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Abstract—The convergence speed of adaptive algorithms has a
significant impact on the dynamic noise reduction of the active
noise control (ANC) system. Compared to some conventional
approaches (variable step size, etc.), model-agnostic meta-learning
(MAML) initialization has been demonstrated to be a low-cost
but highly efficient method for improving convergence speed.
However, MAML only initiates the optimal weights one time
and cannot account for environmental variation during the ANC
process. Hence, this paper proposes an alternating switching
mechanism (ASM) that re-initializes the control filter’s weight
when detecting acoustic variations. Furthermore, the iterative
dichotomiser 3 (ID3) algorithm is utilized to determine the thresh-
old of ASM for identifying environmental variation instead of trial
and error. Numerical simulations demonstrate the effectiveness
of the proposed method in a varying acoustic environment.

Index Terms—Active noise control (ANC), model-agnostic
meta-learning (MAML), alternating switching mechanism, ID3

I. INTRODUCTION

Active noise control (ANC) systems are widely employed to
attenuate various noises [1]–[7], which generates the anti-noise
through the adaptive filter that maintains the same amplitude
as the noise but with an opposite phase [8]–[11]. Getting
the adaptive filter to converge quickly to the steady state is
essential in real-world applications such as ANC headphones,
headrests, and windows [12]–[15]. Numerous strategies have
been employed to improve the convergence speed of the
adaptive filter. Some modified adaptive algorithms have been
proposed: Normalized filtered-X least mean square (NFXLMS)
algorithm adjusts the step size based on the input power to
control the convergence speed, and the recursive least square
(RLS) [16], [17] iteratively updates the parameters of the
adaptive filter to minimize errors between predicted and actual
outputs. Furthermore, various techniques involving variable
step sizes are employed in the ANC implementation [18], [19].
These adjustments in adaptive algorithms are designed to im-
prove convergence speed, especially in situations characterized
by dynamic environmental changes. However, the increased

computational complexity that these algorithms introduce has
limited their practical applications.

The initial weight of the control filter also plays an essential
role in determining the convergence speed, as it determines
the subsequent steps leading to the optimal control filter [20].
Most conventional ANC applications employ a random or zero
initial weight, resulting in a long convergence time from the
initial state to the steady state [21], [22]. To address this issue,
optimization techniques have been proposed to determine the
optimal initial weight of the adaptive filter, thereby reducing
the required steps to reach the optimal weight. Particle swarm
optimization (PSO) is proposed to initialize a group of particles
and iteratively explore the search space to identify the optimal
initial weight [23], [24]. However, PSO may converge to local
optima, which potentially slows down the convergence speed
of the adaptive algorithm. Alternatively, the model-agnostic
meta-learning (MAML) approach has been applied to get
the optimal initial weight [25]–[27]. MAML collects various
disturbances and primary noises from diverse acoustic environ-
ments to derive the optimal initial weight, enabling the FXLMS
algorithm to converge within a few steps. Furthermore, the
offline training of the optimal initial weights using PSO and
MAML reduces computational complexity.

However, the issue of slow convergence still exists when
the acoustic environment changes, even if the optimal initial
weight is utilized at the beginning stage of ANC. Resetting the
optimal initial weight of the adaptive filter when environmental
changes are detected can address this challenge. The main task
of resetting is to detect environmental changes. Previously, a
threshold value calculated by trial-and-error was applied to
evaluate the reset timing [28], [29]. This paper proposes an
improved method to automate the threshold-setting procedure
through the Iterative Dichotomiser 3 (ID3) algorithm. The
alternating switching mechanism (ASM), driven by the output
of ID3, resets the control filter weight in response to the
normalized mean square errors (NMSE) and the slope of the
mean square error(Slope).
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Fig. 1. The block diagram of feedforward ANC applying FXLMS algorithm.

II. PROPOSED METHOD

This section proposes the MAML algorithm equipped with
ASM (MAML-ASM) to attenuate the noise in a dynamic
environment. Furthermore, an ID3 algorithm is employed to
replace the manual selection of the threshold in ASM.

A. Feedforward ANC with adaptive algorithm

A feedforward structure is commonly employed to generate
the control signal of ANC:

y(n) = x(n)wT(n), (1)

where x(n) = [x(n), x(n − 1), · · · , x(n − L + 1)]T and
w(n) = [w0(n), w1(n), · · · , wL−1(n)]

T denotes the reference
signal picked up by the reference sensor and the weight of the
adaptive filter W (z), respectively. L represents the length of
the control filter. Hence, the error signal e(n) picked up by
the error sensor is obtained from

e(n) = d(n)− y(n) ∗ s(n), (2)

where d(n) stands for the disturbance to be attenuated, and ∗
denotes the convolution operation. s(n) is the impulse response
of the secondary path.

