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Abstract—Deep neural network (DNN)-based acoustic noise cancellation
excels at modeling complex non-linear relationships in signal patterns
that are difficult for linear filters to handle. Recent work has studied
DNN-based feedforward (FF) and feedback (FB) control structures.
However, their inconsistent experimental settings prevent fair comparison,
and limited evaluation in a narrow range of acoustic conditions hinders
a comprehensive understanding of their effectiveness. In this work, we
present a unified framework that realizes FF and FB control structures to
better understand their cancellation mechanisms under various acoustic
conditions. In addition, it enables a hybrid (HB) control structure that
combines the FF and FB approaches, which has not been evaluated against
standalone DNN-based FF and FB configurations. We perform systematic
evaluations in various settings, including different disturbing signals,
reverberation conditions, source positions, room sizes, and mismatched
secondary paths. The evaluation results show that the effectiveness of FF
depends strongly on the modeling of the primary path and the acoustic
environment, the performance of FB varies less under different acoustic
conditions, and HB integrates the advantages of FF and FB.

1. INTRODUCTION

Acoustic noise cancellation (ANC) aims to attenuate unwanted ambient

noise at a cancellation point by playing an anti-noise with the same

amplitude but the opposite phase [1]–[4]. ANC is widely used in

close-ear headphones, where an ANC algorithm addresses narrowband

low-frequency attenuation, while ear cushions passively attenuate high-

frequency components [5], [6]. However, emerging devices such as

virtual reality (VR) headsets may necessitate open-ear ANC, which

requires effective broadband frequency attenuation. This work aims

to provide insights into the challenges involved in open-ear ANC.

Depending on how the disturbance is acquired, the active

cancellation of unwanted sounds can be achieved with different

control structures [2], [4], [7]: feedforward (FF), feedback (FB), and

hybrid (HB). The FF control system generates an anti-noise based on

primary noise captured by a reference microphone. The FB control

system relies solely on residue error signals recorded by an error

microphone. Additionally, the HB control structure makes use of

both the reference and error microphone recordings.

A widely used adaptive algorithm for implementing these control

structures is the filtered-x least mean square (FxLMS) algorithm and

its variants [2], [4], [8], [9]. In contrast to adaptive filtering, which

adjusts in real-time but has complexity and convergence issues, the

fixed-filter method pre-learns a set of control filters during training and

then selects the most appropriate filter to attenuate sounds during oper-

ation [10]. Recent work has further improved the FF fixed-filter method

by considering the filter selection as a classification task and utilizing

a deep neural network (DNN) as a classifier [11]. Luo et al. [12]

proposed to further fine-tune the selected filters during operation.

While these DNN-assisted approaches combining conventional signal

processing algorithms with deep learning techniques demonstrate

improved performance [11]–[13], they still inherit the limitations of

traditional signal processing algorithms, such as their linearity, stability

issues, and difficulty in handling non-stationary sounds [14], [15].

* Work done during the internship at Meta.

Thus, performance degradation may be observed when attenuating

real-world ambient noise under open-ear conditions, as such noise

typically features non-stationary and broadband characteristics.

In addition to DNN-assisted methods, fully DNN-based methods

have been proposed to learn a control module in an end-to-end manner.

Zhang et al. formulated the FF control system as an end-to-end su-

pervised learning problem in the short-time Fourier transform (STFT)

domain [16]. Further extensions include the use of a more advanced

architecture [17] and multichannel reference microphones [18]. DNN-

based FB algorithms that perform in the waveform domain have also

been proposed in [19], where the recursive feedback loop is modeled

with a recurrent neural network. A similar principle of using a DNN

model to replace the FB filtering module has been studied in [20], [21].

Despite the high performance reported in the literature, little is known

about their robustness under various acoustic conditions. Existing anal-

yses are often limited to a narrow range of acoustic environments (e.g.,

fixed noise positions, room sizes, and acoustic settings [16], [19])

and do not provide a full picture of their effectiveness. Yet, gaining

such understanding is essential to fully leverage the modeling

potential of DNNs. Moreover, independent development of FF and FB

control structures has led to variations in DNN architectures, training

strategies, and experimental setups. For instance, existing work on

DNN-based FF systems [16]–[18] is often implemented as frame-

based algorithms, whereas DNN-based FB methods [19]–[21] often

operate on a sample-by-sample basis. As it is not fair to compare

these approaches directly, their relative performance remains unclear.

