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Abstract
Audio deepfakes are acquiring an unprecedented level of re-

alism with advanced AI. While current research focuses on dis-
cerning real speech from spoofed speech, tracing the source sys-
tem is equally crucial. This work proposes a novel audio source
tracing system combining deep metric multi-class N-pair loss
with Real Emphasis and Fake Dispersion framework, a Con-
former classification network, and ensemble score-embedding
fusion. The N-pair loss improves discriminative ability, while
Real Emphasis and Fake Dispersion enhance robustness by fo-
cusing on differentiating real and fake speech patterns. The
Conformer network captures both global and local dependen-
cies in the audio signal, crucial for source tracing. The proposed
ensemble score-embedding fusion shows an optimal trade-off
between in-domain and out-of-domain source tracing scenarios.
We evaluate our method using Frechet Distance and standard
metrics, demonstrating superior performance in source tracing
over the baseline system.
Index Terms: source tracing, audio deepfake, out-of-domain

1. Introduction
’Don’t believe everything you hear’, holds true in today’s highly
digitized world. Technology has made our lives much easier
on one hand, and much harder to believe what we hear and
see. Highly realistic content generated by sophisticated text-
to-speech (TTS) [1] and voice conversion systems [2] has led to
the growth of deepfake audios, one of the most intriguing and
concerning developments today. Deepfakes are becoming a real
threat in scamming people, compromising privacy and social
integrity. As these technologies are preceded by the uncanny
imitation of ’human speech’ with remarkably crafted realistic
waveforms, the ability to analyze raw audio data becomes es-
sential in differentiating authentic recordings from manipulated
ones. Most studies for audio deepfake detection focus on dif-
ferentiating between real and fake speech [3, 4, 5]. However,
it is also important to trace the source system of the generated
speech to better detect the manipulated content, especially in
out-of-domain attack scenarios, thus, ensuring accountability,
and protecting intellectual property.

Deepfake audio source tracing is also crucial in combating
manipulative audio content. It aims to identify the system re-
sponsible for generating a given utterance. Borrelli et.al. [6] fo-
cused on system identification in ASVspoof 2019 [5] but over-
looked categorization based on system attributes. Zhang et.al.
[7] classified spoofing systems by vocoder type. Zhu et.al. [8]
attempted multi-attribute classification, including the vocoder,
speaker representation, and conversion model. However, distin-
guishing sources of synthetic audio remains challenging.

Recent advancements in Audio source tracing methods pri-

marily focus on in-distribution classification [9]. However, as
deepfake generation techniques continue to evolve, identifying
novel out-of-distribution (OOD) deepfake categories has be-
come increasingly essential. To tackle this challenge, the Au-
dio Deepfake Detection Challenge 2023 Track 3 (ADD2023T3)
was introduced [10]. It emphasizes the detection of diverse
fake audio types while accounting for unknown generative algo-
rithms during testing. This requires models not only to classify
known in-distribution categories but also to distinguish OOD
samples effectively. In 2025, the neural audio source tracing
task was presented by [11] established a comprehensive bench-
mark for evaluating source tracing models.

State-of-the-art approaches in the ADD2023T3 challenge
commonly adopt multi-class classifiers that leverage various
features and model architectures. During testing, OOD detec-
tion techniques identify unknown classes and classifier scores
are fused for evaluation [12]. However, these methods present
several challenges. First, a single classifier struggles to balance
the different feature requirements for the real-vs-fake classifica-
tion and to distinguish between various fake categories, making
training more complex. Second, in such methods, the real class
is part of an in-distribution, making it difficult to determine a
clear OOD threshold. In ADD2023-T3, OOD samples origi-
nate solely from unknown deepfake algorithms, leading to both
semantic shifts (real vs. fake) and covariate shifts (distribution
differences in fake categories), complicating the detection pro-
cess. Lastly, while fusion techniques help incorporate different
feature representations, they often require extensive fine-tuning
of model parameters on the test set, making them inefficient and
less adaptable in real-world scenarios.

