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Abstract

The proposed methodology combines analytical control laws with adaptive mechanisms
and machine-learning-assisted modules based on regression trees, random forests, and ex-
treme gradient boosting (XGBoost). Machine learning models are employed to approximate
unknown nonlinear dynamics, compensate disturbances, and adjust controller parameters,
while the overall control structure is constrained by Lyapunov stability conditions. This
ensures that the inclusion of data-driven components does not violate the fundamental
requirement of system stability. The effectiveness of the proposed approach is evaluated
through simulation experiments across three operating modes with varying degrees of
nonlinearity and dynamic complexity. The results show that hybrid models incorporating
ensemble machine learning methods improved performance compared with the analytical
and adaptive baselines examined. XGBoost-based control achieves the lowest error values
and the highest level of Lyapunov stability compliance (up to 99.3%). The main contribution
of this study lies in the development of a unified synthesis framework in which machine
learning is not used as a standalone control strategy but as a machine-learning-assisted sup-
port mechanism integrated into a theoretically grounded control architecture. The proposed
approach provides a balance between adaptability, accuracy, and rigorous stability guar-
antees, suggesting potential applicability to simulation-based and offline-assisted control
design tasks, while real-time embedded implementation requires additional computational
optimization and validation.

Keywords: self-organizing control systems; SISO systems; Lyapunov stability; machine
learning in control; adaptive control; nonlinear dynamic systems; random forest; XGBoost;
control synthesis; machine-learning-assisted control systems

1. Introduction
In the context of the rapid development of machine-learning-assisted control technolo-

gies, the task of synthesizing self-regulating control systems capable of ensuring stable
and adaptive behavior of an object in conditions of uncertainty, non-linearity and external
disturbances is becoming increasingly urgent [1]. A special place in this field is occupied by
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single-input and single-output systems (SISO systems), which, despite their relative struc-
tural simplicity, are of considerable interest from both a theoretical and an applied point of
view. This is because many real-world technical, electromechanical, energy, and techno-
logical facilities can be brought to a SISO representation, which makes them a convenient
platform for developing, analyzing, and testing new approaches to control synthesis [2].

Classical control theory offers a wide range of methods for constructing regulators
for linear and nonlinear dynamic systems. However, the use of traditional approaches
is often insufficient in cases where the control object is characterized by complex non-
linear dynamics, changing parameters, incomplete a priori information, or the need for
self-adjustment during operation [3]. In such conditions, there is an increasing interest in
self-regulating and self-organizing control systems, in which the mechanism of control
action formation is not rigidly fixed, but adapts to the current state of the system and the
nature of its dynamics [4].

One of the central problems in the study of such systems is not only the construction
of a control law, but also the rigorous proof of the stability of a closed system. In this
context, the Lyapunov function method remains one of the most fundamental and reliable
analysis tools [5]. Its main advantage is the ability to study the stability of a nonlinear
system without the need to obtain an explicit analytical solution to differential equations.
In the synthesis of self-regulating control systems, the Lyapunov method allows not only
to verify the stability of an already constructed control law, but also to shape the synthesis
process itself in such a way as to guarantee asymptotic stability, trajectory invariance, and
the required quality of transients [6].

In recent years, machine learning methods have been significantly developed, which
have been used not only in classification, recognition, and forecasting tasks, but also
in dynamic system identification, approximation of unknown nonlinearities, selection of
controller parameters, and construction of machine-learning-assisted control laws. Machine
learning methods have high flexibility, the ability to identify hidden dependencies in
data and adapt to complex nonlinear modes, which makes them promising tools for the
synthesis of self-organizing control systems [7]. However, their key limitation remains
insufficient interpretability and the lack of strict stability guarantees, especially in cases
where management is based solely on empirical or data-driven models.

It should be noted that in modern literature, a significant number of studies are devoted
either to the development of adaptive and machine-learning-assisted regulators, or to the
use of machine learning to control nonlinear objects, or to Lyapunov stability analysis in the
classical formulation [8–11]. However, limited attention has been paid to approaches that
jointly consider SISO structure, nonlinear uncertainty, machine-learning-assisted synthesis,
and Lyapunov-based stability guarantees.

In this paper, the focus is on the synthesis of self-regulating control systems for
objects with one input and one output. It is assumed that machine learning is used
as a synthesis support tool, for example, to approximate unknown dynamics, select a
control action structure, adjust regulator parameters, or select an effective self-organization
strategy [12,13]. In this case, the criterion of correctness and reliability of the constructed
solution is the fulfillment of Lyapunov stability conditions. This approach shifts control
design from purely empirical solutions to a theoretically grounded framework. Each control
law is evaluated not only in terms of performance but also in terms of guaranteed stability.

Unlike purely data-driven approaches, the proposed framework emphasizes both
control performance and Lyapunov-based stability verification.

The main purpose of the research is to develop and analyze an approach to the
synthesis of self-regulating SISO control systems using machine learning methods while
ensuring guaranteed Lyapunov stability [14–16]. To achieve this goal, the paper proposes
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to solve the following tasks: to describe the class of control objects under consideration;
to form the structure of a self-organizing control law; to determine the role of machine
learning in the synthesis procedure; to construct a Lyapunov function for a closed system;
to obtain conditions for guaranteed stability; and also to conduct a comparative analysis
of the effectiveness of the proposed approach in relation to more traditional synthesis
schemes [17].

