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Stochastic cloning of dynamical systems with hidden variables
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We present an approach combining reservoir computing and nonlinear dynamics to replicate the behavior of
stochastic systems, even when only partial observations are available. Unlike conventional RC applications, our
approach systematically evaluates the conditions under which a system can be “strongly” cloned (exact trajectory
prediction) versus “weakly” cloned (statistical replication), leveraging external noise excitation to infer hidden
dynamics. By applying external noise and analyzing the system response, we demonstrate the feasibility of
our approach both theoretically and experimentally. We show that strong cloning is achievable only when a
deterministic functional relationship exists between the external noise and the system’s response. Using the
FitzHugh-Nagumo neuron model and a diode-pumped erbium-doped fiber laser as test cases, we show that a
“strong” clone—capable of accurately predicting system dynamics—can be constructed for the neuron model,
whereas only a “weak” clone, capable of statistical prediction, is achievable for the laser system. These findings
underscore the potential of leveraging machine learning and nonlinear dynamics for system identification and
prediction in complex real-world scenarios.
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I. INTRODUCTION

The study of dynamical systems is central to statisti-
cal and nonlinear physics, but this often faces challenges
due to incomplete knowledge of system dynamics. In many
cases, only time series data from a single observable are
available, limiting traditional approaches like phase space
reconstruction [1,2]. Machine learning, particularly reservoir
computing (RC), has emerged as a powerful tool for modeling
such systems, demonstrating success in reconstructing hidden
variables and predicting complex dynamics [3–7]. Its fixed,
randomized reservoir structure provides a surprisingly effec-
tive trade-off between simplicity and performance, making it
a preferred choice in many engineering and scientific applica-
tions. However, model reconstruction remains difficult when
crucial variables are unobserved.

In this work, we introduce an approach that integrates
machine learning with nonlinear dynamics to construct a dig-
ital clone of a stochastic system in the absence of explicit
equations. We consider dynamical systems that are “silent” in
the absence of external stimulation, exhibiting no autonomous
dynamics. These systems, treated as “black boxes” with no
prior information available, can only be characterized by ob-
serving their responses to external stimuli. Our objective is to
construct a model that accurately replicates the input-output
behavior of the original system, relying solely on the applied
external stimulus and the corresponding system response,
“without” the knowledge of the internal state variable. To this
end, we employ broadband noise as the external stimulus.
The rich temporal structure of noise allows us to explore a

*Contact author: hramovae@gmail.com

wide range of input sequences, facilitating the creation of a
robust and generalizable model. Then, using only the applied
noise and the system response, we can train an RC model to
reproduce the system’s dynamics and create its clone.

Our approach departs from the traditional RC task of
learning full-state dynamics prediction. Instead, we train the
RC model using external noise as input and a single, ob-
servable variable as the corresponding output. This allows
the RC to learn an effective representation of the system
input-output mapping, specifically the functional relationship
between the applied noise and the observed response. Criti-
cally, this learning mapping implicitly captures the influence
of the unobserved (hidden) variables on the observed dy-
namics. The RC model has no explicit knowledge of these
hidden variables and does not attempt to identify them di-
rectly. However, it can efficiently approximate the system’s
overall behavior by implicitly representing the hidden variable
dynamics within its high-dimensional reservoir space. While
noise is conventionally used in RC to mitigate overfitting
[8,9], we utilize external noise as a controlled input to ac-
tively probe the system dynamics. By analyzing the system
response to this stochastic excitation, we effectively capture
the influence of the original system’s hidden variables on its
observable behavior.

