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Abstract

Recent advances in audio generation led to
an increasing number of deepfakes, making
the general public more vulnerable to finan-
cial scams, identity theft, and misinformation.
Audio deepfake detectors promise to alleviate
this issue, with many recent studies reporting
accuracy rates close to 99%. However, these
methods are typically tested in an in-domain
setup, where the deepfake samples from the
training and test sets are produced by the same
generative models. To this end, we introduce
XMAD-Bench, a large-scale cross-domain mul-
tilingual audio deepfake benchmark compris-
ing 668.8 hours of real and deepfake speech.
In our novel dataset, the speakers, the gener-
ative methods, and the real audio sources are
distinct across training and test splits. This
leads to a challenging cross-domain evalua-
tion setup, where audio deepfake detectors can
be tested “in the wild”. Our in-domain and
cross-domain experiments indicate a clear dis-
parity between the in-domain performance of
deepfake detectors, which is usually as high as
100%, and the cross-domain performance of
the same models, which is sometimes similar
to random chance. Our benchmark highlights
the need for the development of robust audio
deepfake detectors, which maintain their gen-
eralization capacity across different languages,
speakers, generative methods, and data sources.
Our benchmark is publicly released at https:
//github.com/ristea/xmad-bench/.

1 Introduction

The recent development of powerful audio gen-
eration models, capable of synthesizing realistic
speech from text (Casanova et al., 2022; Huang
et al., 2022; Ju et al., 2024; Shen et al., 2024;
Tan et al., 2024) and precisely reproducing voices
(Jiang et al., 2023; Lee et al., 2023; Chen et al.,
2025), opened the path to new application domains.
Unfortunately, these advancements also led to an
increase in misuses, especially related to deepfake
generation. Indeed, it was recently reported that
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Figure 1: XMAD-Bench comprises 668.8 hours of real
and fake speech samples across seven languages: Arabic
(Ar), English (En), German (De), Mandarin Chinese
(Zh), Romanian (Ro), Russian (Ru), and Spanish (Es).
For each language, there are two sources of real samples,
enabling us to organize the dataset in a cross-domain
format. Best viewed in color.

the number of frauds based on deepfake increased
10-fold from 2022 to 20231. This is particularly
worrying for the audio domain, since it was found
that roughly 70% of the general public is not able
to tell if a voice is real or fake2. In this context,
accurately detecting deepfake audio content is of
utter importance.

To date, considerable research efforts have been
dedicated to advance audio deepfake detection,
most of the recent approaches being based on deep
learning models (Chen et al., 2023; Jung et al.,
2022; Liu et al., 2023; Tak et al., 2022). Impres-
sively, such models reached or even surpassed the
99% threshold in terms of audio deepfake detec-
tion performance on existing benchmarks (Croitoru
et al., 2024), such as ASVspoof 2019-LA (Wang
et al., 2020) and ASVspoof 2021-LA (Yamagishi
et al., 2021). However, due to the limitations of
existing audio deepfake datasets, audio deepfake
detectors are generally tested in an in-domain setup,

1Sumsub Expert Roundtable: The Top KYC Trends Com-
ing in 2024

2Artificial Imposters–Cybercriminals Turn to AI Voice
Cloning for a New Breed of Scam
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where the deepfake samples from the training and
test sets are generated by the same audio genera-
tion tools. Hence, the reported accuracy levels of
current audio deepfake detectors do not reflect the
actual performance of these models when tested
“in the wild”, where the speaker identity or the gen-
erative method remains unknown.

To this end, we introduce a novel benchmark for
cross-domain audio deepfake detection in multiple
languages. XMAD-Bench, which stands for Cross-
Domain Multilingual Audio Deepfake Benchmark,
contains 668.8 hours of real and fake speech across
seven languages: Arabic, English, German, Man-
darin Chinese, Romanian, Russian, and Spanish
(see Figure 1). XMAD-Bench comprises a variety
of languages, including both widely-spoken (En-
glish, Arabic) as well as less popular (Romanian)
languages. The dataset is balanced in terms of
the real versus fake sample distribution, containing
207K real samples and 207K deepfake samples.
XMAD-Bench also provides an official three-way
split of the data samples into a training set, an in-
domain test set and a cross-domain test set, such
that speakers are distinct across splits. More im-
portantly, the cross-domain test set contains real
audio samples from data sources that are distinct
from the training set, and deepfake audio samples
generated by a different set of generative methods
than the training set. This leads to a challenging
cross-domain evaluation setup, which allows au-
dio deepfake detectors to be tested “in the wild”.
Due to the fast pace of AI research, we emphasize
that generative methods can become obsolete in
3-4 years, so the ratio of known models in the test
set can drastically decrease over time. To take into
account the passage of time, we refer to the “cross-
domain” setting as “in the wild”. Nevertheless,
since we provide both in-domain and cross-domain
test sets, interested parties can easily combine sam-
ples from the two test sets to obtain an “in the wild”
setup with a desired ratio.

We conduct experiments with both convolutional
and transformer architectures, namely ResNet-18
(He et al., 2016), ResNet-50 (He et al., 2016), AST
(Gong et al., 2021), SepTr (Ristea et al., 2022),
wav2vec 2.0 (Baevski et al., 2020), and Whisper-
Large-v3 (Radford et al., 2023). The objective of
our experiments is to compare the in-domain and
cross-domain performance of neural models with
various configurations. Our results show that state-
of-the-art models are capable of reaching extremely
high accuracy rates (usually close to 100%) on the

in-domain test split, but they fail to maintain their
strong performance in the cross-domain setting.
The obvious disparity between the in-domain and
cross-domain performance of state-of-the-art mod-
els indicates that more research efforts need to be
dedicated to the development of robust audio deep-
fake detectors, which maintain their generalization
capacity across different speakers, generative meth-
ods, and data sources.

In summary, our contribution is twofold:

• We introduce XMAD-Bench, a large-scale
cross-domain multilingual audio deepfake
benchmark comprising 668.8 hours of real
and deepfake speech across seven languages.

• We carry out comprehensive in-domain and
cross-domain experiments to evaluate audio
deepfake detectors based on state-of-the-art
neural architectures, showing that such mod-
els exhibit generally poor generalization ca-
pacity.

