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Abstract

This paper addresses the growing role of Data Driven methods in industrial control, enabled by advances in sensor technology and
Machine Learning toolkits. While neural networks have been successfully employed for plant identification, grey-box modelling,
direct control synthesis, and pattern generation, their practical adoption remains limited by training costs and numerical stability
issues. Echo State Networks (ESN) offer a compelling compromise: a fixed-weight reservoir captures rich nonlinear dynamics,
and only a linear readout requires adaptation. However, existing ESN applications in control typically rely on offline training
and still depend on a conventional controller to generate calibration data. To overcome these limitations, an ESN based closed
loop controller has been introduced, whose output weights are updated online via a modified version of the First-Order Reduced
and Controlled Error (FORCE) algorithm, a variant of Recursive Least Squares. During operation, the reservoir’s spontaneous
dynamics are tamed by feeding the network output back into its hidden units, ensuring a small error from the outset and requiring
only modest weight adjustments thereafter. The results confirm that online adaptation preserves the computational efficiency of
reservoir computing while extending its applicability to processes with uncertain or time-varying dynamics.
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1. Introduction

The rapid growth in sensor technology allows engineers to collect large volumes of data from industrial plants.
At the same time, modern machine-learning tools make it straightforward to extract useful information from these
data and to train models that can be deployed in real time. As a result, data-driven methods are gaining importance
in control-system design. Within this context, several Neural Network (NN) control strategies have been developed.
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For example, Christofides [1] focused on identifying plant dynamics with a neural network and then embedding the
learned model in a model-based framework, specifically Model Predictive Control (MPC). Instead, Scattolini [2], by
contrast, adopted a hybrid or grey box approach where, starting from first-principles equations, he introduced a NN to
capture those system terms that are unknown or hard to derive experimentally. These needs often arise when dealing
with complex model-based dynamic systems, such as in autonomous robots [3, 4], aerospace [5, 6], vehicle dynamics
[7, 8], and other areas. Other studies employ NN as direct controllers, deriving the control law solely from the plant’s
input—output data [9]. Within this context, Recurrent Neural Networks (RNNs) are particularly promising. Their inter-
nal feedback loops mirror the state evolution of the dynamical system being modeled, linking present outputs to past
inputs in a way that naturally captures the plant’s behavior. The RNNs have been shown to effectively capture com-
plex dynamics, for example, the hysteresis of soft pneumatic actuators [10] and electroactive polymers [11]. They have
been used to model the dynamics of a chemical reactor online with Long Short Term Memory (LSTM) [12]. Further
applications concern model-free controls, where PID controllers are widely used in fields ranging from autonomous
systems [ 13] to industrial applications. Here RNNs have been proposed to replace the PID in the speed control of a DC
motor after expensive offline training [14]. However, large-scale industrial deployment is still limited by the signifi-
cant data and computational resources required, together with persistent numerical-stability challenges. A promising
compromise is offered by reservoir computing, and in particular by Echo State Networks (ESNs), which separate the
dynamic representation, entrusted to a fixed-weight reservoir of neurons, from the learning process, which is confined
to the output layer and can be solved using linear regression [15, 16, 17]. This drastically reduces the training cost
and enables execution on hardware with limited resources. However, most contributions still require offline training.
In some cases, the ESN is trained to replicate the behaviour of a PID to control temperature processes [18], to control
a DC motor [19], or an electronic throttle body [20]. In addition, it has been used to act as an internal model in model-
predictive control schemes [21, 22] or evolutionary variants [23, 24]. In all cases, the training is performed offline and
the classical controller is indispensable for generating the initial dataset, meaning that replacing the controller does
not avoid the initial design and calibration phase of the controller itself. Thus, an online learning mode could be more
efficient and practical than batch algorithms for ESNs to deal with sequential data. In [25] was proposed the Least
Mean Squares (LMS) based online learning algorithm to make the ESN work in an online and adaptive manner while
[26] applied the online Gradient Descent algorithms where the network parameters of ESN are iteratively adapted to
model the target system. A more efficient technique to apply the self-tuning characteristic of linear regulators to reser-
voirs, the First Order Reduced Controlled Error (FORCE) algorithm was introduced by Sussillo at al [27] that uses
the Recursive Least Squares (RLS) method to update the ESN output weights online. In this scheme, the network’s
output is fed back into its hidden units during training, suppressing the chaos. Unlike standard gradient descent meth-
ods, FORCE keeps the output error low from the outset and needs only small, occasional weight updates to maintain
that low error. In this context, the FORCE-RLS has been mainly used to train in real time the ESN for autonomous
pattern generation tasks. For example, [28] proposed a transfer-RLS method and transfer-FORCE learning for simple
and fast training of reservoir computing models for time series transformation tasks and temporal pattern generation
tasks. While [29] introduced a composite FORCE learning of chaotic ESN for time series prediction. Instead, in the
automation sector, the FORCE-RLS has been used in internal-model nonlinear control for pneumatic actuators [30],
active vibro-isolation [31] and the Bayesian learning of inverse models for robotic trajectories [32]. As described be-
fore, most of these approaches focus mainly on the online ESN training for autonomous pattern generation tasks and
there is a lack of investigation of the FORCE-RSL applied in a closed-loop controller where the ESN, throught the
FORCE-RSL learns in real time to control a plant. Along this way, this study addresses this issue, the offline train-
ing of the ESN, by proposing an ESN-based controller whose output layer is updated in real time via FORCE-RLS.
The fixed-weight reservoir provides a dynamic basis capable of representing nonlinearities, hysteresis, and dead time.
Meanwhile, the RLS adapts the output coefficients using only the tracking error, eliminating the need for pre-recorded
data. The result is a self-adaptive system that retains the computational efficiency of a traditional application of RNN
models while incorporating the compensatory capabilities of neural networks. This makes it suitable for processes
with uncertain or time-varying models. Summarizing, the contributions of this paper are as follows, a viable strategy
is proposed that focuses exclusively on the novelty of the approach without, for now, making comparisons with other
control strategies, while computational costs are evaluated.