To address these limitations, we present a unified framework that

facilitates comprehensive evaluation and fair comparison. The unified

framework can achieve FB and FF topologies and operates in a frame-

based causal manner. In addition, the framework implements the HB

control structure, which, to the authors’ knowledge, has not been

explored in DNN-based studies. Rather than restricting the evaluation

to a limited number of configurations [16], [17], [19], our analysis

extensively examines the impact of acoustic simulation techniques

(such as the image source (IS) and ray tracing (RT) methods [22],

[23]) and environmental variations (such as disturbing source types,

reverberation conditions, source positions, and room sizes) on their per-

formance. Further studies examine their stability to acoustic changes

in the secondary path between training and testing. The experimental

results provide insights into the effectiveness and robustness of ANC

control structures across diverse acoustic conditions.

2. PROBLEM STATEMENT

In this work, we consider an ANC system that attenuates an unwanted

signal d(t) at the cancellation point by emitting a compensation signal

y(t) through a loudspeaker. t indexes samples in the time domain.

The control signal y(t) propagates through an acoustic path S(z), also

called a secondary path, reaches the cancellation point as an anti-sound

y′(t), and destructively superimposes with d(t): e(t)=d(t)−y′(t).
e(t) is the residual error signal and is recorded by the error microphone

placed at the cancellation point. S(z) denotes the z-transform of s(t).
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In a FF control system, the control signal y(t) can be generated by

an ANC module filtering the signals x(t) recorded by a reference mi-

crophone. This ANC module, denoted as fFF(·), can usually be realized

by a FxLMS-based adaptive filtering method. The effectiveness of the

FF system is often related to the coherence of the disturbance at the ref-

erence and error microphones. fFF(·) is optimized to model the primary

path (an acoustic path between the reference and error microphones)

while also considering the secondary path. Additionally, it is possible

to leverage spatial information when multiple reference microphones

are available. In this setup, we consider multichannel reference signals,

as will be described later in Section 3.1. In contrast, the FB system

relies only on the error microphone and recreates the disturbance at

the cancellation point with an estimated secondary path S′(z):

d′(t)=e(t)+y(t)∗s′(t), (1)

where ∗ denotes the linear convolution. In traditional FxLMS-based

FB algorithms, the regenerated signal d′(t) can be used by a FB ANC

control module, fFB(·), in the same way as the reference signal in the

FF system. Finally, the HB system combines the FF and FB principles

and generates control signals using both the disturbance at the

reference microphone and the residue signal at the error microphone.

3. A UNIFIED FRAMEWORK FOR DNN-BASED ANC
We present a unified DNN-based framework that can realize FF and

FB control structures, as well as their combination in a HB system.

3.1. DNN-based FF Control Structure
The DNN-based FF system can be implemented by replacing the tradi-

tional filtering module with a DNN, denoted as fFF(·). By collecting or

simulating paired data from the reference and error microphones, we

can formulate the FF system as a supervised learning problem, follow-

ing [16]. By incorporating the secondary path into the forward process,

the DNN can be optimized using a loss function like mean squared

error (MSE). We model the signal in frames rather than processing

it sample by sample to avoid the computational complexity caused

by running a DNN frequently, which is specifically expensive at high

sampling rates. However, one disadvantage of block-based ANC is the

delay caused by the frame length [24]. This can be alleviated to some

extent by incorporating a prediction module with parametric signal pro-

cessing techniques [25], [26]. Given the high complexity of real-world

signals such as speech and environmental noise, a data-driven DNN

offers a more powerful alternative for the prediction of future content.

Thus, we use a DNN to achieve not only control signal generation,

but also future prediction, i.e., predicting a control signal for the n-th

frame by processing only the reference signal up to the n−1-th frame.

Following the success of STFT representations in speech and audio

signal processing [27], [28], the DNN can take as input the STFT

representations of reference microphone signals and output time-

frequency representations of control signals [16]. This is followed by

the standard inverse Fourier transform and overlap-add procedures. For

STFT representations, the window length is typically set to balance

the time and frequency resolution, e.g., 20 ms. However, this window

length poses challenges for DNNs attempting to make frame-based

predictions. To remedy this limitation, we use a shorter window for syn-

thesis while maintaining a longer analysis window. This enables DNNs

to predict short frames without compromising frequency resolution.