In this work, we propose a robust approach that integrates
novel evaluation metrics, self-supervised learning (SSL) fea-
ture extraction techniques, and ensemble fusion strategies. Our
method leverages Fréchet Distance [13, 14] for OOD-relevant
evaluation in audio source separation, offering a deeper un-
derstanding of how well-separated sources retain their origi-
nal characteristics. Unlike traditional metrics, it captures dis-
tributional similarities, making it particularly effective in trac-
ing tasks, where subtle variations are critical. We incorporate
Conformer [15], which models local and global dependencies,
to enhance speaker-specific feature extraction. Additionally, we
integrate deep metric multi-class N-Pair Loss [16] in an adver-
sarial setting to improve the disentanglement of synthetic audio
sources, enabling the system to learn embedding latent space
clustered with to audio sources while maintaining intra-class
consistency. We also implement ensemble fusion using state-
space models (MAMBA [17], HYDRA [18]), and Conformer
architectures, leveraging their complementary strengths for bet-
ter generalization. By systematically comparing back-end mod-
els, we optimize fusion strategies, ensuring adaptability to di-



verse tracing challenges. Our approach combines Wav2Vec2-
XLSR SSL [19] and ensemble fusion to improve accuracy and
robustness in tracing synthetic speech to its source. Experimen-
tal evaluation demonstrates that fusion of the XLSR-Conformer
variants enhances feature representation, while multi-class N-
Pair Loss refines the discrimination of audio source embed-
dings. The ensemble fusion strategy further boosts performance
by leveraging diverse model strengths, leading to improved gen-
eralization across both in-domain and OOD scenarios. This
comprehensive framework effectively addresses the challenges
of unknown algorithm variations and dataset shifts, in scaling
audio source tracing to real-world applications.

2. Proposed approach
In this section, we present the proposed framework for audio
source tracing and OOD detection. We begin by providing a
brief overview of the classification networks, the feature ex-
traction method, and the Deep Neural Network (DNN) mod-
els. Next, we elaborate on the training strategies incorporated
in our approach, including the novel deep metric loss criteria
within the Real Emphasis and Fake Dispersion framework, as
proposed in [12]. Finally, we discuss the integration of an OOD
detector for inference.

2.1. Classification Network

Wav2Vec2-XLSR1 [19] along with various back-end DNN ar-
chitectures have shown state-of-the-art performances in audio
deepfake detection [20, 21, 22]. Therefore, we opted for the
Wav2Vec2-XLSR as a feature extraction pipeline in the classi-
fication network. During the training phase, we did not freeze
the model parameters of Wav2Vec2-XLSR to optimize the self-
supervised learned feature representation efficiently into the au-
dio source tracing task. We extracted the last layer of the hidden
states as features to classifier back-end DNN of 1024 dimen-
sions. After the feature extraction step, we provided SSL fea-
tures to a DNN back-end, where we experimented with three
different network architectures: Conformer [15], MAMBA
[17], and HYDRA [18]. The hidden outputs of these architec-
tures were then passed through an output feedforward layer to
predict the probability distribution of classification labels for
synthetic audio sources. Conformer is a hybrid architecture that
combines convolutional neural networks (CNNs) and Trans-
formers. Its ability to efficiently model both time and frequency
relationships makes it particularly useful for classification tasks
involving speech and audio processing [20, 21, 23].

MAMBA and HYDRA are state-space models designed to
process long-range dependencies in sequential data more effi-
ciently than traditional Transformers [17, 18]. Unlike Trans-
formers, which rely on self-attention with quadratic complex-
ity, MAMBA and HYDRA achieve linear-time complexity, en-
abling them to handle long-range dependencies with lower com-
putational costs and greater scalability [24]. HYDRA is a bi-
directional variant of the MAMBA architecture, further enhanc-
ing its ability to capture contextual information from past and
future sequences [18].