The rest of this paper is organized as follows. In Section 2, the methodology, including a detailed description of the
ESN architecture, the real-time FORCE-RLS training algorithm, and the performance metrics employed heve been
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described. Section 3 illustrates the application of the proposed approach to a specific case study and discusses the
obtained results. Finally, Section 4 summarizes the main findings and outlines directions for future work.

2. Materials and Methods

The proposed controller uses an ESN coupled with a modified version of the online RLS learning algorithm to
control the speed of electric motors with nonlinear dynamics and dead time introduced by the response time of the
inverter or power electronics. The ESN reservoir, is generated with a sparse topology and fixed random weights. The
system’s adaptive intelligence is relegated to the linear reading layer, whose weights are updated step-by-step by the
modified version of the RLS algorithm. This enables the controller to learn in real time without storing its history.

>
>

. VR
Set Point - e(t) > x(t) ESN —> Motor

l ’—> Readout
RLS

Fig. 1: Diagram Overview of the Closed Loop Control System that includes FORCE-RLS algorithm and the motor.

As shown in Figure 1 the proposed framework is composed by several parts, which include the ESN base controller,
the readout coupled with the FORCE-RLS algorithm, the plant to be controlled and the setpoints generation both for
training and for validation.

2.1. Echo State Network Base Controller

ESNs are a supervised-learning framework for RNN that addresses the optimisation challenges typically encoun-
tered in fully trainable RNNs. An ESN comprises a large, randomly connected layer (recurrent part of ESN), referred
to as the reservoir, whose weights remain fixed after initialisation. External inputs, and optionally past outputs fed
back into the network, excite the reservoir’s high-dimensional nonlinear dynamics, embedding the input history in
its evolving state. Learning is restricted to a subsequent linear readout stage, where only the output-layer weights are
adjusted so that the network can reproduce a desired target signal.

