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Abstract—This paper proposes a regional meta-initialization
framework for binaural headphone active noise control (ANC),
based on the modified Model-Agnostic Meta-Learning (MAML)
method. By leveraging multiple spatially distributed training
tasks, the framework learns a shared initialization of the control
filter that facilitates faster convergence and more effective early-
stage noise attenuation under changing acoustic paths. The frame-
work is evaluated on a measured headphone ANC path dataset
covering 24 azimuth-distance configurations. Simulation results
demonstrate that the meta-initialized control filters outperform
zero and single-location pre-trained initializations in early-stage
noise suppression and convergence speed under unseen noise
source positions. The findings provide preliminary validation that
meta-initialization enhances ANC performance across diverse
real-world acoustic paths.

I. INTRODUCTION

Active noise control (ANC) has become a widely adopted
technique and has received increasing attention in recent years
for protecting individuals from the effects of environmental
noise [1]-[6], particularly in low-frequency ranges where pas-
sive methods are less effective [7]. It operates by generating
anti-phase signals that destructively interfere with incoming
disturbance, enabling real-time noise attenuation. Based on
the stage of control intervention, ANC systems can be im-
plemented at noise source, transmission path, or receiver-
end [8]. Receiver-end control is the most commonly employed
in commercial products due to its adaptability to dynamic
acoustic environments and user-specific conditions. Headphone
ANC represents a typical receiver-end configuration, where
microphones and loudspeakers are integrated near the ears to
enable localized and real-time noise cancellation [9], [10].

Commercial headphones predominantly use feedforward
ANC, where external microphones capture the disturbance
ahead of the ear. This structure provides effective broadband
attenuation but its performance depends on source direction
and motion, since contralateral incidence can break causality
and reduce prediction quality [11]-[13]. Binaural architectures
coordinate the two ears and improve robustness to spatial
variation [14], [15], yet they still rely on online adaptation.
In practice the FXLMS controller is often initialized at or near
zero, which yields slow start-up convergence. Heuristics such
as step-size scheduling and frequency-domain variants can
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speed up learning but frequently trade steady-state accuracy
for speed and transfer poorly across spatial changes [16]-[18].
Data-driven fixed-filter designs provide an immediate response
[19], [20], but the filters are tied to the training conditions
and degrade at unseen positions. These limitations motivate
learning a shared initialization that is robust across spatial
tasks and adapts quickly when the source direction or distance
changes.

While binaural configuration extends headphone ANC sys-
tem’s spatial coverage to directional variations, it remains
constrained by limited adaptation speed under noise direction
shifts. Conventional adaptive algorithms, such as the filtered-
x least mean squares (FXLMS), rely on zero or random
initialization of control filters and require a certain itera-
tions to reach steady-state performance. Various efforts have
been made to accelerate the convergence of FXLMS, like
step-size tuning [16], variable step-size algorithms [17], and
frequency-domain approaches [18]. However, these methods
often involve trade-offs between convergence speed, steady-
state accuracy, and computational complexity, and their gen-
eralizability across diverse spatial scenarios remains limited.
To address the adaptation latency of FXxLMS-based methods
and capture nonlinear relationships, deep learning-based ANC
frameworks have recently been proposed [19]-[21]. Selective
fixed-filter ANC selects from pre-trained filters based on noise
features [19], [22], while generative fixed-filter ANC employs
CNN to generate control filters from noise input [23]. These
approaches offer fast response but have limited ability to
transfer across unseen acoustic environments.

To overcome the limitations in convergence speed and
generalization across varying acoustic environments, Model-
Agnostic Meta-Learning (MAML) has been applied to op-
timize the initialization of control filters [24], [25]. It was
demonstrated that MAML enable faster convergence across
varying noise types and primary paths, and this is espe-
cially beneficial in binaural headphone ANC, where DOA
dependency, and slow adaptation remain critical challenges.In
this paper, we propose a meta-learned regional initializa-
tion framework for binaural headphone ANC, where control
filter parameters are initialized via MAML across spatially
distributed noise source positions. By optimizing a shared



initialization over a range of acoustic paths, the proposed
method enables rapid adaptation to unseen directional and
positional variations, addressing the convergence and gener-
alization challenges of conventional approaches. Experimental
evaluations on measured headphone impulse responses demon-
strate that our method improves both transient response and
spatial robustness across regional noise conditions.

II. HEADPHONE ANC SYSTEM AND DATASET SETUP
A. Binaural FXLMS based ANC algorithm

In headphone-based active noise control (ANC), the binaural
FxLLMS algorithm aims to minimize the acoustic disturbance at
both ears by jointly adapting the control filters using spatially
distributed reference information. Compared to independent
bilateral ANC configurations, the binaural setup allows for in-
teraural signal coupling, which enhances spatial awareness and
noise reduction performance across varying sound incidence
angles.