The weights of the control filter are updated by filtered-X
least mean square (FXLMS) [21], [30]:

w(n+ 1) = w(n)− µx′(n)e(n), (3)

where µ is the step size in the FXLMS algorithm and x′(n)
denotes the reference signal filtered by the estimated secondary
path ŝ(n).

The weight error vector between w(n) and the optimal
weight wo can be derived as

E [w(n)−wo] = (1− µηn)
n−1E [w(0)−wo] , (4)

where E[·] represents the expectation of the argument. w(0) is
the initial weight of the control filter, and ηk denotes the kth
(k = 1, 2, · · · , L) eigenvalue of the power spectrum of x′(n).

According to (4), it can be found that the smaller distance
between w(0) and wo, the fewer steps are needed for w(n) to
reach the optimal weight. Therefore, determining the optimal
initial weight wo(0) for ANC initialization is essential for
improving convergence speed.

B. Model-agnostic meta-learning algorithm (MAML)

The MAML algorithm is applied to find out wo(0) in a
feedforward ANC system. The training process for MAML
can be divided into two parts: within-task training and cross-
task training. In the within-task training, the sample d†(k)
and x†(k) are randomly sampled from the set of pre-measured
disturbance tracks {d1(n),d2(n), · · · } and set of filter refer-
ence signals {x′

1(n),x
′
2(n), · · · } under different configuration

settings of ANC. If the jth track has been sampled, the training
data pair is given by



d†(k) = dj(n)

x†(k − i) =
[
x′
j(n− i) x′

j(n− i− 1) · · · 01×i

]T
.

(5)
The recursive formula of the MAML initial control filter can
be expressed as

Φ(n+ 1) = Φ(n) + ϵ
N−1∑

i=0

λie(k − i)x†(k − i), (6)

where λ ∈ [0, 1] is the forgetting factor, and ϵ ∈ (0, 1) is the
learning rate. The within-training error signal is represented as

e†(k − i) = d†(k − i)− φT(n)x†(k − i). (7)

The control filter in (7) is updated by

φ(n) = Φ(n)− µe†(k)x′(k), (8)

In the cross-task training, the cross-task error signal is obtained
from

e⋆(k) = d(k)−ΦT(n)x′(k). (9)

As (6) approaches convergence, we save Φ(n) as the optimal
initial weight wo(0). wo(0) is offline-trained and utilized to
initialize the FXLMS algorithm, which will finally achieve the
optimal control filter wo at the steady-state.

C. Alternating switching mechanism (ASM)

The FXLMS algorithm attempts to catch up with the
changes in the acoustic environments, such as acoustic paths
and primary noise variations. However, these changes tend to
slow down the convergence of the FXLMS algorithm. In such
instances, a practical approach to improve convergence speed
is to reset the control filter to wo(0), especially if the particular
variation aligns with the training dataset used by the MAML
algorithm.

Therefore, ASM is integrated into the adaptive process
of ANC to reset the control filter. The detailed pseudocode
illustrating the ASM, coupled with the ID3 algorithm, is
provided in Table 1. In ASM, two factors are used to evaluate
if the weight should be reset: the logarithm of the normalized
mean square error (NMSE) and the slope of the MSE. The
logarithm of NMSE is obtained from

NMSE = 10log10{
Nm−1∑

i=0

e2(n− i)/

Nm−1∑

i=0

e2(i)}, (10)
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where Nm is the average number. The slope of the MSE
(Slope) is calculated by

Sp =
1

NT

NT−1∑

i=0

e(n− i) [e(n− i)− e(n− i− 1)] , (11)

where NT denotes the number of average samples used to
smooth the slope.

The values of NMSE and Slope increase to a large extent
when the acoustic environment changes, causing a disruption
in the convergence state. The challenge for ASM is to choose
the threshold according to the NMSE and Slope in every
iteration to decide whether to reset the control filter. Manual
selection of threshold is not suitable in different situations,
and in the following section, we provide a reliable method
employing ID3 to decide the threshold.