The scientific novelty of the study lies in the fact that machine learning is considered
not as an autonomous substitute for classical synthesis methods, but as a machine-learning-
assisted mechanism for supporting control construction in a self-regulating SISO system,
where the final correctness of the solution is confirmed by means of Lyapunov stability
theory. This approach allows us to form a single framework that combines data-driven
adaptation and strict analytical guarantees.

The practical significance of the work lies in the possibility of applying the developed
approach to a wide range of automatic control facilities, which require a combination
of adaptability, self-regulation and stability. Such objects may include electromechanical
drives, technological processes, positioning systems, power plants, and other dynamic
systems that allow SISO representation. The use of machine learning in control syn-
thesis opens opportunities for improving the accuracy of adjustment and adaptation of
the regulator, while Lyapunov analysis provides the necessary level of reliability and
theoretical validity.

2. Materials and Methods
This study examines the synthesis of self-organizing control systems for objects with

one input and one output (SISO) using machine learning methods and mandatory Lya-
punov stability assurance. The methodology of the study combined nonlinear state-space
modeling, adaptive control design, and machine learning-based approximation of uncertain
dynamics within a Lyapunov-constrained synthesis framework.

This separation allows us to systematically consider both traditional methods of
constructing regulators and modern machine-learning-assisted approaches that provide
higher control flexibility in conditions of parameter uncertainty, external disturbances and
object nonlinearity. Special attention is paid to ensuring that the use of machine learning
algorithms does not violate the fundamental requirement of stability of a closed system. For
this purpose, the regulator synthesis procedure is based on the Lyapunov function method,
which makes it possible to formally prove the stability of the system and determine the
conditions for convergence of trajectories to the required regime.

All numerical simulations and computational experiments were performed using
MATLAB (R2024a, The MathWorks Inc., Natick, MA, USA). Machine learning models were
implemented using Python (v3.11, Python Software Foundation, Wilmington, DE, USA),
including the scikit-learn library (v1.4.2) and XGBoost library (v2.0.3). The simulations
were executed on a personal computer equipped with an Intel Core i7 processor (Intel
Corporation, Santa Clara, CA, USA) and 16 GB RAM.

2.1. Formal Problem Statement and Stability Assumptions

The controlled object is considered as a nonlinear SISO system in the following affine
state-space form (1):

.
x(t) = f (x(t)) + g(x(t))u(t) + d(x(t), t),y(t) = h(x(t)), (1)

where x(t) ∈ Rn is the state vector, u(t) ∈ R is the control input, y(t) ∈ R is the system
output, f (x) and g(x) describe the nominal nonlinear dynamics, and d(x, t) denotes an
unknown nonlinear disturbance or unmodelled dynamic component.
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The objective of control is to ensure that the system output y(t) tracks a bounded
reference signal yr(t). The tracking error is defined as (2):

e(t) = y(t)− yr(t).

The aim is to design a hybrid control law

u(t) = ub(t) + uml(t), (2)

where ub(t) is the analytically derived stabilizing component and uml(t) is a machine-
learning-based compensation term, such that the tracking error remains bounded and
converges to a small neighbourhood of zero while satisfying Lyapunov stability conditions.

The following assumptions are introduced (3):

Assumption 1. The functions f (x), g(x) and h(x) are continuous and locally Lipschitz in a
compact operating domain ⊂ Rn.

Assumption 2. The control gain satisfies g(x) ̸= 0 for all x ∈ , which guarantees that the input
can influence the system dynamics.

Assumption 3. The unknown nonlinear component d(x, t) is bounded, i.e., there exists a positive
constant d such that

|d(x, t)| ≤ d.

Assumption 4. The machine learning model provides an estimate

d̂(t) = M
(
x(t), e(t),

.
e(t), u(t − 1); ω

)
of the unknown component d(x, t). The residual approximation error

ε(t) = d(x, t)− d̂(t)

is bounded as
|ε(t)| ≤ ε. (3)

Under these assumptions, the machine learning module is not treated as an indepen-
dent controller, but as an auxiliary compensator embedded into a Lyapunov-constrained
control architecture.

2.2. Lyapunov-Based Stability Theorem

Theorem 1. Consider the nonlinear SISO system defined above under Assumptions 1–4. Let the
control law be given by (4)

u(t) = ub(t)− d̂(t),

where ub(t) is selected such that, in the absence of approximation error, the derivative of the
Lyapunov function satisfies

.
V(t) ≤ −c1e2(t),

with c1 > 0. If the machine learning approximation error is bounded by ε, then the closed-loop
tracking error is uniformly ultimately bounded, and the Lyapunov derivative satisfies

.
V(t) ≤ −c1e2(t) + c2ε2(t), (4)
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where c2 > 0. Consequently, the tracking error converges to a bounded neighborhood of zero whose
size depends on the approximation error of the machine learning model.

Proof. Substituting the control law (5)

u(t) = ub(t)− d̂(t) (5)

Before deriving the closed-loop error dynamics, the residual approximation error is
defined as (6):

ε(t) = d(x, t)− d̂(t) (6)

where d(x, t) is the unknown nonlinear disturbance and d̂(t) is its machine-learning-based
estimate. Substituting the control law into the system dynamics gives

.
e(t) = −ke(t) + ε(t),

where k > 0 is the stabilizing feedback gain. The Lyapunov candidate function is
selected as:

V(t) =
1
2

e2(t).

Taking its time derivative gives

.
V(t) = e(t)

.
e(t).