As depicted in Fig. 1, the system inputed with 2 reference
microphones from each earcup, acquiring the reference signals
denoted as =, and x g, respectively. These signals capture the
ambient sound field as received near the left and right ears,
and serve as the inputs to the ANC controller. The control
signals y;, and ygr are generated by adaptive filters wy and
wpr and fed to the loudspeakers embedded in each earcup.
The estimated secondary paths S, and Sg are used to filter the
reference signals, producing x,.;,(n) and x,g(n) as inputs to
the LMS update.

In the binaural configuration, the adaptation of each control
filter uses both ipsilateral and contralateral reference signals,
filtered through the corresponding secondary path estimates.
For details, the update of the control filter is based on the
error signal e(n) and the filtered reference vector:

T

x,(n) = [$L(n) * x1.(n), SL(n) * xL(n)] (M
x:(n) = [§h(n) #x} (n), $F(n) xxh(m)] " @)
where xr(n) = [r1(n), zr(n—1), ..., zr(n—N+1)]T and
xgr(n) = [rr(n), zr(n—1), ..., sr(n—N+1)]T are the

reference signal vectors of length N for the left and right
channels, respectively.
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Fig. 1. Block diagram of binaural FXLMS-based headphone ANC system

Fig. 2. Measurement setup for headphone ANC path recording.

The adaptive update rule is:

w;(n+1) = w;(n) + pei(n) xp(n) 3)

where p is the learning rate and and ¢ € {L,R} denotes
the channel index, corresponding to the left and right ears,
respectively.

The binaural FXLMS algorithm updates both control filters
using reference signals from both ears, enabling spatially aware
ANC processing in headphone systems.

B. Measurement Dataset

The measurement dataset was collected using a headphone-
mounted ANC system based on a dummy head (B&K 4128-
C). The setup is illustrated in Fig. 2, where broadband noise is
emitted by a loudspeaker placed at varying positions in front of
the subject. Reference microphones are mounted on the outer
shell of the headphones, while error microphones are embed-
ded near the ear canal. The measured signals were digitized
and recorded using a dSPACE DS3604 system at a sampling
rate of 48 kHz. Based on the recorded signals, the primary
path models P.(z) and P.(z), as well as the secondary path
S(z), were identified using system identification techniques.

To capture spatial variation in primary acoustic paths, we
performed controlled recordings in an acoustic booth treated
with sound absorption to suppress reflections and reverbera-
tions, as shown in Fig. 3A. A single loudspeaker served as the
noise source, and the dummy head was rotated horizontally
to simulate noise incidence from different angles. The mea-
surement covered 8 azimuthal directions (0° to 360° at 45°

Fig. 3. Experimental measurement setup for headphone ANC path. (a)
acoustic booth layout; (b) noise source positions covering 8 azimuths and
3 distances.
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resolution) and 3 radial distances (0.2m, 0.5m, and 1.0m), as
depicted in Fig.3(b).

This results in a total of 24 unique spatial configurations for
each ear, enabling the evaluation of spatial generalization per-
formance under various sound source directions and distances.

III. MODIFIED MODEL-AGNOSTIC META-LEARNING FOR
CONTROL FILTER INITIALIZATION

A. Model-Agnostic Meta-Learning

Unlike conventional training that optimizes a single model
on a specific dataset, meta-learning often described as learning
to learn[26], trains a learner to adapt quickly across a distri-
bution of related tasks rather than optimizing a single model
on a specific dataset. Each task supplies two small splits: a
support set for a few adaptation steps and a query set for
evaluating the adapted model[27]. The aim is to learn meta-
parameters such as an initialization or an update rule that, after
this short within-task adaptation, minimize the expected loss
on the query sets across tasks. This two-level optimization is
well suited to settings where deployment conditions change
and only short data segments are available per condition[28],
[29].

Within this meta-learning setup, model-agnostic meta-
learning provides a gradient-based instantiation[30]. It learns
a shared initialization ® so that tasks 7 ~ p(7) can be solved
with a few gradient steps and little data. For each task 7, we
set WS—O) = & and take K gradient updates on its support set
to obtain the adapted parameters W-,—K). The outer objective
then updates ® to minimize the expected validation loss after
adaptation:

P* = arg mqin Erpr) [Eval(wg())}. 4

where L., is the loss function that evaluates the loss of

(K 9 . . . .
w; ~ on the task’s query set and its exact form is application
dependent. Variants that approximate or reparameterize the
meta-gradient include first-order methods [31] and implicit-
gradient approaches [32].

