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ABSTRACT Replay attacks belong to the class of severe threats against voice-controlled systems,
exploiting the easy accessibility of speech signals by recorded and replayed speech to grant unauthorized
access to sensitive data. In this work, we propose a multi-channel neural network architecture called M-
ALRAD for the detection of replay attacks based on spatial audio features. This approach integrates
a learnable adaptive beamformer with a convolutional recurrent neural network, allowing for joint
optimization of spatial filtering and classification. Experiments have been carried out on the ReMASC
dataset, which is a state-of-the-art multi-channel replay speech detection dataset encompassing four
microphones with diverse array configurations and four environments. Results on the ReMASC dataset
show the superiority of the approach compared to the state-of-the-art and yield substantial improvements
for challenging acoustic environments. In addition, we demonstrate that our approach is able to better
generalize to unseen environments with respect to prior studies.

INDEX TERMS Replay attack, Physical Access, Beamforming, Spatial Audio, Voice anti-spoofing.

I. Introduction
In recent years, the use of voice assistants (VAs) has been
increasing for human-machine interaction, employing voice
as a biometric trait [1]. With VAs, it is possible to control
smart devices in our homes using Internet of things (IoT)
networks and transmit sensitive information over the Internet.
For this reason, malicious users started to attack audio-
based data to grant unauthorized access to personal data and
devices.

Generally, there are several types of attacks that a ma-
licious user can exploit toward an audio recording [2]. It
is possible to perform a logical access (LA) attack, i.e.,
applying text-to-speech (TTS) and/or voice conversion (VC)
algorithms to modify the speech content or imitate the user.
Lately, the deepfake (DF) attack showed how compression
and quantization operations to audio recordings can hide LA
artifacts.

Differently, with physical access (PA) attacks the objective
is to counterfeit the automatic speaker verification (ASV)
system at the microphone level. In this category, there are
impersonation attacks [1] and replay attacks [3]. The former
involves an attacker who is able to mimic the user speech of
the target to grant access through the ASV system. The latter,
instead, consists of a fraudulent recording of the genuine
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FIGURE 1. The problem of detecting the replay speech attack. In this
scenario, a genuine speech from a talker can be either directly
transmitted to a biometric system or intercepted by a spoofing
microphone, recorded, and replayed through a speaker. The replayed
speech, captured by the system, may be misclassified as genuine,
granting unauthorized access to private data. A countermeasure and
automatic speaker verification module are typically used to distinguish
between genuine speech and spoofed (replayed) speech.

speaker using a spoofing microphone, which is later replayed
to the ASV microphone. An example of a replay attack is
shown in Figure 1.

The research community has mainly focused its attention
on LA attacks by developing countermeasure (CM) models
that are responsible for detecting synthethic generation arti-
facts. In fact, several datasets have been published with the
aim to tackle these attacks, e.g., the ASVSpoof series [2],
[4]. However, voice is different to other biometric markers
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as it is always publicly exposed, easing the collection of
spoofed recordings by attackers from the target speaker [5].
This characteristic allows malicious users to easily perform
PA even without any professional audio expertise. In fact,
replay attacks can be performed by using commercial-off-
the-shelf (COTS) devices like smartphone and loudspeakers
with high success rates.

In the literature, several works have tried to mitigate
this type of attack by providing single-channel speech
datasets, such as RedDots [6], ASVSpoof2017 PA [7],
ASVSpoof2019 [8] PA, and ASVSpoof2021 PA [2]. Build-
ing upon these datasets, researchers have been deploying
various methods to address single-channel replay attack
detection, such as capsule networks [9], convolutional neural
networks (CNNs) with hand-crafted audio features combined
with time-frequency representations [10]–[12], and teacher-
student architectures to reduce the computational complexity
for real-time detection [13].

However, for speech enhancement and separation tasks,
microphone arrays are usually employed in ASV systems to
exploit spatial information and improve audio quality [14].
Moreover, multi-channel data can be beneficial for detecting
the replay detection for several reasons: (i) multi-channel
recordings encompass audio spatial cues that can help the
detection [3], [15], and (ii) this spatial information cannot
be easily counterfeited by an attacker, differently to single-
channel data where temporal and frequency cues can be ma-
nipulated to fool an ASV system [16]. Unfortunately, single-
channel replay detectors do not exploit spatial information
from multi-channel recordings. In this regard, single-channel
replay detectors demonstrated poor generalization capabil-
ities across different environments and devices on multi-
channel data [3]. Moreover, there is a lack of datasets and
models that are capable to collect and detect replay attacks
based on multi-channel recordings. Realistic Replay Attack
Microphone Array Speech (ReMASC) is the only publicly
available dataset that encompasses real multi-channel audio
samples, including different microphone arrays, playback
devices, and environments. The baseline of this dataset was
CQCC-GMM [15], which is a Gaussian mixture model
(GMM) classifier trained on constant-Q cepstral coefficients
(CQCCs). The authors of the database also proposed a
convolutional recurrent neural network (CRNN) which acts
as both a learnable and adaptive time-domain beamformer
with a CRNN replay attack classifier [3].

