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Abstract. In recent years, active noise control approaches have gained growing interest in the market, being used in
devices such as earbuds and headphones. One promising direction involves Electroacoustic Absorbers (EAs), systems
that combine a loudspeaker diaphragm with collocated microphones. By monitoring the pressure inside a cavity and
applying a control algorithm, the absorber adjusts the velocity at the resonator’s surface to enforce a target acoustic
impedance. This enables custom absorptions at specific frequency targets.

This type of control differs from conventional active noise control by not employing the concept of anti-noise. Instead of
creating a quiet zone, these devices modify the boundary conditions of a chamber, much like passive solutions such as
porous materials or Helmholtz resonators.

Although a specific impedance can currently be targeted, these systems remain incapable of self-adapting their control
algorithms to different conditions and are prone to instability depending on the target impedance. To overcome these lim-
itations, this work explores the use of reinforcement learning (RL) to improve adaptability and robustness under changing
environments.
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1. INTRODUCTION

Acoustic noise is a persistent problem that affects fields as varied as refrigeration systems, music production facilities,
and wind energy. Noise is also a source of regulatory pressure. To mitigate this problem, noise-absorption techniques are
usually employed.

Among the current noise-absorption solutions, there are passive approaches such as Helmholtz resonators, wall treat-
ments using porous materials, and traditional acoustic liners. These techniques have the advantage of being fully passive,
in other words they do not inject energy into the system and therefore do not generate additional noise. However, their
main drawback is their limited effectiveness at low frequencies, where high absorption typically requires large volumes
or thick treatments.

There are also active approaches, with the main representative being active noise control (ANC). In these techniques,
microphones are placed in a cavity to measure the sound field and one or more loudspeakers generate anti-noise in order
to cancel the unwanted sound in targeted regions. While these solutions can be effective at low frequencies, they typically
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require an accurate knowledge or identification of the acoustic cavity where they are applied. Additionally, since they
inject energy into the system, they are more prone to instabilities. In this context, Electroacoustic absorbers (EAs) present
themselves as an interesting bridge between passive and active techniques.

EAs are systems composed of a loudspeaker membrane and four collocated microphones (Fig. 1). They are capable of
modifying the acoustic impedance at their surface, Z,;. This is achieved by using the pressure measurements P(s) from
the microphones to impose a target velocity V' (s). The earliest pairing of a loudspeaker with a collocated microphone can
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Figure 1. Electroacoustic absorber

be traced back to 1953, when Olson and May (1953) introduced the so-called “electronic sound absorber.” In this work,
the main goal of the system was to minimize the sound pressure near the surface of the loudspeaker. Although this is not
explicitly stated in the paper, it can be interpreted that the system effectively targets a near zero acoustic impedance at the
microphones vicinity.

Using Olson’s work as inspiration, Guicking and Lorenz (1984) investigated low-frequency absorption by coupling a
loudspeaker to a porous layer and actively enforcing a backing nearly zero pressure in the air gap behind the porous layer,
thereby realizing an active equivalent of a A\/4 resonance absorber, thereby avoiding the need for a physically deep cavity.

An explicit reference to active impedance control was made later by Ordufia-Bustamante and Nelson (1992). In this
case, the system was implemented using a two-microphone configuration inside a duct with the loudspeaker cell at its
termination. Subsequently, Furstoss et al. (1997) employed a system composed of near-collocated accelerometers and
microphones to achieve impedance control.

Finally, Collet et al. (2009) evaluated the use of impedance control along a lined surface equipped with multiple
loudspeakers. The focus of this work was to demonstrate the capability of strongly modifying the behavior of a waveguide.
Subsequently, Lissek (2009) presented an electrically shunted loudspeaker in which an electrical load is inserted into
the loudspeaker to modify its electrical dynamics, thereby altering its acoustic impedance. Later, a microphone-based
feedforward control strategy employing a model inversion controller was proposed to target a user-defined impedance
(Rivet et al., 2017). These approaches have also been employed for noise attenuation inside acoustic cavities (De Bono
et al., 2024) and in waveguides (De Bono ef al., 2025a,b).

The stability of the control algorithm is affected by uncertainties such as temperature variations (Ferreira et al., 2026)
and time delay (De Bono et al., 2022). Considering the limitations imposed by time delay, this work investigates the
potential of using reinforcement learning techniques to achieve the absorption of single harmonics while maintaining
system stability, as a limiting factor of this study only an analytical evaluation of the performance will be evaluated.

