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ABSTRACT The rise of sophisticated technologies capable of generating realistic synthetic human
speech has introduced significant security challenges in voice-based applications. These advances in
speech generation have enabled malicious actors to produce convincing speech deepfakes, undermining the
reliability of speaker verification systems and digital communication. Despite growing interest in deepfake
speech detection, many existing datasets are limited in linguistic diversity and fail to capture the complexity
of real-world scenarios, thus constraining model generalization. In this work, we introduce the JAIST
Multilingual Deepfake Speech (JMDS) dataset, a large-scale, multilingual, andmulti-source corpus designed
to support the development and evaluation of robust and generalizable deepfake speech detection systems.
Covering 17 languages and comprising over 350 000 utterances, JMDS incorporates a wide range of deepfake
generation methods and includes both human (pristine) and machine-generated (spoofed) speech, sourced
from publicly available corpora and a curated subset of private data. We provide detailed analyses of
utterance duration, generation techniques, and audio quality, along with comprehensive evaluations across
multiple model architectures and configurations. Cross-dataset evaluations are also conducted to assess
the generalization capabilities of detection models across diverse languages and data domains. This study
contributes to a deeper understanding of the limitations and opportunities in current detection systems,
ultimately paving the way for more resilient and linguistically inclusive countermeasures.

INDEX TERMS Deepfake speech detection, generalizability, multilingual dataset.

I. INTRODUCTION
The advancement of deep learning technologies has signif-
icantly improved the quality of generated content across
various modalities. Among these, speech synthesis tech-
nologies such as text-to-speech (TTS) and voice conversion
(VC) have enabled a wide range of beneficial applications,
particularly in human communication. However, they have
also introduced serious potential threats to social security and
political stability when misused for malicious purposes [1].
One such threat is the use of deepfake speech, which refers
to speech that has been digitally altered using artificial
intelligence (AI) [1], with the intent to deceive humans.
This can lead to harmful consequences such as fraud and
the spread of misinformation. Another concern involves
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biometric identification systems, where manipulated speech
is used to bypass automatic speaker verification (ASV)
systems [2].

An emerging defense strategy against deepfake speech
is spoofing detection, which aims to distinguish between
human (pristine) and machine-generated (spoofed) speech.
Developing a reliable detection model presents several
challenges. First, the continuous evolution of speech syn-
thesis techniques, including diverse model architectures and
training algorithms, means that detectionmodels must be able
to generalize effectively across a wide variety of attacks. This
highlights the importance of training detection systems on
realistic and representative datasets to ensure robustness.

Furthermore, as speech generation technologies expand
into multilingual settings [3], [4], [5], it becomes increasingly
critical to advance spoofing detection capabilities beyond
high-resource languages to ensure inclusive protection.While
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audio data formats are typically common (e.g., PCM, MP3),
enabling theoretical cross-lingual detection (training on
Language A, testing on Language B), performance degrades
significantly due to feature space distribution shifts [6].

The degradation arises because the subtle, system-specific
artifacts introduced by a deepfake generator (the ‘‘spoofing
signature’’) are often learned by a detector in the context
of the training language’s specific phonetic and prosodic
characteristics. When the model encounters a new language,
the altered feature space (e.g., new phonemes, different
pitch contours, variations in vocal tract filtering) can
obscure or shift the learned deepfake signature, leading to
high false alarm rates or missed detections. This drop in
cross-lingual accuracy is particularly pronounced for low-
resource languages, where the scarcity of properly labeled
genuine and spoofed data exacerbates the challenge. Most
existing benchmarks are English-centric, forcing models
to generalize from an over-represented language space to
entirely novel acoustic and linguistic domains, resulting in
unreliable real-world performance. Addressing this scarcity
of diverse, high-quality, labeled multilingual deepfake data is
thus essential for building robust deepfake detection systems.

In response to these challenges, we introduce the JAIST
Multilingual Deepfake Speech (JMDS) dataset, an ini-
tiative designed to facilitate the development of robust
detection models capable of distinguishing human from
machine-generated speech across multilingual and multi-
source conditions. The JMDS dataset comprises a compre-
hensive multilingual speech corpus compiled from multiple
open-source resources and small parts of internally collected
data, rigorously curated to ensure both quality and repre-
sentativeness. Spanning 17 languages and encompassing a
broad spectrum of synthesis methods, recording conditions,
and speaker demographics, the JMDS dataset is explicitly
constructed to improve model generalization beyond what
existing resources currently support.

To assess the utility of our dataset, we present a compre-
hensive evaluation encompassing several key aspects. First,
we evaluate the inherent quality of the dataset, establishing
its foundational fitness as a high-fidelity resource for
deepfake speech research. Second, we quantify the detection
performance using benchmark methods specifically on the
JMDS dataset. This establishes critical performance metrics
and an initial benchmark for future research leveraging this
resource. Finally, we conduct a cross-dataset evaluation to
demonstrate its potential for training robust models capable
of generalizing to unseen data.

II. RELATED WORK
The most widely adopted dataset for advancing the develop-
ment of deepfake speech detection systems is provided by the
ASVspoof Challenge series [2], [7], [8], [27], [28], which
has served as a benchmark primarily for English. Earlier
editions focused on spoofing attacks targeting automatic
speaker verification (ASV) systems, while more recent edi-
tions have expanded to include standalone countermeasures

independent of ASV. The latest edition, ASVspoof 5 [28],
is built on the MLS [29] corpus and incorporates adversarial
attacks applied to spoofed utterances generated using various
TTS, vocoder, and VC algorithms. It also introduces codec
simulation to reflect real-world audio transmission scenarios.

Another well-known initiative is the ADD Challenge [12],
[15], which addresses more complex real-world detection
scenarios. The first edition focused on detecting low-quality
and partially fake audio [12], while the second edition
expanded to includemanipulation localization and generation
method identification [15]. The ADD dataset is derived from
Mandarin corpora, AISHELL-1 [30], AISHELL-3 [31], and
AISHELL-4 [32], and contains samples generated using a
range of TTS and VC models, though the specific models are
not publicly disclosed.