Recent works in state-of-the-art (SOTA) focused on
hand-crafted single-channel features with simple classifiers
(such as CNNs and GMMs) after a beamforming phase
(TECC [17], CTECC [18], and ETECC [19]). However, all
these methods suffer from generalization capabilities, i.e.,
changing the acoustic properties on the test set yields random
guess predictions. This problem also occurs with single-
channel utterances [11]. In addition, performance for known
environments is still not enough for production stage.

To tackle the aforementioned problems, the contributions
of this work are:

• The definition of a novel Multi-channel Replay Attack
Detector that exploits a Learnable time-frequency
Adaptive beamformer to classify between genuine and
spoofed audio recordings, namely M-ALRAD. It in-
cludes a time-frequency beamformer and a CRNN
classifier.

• We define a beamformer regularization during the train-
ing process to enhance the generalization capabilities of
M-ALRAD to unseen environments.

• Comparisons with the state-of-the-art show the effec-
tiveness of the proposed approach in all the microphone
configurations. In addition, we demonstrate that our
approach is able to better generalize in environments
where no a-priori knowledge is available about acoustic
properties with respect to SOTA methods.

The paper is organized as follows. Section II introduces
the proposed multi-channel replay attacks, illustrating the
learnable beamformer, the deep neural network (DNN) that
performs the classification, and the dataset under-analysis.
Then, experimental results are shown in Section III, com-
paring different DNN configurations and SOTA approaches.
Finally, possible future works and conclusions are drawn in
Section IV.

II. Proposed method
In this section, the architecture of M-ALRAD is depicted.
The structure of the section is as follows. First, the prob-
lem statement of this paper is shown. Then, we introduce
how multi-channel recordings are processed by the adaptive
learnable beamformer shown in Figure 2. Next, we describe
the DNN that is responsible for the replay attack detection.
Finally, we detail how the model is optimized during the
training process.

A. Problem statement
Given a recorded speech from an array with N microphones
x[n] = {xi[n], 0 ≤ i < N}, the aim of this work is to
identify whether the speech is genuine, i.e., produced by an
human speaker, or spoofed, i.e., recorded from the target
talker and then replayed again by using a loudspeaker.

B. Learning-based adaptive beamforming
Generally, beamformers are typically designed using ob-
jectives such as minimum variance distortionless response
(MVDR) [20] or multichannel Wiener filtering (MWF) [21],
which are optimized to minimize noise power or mean
squared error, while preserving the desired signal. While this
approach suits tasks like speech enhancement and separation,
where less distortion and noise improve performance, it can
undermine replay attack detection by removing key cues in
noisy or high-frequency components. As done in [3], a more
effective solution is to jointly optimize the beamformer with
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FIGURE 2. Overview of M-ALRAD. First, a multi-channel recording x[n] is channel-wise analyzed by means of STFT to extract complex spectrograms.
Then, the adaptive beamformer extracts a set of complex weights W that are used to obtain the final beamformed single-channel spectrogram X̂STFT .
Finally, a CRNN is employed to decide whether the recording is genuine or spoofed.

the replay attack detector by means of the back-propagation
algorithm.

In our method, we design a learning-based adaptive beam-
former. Specifically, the module is a CNN that analyzes
complex STFTs of the input multi-channel recordings to
output a single-channel beamformed complex STFT, i.e.,
fBM : CN×T×F → CT×F , where T and F denote the
number of time and frequency bins, respectively. Next, a
CNN is defined to process all the complex spectrograms and
to output the beamforming weights W ∈ CN×T×F . The
CNN is a sequence of Conv2D-BatchNorm-ELU-Conv2D
operations with nf 3 × 3 filters. Real and imaginary parts
are concatenated along the channel dimension, both at
the input and at the output of the learnable beamformer.
Specifically, the CNN outputs real and imaginary parts,
namely Wre ∈ RN×T×F and Wim ∈ RN×T×F respectively,
which are combined to compose the complex weights as
W = Wre + jWim. Finally, the beamformed single-channel
complex spectrogram X̂STFT ∈ CT×F is obtained by
summing all the input STFTs multiplied by the beamforming
weights as