Modern devices like smart glasses or headsets are often equipped

with multiple microphones. We assume a reference microphone array

surrounding the cancellation point, where the cancellation point can

be analogized to the inside of the ear canal. The microphone array

provides a multichannel reference signal Xn = {xc
n}c=C

c=1 , adding

spatial information compared to the single-channel case. C denotes the

Fig. 1: DNN-based ANC performing frame-by-frame inference. hn−1 denotes
internal representations of the DNN. Bufferi and Buffero denote the input
and output buffers for handling a long analysis window and the overlap-add
reconstruction, respectively. HB concatenates spectral representations as input.

number of reference microphones and xn={xn(m)}m=M
m=1 denotes

the n-th frame signal in the time domain, where m indexes the samples

within a frame and M can be set according to the window length of

the STFT. Finally, the FF system can output the n-th frame control

signal yn by processing the reference signal of the preceding frames:

yn=fFF(Xn−1,···,X1). (2)

Given aligned STFT representations of the reference and error

microphones, future prediction can be achieved by zero-padding the

reference microphone representations with two time-frequency frames

at the beginning and trimming the same length from the end, where the

two-frame padding is due to the overlap-add process in reconstruction.

The DNN-based FF system models the primary path, and its

difficulty escalates further when combined with the task of future

prediction necessary for causality constraints [29]. This work includes

the causal FF control structure as part of the unified framework.

3.2. DNN-based FB Control Structure
Wearables, such as headsets, can capture residual signals entering the

ear when an error microphone is placed near the ear canal opening.

When the loudspeaker is positioned close to the ear canal, it creates

a low-latency secondary path. These factors enable the development

of FB systems that rely only on error microphone signals. Similarly,

the FB control module can be achieved by utilizing a DNN:

yn=fFB(en−1,···,e1). (3)

Rather than processing the error microphone signal sample by sample

as in [20], [21], here we conduct frame-based processing, and the

prediction scope can be explicitly controlled by the short synthesis win-

dow length discussed in Section 3.1. The FB algorithm regenerates the

primary noise at the error microphone, denoted as d′(t), and its frame-

based representation is d′
n. The regenerated noise signal is then used

to predict the control signal for the subsequent frame. However, this

recursive nature leads to a slow training process. This situation changes

if we assume a perfectly estimated secondary path S′(z), leading to

a regenerated signal that perfectly matches the primary disturbance,

d′(t)=d(t). Thus, the FB system can be treated as sequence learning

during training, akin to autoregressive modeling, while during infer-

ence, it can optionally operate in a streaming mode when d′(t) �=d(t),
i.e., processing signals frame by frame as illustrated in Fig. 1.

While the adaptive FB system needs to consider stability and

convergence behavior [6], [14], [30], the fixed-filter methods are

alternative solutions. The DNN-based FB ANC operates similarly

to pre-optimized control filters but with a much more powerful

predictive ability powered by its data-driven nature.

3.3. DNN-based HB Control Structure
The HB systems combine the FF and FB control topologies. While

it is possible to simply combine the two independent DNN modules,

this would increase the system complexity and may require an

additional merging module. Instead, we jointly process the signals
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Top view

Side view

Fig. 2: Illustration of a simulation setup with 5 reference microphones, 1
error microphone, and 1 loudspeaker.

from the reference and error microphones and learn a DNN to output

the spectral representations of a single control signal:

yn=fHB(Xn−1,···,X1;en−1,···,e1). (4)

The joint processing has the benefit of predicting with a broad

understanding of the zone around the cancellation point. In contrast,

the FF system needs to infer spatial characteristics at the error

microphone based on the reference microphone signals, whereas the

FB system has only the information of the cancellation point without

spatial knowledge of the surrounding space.

Despite progress in DNN-based FF [16], [17] and FB [19] systems,

independent development with inconsistent settings and limited

evaluations leads to an incomplete understanding of their relative

performance. Additionally, the DNN-based HB system remains

unexplored. Neither its cancellation behavior nor its comparative

performance against FB and FF have been thoroughly investigated.