2 Related Work

The scientific community uses a relatively small
number of existing datasets to assess the effective-
ness of audio deepfake detection methods. Such
datasets usually contain a single language, which
limits their usage in multilingual scenarios, with
only a few exceptions, such as MLAAD (Müller
et al., 2024) and WaveFake (Frank and Schönherr,
2021), comprising multiple languages for spoofed
audio detection. Some of the most popular datasets
correspond to the ASVspoof challenges, especially
the 2019 and 2021 editions (Wang et al., 2020; Ya-
magishi et al., 2021), which encouraged research in
anti-spoofing methods for Automatic Speaker Veri-
fication (ASV). Both datasets contain only English
samples based on the Voice Cloning Toolkit cor-
pus (Yamagishi et al., 2017). ADD 2022 (Yi et al.,
2022) and ADD 2023 (Yi et al., 2023) introduce var-
ious scenarios, such as low-quality fake audio de-
tection, partially fake audio detection and deepfake
algorithm recognition, with a corresponding dataset
for each task. They are based on the AISHELL
Mandarin speech corpus (Bu et al., 2017; Shi et al.,
2021; Fu et al., 2021) and contain fake samples gen-
erated with various text-to-speech (TTS) and voice
conversion (VC) systems. WaveFake (Frank and
Schönherr, 2021) consists of English and Japanese
fake samples generated with different TTS models,
starting from real clips from the LJSPEECH (Ito
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and Johnson, 2017) and JSUT (Sonobe et al., 2017)
datasets. Reimao and Tzerpos (2019) proposed
the Fake or Real (FoR) dataset, with real English
clips collected from open-source datasets, such as
LJSPEECH (Ito and Johnson, 2017), Arctic, Vox-
Forge, and social media platforms such as YouTube.
The fake samples are generated using both open-
source and commercial TTS systems.

To evaluate the performance of deepfake detec-
tion models in a cross-dataset scenario, Müller
et al. (2022) trained several detectors on the
ASVspoof2019 (Wang et al., 2020) dataset and
reported results on their novel dataset, called
MLAAD. They observed a large performance drop,
questioning the generalization capability of various
deepfake detectors. MLAAD (Müller et al., 2024)
includes samples synthesized from the M-AILABS
Speech Dataset (Solak and Naumov, 2019), being
one of the few datasets that contains fake audio
samples covering multiple languages. For the ma-
jority of languages (not part of M-AILABS), the
authors generated fake samples by translating En-
glish text samples into additional target languages
and then using state-of-the-art TTS models. De-
spite the large number of languages covered by
MLAAD, it contains only fake samples. There-
fore, to train a deepfake detector, one also needs a
dataset of real samples, containing exactly the same
set of languages as MLAAD, but this is not the case
for M-AILABS. If the training language sets for
real and fake samples are different, the deepfake
detector can suffer from significant language bi-
ases, i.e. it can mislabel samples in languages for
which the real or fake samples are missing. In
contrast, we mitigate this problem by construct-
ing a balanced dataset that includes both real and
synthesized samples in all target languages. More-
over, MLAAD itself is not organized to support
out-of-domain evaluations, making results reported
in different papers hard to compare. In contrast,
XMAD-Bench provides a clear organization via
an official split that is publicly released, enabling
direct comparisons without having to reproduce or
retrain models in distinct setups.

A number of concurrent works proposed speech
datasets for deepfake detection in multiple lan-
guages (Huang et al., 2025; Sharma et al., 2025).
SpeechFake (Huang et al., 2025) offers support
in 46 languages, while IndicSynth (Sharma et al.,
2025) covers 12 low-resource Indian languages.
Nonetheless, these benchmarks do not specifically
address the cross-domain evaluation setup, which

enhances the relevance of our contribution.
Li et al. (2024) identified the generalization is-

sue of deepfake detectors, proposing a monolingual
cross-domain dataset for audio deepfake detection,
called CD-ADD. The dataset contains 300 hours
of speech generated by five zero-shot TTS models,
hence the cross-domain nature. The authors also
make use of the ASVSpoof2019 dataset, as well
as pre-trained speech encoders, such as wav2vec
2.0 (Baevski et al., 2020) and Whisper (Radford
et al., 2023). The dataset is affected by several per-
turbations, called “attacks”, which simulate real-
world noise and significantly affect the detection
performance. The work does not use any real
speech data and does not make an explicit effort to
accommodate multiple languages.

The results obtained by the latest deepfake detec-
tion models tend to saturate existing benchmarks,
with GNN-based methods, like AASIST (Jung
et al., 2022; Tak et al., 2022), transformer-based
methods, like Rawformer (Liu et al., 2023), and
other models (Rosello et al., 2023; Truong et al.,
2024) reporting EER values of around 1%. We con-
jecture that the performance of such models would
drop significantly when these models are tested
on a dataset that would include audio clips from
diverse speakers, recorded in different conditions
and with spoofed samples generated by different
methods. To the best of our knowledge, XMAD-
Bench is the first multilingual cross-domain dataset
for audio deepfake detection, containing both real
and fake samples. Moreover, XMAD-Bench is
the largest dataset of its kind, being more than
twice as large as recent large-scale datasets, such
as MLAAD (Müller et al., 2024) and CD-ADD (Li
et al., 2024).

3 Dataset

3.1 Overview

The XMAD-Bench dataset consists of real au-
dio clips collected from various existing speech
datasets, and corresponding fake clips generated
based on the real ones. Each real clip has a match-
ing fake version, generated using text-to-speech
(TTS) and voice conversion (VC) tools, which pre-
serve the text content and speech characteristics of
the original. The dataset includes speech samples
in Arabic, English, German, Mandarin Chinese,
Romanian, Russian, and Spanish. For each lan-
guage, the clips are sourced from two datasets, one
designated for training and in-domain testing, and
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Total Average
len. (h) len. (s)

A
ra

bi
c Training CommonVoice fairseq+KNN-VC, fairseq+FreeVC 68.46 56,114 4.39 204

In-Domain Test CommonVoice fairseq+KNN-VC, fairseq+FreeVC 24.63 20,488 4.32 52

Cross-Domain Test MASC XTTSv2 23.80 12,984 6.59 1,502

E
ng

lis
h

Training CommonVoice VITS+KNN-VC, XTTSv2 114.05 75,000 5.47 885
In-Domain Test CommonVoice VITS+KNN-VC, XTTSv2 33.99 21,368 5.73 222

Cross-Domain Test M-AILABS VITS+OpenVoice, GlowTTS+FreeVC, 82.41 39,690 7.47 3VALL-E-X, YourTTS

G
er

m
an

Training CommonVoice fairseq+OpenVoice, XTTSv2 17.73 11,672 5.47 60
In-Domain Test CommonVoice fairseq+OpenVoice, XTTSv2 4.89 3,262 5.40 15

Cross-Domain Test M-AILABS Tacotron2-DDC+FreeVC/KNN-VC, 6.78 3,100 7.88 5VITS+FreeVC, VITS+KNN-VC, YourTTS

M
an

da
ri

n Training CommonVoice Tacotron2-DDC-GST+KNN-VC, Bark+FreeVC 16.56 11,766 5.06 821
In-Domain Test CommonVoice Tacotron2-DDC-GST+KNN-VC, Bark+FreeVC 2.81 2,010 5.04 45

Cross-Domain Test AISHELL-3 MeloTTS+OpenVoice, 1.85 2,002 3.33 95VALL-E-X, XTTSv2

R
om

an
ia

n Training CommonVoice VITS+KNN-VC, VITS+FreeVC 25.20 25,934 3.50 144
In-Domain Test CommonVoice VITS+KNN-VC, VITS+FreeVC 4.72 4,886 3.47 26