This paper is divided into five main sections: Section 2 presents the stability analysis of the model inversion control and
introduces the disk margin criterion; Section 3 describes the reinforcement learning framework, its fundamental concepts
and makes a brief explanation on the theory of the technique used on this work; Given the informations presented in
Section 3, Section 4 details the design process behind the Reward function utilized on this case and present the main
hyperparameeters used during the training, including the definition of the state, action space and reward function; Section
5 discusses the obtained results from the training; finally, Section 6 summarizes the main conclusions and possible next
steps of this work.

2. STABILITY IN A MODEL INVERSION CONTROL

The model inversion control algorithm is a control strategy designed to impose a desired acoustic impedance on the
electroacoustic absorber by acting on its electrical input. By inverting the dynamics of the uncontrolled system, it becomes
possible to drive the absorber toward a prescribed target impedance. Accordingly, the controller is defined by the transfer
function H (s) given by:

H(s) = 1) F (1 - Z“°(5>) (1)
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where I(s) is the electrical current sent to the EA (in A), S, is the effective diaphragm area (in m?), Bl is the elec-
tromechanical force factor (in N/A), s is jw and Z,o(s) is the uncontrolled acoustic impedance of the resonator (in Pa-
s/m).

The target impedance Z,:(s) is defined as a single-degree-of-freedom impedance given byfollows the single-piston
approximation:

e
Zﬂﬁ=ummw+mm%+usw’ @

where M, is the acoustic mass of the resonator (in kg/m?), K, is the acoustic stiffness (in N/m3), pq is the air density
(in kg/m3), ¢y is the speed of sound (in m/s), and p,,, 4k, and w,. are the mass, stiffness, and resistance control variables,
respectively. By adjusting pi.,, ptx, and p.., different impedance configurations can be achieved.

As with any control algorithm, the system is subject to time delay 7 (s). In this case, the achieved impedance under
delay, denoted Z;(s), can be approximated by:

Zao(s)

Z4y(s) = ——"——.
a(s) - %H(s)e*”

3)

From Z,;, and consequently from Z; as well, we can extract respectively the targeted reflection coefficient R and
absorption coefficient o from Eq. (4) and Eq. (5). R is a measure that shows how much of the waves are reflected per
frequency and more important in the case of this application o shows the sound absorption profile of the EA:

_ Zar— poco @)
Zat + poco’
a=1-|R]%. &)

On Fig. 2 it is possible to observe the effect of the time-delay in the absorption coefficient while changing ,,, (in this
case ug = 1 and p,- = 1). Observe that as the value of (., decreases, the frequency in which a = 1 increases. Also observe
that, at the same time, a loss of passivity (a < 0) that was taking place around 600 Hz starts to happen after 2000 Hz.
This means, theoretically, that a localized emission of noise that was taking place around 600 Hz is becomes a broadband
emission at frequencies superior to 2000 Hz.
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Figure 2. Absorption coefficient when varying (i,

But this loss does not imply an unstable system, since at higher frequencies the model used to create the model-
inversion control loses its validity. Consequently, the impedance set by the model does not correspond to the actually
experimentally achieved impedance (even when considering the time-delay effect), making H (s) insufficient to guarantee
system stability. Therefore, a closer evaluation of the interaction between H(s) and the plant in which it is inserted is
required.

This investigation was carried out by Volery and Lissek (2023) in the case of a mixed feedforward—feedback controller;
however, the same methodology can be transposed to the model inversion control case.
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In the present work, the control system is therefore formulated as a feedback configuration, as shown in Fig. 3:

P(s
Ps(s) %@#» H(s) > I(s)

Pi(s)

A

Figure 3. Block diagram of model inversion transfer function

where P; denotes the input pressure (in Pa) coming from the source and P;(s) indicates the plant transfer function
defined as:

Pi(s) = % l_ezz(()) ©6)
In with Z,.,4(s) is the radiated impedance, which for a cavity of length L in the one-dimensional case is given by:
Zoaals) = =oer gt ﬁz:Z_Z - ™
For this work, P; is experimentally measured following the procedure established by Volery (2023).
Parting from P it is possible to obtain the open-loop transfer function of the system, G(s):
G(s) = H(s)Py(s). 3)