D. Threshold determined by Iterative Dichotomiser 3 (ID3)

The ID3 algorithm [31], [32] is employed to assess the
necessity of resetting the control filter’s weight to wo(0). The
results of (10) and (11) during each iteration are inputted into
the ID3 algorithm. Subsequently, the ID3 algorithm’s output
determines whether resetting is needed or not for ASM. M
pairs of NMSE, Slope (reordered by the value), and Reset
Flag are prepared in the training process of ID3. To simplify,
we only mention NMSE in the following description.

The entropy of the Reset Flag in the dataset TNMSE is
calculated as follows:

H(ResetFlag) = −[Prlog2Pr + (1− Pr)log2(1− Pr)], (12)

where Pr is the probability of the Reset Flag in the dataset.
In order to deal with the continuous value of NMSE in

the dataset TNMSE (TNMSE = NMSE1,NMSE2, · · · ,NMSEM ),
midpoints between consecutive values of NMSE are calculated
as potential split points:

Tm
NMSE = {NMSEm + NMSEm+1

2
}, (13)

where m = 1, 2, · · · ,M . The midpoints Tm
NMSE divide the

NMSE dataset into two subsets:
{
Tm−

NMSE = {NMSE1,NMSE2, · · · ,NMSEm−1}
Tm+

NMSE = {NMSEm,NMSEm+1, · · · ,NMSEM}. (14)

The entropy of the midpoints can be calculated as

H(T
m+(−)
NMSE ) =

− [P+(−)log2P
+(−) + (1− P+(−))log2(1− P+(−))],

(15)

where P+(−) denotes the probability of the Reset Flag in
the subset Tm+(−)

NMSE . The information gain of the midpoint is
calculated as:

Gain(ResetFlag,NMSE,m) = H(ResetFlag)−
|D(Tm−

NMSE)|
|D(ResetFlag)|H(Tm−

NMSE)−
|D(Tm+

NMSE)|
|D(FesetFlag)|H(Tm+

NMSE),

(16)

Algorithm 1: Pseudo code of MAML-ASM with ID3
algorithm

1 Initializing:Optimal initial control filter wo(0), step
size µ,

2 while n do
/* Control filter weight updating */

3 e(n) = d(n)− x′T(n)w(n).
4 w(n+ 1) = w(n) + µe(n)x′(n).

/* Flag setting by ID3 algorithm */

Input: NMSE, Sp

5 NMSE =

10 ∗ log10{
∑Nm−1

i=0 e2(n− i)/
∑Nm−1

i=0 e2(i)},
6 Sp = 1

NT

∑NT−1
i=0 e(n− i) [e(n− i)− e(n− i− 1)]

Output: Reset Flag
/* ASM determination */

7 if Reset Flag =1
8 w(n+ 1) = wo(0)
9 n← n+ 1.

where |D(T
m+(−)
NMSE )| denotes the number of instances (Reset

Flag =1) in subset T
m+(−)
NMSE , and |D(ResetFlag)| denotes the

number of instances (Reset Flag =1) in the dataset TNMSE, and
the optimal split point is chosen as:

Gain = max
m∈M

Gain(ResetFlag,NMSE,m), (17)

in which the highest information gain is chosen as the threshold
in ASM.

There are two scenarios in which ID3 makes a false deci-
sion: the first involves a static acoustic environment where the
weight is reset, and in the second, the environment changes,
but the ASM decides not to reset. In the first case, the weight
is promptly reset to its initial value but rapidly converges to
the optimal value. In the second case, the ANC system will
converge to the new optimal value at a slower speed.

III. SIMULATION RESULTS

Simulations are conducted to verify the efficacy of the ANC
system, which employs wo(0) trained through MAML and
reset using ASM across various scenarios. In the training phase
of optimal initial weight via MAML, a broadband noise (100−
1500Hz) serves as the primary noise. The dataset comprises
reference signals and disturbances from four different primary
paths measured from four corners of the experiment room.
Each disturbance was given an equal share of 25% of the total
disturbances. This dataset is then divided, with 70% allocated
for the training set and the remaining 30% for the testing set.

A. Threshold determination

The dataset used to construct the ID3 algorithm is collected
from a varying acoustic environment (50%) and a static envi-
ronment (50%). The varying environment consists of variations
occurring in the primary path (16.7%), the secondary path
(16.7%), and the primary noise (16.7%). The remaining data is
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Fig. 2. The implementation of the ID3 algorithm with the threshold value
for Slope = 3.47455 and NMSE = 171.481.

collected by ANC systems operating in a static environment.
All data are partitioned, with 70% allocated to the training set
and the remaining 30% to the test set.