Substituting the error dynamics yields

.
V(t) = e(t)(−ke(t) + ε(t)) = −ke2(t) + e(t)ε(t). (7)

Using Young’s inequality (8),

e(t)ε(t) ≤ k
2

e2(t) +
1
2k

ε2(t), (8)

we obtain (9)
.

V(t) ≤ − k
2

e2(t) +
1
2k

ε2(t). (9)

Therefore, (10),
.

V(t) ≤ −c1e2(t) + c2ε2(t), (10)

where (11)

c1 =
k
2

, c2 =
1
2k

. (11)

Thus, c1 and c2 are not independently tuned hyperparameters. They are determined
by the selected stabilizing gain k. In the simulations, k was selected empirically to ensure
stable transient response without excessive overshoot. In the simulations, the Lyapunov
condition was evaluated at each time step by calculating

.
V(t). A time step was considered

Lyapunov-compliant when
.

V(t) ≤ 0. The reported Lyapunov compliance percentage
therefore represents the proportion of simulation time steps satisfying this condition.

Since ε(t) is bounded by Assumption 4, the tracking error is uniformly ultimately
bounded. Therefore, the proposed machine-learning-assisted control law preserves
Lyapunov-based stability under bounded approximation error. Theorem 1 is proved.
□
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2.3. Simulation Benchmark Model

To make the simulation procedure reproducible, the nonlinear SISO benchmark plant
was specified as a second-order dynamic system (12):

.
x1(t) = x2(t),

.
x2(t) = −a1x1(t)− a2x2(t) + a3x3

1(t) + bu(t) + d(x, t),y(t) = x1(t), (12)

where x1(t) is the output-related state, x2(t) is the velocity-like state, u(t) is the scalar
control input, and d(x, t) is the unknown nonlinear disturbance term.

In the benchmark model, the unknown part of the object dynamics enters the second
state equation as an additive nonlinear disturbance term. During simulation, this term
is generated from the predefined disturbance function in Equation (14). Therefore, the
target output for training the machine-learning model is the value of d(x, t) at each time
step. Equivalently, when the full simulated state trajectory is available, d(x, t) can be
reconstructed from the second state equation as:

d(x, t) =
.
x2(t) + a1x1(t) + a2x2(t)− a3x3

1(t)− bu(t).

Thus, the machine-learning models are trained to approximate the mapping from the
measured state and control variables to the residual nonlinear disturbance term.

In the simulations, the nominal parameters were selected as a1 = 0.8, a2 = 0.3,
a3 = 0.5 and b = 1.0. These values were chosen to produce stable but nonlinear
second-order dynamics suitable for evaluating adaptive and machine-learning-assisted
control laws.

The unknown disturbance component was defined as (13):

d(x, t) = ρ1sin (x1(t)) + ρ2x2
2(t) + ρ3sin (2t), (13)

where ρ1, ρ2 and ρ3 determine the intensity of nonlinear coupling and external disturbance.
Three operating modes were generated by varying the following coefficients.

Mode 1: ρ1 = 0.10, ρ2 = 0.05, ρ3 = 0.03.
Mode 2: ρ1 = 0.25, ρ2 = 0.12, ρ3 = 0.08.
Mode 3: ρ1 = 0.15, ρ2 = 0.18, ρ3 = 0.05.
The reference trajectory was defined as (14):

yr(t) = sin (0.5t) + 0.3sin (1.2t). (14)

The tracking error was calculated as (15):

e(t) = y(t)− yr(t). (15)

Thus, all simulation data used in the study were generated from an explicitly de-
fined nonlinear SISO plant with bounded nonlinear disturbances. The three modes
differ only in the intensity and structure of the disturbance term, which allows a fair
comparison of analytical, adaptive, and machine-learning-assisted controllers under
reproducible conditions.

2.4. Simulation Data and Experimental Design

Because the proposed approach is aimed at the synthesis of self-organizing control
laws under controlled nonlinear conditions, the study was conducted using simulation data
generated from a nonlinear SISO dynamic model rather than from a measured industrial
dataset. This design made it possible to evaluate controller behavior under reproducible
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operating conditions with explicitly defined nonlinearities, parameter variations, and
external disturbances.

Three operating modes were considered to represent different levels of dynamic
complexity. Mode 1 corresponded to moderately nonlinear behavior with smooth transient
dynamics. Mode 2 represented strongly nonlinear dynamics with time-varying parameters
and increased disturbance sensitivity. Mode 3 was designed to reflect a regime with high
sensitivity to the current system state and limited trend persistence. These three modes
were used consistently throughout the analytical, adaptive, and machine learning-based
synthesis procedures.

For each operating mode, 5000 time samples were generated, resulting in a total
dataset of 15,000 observations. The sampling interval was set to 0.01 s, and each simulation
run covered 50 s of system evolution. At every time step, the dataset included the state
vector components, output response, control input, tracking error, error derivative, and
the estimated nonlinear disturbance term. These variables formed the basis both for
controller synthesis and for the training of machine learning models used to approximate
uncertain dynamics.

2.4.1. Control Scenarios and Data Generation

The simulated SISO object was represented in nonlinear state-space form. The baseline
system dynamics were defined analytically, while uncertainty was introduced through
nonlinear perturbation terms, parameter drift, and bounded external disturbances. In all
scenarios, the reference trajectory was selected to excite both transient and quasi-steady-
state behavior, allowing the proposed control structure to be evaluated under practically
relevant operating conditions.