Cross-Domain Test VoxPopuli VITS+OpenVoice 18.77 6,672 10.13 38

R
us

si
an Training CommonVoice VITS+KNN-VC, XTTSv2 86.65 56,126 5.56 158

In-Domain Test CommonVoice VITS+KNN-VC, XTTSv2 17.08 11,318 5.43 40

Cross-Domain Test M-AILABS VITS+OpenVoice 89.52 34,702 9.29 3

Sp
an

is
h

Training CommonVoice fairseq+OpenVoice, XTTSv2 18.75 10,436 6.47 65
In-Domain Test CommonVoice fairseq+OpenVoice, XTTSv2 4.05 2,258 6.47 17

Cross-Domain Test M-AILABS
MeloTTS+FreeVC, MeloTTS+KNN-VC,

6.13 3,070 7.19 3Tacotron2-DDC+FreeVC/KNN-VC,
VITS+FreeVC, VITS+KNN-VC, YourTTS

O
ve

ra
ll Training - - 347.40 247,048 5.21 2,337

In-Domain Test - - 92.17 65,590 5.13 417

Cross-Domain Test - - 229.26 102,220 8.23 1,649

Table 1: Statistics for each language and split, as well as the selected generation methods used in each case.

another for cross-domain testing. The in-domain
data is divided into a training split and an in-domain
test split. The fake samples for the in-domain data
are generated by two distinct generative methods,
such that half of the fake audio files are produced
by the first method, and the other half by the second
method. For the cross-domain test set, fake samples
are synthesized by multiple generative methods,
distinct from the first two. Moreover, the speakers
are distinct across all three splits.

In Table 1, we list the sources of real samples
and the generative methods used for each language.
For the in-domain data, the real speech samples are
collected from Common Voice (Ardila et al., 2020),
a massively-multilingual speech corpus. The real
samples for the cross-domain test are gathered from
the Massive Arabic Speech Corpus (MASC) (Al-

Fetyani et al., 2023) (for Arabic), the M-AILABS
dataset (Solak and Naumov, 2019) (for English,
German, Russian and Spanish), the AISHELL-3
corpus (Shi et al., 2021) (for Mandarin Chinese),
and the VoxPopuli dataset (Wang et al., 2021) (for
Romanian). MASC contains audio collected from
YouTube in Arabic. AISHELL-3 is a corpus com-
prising 85 hours of speech from 218 Mandarin
speakers. M-AILABS is a multilingual corpus
based on audiobooks, while VoxPopuli is a multi-
lingual speech corpus consisting of European Par-
liament recordings. The datasets are chosen due to
their permissive license agreements, which allow
us to share data and derivatives for non-commercial
research purposes.
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Figure 2: General flow for fake sample generation based
on various text-to-speech and voice conversion tools.

3.2 Synthesis Procedure

For fake audio generation, the transcribed text of
the real audio sample is first passed to a TTS model.
Next, a VC tool is applied to the generated speech,
using the voice of the speaker uttering the real sam-
ple as reference. The general flow used to gener-
ate fake audio samples is illustrated in Figure 2.
For the TTS step, we alternate between various
models, namely VITS (Kim et al., 2021), XTTSv2
(Casanova et al., 2024), fairseq (based on VITS)
(Pratap et al., 2024), Tacotron2 (Shen et al., 2018),
MeloTTS (Zhao et al., 2023), YourTTS (Casanova
et al., 2022), GlowTTS (Kim et al., 2020), VALL-
E-X (Zhang et al., 2023) and Bark (Suno, 2023).
For the VC step, we alternatively employ KNN-VC
(Baas et al., 2023), FreeVC (Li et al., 2022) and
OpenVoice (Qin et al., 2024). The TTS and VC
models are chosen based on their public availability,
state-of-the-art performance and support for the var-
ious languages included in XMAD-Bench. Most
models, e.g. VITS, XTTSv2, fairseq, Tacotron2,
YourTTS, GlowTTS and Bark, are imported from
the Coqui TTS library3. Other models, e.g. KNN-
VC, VALL-E-X, MeloTTS, are imported from the
official repositories of the corresponding papers.
While some models, such as KNN-VC, FreeVC,
and OpenVoice, use the clips synthesized by a TTS
model as input, XTTSv2, YourTTS and VALL-E-
X take both the transcript and the reference voice,
and directly generate fake samples, requiring no
additional VC tool. All models are pre-trained on
the target languages, requiring no adaptation from
our end. Note that fairseq models exhibit lower
performance than the other ones, but we decided to
keep them due to their multilingual support.

We employ two alternative synthesis procedures
per language for the in-domain data, aiming to
increase the variability of the fake samples. The
cross-domain test set is generated with as many
methods per language as possible, all of them being
distinct from those used for the in-domain data. All

3https://github.com/idiap/coqui-ai-TTS

the methods extract the speech characteristics from
the real samples that are cloned.

For all databases, we employ random sampling
to reach the speech lengths reported in Table 1.
For VoxPopuli, in particular, we select clips shorter
than 20 seconds, in order to limit variation in clip
duration, and discard speakers with less than two
minutes of total content duration. The latter thresh-
old is also used to enhance conversion quality when
employing KNN-VC. With the exception of KNN-
VC, the employed VC tools require a single refer-
ence clip. For KNN-VC, multiple clips totaling two
minutes are used as reference speech, which im-
proves its VC quality. The real audio samples are
typically short (around 5-10 seconds). We generate
deepfake samples with equivalent lengths in order
to avoid potential spurious correlations between
sample lengths and class labels.

The MASC dataset contains many clips from
YouTube that vary in length, and may even include
music. As music content can be a bias for real
clips, we filter clips with a percentage of music
content greater than 5%, using a music detection
tool from the TVSM (Hung et al., 2022) dataset
repository. As MASC is a massive corpus, only
the first 7 minutes from each clip are taken and
then split into smaller segments, each correspond-
ing to a single caption. After segmentation, only
clips with a duration greater than 4 seconds and
a caption shorter than 160 characters are kept, to
achieve constancy in clip duration, in concordance
with the other datasets. MASC does not provide
speaker identities, so we simply assume that each
speaker appears in only one video. This does not
affect the cross-domain nature of XMAD-Bench,
since the speakers in CommonVoice and MASC
are different.

Finally, all real and fake clips are trimmed for
silence at both ends, and resampled to 16 kHz. This
ensures that real and fake samples cannot be distin-
guished based on the sampling rate or the presence
of silence periods.