2.2. Training stage

We adopted a two-stage training framework based on the Real
Emphasis (RE) and Fake Dispersion (FD) training strategy pro-

1https://huggingface.co/facebook/
wav2vec2-xls-r-300m

posed by Xie et al. [12]. In the first stage, training utterances
were labelled as real audio with the label 0 and fake audio with
the label 1, treating the classifier training as a binary classifi-
cation task using the binary cross-entropy loss criterion. This
training phase leverages One-Class (OC) Softmax [25] to ad-
just the boundary parameters before transitioning to the fake
dispersion training stage. Consequently, the RE stage plays a
crucial role in mitigating domain gaps and learning meaningful
representations of latent space embeddings associated with the
fake audio.

In the FD stage, we employed two loss criteria based on
a mixup strategy and a contrastive learning framework. The
RegMixup strategy is derived from the principles of Vicinal
Risk Minimization [26] and incorporates elements of Empiri-
cal Risk Minimization [27]. In RegMixup [28], new data points
are synthesized around the label class distribution, enhancing
cross-validation and optimizing soft proxy labels to maximize
entropy. This approach facilitates label data distribution, intro-
ducing angular bias between labels and out-of-distribution data
points, thereby improving model generalization. The loss of
Regmixup is defined as below,

LRegMixup = CE (pθ(ŷ | xi), yi) + η CE (pθ(ŷ | xi), yi) ,
(1)

where xi ∈ RD and yi ∈ {0, 1} are output embedding from
classification network and audio source labels respectively. For
each sample xi in a batch, another sample xj is randomly cho-
sen from the same batch to create the interpolated representa-
tions xi and yi. The term CE represents the standard cross-
entropy loss function. To handle out-of-distribution scenarios,
we propose to augment multi-class N-pair loss [16] as deep met-
ric learning [29] along with Regmixup, as shown below,

LN−pair = β · log

(
1 +

N−1∑
i=1

exp
(
x⊤x−

i − x⊤x+
))

(2)

where x is embedding from classification network and β is
weight factor applied to LN−pair . The multi-class N-pair loss
enhances the latent representation compared to triplet loss by
pushing away multiple negative samples at each backpropaga-
tion update step. This results in increasing the intercluster dis-
tance from N − 1 negative samples and decreases the intraclus-
ter distance between positive samples and training examples. In
this case, N refers to the number of audio source labels in train-
ing, positive samples refer to embeddings from the same audio
source labels class and negative samples correspond to embed-
dings sampled from different audio source labels in the training
setup.

LFD = LRegMixup + LN−pair (3)

2.3. Inference stage

We utilized Novel Similarity Detection (NSD) [12] as an OOD
detector to identify the sources of audio deepfakes. During the
inference stage, we extract embeddings and classification scores
(logits) from the training and test sets. NSD treats all train-
ing data as a known category and measures similarity between
embeddings from the training, development, and test sets using
cosine similarity. Next, confidence scaling is applied to classi-
fication similarity scores to smooth the distribution of test set



scores. Finally, a threshold is determined using the develop-
ment set and applied to the test set to classify whether a given
test sample originates from a novel deepfake algorithm.

3. Experimentation
3.1. Dataset

This work utilizes the MLAAD dataset [30] for the audio source
tracing task. MLAAD is a multilingual dataset originally de-
signed for audio anti-spoofing. It is intended to assess the out-
of-domain generalization of anti-spoofing systems across both
new languages and unseen TTS models. MLAAD includes 378
hours of synthetic speech spanning 38 languages, generated us-
ing 82 TTS models built on 33 architectures and trained on
14 different datasets. For audio source tracing, the MLAAD
dataset2 consists of 11, 100 training, 12, 000 development, and
33, 900 evaluation samples, covering 38 languages and 82 TTS
models across 33 different architectures, as detailed in [31], to-
talling 378 hours of synthetic speech. To mitigate the domain
covariate shift between the training and testing domains, we ap-
plied offline data augmentation to speech utterances using MU-
SAN [32] and Room Impulse Response (RIR) [33]. This aug-
mentation was performed for original, reverberation, speech,
music, and noise. In addition to the MLAAD dataset, we used
the ASVSpoof 2019 dataset in the FD and RE training stage [3]
to enhance the generalization capabilities of systems.