Filling the gap, CFAD [13] was introduced as the public
Mandarin standard dataset for fake audio detection under
noisy and transcoding conditions. It consists of three dataset
versions: clean, noisy, and codec. Human speech samples
were sourced from both open datasets and self-recorded data
(six sources in total). It incorporates 12 types of fake speech,
11 of which are generated using synthesis methods with
different vocoders, and one that is partially fake and obtained
by clipping and splicing.

Additionally, several English-language corpora have been
proposed to advance research in deepfake speech detec-
tion. The Fake or Real (FoR) dataset [9], introduced in
2019, includes samples generated using a combination
of open-source and commercial tools. The In-the-Wild
dataset [14], designed to evaluate model generalization in
real-world conditions, comprises found speech recordings of
celebrities and politicians, with approximately half of the
recordings being deepfakes. Another notable resource is the
DFADD dataset [20], which contains deepfake speech gener-
ated using five state-of-the-art diffusion and flow-matching
TTS models. To address the growing challenges posed by
zero-shot TTS systems, the Cross-Domain Audio Deepfake
Detection (CD-ADD) dataset [18] was developed to support
detection models across varying domains. A separate dataset
utilizing retrieval-based voice conversion systems such
as DEEP-VOICE [16] was also introduced. Furthermore,
to support cross-lingual evaluation of detection systems,
the DECRO dataset [6] was created, incorporating speech
samples in both English and Mandarin.

Several datasets have subsequently been developed to
support languages beyond English and Chinese. The Wave-
Fake dataset [10] includes generated speech synthesized
using neural vocoder models, covering both English and
Japanese. A prominent multilingual dataset is MLAAD [17],
which spans 38 languages and is built on the M-AILABS
dataset [25], originally composed of recordings in eight
languages sourced from audiobooks and interviews. The
generated speech in MLAAD is synthesized using 82 TTS
models across 33 architectures, including the Griffin-
Lim vocoder. MLAAD has demonstrated strong utility by
enabling the training of deepfake detection models that
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TABLE 1. Comparison of existing datasets for deepfake speech detection, including language coverage, year, deepfake speech generation methods,
number of utterances (all, pristine, and generated), and primary focus task addressed in each dataset.

outperform those trained on other datasets such as In-the-
Wild and Fake or Real. Its extensive linguistic diversity
also facilitates robust cross-lingual evaluation and improves
generalization. Another large-scale multilingual dataset is
CVoiceFake [21], which contains over 1.25 million bonafide
and deepfake utterances across five languages, with speech
data sourced from the CommonVoice dataset [26].
Recent efforts have also focused on detecting deepfake

speech in low-resource languages. Notably, studies have
targeted languages within the ASEAN region [33], aiming to
develop spoofing countermeasures tailored to these linguistic
contexts. This line of work includes the construction of
dedicated datasets for Thai (ThaiSpoof [34]), Indonesian
(InaSpoof [35], [36]), Vietnamese (VSASV [37]), and
Burmese (UCSYSpoof [38]). These studies underscore
several challenges in building effective detection models
for underrepresented languages, such as limited access to
high-quality human speech data, inconsistencies in dataset
quality across languages, and the rapid advancement of
realistic spoofing techniques.

Table 1 compares the existing datasets for deepfake
speech detection. Although these datasets have contributed
significantly to the field, most are still limited in linguistic
diversity and lack balanced representation across languages.

JMDS fills a critical gap by providing a balanced, multi-
source framework specifically designed for cross-language
and cross-model generalization. The key differentiators
between JMDS and the most recent benchmarks, MLAAD
and CVoiceFake, are as follows:

• Pristine-Generated Symmetry: Unlike MLAAD,
which contains 38 synthesized languages but only
8 human-spoken (pristine) languages, JMDS ensures
every generated utterance is paired with authentic
human speech across all included languages. This
prevents models from ‘‘shortcut learning’’ where they
might mistakenly identify neural machine translation
artifacts in MLAAD as spoofing cues.

• Source Diversity & Integrity: Beyond simple aggrega-
tion, JMDS employs a strict protocol sourcing data from
diverse acoustic environments to ensure more robust
detection evaluation.

• Generalization Benchmarking: While CVoiceFake
offers a higher volume of utterances, JMDS provides
greater diversity in both language coverage and spoofing
attack types.

• Robustness to Resource Imbalance: JMDS explicitly
includes realistic scenarios where certain languages
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FIGURE 1. World map illustrating the primary geographical regions where the 17 languages included in our multilingual corpus are spoken
as de facto and/or de jure languages. The legend provides the corresponding ISO 639 codes for each region.

(e.g., English) are high-resource while others have
minimal pristine data.

III. JAIST MULTILINGUAL DEEPFAKE SPEECH (JMDS)
DATASET
To facilitate the development of a reliable model for detecting
generated speech across multiple languages, we assembled
and carefully curated a diverse multilingual speech dataset,
drawing from various open and private sources to ensure high
quality and broad linguistic coverage.

A. CURATION PROCESS
To begin the dataset curation process, we first compiled
a comprehensive list of publicly available speech corpora
spanning various languages. From these, we selected 17 rep-
resentative spoken languages: English, Mandarin, Hindi,
Italian, Modern Standard Arabic, Spanish, Polish, German,
French, Russian, Portuguese, Japanese, Ukrainian, Viet-
namese, Thai, Indonesian, and Burmese. Figure 1 illustrates
the geographical areas where these languages function as
official or widely spoken primary languages.

To ensure high-fidelity human speech (pristine) and main-
tain relevance with current detection system technologies,
we prioritizedwidely utilized public corpora, primarily devel-
oped for spoofing detection, speech recognition, or synthesis
tasks. Table 2 provides a detailed breakdown of the dataset
composition, including:

• the source repository name(s) and corresponding lan-
guages used in our dataset;

• the type of speech included (pristine, generated, or both),
along with the associated deepfake or generation
algorithms;

• a summary of the speech conditions, such as audio
format and sampling rates.