Let h(f) € R" denote the internal state of the reservoir at discrete time . The reservoir dynamics are governed by
the following two-stage update rule. First, the state h(¢) is computed via a nonlinear transformation f(.) applied to an
affine combination of the current input x(¢) € R™ and the previous reservoir state h(z — 1):

h(?) = f (Winx(1) + Weech(z = 1) + b)), ey)

where W;, € RY" and W, € RMV are the input and recurrent weight matrices, respectively, and b € RV is a
bias vector. The function f : RNV — R¥ is applied componentwise and is typically chosen as the hyperbolic tangent.
Subsequently, the actual reservoir state h(#) is obtained via a leaky integration scheme, which blends the previous state
h(r — 1) with the state h(¢) according to a leaking rate parameter @ € (0, 1]:

h(r) = (1 —a)h(r - 1) + ah(®). ()

For an Echo State Network (ESN) to operate reliably, the reservoir must be initialized so as to satisfy the Echo State
Property (ESP), rigorously examined in [34, 35]. A widely adopted sufficient condition for ensuring the ESP is that the
spectral radius of the recurrent weight matrix remains strictly below unity: d W) < 1, where p(-) denotes the spectral
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radius. Enforcing this inequality guarantees that the reservoir dynamics are contractive, thereby preventing unbounded
growth of the internal state and ensuring that the network’s response is uniquely determined by the input history rather
than by initial transients. With this property, it is imposed that the reservoir has a matrix W,,, with spectral radius
p(W,.) less than 1. The output of the ESN at time ¢ is computed by a linear readout mechanism that projects the
current reservoir state h(z) € RY onto the output space. Specifically, the output y(¢) € R is given by y(f) = Wy h(?),
where Wy, € R”V denotes the readout weight matrix. The parameters in Wy, are the only components of the
network subject to training, and they are typically estimated so as to minimize the prediction error with respect to a
given target signal. This linear formulation enables efficient learning algorithms such as ridge regression or recursive
least squares to be employed during both offline and online training phases. ESN can be trained either offline [36]
or online [37]. In the offline setting, a commonly adopted technique is ridge regression, also referred to as Tikhonov
regularization [38], which is defined as:

Wou=Y'H-(HH+ D)™, 3)

where H € RV is the matrix collecting the reservoir states over a training horizon of length 7, Y € R7*? contains
the corresponding target outputs, and A > 0 is the regularization coefficient. This supervised approach, often referred
to as one-shot learning, requires a pre-collected dataset for effective training. In contrast, for online learning, there
is a continuous adaptation of the readout during interaction with the system to be controlled, making it particularly
suitable for closed-loop control scenarios.

2.2. First Order Reduced Controlled Error Technique

Let h(r) € RY be the state vector of the reservoir, let r(f) € R be the target signal (the setpoint) at time ¢, and let
W,u(f) € RP*N be the readout weight vector at time ¢. The goal of FORCE-RLS algorithm is to adapt W,,,(f) online
to minimize the exponentially weighted squared error:

Ty = Dy [ty - W,ho)] 4)

t=0

where y € (0, 1] is the forgetting factor which is intended to ensure the forgetting of data from the distant past, to give
the possibility of tracking the statistical variation of observable data when updating the recursive equation for least
squares estimation. So, according to [27], the recursive equation for updating the least square estimate W, is:

Wour(t) = Wou(t — 1) — e(2) - P(H)h(2) &)
e(t) = r(t) = Wou(t — 1)Th(r) (6)

1
P(t) = S [P - 1) - k()R ()T Pt - 1) (7)
ko) = P(t - Dh(t) @®

Y+ h()TP( - Dh()

where P(f) € RV is the inverse correlation matrix (also called the covariance matrix), e(f) is the instantaneous
prediction error and k(f) € R" is the RLS gain vector. P(¢) is updated at the same time as the weights according
to the Riccati equation for the RLS algorithm. The algorithm also requires an initial value for P, which is taken to
be w(0) = 0 and P(0) = %I with 6 > 0 a small positive constant for numerical stability. The standard algorithm,
as described in [27], compares the network output with the desired setpoint in order to minimize the tracking error.
However, in the framework of the present paper, the network output is regarded as the control action applied to the
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Fig. 2: Representation of the modified version of FORCE-RLS algorithm: Signal Flow Diagram.

controlled system (here a motor), therefore, the feedback signal is not the network output but the motor output, since
the goal is to control the motor and not the ESN itself (see Figure 2). The following modified version is proposed:

e(t) = r(t) = g(Wou(t = 1)Th(1) 9

where g(y(¢)) is the function that converts the network’s control signal into the measured motor output to be regulated.