X̂STFTt,f
=

∑
n

XSTFTn,t,f
· wn,t,f . (1)

C. Convolutional recurrent neural network classifier
Given the single-channel complex spectrogram from the
beamformer, we employ a CRNN that has been already
used for speaker distance estimation from single-channel
recordings [22], [23]. Specifically, magnitude and phase
of the beamformed STFT are computed. We extract the
sin&cos features for each time-frequency point of the STFT

raw phase, i.e., sin(∠STFT{x}) and cos(∠STFT{x}). The
features are then arranged in a T × F × 3 tensor to be
processed by three convolutional layers. Each convolutional
block consists of a 2D convolutional layer containing Pi =
{P1, P2, P3} = {32, 64, 128} 1 × 3 filters, where i corre-
sponds to the i-th layer, followed by batch normalization.
Max and average pooling operation are computed in parallel
along the frequency dimension in order to be summed. The
applied activation function is the exponential linear unit
(ELU) [24]. The max and average pooling rate of each
layer is MP = {MP1,MP2,MP3} = {8, 8, 4}. Two bi-
directional gated recurrent unit (GRU) layers, with tanh(·)
as activation function, are applied to the feature maps from
the convolutional layers. In this implementation, each GRU
has 128 neurons. Finally, the hidden state of the last time
step from the GRU output is extracted, which represents the
final summary of the entire sequence, and converted into the
prediction ŷ ∈ R by means of a fully connected layer.

D. Beamformer regularization and classification loss
To increase the generalization capabilities of the proposed
approach, we propose to enforce complex orthogonality and
sparse weights in the learnable beamformer.

Specifically, since the matrix W is 3-dimensional, we
decompose the complex weights W ∈ CN×T×F into real
and imaginary parts, reshaping them into Wre ∈ RN×F×T

into RN×FT , and similarly for Wim

W = Wre + jWim, (2)

and enforce orthogonality independently on both parts:

VOLUME , 3



Neri et al. Multi-channel Replay Speech Detection using an Adaptive Learnable Beamformer:

Lortho =
∥∥WreW

T
re − I

∥∥
2
+
∥∥WimW

T
im − I

∥∥
2
, (3)

where I is the identity matrix. This is done by computing
their Gram matrices

Gre = WreW
T
re , Gim = WimW

T
im. (4)

Finally, the full regularization loss, including the sparsity
constraint, is:

Lreg(W) = λ (∥Gre − I∥2 + ∥Gim − I∥2)+
γ (∥Wre∥1 + ∥Wim∥1) .

(5)

where || · ||p is the p-norm, and {λ, γ} are used to combine
losses with different magnitudes. The last term imposes
sparsity of beamformer’s weights, encouraging stability and
prevent overly large or noisy weights in the learnable beam-
former.

Finally, the overall architecture is trained to distinguish
between genuine and replay recording by minimizing the
cross-entropy loss LCE(y, ŷ) between ground truth y and
prediction ŷ in conjunction with the beamformer regularizer

L(y, ŷ,W) = LCE(y, ŷ) + Lreg(W). (6)

E. Implementation details
Following [3], we only analyze the first 1 second of multi-
channel recordings to reduce the computational complexity
of the approach, as increasing the analysis segment length to
1.5 or 2 seconds was not found to improve the performance.
Separate models are trained for each microphone array.
Sampling rate for microphones {D1,D2,D3} is 44.1 kHz,
whereas for D4 it is 16 kHz. The STFT is computed with
a Hanning window of length 32 and 46 ms with 50%
overlap for 44.1 and 16 kHz, respectively. The number of
intermediate channels in the beamformer CNN is nf = 64.
The proposed model is then trained with a batch size of
32 using a cosine annealing scheduled learning rate of
0.001 for 50 epochs. We set λ = γ = 0.00001. These
hyperparameters have been selected based on a validation
set randomly extracted from the training set with a 90-10
split ratio. We re-weight the cross-entropy loss for each class
using the normalized reciprocal of the sample number of
the class in the training set to avoid the class-imbalance
problem. M-ALRAD is trained for approximately 50 minutes
on a NVIDIA GeForce RTX 4070. The average measured
inference time of a single multi-channel recording is around
10 ms. On average, M-ALRAD consists of 300k learnable
parameters. A version of the model is trained for each
microphone array.

III. Experimental results
In this section, we provide the results of our approach
on ReMASC dataset. In more detail, we compare the
microphone-wise performance of our approach with the
ReMASC baseline. Then, we analyze the effect of varying

the acoustical properties of the scenario. Finally, a compar-
ison with prior works and an ablation study are provided.

