2 + δ. (28)

To establish the existence of a solution on R≥t0 , a contra-
diction argument is employed. Let [t0,Tmax) be the maximal
interval of existence for solution t �→ z(t) to (17) with
z(t0) ∈ S . Suppose, for contradiction, that Tmax < ∞. Then
limt→T−

max
‖z(t)‖ = ∞.

Define the set I � {t ∈ [t0,Tmax) : z(τ ) ∈ D for all τ ∈
[t0, t]}. Since z(t0) ∈ S ⊂ D and the solution t �→ z(t) is
continuous, I is non-empty and contains a non-trivial interval
[t0, t0 + η) for some η > 0. Consequently, using (20) yields
that (28) is upper bounded as

d

dt
V(z(t)) ≤ −2λV

λϕ
V(z(t))+ δ, (29)

for all t ∈ I. Solving the differential inequality given by (29)
over I yields

V(z(t)) ≤ V(z(t0))e
− 2λV

λϕ
(t−t0) + λϕδ

2λV

(
1 − e

− 2λV
λϕ
(t−t0)

)
, (30)

for all t ∈ I. Applying (20) to (30) yields

‖z(t)‖ ≤
√
λϕ

λ1
‖z(t0)‖2e

− 2λV
λϕ

(t−t0) + λϕδ

λ1λV

(
1 − e

− 2λV
λϕ

(t−t0)
)
, (31)

for all t ∈ I. Since z(t0) ∈ S , ‖z(t0)‖ ≤
√
λ1
λϕ
ρ−1(k2(kmin −

λV) − ρ(0)) −
√

δ
λV

. Substituting this into (31) and using

the fact that e
− 2λV

λϕ
(t−t0) ≤ 1 for all t ≥ t0 yields ‖z(t)‖ <

ρ−1(k2(kmin − λV) − ρ(0)) for all t ∈ I. This implies that
z(t) ∈ int(D) for all t ∈ I. By continuity of z(t), if sup I <
Tmax, then z(sup I) ∈ ∂D, which contradicts the established
bound. Therefore, sup I = Tmax and thus I = [t0,Tmax).

TABLE I
PARAMETERS USED IN THE COMPARATIVE EXPERIMENT OF SNN,

DNN, AND RESNET -BASED ADAPTIVE CONTROLLERS

Because the projection operator defined in defined in (13) is
locally Lipschitz [30, Lemma E.1], the right-hand side of (17)
is piecewise continuous in t and locally Lipschitz in z for all
t ≥ t0 and all z ∈ R

ϕ . Since z(t) remains in the compact set
D for all t ∈ [t0,Tmax), the solution is uniformly bounded,
meaning supt∈[t0,Tmax)

‖z(t)‖ < ∞. Therefore, by [32, Th. 3.3],
the solution can be extended beyond Tmax, contradicting the
maximality of [t0,Tmax). Therefore, Tmax = ∞, and the
solution exists for all t ∈ R≥t0 with z(t) ∈ D for all t ∈ R≥t0 .

Consequently, all trajectories with z(t0) ∈ S satisfy (31),
for all t ∈ R≥t0 . As t → ∞, this bound converges to

‖z(t)‖ ≤
√

λϕδ

λ1λV
which, by (24), implies that the trajectory

z(t) converges to U . Furthermore, since z(t) ∈ D for all t ∈
R≥t0 , it follows from (22) and (27) that κ(t) ∈ � for all
t ∈ R≥t0 , ensuring that the universal approximation property
of the ResNet expressed in (9) holds for all time.

Because λV is independent of the initial time t0 or initial
condition z(t0), the exponential convergence is uniform [33].
Additionally, the boundedness of ‖z(t)‖ implies that ‖e(t)‖,
‖r(t)‖, and ‖�̃(t)‖ are bounded for all t ∈ R≥t0 . Therefore,
since qd, q̇d ∈ L∞(R≥0;Rn) by Assumption 1, using (5)
and (6) yields that q, q̇ ∈ L∞(R≥0;Rn), implying that
g+(q, q̇, t) is bounded. Following (27) and the fact that z ∈
L∞(R≥t0;Rϕ) yields that κ ∈ L∞(R≥t0;R4n). Due to the
projection operator, �̂ ∈ L∞(R≥t0;Rp). Since (κ, �̂) ∈
L∞(R≥0;R4n ×R

p), �(κ(t), �̂(t)) is bounded. Thus, by (11),
u is bounded.

VI. EXPERIMENT

Experimental validation was performed on a Freefly Astro
quadrotor equipped with a PX4 flight controller at the
University of Florida’s Autonomy Park outdoor facility. State
estimation utilized the onboard EKF2 fusing GPS, optical flow,
and Lidar data. A cascaded control architecture was employed,
where the proposed ResNet-based controller, implemented as
a 50 Hz ROS2 outer loop, generated acceleration commands
sent via MAVROS to the PX4’s inner-loop controller operating
at 400 Hz. The quadrotor autonomously tracked a 15 m × 5 m
figure-eight trajectory at 2.5 m altitude for 360 s.

The proposed controller was compared against three bench-
marks: a proportional-derivative (PD) controller, a shallow
NN-based adaptive controller (SNN) and a DNN-based adap-
tive controller (employing � instead of � in (11)). Controller
parameters are provided in Table I. Figure 2 illustrates that
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Fig. 2. Tracking error comparison over the 360-second experiment.

Fig. 3. Trajectory comparison over the 360-second experiment.

the proposed ResNet controller reduced tracking error by
22.81%, 8.75%, and 4.76% relative to the SNN, PD, and DNN
controllers, respectively, while using approximately 11% fewer
parameters compared to the SNN and DNN controllers.

VII. CONCLUSION

The presented generalized ResNet architecture addresses
adaptive control of nonlinear systems with black box
uncertainties. Key innovations include pre-activation shortcut
connections that improve signal propagation and a zeroth layer
block that allows handling different input-output dimensions.
The Lyapunov-based adaptation law guarantees exponential
convergence to a neighborhood of the target state.
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