3.3 Statistics
XMAD-Bench is composed of 668.8 hours of
real and fake content coming from 4,403 different
speakers. As shown in Table 1, there is a noticeable
variation in average clip duration and speaker diver-
sity, across domains and source datasets. Since the
M-AILABS dataset is composed of audiobooks, its
speaker diversity is quite low. The average length
of audio clips in VoxPopuli is generally longer,
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Class SAR SNR SIG BAK OVRL

Real 0.8563 34.54 3.17 3.96 3.55
Fake 0.8894 34.94 3.12 4.16 3.65

Table 2: SAR, SNR, SIG, BAK and OVRL scores for
real and fake samples from our dataset. Perceptual
quality metrics are computed with the model proposed
by Reddy et al. (2022).

even after we discarded clips longer than 20 sec-
onds. However, these differences do not introduce
any spurious correlations in the dataset, since the
training split is consistent across languages.

To assess the signal quality differences between
real and fake samples, we report the speech activity
ratio (SAR) and the signal-to-noise ratio (SNR). To
assess the difference between real and fake sam-
ples in terms of perceived quality, we employ a
perceptual evaluation model (Reddy et al., 2022).
This model produces three perceptual scores: qual-
ity of speech (SIG), background noise (BAK), and
overall quality (OVRL). We report all quality met-
rics for both real and fake samples in Table 2. We
highlight that the SAR and SNR values are fairly
similar for both real and fake samples, indicating
that the fake samples are of high quality. The SIG,
BAK and OVRL values further confirm that the
perceptual quality of deepfake samples matches
that of real samples, which is consistent with our
previous observation based on SAR and SNR.

4 Experiments

4.1 Audio Deepfake Detectors

For deepfake detection, we consider four pre-
trained models, namely ResNet-18 and ResNet-50
(He et al., 2016) from Torchvision4, Audio Spectro-
gram Transformer (AST) (Gong et al., 2021) from
Hugging Face5, and wav2vec 2.0 (Baevski et al.,
2020; Tak et al., 2022) from Hugging Face6. We
fine-tune these models on XMAD-Bench. We also
train a fifth model from scratch, namely SepTr (Ris-
tea et al., 2022). The SepTr model7 is composed
of 3 separable transformer blocks, each with 5 at-
tention heads. The dimension of each head and the
dimension of the MLP layer are set to 256. Each

4https://github.com/pytorch/vision
5https://huggingface.co/MIT/

ast-finetuned-audioset-10-10-0.4593
6https://huggingface.co/docs/transformers/

model_doc/wav2vec2
7https://github.com/ristea/septr

audio clip is converted into a spectrogram to be
processed by each of the five models.

Luo and Vinayagam Sivasundari (2024) found
that using a frozen Whisper encoder leads to robust
cross-domain performance in deepfake detection.
To this end, we introduce another baseline that uses
a frozen Whisper-Large-v3 encoder (Radford et al.,
2023) to extract audio features. For each audio
sample, we apply Global Average Pooling in the
time domain to aggregate the extracted features into
a single embedding. The resulting embeddings are
used to fine-tune a shallow Multi-Layer Perceptron
(MLP).

4.2 Experimental Setup
We conduct experiments by training detectors on
the training set of each language, and evaluating
them on the in-domain test set, after every epoch.
The checkpoints achieving the highest performance
on the in-domain split are further tested on the
cross-domain test set. In addition, we also carry
out cross-lingual experiments, training the models
on Arabic, German, Romanian, Russian and Span-
ish, and testing them on English and Mandarin. In
the cross-lingual setup, we randomly select at most
3,000 samples per language. In all experiments,
each clip is augmented during training with a prob-
ability of 0.5. Augmentations include time shifting
by rolling the signal, speed augmentation, volume
augmentation by applying random gain, clipping,
reverberation, spectral shifting (using high-shelf,
low-shelf and peak filters), and pitch shifting.

4.3 Hyperparameters
We optimize all models via the cross-entropy loss.
Each model is trained for 20 epochs, using a learn-
ing rate of 5 · 10−4 and no weight decay. The
mini-batch size for each model depends on the size
of the respective model. We thus set the mini-batch
size to 200 for ResNet-18, 120 for ResNet-50, 16
for wav2vec 2.0, and 10 for both AST and SepTr.
The input length of all models is fixed to 5 seconds.
We randomly select a segment of 5 seconds from
longer clips, while zero-padding the shorter ones.
The spectrograms are generated using a 320-point
Short-Time Fourier Transform, with 160 hops in
the time-domain, on which we apply a Hann slid-
ing window. The resulting size of a spectrogram
is 499 × 161. For efficiency reasons, we down-
sample the spectrogram by a factor of 4 for SepTr.
Unlike the other models, AST is based on Mel
spectrograms of 1024× 128 components, this be-
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Method
In-Domain Cross-Domain

ACC ↑ AUC ↑ EER ↓ ACC ↑ AUC ↑ EER ↓

A
ra

bi
c

ResNet-18 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 37.80 (±10.11) 41.26 (±12.02) 57.26 (±10.29)
ResNet-50 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 25.09 (± 4.03) 29.67 (± 2.37) 68.50 (± 2.34)
SepTr 96.84 (± 1.32) 98.66 (± 1.09) 5.04 (± 2.61) 36.15 (± 8.44) 24.88 (± 6.32) 60.56 (± 4.96)
AST 99.97 (± 0.01) 99.99 (± 0.00) 0.01 (± 0.01) 73.39 (± 1.54) 81.04 (± 0.02) 26.68 (± 0.23)
wav2vec 2.0 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 75.03 (± 2.11) 83.27 (± 0.18) 25.81 (± 0.54)
Whisper+MLP 99.99 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 53.17 (± 0.82) 66.46 (± 1.40) 37.74 (± 1.14)

E
ng

lis
h

ResNet-18 100.0 (± 0.00) 99.99 (± 0.01) 0.00 (± 0.00) 47.76 (± 3.01) 47.34 (± 8.84) 56.63 (± 7.99)
ResNet-50 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 54.02 (± 9.64) 59.56 (±11.94) 45.53 (± 9.31)
SepTr 93.21 (± 0.79) 94.67 (± 2.73) 12.29 (± 3.87) 42.30 (± 8.66) 39.20 (±16.01) 59.52 (±12.04)
AST 99.20 (± 0.32) 99.96 (± 0.02) 0.66 (± 0.17) 69.19 (± 1.48) 79.70 (± 1.78) 28.52 (± 1.45)
wav2vec 2.0 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 69.67 (± 3.22) 80.03 (± 1.72) 28.77 (± 1.55)
Whisper+MLP 99.91 (± 0.02) 99.99 (± 0.00) 0.10 (± 0.02) 90.94 (± 1.11) 97.31 (± 0.82) 8.38 (± 1.57)

G
er

m
an

ResNet-18 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 90.31 (± 6.08) 99.49 (± 0.34) 3.65 (± 1.54)
ResNet-50 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 96.96 (± 1.09) 99.79 (± 0.02) 2.16 (± 0.15)
SepTr 99.95 (± 0.43) 99.25 (± 0.22) 3.82 (± 0.71) 79.62 (± 1.28) 86.54 (± 2.19) 19.95 (± 1.32)
AST 99.65 (± 0.09) 99.99 (± 0.00) 0.32 (± 0.07) 91.31 (± 2.40) 97.50 (± 1.03) 8.68 (± 2.27)
wav2vec 2.0 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 94.94 (± 2.03) 98.29 (± 1.65) 3.72 (± 0.67)
Whisper+MLP 99.71 (± 0.01) 99.99 (± 0.00) 0.33 (± 0.03) 72.84 (± 1.09) 91.01 (± 0.19) 16.44 (± 0.48)