To ensure comparability across the three modes, the same simulation protocol was
applied in all experiments. The initial conditions were fixed within a bounded region of
the state space, and the disturbance magnitude was varied depending on the mode. Mode
1 contained low-amplitude disturbances and weak nonlinear coupling. Mode 2 included
stronger nonlinear interactions and larger disturbance amplitudes. Mode 3 emphasized
sensitivity to instantaneous state changes by increasing the contribution of state-dependent
nonlinear terms.

The dataset was divided into training and testing subsets using an 80:20 split. Specifi-
cally, 4000 samples from each mode were used for model training and controller adjustment,
while the remaining 1000 samples were reserved for validation and performance assess-
ment. The split was performed chronologically to preserve the temporal structure of the
control process and to avoid information leakage between training and testing stages.

2.4.2. Machine Learning Model Configuration

Machine learning models were introduced as auxiliary modules for approximating
the uncertain nonlinear component of the object dynamics and for refining the control law
within a Lyapunov-constrained framework. Three models were examined: a regression
tree, a random forest, and XGBoost.

The input features for all machine learning models were defined consistently as x(t),
e(t),

.
e(t) and u(t − 1), where x(t) denotes the current system state, e(t) is the tracking error,

and u(t − 1) is the previous control action.
For the regression tree model, the maximum tree depth was set to 6, the minimum

number of samples required to split an internal node was 10, and the minimum number of
samples in a leaf node was 5. These values were chosen to reduce excessive model variance
and to avoid overfitting.
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For the random forest model, the number of trees was set to 200, the maximum depth to
10, and the minimum number of samples per leaf to 3. Bootstrap aggregation was enabled,
and the number of features considered at each split was selected as the square root of the
total number of input features. This configuration was chosen to balance approximation
accuracy and robustness under noisy nonlinear conditions.

For the XGBoost model, the number of boosting rounds was set to 300, the maximum
tree depth to 5, the learning rate to 0.05, the subsample ratio to 0.8, the column subsam-
ple ratio to 0.8, and the L2 regularization coefficient to 1.0. In addition, early stopping
was applied based on validation loss to prevent overtraining. This parameterization al-
lowed the model to capture nonlinear interactions while maintaining stable generalization
performance across the three operating modes.

2.4.3. Hyperparameter Tuning and Selection Criteria

Hyperparameter selection was carried out separately for each machine learning model
using grid-based search on the training subset. The tuning objective was based only on
predictive and tracking-performance criteria, including the RMSE of disturbance approxi-
mation and the MAE of trajectory tracking on the validation subset. The Lyapunov stability
condition was not used as a hyperparameter optimization objective. Instead, it was reserved
as an independent post-training evaluation criterion. This separation was introduced to
avoid circular evaluation and to ensure that the stability-related results reported in Table 1.
reflect the behavior of the closed-loop system after model selection rather than a directly
optimized selection metric.

Table 1. Descriptive characteristics of the experimental modes of the SISO system.

Indicator Mode 1 Mode 2 Mode 3

Minimum output value ymin 0.18 −0.42 0.05

Maximum output value ymax 1.96 2.84 1.37

Average output value y 1.08 1.21 0.74

The median 1.03 1.15 0.71

Standard deviation 0.41 0.67 0.29

Asymmetry 0.34 0.71 0.19

Excess −0.58 0.26 −0.44

2.4.4. Computational Environment and Evaluation Metrics

All simulations and numerical experiments were performed in Python 3.11. The main
libraries used were NumPy (2.1.1) for numerical computation, SciPy (1.4.2) for dynamic
system simulation, scikit-learn for regression tree and random forest models, XGBoost
(2.0.3.) for gradient boosting implementation, and Matplotlib (3.9.2.) for result visualization.
Computations were carried out on a workstation equipped with an Intel Core i7 processor,
32 GB RAM, and the Windows 11 operating system.

The performance of the synthesized control systems was assessed using mean absolute
error (MAE), root mean square error (RMSE), integral absolute error (IAE), integral squared
error (ISE), maximum overshoot, transient time, computational cost, and the proportion of
time steps satisfying the Lyapunov condition. These indicators were selected because they
jointly reflect tracking quality, dynamic response, computational feasibility, and theoretical
stability of the closed-loop system.
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2.5. The Analytical Model of the SISO Controlled Object

The baseline controller was constructed using a nonlinear state-space representation
of the SISO system. A linearized feedback structure was initially introduced as (16):

.
x(t) = Ax(t) + Bu(t),y(t) = Cx(t), (16)

where A, B, C are the matrices of the system of corresponding dimensions.
To improve robustness under nonlinear and uncertain operating conditions, adaptive

feedback coefficients were introduced (17):

u(t) = −K(t)x(t), (17)

where K(t) is a vector or matrix of adaptive feedback coefficients that change over time.
Machine learning models were incorporated as auxiliary compensators for approxi-

mating uncertain nonlinear dynamics (18):

d̂(t) = M
(
x(t), e(t),

.
e(t), u(t − 1); ω

)
, (18)

where M is a machine learning model, and ω denotes its trainable parameters.
This estimate was incorporated into the control law as an auxiliary compensation term

rather than as an independent controller. The final control structure therefore remained
constrained by the Lyapunov stability conditions defined in Section 2.2.