For English, we utilized well-established corpora from the
ASVspoof Challenge [28] for both pristine and generated
speech, which comprise the largest portion of our dataset.
We chose the latest challenge version to best align with
current detection system development. This version builds
on the MLS English data [29] and includes stronger attacks,
featuring advanced text-to-speech (TTS), vocoder, voice
conversion (VC), and adversarial attacks (AT) designed to
mislead automatic speaker verification (ASV) and counter-
measure (CM) systems. Codec compression was also applied
to both pristine and generated speech to simulate realistic
audio transmission conditions.

For Chinese, we adopted corpora from the Audio
Deepfake Detection (ADD) Challenge [12] to supplement
generated data. The pristine Chinese data was sourced from
AISHELL-3 [31], which is the same corpus referenced by
the ADD Challenge, ensuring the inclusion of high-quality
human speech.

To support multilingual diversity in both pristine and
generated data, we utilized established corpora such as
M-AILABS [25] and MLAAD [17]. In addition, we aug-
mented the pristine data for specific languages using the
following resources: IndicVoice [40] for Hindi, Medi-
aSpeech [39] for Arabic, CORAA [41] for Portuguese,
JVS [42] for Japanese, Lotus [43] for Thai, and VIVOS [44]
for Vietnamese.

In some cases, open-source corpora lacked sufficient
quantity or quality of human speech. Where feasible,
we supplemented the dataset with internally recorded speech.
For example, we included English utterances spoken by
non-native speakers from Asia to increase accent diversity.
These hybrid sources are referred to as ‘‘mixed-source’’
repositories. The inclusion of these recordings helped ensure
broad linguistic coverage and representativeness.
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TABLE 2. Overview of data sources in the JMDS dataset, detailing the adopted languages in ISO 639 codes, data types (pristine and/or generated),
deepfake methods (TTS: text-to-speech, vocoder, VC: voice conversion, AT: adversarial attack), audio sources (pristine only), audio conditions (C: Clean, M:
Mixed, N: Noisy), file formats, and sample rates (Hz). ‘‘Mult.’’ in the format and sample rate columns indicates that the original source recordings contain
varying formats and/or sample rates.

Private-source data were also incorporated from prior
studies on spoofing detection in Asian languages [33], [34],
[35], [36], [38], [45], each containing pristine and generated
speech synthesized from a variety of TTS, vocoder, and VC
algorithms. The pristine recordings were typically collected
in diverse environments using multiple devices, enriching
the dataset’s acoustic variability and thereby improving
generalization for detection models.

We further observed that some repositories, such as
MLAAD, included only a single speaker to generate spoofed
data. Therefore, we limited the number of utterances to a
maximum of 100 per spoofing algorithm in single-speaker
settings, while retaining all utterances in multi-speaker
settings from other speech corpora. Additionally, for datasets
containing pristine speech frommultiple speakers, such asM-
AILABS, we carefully selected approximately 50 utterances
per speaker. These efforts were made to ensure a balanced
representation of speakers in each corpus.

After conducting the data acquisition from open-source,
mixed-source, and private-source repositories, we organized
the dataset into two configurations. The Open Source subset
comprises only publicly available corpora (both open- and

mixed-source) and serves as the primary contribution for
promoting transparency and reproducibility. The All Source
configuration additionally includes a limited amount of inter-
nally recorded speech (private-source), expanding language
coverage and offering stronger baselines, particularly for
languages with limited availability of high-quality public
human speech data.

To reduce bias, we aimed for a balanced distribution
of speech samples across different languages, setting the
number of machine-generated utterances to be roughly four
times that of human speech. This ratio reflects practical
scenarios often encountered in deepfake speech detection.
Additionally, given that many existing detection systems
are primarily developed and tested using English data,
we intentionally included a larger volume of English samples.
An overview of the dataset composition across 17 languages
is presented in Table 3.

During the final standardization phase, all audio clips were
limited to a maximum duration of 60 seconds to maintain
computational efficiency and temporal consistency across
the training and evaluation pipelines. Each sample under-
went a rigorous acoustic normalization process, involving
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resampling to 16 kHz and conversion to a mono-channel
format.

To ensure the integrity of the corpus, we implemented
an automated filtering protocol to identify and remove mal-
formed artifacts. This included verifying header compliance
with the standard WAV format and performing a bit-stream
check to exclude zero-byte files or corrupted segments that
could trigger failures during feature extraction. Through
this meticulous curation and validation process, we have
established a high-fidelity, multilingual speech corpus that
provides a consistent and robust foundation for advancing
research in synthetic speech detection.

TABLE 3. Summary of the number of utterances (# utts.) distribution
across 17 languages in the JMDS dataset.

B. METADATA
Our standardized speech corpus is organized into a unified
dataset structure consisting of audio samples and their
corresponding metadata. Each audio file is annotated with the
following metadata fields:

• General information: Identifiers for the utterance,
speaker, speaker gender, and a label indicating whether
the sample is genuine human speech (labeled as ‘pris-
tine’) or machine-generated (labeled as ‘generated’).

• Codec type: Specifies the audio codec applied to the
sample before it is converted toWAV format, if any (e.g.,
M4A).

• Deepfake algorithm: Describes the method or model
used to generate the synthetic or manipulated speech
sample.

C. STATISTICS
Our compiled dataset comprises a total of 353,845 speech
samples across 17 languages, including English and Chinese,

which represent some of the world’s most widely spoken
languages.

FIGURE 2. Histogram showing the distribution of utterance durations in
the JMDS dataset (All Source) on a logarithmic scale.

To analyze the temporal characteristics of the dataset,
we examined the distribution of utterance durations,
as depicted in Fig. 2. Most samples fall within the range of
approximately 3 to 10 seconds. The distributions are shown
on a logarithmic scale to accommodate the wide variation in
utterance counts across languages. Most languages exhibit a
reasonable spread across duration categories, which supports
generalization for models trained to detect speech artifacts
across diverse speaking styles and utterance lengths, thereby
enhancing the robustness of evaluation systems under real-
world conditions.