We distinguish between two types of cloning as follows
[10]. The strong cloning is the reproduction of the exact tra-
jectory of the stochastic system’s dynamics over the temporal
interval [0, L�t]:

max
t=0,�t,...,L�t

E(|xt − rt |) � ε, (1)

where rt is the process predicted by the RC model, xt is
the true target process determined by the cloned stochastic
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system, E(·) is the expected value, and ε denotes the pre-
diction accuracy—a small value that determines the quality
of a strong cloning. The weak cloning is the statistical repro-
duction with low error between distributions of the important
statistical metrics of the predicted and true trajectories, which
does not require prediction of the exact trajectory (statistical
prediction). In other words, the weak cloning gives a proba-
bilistic model if the condition

max
t=0,�t,...,L�t

|E(z(xt )) − E(z(rt ))| � ε (2)

is fulfilled for all polynomials z(·). In this case, all moments
of the distribution of stochastic processes xt and rt turn out to
be the same with a given accuracy ε.

In this work, we consider two systems: the stochastic
FitzHugh-Nagumo (SFHN) neural model, and the numerical
model and experimental setup of the stochastic erbium-doped
fiber laser (SEDFL). For both of them, an important statisti-
cal metric is the interspike activation interval (ISAI), which
is used as a criterion for weak cloning as suggested in the
Ref. [10].

Moreover, we analyze the theoretical feasibility of con-
structing a strong clone for an unknown system subject to
external influences. Our analysis confirms that the existence
of a deterministic mapping from the external noise to the
system’s evolution is a necessary condition for strong pre-
dictability and, by extension, strong cloning. When such a
mapping is absent, any model, even a highly expressive one,
can reproduce only the system’s statistical behavior.

To enhance the efficiency and fidelity of our approach
under partial observability, we explore input optimization
strategies. Specifically, we employ delay-coordinate embed-
ding to reconstruct a higher-dimensional phase space, thereby
enriching the available information from observed variables.
This embedding improves the reservoir’s ability to infer hid-
den dynamics and capture relevant features for prediction and
cloning.

II. STOCHASTIC CLONING

A detailed schematic of the proposed approach, based on
the RC architecture, is presented in Fig. 1. The RC consists
of three layers: an input layer, a hidden reservoir layer, and
an output layer. The system is stimulated by an external
digital noise signal at discrete time steps t = jτ , where τ

is the sampling interval and j denotes the discrete time in-
dex. Simultaneously, the system response to this excitation is
recorded at the same time instances, providing the necessary
data for training and prediction.

The input vector gt fed into the input layer of the reservoir
is defined as

gt = (ξt , xt , ξt−τ , xt−τ , . . . , ξt−nτ , xt−nτ )T . (3)

Here, ξt represents the external noise applied to the dynam-
ical system, while xt is the recorded system response. The
input vector includes n delayed pairs (ξt−iτ , xt−iτ ) for i =
1, 2, . . . , n.

Each input signal is weighted by the corresponding co-
efficients of the input-to-hidden adjacency matrix WHH and
then passed to the hidden layer, which consists of NH artificial

FIG. 1. General scheme for RC training and prediction of
stochastic system dynamics. The left part illustrates the excitation
of a dynamical system by an external signal and the point-by-point
recording of its response. The system may consist of multiple vari-
ables; however, in the general case, the input is applied to one
variable while another variable is recorded, with all other variables
remaining unobserved. The right part depicts the RC training and
prediction processes. During training, both the external input signal
and the corresponding system response are fed into the RC model.
Once training is complete, the RC output replaces the recorded
response as input, enabling autonomous prediction of system dynam-
ics. Additionally, incorporating delayed signals as input can enhance
prediction accuracy.

neurons. The hidden state dynamics at discrete time steps t
follow:

ht = tanh(WHHht−τ + WIHgt ), (4)

where ht is a column vector representing the internal hidden
state at time t , encoding temporal dependencies from past
states and input signals. The reservoir layer is structured as
a random network, defined by an adjacency matrix WHH =
NH × NH with an average node degree k̄ and a spectral radius λ

(the largest absolute eigenvalue of WHH). The input-to-hidden
adjacency matrix WIH is of size (2n) × NH and determines the
random couplings between input signals and hidden neurons.
Following the methodology in [11], each hidden neuron is
connected to only one input neuron, ensuring an even dis-
tribution where each input variable is assigned to NH/(2n)
neurons. The elements of WIH are drawn randomly from a
uniform distribution in the range [−1, 1].