3.2. Experimental set-up

We used an embedding dimension of 144 and 24 classification
labels provided in the training set for all the classification net-
works. For Conformer-based approaches, we utilized 4 atten-
tion heads, a kernel size of 31, and 4 Conformer encoders. For
state-space models (SSM), including MAMBA and HYDRA,
we employed 64 state spaces and an SSM encoder dimension
of 144. All speech utterances were sampled at 16, 000 Hz and
used 4 seconds of speech segments across train, development
and test sets. This study utilizes baseline systems based on
the Wav2Vec2-AASIST model, as presented by Xie et al. [12],
with an implementation available on GitHub3. All systems were
trained using a learning rate of 1e−3, a weight decay of 5e−4,
and a learning rate decay of 0.5 with the Adam optimizer. The
training was conducted over 50 epochs, with model checkpoints
selected based on accuracy performance on the validation set.
We used a batch size of 128 along the gradient accumulation
over 8 batches. The experiments were conducted on a single
A100 GPU, with each system requiring approximately 24 hours
of training. All training was conducted using the cross-entropy
loss criterion in a multi-class classification setting on the train-
ing dataset. We applied a β weight of 0 to the multi-class N-
pair loss for 20 epochs. Afterwards, the weight was initialized
to 1e − 3 and updated after every epoch until it reached 0.8 at
epoch 50.

3.3. Evaluation schema

In this work, we evaluate the performance of audio source trac-
ing systems for both in-domain and OOD scenarios using mul-
tiple metrics, including Accuracy, F1-score, equal error rate
(EER), Negative Log-Likelihood (NLL), Expected Calibration
Error (ECE), and Fréchet Distance [13]. These metrics collec-

2https://deepfake-total.com/sourcetracing
3https://github.com/piotrkawa/

audio-deepfake-source-tracing

tively assess classification performance, uncertainty estimation,
calibration, and feature distribution similarity, ensuring a com-
prehensive evaluation of generalization capabilities. ECE mea-
sures the difference between predicted confidence and actual
accuracy, offering insight into model calibration. In ECE, pre-
dictions are grouped into M bins, and the discrepancy is com-
puted as:

ECE =

M∑
m=1

|Bm|
N

|acc(Bm)− conf(Bm)| (4)

where Bm is the set of samples in bin m, and acc(Bm)
and conf(Bm) represent the accuracy and average confidence
within that bin respectively.

Fréchet Distance has been popularly used in music and
video analytics [14, 34]. Fréchet Distance measures the simi-
larity between two probability distributions by comparing their
statistical properties, specifically their mean and covariance.
It quantifies how much the distributions of features from in-
domain and OOD data differ, with lower values indicating
higher similarity and better model generalization. It is com-
puted as:

DFréchet = ||µI −µO||2+Tr
(
ΣI +ΣO−2(ΣIΣO)

1/2) (5)

where (µI ,ΣI) and (µO,ΣO) represent the mean and covari-
ance of the in-domain (I), and OOD (O) respective embedding
distributions.