2.3. Controlled System (plant) description

The controlled system under consideration is represented by an electric motor which can be modeled by a first-order
linear model with dead time, a zero-mean white-Gaussian measurement noise with standard deviation o = 0.002 wpax
(0.2% of wmax), and by two elementary nonlinearities that reflect its physical behavior: a minimum command activa-
tion threshold and saturation at non-negative speeds. This simplified yet representative model serves as the real-time
simulation of the plant during online training, allowing the controller to compute the instantaneous tracking error and
update its readout weights via FORCE-RLS under dynamically consistent conditions. In the continuous domain, the
motor ideal dynamics is described by the transfer function:

_ K —sd
Gls)= e (10)

where K is the motor static gain, 7 is the mechanical time constant of the motor, and d the total dead time. For the
numerical simulation, a discretization with sampling step 7y was adopted according to the zero-order hold scheme;
the resulting state-space model is:

x[k + 11 = a x{k] + b uglk],

keN. (11)
ylk] = ¢ x[k],

where x[k] € R denotes the state, uy[k] = u[k — N] is the input delayed by N = d/T samples, y[k] € R is the measured
output,while a = ¢’/ b = K(1 —e~7+/7), and ¢ = 1 are the system’s coefficients obtained by solving the continuous-
time first-order model over one sampling interval 7'y under the zero-order-hold assumption on the input. Before being
applied to the model, the control signal u[k] undergoes two operations. First, a constant u,,;, is subtracted to represent
the minimum pulse width modulation amplitude necessary to overcome static friction. Inputs lower than u,,, are
therefore nullified. Next, the output speed is constrained to y[k] > O since the motor only operates in one direction of
rotation. Having established the mathematical model of the plant, we now specify the reference trajectories that will
excite the closed loop during online training.

2.4. Reference setpoints for Online Training

In online ESN training, the trajectory of the reference setpoint plays the role of an excitation signal for the adaptive
read-out. The convergence of the RLS update adopted in FORCE learning is guaranteed only if the regressor sequence,
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i.e. the reservoir state vector h(r), is persistently excited. This condition cannot be met when the system is trained
with a single or narrowly confined set point pattern [39]. Varying the reference through steps, ramps, sinusoidal and
stochastic trajectories forces the closed loop to visit a rich portion of its state—space, thereby exciting all dynamical
modes of both the plant and the reservoir [40]. To train and validate the controller, a parametric signal generator
module has been developed. The module produces four reference primitives that can be combined into multimodal
sequences. Specifically, the following signals are generated: steps, where sequences of constant values are replicated
for a number of samples equal to the desired duration; ramps, where a linear increase or decrease between two levels
provides an indication of how the system responds dynamically to slow but persistent changes; and sinusoids, where
harmonic signals are generated by specifying the amplitude, frequency, and number of cycles.

Setpoint
4000 — Setpoint

3500

3000

2500

Speed (RPM)

2000

1500

1000

0 20 40 60 80 100
Tempo (s)

Fig. 3: Training setpoints. A combination of steps, sinusoidal waves, rapid ramp and rapid soak.

As shown in Figure 3, the primitives have been combined in a multimodal sequences. This allows the controller to
be stressed with abrupt transitions, slow variations and periodic trends within a single experiment.

2.5. Evaluation Metrics

To comprehensively evaluate the effectiveness of the proposed method and correctly interpret the experimental
results, some metrics have been identified, each of which describes a different aspect of the controller performance:
the Mean Absolute Error (MAE), the Root Mean Square Error (RMSE) and Memory cost that quantifies the RAM oc-
cupied by the algorithm in order to evaluate the application on microcontrollers or edge devices with limited memory.
These metrics enabled the correct analysis of the trade-offs between accuracy, stability, and computational require-
ments, based on application constraints.

3. Results and Discussions

The ESN has been trained online with the FORCE-RLS algorithm so that it continuously adapts and produces
a control signal that minimises the error between the set-point and the process output. The ESN employed in this
study receives a two-dimensional input vector that contains the reference signal and the tracking error. Its reservoir
comprises one hundred recurrent units arranged in four stacked sub-reservoirs, which enables the network to capture
richer temporal relationships through successive nonlinear transformations. A leakage rate of 0.5 updates the internal
states at an intermediate pace, striking a balance between memory retention and responsiveness to new information.
The spectral radius is fixed at 0.9 so that the echo-state property is preserved while the reservoir remains dynamically
expressive. The readout weights are updated online with a modified version of the FORCE-RLS algorithm. The
experimental protocol consists of two phases: an initial training stage followed by a separate validation stage.