This work explores these DNN-based methods in a unified framework

and presents a variety of evaluations to reveal the challenges involved.

4. EXPERIMENTS
Data Simulation: We simulate a uniform circular microphone array

with a radius of R and a centered error microphone, resembling a user

wearing smart glasses or headsets [31], [32]. The loudspeaker is placed

close to the error microphone with a vertical and horizontal shift of

γ. We synthesize disturbing sources using speech or noise databases

from the deep noise suppression (DNS) challenge [33]. We randomly

split the noise database into around 56k/7k/1.3k samples for train-

ing/validation/testing to train a noise-based ANC. This test set is called

DNS Noise. We further evaluate the noise-based ANC model on a test

set consisting of 300 samples randomly drawn from the NOISEX-92

dataset, including engine, babble, and factory [34] as in [16],

[19], referred to as NOISEX-92 Noise. Furthermore, we use the speech

database from the DNS challenge to train a speech-based ANC model,

following the same data split for training/validation/testing. The speech

test set is called DNS Speech. First, we create a fixed setup as in [16],

[17], [19], where we simulate a room of dimension 3×4×2.5 m using

pyroomacoustics [35]. The disturbing sound is positioned at 1.5×
1.3×1.0 m, and the microphone array is centered at 1.5×2.5×1.0 m.

Beyond the fixed setup, we randomly sample the disturbing source po-

sition from the gray area and vary the room size, as illustrated in Fig. 2.

The microphone array is then placed near the center of a room with a

small deviation uniformly sampled from [-0.1, 0.1] m. Another impor-

tant aspect is the simulation method to create room impulse responses

(RIRs). The IS method [22] can accurately model early reflections by

considering specular reflections. The RT method [23] can simulate dif-

fuse reflection effects by generating sound rays in random directions to

better simulate complex reflection patterns. This offers a more realistic

simulation of late reflections. Therefore, unlike previous work using

only the IS method [16], [17], [19], we use the hybrid simulator that

combines the IS and RT methods to examine the impact of more realis-

tic acoustic simulation on the performance of the broadband ANC prob-

lem. Unless explicitly stated otherwise, we use the hybrid simulator.

Fig. 3: Performance obtained on three test sets with a fixed source position
and room size. Values are shown in mean and 95%-confidence interval (CI).

Experimental Setup: All data have a sampling rate of 16kHz.

We transform data into their STFT representations, with an analysis

window length of 20 ms. We use a short synthesis window as

discussed in Section 3.1 and investigate four different synthesis

window lengths: 4 ms, 2 ms, 1 ms, 0.5 ms. The hop size is set

to half of the synthesis window length. We use asymmetric Hann

windows for the dual-window STFT [36]–[38]. The analysis window

combines the left and right halves of two square-root Hann windows,

as detailed in [37]. Power normalization is used at the synthesis stage

to ensure a perfect reconstruction of the STFT.

We employ the same UNet architecture as in [16] and adapt the

feature dimension of the encoder’s first convolutional layer for each

control structure: FF/FB/HB uses 5/1/6-channel signals. The real

and image parts of the STFT representations are stacked to form a

feature dimension. All models are trained with a MSE loss applied

to the anti-sound y′(t) and d(t) in the time domain. We train the

DNN with the Adam optimizer [39]. We set an initial learning rate

of 10−4 and half it every 25 epochs. In total, the DNN is trained

for 100 epochs and the weights that achieve the best validation

loss are saved for inference. We evaluate the performance using

a widely used performance measure normalized MSE (NMSE):

10 log10

∑
t(d(t)−y′(t))2

∑
td

2(t)
. The lower the NMSE is, the better the

model performs. When ANC is off, NMSE equals 0.

Results: We first evaluate the ANC systems (trained on the T60

range of [0.1,0.6]s) on the three test sets of the fixed setup in low

([0.1,0.4]s) and medium ([0.4,0.6]s) reverberation, as shown in Fig. 3.