The signals from all hidden neurons are passed to the
output layer, where each neuron applies a linear regression
operation:

rt+τ = WHOĥt , (5)

where ĥ represents the augmented reservoir state, an NH-
component column vector. Following [12], the components
of ĥ are defined as: ĥi,t = ĥi,t if i is odd, and ĥi,t = ĥ2

i,t is i
is even, i = 1, . . . , NH. This transformation introduces addi-
tional nonlinearity to enhance the predictive capability of the
model.

The training process aims to optimize the output weight
matrix WHO by minimizing the discrepancy between the
predicted output rt+τ and the target signal Xt+τ =
{xt+τ , xt , ..., xt−(n−1)τ }. To achieve this, we use Tikhonov

015303-2



STOCHASTIC CLONING OF DYNAMICAL SYSTEMS WITH … PHYSICAL REVIEW E 112, 015303 (2025)

regularization to minimize the L2-error:

L2 =
Ttrain∑
t=1

||rt+τ − Xt+τ ||2 + β||WHO||2, (6)

where β = 10−4 is the regularization parameter, and Ttrain

denotes the length of the training dataset g. The regulariza-
tion term β||WHO||2 prevents overfitting by constraining the
magnitude of the weight values.

After training, the RC transitions to the prediction mode.
At each time step, a new input vector gt+τ is constructed
using the previously predicted output rt+τ and the externally
provided noise value ξt+τ :

gt+τ = (ξt+τ , rt+τ , ξt , rt , . . . , ξt−(n−1)τ , rt−(n−1)τ )T . (7)

This vector is then fed into the input layer of the RC, en-
abling the system to recursively generate future predictions.
The process is iterated to obtain the desired number of pre-
dicted values, where the predicted system response is given
by xt = rt .

To optimize the performance of the RC model, we em-
ploy a grid search method to fine-tune its hyperparameters.
Specifically, we explore the following parameter ranges: the
average node degree k̄ ∈ [10, 20] and the spectral radius λ ∈
[0.1, 1.9]. These parameters play a crucial role in shaping the
reservoir dynamics and its ability to effectively learn and re-
produce the system behavior [13,14]. For each combination of
k̄ and λ, we train the RC model and assess its performance in
the testing phase, using prediction accuracy as the evaluation
metric. The model that demonstrates the highest accuracy in
reproducing the system dynamics is selected as the optimal
configuration. This resulting RC model serves as a “clone”
of the original system, enabling accurate predictions of its
behavior under various external influences and providing a
valuable tool for further analysis and exploration.

III. CLONING OF STOCHASTIC FITZHUGH-NAGUMO
NEURON

To validate the effectiveness of the proposed approach,
we apply it to two model systems and one experimental
dataset. The first system under investigation is the SFHN
neural model, governed by the following set of stochastic
differential equations:

ẋ = x − x3/3 − y + 0.3,

ẏ = 0.08(x − 0.8y + 0.7) + Dξ (t ). (8)

Here, x represents the excitatory variable (membrane poten-
tial), while y corresponds to the recovery variable. The term
ξ (t ) denotes zero-mean white Gaussian noise with an autocor-
relation function 〈ξ (t )ξ (t + t0)〉 = δ(t0), and D = 0.2 is the
noise amplitude. The stochastic system in Eq. (8) is solved
using Euler–Maruyama method with a time step of �t = 0.1.