M
an

da
ri

n

ResNet-18 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 68.79 (± 3.09) 87.08 (± 3.16) 21.30 (± 3.63)
ResNet-50 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 67.31 (± 2.81) 87.55 (± 1.39) 20.50 (± 1.63)
SepTr 96.14 (± 1.44) 99.07 (± 0.83) 4.30 (± 2.35) 65.10 (± 4.83) 78.82 (± 2.59) 28.50 (± 2.60)
AST 99.28 (± 0.20) 99.95 (± 0.02) 0.82 (± 0.28) 77.52 (± 1.10) 84.77 (± 0.66) 23.20 (± 1.02)
wav2vec 2.0 99.97 (± 0.01) 99.99 (± 0.00) 0.01 (± 0.01) 71.04 (± 2.71) 83.78 (± 2.01) 25.43 (± 1.98)
Whisper+MLP 99.99 (± 0.01) 100.0 (± 0.00) 0.01 (± 0.01) 76.67 (± 0.56) 88.89 (± 0.32) 19.01 (± 0.38)

R
om

an
ia

n

ResNet-18 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 61.59 (± 4.96) 96.32 (± 1.37) 8.53 (± 2.32)
ResNet-50 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 76.39 (±10.48) 93.16 (± 2.04) 13.83 (± 2.30)
SepTr 98.51 (± 1.61) 98.55 (± 2.00) 3.96 (± 4.62) 48.31 (± 1.56) 45.98 (±16.68) 52.55 (±12.43)
AST 99.32 (± 0.39) 99.98 (± 0.01) 0.43 (± 0.21) 57.18 (± 3.76) 92.60 (± 2.07) 13.25 (± 3.22)
wav2vec 2.0 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 78.12 (± 3.21) 93.21 (± 1.99) 12.09 (± 1.39)
Whisper+MLP 99.92 (± 0.03) 99.99 (± 0.00) 0.06 (± 0.02) 75.72 (± 3.24) 99.54 (± 0.32) 2.17 (± 1.56)

R
us

si
an

ResNet-18 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 47.67 (± 3.72) 36.70 (± 1.99) 60.38 (± 1.25)
ResNet-50 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 33.85 (±11.35) 25.99 (±16.72) 69.11 (±12.77)
SepTr 94.96 (± 1.08) 82.29 (±22.36) 20.83 (±20.38) 29.22 (± 3.36) 52.35 (±20.57) 49.43 (±15.45)
AST 99.69 (± 0.16) 99.99 (± 0.05) 0.30 (± 0.15) 66.24 (± 2.67) 74.07 (± 3.92) 32.26 (± 3.65)
wav2vec 2.0 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 61.79 (± 3.92) 68.54 (± 2.03) 35.66 (± 3.78)
Whisper+MLP 99.95 (± 0.01) 99.99 (± 0.00) 0.05 (± 0.02) 93.92 (± 1.53) 99.74 (± 0.07) 2.22 (± 0.35)

Sp
an

is
h

ResNet-18 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 90.21 (± 1.68) 98.78 (± 0.56) 4.90 (± 1.19)
ResNet-50 100.0 (± 0.00) 100.0 (± 0.00) 0.00 (± 0.00) 89.72 (± 2.74) 99.27 (± 0.22) 4.07 (± 0.58)
SepTr 96.47 (± 0.59) 98.98 (± 0.61) 4.78 (± 1.99) 75.22 (± 8.58) 79.19 (±14.33) 24.52 (±12.22)
AST 98.80 (± 0.28) 99.95 (± 0.03) 0.97 (± 0.33) 93.77 (± 1.60) 98.68 (± 0.59) 5.73 (± 1.70)
wav2vec 2.0 99.97 (± 0.01) 99.99 (± 0.00) 0.01 (± 0.01) 94.62 (± 1.44) 98.87 (± 0.38) 4.76 (± 0.78)
Whisper+MLP 99.88 (± 0.03) 99.99 (± 0.00) 0.12 (± 0.05) 71.06 (± 0.38) 96.12 (± 0.42) 8.37 (± 0.53)

C
ro

ss
-l

in
gu

al ResNet-18 99.98 (± 0.01) 99.99 (± 0.00) 0.01 (± 0.01) 87.87 (± 0.99) 94.41 (± 1.37) 12.52 (± 1.32)
ResNet-50 99.96 (± 0.01) 99.99 (± 0.00) 0.02 (± 0.01) 86.10 (± 2.64) 93.51 (± 1.30) 13.67 (± 1.78)
SepTr 91.70 (± 4.26) 82.76 (±15.66) 22.05 (±15.92) 72.67 (± 4.22) 55.87 (±13.06) 45.69 (±10.24)
AST 98.53 (± 0.46) 99.87 (± 0.06) 1.35 (± 0.42) 81.61 (± 0.70) 89.77 (± 1.36) 16.91 (± 0.91)
wav2vec 2.0 99.97 (± 0.01) 99.99 (± 0.00) 0.01 (± 0.01) 89.07 (± 0.56) 93.58 (± 1.16) 11.82 (± 1.07)
Whisper+MLP 99.75 (± 0.02) 99.99 (± 0.00) 0.24 (± 0.01) 72.80 (± 0.67) 90.22 (± 0.79) 17.77 (± 1.10)

Table 3: Results obtained for both in-domain and cross-domain scenarios for each language, as well as for a
cross-lingual setup. We report the average and the corresponding standard deviation for the accuracy (ACC), the
area under the curve (AUC), and the equal error rate (EER), over three runs. The symbols ↑ and ↓ indicate that
upper or lower values are better, respectively.

ing the default configuration for AST. The wav2vec
2.0 model directly consumes raw audio waveforms
sampled at 16 kHz, requiring no handcrafted spec-
tral preprocessing.

4.4 Main Results

As shown in Table 3, several models reach an im-
pressive performance of 100% on the in-domain
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(a) ResNet-18 on Arabic.

real fake
Predicted Label

real

fakeT
ru

e
 L

a
b

e
l

10886 8959

15387 4458
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(d) AST on English.

Figure 3: Cross-domain confusion matrices of ResNet-
18 (first row) and AST (second row) on Arabic (first
column) and English (second column). Best viewed in
color.

split, confirming that deep neural models can easily
capture the characteristics of generative models, re-
gardless of the target language. However, the cross-
domain results support our conjecture, demonstrat-
ing that most metrics drastically decrease when
detectors are tested in the cross-domain scenario,
where fake samples are generated by models un-
known to the detectors. Notably, wav2vec 2.0 and
Whishper+MLP outperform all other models in
the cross-domain setting on most target languages,
both showing a strong ability to generalize to un-
seen generative models. Furthermore, wav2vec 2.0
exhibits robust multilingual performance, ranking
among the top performers in the multilingual set-
ting and demonstrating its effectiveness in captur-
ing language-independent representations of syn-
thetic speech. The cross-lingual in-domain exper-
iments indicate that the language shift does not
significantly affect performance. The performance
still degrades in the cross-lingual cross-domain sce-
nario.