From G(s) stability can be assessed through classical analysis of the disk margin of the system using the Nyquist
diagram (Barrett, 1980). The disk margin is defined as the minimum distance between the Nyquist curve and the critical
point (—1,0) and is given by:

D,, :msin|G(s)+1\. ©))

Figure 4 provides a graphical representation of the disk margin associated with G(s) for the electroacoustic absorber.
The Nyquist curve of G(s) is shown, and the disk margin D,, is highlighted in red, corresponding to the minimum
distance between the curve and the critical point (—1,0) for this specific G(s), as it gets closer to (—1,0) the system
tends to become unstable.
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Figure 4. G(s) Nyquist curve with obtained D,,,
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3. THE DEEP DETERMINISTIC POLICY GRADIENT ALGORITHM

Reinforcement learning is a family of machine learning algorithms that optimizes a policy over time through repeated
interactions between an agent and an environment, guided by a reward function. At each step, the agent observes the
current state .S and selects an action a according to its policy; this action alters the environment, yielding a reward R
and a new state S’. The process then repeats from S’, with the agent choosing the next action a’, with the objective of
maximizing the cumulative reward over time. Figure 5 illustrates this interaction loop.

’| Agent |

state reward action
St Rl AI
. Rt+1 (
< Environment |[€———
\

Figure 5. Reinforcement learning schematic (Sutton and Barto, 2018)

Most modern reinforcement learning techniques focus on the optimization of the so-called value function Q(.S, a) (see
Eq. (10)), which satisfies the Bellman equation (Bellman, 1957),

Q(S,a) = R+~Q(S',a'). (10)

The value function represents the expected cumulative reward obtained by taking action a in state .S and following
the learned policy thereafter. The discount factor « determines the importance of future rewards. During training, many
algorithms construct an approximation of this function and, by maximizing it, converge toward an optimal policy.

In this work, the Deep Deterministic Policy Gradient (DDPG) algorithm (Lillicrap et al., 2016) is employed. DDPG
is an actor-critic algorithm that uses neural networks to approximate both the policy and the value function. In this
framework, the critic learns an approximation of the environment’s value function, while the actor uses this learned model
to optimize its policy by selecting actions that maximize the predicted value function. This optimization is performed
using the Deterministic Policy Gradient (DPG) (Silver et al., 2014) of the critic, in which an ascending gradient step is
applied with respect to the actor parameters 6. The loss functions of the critic (£.) and the actor (L,) are given by:

{cc = E[(Q(S.a) = (R+7Q(8".a))’] .
£a =-Vy [Q(S> G/)] = _an(S’ a) VQG(S)

(1)

In DDPG, four neural networks are employed: two actor networks and two critic networks. This four-network archi-
tecture is derived from the two-network Deep Q-Learning architecture introduced by Mnih ef al. (2015). It was originally
proposed as a mechanism to improve training convergence in Deep Reinforcement Learning (reinforcement learning
techniques based on deep neural networks).

In the original Deep Q-Learning formulation, a target network is used as a frozen reference for the main network during
the optimization process. This provides the main network with a stable objective to approximate. Every n iterations, the
target network parameters are updated using the parameters of the main network. By introducing this delayed update
mechanism, the algorithm improves the convergence behavior of the estimated Q(S, a).

In the case of DDPG, instead of updating the target network every n iterations, the target networks are updated at
every iteration using a soft update mechanism. This means that the target network parameters are slowly adjusted toward
the parameters of the main network. The update process is regulated by a soft update coefficient.

Additionally, as a general practice in reinforcement learning algorithms, an exploration policy is adopted throughout
training. This exploration mechanism is typically implemented by introducing noise into the action selection process. One
common example is the e-greedy policy, in which a probability is assigned for the agent to take a random action during
training. This exploration allows the algorithm to better generalize and avoid convergence to local solutions. In this study,
the exploration policy is implemented by adding a stochastic noise to the actions during the training process.

4. TRAINING SETUP

In this study, the problem of single-harmonic absorption is used as a case example to assess the potential of reinforce-
ment learning. At each training step, the agent receives as observation a desired frequency fy in the range 300-3000 Hz
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(observation space). Based on f, it selects continuous values of i, g, and p, within [0.1, 5.0] (action space). These
parameters modify the achieved impedance Z;, which in turn changes the obtained absorption coefficient . The agent’s
objective is therefore to select pi,,,, ftx, and p, so as to maximize « at the specified frequency fj.