3.1. Training protocol

During training, the network is driven by a composite reference signal that combines step changes, linear ramps,
and sinusoidal segments. This pattern is repeated for five epochs to progressively refine the read-out weights via the
FORCE-RLS rule. Figure 4 depicts the training reference trajectory together with the network responses recorded at
each epoch, illustrating the gradual improvement achieved over the five steps. In the figure, the time is reported in
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Fig. 4: Closed-loop motor-speed responses during successive training epochs.

seconds on the abscissa, whereas the ordinate gives the motor speed. The purple trace is the reference profile, and the
blue, orange, green, and red traces are the motor speed outputs controlled by ESN after the first, second, third, and
fourth epochs, respectively. At the initial step change, the first epoch response overshoots the target and then decays,
while the following epochs progressively suppress the overshoot and shorten the settling interval. The magnified
view emphasises that by the third step the response is already critically damped and aligns with the reference almost
instantaneously. A second step, highlighted in the black window, confirms the same trend: the early epochs exhibit a
small transient deviation that vanishes after further adaptation, demonstrating that the FORCE-RLS update drives the
closed-loop pole toward the location predicted by the linear model. Taken together, the trajectories reveal a monotonic
reduction of tracking error from the first to the fourth epoch and verify that the online FORCE-RLS procedure yields
a stable and increasingly accurate controller capable of following steps, sinusoids, and ramps with uniform precision.

3.2. Validation protocol

To obtain a more comprehensive assessment of the online-trained controller, a validation experiment that records
motor speed while the ESN tracks four distinct reference profiles has been devised. The sequence begins with a

4000 4 — Set-point 3000
—— Process Output |
3500 11— voltage A 2500
3000 |
[ 2000
2500 | — Set-point
Z 2000 I Z 1500 Process Output
< | 3
— Voltage
1500 A0
1000
500
500
0 0
a)—zo 2 4 6 810121416 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 b) 0 2 4 6 8 10 12 14 16 18 20 22
Time (s) Time (s)
4000 1 — set-point 35001 — Set-point
568 Process Output —— Process Output
— \Voltage 3000 { — Voltage
3000
2500
2500
2000
£ 2000 H
o 1500
1500 B
1000 ﬂ 1000
500 500
0 0
C) 0 2 4 6 8 10 d) 0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38
Time (s) Time (s)

Fig. 5: Performance of the ESN-based control system across four different temperature set-point profiles a) Steps, b) Sinusoids, ¢) Ramp and d)
multimodal sequences. The Voltage values are scaled from a range of 0-10 V to 0-1000 V only for visualization purpose.

50 seconds segment containing four step changes, continues with a 22 seconds sinusoidal segment at two different
frequencies, is followed by a 10 seconds rapid ramp, and concludes with a 38 seconds composite segment that blends
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steps, fast ramps and sinusoidal portions. The resulting traces, collected in Figure 5, show that the ESN consistently
drives the motor to the commanded speeds and maintains stable operation throughout. Subplots (a)—(d) in the Figure
correspond to the four reference segments and highlight the controller’s ability to accommodate abrupt transitions,
periodic inputs, steadily varying commands and mixed patterns with comparable accuracy. In every subplot, the blue
trace shows the reference set-point, the orange trace the measured process output, and the green trace the control
effort. The subplot a) presents a step reference that spans the whole operating range. At each step the controller
applies a brief voltage impulse that swiftly brings the speed toward the new target, after which the voltage settles to
a steady value. The motor reaches every set-point in a short time with virtually no overshoot, confirming the closed-
loop dynamics predicted by the first-order model. The subplot b) tests tracking of a smooth sinusoidal reference at
two different frequencies. The ESN follows the amplitude with a mean error below three percent up to about one
hertz. As the frequency rises a gradual phase lag appears, in line with both the reservoir bandwidth and the intrinsic
low-pass nature of the motor. The subplot c) drives the speed along a ten-second ramp from idle to nominal value.
The slope of the controlled speed coincides with the reference for the entire interval, indicating that the RLS term
provides an effective integral-like action able to cancel static gain errors. Finally, the subplot d) combines all the
experiments of previous subplots creating a more complex scenario. The unexpected variation generates a damped
oscillation; nevertheless, the error remains bounded and the speed returns to its target within four seconds. The read-
out continues to adjust, visible in the corrective oscillations of the voltage trace, and quickly restores the original
performance without destabilising the reservoir. As highlighted in Figure 6, across all reference profiles the tracking