A. Evaluation
The ReMASC is used to assess the proposed approach [15].
The dataset features a wide range of speakers, with variations
in gender and vocal characteristics, providing diversity in
the multi-channel audio data. It also incorporates recordings
from four environments, including one outdoor scenario
(Env-A), two enclosures (Env-B and Env-C) and one moving
vehicle (Env-D), to capture different acoustic properties.
Two spoofing microphones are employed for recording the
genuine speech and then replayed using four different play-
back devices, including diverse quality. All recordings are
synchronized across 4 ASV microphones {D1,D2,D3,D4}
with 2, 4, 6, and 7 channels, respectively. In total, there
are 9, 240 and 45, 472 genuine and replay audio samples,
respectively.

To assess the performance of our approach and directly
compare with SOTA models, equal error rate (EER) metric
is used following the same train-test split provided by the
authors of the dataset [15]. To reduce the stochastic behavior
of training the proposed DNN, five independent runs are
collected to compute the 95% mean confidence intervals.

B. Results and comparison with baseline
Table 1 shows the microphone-wise performance comparison
to ReMASC baseline NN-Multichannel [3]. In addition, to
evaluate the effect of spatial information, we provide the
results for the case where a single-channel (the first of the ar-
ray) is replicated to each microphone channel and then fed to
the proposed DNN, namely ALRAD. The direct comparison
between M-ALRAD and NN-Multichannel shows that our
approach achieves better results across all the microphones.
Notably, an average decrease of 5% in terms of EER can
be highlighted, except for D1 where the improvement is
approximately 10%.

As noted in [3], the use of multiple channels proves advan-
tageous for the detection of replay attacks. However, in ac-
cordance with previous studies [3], [15], [19], it is important
to note that recognizing attacks becomes more challenging
with arrays that have more microphones. Specifically, while
using both channels of a binaural microphone improves
performance compared to a single channel, using arrays with
more microphones yields worse results. To better analyze this
behavior, receiving operating characteristic (ROC) curves of
the proposed approach for each microphone are depicted in
Figure 3.

C. Generalization across unseen environments
To assess the generalization capabilities of our approach, we
carried out dependent training procedures as in [15]. Specif-
ically, we assess the performance of the model when either
samples of the target environment are present (environment-
dependent) or not (environment-independent) in the training
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FIGURE 3. ROC curves for each microphone’s model.

TABLE 1. Microphone-wise comparison of EER (%) with ReMASC baseline.

Methods D1 D2 D3 D4

NN-Single [3] 16.6 23.7 23.7 27.5

NN-Dummy Multichannel [3] 16.0 23.2 24.5 25.2

NN-Multichannel [3] 14.9 15.4 16.5 19.8

ALRAD 5.5± 2.6 11.9± 2.2 19.5± 2.2 21.7± 2.1

M-ALRAD 5.2± 1.2 10.0± 0.9 10.4± 2.1 14.2± 0.8

set. For example, results for environment-dependent Env-A
are obtained by training M-ALRAD for each microphone
with all the environments, testing on Env-A, and averaging
the EERs. Regarding environment-independent on the same
environment, Env-A is not present in the training set, en-
abling the evaluation of M-ALRAD to unseen scenes.

Table 2 shows a comparison between SOTA approaches
and our replay attack detector. Generally, in the case when
the model has some a-priori knowledge of the environ-
ment, our approach outperforms the SOTA approaches in
the outdoor scenario and in enclosures with diffuse noise
and different speaker-microphone configurations. Instead, the
performance in the moving vehicle environment is slightly
lower with respect to the SOTA.

Prior works were not able to generalize when no samples
of the target environment are present in the training set.
Instead, our approach is able to better recognize the replay
attack in all the environment with large EER improvements.

D. Analysis on fixed and learnable beamformer
To demonstrate the effectiveness of the adaptive learnable
beamformer, Table 3 shows the performance of different
configurations of the beamformer, following the same ex-
perimental setup as in Section B. We analyzed the scenarios

TABLE 2. EERs (%) for environment-dependent vs. environment-

independent scenarios on ReMASC dataset.