The FitzHugh-Nagumo model is a key framework for
studying excitable systems, with its stochastic variant cap-
turing noise-driven neuronal dynamics [15,16]. Stochastic
forcing reveals the interplay between deterministic behav-
ior and random fluctuations, crucial for real-world systems
[17]. Applying our RC-based approach, we demonstrate its
ability to replicate SFHN dynamics without full knowledge
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FIG. 2. Results of SFHN system cloning. (a) Times series of x
variable (black) and the reconstructed signal r (blue) generated by
the RC when driven by the same external noise, shown for n = 0
(without delay embeddings). (b) Dependence of the strong prediction
accuracy γ on the number of delays n, illustrating the impact of
incorporating delayed signals on the predictive performance of the
RC model.

of internal variables, showcasing its robustness in modeling
stochastic systems. In this study, only the external noise ξ (t )
and membrane potential x(t ) are available, while the recovery
variable y remains unobserved. Since ξ (t ) directly influences
y, the RC model must infer hidden dynamics solely from
x(t ) and ξ (t ), making this a stringent test of its predictive
capability.

To assess the performance of the RC-based approach, we
employ a training dataset containing Ttrain = 105 samples and
a separate testing dataset of Ttest = 105 samples. The hidden
reservoir layer comprises NH = 2000 neurons, ensuring suffi-
cient capacity to capture the system dynamics. The time step
τ employed for data generation within the reservoir is set
equal to the integration step �t used for solving the stochastic
system in Eq. (8).

The accuracy of the RC model is quantified using the met-
ric γ = 1 − NRMSE. Here, NRMSE is the normalized root
mean square error defined as:

NRMSE =
√

1
Ttest

∑Ttest
t=1(r1,t − xt )

2

xmax − xmin
, (9)

where r1 represents the predicted signal, x is the true signal,
and xmax and xmin are the the maximum and minimum values
of the true signal, respectively. A value γ ≈ 1 indicates high
prediction accuracy, signifying that the RC model closely
replicates the system dynamics. Conversely, γ ≈ 0 suggests
poor prediction capability. We define strong prediction as an
accurate reproduction of the system trajectory, i.e., ∀t : |r1,t −
xt || ≈ 0. An RC model capable of such precise replication is
referred to as a strong clone.

Through hyperparameter optimization, we identified the
optimal configuration for the hidden layer as k̄ = 18 and λ =
0.7, which resulted in a prediction accuracy of γ = 0.957.
Figure 2(a) illustrates the close agreement between the orig-
inal SFHN signal x and the RC-predicted signal r. The two
signals are nearly indistinguishable, with minor discrepancies
primarily occurring during spike generation events.

To further enhance prediction accuracy, we incorporated
delayed signals into the input, following the approach de-
scribed earlier and depicted in Fig. 1. The time delay was
set to τ = �t (one integration step), while the number of
delays n was varied. Increasing n up to 3 resulted in a slight
improvement in prediction accuracy (γ = 0.986), whereas a
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further increase in n did not yield additional gains. Thus,
the RC model with n = 3 delayed signals achieves the most
accurate cloning of the SFHN neuron, effectively capturing
its dynamics with high precision.

The slight decline in weak cloning accuracy for larger n
[Fig. 2(c)] may arise from interference between the reservoir’s
intrinsic memory and excessive input history. While longer
contexts provide more data, they can also introduce noise or
redundant information that disrupts the reservoir’s dynamics.
Also, the structure of the input connections is such that each
hidden neuron is connected to only one input neuron, ensuring
an even distribution where each input variable is assigned to
NH/(2n) neurons. So, increasing n leads to a decrease in the
number of connections from each input neuron. The last can
negatively influence on the RC’s performance.

These findings highlight the effectiveness of the proposed
RC-based approach in accurately modeling and predicting the
behavior of complex stochastic systems, even in the absence
of complete system information. The inclusion of delayed
signals significantly enhances the model’s ability to capture
temporal dependencies, reinforcing its potential as a powerful
tool for studying and forecasting the dynamics of excitable
systems.