In Figure 3, we present the confusion matri-
ces for the cross-domain evaluation of ResNet-18
and AST on Arabic and English, respectively. On
Arabic, AST tends to label many real samples as
fake, while ResNet-18 exhibits both types of mis-
takes. On English, the two models have opposite
biases. Overall, the confusion matrices indicate
that the biases are specific to the models, not to
XMAD-Bench. This observation further confirms

Noise level ACC ↑ AUC ↑ EER ↓
σ = 0 (no noise) 75.72 99.54 2.17
σ = 0.01 80.77 98.78 4.64
σ = 0.1 68.70 98.29 5.93

Table 4: Cross-domain results of the Whisper-based
method applied to Romanian, with added Gaussian
noise at different levels. The symbols ↑ and ↓ indi-
cate that upper or lower values are better, respectively.

that XMAD-Bench is a challenging and robust
benchmark.

4.5 Results for Background Noise Injection
We further evaluate how one of the best performing
models handles the deepfake detection task under
background noise injection. More specifically, we
employ the Whisper-based model on Romanian
test samples augmented with Gaussian noise, using
two values for the standard deviation of the added
noise, namely σ = 0.01 and σ = 0.1. Both noise
levels can be heard by humans, but the second one
makes it difficult to distinguish some words.

In Table 4, we show the cross-domain results
of the Whisper+MLP model trained on clean sam-
ples (without noise injection). The results indi-
cate that the introduction of audible yet moderate
noise (σ = 0.01) does not affect performance. In-
creasing the noise magnitude (σ = 0.1) degrades
performance, but at this noise level, some utter-
ances are indistinguishable by humans. Overall,
we conclude that Whisper+MLP obtains reasonable
performance when samples are affected by noise,
likely because the pre-trained Whisper-Large-v3
backbone is robust to background noise injection.

5 Conclusion and Future Work

In this paper, we introduced a novel multilingual
cross-domain audio dataset to evaluate deepfake
detectors “in the wild”. We discussed the methodol-
ogy used to generate diverse fake clips for three par-
titions (training, in-domain test, and cross-domain
test), and we further presented dataset statistics
across the seven target languages. We evaluated
the performance of six state-of-the-art models from
the literature in terms of multiple metrics, showing
that our cross-domain evaluation scenario causes
a significant decline for all the reported metrics.
While we were able to replicate the near perfect
in-domain performance previously reported in lit-
erature, our cross-domain results highlighted the
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difficulty of performing audio deepfake detection
across datasets, languages, speakers, and deepfake
generative methods.

In future work, we will focus on the development
of robust domain adaptation techniques to improve
the results in the cross-domain setup, which simu-
lates a challenging real-world scenario.
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7 Limitations

To construct our audio deepfake detection bench-
mark, we relied on recent and publicly available
text-to-speech and voice conversion methods. Un-
fortunately, most existing TTS and VC methods
do not offer support for all the targeted languages.
Hence, we were forced to use distinct generative
methods across the chosen languages. Neverthe-
less, we kept in-domain vs. cross-domain separa-
tion across all languages.

Our benchmark provides a challenging cross-
domain evaluation setup, where noticeable perfor-
mance drops can be observed. Yet, we did not try
to adapt deepfake detectors to the cross-domain
evaluation setting. Adapting models for the cross-
domain setting is a challenge that requires careful
consideration. We believe this exploration is be-
yond the goal of constructing a challenging bench-
mark for audio deepfake detection, so we leave it
for future research.

8 Potential Risks

The development of audio deepfake generation
models can have significant implications for our so-
ciety, as it facilitates the spread of misinformation
and phishing attacks. As synthetic audio becomes
increasingly realistic and accessible, the risk of mis-
use continues to grow. To fight against this, more
competent detection models are required. Chal-
lenging dataset construction represents one way to
advance research on robust detection systems, as
such models heavily depend on the utilized train-
ing data. Our benchmark fosters the development

of audio deepfake detectors, as it addresses some
of the limitations of previous datasets: a variety
of generation methods and languages, as well as a
meticulously designed cross-domain split. Never-
theless, we acknowledge that the development of
detection methods can inadvertently push research
towards more sophisticated generative models.

9 License

We share XMAD-Bench under the International
Attribution Non-Commercial Share-Alike 4.0 (CC
BY-NC-SA 4.0)8 license, aiming for open and re-
sponsible research on deepfake detection.

References
Mohammad Al-Fetyani, Muhammad Al-Barham,

Gheith Abandah, Adham Alsharkawi, and Maha
Dawas. 2023. MASC: Massive Arabic Speech Cor-
pus. In Proceedings of the IEEE Spoken Language
Technology Workshop (SLT), pages 1006–1013.

Rosana Ardila, Megan Branson, Kelly Davis, Michael
Kohler, Josh Meyer, Michael Henretty, Reuben
Morais, Lindsay Saunders, Francis Tyers, and Gre-
gor Weber. 2020. Common Voice: A Massively-
Multilingual Speech Corpus. In Proceedings of
the Language Resources and Evaluation Conference
(LREC), pages 4218–4222.

Matthew Baas, Benjamin van Niekerk, and Herman
Kamper. 2023. Voice conversion with just near-
est neighbors. In Proceedings of the Conference of
the International Speech Communication Association
(INTERSPEECH), pages 2053–2057.

Alexei Baevski, Yuhao Zhou, Abdelrahman Mohamed,
and Michael Auli. 2020. wav2vec 2.0: A frame-
work for self-supervised learning of speech represen-
tations. In Proceedings of the Annual Conference on
Neural Information Processing Systems (NeurIPS),
volume 33, pages 12449–12460.

Hui Bu, Jiayu Du, Xingyu Na, Bengu Wu, and Hao
Zheng. 2017. AISHELL-1: An Open-Source Man-
darin Speech Corpus and A Speech Recognition
Baseline. In Proceedings of the 20th Conference
of the Oriental Chapter of the International Coordi-
nating Committee on Speech Databases and Speech
I/O Systems and Assessment (O-COCOSDA).