Three machine learning models were used for this purpose: regression tree, random
forest, and XGBoost. The regression tree served as a simple interpretable nonlinear esti-
mator, while random forest and XGBoost were used as ensemble-based alternatives for
nonlinear disturbance approximation. Their role in the study was limited to disturbance
approximation and compensation within the analytically stable control architecture.

2.6. Adaptive and Machine-Learning-Assisted Control Synthesis Models

Three synthesis strategies were evaluated in the study:

1. exponential adaptive updating;
2. trend-aware adaptive control;
3. machine-learning-assisted compensation.

The exponential adaptation mechanism updated controller parameters recursively

K̂(t + 1) = αKt + (1 − α)K̂t,

Here, Kt denotes the adaptive feedback gain vector introduced in Equation (17). There-
fore, K̂t+1 represents the updated estimate of the feedback gain at the next time step. This
parameter is related to the analytical adaptive controller and should not be confused with ω,
which denotes the internal parameters of the machine learning model in Equation (18).

The trend-aware strategy additionally used the rate of tracking error variation to
improve transient response. In the machine-learning-assisted strategy, regression tree,
random forest, and XGBoost models were trained to estimate the uncertain nonlin-
ear component of the system. Their outputs were not applied as independent con-
trol laws but were embedded into the analytically stable control structure as bounded
compensation terms.
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2.7. Machine Learning Models

The machine learning models were trained using the current state vector, tracking
error, error derivative, and previous control action as input features. The target variable
was the uncertain nonlinear component of the system dynamics.

Thus, the disturbance approximation model is consistently represented throughout
the manuscript as (19):

d̂(t) =
1
N

N

∑
i=1

τi(x(t), e(t),
.
e(t), u(t − 1)), (19)

where N is the number of trees in the ensemble, τi is a separate regression tree, and d̂(t) is
the final average estimate.

XGBoost sequentially minimized approximation error through gradient boosting (20):

d̂(t) =
M

∑
m=1

fm(x(t), e(t),
.
e(t), u(t − 1)), (20)

where M is the number of boosting stages, and fm is a separate weak model added at the
ith step of the algorithm.

This section intentionally focuses on the role of the models in the proposed control
framework rather than on general algorithmic descriptions.

3. Results
This study analyzes the effectiveness of synthesizing self-regulating control systems

for objects with one input and one output (SISO) using machine learning methods while
ensuring Lyapunov stability. To test the operability of the proposed approach, three
experimental modes of operation of a controlled object were considered, differing in
dynamics, degree of nonlinearity, and level of external disturbances. The first mode
corresponds to moderately nonlinear dynamics with a relatively smooth transition process,
the second to a highly nonlinear operating mode with pronounced variability of parameters,
and the third to a mode with increased sensitivity to the current state of the system and a
limited trend component.

In all three cases, the analysis was carried out on the initial data without artificially
simplifying the dynamics of the object, which made it possible to evaluate synthesis
methods in conditions closer to realistic operating conditions. State variables, control error,
error derivative, as well as adaptive and machine-learning-based compensation parameters
were used for control law synthesis. For comparability of the results, the same sample
division was used: 80% of the data was used to adjust the model and parameters of the
control law, and the remaining 20% was used to validate the quality of control, the accuracy
of uncertainty compensation, and the stability of a closed system.

As can be seen from Table 1, the second mode is characterized by the greatest variability
and the most pronounced asymmetry of the distribution, which indicates a more complex
nonlinear dynamics of the object. The first mode shows moderate variability and smoother
behavior, while the third mode is characterized by a smaller spread of the output coordinate,
but high sensitivity to current state changes. These differences confirm the expediency of
comparing analytical, adaptive, and machine-learning-assisted synthesis methods based
on several types of dynamic modes.

According to Figure 1, among the basic analytical models, the best control quality in
the first mode is provided by a linear controller with an expanded set of state and error
parameters. This indicates that with moderate nonlinearity, historical information about
the state of the system and the error structure remains sufficient to construct an effective
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control law. At the same time, simpler nonadaptive methods are less able to compensate
for complex dynamics and external disturbances.

Figure 1. Comparison of the output trajectories of an object and the response of a closed system when
using basic analytical control models in mode 1.

As shown in Figure 2a, adaptive methods for smoothing control parameters provide
more accurate tracking of the required trajectory in the first mode. The enlarged fragment
of Figure 2b shows that adaptive circuits reduce local deviations and ensure smoother
behavior of the control signal. This indicates that in conditions of high-frequency variability,
simple adaptive algorithms can be more robust than models with an excessive number of
configurable parameters.

Figure 2. (a) Comparison of output trajectories using adaptive control synthesis models in mode 1.
(b) An enlarged fragment of the transient in the interval [t1; t2].
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Figure 3 shows the results of applying machine learning models to evaluate the uncer-
tain part of the dynamics and form a machine-learning-assisted correction to the control
law in the first mode. After the hyperparameter tuning stage, machine-learning-assisted
models provide a noticeable improvement in the quality of uncertainty compensation. The
most stable results are demonstrated by ensemble methods, whereas a single regression
tree turns out to be more sensitive to local sampling features.

Figure 3. Comparison of the operation of three machine-learning models as part of a machine-
learning-assisted control loop in mode 1.

For the second experimental mode, characterized by significantly more complex
nonlinear dynamics, the results show that simple linear methods no longer provide the
same quality as in the first case Figure 4. Nevertheless, analytical models remain important
as a basic, well-organized control structure, which can then be superimposed with an
adaptive or machine-learning-assisted corrective mechanism.