IV. CLONING OF STOCHASTIC DIODE-PUMPED
ERBIUM-DOPED FIBER LASER

Another physical system that, like the SFHN neuron, op-
erates in a subthreshold regime in the absence of external
influence is a SEDFL modeled by the following dimensionless
stochastic equations [18]:

ẋ = axy − bx + c(y + υ ),

ẏ = −dxy − (y + υ )+Pp

{
1 − exp

[
−18

(
1 − y + υ

ρ

)]}
,

(10)

where x and y represent the laser intensity and population
inversion, respectively. The pump parameter is given by
Pp = Pp0(1 + Dξ (t )), where Pp0 = 506 is the unmodulated
pump power (D = 0), ξ (t ) is a uniform distributed random
signal within the range [−1, 1], and D = 1 denotes the noise
amplitude. The parameters are set as a = 6.6207 × 107, b =
7.4151 × 106, c = 0.0163, d = 4.0763 × 103, υ = 0.3075
and ρ = 0.6150 [19]. The stochastic differential equations are
numerically integrated using the Euler–Maruyama method
with a time step of �t = 10−7.

In experimental studies of the EDFL, only the laser in-
tensity can be directly measured. Consequently, similar to
the SFHN case, we use only the external noise ξ (t ) and
the recorded laser intensity x(t ) as inputs to the RC model,
while treating the population inversion y(t ) as an unobservable
variable. For both training and testing, we utilize datasets
consisting Ttrain = Ttest = 105 data points to ensure model per-
formance evaluation.

Achieving a strong clone for the SEDFL system is not
feasible. As shown in Fig. 3(a), with no delays (n = 0), the
predicted variable loosely follows the true dynamics, yield-
ing an accuracy of γ = 0.807. Varying the delay number n
[Fig. 3(c)] improves accuracy slightly, peaking at γ = 0.836
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FIG. 3. Results of the SEDFL model cloning. (a) Times series of
the laser intensity x (black) and the RC-predicted signal r (blue), both
driven by the same external noise, for n = 0 (without delays). (b)
Probability density functions (PDFs) of the interspike activation in-
tervals (ISAIs) for the original and predicted signals. (c) Dependence
of the strong (γ ) and weak (σ ) prediction accuracy on the number of
delayed signals n.

for n = 2, indicating that while some system behavior is cap-
tured, precise trajectory replication remains out of reach.

Given this limitation, we focus on statistical characteriza-
tion, resulting in weak prediction. The SEDFL system has
a constant background signal and random spiking-like acti-
vations, with the latter being our primary interest. To assess
weak prediction, we compare ISAIs distributions. As shown in
Fig. 3(b), the predicted and true ISAIs closely match, demon-
strating that the RC model effectively captures the system’s
statistical properties despite its limited trajectory accuracy.

To quantify the accuracy of weak prediction, we define the
following metric:

σ = 1 −
∫ |PDFSEDFL − PDFRC|∫

PDFSEDFL
, (11)

where PDFSEDFL and PDFRC represent the probability density
functions of the ISAIs for the original SEDFL system and the
RC-predicted signal, respectively. The measure σ evaluates
the statistical similarity between these distributions, with val-
ues closer to 1 indicating a higher degree of alignment.

Figure 3(c) illustrates the dependence of weak prediction
accuracy σ on the number of delays n. The results indicate that
σ remains nearly constant across different values of n, ranging
from a minimum of σ = 0.979 at n = 10 to a maximum
of σ = 0.994 at n = 2. Notably, even without incorporating
delayed signals (n = 0), the RC model is capable of forming
a weak clone of the SEDFL system. While the original and
predicted signals do not exhibit a perfect match [Fig. 3(a)],
their statistical characteristics–such as the ISAI distributions–
are closely aligned [Fig. 3(b)].