(1) Predicting short frames is highly effective for signals with pre-

dictable contents like voiced segments in speech (DNS Speech), but less

so for highly nonstationary noise (DNS Noise). We observe that FF is

basically unaffected by the synthesis window length, probably because

the FF’s performance is largely impacted by the modeling accuracy of

the primary path. Last, for the relatively simple NOISEX-92 Noise, the

models may easily predict 4 ms ahead, thus showing insignificant gains

with a reduced synthesis window length. (2) FF and FB exhibit perfor-

mance degradation when the reverberation increases, with the decrease

being more pronounced on DNS Noise and DNS Speech, and less

severe on the simpler NOISEX-92 Noise. FF and FB perform compara-

bly on the three test sets in low reverberation, while FB is more robust

than FF in medium reverberation. This is because FF needs to predict

spatial characteristics at the location of the error microphone based on

the primary noise captured by the reference microphones. While FF

can perform this task reasonably well in environments with low rever-

beration, it struggles to perform robustly under higher reverberation
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Table 1: Performance on NOISEX-92 (T60∈ [0.1,0.4] s) is shown as mean
and 95 %-CI. * indicates a system failure (FB, HB) or not applicable (FF).

Distortions Control Structures
FF FB HB

Matched secondary path -8.22±0.34 -7.33±0.35 -9.83±0.34

Low pass (1k Hz) -5.11±0.52/* * / -5.03±0.52 * / -5.57±0.57
Low pass (500 Hz) -4.63±0.48/* * / -4.64±0.49 * / -4.96±0.53

Linear gain (±2 dB) -6.86±0.25/* -7.22±0.35 / -6.22±0.27 -9.42±0.32 / -7.95±0.22
Linear gain (±3 dB) -5.68±0.20/* -7.08±0.35 / -5.18±0.22 -8.95±0.31 / -6.44±0.18

Loudspeaker shift (1 cm) -7.88±0.33/* -7.31±0.35 / -6.99±0.35 -9.68±0.34 / -9.22±0.34
Loudspeaker shift (1.5 cm) -7.06±0.34/* * / -6.28±0.35 -9.25±0.36 / -8.13±0.38

conditions. This difficulty arises mainly because the late reverberation

of RIRs, featuring stochastic scattering effects modeled by RT, compli-

cates the accurate prediction of the control signal. This aspect will be

explored further in Table 2. (3) We observe that HB outperforms FB

and FF across all acoustic conditions. This may be primarily because

the HB algorithm uses both the reference microphone recordings and

the reconstructed signals at the error microphone, which implies a

better understanding of how sound energy is distributed around the can-

cellation point. Consequently, it enables the model to handle early and

late reflections more effectively. (4) Overall, future signal prediction

remains a bottleneck for all approaches. The HB algorithm has a supe-

rior spatial understanding of the space and surpasses FF and FB, where

the former struggles to accurately model the primary path, especially

under increased reverberant conditions, while the latter lacks spatial

understanding around the cancellation point and focuses only on spec-

tral content prediction, as it relies only on signal channel signals. For

the following experiments, we set the synthesis window length to 1 ms.

We investigate the models’ robustness against distorted secondary

paths [15] under the fixed setup. Table 1 presents the results as slash-

separated values: the first represents a condition where the system

continues using the previously perfectly estimated ̂S(z), even though

S(z) has changed in practice; the second applies the same distortion to

both. The distorted secondary path may lead to d′(t) �=d(t). Thus, we

perform frame-by-frame inference as illustrated in Fig. 1. We simulate

three types of distortions: second-order low-pass filtering with cutoff

frequencies of 500 Hz and 1 kHz; applying a multiplicative linear

factor randomly sampled from the range [ 1
f
,f ], where f is derived

from a gain of 2 and 3 dB; randomly moving the loudspeaker within

the sphere of radius 1 and 1.5 cm around the original training position.

(1) FF does not require ̂S(z) for signal regeneration but can be

affected by distorted S(z). For each type of distortion, the performance

decrease of FF correlates with the severity, with more severe distortions

causing greater degradation. However, severe mismatch of S(z) (e.g.,

low-pass filtering and loudspeaker shifting) may cause system failures

for FB and HB due to constructive interference of anti-noise and

numerical instabilities of DNNs in their recursive loops. (2) When FB

and HB systems do not experience system failures caused by distorted

S(z), they exhibit less performance decrease than FF, possibly because

their recursive signal regeneration process compensates for some

mismatches. (3) Applying the same distortion to S(z) and ̂S(z) creates

a mismatch with the training conditions. We observe that the FB and

HB systems are still able to handle mild mismatches, albeit with some

degradation in performance. (4) HB maintains the advantages over FB

for most distortions, because the primary noise captured by the refer-

ence microphones remains unaffected by the distorted secondary paths.