Our compiled dataset encompasses amultitude of deepfake
methods for speech generation, categorized into four distinct
types: TTS-based attacks, vocoder-based attacks, VC-based
attacks, and adversarial attacks (AT). TTS-based attacks
are generated using text-to-speech systems that synthesize
speech directly from textual input, often leveraging models
such as GlowTTS, VITS, Tacotron2, or other pretrained
neural architectures. Vocoder-based attacks generate speech
from intermediate acoustic features such as mel spectro-
grams, using vocoders like Griffin-Lim. VC-based attacks
modify a source speaker’s voice to resemble that of a target
speaker, typically without changing the linguistic content,
using models such as StarGANv2-VC or ASR-based VC
pipelines. AT introduces subtle, imperceptible perturbations
to utterances, specifically optimized to degrade the perfor-
mance of spoofing detection systems [19].

We incorporated generated speech samples from four dif-
ferent data sources: ASVspoof [28], ADD [12],MLAAD [17],
and a portion of our private-source data. Among all data
sources included in the JMDS dataset, only ASVspoof
explicitly incorporates adversarial attacks as part of its
deepfake generation strategy. In this case, adversarial
perturbations are applied as a post-processing step to spoofed
utterances produced by TTS, vocoder, or VC systems.
Portions of both pristine and generated samples have also
been subjected to encoding and compression using speech
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codecs, simulating real-world conditions where speech may
be transmitted over networks or stored in compressed
formats.

For the MLAAD set, we selected ten speech generation
algorithms, along with their variants and modifications,
including TTS models and vocoders tailored to the adopted
languages in the JMDS dataset. The ADD dataset also

FIGURE 3. Distribution of MOS scores in the JMDS dataset (All Source).

contains generated samples produced utilizing commonly
used TTS and VC algorithms, although the exact models are
not disclosed. We used the clean subset of ADD to construct
the training and development data. Our private-source
generated speech was created using high-performance speech
synthesis systems, encompassing TTS, vocoders, VC, and
several proprietary TTS models. The term ‘‘system’’ was
chosen to reflect the inclusive scope of the deepfake
generation methods, encompassing models (e.g., VITS,
Tacotron2), techniques or components (e.g., Griffin-Lim
vocoder, Malafide attack), and frameworks or pipelines (e.g.,
Whisper-based TTS, unit-selection-based TTS).

D. AUDIO QUALITY
We analyze the quality of the audio data using the Mean
Opinion Score (MOS) obtained fromDNSMOS [46], a robust
and non-intrusive perceptual objective speech quality metric.
DNSMOS is well-suited for measuring audio quality as it
serves as a proxy for non-intrusive objective evaluation. The
MOS scale ranges from very poor (MOS = 1) to excellent
(MOS = 5). We evaluated both pristine and generated speech
across multiple languages and data sources to provide a com-
prehensive understanding of the dataset’s perceptual quality.

Figure 3 shows the distribution of MOS scores for
pristine (left) and generated (right) speech in the All
Source configuration of our dataset. Pristine speech samples
generally exhibit moderately high MOS scores, with an
average of 3.14, indicating good overall perceptual quality.
Only a few utterances are scored below 2.5, suggesting that
most human recordings are relatively clean and clear. While
many generated utterances achieve MOS scores comparable
to those of pristine samples, particularly in the 3.0 to
3.5 range, a notable portion falls below 2.5. This drop
indicates inconsistencies in quality introduced by certain
generation algorithms. Moreover, the broader spread and
higher variance inMOS scores for generated speech highlight
the varying quality among synthetic samples.

Although this variability in audio quality may help pro-
mote generalizability in spoof detection systems, extremely
low-quality synthetic speech could introduce undesirable
noise during model training. Nevertheless, we feel that
retaining such low-quality samples in the evaluation set
is beneficial, as it ensures the inclusion of various audio
conditions and contributes to a more robust final evaluation.

IV. SPOOF DETECTION METHODS
We utilized several state-of-the-art models to evaluate the
proposed dataset. This section outlines the experimen-
tal setup, including preprocessing strategies and detailed
parameter configurations for each model. We primarily
experimented with two model families: Residual Network
(ResNet)-based [47] and AASIST-based [48] architectures.
We chose the ResNet family as a robust, historically validated
baseline from the ASVspoof challenges, valued for its ability
to learn complex spectro-temporal patterns from handcrafted
features. Conversely, the AASIST architecture represents the
current state-of-the-art, chosen for its end-to-end capability
to learn low-level artifacts directly from raw waveforms, and
its superior modeling of long-term dependencies via attention
mechanisms. Together, these two architectures allow us to
compare conventional feature-based methods with modern
raw waveform-based approaches for anti-spoofing.

To address the issue of varying audio sample lengths
within the dataset, we implemented a preprocessing step
to standardize the input duration. Shorter audio clips were
padded by repeating their content until the target length
was achieved, while longer clips were truncated. Our initial
target duration was 4 seconds. However, recognizing that
forged speech samplesmight requiremore extensive temporal
information for accurate classification and to mitigate poten-
tial misclassifications due to limited feature representation,
we subsequently increased the target durations to 10 seconds.
This extension aimed to preserve richer contextual informa-
tion and ultimately enhance the classification accuracy.

A. CQT-ResNet34
For our experiments, we selected the ResNet34 model [47]
and used Constant-Q Transform (CQT) features [49] as
input. The CQT was chosen because it provides a superior
time-frequency representation compared to the Short-Term
Fourier Transform (STFT). By maintaining a constant Q
factor, CQT achieves better temporal resolution at higher
frequencies and better frequency resolution at lower frequen-
cies. This capability is vital for capturing the subtle acoustic
characteristics needed to distinguish between genuine and
deepfake speech, aligning with its proven efficacy in related
fields like acoustic scene classification. We tested the model
using both 4-second and 10-second speech segments.

B. RawSpeech-AASIST
We adopted the AASIST architecture for its end-to-end capa-
bility to extract relevant features directly from the raw wave-
form inputs [48]. This motivated our use of raw waveforms
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for the RawSpeech-AASIST model. We noted an empirical
relationship where extending the input segment length led
to improved spoofing detection performance. However, this
gain incurred a significant increase in computational cost.
To balance the performance gains against computational effi-
ciency, we benchmarked the model’s performance using two
distinct input speech durations: 4 seconds and 10 seconds.