To enable the agent to correctly achieve this objective, a two-component reward function is designed:

R=DP,S,, (12)

where P; represents the performance index of the control algorithm and S; represents the stability index. The performance
index P; is defined as the absorption coefficient evaluated at f,:

P; = opim, bk, trs fa)- (13)

Finally, the stability index S; ensures that only stable solutions are rewarded. Stability is assessed using the previously
introduced disk margin criterion. A minimum acceptable disk margin, denoted by D;;,,, is defined. The stability index is
then determined by Eq. (14). In this study, Dy;,, is set to 0.2:

1a lfDm Z DliTn»

S; = : (14)
0, if Dy < Dyinm.

Having defined the reward, the algorithm was trained over 100,000 episodes. Each episode consists of a single step,
which characterizes this problem as a bandit problem (i.e., a single-step reinforcement learning problem). Standard
network architectures and hyperparameters were used for training. They are reported in Tab. 1, Tab. 2, and Tab. 3.

Table 1. Architecture of the DDPG actor network.

Layer Layer Type Input Dim Qutput Dim Activation Function
1 Input 1 1 -

2 Fully Connected Layer 1 1 400 ReLU

3 Fully Connected Layer 2 400 300 ReLU

4 Output Layer 300 3 Tanh

Table 2. Architecture of the DDPG critic network.

Layer Layer Type Input Dim Output Dim Activation Function
1 Input (State + Action Concatenation) 4 4 -

2 Fully Connected Layer 1 4 400 ReLU

3 Fully Connected Layer 2 400 300 ReLU

4 Output Layer 300 1 -

Table 3. DDPG training hyperparameters.

Hyperparameter Value
Learning rate 1x1073
Batch size 64

Soft update coefficient 7 =10.005
Discount factor v=0
Exploration noise type Gaussian
Noise mean uw=20

Noise standard deviation o = 0.01

The optimization of the training hyperparameters is not the focus of this study. However, for problem-definition
purposes, one important modification was introduced: the discount factor v was set to 0. This choice was made to
explicitly formulate the problem as a bandit problem, meaning that the algorithm targets an instantaneous reward rather
than the optimization of cumulative reward over time. Under this condition, the value function reduces to the immediate
reward:

Q(S,a) = R. (15)
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5. Training Results

The analysis of the results is divided into two subsections. The first is concerned with the evaluation of the algorithm
strictly from a reinforcement learning perspective. In this part, the reward function is analyzed, the general convergence
behavior of the algorithm is assessed, and the main training dynamics are discussed.

The second subsection focuses on the acoustic performance of the algorithm. The operational range is analyzed, and
comments are made regarding the stability of the solution when the algorithm operates both inside and outside this range.

5.1 Reward Analysis

The reward curve obtained during training is shown in Fig. 6. Two curves are presented: in blue, the episodic reward
during training, and in red, the mean average reward. The episodic reward, as the name implies, shows the reward obtained
at each training iteration, while the mean average reward represents the moving average of the episodic reward.

It can be observed that the reward converges after approximately 15000 training steps. However, a significant vari-
ability remains throughout the training process. This variability can be explained by two main factors. First, when the
algorithm targets frequencies outside its feasible operational range, the reward is reduced. Second, and most important,
due to the presence of exploration noise, the algorithm does not necessarily execute exactly the action predicted by the
actor network, in particular this second reason explains the presence of steps in with the reward was 0, since the algorithm
operates in the limit of the stability the presence of noise leads it to take actions that may lead to an unstable system.

Although this behavior may initially appear detrimental to the training process, it actually contributes to improved
generalization. For this reason, the analysis of the mean average reward is essential, as it filters the variability introduced
by the exploration noise and better reflects the convergence trend of the algorithm.

1.0

0.8 1

0.6 1

0.4

Episode reward

0.2

0.0 1

T T T T T
0 20000 40000 60000 80000 100000
Steps
©® Reward = Moving average reward

Figure 6. Reward curve obtained during training. Blue: episodic reward. Red: moving average reward.