Methods Env-A Env-B∗ Env-C Env-D

Environment-dependent
CQCC-GMM [15] 13.5 17.4 21.3 22.1

ETECC [19] 15.1 33.8 14.1 10.4

CTECC [18] 13.0 26.8 9.9 10.1

TECC [17] 13.4 27.9 10.3 9.1

M-ALRAD 8.1± 2.3 5.8± 2.4 7.5± 2.6 14.0± 2.0

Environment-independent
CQCC-GMM [15] 19.9 39.9 34.6 48.9

ETECC [19] 29.0 32.5 30.0 49.9

CTECC [18] 28.5 34.7 32.5 50.0

TECC [17] 26.8 35.4 31.8 50.0

M-ALRAD 13.8± 2.8 20.3± 3.1 15.1± 5.5 24.2± 2.4

Env-B∗ does not encompass D1 genuine utterances due to hardware fault during data collection.

where (i) a learnable beamformer is present but not adaptive,
i.e., single-channel weights W ∈ CF are learnable during
training and fixed during inference, (ii) same as (i) but
with multi-channel weights W ∈ CN×F , (iii) M-ALRAD
without any regularization, (iv) M-ALRAD without orthog-
onality regularization, and (v) M-ALRAD without sparsity
constraint.

It is important to note that the fixed beamformer, i.e.,
with predetermined weights W for all audio recordings,
performs similarly to the variable version when the number
of channels is low (2 and 4 channel microphones). However,
this configuration performs worse with the arrays D3 and D4,
with a decrease in performance of 6% and 1.3%. This could
be due to the number of microphones in these arrays, where
fixed complex beamforming weights cannot adapt to more
general scenarios.

In fact, using the adaptive beamformer in which the
weights W depend on the input audio, it is possible to better
generalize the task, providing better performance in scenarios
where SOTA models struggled to identify replay attacks due
to varying spatial characteristics.

Similarly, beamformer regularizations are more effective
with larger microphone arrays, as it can be inspected from
Table 3. Moreover, the combination of orthogonality and
sparsity constraints yielded the best performance, although
small EER improvements have been achieved by using only
one regularizer.

TABLE 3. Ablation study with respect to EER (%).

Methods D1 D2 D3 D4

(i) Learnable fixed single-channel bm 7.3± 2.6 12.3± 2.5 14.6± 1.1 19.9± 3.1

(ii) Learnable fixed multi-channel bm 5.8± 1.3 11.4± 4.1 16.5± 1.5 15.5± 2.1

(iii) Without any regularization 7.3± 1.8 12.2± 1.7 11.2± 4.5 23.0± 5.2

(iv) Without orthogonality 6.2± 2.4 9.4± 1.6 10.6± 5.8 17.1± 2.9

(v) Without sparsity 6.6± 1.0 8.7± 2.2 11.2± 4.5 17.8± 4.5

M-ALRAD 5.2± 1.2 10.0± 0.9 10.4± 2.1 14.2± 0.8
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E. Comparison with state-of-the-art
Since several previous works did not provide microphone-
wise performance, we report the mean EER, namely mEER,
across the entire test set in Table 4. From the global results,
the superiority of our approach is clear. Although we were
able to decrease the mEER from 14.7% to 10.0%, this error
rate still indicates significant room for improvement with
respect to other biometric traits.

TABLE 4. Comparison of mEER (%) with state-of-the-art approaches on

evaluation subset of ReMASC [15].

Methods mEER (%)

NN-Single [3] 22.9

NN-Dummy Multichannel [3] 22.2

Lexa [25] 18.9

TECC [26] 17.9

NN-Multichannel [3] 16.7

ETECC [19] 15.4

LCNN+GMM [18] 14.0

TECC [17] 14.7

M-ALRAD 10.0

It is important to highlight that other versions of M-
ALRAD, such as those investigated in Section D, gave
better performance from the SOTA, except for the case
where a single-channel is replicated, i.e., without exploiting
spatial information. This suggests that the combination of a
learnable beamformer and a CRNN as a classifier is enabling
SOTA performance.

IV. Conclusions
In this work, we proposed a novel replay attack detection,
namely M-ALRAD, based on a end-to-end DNN, which
includes a learnable and adaptive beamformer and a CRNN
that exploits spatial cues from the beamformed signal.
Specifically, it performs both time-frequency beamforming
and detection from multi-channel recordings. Experimental
results on the ReMASC dataset showed the superiority of
our approach with respect to the SOTA, reducing the mEER
by 4.7%. In addition, we designed a single-channel version,
namely ALRAD, to prove the efficacy to exploit spatial cues
in detecting replay speech attack. Finally, we demonstrated
that the use of an adaptive time-frequency beamformer with
multi-channel weights is helpful to tackle the replay speech
attack both in seen and unseen scenarios, providing better
generalization capabilities with respect to the SOTA. The
analysis of microphone array mismatches, including different
number of geometries and microphones, for replay speech
detection using multi-channel recordings is set as future
work.
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