C. SSL-AASIST
We further investigated a variation of AASIST that integrates
self-supervised learning (SSL) features. In this approach,
we leveraged pre-trained SSL models to extract rich rep-
resentations from the raw audio, which were subsequently
utilized as input to the AASIST architecture. Our exper-
iments explored two different input lengths: 4 seconds
and 10 seconds. For SSL feature extraction, we selected
two high-performing pre-trained models known for their
effectiveness across various speech tasks: XLS-R with
300 million parameters XLS-R 300M and WavLM-Large.
These models were chosen for their ability to capture
informative acoustic patterns.

D. RawSpeech-RawNet3
RawNet3 represents a significant leap in end-to-end deepfake
detection by bypassing handcrafted features and operating
directly on raw audio waveforms [50]. By integrating
parameterized analytic filterbanks and Res2Net-based back-
bone blocks, the model excels at capturing fine-grained
temporal artifacts and high-frequency inconsistencies—often
exceeding 4000 Hz—where synthetic speech generators
typically leave ‘‘digital fingerprints.’’

Furthermore, RawNet3 achieved state-of-the-art perfor-
mance in benchmark speaker verification tasks on the Vox-
Celeb dataset. When paired with robust training strategies,
such as Frequency-Selective Adversarial Training (F-SAT)
or self-supervised pre-training, RawNet3 demonstrates a
superior capacity for open-world generalization. This makes
it a formidable tool for identifying hyper-realistic voice
clones that traditional spectrogram-based models might
overlook.

V. GENERAL EVALUATION
A. EVALUATION METRICS
Given the straightforward nature of generated speech
detection as a binary classification task—distinguishing
between pristine (positive) and generated (negative) speech—
we selected balanced accuracy as our evaluation metric.
Balanced accuracy, calculated as the average of the accuracy
in the pristine class and the accuracy in the generated class,
provides a more robust measure of performance, especially in
potentially imbalanced datasets. The calculation for balanced
accuracy is as follows.

AccuracyPristine =
TP

TP + FP
(1)

AccuracyGenerated =
TN

TN + FN
(2)

AccuracyBalanced =
AccuracyPristine + AccuracyGenerated

2
(3)

In evaluation, true positive (TP) is a correctly identified
pristine sample, false positive (FP) is a pristine sample
incorrectly labeled as generated, true negative (TN) is a
correctly identified generated sample, and false negative (FN)
is a generated sample incorrectly labeled as pristine.

In benchmark challenges, Equal Error Rate (EER) and
minimum Detection Cost Function (minDCF) often serve
as important metrics for deepfake speech detection [51].
EER is the point where the False Acceptance Rate (FAR)

TABLE 4. Distribution of the JMDS dataset into training (Train),
development (Dev), and evaluation (Eval) sets, as used for model
validation during our experiments.

and the False Rejection Rate (FRR) of a system are equal.
A lower EER generally indicates a more balanced and
accurate system, as it signifies a threshold where the trade-off
between incorrectly accepting a generated sample as pristine
and incorrectly rejecting a pristine sample as generated is
minimized.

On the other hand, the minimum Detection Cost Function
(minDCF) is a more application-aware metric. It considers
the costs associated with both false positives and false
negatives, as well as the prior probability of the target class.
By minimizing this cost function over different operating
points (thresholds), minDCF provides a measure of the best
possible performance a system can achieve under specific
operational conditions and cost assumptions.

During model development, we also utilized the Area
Under the Receiver Operating Characteristic Curve (AUC) to
determine an optimal decision threshold for detection. The
AUC provides a measure of the model’s ability to distinguish
between the pristine and generated classes across various
threshold settings, allowing us to select a threshold that
balances precision and recall.

To ensure a robust and unbiased evaluation across the
diverse linguistic categories in our study, we adopted a
stratified sampling strategy and macro-averaged metrics.
Specifically, the stratified sampling was implemented at
the speaker level to ensure that the ratio of pristine to
generated samples remained consistent across the training,
development, and evaluation splits, while preventing speaker
leakage. To further mitigate the statistical dominance of
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TABLE 5. Cross-partition evaluation on the JMDS dataset, comparing models trained on the JMDS-Open subset versus the JMDS-All subset. All training
configurations utilized a 4-second audio padding.

the English subset and ensure that low-resource languages
were equally represented in our final analysis, we utilized
macro-averaged EER (Macro-EER) and Macro-Accuracy.
Unlike micro-averaging, which pools all samples together
and can be skewed by the majority class, macro-averaging
treats each language as an independent entity, providing
a more equitable assessment of the system’s cross-lingual
generalization capabilities.

B. DATA PARTITION
Table 4 summarizes the distribution of the training, devel-
opment, and evaluation sets across the partitioned data.
To validate our dataset design and collection process,
we conducted experiments aimed at developing a robust and
generalized spoofing detection system.

We partitioned the dataset into three mutually exclusive
subsets—training, development, and evaluation—following a
6:2:2 ratio. The split was primarily determined by speaker
ID and source dataset. Additionally, where metadata was
available, we balanced the distribution of attack IDs and
gender to ensure each subset maintained consistent attribute
characteristics. Tomaintain experimental integrity, there is no
overlap of speech samples between the subsets.

C. RESULTS AND ANALYSIS
Combining multiple data sources with varying quality can be
challenging and may inadvertently degrade the performance
of a trained model. To address this, we conducted a thorough
cross-evaluation using the two partitions of our dataset: one
comprising only open-source data (Open) and the other incor-
porating private data sources (All). Specifically, we trained
representative methods on the Open partition (JMDS-Open)
and evaluated them on both the Open and All partitions.
Conversely, we also trained on the All partition (JMDS-All)
and evaluated on both. The results of this cross-evaluation
are presented in Table 5. All model architectures were trained
utilizing a fixed-length audio padding approach implemented
via repeat padding. For samples exceeding the target duration,

a center-truncation strategy was applied to ensure temporal
consistency across the batch.