5.2 Acoustic Analysis

For the acoustic performance analysis, the trained model was evaluated without exploration noise over the frequency
range from 300 Hz to 3000 Hz. During this evaluation the value of «, obtained analytically using Eq.5, for each desired
frequency f; was recorded together with the corresponding stability margins.

Based on these results, the operational range of the control algorithm was then determined. The operational range is
defined as the set of target frequencies f; for which the algorithm is capable of achieving o > 0.9, corresponding to at
least 90% absorption of the acoustic energy. As indicated by the light blue region in Fig. 7, the operational range extends
from 300 Hz to 2600 Hz. Consistently with this definition, the dark blue curve, which represents the value of « obtained
for each target frequency, remains above 0.9 throughout this interval.
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To further illustrate these results, three absorption coefficient curves are also shown in Fig. 7. Each of these curves
represents the full absorption coefficient obtained when the algorithm is tasked with maximizing absorption at a specific
target frequency fy. The orange and green curves correspond to f; = 300 Hz and f; = 1500 Hz, respectively, both of
which lie within the operational range. In both cases, the algorithm successfully achieves o > 0.9.

By contrast, the red curve corresponds to the case f; = 3000 Hz, which lies outside the operational range. In this
case, the maximum achieved absorption is approximately o ~ 0.55. This limitation arises because the algorithm must
also satisfy the stability constraint imposed by the reward function.

This stability seeking behavior is further illustrated in Fig. 8, where the Nyquist diagrams of the open-loop transfer
function are shown for the three cases described above. It can be observed that, regardless of the target frequency, the
open-loop transfer function does not enter the light red region defined by D;,,,. This comportment is consistent with the
design of the reward function: the algorithm avoids selecting values of p,,, pg, and w, that would violate the stability
constraint, and instead selects the parameters that yield the highest achievable o while preserving stability.

1.00 o
0.75 A
0.50 A
3
0.25 1
0.00 +
—025 T T T T T T
500 1000 1500 2000 2500 3000
Frequency [Hz]
—— « for each evaluated f; = « when f; = 300Hz = o When f; = 3000 Hz
Application range =« wWhen f; = 1500 Hz

Figure 7. The algorithm’s application range , together with the absorption coefficient obtained at each value of f;. For
visualization purposes, three complete absorption coefficient curves corresponding to f; = 300 Hz, 1500 Hz, and 3000 Hz
are also plotted.
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Figure 8. Nyquist diagrams evaluated at f; = 300 Hz, 1500 Hz, and 3000 Hz. In all cases, the stability constraint defined
by Dy, is respected.



EURODINAME Il - An International Symposium on Dynamic Problems of Mechanics
June 8-11, 2026 - Giens Peninsula, FR

6. CONCLUSIONS

The algorithm was capable of maintaining the defined stability criterion throughout the training range. It was able to
correctly target absorption at certain frequencies and, when it was not able to achieve the desired absorption, it adjusted
its parameters in order to obtain the maximum possible absorption while preserving stability.

Given these results a natural next step would be to proceed to an experimental training/validation of this work, Never-
theless, the algorithm required more than 15000 iterations to converge, a number that would make training in an experi-
mental environment unviable. Additionally, even though during evaluation the algorithm was able to obey the restrictions
imposed during the training process, during training it was subjected to an exploration policy and therefore it constantly
violated the stability region assigned to it. This behavior could prove troublesome for experimental training. In this
context, training in a model would be more desirable.

One possible avenue for improvement would be to explore the application of model-based reinforcement learning
techniques. In this approach, a surrogate model of the environment would be used as a part of the algorithm and through
a process of dynamic exploration the agent would be capable of achieving an optimal behavior.

A longer-term prospect for this research would be to explore methods for the system to adapt to unforeseen changes in
the environment. In practical applications, uncertainties such as temperature variations and aging of the loudspeaker can
modify the dynamics of the EA over time. In this case, it would be desirable for the algorithm to identify these changes
and based on this adapt its behavior to different scenarios.

Lastly, the application of multiple cells in a multi-agent architecture should also be explored. By combining several
EAs in a distributed configuration, it would be possible to control multiple entities independently and, by cooperation or
competition, they could achieve an emerging behavior on the system. This approach could also account for variations in
the structure, for example structures composed by different types of cells. Finally, it could allow the system to adapt to
changes in the environment, for example a broken loudspeaker and non-global temperature changes.
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