Figure 2 illustrates the ID3 algorithm with an accuracy rate
of 98.33% to decide the threshold for NMSE and Slope, while
the false rate for misjudging the Reset Flag from 0 to 1 is
1.67%. The initial branch of the ID3 algorithm establishes
the Slope and NMSE thresholds at 3.47455 and 171.481,
respectively. If the Slope and NMSE surpass the thresholds, the
Reset Flag is directly set to 1, prompting the control filter’s
weight to be reset to wo(0). In cases where the NMSE is
below 171.481, or the Slope is below 3.47455, the analysis
progresses to the second branch, and the filter’s weight remains
unchanged.

B. Noise cancellation under accurate and false decisions

The simulation is taken to validate the noise reduction
performance with the accurate and false decisions made by
ID3. The primary noise is broadband noise with a frequency
range of 300 − 800 Hz; the length of the control filter and
the sample rate are set to 1024 and 16 kHz, respectively.
As a comparison, FXLMS with zero initialization (FXLMS),
FXLMS with MAML initialization (MAML), and the proposed
method (MAML-ASM) are carried out in the simulation.

Figure 3 (a) and (b) illustrate how MAML-ASM with ID3
algorithm performs in two different scenarios when making
accurate decisions. Fig. 3 (a) demonstrates that when the
acoustic environment is static (indicated by the Reset Flag
remaining at 0), both MAML and MAML-ASM algorithms
exhibit almost identical performance, surpassing the FXLMS
algorithm with zero initialization. Fig. 3 (b) reveals that in
a varying acoustic environment (where the Reset Flag is
switched to 1), the MAML-ASM algorithm achieves the best
noise reduction performance.

Furthermore, Fig. 3 (c) and (d) depict the noise reduction
performance for MAML-ASM during false decisions in two
different situations. Fig. 3 (c) shows a scenario where the Reset
Flag is incorrectly set to 0 when detecting the changes in the
acoustic environment. Consequently, the control filter’s weight
is not reset, leading to MAML and MAML-ASM having the
same noise reduction performance. Fig. 3 (d) illustrates a
case where the Reset Flag switches from 0 to 1 in a static

Fig. 3. The error signal of the algorithms when the resetting decision is
accurate or false: (a) Accurate decision and Reset Flag =0; (b) Accurate
decision and Reset Flag =1; (c) False decision and Reset Flag are misjudged
from 1 to 0; (d) False decision and Reset Flag are misjudged from 0 to 1;

Fig. 4. The mean square errors and error signal of the algorithms in a varying
acoustic environment: (a) primary noise change. (b) primary path change. (c)
secondary path change.

environment. In this situation, MAML-ASM resets the weight
and rapidly converges to the same status as MAML.

C. Noise cancellation for different varying environments.

This simulation tests the noise reduction performance when
the acoustic environment undergoes changes. The simulation
contains three different environmental variations: primary path
change, secondary path change, and primary noise change (an
uncorrelated noise occurring in the environment).

As seen in Fig. 4, MAML-ASM achieves the fastest con-
vergence speed among the three varying environmental condi-
tions, outperforming MAML and FXLMS. To illustrate how
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MAML-ASM operates, the case of primary source changes is
examined as an example. During the noise reduction process,
a new uncorrelated primary noise (in the frequency range
of 500 − 1000Hz) emerges from the opposite direction of
the initial primary noise. Consequently, the NMSE and Slope
values experience a sudden increase, reaching values of 225.14
and 5.3032, respectively. Following the threshold set by the
ID3 algorithm, the weight of the control filter is reset to wo(0),
which results in faster convergence of the adaptive algorithm.

IV. CONCLUSION

This paper demonstrated a novel method applied to an
ANC system in dynamic acoustic environments. The proposed
method integrated the model-agnostic meta-learning (MAML)
algorithm to obtain the optimal initial weight and combined it
with an alternating switching mechanism (ASM) to reset the
control filter’s weight in response to changing environments.
Furthermore, the Iterative Dichotomiser 3 algorithm is utilized
to eliminate the need for manual threshold selection to de-
termine when to reset the optimal initial weight. Simulation
results demonstrated that this proposed method achieved a
faster convergence speed in adapting to changing acoustic
conditions, surpassing conventional FXLMS techniques with
random initial weights and outperforming MAML without the
application of ASM.
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