V. THEORETICAL ANALYSIS OF THE POSSIBILITY OF
CREATING A STRONG CLONE

A crucial question arises: Why are we unable to create
a strong clone for the SEDFL model? Is this limitation due
to the insufficient capacity of the machine learning model,
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FIG. 4. Construction of strong prediction and strong clone. (a)
Prediction using an RC trained on system and noise data. Both the
system and RC receive the same noise input ξ (t ), enabling trajec-
tory comparison. Strong prediction gives an accurate reproduction
of the system trajectory, i.e. x(t ) ≈ r(t ); weak prediction captures
only statistical properties. (b) Auxiliary system approach to assess
strong cloning. The studied system and an identical auxiliary system
with different initial conditions converge if functional dependence
exists. (c,d) Time series x(t ) and x′(t ) for (c) SFHN neurons and (d)
SEDFL systems with different initial conditions. (e), (f) Differences
(x′ − x). FHN neurons achieve strong cloning (trajectories match
post-transient) (e), while SEDFL systems do not show functional
dependence show only probabilistic cloning (f), indicating that the
cloning remains only probabilistic.

or are we facing fundamental constraints? To answer this,
we must analyze the theoretical feasibility of constructing a
strong clone for an unknown system (a “black box”) under
external influence.

In the proposed cloning scheme, an external stochastic
signal ξ (t ) drives the system dynamics, which are then used
to train the RC model. Figure 4(a) illustrates this predic-
tive framework: the same stochastic signal ξ (t ) is applied
to both the original system (the target system to be cloned)
and the trained RC model. If, after a transient period, the RC
model perfectly replicates the original system trajectory, then
strong prediction has been achieved. This exact replication im-
plies the existence of a functional dependence x(t ) = F [ξ (t )],
meaning the system response is uniquely determined by the
external stochastic input.

To clarify this idea, consider a hypothetical scenario
involving two identical dynamical systems. Suppose a func-
tional dependence x(t ) = F [ξ (t )] exists. Now, introduce an
auxiliary system x′(t ), which is identical to the original sys-
tem but starts from a different initial condition, i.e., x′(0) �=

x(0). If the same stochastic input ξ (t ) is applied to both
systems [Fig. 4(b)], and a functional dependence F [◦] truly
governs the system response, then after a transient period,
both systems will satisfy x(t ) = F [ξ (t )] and x′(t ) = F [ξ (t )].
As a result, their trajectories will become identical, meaning
|x(t ) − x′(t )| = 0. This confirms that strong prediction–and
consequently, strong cloning–is possible only if a determin-
istic functional relationship between ξ (t ) and x(t ) exists.

If no functional dependence exists, strong prediction is
impossible, and only statistical properties can be captured. To
test for strong cloning, we use an auxiliary system approach: if
two identical systems with different initial conditions, driven
by the same input, converge over time, strong cloning is
feasible. Otherwise, only weak prediction is possible, as seen
in the SEDFL system.

For the SFHN model, strong cloning was achieved due
to a clear functional dependence on external noise, enabling
precise trajectory prediction. In contrast, the SEDFL system,
influenced by additional factors, allowed only weak cloning,
accurately reproducing statistical properties like interspike
interval distributions. These results distinguish strong pre-
diction, which requires a functional response-external input
relationship, from weak prediction, which captures statistical
features in systems lacking such dependence.

Our findings on the SEDFL system correlate with the RC
studies of chaotic dynamics [4,5,20], where exact long-term
prediction is infeasible due to sensitivity to initial condi-
tions. However, our framework generalizes this limitation:
even nonchaotic systems without a functional dependence on
external noise can only be weakly cloned, as demonstrated
by the SEDFL’s statistical reproducibility [Fig. 3(b)]. This
aligns with the known RC capability to replicate chaotic
attractor statistics [5,20] but introduces a broader criterion–
functional noise-dependence–to determine whether strong
cloning is possible. For the SEDFL, the lack of such depen-
dence [Figs. 4(d) and 4(f)] confines RC to weak cloning, akin
to chaotic systems where prediction horizons are bounded by
the Lyapunov time [20].