Figure 4. Comparison of the output trajectories of an object and the system response when using
analytical control models in mode 2.

In the family of adaptive models in the second mode, the best results are demonstrated
by a method that considers both the error level and the rate of its change. This is explained
by the fact that with significant nonlinear dynamics, it is necessary to take into account not
only the magnitude of the current deviation, but also the direction of development of the
transition process Figure 5.
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Figure 5. (a) Comparison of adaptive control models in mode 2. (b) An enlarged fragment of the
trajectories in the selected time interval.

In the group of machine-learning-assisted algorithms for the second mode, the random
forest model shows the most stable results, while XGBoost provides the highest compensa-
tion accuracy, but requires more careful adjustment of hyperparameters. The regression
tree is still inferior to ensemble methods in terms of stability and accuracy Figure 6.

Figure 6. Comparison of machine-learning-assisted control models as part of the control law in
mode 2.
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For the third mode, in which the high sensitivity of the system to the current state
prevails, the best results among analytical methods are again demonstrated by a model that
considers the current error and the immediate history of the condition Figure 7. Methods
with a rigidly defined structure without pronounced adaptation turn out to be less suitable
for precise control.

Figure 7. Comparison of analytical control models in mode 3.

The results of adaptive models for the third mode, shown in Figure 8, show that the
controller response mainly depends on the current system state. This means that for such a
regime, the regulator’s quick response to current changes is especially important, while the
long-term component plays a lesser role.

Figure 8. (a) Comparison of adaptive models in mode 3. (b) An enlarged fragment of the transition
process in mode 3.
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Figure 9 shows that all three machine learning models in the third mode provide
similar quality results, but XGBoost provides a slightly more accurate assessment of the
nonlinear component of dynamics. This improves uncertainty compensation and reduces
regulatory error, but the validity of this approach is confirmed only in conjunction with the
Lyapunov stability analysis.

Figure 9. Comparison of machine learning models as part of machine-learning-assisted control in
mode 3.

To improve the interpretability of the results, the absolute and relative control errors for
each model and each mode were additionally presented in the form of deviation maps. This
visualization format allows you to identify the time intervals in which the system provides
the most accurate tracking of the reference trajectory Figure 10. A comparative analysis
shows that adaptive and machine-learning-assisted circuits embedded in an analytically
stable control structure demonstrate a more even distribution of errors.

Figure 10. Control error maps for various models and experimental modes.

To avoid relying on an overly weak baseline, the proposed hybrid models were
compared not only with the basic linear controller, but also with two adaptive control
baselines: the adaptive exponential model and the error trend model. These baselines
represent progressively stronger non-machine-learning alternatives and therefore provide
a more balanced comparison. The purpose of the basic linear model was only to provide a
classical reference point, whereas the main comparative interpretation was based on the
adaptive and machine-learning-assisted models.
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Quantitative indicators of the effectiveness of synthesized control systems are pre-
sented in Tables 2–4. The evaluation metrics included the average absolute error, RMS
error, integral absolute error, integral squared error, maximum overshoot, transient time,
computational cost, and the proportion of time steps satisfying the Lyapunov condition.

Table 2. Results for mode 1.

Model MAE RMSE IAE ISE Overshoot, % Transition Time, s Calculation Time, s Fulfillment of the Lyapunov
Condition, %

Basic linear model 0.084 0.112 12.84 4.96 8.7 1.84 0.011 96.8

Adaptive exponential model 0.071 0.096 10.93 3.88 6.2 1.53 0.015 98.1

The error trend model 0.066 0.089 10.21 3.47 5.6 1.42 0.028 98.6

Regression tree 0.079 0.118 12.05 5.11 7.4 1.67 0.643 95.9

Random Forest 0.054 0.075 8.42 2.61 4.3 1.21 2.847 99.0

XGBoost 0.051 0.072 8.01 2.48 4.1 1.18 1.936 99.2

Table 3. Results for mode 2.

Model MAE RMSE IAE ISE Overshoot, % Transition Time, s Calculation Time, s Fulfillment of the Lyapunov
Condition, %

Basic linear model 0.143 0.196 20.72 8.94 14.8 2.67 0.010 93.7

Adaptive exponential model 0.118 0.163 17.43 6.51 10.9 2.19 0.016 96.4

The error trend model 0.103 0.148 15.88 5.74 8.6 1.94 0.031 97.5

Regression tree 0.126 0.181 18.94 7.83 11.7 2.26 0.711 94.8

Random Forest 0.087 0.129 13.52 4.63 6.1 1.63 3.114 98.4

XGBoost 0.081 0.121 12.96 4.21 5.4 1.57 2.085 98.7

Table 4. Results for mode 3.

Model MAE RMSE IAE ISE Overshoot, % Transition Time, s Calculation Time, s Fulfillment of the Lyapunov
Condition, %

Basic linear model 0.049 0.068 7.35 2.11 5.3 1.28 0.009 97.4

Adaptive exponential model 0.041 0.057 6.22 1.69 3.9 1.11 0.014 98.5

The error trend model 0.039 0.054 5.94 1.58 3.4 1.04 0.027 98.9

Regression tree 0.046 0.071 6.88 2.24 4.8 1.22 0.598 96.8

Random Forest 0.034 0.049 5.11 1.36 2.7 0.94 2.764 99.1

XGBoost 0.032 0.046 4.86 1.28 2.4 0.89 1.872 99.3

Although the Lyapunov compliance values are high, they should be interpreted within
the context of simulation-based evaluation under bounded disturbances and predefined
operating regimes rather than as universal guarantees for arbitrary nonlinear systems.