In our initial cross-partition evaluation on the JMDS
dataset, we observed significant performance disparities
across various model architectures. The classical approach,
utilizing Constant Q Transform (CQT) features with a
ResNet34 backbone, struggled to accurately detect pristine
signals and frequently misclassified all speech as generated,
resulting in low balanced accuracy and a high Equal Error
Rate (EER). In contrast, the end-to-end AASIST architecture
demonstrated superior performance using raw waveforms
(RawSpeech). When trained and evaluated on JMDS-Open,
AASIST achieved a balanced accuracy of 79.52%, an AUC
of 91.42%, and an EER of 14.63%. Although RawNet3 is
often cited for its efficacy with raw speech, it consistently
underperformed relative to AASIST by approximately 1–2%,
suggesting weaker generalization capabilities in this context.

The integration of Self-Supervised Learning (SSL) fea-
tures, particularly XLS-R (300M), further enhanced these
results, yielding a balanced accuracy of 83.79%, an AUC of
94.57%, and a reduced EER of 11.00%. These improvements
indicate that high-capacity pre-trained models significantly
bolster the system’s ability to distinguish between genuine
and spoofed speech. Overall, these performance trends
remained consistent across various front-end and back-end
pairings, confirming that the combination of SSL features and
the AASIST framework provides the most robust solution for
the JMDS dataset.

Furthermore, our analysis of the Open and All parti-
tions revealed that training on JMDS-All generally yielded
superior performance compared to training on JMDS-
Open. This performance boost is likely attributable to the
inclusion of controlled-environment recordings and low-
resource language data within the private portion of the ‘‘All’’
partition. By introducing these variables, the dataset increases
the overall complexity and difficulty of the detection task.
Consequently, the JMDS-All partition serves as a more
rigorous and comprehensive benchmark for evaluating the
robustness of deepfake speech detection models.
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FIGURE 4. Performance comparison of AASIST-based models trained on JMDS-Open using 4s and 10s padding, evaluated on JMDS-Open
and JMDS-All datasets.

TABLE 6. Comparison on various pair of front-end and back-end methods using 10-second padding and evaluation on JMDS-Open evaluation data.

TABLE 7. Cross-dataset evaluation results for various front-end/back-end method pairings. Training data: ASVspoof2019, ASVspoof2024, JMDS-Open.
Evaluation data: FoR, ASVspoof2019, in-the-wild (ITW), DECRO, JMDS-Open, SAFE challenge 2025 (Task 1) (SAFE). For representative evaluation metrics,
we utilized equal error rate (EER) (↓) and balanced accuracy (Acc.) (↑) in percentage (%).

In our subsequent analysis, we investigated the impact
of various padding lengths on models built using the
AASIST architecture. Our experiments indicate that the
chosen padding duration is often critical for accurately
detecting artifacts in generated speech, though its importance
varies depending on the characteristics of the evaluation set.
For instance, while shorter padding may suffice for datasets
primarily consisting of brief utterances (under 5 seconds),
the diverse utterance lengths within our JMDS dataset
necessitated a comparison between 4-second and 10-second
padding configurations.

Figure 4 illustrates the performance of these models—
evaluated via balanced accuracy, AUC, EER, and minDCF—
on both JMDS-Open and JMDS-All, with all models trained
on JMDS-Open. When utilizing raw waveforms as input,
the performance disparity between the two padding lengths

was minimal. However, we observed a slight improvement
when integrating XLS-R features with the longer 10-second
padding. To further assess generalization on entirely unseen
data, we evaluated these models on the SAFEChallenge 2025
[22], [52]. On this external dataset, which includes audio
samples spanning up to 60 seconds, increasing the padding
size yielded a significant performance boost—exceeding 5%
in balanced accuracy. A more comprehensive analysis of this
cross-dataset evaluation is provided in Section VI-B.

To ensure a fair comparison across various front-end
and back-end configurations, all models were trained and
evaluated on the JMDS-Open dataset using a 10-second
padding duration. The results, summarized in Table 7,
compare six specific combinations: (1) CQT-ResNet, (2)
XLSR-ResNet, (3) RawSpeech-AASIST, (4) RawSpeech-
RawNet3, (5) WavLM-AASIST, and (6) XLSR-AASIST.
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FIGURE 5. Language-specific detection performance of the RawSpeech-AASIST model on the
JMDS-Open dataset. The results illustrate the model’s varying robustness across 15 languages.

FIGURE 6. Attack-specific detection accuracy of the RawSpeech-AASIST
model on the JMDS-Open dataset.

Each configuration was assessed using the full suite of
evaluation metrics detailed in Subsection V-A.
Our initial comparison between traditional CQT features

and those extracted from the pre-trained XLS-R (300M)
SSL model—both utilizing a ResNet backbone—revealed a
substantial performance gap. The pre-trained SSL features
yielded significantly more robust results, albeit at a higher
computational cost. Furthermore, AASIST-based architec-
tures generally outperformed their ResNet counterparts; for
instance, using XLSR as a front-end, AASIST achieved a
balanced accuracy of approximately 87.29%, compared to
68.88% for the ResNet model. Finally, our findings empha-
size the importance of selecting a domain-appropriate SSL
model. Although WavLM frequently outperforms XLS-R
in standard speech processing benchmarks [53], XLS-R
demonstrated superior efficacy in this deepfake detection
task. Specifically, XLS-R achieved over 4% higher balanced

accuracy, a 2% lower EER, and a 0.1 lower minDCF
compared to the WavLM-based front-end.

VI. MODEL ROBUSTNESS AND GENERALIZATION
EVALUATION
This section evaluates model performance across the various
languages, attack types, and speech quality represented in
the JMDS dataset. Furthermore, a cross-dataset evaluation
is conducted to assess generalization capabilities on external
benchmarks.

A. ATTRIBUTE-SPECIFIC: LANGUAGE AND ATTACK TYPE
Figure 5 shows the language-specific performance of the
AASIST model using RawSpeech as input. Model perfor-
mance varies significantly across the 15 languages in the
JMDS-Open dataset, with results heavily influenced by two
distinct outliers: Mandarin Chinese (zho) and English (eng).
While the architecture achieves near-perfect detection (0.0%
EER) for low-resource languages such as Arabic, Hindi, and
Japanese, it encounters a catastrophic failure in Mandarin,
exhibiting an EER of 38.33% and a balanced accuracy of only
32.39%. This performance gap suggests that the synthesis
artifacts in specific benchmarks, such as the Audio Deepfake
Database (ADD) used for Mandarin, are uniquely subtle and
acoustically distinct from the spectral cues learned during
training.