Edresson Casanova, Kelly Davis, Eren Gölge, Görkem
Göknar, Iulian Gulea, Logan Hart, Aya Aljafari,
Joshua Meyer, Reuben Morais, Samuel Olayemi, and
Julian Weber. 2024. XTTS: a massively multilingual
zero-shot text-to-speech model. In Proceedings of
the Conference of the International Speech Commu-
nication Association (INTERSPEECH), pages 4978–
4982.
8https://creativecommons.org/licenses/

by-nc-sa/4.0/deed.en

3117

https://doi.org/10.1109/SLT54892.2023.10022652
https://doi.org/10.1109/SLT54892.2023.10022652
https://aclanthology.org/2020.lrec-1.520/
https://aclanthology.org/2020.lrec-1.520/
https://doi.org/10.21437/Interspeech.2023-419
https://doi.org/10.21437/Interspeech.2023-419
https://proceedings.neurips.cc/paper/2020/hash/92d1e1eb1cd6f9fba3227870bb6d7f07-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/92d1e1eb1cd6f9fba3227870bb6d7f07-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/92d1e1eb1cd6f9fba3227870bb6d7f07-Abstract.html
https://doi.org/10.1109/ICSDA.2017.8384449
https://doi.org/10.1109/ICSDA.2017.8384449
https://doi.org/10.1109/ICSDA.2017.8384449
https://www.isca-archive.org/interspeech_2024/casanova24_interspeech.html
https://www.isca-archive.org/interspeech_2024/casanova24_interspeech.html
https://creativecommons.org/licenses/by-nc-sa/4.0/deed.en
https://creativecommons.org/licenses/by-nc-sa/4.0/deed.en


Edresson Casanova, Julian Weber, Christopher D.
Shulby, Arnaldo Candido Junior, Eren Gölge, and
Moacir A. Ponti. 2022. YourTTS: Towards zero-shot
multi-speaker TTS and zero-shot voice conversion for
everyone. In Proceedings of the International Con-
ference on Machine Learning (ICML), pages 2709–
2720.

Feng Chen, Shiwen Deng, Tieran Zheng, Yongjun He,
and Jiqing Han. 2023. Graph-based spectro-temporal
dependency modeling for anti-spoofing. In Proceed-
ings of the IEEE International Conference on Acous-
tics, Speech and Signal Processing (ICASSP).

Sanyuan Chen, Chengyi Wang, Yu Wu, Ziqiang Zhang,
Long Zhou, Shujie Liu, Zhuo Chen, Yanqing Liu,
Huaming Wang, Jinyu Li, Lei He, Sheng Zhao, and
Furu Wei. 2025. Neural codec language models are
zero-shot text to speech synthesizers. IEEE Trans-
actions on Audio, Speech and Language Processing,
33:705–718.

Florinel-Alin Croitoru, Andrei-Iulian Hiji, Vlad Hondru,
Nicolae Catalin Ristea, Paul Irofti, Marius Popescu,
Cristian Rusu, Radu Tudor Ionescu, Fahad Shah-
baz Khan, and Mubarak Shah. 2024. Deepfake
Media Generation and Detection in the Generative
AI Era: A Survey and Outlook. arXiv preprint
arXiv:2411.19537.

Joel Frank and Lea Schönherr. 2021. WaveFake: A
Data Set to Facilitate Audio Deepfake Detection. In
Proceedings of the Annual Conference on Neural
Information Processing Systems (NeurIPS).

Yihui Fu, Luyao Cheng, Shubo Lv, Yukai Jv, Yuxi-
ang Kong, Zhuo Chen, Yanxin Hu, Lei Xie, Jian
Wu, Hui Bu, et al. 2021. AISHELL-4: An Open
Source Dataset for Speech Enhancement, Separation,
Recognition and Speaker Diarization in Conference
Scenario. In Proceedings of the Conference of the In-
ternational Speech Communication Association (IN-
TERSPEECH), pages 3665–3669.

Yuan Gong, Yu-An Chung, and James Glass.
2021. AST: Audio Spectrogram Transformer.
In Proceedings of the Conference of the Interna-
tional Speech Communication Association (INTER-
SPEECH), pages 571–575.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian
Sun. 2016. Deep residual learning for image recogni-
tion. In Proceedings of the 2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR),
pages 770–778.

Rongjie Huang, Max W.Y. Lam, Jun Wang, Dan Su,
Dong Yu, Yi Ren, and Zhou Zhao. 2022. FastDiff:
A fast conditional diffusion model for high-quality
speech synthesis. In Proceedings of the International
Joint Conference on Artificial Intelligence (IJCAI),
pages 4157–4163.

Wen Huang, Yanmei Gu, Zhiming Wang, Huijia Zhu,
and Yanmin Qian. 2025. SpeechFake: A large-scale
multilingual speech deepfake dataset incorporating

cutting-edge generation methods. In Proceedings
of the 63rd Annual Meeting of the Association for
Computational Linguistics (ACL), pages 9985–9998.

Yun-Ning Hung, Chih-Wei Wu, Iroro Orife, Aaron Hip-
ple, William Wolcott, and Alexander Lerch. 2022. A
large TV dataset for speech and music activity de-
tection. EURASIP Journal on Audio, Speech, and
Music Processing, 2022(1):21.

Keith Ito and Linda Johnson. 2017. The LJ
Speech Dataset. https://keithito.com/
LJ-Speech-Dataset/.

Ziyue Jiang, Yi Ren, Zhenhui Ye, Jinglin Liu, Chen
Zhang, Qian Yang, Shengpeng Ji, Rongjie Huang,
Chunfeng Wang, Xiang Yin, et al. 2023. Mega-TTS:
Zero-Shot Text-to-Speech at Scale with Intrinsic In-
ductive Bias. arXiv preprint arXiv:2306.03509.

Zeqian Ju, Yuancheng Wang, Kai Shen, Xu Tan, De-
tai Xin, Dongchao Yang, Eric Liu, Yichong Leng,
Kaitao Song, Siliang Tang, Zhizheng Wu, Tao Qin,
Xiangyang Li, Wei Ye, Shikun Zhang, Jiang Bian,
Lei He, Jinyu Li, and Sheng Zhao. 2024. Natural-
Speech 3: Zero-Shot Speech Synthesis with Factor-
ized Codec and Diffusion Models. In Proceedings of
the International Conference on Machine Learning
(ICML), pages 22605–22623.

Jee-weon Jung, Hee-Soo Heo, Hemlata Tak, Hye-jin
Shim, Joon Son Chung, Bong-Jin Lee, Ha-Jin Yu,
and Nicholas Evans. 2022. AASIST: Audio Anti-
Spoofing using Integrated Spectro-Temporal Graph
Attention Networks. In Proceedings of the IEEE
International Conference on Acoustics, Speech and
Signal Processing (ICASSP), pages 6367–6371.

Jaehyeon Kim, Sungwon Kim, Jungil Kong, and Sun-
groh Yoon. 2020. Glow-TTS: A generative flow for
text-to-speech via monotonic alignment search. In
Proceedings of the Annual Conference on Neural In-
formation Processing Systems (NeurIPS), volume 33,
pages 8067–8077.

Jaehyeon Kim, Jungil Kong, and Juhee Son. 2021.
Conditional variational autoencoder with adversar-
ial learning for end-to-end text-to-speech. In Pro-
ceedings of the International Conference on Machine
Learning (ICML), pages 5530–5540.