20
Steps —— Error Sinusoidal wave — Error

Error
o
S o
Error
| |
N
S o

0 10 20 30 40 2.5 5.0 7.5 10.0 125 15.0 17.5 20.0
Time (s) Time (s)

104|lRamp — Enmor 204 Multimodal — Error
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: \/\/\/
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Fig. 6: Tracking error during the four validation scenarios: steps (top-left), sinusoid (top-right), ramp (bottom-left) and multimodal (bottom-right).

error remains within 40 rpm, which corresponds to 1% of the 4000 rpm operating range. Apart from the brief spikes
that occur exactly at each set-point change, the error quickly settles to values below 0.5% of full scale, confirming the
controller’s precise steady-state regulation.

3.3. Performance

The values collected in Tab. 1 quantitatively confirm the observations already evident in the experimental traces.
The mean absolute error is modest for all the examined profiles, with more pronounced peaks in large step varia-

Table 1: Evalution Metrics.

Signal MAE | RMSE

Steps 8.6181 | 65.4680
Sinusoids 3.2154 | 28.8986
Ramp 3.8837 | 16.8793
Multimodal sequence | 1.6050 | 21.6715

tions and troughs in multimodal sequences. This demonstrates the controller’s ability to adapt to sudden changes and
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complex combinations of stimuli. The mean square error follows the same trend, indicating that even the largest de-
viations are contained and do not affect the stability of the system. The test results show that the entire control cycle,
including state updating, FORCE-RLS adaptation and actuation, takes place in a few microseconds on a mid-range
microcontroller. In terms of memory usage, the required space can be estimated by considering the dimensionality
of the main elements involved. In particular, the overall requirement is dominated by the recurrent reservoir matrix
which contains 10.000 coefficients represented in 32-bit floating point and occupies approximately 40 kB, as well as
the covariance matrix of the RLS filter P = 100 x 100, which is also made up of 10.000 elements and occupies a
similar amount of space, around 40 kB. The remaining components the input matrix W;, = 100 x 2 (approximately 0.8
kB), the output matrix W,,, = 100 x 1 (approximately 0.4kB), and the internal state vector x = 100 (approximately 0.4
kB) provide negligible contributions compared to the two main blocks. Therefore, during the online learning phase,
the overall memory usage is approximately 82 kB, which falls well within the typical SRAM memory capacity of the
mid-range microcontrollers used for the experiments. The ESN controller trained online with FORCE-RLS offers a
fast, adaptive, and effective alternative to conventional speed regulators across diverse reference profiles.

4. Conclusion and future works

The above results show that a reservoir computer whose read-out is adapted online with a modified FORCE-
RLS rule can regulate motor speed with the same accuracy and effectiveness ordinarily achieved by conventional
controllers, yet without relying on a detailed plant model, a offline dataset and an external supervisory loop. The
fixed recurrent core supplies a rich nonlinear basis, while the RLS update confines numerical adaptation to a low-
dimensional parameter vector, preserving both computational efficiency and echo-state stability. Training on a mixed
reference sequence of steps, ramps, and sinusoids over five epochs yields a monotonic reduction of tracking error,
and the subsequent validation confirms uniform performance across abrupt, periodic, and steadily varying commands.
These results indicate that the proposed ESN architecture offers a practical data-driven alternative for processes whose
dynamics are uncertain or slowly time-varying, extending the operational scope of reservoir computing from off-
line identification to real-time closed-loop control. Although the present results are encouraging, a more detailed
examination of the mathematical structure of the ESN and the FORCE-RLS are required to guarantee long-term
stability, to quantify closed-loop performance, and to assess computational overhead. Future work should develop
rigorous proofs of stability and convergence for the online read-out adaptation, extend the analysis to a wider range
of real-world physical systems and operating conditions, and establish bounds that relate reservoir size to tracking
accuracy and numerical cost.
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