The dual-axis analysis further highlights a ‘‘scaling
parado’’ within the dataset distribution. In languages with
fewer than 1,500 samples, the model generalizes exception-
ally well, likely because these subsets utilize synthesis meth-
ods with easily identifiable vocoder artifacts. Conversely,
in the high-resource English subset, the EER rises to 10.41%.
This indicates that larger, more diverse subsets contain a
broader range of sophisticated generation techniques that
create significant overlap between genuine and spoofed
speech in the feature space.

Ultimately, these findings confirm that detection difficulty
is primarily dictated by synthesis sophistication rather than
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FIGURE 7. Language-specific performance using RawSpeech-AASIST method. Three most represented languages within JMDS-Open were
included: English (eng), Mandarin Chinese (zho), and Hindi (hin).

linguistic properties. The high accuracy in low-resource
languages likely reflects the presence of less advanced
generation techniques, whereas the high error rates in
English and Mandarin underscore the challenge of detecting
high-fidelity deepfakes. Consequently, achieving a truly
language-agnostic countermeasure requires exposure to a
balanced variety of advanced attacks across all target
languages to mitigate latent linguistic and algorithmic biases.

Figure 6 shows the attack-specific performance of
the RawSpeech-AASIST model evaluated on JMDS-Open
dataset. The robustness of the detection framework varies
significantly depending on the underlying synthesis architec-
ture, revealing that synthesis sophistication—rather than the
broad category of TTS or VC—is the primary determinant of
detection difficulty. A critical finding is themodel’s near-total
failure to detect Unit selection-based TTS, which yielded
an accuracy of only 1.54%. While neural models produce
spectral artifacts that the AASIST front-end is optimized to
identify, concatenative unit-selection methods rely on natural
speech segments. This preserves local acoustic naturalness
in a way that bypasses learned detection features, effectively
allowing the synthetic signal to ‘‘hide’’ within the feature
space of pristine speech.

In contrast, most neural-based TTS architectures, such as
Glow-TTS, OpenVoice V2, and Bark, are detected with near-
perfect accuracy. This suggests these models share common
‘‘fingerprints’’—likely tied to standard vocoding stages
like HiFi-GAN—that the countermeasure has successfully

generalized. However, performance degrades against more
advanced neural approaches like StarGANv2 (90.3%) and
YourTTS (72.2%). Because VC models modify an existing
human source signal, they retain more authentic prosodic and
phase information than standard TTS.

Despite these challenges, the model maintains a high
pristine accuracy of 99.04%, proving that high detection rates
are not the result of excessive false positives. This stability
confirms that the system has identified specific synthetic
indicators rather than becoming over-sensitive to general
speech variations. However, the significantly lower accuracy
on the ‘‘Others’’ category (46.4%) highlights the risk of
unknown attacks. These results underscore the necessity
for continuous benchmark updates to include diverse, high-
fidelity generative methods that currently test the limits of
cross-dataset generalization.

B. CROSS-DATASET EVALUATION
To assess the generalization capabilities of themodels beyond
the JMDS dataset, a comprehensive cross-dataset evaluation
was conducted. This involved training the architectures on
specific benchmark datasets, namely ASVspoof 2019 [2],
ASVspoof 2024 [51], and JMDS-Open. Performance was
subsequently evaluated on these training sets as well as
on entirely unseen datasets, including FoR [9], In-the-Wild
(ITW) [14], DECRO [6], and the SAFE Challenge 2025 [22].
Table 7 presents the results of this cross-dataset analysis.

Direct evaluation on the ASVspoof 2024 evaluation set
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TABLE 8. Audio quality of the JMDS dataset measured using mean
opinion score (MOS) for pristine and generated speech, along with its
standard deviation.

was not possible due to the absence of public ground-truth
labels. Instead, the ASVspoof 2024 training data was utilized
to develop the models, which were then assessed on the
remaining datasets. Regarding the SAFE benchmark, only the
balanced accuracy is reported, as it is the sole metric provided
on the challenge’s official leaderboard.

The results presented herein were obtained using general
model architectures and standard hyperparameter tuning on
validation sets, without dataset-specific optimizations. The
significant variability in balanced accuracy underscores the
persistent challenge of generalization in this field, particu-
larly when comparing the JMDS-Open dataset to existing
benchmarks. While models demonstrate high efficacy when
training and evaluation sets are aligned, performance dimin-
ishes considerably when applied to unseen datasets.

Consistent with prior experiments, AASIST-based archi-
tectures generally outperformed ResNet across all evaluated
partitions. However, results indicate that in challenging, real-
world environments involving entirely unseen data, detection
performance remains a critical area for improvement. This
is exemplified by the SAFE benchmark, where balanced
accuracy reached only approximately 67%, highlighting a
persistent need for robust cross-domain strategies to bridge
the gap between training and real-world application.

The primary obstacle to improving robustness and general-
ization in deepfake speech detection is the challenge of eval-
uation across unknown attack vectors. While cross-lingual
evaluation remains significant, models typically exhibit a
more catastrophic performance drop when encountering
unseen, high-quality generation methods—referred to as
zero-shot attacks—than when processing an unseen language
generated by a known method.

This trend is clearly supported by the results in Table 7. The
SAFE challenge utilizes advanced, unknown attacks [22],
leading to significantly lower detection accuracy. Con-
versely, the English-language FoR and ITW datasets,
despite containing unknown attacks, are substantially eas-
ier to detect (accuracies of RawSpeech-AASIST typi-
cally exceeding 90%) because their underlying synthesis
methods are less sophisticated. This contrast indicates
that the sophistication of the generation method, rather
than linguistic variation, is the primary factor limiting
detection accuracy when a reliable training benchmark is
available.

Furthermore, the JMDS-Open dataset serves as a more
effective training source for generalization than the English-
centric ASVspoof 2019 and ASVspoof 2024 datasets. For
example, the top-performing model trained on JMDS-Open
achieved a balanced accuracy of 71.62% on ASVspoof
2019 and 67.27% on the SAFE challenge. In contrast, models
trained on either ASVspoof dataset performed significantly
worse on the SAFE challenge, with balanced accuracies
falling below 50%. This disparity demonstrates the superior
cross-dataset generalizability of models trained on JMDS-
Open.