B. MAML initialization for ANC

In headphone ANC the operating condition is defined by the
source direction and distance, with the measured secondary
path held fixed. We treat each such condition as one task.
For every task we generate independent white-noise audio
segments; some segments form the support set for K inner
updates and the remaining segments form the query set for
validation. The inner loop follows the FXLMS update with
filtered references. The outer objective then updates the ini-
tialization ® to reduce the average query error across tasks.
We use a first-order meta-gradient for the outer update to
avoid backpropagating through the FXLMS recursion [24]. The
details of each step are as follows:

Algorithm 1 Pseudo code of the modified MAML algorithm
for multi-reference ANC
1: Input: Reference signal track x., correspond disturbance
signal track d., secondary-path model s
2: Initialized: Meta control filter ®, total epochs K, step
size yu, forgetting factor A\, meta-learning rate o
: /* Across-task loop */
: for epoch i =1 to K do
/* Within-task training */
Sampling x;(n) from x., d(n) from d., and get

correspond filtered references x(n)

7: Initialize filter w ? [

s e(n) = d(n) — X1, X (n) W,
: for j =1to J do

10: wj < w; + pe(n)xi(n)

11: end for

12: /* Within-task testing */

13: fort=0to N —1 do

14: ef(n—1t) «dn—t)— Zj:l wlx;(n—t)
15: end for

16: /* MAML.-update */

17: for j =1to J do

18: A®; 4= SV A el (n — ) xj(n — 1)
19: (I)j < (I)j + OéA@j, Aéj +~—0

20: end for

21: end for

1) Within-task Training: Given a sampled task, we draw
a short segment of reference signals x;(n) and disturbance
d(n) from the training set. Each reference is filtered through
an estimated secondary path §; to generate the filtered input:

x5(n) = §; * x;j(n). (5)

Let the meta-initialized control filter be ® = [®4,...,® ],
which is copied to task-specific filter w;(0) = ®;. The error
signal at each time 7 is:

e(n) =d(n) — ZX;-T(n)Wj(n). (6)

The filter is then updated using the filtered-x LMS rule:
w;(n+1) = w;(n) + pe(n) xj(n), )

where p is the step size for adaptation.

2) Within-task Testing: After adaptation for N iterations,
the updated control filter w;(N) is evaluated on a separate
test segment from the same task. The post-adaptation error is
computed as:

J
ef(n—t) = d(n—t) = > wjx;(n—t), t=0,...,N-1.
j=1

®)
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3) Meta-update: To update the meta-initialization ®, the
gradient of the meta-loss is computed. For each reference
channel j, we compute:

N—-1
AP, = Z Mel(n—t) xj(n—t), )
t=0
where A € (0,1] is a temporal forgetting factor emphasizing
recent errors. The meta-parameters are updated using gradient
descent[30]:
@j — q’j+OéA'1’j, (10)

where « is the meta-learning rate.

4) Across-task Iteration: In the outer loop, K epochs are
executed. At each epoch, one meta-training task (a direc-
tion—distance configuration) is drawn uniformly. Fresh support
and query segments are generated from independent band-
limited noise, while the secondary path model is held fixed.
The task is processed as follows: initialize the task filter by
w < ®; perform within-task training using the FXLMS up-
dates; evaluate the post-adaptation error on the query segment;
compute the channel-wise meta-gradient via (9); and immedi-
ately update the meta-parameters using (10). The accumulator
is then reset, A® <+ 0, and the next epoch proceeds with a
newly sampled task.

IV. SIMULATIONS AND ANALYSIS
A. Experimental Setup

In this section, we evaluate the spatial generalization and
online adaptation based on the measured headphone ANC
dataset described in Section II. The spatial layout of source
positions is shown in Fig. 4. Six positions (marked as blue)
serve as meta-training tasks for MAML, and a single-location
FXLMS baseline is trained at the position (marked as yellow)
near T1. Three unseen test positions (marked as red, T1-T3)
cover distinct directions and distances.

For each spatial task, independent band-limited white-noise
segments (200-700 Hz) were generated. Support segments
were used for within-task updates and query segments for

Single-location training position 90°
I MAML training position e a i SRy,
B Test position 1359 .~

Fig. 4. Selected primary source positions used for training and testing

TABLE I
NOISE REDUCTION COMPARISON OF INITIALIZATION
STRATEGIES WITHOUT ADAPTATION

Initialization Strategy Ear T1 T2 T3
Zero Left / Right 00dB 00dB 0.0 dB
Singlelocation Left 53dB  -06dB  2.6dB
g Right 32dB  -66dB 4.6 dB
Left 60dB  61dB 148 dB
MAML-front Right 53dB  81dB  13.1 dB
. Left 94dB 104 dB 15.1 dB
MAML-omni Right 93dB  13.0dB 126 dB

validation. The secondary path was fixed to the measured
model. Unless stated otherwise, the metric is noise reduction
in dB relative to the original sound power level (SWL).
For adaptation experiments, FXLMS was run for 5 s with a
common step size ;4=0.001; adaptation begins at 0.5 s.
Four initialization schemes were compared:
o Zero initialization: all coefficients initialized to zero.
« Single-location initialization: FXLMS pre-trained at the
yellow position in Fig. 4.
« MAML-front initialization: meta-initialization trained
on 3 forward-facing positions (45°, 90°, 135°).
e MAML-omni initialization: meta-initialization trained
on 6 distributed positions (blue in Fig. 4).