VI. EXPERIMENTAL VERIFICATION

We experimentally validated our approach using SEDFL,
where weak cloning captured statistical properties despite
noise interference. Figures 5(a) and 5(b) compare the time
series and the PDFs of ISAIs for the experimental laser system
(see Appendix) and its weak clone, respectively. While the
weak clone successfully captures key statistical features of
the system dynamics, its performance remains suboptimal. We
attribute this limitation to unpredictable background noise in-
troduced during the measurement process, which affects both
the recorded signal and the accuracy of statistical modeling.
The RC model achieved the highest weak prediction accuracy
(σ = 0.883) with n = 9 delays, emphasizing the importance
of incorporating delayed signals to account for noise and
system complexity. This result underscores the potential of
weak cloning in analyzing complex stochastic systems.

VII. CONCLUSIONS

Our findings underscore the fundamental distinction be-
tween strong and weak prediction in system cloning. Strong
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FIG. 5. Results of cloning the experimental SEDFL. (a) Times
series of the experimental SEDFL variable x (black) and the re-
constructed RC signal r (blue) under the same external stochastic
excitation for n = 9 delayed signals. (b) Corresponding PDFs of the
ISAIs for the experimental system and its RC-based weak clone,
demonstrating their statistical similarity. (c) Dependences of strong
(γ ) and weak (σ ) prediction accuracy on the number of the delayed
signals n, highlighting the role of delay embedding in improving
prediction performance.

prediction is only feasible in systems where a clear functional
relationship exists between the response and the external in-
fluence. In contrast, weak prediction focuses on replicating
statistical properties, providing an alternative method for an-
alyzing stochastic systems that lack functional dependence.
By distinguishing between strong and weak predictions, our
work advances machine learning-driven modeling of com-
plex stochastic systems with incomplete observability. Future
research should explore broader applications and refine RC
architectures to enhance weak prediction accuracy, further
bridging data-driven modeling with nonlinear dynamics.
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APPENDIX: EXPERIMENTAL SETUP
AND DATA COLLECTION PROCEDURE

We experimentally validated our approach with a noise-
driven SEDFL. The schematic of the experimental setup is

FIG. 6. Schematic of the experimental setup. WNG is a white
noise generator, LCD is a laser diode controller, LD is a laser diode,
PC is a polarization controller, WDM is a wavelength diffraction
modulator, FBG1 and FBG2 are fiber Bragg gratings, EDF is a
erbium-doped fiber, OI is an optical isolator, PD is a photodiode,
OSC is an oscilloscope, and DAC is a data acquisition controller.

illustrated in Fig. 6. The laser system consists of a 6.5-
m resonator with a 70-cm erbium-doped fiber of a 2.7 µm
core diameter. The setup includes a wavelength division
multiplexing (WDM) coupler and two fiber Bragg gratings
(FBG1 and FBG2, Thorlabs, NJ, USA) with reflectivities
of 100% and 95%, respectively, at a central wavelength of
1550 nm. All optical components are built using single-
mode fiber (SMF-28, Thorlabs, NJ, USA) with a 200 µm
cladding diameter. The SEDFL is pumped by a 977-nm laser
diode (LD-BL976PAG500, Thorlabs, NJ, USA), controlled
via a polarization controller (PC) and a laser diode controller
(LDC-ITC510, Thorlabs, NJ, USA), which also regulates the
diode temperature.

During operation, the diode current is set between
100 mA and 101 mA, just below the EDFL lasing threshold of
105 mA. White noise modulation is applied to the pump cur-
rent using a waveform generator (WFG-AFG3102, Tektronix,
Beaverton, OR, USA). An optical isolator (OI) is incorporated
to prevent back reflections into the laser cavity. The optical
output from FBG2 is directed to a photodiode (PD2), with
signals recorded by an oscilloscope (Agilent DSO-X 3102A)
and a data acquisition card (DAC) (NI-BNC-2110). The DAC
handles data collection, while the EDFL system temperature
is continuously monitored and controlled.

The raw experimental data contained additional noise due
to the measurement process, requiring preprocessing to isolate
the system response. To remove background noise, we applied
a band-pass filter in the frequency range [0, 0.04] Hz. The
filtered data were then used to train the RC model on Ttrain =
400000 time points and tested on Ttest = 100000 points.
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