4. Results and analysis
Table 1 presents the performance of the proposed work in both
in-domain and OOD scenarios. We adopted the evaluation mea-
sures stated in Section 3.3. In addition to the proposed ap-
proach, we experimented with ensemble fusion systems, de-
noted by E. For the ensemble fusion, we concatenated the re-
spective embeddings from two systems and computed the av-
erage logit probability scores across them. The baseline sys-
tem, Wav2vec2-AASIST [12], and the proposed systems are
referred to in Table 1 as follows: XLSR-Conformer without
Real Emphasis (RE) (S1) represents Stage 1 training, where
the model was trained directly using only the Fake Dispersion
(FD) loss criterion. XLSR-Conformer trained with Real Em-
phasis and Fake Dispersion methods as denoted by (S2). Sys-
tem S3 was trained using RE, FD, and multi-class N-pair loss
with the XLSR-Conformer model. Systems S4 and S5 were
trained using only the RE and FD stages. We conducted ex-
periments on the multi-class N-pair loss based on the results
obtained from the RE and FD training stages and selected the
Conformer-based approach accordingly.

4.1. In-domain evaluation

Evaluating system performance within the same data distribu-
tion as training provides insights into their effectiveness in con-
trolled settings. The highest-performing model, E1: S2, S3,
demonstrates superior accuracy of 95.61% and an F1-score of
95.76%. A negative log-likelihood (NLL) of -0.9249 reflects
the model’s ability to assign high confidence to correct classifi-
cations, and an expected calibration error of 1.38% indicates
a well-calibrated probability estimation. In comparison, the
baseline system with an accuracy of 83.39% and an F1-score
of 83.34% performs significantly worse. Individual systems S2
and S3 also exhibit superior performance, both achieving over



Table 1: Performance evaluation for in-domain and OOD scenarios; Params. refers to model parameters which are in millions(M).

ID Systems Params. Fréchet Dist. Eval set: In-domain Eval set: Out-of-domain

Accuracy% F1-Score% NLL ECE% Accuracy% F1-Score% EER% NLL ECE%

Wav2Vec2-AASIST 317.8 15.05 83.39 83.34 -0.7944 3.825 26.51 30.15 73.49 -1.5682 0.13

S1 XLSR-conformer no RE 318.1 7.36 90.74 91.12 -0.8503 2.35 37.74 42.81 61.54 -0.444 0.08
S2 XLSR-conformer 318.1 8.45 95.06 95.17 -0.9255 0.56 39.54 45.15 59.21 -1.3453 1.19
S3 XLSR-conformer-N-pair 318.1 6.93 95.09 95.27 -0.9243 0.05 38.89 43.25 61.11 -0.9998 0.05
S4 XLSR-MAMBA 317.9 49.27 79.92 77.04 -0.7041 3.68 39.29 43.66 60.11 -7.2452 0.06
S5 XLSR-HYDRA 319.7 23.04 72.01 69.77 -0.5569 9.44 44.82 49.31 55.17 -3.8017 0.01

E1 S2, S3 — 14.72 95.61 95.76 -0.9249 1.38 38.09 42.43 61.91 -0.6039 0.06
E2 S3, S4 — 13.86 94.25 94.22 -0.8142 10.49 32.66 34.77 69.26 -4.9072 0.06
E3 S3, S5 — 13.95 94.6 94.63 -0.7406 18.73 38.04 39.92 61.34 -3.138 0.01
E4 S4, S5 — 38.55 80.53 77.81 -0.6035 12.55 39.62 44.29 60.38 -5.5271 0.06

95% accuracy. These results highlight the advantages of model
fusion in enhancing deepfake source detection within controlled
conditions, ultimately improving classification reliability.

4.2. Out-of-domain evaluation

Assessing model generalization to previously unseen deep-
fake audio is crucial for real-world applicability. The best-
performing model in this scenario, S5, achieves an accuracy of
44.82% and an F1-score of 49.31%. Notably, it also records the
lowest ECE of 0.01%, suggesting precise confidence estima-
tion. The EER of 55.17% further supports its capability to dis-
tinguish between different audio manipulations. However, the
in-domain best-performing model, E1 (S2, S3), suffers a perfor-
mance drop, achieving only 38.09% accuracy and an F1-score
of 42.43% on OOD data. This decline underscores the chal-
lenge of balancing in-domain optimization with generalization.
The baseline system performs even worse, with an OOD accu-
racy of merely 26.51%, reinforcing the necessity for models that
maintain robust performance across diverse deepfake sources.