Finally, we move away from the fixed setup with the hybrid
simulator, which is shown in rows i, I, and a of Table 2 as reference,

and investigate how the fully DNN-based control structures learn

under various acoustic conditions, assuming undistorted and perfectly

estimated secondary paths. We progressively replace the more practical

hybrid simulator that combines the IS and RT methods with the IS

method only (IS only=True), alter the source position (Fix SP=False),

Table 2: Performance of various setups in the T60 range [0.2,0.4]s (mean
and 95%-CI). RS: room size; SP: source position; IS: image-source method.

Simulation setup Noise
Fix RS Fix SP IS only DNS Noise NOISEX-92

FF

i � � � -5.61±0.17 -8.62±0.35
ii � � � -11.07±0.23 -15.58±0.41
iii � � � -4.86±0.27 -11.37±0.61
iv � � � -3.53±0.22 -7.13±0.44
v � � � -2.50±0.17 -5.07±0.38

FB

I � � � -5.74±0.25 -8.32±0.32
II � � � -6.33±0.27 -10.94±0.40
III � � � -5.52±0.28 -11.26±0.43
IV � � � -4.79±0.25 -8.15±0.35
V � � � -4.48±0.24 -6.34±0.30

HB

a � � � -8.08±0.22 -10.49±0.32
b � � � -11.23±0.23 -15.72±0.41
c � � � -6.39±0.28 -12.90±0.49
d � � � -5.01±0.25 -8.51±0.36
e � � � -4.64±0.24 -6.59±0.31

and vary the room size (Fix RS=False). (1) When disregarding the

stochastic effects of late reverberations modeled by the RT method

and simulating the acoustic environments by only the IS method, its

deterministic nature is relatively easier for DNNs to learn, thus provid-

ing higher gains for all ANC models when training and testing in this

setup (see rows i and ii; I and II; a and b). As FB uses only temporal-

spectral information and is mainly constrained by signal predictability,

only a marginal performance gain is observed on highly non-stationary

DNS Noise (I and II). In contrast, this acoustic simplification favors

FF significantly. As specular reflections of rooms are relatively easier

for FF to model, it can better predict the spatial characteristics at the

error microphone. Thus, we observe that training and testing under

this condition results in considerably high performance gains (i and

ii). A similar trend can be observed for HB (a and b). Additionally,

HB tends to degenerate into FF due to the dominant performance of

FF in this simplified condition. (2) It becomes more challenging for

FF when the source position is not fixed (iii). In contrast, HB remains

relatively more robust (iii and c), which is due to less performance

variation exhibited by FB under varying acoustic conditions (III).

(3) Further performance decrease of FF can be observed when the

room size and source position vary simultaneously (iv) and meanwhile

switch back to the hybrid simulator (v). This highlights that FF is

susceptible to environmental changes, as it relies on both accurate

spatial modeling and room geometry information. Consequently, HB

degenerates into FB (d and IV; e and V) when FF struggles to model

the complex primary paths. (4) Overall, it is crucial to explicitly

incorporate the spatial information of the disturbances and the room

geometry, while also modeling the stochastic nature of reverberant

RIR tails, to develop a robust open-ear ANC system.

5. CONCLUSION
The goal of this paper is to provide a broad understanding of the

effectiveness of DNN-based ANC under various acoustic conditions.

For this, we have presented a unified framework for a systematic

evaluation of the frame-based FF and FB systems and proposed a

simple DNN-based HB extension. We have shown that FF performs

reasonably well when the primary path and acoustic environment are

modeled accurately, while FB maintains more consistent performance

in various settings. We observe the challenge of handling stochasticity

effects in reverberant conditions, especially for FF, and that future

prediction is a bottleneck for both systems, especially when dealing

with highly non-stationary disturbances. While the recursive loop of

FB can handle mild secondary path distortions, severe mismatches may

lead to system failures. Overall, the proposed HB extension exhibits

a more robust performance. It can incorporate the benefits of both

FF and FB when acoustic modeling is accurate, while still retaining

the performance of FB when the primary path is difficult to capture.
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