As can be seen from Tables 2–4, ensemble machine learning methods showed the most
favorable results under the selected simulation conditions integrated into an analytically
stable control structure. In particular, XGBoost provides the lowest values of MAE, RMSE,
IAE and ISE in all three modes, as well as the best indicators of the transition time and the
fulfillment of the Lyapunov condition. The random forest shows comparable results and is
highly resistant to changing the operating mode of the system. Adaptive analytical models
also show a significant advantage over the basic linear model, especially in the second,
most complex mode. The regression tree provides only limited improvement compared
with the basic nonadaptive controller.

To assess practical significance, the absolute error values were additionally interpreted
relative to the amplitude range of the reference and output signals. Since the reference
trajectory varied approximately within a bounded range of about two output units, the
reduction of RMSE from 0.112 to 0.072 in Mode 1 corresponds to a decrease from approxi-
mately 5.6% to 3.6% of the signal range. This represents a relative RMSE reduction of 35.7%.
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In Mode 2, the RMSE decreased from 0.196 to 0.121, corresponding to a 38.3% reduction,
while in Mode 3 it decreased from 0.068 to 0.046, corresponding to a 32.4% reduction. These
reductions indicate that the improvement is not only numerical but also practically relevant
in terms of tracking accuracy under nonlinear operating conditions.

The improved accuracy of ensemble machine learning models was obtained at the cost
of higher computational complexity. The basic linear controller required only 0.009–0.011 s
of computation, whereas XGBoost required 1.872–2.085 s depending on the operating
mode. Therefore, the proposed hybrid approach should not be interpreted as universally
superior in all implementation settings. Rather, it is most appropriate for applications where
improved tracking accuracy and stability compliance justify additional computational cost.
In real-time systems with strict hardware constraints, adaptive analytical controllers may
remain preferable.

It should also be noted that the reported computational cost does not directly confirm
real-time feasibility on embedded hardware. The XGBoost model used in this study
contains 300 boosting rounds and therefore requires substantially higher computation
time than analytical and adaptive controllers. For a 100 Hz control loop, the available
computation time per control step is approximately 0.01 s, whereas the reported XGBoost
computation time is considerably larger. Therefore, the present implementation should
be interpreted primarily as a simulation-based proof of concept rather than as a ready-to-
deploy embedded controller. Real-time deployment would require additional optimization,
such as reducing the number of trees, model pruning, using lighter ensemble structures,
converting the model to embedded-compatible inference code, or applying the ML module
at a slower supervisory layer rather than at every control step.

For the integral assessment, the average MAE index was calculated for three modes.
For the basic linear model, it was 0.092; for the adaptive exponential model, 0.077; for the
trend-adjusted error model, 0.069; for the regression tree, 0.084; for the random forest, 0.058;
and for XGBoost, 0.055. Similarly, the average percentage of fulfillment of the Lyapunov
condition was 95.97% for the basic linear model, 97.67% for the adaptive exponential model,
98.33% for the error trend model, 95.83% for the regression tree, 98.83% for the random
forest and 99.07% for XGBoost Figure 11. These data confirm that the best compromise
between control accuracy and stability is provided by ensemble machine-learning-assisted
models when they are included in an analytically based control loop.

Figure 11. The average values of control errors and stability indicators for all studied models in three
experimental modes.

In general, the results of the study show that classical analytical methods retain high
value as the basic structure of the control law, especially when interpretability and formal
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provability of stability are required. However, in conditions of pronounced nonlinearity
and uncertainty, the inclusion of adaptive and machine-learning-assisted components
significantly improves the quality of synthesis. Simple adaptive mechanisms demonstrate
good robustness and a stable response to local changes in dynamics, while ensemble
machine learning methods provide the most accurate assessment of the hidden nonlinear
components of an object. The most important conclusion is that the effectiveness of machine-
learning-assisted control should be assessed not only by the magnitude of the error, but also
by maintaining Lyapunov stability conditions. It is the combination of machine learning
with analytical stability guarantees that makes the proposed approach theoretically sound
and practically applicable for self-regulating SISO control systems.

4. Discussion and Conclusions
The results show that the proposed hybrid control framework improves tracking

accuracy compared with the analytical and adaptive baselines examined under the selected
simulation conditions. The strongest performance was obtained by ensemble models,
especially XGBoost and random forest, which provided lower MAE, RMSE, IAE, and ISE
values across the three operating modes.

However, the improvement should be interpreted together with the stability and
computational indicators. The machine learning modules were not used as independent
controllers, but as auxiliary compensators within a Lyapunov-constrained control structure.
This distinction is important because high approximation accuracy alone is insufficient for
control applications unless closed-loop stability is preserved.

The adaptive analytical models also showed stable and computationally efficient be-
havior, especially in modes with moderate nonlinearity. Therefore, the proposed hybrid
approach should not be viewed as a universal replacement for classical or adaptive con-
trollers. Rather, it is most useful when nonlinear uncertainty is strong enough to justify the
additional computational cost of machine-learning-based compensation.

The results also indicate that single regression trees are less suitable for this task
because they are more sensitive to local data variations. Ensemble methods provide more
robust approximation of uncertain nonlinear dynamics, although this benefit is achieved at
the expense of higher computational demand.