4.3. Fréchet Distance Analysis

The Fréchet Distance assesses the stability of feature repre-
sentations, a critical factor in deepfake audio attribution. The
model with the lowest Fréchet Distance is S3, with a value
of 6.93, indicating highly stable and generalizable feature ex-
traction. Although S3 achieves remarkable in-domain accuracy
(95.09%) and F1-score (95.27%), it does not attain the high-
est OOD accuracy, registering 38.89%. However, its consis-
tent feature representations across all the domains position it
as a viable candidate for source tracing tasks. Understanding
the correlation among NLL, ECE, accuracy, and F1-score is vi-
tal in selecting an optimal model. A lower NLL implies well-
calibrated probability predictions, while a lower ECE signifies
reliable confidence estimation. Accuracy and F1-score directly
reflect classification performance, with F1-score being particu-
larly important in deepfake detection due to its balance between
precision and recall, minimizing the false positives and false
negatives. For applications emphasizing in-domain accuracy,
E1 (S2, S3) is the most suitable choice. If generalization to
OOD data is prioritized, S5 stands out. However, considering
feature stability and classification effectiveness, S3 emerges as
the most balanced model. These findings indicate the ongoing
challenge of developing models that perform reliably in both
in-domain and OOD settings for deepfake audio source tracing.

5. Discussion
The evaluation results highlight the system’s performance
across different conditions. The proposed methods showed

significant improvements over the baseline in both in-domain
and OOD scenarios. Among the models proposed, the Con-
former model outperformed state-space models like MAMBA
and HYDRA. Ablation experiments with three training strate-
gies showed that S3, achieved the best generalization, with
optimal Fréchet Distance and ECE, underscoring the impor-
tance of meaningful synthetic audio representations for OOD
robustness. Ensemble fusion (E1), which combined logit scores
and embeddings, excelled in in-domain tasks while maintain-
ing OOD performance close to S3. A trade-off between in-
domain and OOD performance was observed, particularly in
the HYDRA-based system (S5), which performed best in OOD
scenarios, suggesting the need for regularization techniques in
future.

Fréchet Distance was validated as a reliable single metric
for evaluating embedding distribution differences, correlating
lower Fréchet Distance with better system performance. Fu-
ture research should explore a broader range of audio deepfake
sources and utilize anti-spoofing datasets to enhance robustness.
The study demonstrated the effectiveness of deep metric learn-
ing, emphasizing the potential of contrastive learning frame-
works to further improve generalization and create a more struc-
tured latent space for audio deepfake embeddings.

6. Conclusion

In this paper, we presented a two-stage training approach, utiliz-
ing Real Emphasis and Fake Dispersion strategies, coupled with
the novel multi-class N-pair loss, ensuring robust generaliza-
tion across different deepfake sources. Our experiments demon-
strated that while the best-performing models (S2, S3) exhibit
strong in-domain performance, challenges persist in generaliz-
ing to out-of-domain (OOD) data. Despite the accuracy drop in
OOD evaluation, the S3 model stands out with its stable feature
representations, as indicated by the low Fréchet Distance, mak-
ing it a promising candidate for source tracing tasks that require
consistency across domains. The fusion models emphasize the
importance of ensemble strategies, enhancing the trade-off be-
tween in-domain and out-of-domain source tracing scenarios.
Overall, this work highlights the trade-offs between in-domain
accuracy and OOD generalization, underscoring the importance
of feature stability and calibration in real-world applications.

Future research will focus on regularization techniques
and incorporating additional audio sources from existing anti-
spoofing datasets to enhance generalization to OOD scenarios
while maintaining high performance in controlled settings. This
will enhance the meaningful latent space representation for au-
dio source tracing techniques.
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