To further investigate the language-specific performance
of the top-performing architecture (RawSpeech-AASIST),
an analysis was conducted on the three most prevalent lan-
guages in the JMDS-Open dataset: English (eng), Mandarin
Chinese (zho), andHindi (hin). Themodels for this evaluation
were trained on a combined corpus of ASVspoof 2019,
ASVspoof 2024, and the complete JMDS-Open dataset.
Detailed results are illustrated in Fig. 7.

The language-specific evaluation revealed notable patterns
in model generalization. As anticipated, performance was
most robust when utilizing the model trained on the JMDS-
Open subset. However, detection accuracy for Mandarin
Chinese (zho) was consistently poor across all configurations,
as shown in Fig. 7. While countermeasure scores for
pristine Mandarin speech—evaluated via models trained
on ASVspoof 2024 and JMDS-Open—showed a positive
bias, the score distribution for generated Mandarin speech
exhibited significant overlap with pristine samples. This
diminished discriminative power in Mandarin may be
attributed to the lower synthesis quality inherent in the
Audio Deepfake Database (ADD) benchmark, where the
Mean Opinion Score (MOS) typically falls below 3.0.
These results highlight a critical requirement for enhanced
multilingual robustness in future deepfake detection
frameworks.
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TABLE 9. Deepfake methods and systems used to generate samples in the JMDS dataset, along with their corresponding data sources. The ADD dataset is
not included due to the undisclosed details of its generation methods.

FIGURE 8. Violin plots illustrating the Distribution of MOS scores for
pristine speech across different data sources in the JMDS dataset.
Pristine sources generally show consistently high perceptual quality.

VII. DISCUSSION
This study introduces the JMDS dataset, a comprehensive
multilingual resource for synthetic speech detection, and
evaluates its utility through benchmarking and cross-dataset
experimentation. Our findings highlight several key aspects.

FIGURE 9. Violin plots illustrating the Distribution of MOS scores for
generated speech across different data sources in the JMDS dataset.
Among the generated sources, only ADD exhibits a notably broad range
of audio quality, indicating varied synthesis characteristics, while others
like ASVspoof, MLAAD, and Private data tend to produce more consistent
high-MOS outputs.

1) First, cross-evaluation within JMDS revealed that the
partitions containing private data, while inherently more
challenging, provide a more rigorous and realistic
testbed for model robustness.
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FIGURE 10. A detailed breakdown of utterance duration distribution across different languages for pristine
samples in the JMDS dataset, illustrated on a logarithmic scale.

FIGURE 11. A detailed breakdown of utterance duration distribution across different languages for generated
samples in the JMDS dataset, illustrated on a logarithmic scale.

2) Second, the choice of padding length in AASIST-based
architectures significantly impacts detection
performance—particularly on unseen data—as evi-
denced by our results in the SAFE challenge.

3) Third, comparative analysis of front-end and back-
end architectures indicates that while Self-Supervised
Learning (SSL) features enhance overall performance,
AASIST-based back-ends consistently outperform

ResNet and RawNet3. Notably, the superior per-
formance of XLS-R over WavLM underscores the
necessity of task-specific feature selection in anti-
spoofing.

4) Finally, the language-specific analysis on JMDS-Open
identified significant variations in detection accuracy
across languages. In particular, Mandarin Chinese
emerged as a unique challenge, likely due to the lower
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acoustic quality of synthetic speech samples available in
the training set.

These findings collectively underscore the complexities of
developing robust, generalizable deepfake detection systems
capable of navigating diverse data distributions and linguis-
tic variations. Theoretically, AI-driven speech synthesis is
language-agnostic; consequently, spoofing countermeasures
should ideally transcend linguistic boundaries.

From this perspective, performance disparities across
multilingual datasets should primarily arise from variations
in training data conditions rather than the linguistic fea-
tures themselves. However, our findings—particularly the
language-specific evaluations—reveal while synthesis algo-
rithms are theoretically language-independent, their acoustic
artifacts vary significantly in practice. As evidenced by the
detection challenges in Mandarin Chinese, the maturity of
AI-generated speech in certain languages has not yet reached
parity with English. This disparity introduces a latent lan-
guage dependency, where artifact prominence is dictated by
the acoustic properties and synthesis sophistication specific
to each language. Consequently, while language-agnostic
countermeasures remain the long-term goal, the current
landscape necessitates accounting for varying synthesis
maturity across different locales.

Several limitations regarding the interplay of language
and synthesis quality persist. First, the language-dependent
performance observed in Mandarin indicates that model
effectiveness remains partially coupled with linguistic fac-
tors, likely due to varying generation quality across the
dataset. Second, the uneven distribution of utterances within
the JMDS dataset may hinder the development of perfectly
balanced, language-agnostic models. Third, cross-dataset
evaluation was restricted by inconsistent labeling across
external benchmarks, precluding direct evaluation on the
ASVspoof 2024 test set. Finally, the reliance on general
hyperparameter configurations suggests that dataset-specific
optimization could yield further gains. Future research will
focus on enhancing linguistic balance within JMDS, leverag-
ing self-supervised learning for improved generalization, and
exploring refined tuning strategies.

VIII. CONCLUSION
In this work, we introduced the JMDS dataset as a valuable
multilingual resource to directly address the need for
diverse data to build robust deepfake speech detectors. Our
evaluations demonstrated its utility for benchmarking and
training models, highlighting the impact of factors such as
data partitioning, input processing, and model architecture.
The cross-dataset analysis, particularly the significant per-
formance drop observed in novel linguistic and acoustic
contexts, underscores the fundamental challenge of general-
ization to unseen deepfake attack methods. The struggle to
maintain consistent performance across different languages
and diverse datasets is a critical indicator of amodel’s reliance
on dataset-specific artifacts, rather than the intrinsic, method-
agnostic features of deepfake speech. Ultimately, our study

contributes to a deeper understanding of the current state of
detection and provides a foundation for future research aimed
at developing effective countermeasures that are robust to
completely unknown deepfake synthesis techniques.
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