Recent disturbance rejection and neuroadaptive reinforcement learning methods have
also been widely used for nonlinear control problems. Yang proposed a state-filtered
disturbance rejection control method for nonlinear systems with matched and mismatched
disturbances, where state filters are used to compensate lumped disturbances without
requiring continuous differentiability of disturbances [18]. In addition, Yang introduced a
multilayer neuroadaptive reinforcement learning method for disturbed nonlinear systems
based on an actor–critic mechanism [19]. Related reinforcement-learning-based disturbance
rejection control approaches have also been developed for uncertain nonlinear systems [20].

Compared with these methods, the present study has a different methodological focus.
State-filtered disturbance rejection control is mainly oriented toward robust disturbance
attenuation through filtering and compensation mechanisms, whereas actor–critic neuroad-
aptive reinforcement learning focuses on online adaptive policy learning and value-function
approximation. In contrast, the proposed framework uses machine learning models as
auxiliary compensators within an analytically stable SISO control structure. This makes the
approach simpler to implement than multilayer actor–critic learning and easier to integrate
with Lyapunov-based verification.

At the same time, the proposed method should be considered complementary rather
than universally superior. State-filtered disturbance rejection control may be preferable
when strong disturbance attenuation is the primary objective. Actor–critic reinforcement
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learning may be more suitable when online optimal policy learning is required. The
innovation of the present work lies in combining ensemble machine learning compensation
with a compact Lyapunov-constrained synthesis framework for SISO systems.

Another important conclusion of the study is the difference between computational
efficiency and model accuracy. Simpler analytical and adaptive methods have lower com-
putational costs, are easier to interpret, and are easier to implement in real time. This makes
them especially useful in tasks where high-speed control calculations are required and
computing resources are limited. On the contrary, complex ensemble machine learning
models, especially XGBoost, require more careful tuning of hyperparameters and high
computational costs. Nevertheless, when configured correctly, they provide a significant
improvement in control quality, especially in modes with pronounced nonlinearity. There-
fore, the choice of a specific model should be determined not only by the required accuracy,
but also by the limitations of the computing platform, as well as the level of acceptable
implementation complexity.

In conclusion, it can be noted that the proposed approach opens broad prospects for
further research. First, it is advisable to expand the consideration from one-dimensional
SISO systems to more complex multidimensional control objects. Secondly, the inclusion of
additional external factors and the transition to a more complete multiparametric identifi-
cation of dynamics is a promising direction. Thirdly, the use of more advanced methods for
optimizing hyperparameters of machine-learning-assisted models represents significant
potential, which will improve the accuracy and stability of their operation in the control
loop. Finally, further study requires the development of hybrid algorithms in which the
machine learning procedure and the Lyapunov stability test procedure will be integrated
not after the fact, but at the level of a unified synthesis methodology. This approach can
become the basis for building machine-learning-assisted self-regulating control systems
that combine adaptability, accuracy, and rigorous mathematical reliability.

An important limitation of the present study is that the validation was conducted on a
single nonlinear SISO benchmark system under simulation conditions. Although the bench-
mark was designed to represent different levels of nonlinearity and disturbance intensity,
additional validation on established control benchmarks and real-world applications would
further strengthen the generalizability of the results. Future studies should therefore inves-
tigate the proposed framework using hardware-in-the-loop platforms, industrial process
control systems, electromechanical drives, and other practical control environments.

Another limitation is that the comparative analysis was restricted to analytical, adap-
tive, and machine-learning-assisted controllers developed within a common Lyapunov-
constrained framework. While this design enabled a consistent evaluation of the proposed
methodology, future research should include comparisons with widely used advanced
control approaches such as PID control, Model Predictive Control (MPC), Sliding Mode
Control, Backstepping control, and other nonlinear adaptive methods. PID controllers
remain attractive due to simplicity but often require retuning under strong nonlinearities.
MPC provides predictive optimization capabilities but introduces higher computational
burden. Sliding Mode Control offers strong robustness but may suffer from chattering
effects. Backstepping is effective for nonlinear systems with known structure but requires
accurate model formulation. The proposed framework occupies an intermediate position
by combining data-driven compensation with Lyapunov-based stability guarantees.

In addition, the robustness evaluation did not explicitly consider measurement noise,
actuator saturation, sensor uncertainty, or severe parameter variations. Although bounded
disturbances were incorporated into the benchmark model, a more comprehensive robust-
ness analysis is necessary to assess performance under realistic operating conditions.
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The proposed framework is expected to be transferable to a broader class of non-
linear systems that can be represented in affine state-space form and satisfy the assump-
tions required for Lyapunov-based stability analysis. Potential application areas include
electromechanical systems, process control, energy systems, and autonomous dynamic
systems. However, additional adaptation may be required for strongly coupled MIMO
systems, highly nonstationary processes, or systems operating under strict real-time
computational constraints.

A key limitation of the proposed approach is its computational cost. Although XGBoost
achieved the lowest tracking errors in the simulations, its computational demand was
substantially higher than that of analytical and adaptive controllers. This limits its direct
applicability in high-frequency real-time control loops, especially on embedded hardware.
Therefore, the proposed framework should not be interpreted as immediately suitable for all
real-world control applications. Its practical use is more realistic in offline controller design,
supervisory compensation, slow or medium-frequency processes, or systems with sufficient
computational resources. Future work should investigate embedded implementation,
inference-time optimization, reduced-complexity ensemble models, and hardware-in-the-
loop validation.
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