Sang-gil Lee, Wei Ping, Boris Ginsburg, Bryan Catan-
zaro, and Sungroh Yoon. 2023. BigVGAN: A Uni-
versal Neural Vocoder with Large-Scale Training.
In Proceedings of the International Conference on
Learning Representations (ICLR).

Jingyi Li, Weiping Tu, and Li Xiao. 2022. FreeVC:
Towards high-quality text-free one-shot voice con-
version. In Proceedings of the IEEE International
Conference on Acoustics, Speech and Signal Process-
ing (ICASSP).

Yuang Li, Min Zhang, Mengxin Ren, Xiaosong Qiao,
Miaomiao Ma, Daimeng Wei, and Hao Yang. 2024.
Cross-Domain Audio Deepfake Detection: Dataset

3118

https://proceedings.mlr.press/v162/casanova22a.html
https://proceedings.mlr.press/v162/casanova22a.html
https://proceedings.mlr.press/v162/casanova22a.html
https://doi.org/10.1109/ICASSP49357.2023.10096741
https://doi.org/10.1109/ICASSP49357.2023.10096741
https://doi.org/10.1109/TASLPRO.2025.3530270
https://doi.org/10.1109/TASLPRO.2025.3530270
https://arxiv.org/abs/2411.19537
https://arxiv.org/abs/2411.19537
https://arxiv.org/abs/2411.19537
https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/hash/c74d97b01eae257e44aa9d5bade97baf-Abstract-round2.html
https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/hash/c74d97b01eae257e44aa9d5bade97baf-Abstract-round2.html
https://www.isca-archive.org/interspeech_2021/fu21b_interspeech.html
https://www.isca-archive.org/interspeech_2021/fu21b_interspeech.html
https://www.isca-archive.org/interspeech_2021/fu21b_interspeech.html
https://www.isca-archive.org/interspeech_2021/fu21b_interspeech.html
https://www.isca-archive.org/interspeech_2021/gong21b_interspeech.html
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2016.90
https://www.ijcai.org/proceedings/2022/577
https://www.ijcai.org/proceedings/2022/577
https://www.ijcai.org/proceedings/2022/577
https://doi.org/10.18653/v1/2025.acl-long.493
https://doi.org/10.18653/v1/2025.acl-long.493
https://doi.org/10.18653/v1/2025.acl-long.493
https://doi.org/10.1186/s13636-022-00253-8
https://doi.org/10.1186/s13636-022-00253-8
https://doi.org/10.1186/s13636-022-00253-8
https://keithito.com/LJ-Speech-Dataset/
https://keithito.com/LJ-Speech-Dataset/
https://keithito.com/LJ-Speech-Dataset/
https://keithito.com/LJ-Speech-Dataset/
https://arxiv.org/abs/2306.03509
https://arxiv.org/abs/2306.03509
https://arxiv.org/abs/2306.03509
https://proceedings.mlr.press/v235/ju24b.html
https://proceedings.mlr.press/v235/ju24b.html
https://proceedings.mlr.press/v235/ju24b.html
https://doi.org/10.1109/ICASSP43922.2022.9747766
https://doi.org/10.1109/ICASSP43922.2022.9747766
https://doi.org/10.1109/ICASSP43922.2022.9747766
https://proceedings.neurips.cc/paper/2020/hash/5c3b99e8f92532e5ad1556e53ceea00c-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/5c3b99e8f92532e5ad1556e53ceea00c-Abstract.html
https://proceedings.mlr.press/v139/kim21f.html
https://proceedings.mlr.press/v139/kim21f.html
https://openreview.net/forum?id=iTtGCMDEzS_
https://openreview.net/forum?id=iTtGCMDEzS_
https://doi.org/10.1109/ICASSP49357.2023.10095191
https://doi.org/10.1109/ICASSP49357.2023.10095191
https://doi.org/10.1109/ICASSP49357.2023.10095191
https://doi.org/10.18653/v1/2024.emnlp-main.286


and Analysis. In Proceedings of the 2024 Conference
on Empirical Methods in Natural Language Process-
ing (EMNLP), pages 4977–4983.

Xiaohui Liu, Meng Liu, Longbiao Wang, Kong Aik Lee,
Hanyi Zhang, and Jianwu Dang. 2023. Leveraging
positional-related local-global dependency for syn-
thetic speech detection. In Proceedings of the IEEE
International Conference on Acoustics, Speech and
Signal Processing (ICASSP).

Qian Luo and Kalyani Vinayagam Sivasundari. 2024.
Whisper+AASIST for DeepFake Audio Detection. In
Proceedings of 6th HCI International Conference for
Cybersecurity, Privacy and Trust (HCI-CPT), pages
121–133.

Nicolas M. Müller, Pavel Czempin, Franziska Dieck-
mann, Adam Froghyar, and Konstantin Böttinger.
2022. Does audio deepfake detection generalize?
In Proceedings of the Conference of the Interna-
tional Speech Communication Association (INTER-
SPEECH), pages 2783–2787.

Nicolas M. Müller, Piotr Kawa, Wei Herng Choong,
Edresson Casanova, Eren Gölge, Thorsten Müller,
Piotr Syga, Philip Sperl, and Konstantin Böttinger.
2024. MLAAD: The multi-language audio anti-
spoofing dataset. In Proceedings of the 2024 In-
ternational Joint Conference on Neural Networks
(IJCNN).

Vineel Pratap, Andros Tjandra, Bowen Shi, Paden
Tomasello, Arun Babu, Sayani Kundu, Ali Elkahky,
Zhaoheng Ni, Apoorv Vyas, Maryam Fazel-Zarandi,
Alexei Baevski, Yossi Adi, Xiaohui Zhang, Wei-Ning
Hsu, Alexis Conneau, and Michael Auli. 2024. Scal-
ing speech technology to 1,000+ languages. Journal
of Machine Learning Research, 25(97):1–52.

Zengyi Qin, Wenliang Zhao, Xumin Yu, and Xin Sun.
2024. OpenVoice: Versatile instant voice cloning.
arXiv preprint arXiv:2312.01479.

Alec Radford, Jong Wook Kim, Tao Xu, Greg Brock-
man, Christine McLeavey, and Ilya Sutskever. 2023.
Robust Speech Recognition via Large-Scale Weak
Supervision. In Proceedings of the International
Conference on Machine Learning (ICML), pages
28492–28518.

Chandan K.A. Reddy, Vishak Gopal, and Ross Cutler.
2022. DNSMOS P.835: A non-intrusive perceptual
objective speech quality metric to evaluate noise sup-
pressors. In Proceedings of the IEEE International
Conference on Acoustics, Speech and Signal Process-
ing (ICASSP), pages 886–890.

Ricardo Reimao and Vassilios Tzerpos. 2019. FoR:
A dataset for synthetic speech detection. In Pro-
ceedings of the International Conference on Speech
Technology and Human-Computer Dialogue (SpeD),
pages 1–10.
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