B. Initialization-Only Generalization (No Adaptation)

The effect of initialization was isolated by evaluating
the 4 strategies at T1-T3 without further adaptation. Ta-
ble I summarizes the results. Two points can be found. (i)
Both meta-initializations offer a stronger starting point than
Zero or Single-location at all test positions. MAML-omni
reaches 9.4/9.3 dB (left/right) at T1, 10.4/13.0 dB at T2, and
15.1/12.6 dB at T3. MAML-front is consistently weaker than
MAML-omni yet clearly better than the baselines, reaching
6.0/5.3 dB at T1, 6.1/8.1 dB at T2, and 14.8/13.1 dB at
T3. In contrast, Single-location transfers poorly to T2, with
—0.6 dB on the left and —6.6 dB on the right. (ii) The breadth
of spatial coverage during meta-training is important. The
broader coverage of MAML-omni yields the most consistent
gains across directions. At T3, which is locally similar to
several training directions, both meta-initializations deliver
their largest improvements, indicating that the learned prior
captures reusable spatial structure.

C. Online Adaptation and Convergence

Convergence was assessed by running FXLMS from each
initialization; Fig. 5 shows mean-square-error trajectories at
T1 (180°, 0.5 m), T2 (315° 1.0 m), and T3 (90°, 0.2 m).
Across all cases, MAML-omni converges fastest and attains
the lowest steady-state error. Single-location helps near its
training neighborhood (T1) but converges slowly and saturates
higher at T2, reflecting directional mismatch. At T3 the largest
gains appear for both meta-initializations, consistent with local
similarity to several training directions; MAML-omni remains
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(a) MSE at T1 under different initializations

(b) MSE at T2 under different initializations
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(c) MSE at T3 under different initializations
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MSE at left error under different initialization strategies using FXLMS (stepsize = 0.001) at 2 test positions, adaptation begins at 0.5 s. (a) T1 located

at 180° and 0.5 m, (b) T2 located at 315° and 1.0 m, and (c) T3 located at 90° and 0.2 m.

best in both transient and final error. A mild decline before
0.5 s stems from the sliding-window MSE and short buffer
warm-up of the filtered references, not from weight updates.
All runs use the same step size (u = 0.001); right-ear results
follow the same pattern and are omitted for brevity.

D. Discussions

The main strengths are twofold. First, good generalization
is obtained at unseen source positions while using only a
small number of measured path configurations for training. The
meta—initialized filter already reduces error before adaptation
and shortens the transient once FXLMS starts, with no extra
run-time cost beyond a standard controller. Second, the ap-
proach remains compatible with classical ANC practice since
only an initialization is learned and the on-line adaptation is
still FXLMS, which preserves stability and interpretability.

There are, however, some limitations. Performance depends
on how the meta-training positions are chosen and on the spa-
tial coverage they provide. A single shared initialization cannot
fully represent multiple, widely separated operating regimes;
when the task shifts far in angle or distance, attenuation can
drop. The learned prior is also sensitive to secondary-path mis-
match and to the excitation band used during training, which
restricts high-frequency robustness. Using a sequential first-
order outer update reduces cost but increases gradient variance,
so the outcome is sensitive to the meta rate, adaptation step
size, and forgetting factor. Finally, the dataset measurement
was conducted in a controlled booth with a stationary head
and band-limited noise, reverberant rooms were not addressed.

V. CONCLUSIONS

This paper presents a regional meta-initialization framework
for binaural headphone ANC based on Model-Agnostic Meta-
Learning. By learning a shared initialization across spatially
diverse training tasks, the proposed method enables more
effective early-stage control and faster convergence during
real-time adaptation. Experimental evaluation on a measured
headphone paths dataset confirms that the MAML-initialized
controller consistently achieves lower steady-state error and
improved spatial generalization compared to zero and single-
location initializations. Notably, the framework demonstrates

robustness under noise source positions’ mismatch, validating
its potential for real-world ANC applications where noise
source directions vary dynamically. Furthermore, our analysis
reveals that the selection of meta-training directions signifi-
cantly impacts the performance of the initialization. MAML
trained on omni-directional positions generalizes better across
unseen source locations. Future work will focus on operation
in more realistic settings, including reverberant rooms, moving
sources, and head motion. Robustness to secondary-path drift
and nonstationary noise will be pursued via path perturbation
and data augmentation.
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